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Abstract

[Context] Large Language Models (LLMs) are increasingly used
to assist qualitative research in Software Engineering (SE), yet the
methodological implications of this usage remain underexplored.
Their integration into interpretive processes such as thematic anal-
ysis raises fundamental questions about rigor, transparency, and
researcher agency. [Objective] This study investigates how expe-
rienced SE researchers conceptualize the opportunities, risks, and
methodological implications of integrating LLMs into thematic anal-
ysis. [Method] A reflective workshop with 25 ISERN researchers
guided participants through structured discussions of LLM-assisted
open coding, theme generation, and theme reviewing, using color-
coded canvases to document perceived opportunities, limitations,
and recommendations. [Results] Participants recognized potential
efficiency and scalability gains, but highlighted risks related to bias,
contextual loss, reproducibility, and the rapid evolution of LLMs.
They also emphasized the need for prompting literacy and con-
tinuous human oversight. [Conclusion] Findings portray LLMs as
tools that can support, but not substitute, interpretive analysis. The
study contributes to ongoing community reflections on how LLMs
can responsibly enhance qualitative research in SE.
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1 Introduction

Large Language Models (LLMs) are transforming how qualitative
research is conducted in Software Engineering (SE) [5]. Beyond
their technical capabilities in code generation or documentation,
they are also increasingly used to process, summarize, and interpret
textual data from qualitative research [4, 19]. This shift has created
new possibilities for scaling qualitative studies but, on the other
hand, calls for reflection on how automation interacts with human
interpretation, a cornerstone of qualitative research.

Among the diverse approaches to qualitative analysis, Thematic
Analysis (TA) occupies a key role in SE research [13]. Rooted in in-
terpretivist traditions, TA provides a systematic yet flexible method
for identifying and interpreting patterns of meaning in qualitative
data [9]. Its iterative cycles of open coding, theme generation, and
theme reviewing depend heavily on researchers’ theoretical sensi-
tivity, reflexivity, and contextual understanding [8]. Consequently,
introducing LLMs into these interpretive stages raises questions
about how LLM assistance can coexist with the depth and authen-
ticity that qualitative reasoning demands.

Recent studies suggest that LLMs can support key phases of
qualitative analysis by accelerating coding, improving consistency,
and enabling analysis of larger datasets [6, 17, 19]. When used care-
fully, LLMs can reduce repetitive work and promote transparency
through traceable prompt-based procedures. However, these ben-
efits come with challenges. LLMs are prone to hallucination, bias
amplification, and contextual oversimplification [18]. Hence, their
outputs are highly sensitive to prompt design, requiring method-
ological competence in what is now termed prompting literacy. In
other words, overreliance on automation can lead to premature
closure of interpretation, weakening the iterative dialogue between
researcher and data that characterizes qualitative analysis. Ensur-
ing rigor and confidence in such contexts demands methodological
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safeguards, such as critical validation, documentation of prompts,
and human oversight throughout the analytical process [2].

While initial studies in SE have discussed conceptual and method-
ological implications of using LLMs in SE research [2, 6, 19], empir-
ical investigations remain underexplored. Most implementations
of LLM-assisted analysis to date have emerged in other fields,
such as social sciences and healthcare, where researchers have
explored how these models can support coding or theme develop-
ment [11, 17]. However, little is known about how experienced SE
researchers themselves perceive this integration, including its po-
tential opportunities, limitations, and methodological implications.

In this regard, the objective of this study is to examine how ex-
perienced researchers perceive the integration of Large LLMs into
TA, focusing on potential opportunities, limitations, and method-
ological implications. For this reason, the International Software
Engineering Research Network (ISERN) offers an ideal forum for
this type of collective reflection since its members are actively
engaged in advancing empirical methods and fostering method-
ological rigor across the SE community. To address this opportu-
nity, we conducted a reflective workshop during the ISERN 2025
meeting, involving 25 researchers with substantial experience in
empirical SE. Participants discussed how LLMs might support three
core phases of the TA process (open coding, theme generation,
and theme reviewing) using collaborative color-coded canvases
to document reflections on opportunities, risks, and recommen-
dations. To support the discussion, participants were introduced
to a conceptualization of LLM-Assisted TA, describing how LLMs
could be embedded into Braun and Clarke’s [7] TA phases as an-
alytical partners through cyclical human-AI collaboration. This
conceptualization provided a structured basis for discussion.

This study reports on a collective and highly qualified reflection
about the use of LLMs in TA within SE and makes the following
contributions: 1) An empirical synthesis of how experienced re-
searchers perceive the opportunities and risks of using LLMs during
the main phases of TA; 2) Observations on methodological tensions
that arise when LLMs interacts with interpretive work, including
effects on researcher roles and analytical depth; and 3) Considera-
tions that may support future methodological reflection on the use
of LLM-assisted TA.

2 Background and Related Work

The integration of LLMs into qualitative research has become an
emerging topic across disciplines, raising methodological and episte-
mological questions about rigor, transparency, and human interpre-
tive control. This section reviews how studies have approached this
integration from both methodological and practical perspectives.
In SE, the discussion has evolved toward reflection and guidance,
while in other domains, researchers have explored concrete applica-
tions of LLMs to the analytical stages of qualitative and TA. These
directions provide the conceptual background for understanding
the opportunities and challenges that motivate this study.

Within SE, early reflections emphasized that although LLMs ex-
pand the scale and efficiency of qualitative work, their use must
remain grounded in methodological rigor and researcher reflexivity
to preserve interpretive validity [4]. Subsequent investigations doc-
umented efficiency gains and accessibility benefits but also concerns
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about interpretive depth, contextual sensitivity, and ethics [6, 10].
More recent contributions consolidated potential evaluation guide-
lines and design principles that highlight transparency, reproducibil-
ity, and the continued need for human validation [2, 19, 20]. Overall,
these works mark a transition from questioning whether LLMs be-
long in SE research to examining how they can be responsibly
integrated through human-in-the-loop approaches.

Beyond SE, cross-disciplinary studies have also explored how
LLMs can assist interpretive stages of analysis. Early experiments
showed that models can perform coding and grouping with partial
validity, but abstraction and theoretical grounding remain human-
driven [11, 12]. Comparative analyses found that LLMs may gener-
ate a larger and more diverse set of codes while missing context or
coherence, underscoring the need for reflexive interpretation [15].
Collaborative systems such as CollabCoder embed transparency
and traceability [14], and structured toolkits show how LLMs can
support all TA phases when guided by clear human oversight [17].

However, recent reflections across qualitative research have high-
lighted tensions between automation, ethics, and methodological
integrity, stressing that Al tools should maintain interpretive agency
and epistemic transparency [18]. A shared view has emerged in this
regard covering that LLMs can complement qualitative research
only within reflexive frameworks that strongly preserve human
control do not replace researcher reasoning.

Despite attention to the methodological use of LLMs, empirical
evidence about their role in TA remains underexplored in SE. Most
prior work has evaluated technical capabilities or proposed con-
ceptual guidelines, yet few studies have captured how researchers
themselves perceive and reflect on LLM assistance during the inter-
pretive phases of TA. This study responds to that gap by examining
collective reflections by experienced researchers on the opportuni-
ties, limitations, and methodological tensions that arise when LLMs
intersect with human interpretation in TA.

3 Towards LLM-Assisted Thematic Analysis

This section conceptualizes the LLM-Assisted Thematic Analysis,
which served as a structured process to guide participants’ reflec-
tions. Rather than prescribing a fixed analytical procedure, it pro-
vided a shared reference model that helped organize discussion and
ensure comparability across groups as they considered how LLMs
could support each stage of TA. Building on Braun and Clarke’s
six-phase framework [7], this work reorganizes it into five iterative
phases, consolidating overlapping steps while embedding LLMs
as analytical partners through cyclical human-AI collaboration.
Figure 1 illustrates this alternating process between computational
assistance and human interpretation, emphasizing that meaning-
making remains the researcher’s responsibility.

3.1 Phase 1: Familiarization with the Data

This phase corresponds to Braun and Clarke’s [7] initial step of
Familiarization with the Data and it would be conducted exclusively
by human researchers. Researchers immerse themselves in the
qualitative material (reading and rereading excerpts, notes, and
transcripts) to develop a holistic understanding of the data. This
process builds contextual awareness and theoretical sensitivity,
preparing researchers to engage critically with the process.
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Figure 1: Overview of LLM-Assisted TA (adapted from [7])

3.2 Phase 2: Open Coding and Human
Validation

This phase covers LLM-assisted open coding and subsequent human
validation, corresponding to Steps 2 and 3 of the LLM-assisted TA
illustrated in Figure 1.

In Step 2, Open Coding (LLM), The model performs an initial
round of open coding on qualitative excerpts, generating descrip-
tive and data-grounded codes. The prompting strategy follows a
modular design consisting of five components: (1) research context
that defines the analytical scope and theoretical constructs; (2) data
source specifying input format (e.g., interview quotes labeled by
construct); (3) coding task directing the model to conduct open
coding according to Braun and Clarke’s principles; (4) quality cri-
teria for codes (e.g., descriptive accuracy, avoidance of premature
abstraction); and (5) output format yielding codebook (e.g., table
with Quote, Code, Justification) to ensure traceability.

Following this automated stage, in Step 3, Human Validation of
Codes, researchers critically review the LLM-generated codes to
assess interpretive fidelity and theoretical alignment. Validation
involves verifying code—quote relations, merging redundant entries,
and refining labels where needed. The objective is to preserve the
authenticity of the data and sustain the researcher’s interpretive
authority while benefiting from automated assistance. Building
on these validated codes, the next phase focuses on identifying
thematic patterns, where LLM assistance is again combined with
human interpretation to generate and refine initial themes.

3.3 Phase 3: Generation of Initial Themes and
Human Validation

This phase focuses on identifying thematic patterns from validated
codes, combining LLM assistance with human interpretation. It
comprises Steps 4 and 5 of the LLM-assisted TA, illustrated in
Figure 1, as described below.

Step 4, Generation of Initial Themes (LLM), is responsible for
identifying higher-level patterns across the validated codes. The
LLM receives these codes and groups semantically related ones into
candidate themes. The prompt mirrors the logic used in open coding
and includes: (1) research context situating the task within study
objectives and constructs; (2) data source referencing validated
codes from the prior phase; (3) generation task instructing the
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model to cluster related codes into coherent and data-grounded
themes; (4) criteria for theme quality, including internal coherence,
distinction, and interpretability; and (5) output format producing a
table with information about the themes (e.g., Theme, Description,
Codes, Quotes, Participants, and optionally Relation to Construct).
The output offers a structured overview of candidate themes that
accelerates hypothesis generation about data patterns.

In Step 5, Human Validation of Themes, researchers review and re-
fine the LLM-generated themes, ensuring conceptual coherence and
alignment with research aims. They assess the clarity of thematic
boundaries and rearticulate theme labels when needed. This itera-
tive dialogue maintains theoretical depth while taking advantage
of the model’s organizational capacity.

3.4 Phase 4: Reviewing Themes

This phase focuses on revisiting and improving the thematic struc-
ture based on insights from previous phases. It corresponds to the
Defining and Naming Themes stage of Braun and Clarke’s frame-
work [7], as shown in Figure 1. In the context of qualitative analysis
assisted by LLMs, studies have reported issues such as excessive
segmentation and over-categorization [21], which tend to occur
in the early stages of qualitative analysis, particularly during text
segmentation and initial categorization. This reinforces the need
for a structured review phase to refine and consolidate themes.

In Step 6, Reviewing Themes (LLM), the issues to be reviewed
emerge from the context of the ongoing thematic analysis and may
differ across studies. In our case, the model was prompted to identify
and merge semantically similar codes within each theme to address
redundancy and improve conceptual coherence. The prompt in-
cludes: (1) task description that instructs the model to identify and
merge semantically similar codes within a theme; (2) guidelines
defining how to ensure semantic proximity, theoretical alignment,
and preservation of meaning; (3) expected output format requiring
two tables, namely Table 1 with New Code, Grouped Codes, and
Reason for Grouping, and Table 2 with Original Code, New Code,
and Justification for Similarity; (4) input section that lists the codes
belonging to the same theme; and (5) theme context that provides
contextual information to guide interpretation. This prompt helps
the LLM act as a semantic clustering assistant, supporting theme
refinement while maintaining theoretical coherence.

Finally, in Step 7, Human Analysis and Final Validation, researchers
review all groupings and relationships between themes to confirm
conceptual and analytical consistency. They assess whether the
thematic map addresses the research questions, aligns with study
objectives, and authentically represents participants’ voices. This
stage reaffirms that interpretive authority rests with the researcher.

3.5 Phase 5: Producing the Report

The final phase corresponds to Reporting phase, as illustrated in Fig-
ure 1. Researchers synthesize the validated themes into analytical
narratives that address the research questions and connect empiri-
cal findings to the theoretical framework. This process prioritizes
transparency, reflexivity, and faithful representation of participants’
voices. While LLMs may be used to support reporting (with proper
human oversight), we considered this usage out of the scope of
assisting core methodological TA phases and of our investigation.
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3.6 Concrete Example

To make the LLM-Assisted TA conceptualization more tangible, this
section illustrates how it can be applied in practice within a real
qualitative study conducted by the authors. The aim is to exemplify,
step by step, how researchers can integrate LLM assistance into
different phases of TA while maintaining interpretive depth and
methodological transparency. The example draws on 199 authentic
interview excerpts, manually categorized by four researchers into
seven constructs based on Social Cognitive Theory (SCT) [3], from
an ongoing study that explores how software engineers develop
interpersonal and reflective abilities in professional contexts.

Phase 1: Familiarization with the Data. As in any qualitative
analysis, the process began with immersion in the data. Before the
model was ever invoked, researchers manually read and organized
24 interview excerpts related to Observational Learning, a construct
from SCT [3]. This construct (learning by observing others’ behav-
iors and consequences) provided a conceptually bounded subset
for demonstration. At this stage, the goal was to understand the
context deeply enough to later recognize when the model’s sugges-
tions aligned or diverged from authentic meanings. All excerpts
were reviewed for anonymity, clarity, and relevance, laying the
interpretive foundation for the next phase.

Phase 2: Open Coding and Human Validation. This phase
marked the first collaborative moment between LLM and human.

Open Coding (LLM). A structured prompt introduced the study’s
context and asked GPT-4 to generate concise, descriptive codes for
each excerpt, accompanied by brief justifications. The result was
a neatly formatted codebook (such as illustrated in Table 1) with
each line pairing a participant’s quote with its proposed codes and
explanations.

Human Validation of Coding. As expected, the automation raised
interpretive questions. Researchers reviewed every code, merg-
ing redundant ones, rephrasing vague labels, and discarding those
that oversimplified nuanced experiences. This step was less about
correction and more about dialogue, an opportunity to see how
computational suggestions could stimulate, but not dictate, analyti-
cal thinking. By the end of this phase, the team had a validated set
of descriptive codes ready for thematic synthesis.

Phase 3: Generation of Initial Themes and Human Valida-
tion. With coding complete, attention shifted toward generation
of themes.

Generation of Initial Themes (LLM). The validated codes were
supplied back to the model, which was prompted to group seman-
tically related items into candidate themes and describe each one
succinctly. Among the results were two clear thematic directions:
Learning by Contrast with Negative Models and Positive Model-
ing and Inspiration from Successful Examples (see Table 2). The
model captured distinctions that mirrored the logic of SCT, learning
through both imitation and contrast.

Human Validation of Themes. Researchers examined these pre-
liminary themes, checking whether each one truly captured shared
meaning or merely reflected surface similarity. Ambiguous or unas-
signed codes were revisited manually. This iterative exchange showed
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that while the model could accelerate theme generation, interpre-
tive coherence still depended on the researcher’s theoretical and
contextual awareness.

Phase 4: Reviewing Themes. Once initial themes were identified,
the focus turned to conceptual precision.

Reviewing Themes (LLM). A new prompt instructed the model
to look within each theme for overlapping or redundant codes
and propose semantic groupings, each justified in plain language.
This step served as a form of assisted conceptual clean-up (helping
researchers visualize which codes might belong together). The
expected outputs were two tables: (i) consolidated codes with their
original grouped codes and justification, and (ii) a mapping of each
original code to its consolidated version, shown in Table 3.

Human Analysis and Final Validation. The research team then
revisited the model’s suggestions with caution, accepting only those
consolidations that preserved interpretive richness. Some groupings
clarified relationships; others, however, risked erasing meaningful
distinctions. Through this reflective filtering, the final thematic
map gained coherence without losing the diversity of perspectives
embedded in the data.

Phase 5: Producing the Report. The last phase returned fully to
human interpretation. Validated themes were woven into an ana-
lytical narrative and visual map that connected constructs, themes,
and representative excerpts. Reporting was treated not as an end-
point but as part of the analytic reasoning, an opportunity to reflect
on how the hybrid process shaped understanding. At this stage,
the LLM’s role concluded, and meaning-making was once again
exclusively human work.

4 Research Design

The following subsections describe the workshop’s organization
and participants (Section 4.1) and the data collection and analysis
procedures (Section 4.2).

4.1 Workshop’s Overview

The study was conducted through a structured reflective work-
shop designed to elicit collective perceptions from experienced
researchers on the integration of LLMs into TA. The session took
place during the International Software Engineering Research Net-
work (ISERN) 2025 meeting, held in September in Hawaii, USA.
ISERN provides a long-standing collaborative forum for advancing
empirical research methods and methodological reflection within
the SE community. The 60-minute workshop followed a collabora-
tive format that encouraged open discussion and shared method-
ological reasoning. It began with a short introduction situating the
rapid growth of LLM-assisted qualitative research and highlighting
the need for transparent and responsible methodological practices.
The session was facilitated by the last author, who presented the
LLM-Assisted TA conceptualization and illustrated its phases with
the concrete example explained in Section 3.6.

After the presentation, the 25 participants were divided into five
groups of roughly equal size. Each group worked collaboratively
and deeply focused for 30 minutes on a large A2 canvas using
color-coded post-its: opportunities (green), limitations (yellow),



LLM-Assisted Thematic Analysis: Opportunities, Limitations, and Recommendations

WSESE °26, April 12-18, 2026, Rio de Janeiro, Brazil

Table 1: LLM-generated codes and justifications for excerpts during the open coding phase (Phase 2).

Quote ID Excerpt Code(s) Justification
S1#G26#P04  “I had an experience with a previous management [...] Observation of toxic leadership as a negative model; The participant observes a technical leader who fails to
managed through chaos [...] there is no soft skill in such  Perception of the absence of soft skills in professional practice.  apply soft skills, learning from the negative example.
an environment.”
S2#G27#P04  “She had false empathy, it wasn’t genuine.” Recognition of false empathy; Learning occurs through the perception of lack of authen-
Observation of inauthentic managerial behavior. ticity in leadership behavior.
S3#G28#P04  “The leaders who are at the front are showing the way Influence of leaders’ behavior as a model for new professionals; Observing inadequate behaviors from leaders serves as

[...] the leader acts in an incorrect way.”

Learning from negative examples of leadership.

learning about what should not be done.

Table 2: Initial themes and related codes generated and validated in Phase 3 (Generation and Validation of Initial Themes).

Theme Description Associated Codes

Quotes / Participants  Relationship with the Construct

Learning by Con-
trast with Negative
Models

Represents situations in which
engineers learned by observing
inappropriate behaviors of lead-
ers or colleagues, identifying
what should not be done.

Observation of toxic leadership as a negative model;
Perception of the absence of soft skills in professional practice;
Recognition of falseness in empathetic behavior;

Observation of inauthentic managerial behavior;

Learning through the negative example of teamwork;
Observation of negative consequences as a source of learning;

['S1’,’S2’,°S3’,’S12’, ’S13’,
’S14°,°S17°]
['P04’, 'P15’, "P17’, P18’

Participants demonstrate attention and reten-
tion when observing dysfunctional behaviors
in the professional environment, learning to
avoid them. The motivation to act differently
reinforces observational learning through con-
trast.

Negative models reinforcing desirable behaviors;
Conscious rejection of negative models.

Positive Modeling Covers experiences in which

Influence of leaders’ behavior as a model for new professionals;

[’S3’, ’S18°, ’S19’, ’S22’, This theme reflects the observation of positive

and Inspiration engineers observed colleagues, Direct inspiration from a colleague as a positive model; ’S24’] models (attention), internalization of behav-
from Successful leaders, or public figures and Adoption of observed interpersonal strategy; ['P04’, 'P18’, 'P19’, 'P24’, iors (retention), attempts at reproduction, and
Examples adopted positive strategies in Direct observation of an inspiring leader; P27’] inspiration (motivation), which are central ele-

their professional conduct.
Learning from experienced colleagues.

Internalization of advice as a model for conduct;

ments of the construct Observational Learning.

Table 3: Semantic code grouping results during Phase 4.

Theme New Code Grouped Codes Reason / Participant(s)

Learning Facili- Learning Guided by
tated by Formal Individual Models
Structures and (Mentors and Lead-
Events ers)

Learning by observa-
tion in a mentoring
context;

Active search for lead-
ership models.

Both refer to learning guided by
specific individuals—mentors or
leaders—through intentional ob-
servation and imitation. / (P06,
P09)

Observational Learn-
ing in Structured
Educational Set-
tings (Trainings and
Events)

Learning Facili-
tated by Formal
Structures and
Events

Learning by observa-
tion in structured con-
texts (training);
Observation of prac-
tices in corporate train-
ing sessions.

Both describe learning occur-
ring in formal, planned educa-
tional settings such as profes-
sional events or trainings. / (P09,
P11)

and recommendations (blue). The canvases were divided into three
columns (open coding, generation of initial themes, and reviewing
themes) to serve as a structure for participants to reflect system-
atically on methodological, ethical, and practical aspects of LLM
integration into the analytical phases of TA.

The workshop concluded with a plenary in which each group
summarized its key points about how using LLMs for TA could
be improved. In particular, the facilitator synthesized the shared
insights, encouraging participants to connect their reflections to
broader issues of rigor, reproducibility, and interpretive integrity in
LLM-assisted qualitative research. The facilitator adopted a neutral
and supportive stance throughout, fostering open exchange rather
than guiding participants toward consensus.

4.2 Data Collection and Analysis

The collected material for this study consisted of the completed A2
canvases produced by each group. Each canvas contained color-
coded post-its representing reflections on opportunities, limitations,
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and recommendations for the three key analytical phases of the
LLM-Assisted TA. After the session, all canvases were photographed
(see Figure 2), and the content was transcribed into a spreadsheet
for further analysis.

Figure 2: Canvases built in the workshop

The transcribed material was examined through a structured
descriptive synthesis aimed at identifying collective patterns in
participants’ reflections. Each post-it note was treated as a unit of
analysis and associated with its respective analytical phase (open
coding, theme generation, theme reviewing), or labeled as cross-
phase when researchers judged it relevant to all phases, and with
its color category (opportunities, limitations, recommendations).
The spreadsheet was organized along these two dimensions to en-
able systematic comparison across groups and phases. The analysis
unfolded iteratively. First, all reflections were reviewed to ensure
transcription accuracy and contextual consistency. Next, similar or
complementary ideas were grouped to identify recurring topics and
cross-cutting tensions. Finally, these groupings were synthesized
into higher-level categories that summarized how researchers con-
ceptualized the potential, risks, and boundaries of human-LLM col-
laboration in TA. The procedure was interpretive and exploratory
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rather than evaluative, seeking to distill the essence of participants’
perceptions rather than quantify consensus or assess model perfor-
mance. Analytical transparency was maintained by documenting
each step of transcription, categorization, and synthesis, and by
preserving traceable links between the raw material and the syn-
thesized outputs. All collected materials, including the consolidated
spreadsheet, are available in our open repository [1].

5 Results
5.1 Open Coding
5.1.1 Opportunities. Participants perceived some advantages in

using LLMs during the open coding phase, particularly related to
efficiency, scalability, and creative exploration. Some noted that
these tools could foster and reduce effort, highlighting the potential
of automation to alleviate repetitive tasks and accelerate the identi-
fication of patterns across large datasets. Others emphasized that
LLMs could consider larger amounts of text, allowing researchers to
process data at a scale that would be impractical through manual
coding alone. This was associated with expectations for greater an-
alytical breadth, with one group describing the possibility to expect
the future in more important ways, suggesting that LLMs might help
uncover latent or emergent dimensions of qualitative data.
Finally, participants mentioned that the models could identify
alternative taxonomies or codes, pointing to their capacity to propose
diverse conceptual categorizations. This issue indicates that partici-
pants recognized the potential of LLMs to inspire new interpretive
directions and support theory-building in qualitative analysis.

5.1.2  Risks and Limitations. Across several groups, participants
raised concerns about growing dependency on LLMs, whether
technical, cognitive, or interpretive, and how this could reduce re-
searchers’ opportunities to exercise critical evaluation and maintain
direct engagement with data. Comments such as increase depen-
dency on LLMs and decrease opportunities to foster evaluating skills
captured this apprehension, emphasizing that excessive automation
might weaken human analytical judgment and reflexivity.

A reinforced orientation emerged around the importance of
maintaining manual engagement in the open coding phase. Two
groups explicitly argued that skipping manual coding undermines
the researcher’s familiarity with the data: by not doing open coding
manually you are denying the possibility of familiarising yourself
with the data. Participants viewed this phase as fundamental for
developing theoretical sensitivity and contextual understanding,
cautioning that over-automation could weaken the interpretive
foundation upon which subsequent analytical stages rely.

Participants also expressed doubts about the reliability and stabil-
ity of LLM-generated codes. Some mentioned incorrect results and
conclusion instability, questioning whether similar datasets would
lead to consistent thematic outcomes. Others noted that LLMs can-
not assure themselves, implying that verifying outputs may require
more effort and less confidence than human-generated results. One
group added that the human oversight can still be demanding, as
models often produce a massive number of codes, increasing the
workload required for review and validation. Contextual interpreta-
tion emerged as another major limitation. One group observed that
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when LLMs read short quotes, they may miss the big picture or con-
text, producing explanations that appear plausible but lack depth.
This view was echoed in a collective note warning that reduced
hands-on engagement may weaken contextual understanding and
interpretive depth.

Concerns about analytical bias and authenticity were also present,
with statements such as agree with the code without being analytical
and where’s the real human? reflecting participants’ discomfort with
delegating interpretive authority to machines. Additional risks men-
tioned included creativity fatigue, privacy issues, and the need to
establish numerical accuracy for each dataset. These reflections show
that while LLMs can support and accelerate open coding, they intro-
duce methodological and epistemic trade-offs. Maintaining human
interpretive agency and contextual sensitivity was seen as essential
to preserving rigor and authenticity in qualitative research.

5.1.3 Suggestions and Safeguards. Participants proposed a few
practical suggestions for integrating LLMs responsibly into the open
coding process. One recurring idea was the importance of main-
taining a comparative dynamic between human and Al-generated
outputs. A group recommended comparing insights produced by
LLMs with those generated by human researchers as a form of on-
going triangulation, ensuring that automation complements rather
than replaces human interpretation. Another suggestion involved
the use of reinforcement and iterative feedback loops, in which
researchers review model outputs and provide corrective input.
This cyclical interaction was seen as a way to improve contextual
alignment and preserve human reasoning at the center of the anal-
ysis. One group also suggested guiding the model through initial
examples before running the full analysis, as a way to orient the
LLM toward the research context and reduce misalignment.

These contributions point toward a reflective and dialogical use
of LLMs in open coding, where human analysts retain interpretive
control and use Al assistance to broaden analytical insight rather
than automate interpretation.

5.2 Generation of Initial Themes

5.2.1 Opportunities. Participants identified opportunities for using
LLMs during the generation of initial themes, particularly empha-
sizing efficiency, pattern recognition, and support for analytical
abstraction. Some noted that LLMs could shorten the time to find
themes, highlighting the potential of automation to accelerate the
synthesis of codes into higher-level conceptual patterns.

Some participants observed that LLMs can identify repeating
patterns easily and give codes and save complexity, suggesting that
models can effectively assist in detecting recurring relationships
among codes that may not be immediately visible to researchers.
Others mentioned that abstraction works already very well, indi-
cating that LLMs can facilitate the conceptual step of grouping
descriptive codes into coherent themes, especially when working
with large taxonomies or extensive datasets. One group also consid-
ered LLMs potentially very useful in challenging and validating the
themes, pointing to their role not only in supporting automation but
also in promoting reflection and comparison of different interpreta-
tions. Similarly, comments such as improve discussing open coding
into patterns and expect the future in more important ways conveyed
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the idea that LLMs can stimulate broader analytical thinking and
help researchers envision alternative thematic structures.

Overall, participants perceived that, when used with human over-
sight, LLMs can enhance the process of moving from fragmented
codes to structured themes, improving analytical coherence, speed,
and the capacity for reflective synthesis.

5.2.2 Risks and Limitations. Only a few risks were identified for
this phase, reflecting a generally more optimistic view compared to
open coding. Some participants cautioned that the human oversight
can still be demanding, especially because LLMs may produce mas-
sive amounts of codes or themes that require extensive review. This
was interpreted as a reminder that efficiency gains in automation
do not eliminate the need for rigorous human validation. Concerns
about bias also appeared, with participants mentioning LLM bias
and the risk of generating themes based on previous data, suggesting
that models may reproduce or reinforce patterns learned from prior
training data rather than staying grounded in the current dataset.
Additionally, one group noted practical limitations such as cost,
emphasizing that large-scale LLM use may introduce financial and
computational constraints. Hence, participants acknowledged that
while LLMs can streamline the generation of themes, researchers
must remain attentive to potential distortions, overproduction of
content, and the continuing necessity of careful human oversight.

5.2.3 Suggestions and Safeguards. A single group proposed a few
targeted safeguards for using LLMs in the generation of initial
themes. They emphasized that different LLMs have different biases,
suggesting that repeating the process with more than one model
could improve reliability. The same group also recommended do-
ing the coding manually and involving the LLM only in the theme
generation step, where human control over abstraction can be more
effectively maintained. As a practical illustration, they outlined a
simple workflow: Manual Coding — LLM Themes — Refine Themes
— Review Themes (LLM).

5.3 Reviewing Themes

In Phase 4, corresponding to the reviewing stage of the LLM-
Assisted TA, participants’ reflections suggested opportunities for
human-AI collaboration that support themes refinement while pre-
serving interpretive depth. Some participants saw the potential to
shorten the time to review themes, viewing automation as a means
to enhance efficiency without replacing human oversight. As sug-
gestions and safeguards, participants stressed the need to ensure
transparency in documenting revisions and decisions, reinforcing
that interpretive authority must remain with the human analyst,
and argued for framing this phase as reviewing rather than refining
to promote new empathy or consensus among researchers. Partici-
pants also highlighted the need to consider the cost of LLM usage
when integrating these tools into the reviewing stage. No specific
risks or limitations were explicitly mentioned for this phase.

5.4 Cross-Phase Reflections

Participants shared a set of reflections considered applicable across
all Phases of the LLM-Assisted TA. The discussion addressed general
methodological and ethical aspects of integrating LLMs rather than
being limited to a specific analytical stage. For example, one group
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suggested testing prompts with research teams and validating their
quality by using different LLMs, proposing cross-model comparison
as a way to enhance reliability and reduce bias. The same group
emphasized the value of using multiple LLMs or incorporating RAG
feeds with theory, where RAG refers to retrieval-augmented gen-
eration, to improve theoretical alignment and maintain analytical
traceability throughout the process.

Participants also identified transversal risks that cut across all
stages. These included the rapid evolution of LLM models, which may
compromise reproducibility, and the presence of hidden biases that
are difficult to detect or correct, posing challenges for transparency
and ethical use. Some noted that effective prompting demands
specific expertise, pointing to a learning curve in researchers’ expe-
rience with prompting. Finally, a concise yet striking warning — do
not trust LLMs, they are notorious liars — summarized the shared
understanding that human oversight remains essential for ensuring
credibility and interpretive rigor when working with LLMs.

6 Discussion

The reflections brought by this study show how experienced re-
searchers in SE are beginning to conceptualize the methodological
consequences of integrating LLMs into TA. Participants expressed
cautious optimism since they valued efficiency but emphasized
that interpretive depth, reflexivity, and contextual awareness must
remain central to analytical rigor. Across all phases of the LLM-
Assisted TA, the consensus was that the value of automation de-
pends on how humans design, validate, and interpret model outputs.

Initially, participants acknowledged that LLMs can ease repet-
itive work and accelerate coding, confirming prior observations
that automation can expand analytical reach [4, 6]. Yet, they also
viewed immersion in the data as indispensable for developing theo-
retical sensitivity [7]. Rather than replacing manual coding, LLMs
were seen as useful for exploration and triangulation (i.e., tools to
compare perspectives, not to substitute human reasoning). These
reflections reinforce the importance of hybrid workflows where
automation complements rather than replaces interpretation.

We noticed concerns about instability, bias, and opacity that
highlight methodological rigor in LLM-assisted analysis shifts from
code accuracy to the transparency of human-LLMs interaction.
Echoing De Paoli [12] and Baltes et al. [2], researchers stressed
documenting prompts, model versions, and validation steps as es-
sential to analytical traceability. Reliability, in this view, is not a
property of the model but of the documented interaction between
researcher and model, an idea increasingly important to open and
reproducible empirical research [16].

We also found that researchers admit LLMs as analytical partners
capable of suggesting new framings or patterns but requiring in-
formed human mediation. Hybrid approaches (alternating between
model suggestions and researcher review) were viewed as most
effective. This perspective aligns with Trinkenreich et al. [19], who
argue that responsible engagement with Al tools requires main-
taining interpretive control. The emerging skill set includes prompt
literacy and validation awareness, pointing to new methodological
competencies for empirical SE.

In summary, the findings point out that LLMs make existing chal-
lenges (such as reflexivity, traceability, and ethical accountability)
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more visible rather than replacing them. Responsible integration
will require explicit reporting of prompts, model configurations, and
researcher interventions, as well as shared community resources.
Therefore, LLMs may not redefine qualitative research, but they in-
tensify its methodological demands, inviting SE scholars to rethink
how rigor and judgment are enacted in human-LLMs analysis.

7 Final Remarks

Large Language Models (LLMs) are rapidly influencing how empir-
ical researchers in Software Engineering (SE) approach qualitative
research. This study contributes an empirical perspective on how
experienced researchers perceive the methodological opportunities
and challenges of integrating LLMs into Thematic Analysis (TA).
Their reflections portray a community cautiously engaging with
automation, acknowledging its potential to improve efficiency and
analytical reach, while reaffirming the irreplaceable role of human
interpretation, contextual awareness, and reflexivity.

The study was conducted during the International Software
Engineering Research Network (ISERN) 2025 meeting, through a
reflective workshop structured around the LLM-Assisted TA, an
adaptation of Braun and Clarke’s proposal [7] that conceptually
embeds human—-AlI collaboration across analytical phases. This
conceptualization provided an preliminary reference for partici-
pants to reason systematically about how LLMs might support or
complicate open coding, theme generation, and theme reviewing.
The discussions indicated that rigor in hybrid human-AI analysis
increasingly depends on transparent documentation of prompts,
validation procedures, and researcher interventions. They also high-
lighted emerging methodological competencies (such as prompt
literacy, interpretive validation, and ethical awareness) as necessary
for responsible LLM use in empirical SE.

As with any interpretive study, this work is bounded by its design
and has limitations. The reflections were collected from a single col-
laborative workshop involving a focused group of senior empirical
SE researchers. The goal was not statistical generalization but the
elicitation of collective reasoning about methodological practice.
Consequently, the findings capture an informed yet situated view of
how experienced researchers conceptualize the role of LLMs in qual-
itative analysis. Future studies could broaden this understanding
through comparative or longitudinal designs, empirical evaluation
of LLM-assisted outputs, and replication in diverse research com-
munities. Overall, the reflections from this ISERN work suggest that
LLMs do not replace qualitative methodology but instead prompt
the SE community to revisit core principles of rigor, transparency,
and interpretive accountability in a human-LLM research scope.

Acknowledgments

We express our gratitude to CNPq (Grants 12275/2023-4), FAPER]
(Grant E-26/204.256/2024), Kunumi Institute, and Stone Co. for
their generous support. We also thank ISERN for providing a dis-
tinguished forum to steer advances in empirical methods.

References

[1] Tatiane Ornelas Martins Alves, Allysson Allex Araujo, Julia Condé Aratjo, Ma-
rina Condé Araujo, Bianca Trinkenreich, and Marcos Kalinowski. 2025. Artifacts:
LLM-Assisted Thematic Analysis: Opportunities, Limitations, and Recommendations.
doi:10.5281/zenodo.17443995

Ornelas et al.

Sebastian Baltes, Florian Angermeir, Chetan Arora, Marvin Mufoz Barén, Chun-
yang Chen, Lukas Béhme, Fabio Calefato, Neil Ernst, Davide Falessi, Brian Fitzger-
ald, Davide Fucci, Marcos Kalinowski, Stefano Lambiase, Daniel Russo, Mircea
Lungu, Lutz Prechelt, Paul Ralph, Rijnard van Tonder, Christoph Treude, and
Stefan Wagner. 2025. Guidelines for Empirical Studies in Software Engineering
Involving Large Language Models. arXiv:2508.15503 [cs]

Albert Bandura. 2001. Social cognitive theory: An agentic perspective. Annual
review of psychology 52, 1 (2001), 1-26.

Muneera Bano, Rashina Hoda, Didar Zowghi, and Christoph Treude. 2023. Large
Language Models for Qualitative Research in Software Engineering: Exploring
Opportunities and Challenges. 31, 1 (2023), 8.

Muneera Bano, Rashina Hoda, Didar Zowghi, and Christoph Treude. 2024. Large
language models for qualitative research in software engineering: exploring
opportunities and challenges. Automated Software Engineering 31, 1 (2024), 8.
Caua Ferreira Barros, Bruna Borges Azevedo, Valdemar Vicente Graciano Neto,
Mohamad Kassab, Marcos Kalinowski, Hugo Alexandre D. Do Nascimento, and
Michelle C.G.S.P. Bandeira. 2025. Large Language Model for Qualitative Research:
A Systematic Mapping Study. In Proceedings of the 2025 IEEE/ACM International
Workshop on Methodological Issues with Empirical Studies in Software Engineering
(WSESE) (2025-05). IEEE.

Virginia Braun and Victoria Clarke. 2006. Using Thematic Analysis in Psychology.
3, 2 (2006), 77-101.

Virginia Braun and Victoria Clarke. 2019. Reflecting on reflexive thematic analysis.
Qualitative research in sport, exercise and health 11, 4 (2019), 589-597.

Virginia Braun and Victoria Clarke. 2021. Thematic analysis: A practical guide.
(2021).

Matheus De Morais Leca, Lucas Valenga, Reydne Santos, and Ronnie
De Souza Santos. 2025. Applications and Implications of Large Language Models
in Qualitative Analysis: A New Frontier for Empirical Software Engineering. In
Proceedings of the 2025 IEEE/ACM International Workshop on Methodological Issues
with Empirical Studies in Software Engineering (WSESE) (2025-05). IEEE, Ottawa,
ON, Canada, 36-43.

Stefano De Paoli. 2024. Further Explorations on the Use of Large Language
Models for Thematic Analysis: Open-Ended Prompts, Better Terminologies and
Thematic Maps. 25, 3 (2024).

Stefano De Paoli. 2024. Performing an Inductive Thematic Analysis of Semi-
Structured Interviews With a Large Language Model: An Exploration and Provo-
cation on the Limits of the Approach. 42 (2024), 997-1019.

Joanna F DeFranco and Phillip A Laplante. 2017. A content analysis process for
qualitative software engineering research. Innovations in Systems and Software
Engineering 13, 2 (2017), 129-141.

Jing Gao, Ziyi Lin, Tu Dinh, Zixuan Wang, Chen Sun, Yu Xiao, and Michael S.
Bernstein. 2024. CollabCoder: A Lower-Barrier, Rigorous Workflow for Inductive
Collaborative Qualitative Analysis with Large Language Models. In Proceedings
of the 2024 CHI Conference on Human Factors in Computing Systems (2024-05).
Association for Computing Machinery, New York, NY, USA, 1-29.

William S. Mathis, Shasha Zhao, Nathan Pratt, Julia Weleff, and Stefano De Paoli.
2024. Inductive Thematic Analysis of Healthcare Qualitative Interviews Using
Open-Source Large Language Models: How Does It Compare to Traditional
Methods? 255 (2024), 108356.

Daniel Mendez, Daniel Graziotin, Stefan Wagner, and Heidi Seibold. 2020. Open
science in software engineering. In Contemporary empirical methods in software
engineering. Springer, 477-501.

Muhammad Naeem, Tracy Smith, and Lorna Thomas. 2025. Thematic Analysis
and Artificial Intelligence: A Step-by-Step Process for Using ChatGPT in Thematic
Analysis. 24 (2025), 16094069251333886.

Hope Schroeder, Marianne Aubin Le Quéré, Casey Randazzo, David Mimno, and
Sarita Schoenebeck. 2025. Large Language Models in Qualitative Research: Uses,
Tensions, and Intentions. In Proceedings of the 2025 CHI Conference on Human
Factors in Computing Systems (2025-04). ACM, Yokohama, Japan, 1-17.

Bianca Trinkenreich, Fabio Calefato, Geir Hanssen, Kelly Blincoe, Marcos Kali-
nowski, Mauro Pezze, Paolo Tell, and Margaret-Anne Storey. 2025. Get on the
Train or Be Left on the Station: Using LLMs for Software Engineering Research.
In Proceedings of the 33rd ACM International Conference on the Foundations of
Software Engineering (FSE 2025) (2025-06). ACM, Trondheim, Norway, 1503-1507.
Stefan Wagner, Marvin Mufioz Barén, Davide Falessi, and Sebastian Baltes. 2025.
Towards Evaluation Guidelines for Empirical Studies Involving LLMs. In Proceed-
ings of the 2025 IEEE/ACM International Workshop on Methodological Issues with
Empirical Studies in Software Engineering (WSESE) (2025-05). IEEE, Ottawa, ON,
Canada, 24-27.

Yuki Zenimoto, Ryo Hasegawa, Takehito Utsuro, Masaharu Yoshioka, and Noriko
Kando. 2024. Coding Open-Ended Responses Using Pseudo Response Gener-
ation by Large Language Models. In Proceedings of the 2024 Conference of the
North American Chapter of the Association for Computational Linguistics: Human
Language Technologies (Volume 4: Student Research Workshop), Yang (Trista) Cao,
Isabel Papadimitriou, Anaelia Ovalle, Marcos Zampieri, Francis Ferraro, and
Swabha Swayamdipta (Eds.). 242-254.


https://doi.org/10.5281/zenodo.17443995
https://arxiv.org/abs/2508.15503

	Abstract
	1 Introduction
	2 Background and Related Work
	3 Towards LLM-Assisted Thematic Analysis
	3.1 Phase 1: Familiarization with the Data
	3.2 Phase 2: Open Coding and Human Validation
	3.3 Phase 3: Generation of Initial Themes and Human Validation
	3.4 Phase 4: Reviewing Themes
	3.5 Phase 5: Producing the Report
	3.6 Concrete Example

	4 Research Design
	4.1 Workshop's Overview
	4.2 Data Collection and Analysis

	5 Results
	5.1 Open Coding
	5.2 Generation of Initial Themes
	5.3 Reviewing Themes
	5.4 Cross-Phase Reflections

	6 Discussion
	7 Final Remarks
	Acknowledgments
	References

