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ABSTRACT
Qualitative research helps to take natural language from survey or
interview data and develop themes, ideas, and communicable lessons
in a structured format. With developments in natural language pro-
cessing and large language models, the status quo for conducting
qualitative research is being challenged by LLM thematic analysis
tools. This paper seeks to review the efficacy of existing techniques
and develop tools to explore the landscape of qualitative analysis
using LLMs. To perform this analysis, we use two existing tools on
internal datasets that have previous qualitative analysis performed
and develop ContextTA to match closely to the six stages of the-
matic analysis. In doing so, we find that the state of the art is not
currently matched to expert researchers; however, for smaller tasks
and accounting for bias, LLMs can offer a supplemental analysis
vector. It remains important to continually evaluate the efficacy of
LLM-based tools and account for implications to human researchers
within qualitative research.

1 INTRODUCTION
Thematic analysis is a research method used within human-computer
interaction and other qualitative research fields to systematically
understand content from non-uniform human feedback[3, 4] (e.g.,
interview transcripts). The standard method involves six stages: (1)
familiarization with data, (2) coding information into small ideas, (3)
identification of themes or trends within codes, (4) refining themes
with respect to research questions, (5) defining and naming themes,
and (6) writing the report. This process starts with detail-oriented
tasks of annotating, eventually working toward combining ideas into
a larger theme and manuscript.

Large language models (LLMs) are positioned as a potential
disruptor to how thematic analysis is conducted. Tasks such as quali-
tative coding are well suited for LLMs and, in some research settings,
are delegated to crowdsourced individuals [12]. In these cases, ex-
pert experience and context are necessary to develop the protocol
and interpret the analysis results; however, the smaller details of
annotation are delegated. Given this existing framework, it is an
open question whether LLMs are capable of performing these tasks
effectively and to what extent they should be used.

In this work, we evaluate two state-of-the-art transcript-to-theme
LLM tools published in medical domains [10, 15]. Additionally, we
develop our own tool to learn the nuances of this development format
and become intimately familiar with the potential pitfalls of LLM-
based thematic analysis. Ultimately, we identify that transcript-to-
theme LLM tools are not a replacement for expert research, lacking
the research-specific context that can contextualize results. However,
when used as a supplemental tool during the theme identification
stage, these tools can aid in considering alternative themes and
identifying bias within research. We also identify that these tools

have development pitfalls and have the potential for overfitting to
the research questions and background.

We make the following contributions:

∙ Develop LLM thematic analysis tool: We develop a the-
matic analysis tool called ContextTA that leverages contex-
tual integrity. In developing this tool, we propose framework-
specific analysis that can perform supplemental analysis. In
evaluation, we recognize open opportunities to improve this
tool for flexibility across different formats of data.
∙ Evaluate LLM thematic analysis tools: We evaluate two

separate LLM thematic analysis tools in comparison to our
own, noting how these tools are developed, the economic and
environmental costs, and the accuracy of themes compared to
prior research. We find that tools are not suited for identifying
novel contributions, but still provide valuable insights.
∙ Propose future frameworks: We propose future work lever-

age LLMs for thematic analysis with a skeptical lens. We
identify that over-reliance on LLMs may limit the value of
novel research, but it may help identify missed themes and
serve as an unbiased third party.

The remainder of this paper is organized as follows: Section 2
provides the necessary background; Section 3 describes the method-
ology for testing and developing our thematic analysis tool; Section 4
outlines the results with tool evaluation, usage analysis, and compar-
ison with literature; Section 5 discusses the results; and Section 6
concludes.

2 BACKGROUND
Large language models (LLMs) are an emerging technology, pro-
viding new opportunities in software development and productivity,
while presenting threats to education and many jobs. The research
community is not immune to these impactful tools, with opportuni-
ties emerging in qualitative and big data analysis, while threats are
emerging to the validity of some crowdsourced outputs [11]. This
work explores techniques for effective LLM usage, their effective-
ness in practice, and considerations and pitfalls when using LLMs.
We conclude with a discussion on how LLMs are being used by
the crowdsourced population and a big-picture discussion on their
current impacts.

Effective use of LLMs starts with understanding the capabilities
of the technology. A key area of proficiency is with text-related tasks
and natural language processing. On paper, these goals align with
many qualitative analysis techniques, specifically those performed
in crowdsourcing [13]. Crowdsourcing techniques leverage a large
pool of human workers to perform small tasks, allowing for time-
consuming tasks to be completed rapidly. For example, it has been
proven that identifying different elements of contextual integrity can
be performed by crowd workers, effectively distributing the task of
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reviewing privacy policies to human workers [12]. These simple,
bite-sized tasks are perfectly suited for artificial intelligence. The
combination of generating, evaluating, merging, improving, focus-
ing, and partitioning are techniques to create an effective pipeline
that can leverage the scale of crowd workers and translate to simple
prompts [6]. Among these tasks, LLMs fall short when it comes
to producing unique and culturally representative answers, and for
evaluation, there is a bias toward affirmation that in some cases can
be difficult to overcome. Given this, guidelines for using LLMs in
qualitative tasks begin with creating a structured pipeline with both
human and AI agents, keeping prompts brief, and evaluating whether
the human element is necessary. When giving prompts, there should
be examples of successful identification of codes or tasks.

These approaches have been applied in two of our selected studies.
In 2023, Xiao et al. [14] used GPT-3 to study the capability of LLMs
to perform deductive coding. While these results clearly demon-
strated that LLMs were not as effective as human coders, more
recently, results presented at CHI 2025 [1] show higher efficacy,
demonstrating that for a ranking task (ranking the worst experience
described by a quote), GPT-4 and Gemini perform similarly to hu-
mans. Between these papers, many improvements are represented.
First, the underlying models have rapidly improved in response qual-
ity, which suggests even more potential to overcome shortcomings
such as validation struggles in critical tasks. Second, there has been
a change in approaches: the first study provided a whole codebook
as a prompt, while the more successful study asked simple questions
such as “Which participant quote represents a more positive experi-
ence?” Translating back to the codebooks, this suggests that simple,
clear codebooks—or even breaking down coding tasks—can be an
effective approach, while blanket coding tasks for large data sets
may prove too vague to implement successfully.

Within the crowdsourcing space, researchers appear to have op-
tions: is this a crowdsourcing task, or can it be performed by arti-
ficial intelligence? In reality, the choice may not be that simple, as
crowdsourcing humans may be implementing AI within their task
performance. In both conversation and review of the literature [11],
Bentley of Google described how crowdsourcing users are using
LLMs to qualify for research studies. This can reduce cognitive load
and increase earning potential for users while coexisting with ethical
issues on the users’ part. While some use it to create whole ideas,
others use it to overcome language barriers and refine responses to
questions. The current best approach is to ask users to agree to ac-
ceptable use statements, motivate participants not to use AI through
appeals to the research mission, and outline potential consequences.
When high assurance that AI is not being used is required, hav-
ing a face-to-face Zoom call—or, as deepfake techniques improve,
in-person conversations—will become increasingly important.

When reviewing the impact of LLMs on qualitative research, we
find that effective implementation can have promising results while
representing consequences to academic validity when not properly
executed. In the qualitative space, there has always been a need to
be skeptical of interview questions, variance among coders, and the
high level of subjective reporting. Future work using AI adds a layer
of scrutiny toward AI implementation. As described by Eschrich et
al. [5], much of this has followed a positivist approach—trying to
understand how new technology can slot into existing workflows for

improvements. There will also be more novel research methodolo-
gies created using a constructivist approach, where new technology
allows for research methods previously not possible or conceivable.
Representing a changing field, there is value in being fluid and open
to new ideas, but there also needs to be an understanding of how
technology impacts researchers. AI unlearning is being studied, rep-
resenting that reliance on technology may reduce proficiency. From
a research perspective, in many qualitative tasks, there is benefit to
spending time with the data. A researcher is not only an individual
who touches the frontiers of knowledge; they are also stewards of
this new information. The potential for LLMs and AI to generate
new insights with proper techniques is present, but ensuring that the
human in the loop can be present—sit with the data, ruminate, wres-
tle, and foster a passion for what new information means—should
not be lost and, above all else, should be maintained.

3 METHODOLOGY
Within this section, we discuss the development methodology for
our LLM thematic analysis tool as well as the evaluation against two
open-source tools. This forms the basis for the evaluation that we
outline in Section 4, the results.

3.1 Tool Development - ContextTA
In developing ContextTA, we followed Braun and Clarke’s six stages
of thematic analysis1. This is represented visually in Figure 1. The
code base is designed as a pipeline where the input from each stage
is piped into the next stage. During the theme reduction stage, the
output from each transcript is combined.

Familiarization: The familiarization stage in traditional thematic
analysis involves reading and note-taking for transcripts. When trans-
lated to a computational version, we mark this stage as data format-
ting and preparation. The input is split into individual paragraphs and
stored within a dictionary for later analysis. The splitting, coding,
and theme identification are done in parallel to increase efficiency.
Refinements to this process are possible with labeling the subject and
interviewer; however, to remain flexible to different input formats
that researchers may use, we did not implement this step.

Coding: Our novelty in this research lies in the use of contextual
integrity, specifically leveraging Kumar et al.’s [7] framework for
integrating contextual integrity and thematic analysis. To perform
this analysis, information is coded based on the subject, sender,
receiver, information type, and transmission principles. From these
codes, themes of use can be developed. To implement this in code,
we use a sliding window of paragraphs to determine if they describe
the flow of information in a computer system. This is determined by
having an LLM output which, if any, of five paragraphs represent
an information flow numerically. Five paragraphs are chosen to
provide adequate context. The window is sliding—paragraphs 1–5
are evaluated, then 2–6, 3–7, and so on. Each paragraph receives five
votes, and if the total number of votes exceeds 2.5, it is considered
for further analysis. In this further analysis, the paragraph is then
coded based on the six parameters of contextual integrity, noting
both descriptions and raw quotes of different elements.

1The full code base is attached in the companion zip file
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Figure 1: Our transcript-to-theme LLM analysis tool (ContextTA) follows five of the six thematic analysis steps, leaving the final stage
of writing a document to the user of the tool. Familiarization is represented by processing and organizing the files, coding is conducted
using the contextual integrity framework, and the combination of themes, refining, and naming is done by converging ideas into larger
groups and across transcripts.

Theme Identification: These descriptions and quotes related to
contextual integrity elements are then viewed holistically across a
transcript to identify themes. These themes are refined to reduce
overlap, and are then combined during the theme reduction stage.
Quotes representing these themes are maintained.

Theme Reduction: In the theme reduction stage, each theme is
evaluated to see if it matches others in the list. If the theme is unique,
it is considered a final theme; if it can be combined with an existing
final theme, then the themes are merged. A threshold of 10 themes is
enforced, with the least relevant themes removed or combined. The
best quotes representative of the themes are retained.

Naming and Defining Themes: The 10 final themes, along with
their descriptions and quotes, are finally interpreted into short para-
graphs for communication and easy identification. These paragraphs
represent the final output of the transcript-to-theme LLM tool.

3.2 Tool Evaluation
For this research, we selected two open-source LLM qualitative anal-
ysis tools [10, 15]. The tools we evaluate are required to have stated
goals of performing thematic analysis on qualitative interview tran-
scripts. Interview transcripts are typically conversations between two
individuals but can also occur in focus groups or other multi-party
scenarios. For our evaluation, we focus on the base case involving
one interview subject and one interview participant. The evaluation
material is drawn from the first author’s prior work. Each of the
following two studies involves one researcher and one participant
discussing technology usage and privacy. The studies are as follows:

Research study 1 [2]: This research study included 23 individu-
als, each of whom had experienced some uncomfortable situation
related to continuous location-sharing applications. These partici-
pants were asked a series of questions related to their current and/or

former usage of continuous location-sharing applications, what mo-
tivated their discomfort with these applications, and suggestions re-
lated to those experiences. The findings and themes centered around
three ideas: that some individuals felt minor discomfort, others ex-
perienced ongoing discomfort, and some reported more significant,
life-changing experiences.

Research study 2 [9]: This research study included 20 individu-
als, each of whom were elite collegiate athletes. These participants
were asked about what technology they personally use, what their
coaches use, the challenges or benefits of such technologies, and
how technology should be used within athletics. The overall themes
centered around four engagement types: directive, reflective, non-
engagement, and coach-delegated usage of technology. Additional
themes emerged around the use of multiple forms of one technol-
ogy for the same metric, as well as the mental aspect of technology
usage.

Our evaluation is based on three different criteria. First, we evalu-
ate what is necessary to run the tools: does the research tool require
prerequisite information or can it operate independently? Second,
we evaluate how these applications function. Beyond the underlying
prompt engineering, we consider estimated power usage and time
to complete tasks using the same testbed. Finally, we evaluate the
efficacy of the results in comparison to the research led by the first
author. The themes are evaluated based on their accuracy and level
of insight.

4 RESULTS
Within this results section, we evaluate three models (AutoThe-
meGenerator [15], LLM-TA [10], and ContextTA (our tool)). We
evaluate these tools across three vectors: reproducibility, token us-
age and runtime, and performance compared to baseline thematic
analysis performed by the lead author prior to this project.
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Table 1: Token Usage, Inference Time, Energy Consumption, Cost, and Throughput Across Models

Model Use Case Tokens Time Tokens/sec Total Joules Price (USD) Phone Charges

AutoThemeGenerator Student-Athletes 332713 33:44 164.38 64879 0.33 0.90

AutoThemeGenerator Continuous-Sharing 285564 25:52 184.00 55684 0.29 0.77

LLM-TA Student-Athletes 325833 34:17 158.40 63537 0.33 0.88

LLM-TA Continuous-Sharing 215277 41:52 85.70 41979 0.22 0.58

ContextTA Student-Athletes 5467200 1:46:05 858.95 1066104 5.47 14.81

ContextTA Continuous-Sharing 5888400 1:49:12 898.72 1148238 5.89 15.95

4.1 Reproducibility and Extendability
AutoThemeGenerator is a strong exemplar of extendability. There
is a comprehensive README file, as well as input variables that
are left empty with examples for the researcher to replace. These
variables focus on (1) the background, (2) the research questions,
and (3) the interview questions. Once these variables were input, the
default model was changed, and an API key was inserted, the pro-
gram ran effectively. The terminal output did not accurately display
an estimated time, producing a question mark instead. While easily
reproducible and extendable to other research questions, the tool
requires contextual input. This raises a question about the integrity of
the output and if it is overfitting to the data. This inspired the devel-
opment of ContextTA to use a universal prompt and conduct analysis
purely based on the content, independent of provided context.

LLM-TA provides a strong case for reproducibility without being
easily extendable. The files provided were able to run successfully
and output results that are comparable with the academic publication.
However, when attempting to adapt the tool to our research use
case, there were deeply embedded prompts containing the original
author’s context. As a result, we had to review each prompt and
replace the original context with information relevant to our research.
Additionally, this program required formatted output from the LLM,
and while the tools mostly adhered, there were cases where output
was lost or could not be parsed. The first test did not complete due to
a JSON parsing error. This highlights that LLM-based tools should
not rely heavily on parsing, once again informing the design of
ContextTA.

Based on the lessons learned from these tools, ContextTA was
built to run across different datasets without the need for reconfig-
uration. For reuse, researchers only need to update API keys and
models. Outside of that, the code should be reproducible. Further
testing by an external committee would be necessary to confirm this.

4.2 Basic Analytics
For basic analytics, we measured token usage, runtime, and esti-
mated electricity cost. The estimated electricity cost per token is
0.195 Joules [8]. We used the Navigator Toolkit API from the Uni-
versity of Florida, priced at $1 per 1 million tokens. All research was
conducted using llama3-70b parameter. Based on this information,
we provide a breakdown of usage and cost for each of the three
models across both datasets (Table 1).

Reviewing the table, we observe that AutoThemeGenerator and
LLM-TA use approximately 300,000 tokens, which is roughly equiv-
alent to analyzing 20 research articles. ContextTA, in contrast, uses
an order of magnitude more tokens due to its multi-stage filtering
and a resource-intensive theme-combination process with an On2

runtime. Removing annotation stages and reducing text per itera-
tion helped make the other tools more efficient. ContextTA achieves
much higher throughput via parallelization.

When reviewing the electricity cost, it reveals that despite a large
amount of processing time, these tools can be efficent with electricty,
using less than a phone battrery’s worth of energy for a full run. This
does not include the ecological cost of creating and training these
initial datasets. Additionally, other models, such as ChatGPT 4o is
an order of magnitude more energy [8].

4.3 Model Performance
To evaluate each tool, the lead author revisited two datasets they
previously analyzed using thematic analysis and compared tool
outputs to the findings from the resulting academic publications.

With AutoThemeGenerator, the themes were not fully represen-
tative of the original findings. For the student-athletes study, our
research team identified four patterns of use and a focus on the men-
tal aspects of sports. The tool recovered three of the four relevant
cases. For the continuous-sharing study, the resulting themes were
overly general and failed to capture the distinct categories identi-
fied in the original study, namely minor, ongoing, and life-altering
discomfort. The tool instead reported on average experiences.

When evaluating LLM-TA, we encountered a formatting error in
the first test run. After 30 minutes, the program failed due to strict
formatting requirements. We extracted the 34,000-character out-
put and used GPT-4o to clarify the findings. The generated themes
closely aligned with our research,mentioning barriers to data engage-
ment and a holistic view of physical, mental, and lifestyle metrics.
However, these themes aligned more with the research and inter-
view questions than the participant data itself. Notably, although
the theme development prompt had the correct dataset context, the
coding prompt still referenced collegiate athletics. Consequently,
the final codes included mentions of student-athletes despite their
absence in the dataset. This hallucination points to overfitting the
themes to the provided context rather than deriving them from the
data.

ContextTA performed similarly to the other tools in identifying
valid themes. Its most valuable asset was its quote identification
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feature. During development, representative quotes were preserved,
helping to uncover relevant quotes that didn’t make it into the final
publications. This retention provides a helpful way to map themes
back to specific participant responses. A major flaw in ContextTA
was that it extracted information from both the participant and the re-
searcher. Some representative quotes and themes reflected interview
questions rather than participant sentiment. Additionally, the focus
on data exchange helped generate more technologically-relevant
themes compared to other tools, which surfaced more varied and
sometimes tangential themes.

5 DISCUSSION
Within this section, we discuss the development considerations when
working with LLMs, the risks of transcript-to-theme LLMs to re-
search integrity, and the potential benefits these tools offer for quali-
tative analysis. We conclude with a reflection on this summer inde-
pendent study course and its limitations.

5.1 Development Pitfalls with LLMs
In each of the two tested tools, as well as in the initial iteration
of our internal development, transcript-to-theme LLM tools are
specifically tailored to the research questions, interview content,
and researcher-provided context. The model by Yang et al. [5] had
this functionality explicitly stated as an input parameter, whereas
Raza et al. [10] embedded this within their prompts. During the first
round of development, we also followed this methodology to better
extract content relevant to our research questions around technology
in athletics.

Including this information was helpful in generating contextually
relevant responses, consistent with prior work by Shvartzshnaider
et al. [12], where short, relevant prompts produced more relevant
results. However, this methodology introduces a risk of researcher
bias. A core principle of thematic analysis is maintaining fidelity to
the data without inserting undue bias. There is a risk of overfitting
themes to the questions themselves, for instance, asking about risks
and benefits may naturally lead to identifying a theme about trade-
offs. As a proof of concept, we used the context from one study and
paired it with the data from a different study. The resulting themes
reflected the context, not the data. Initially, we were unsure whether
the correct dataset had been used until further analysis revealed the
prompt was the source of the suprising results. This represents a
serious concern regarding the validity of these tools.

In addition, although best practices recommend keeping prompts
short and focused [5], both tested tools often included thousands of
tokens per request. Including more context can improve relevance
and reduce the number of required requests, but it also increases the
likelihood of hallucinations and off-topic responses. As LLM tools
continue to evolve, it remains an open question whether small or
large context windows are more effective.

5.2 Risk to Research Integrity
Academic research aims to generate new knowledge and effectively
communicate that knowledge to the broader community. While
transcript-to-theme LLMs may improve and eventually produce com-
pelling and plausible themes, there is a risk of distancing researchers
from their data. The first step in thematic analysis is familiarization,

becoming immersed in the data. This immersion helps researchers
understand and communicate their findings. As these tools become
more prevalent, researchers may become increasingly disconnected
from the data, potentially undermining the educational and interpre-
tive value of qualitative research.

Additionally, transcript-to-theme tools require validation. A well-
known characteristic of LLMs is that their output often sounds
realistic, much like SCIGen, which can generate grammatically
correct but meaningless scientific papers. With these tools, outputs
are not only fluent but also contextually relevant. However, there’s
a risk that these results might be hallucinated or based on prior
assumptions embedded in the model’s training, rather than grounded
in the research data itself.

5.3 Supplemental Analysis With LLMs
Our transcript-to-theme LLM tool is specifically designed to analyze
elements of contextual integrity. This lens emphasizes the flow of
information within technological systems and highlights relevant
stakeholders, offering a different perspective from traditional the-
matic analysis. Contextual integrity is just one framework; using
multiple frameworks across multiple tools may help researchers
interpret data more deeply and in more structured ways, ultimately
enhancing traditional thematic analysis.

Outside of frameworks, these tools also offer value in challenging
existing expectations post-analysis. Researchers can inadvertently
introduce bias, emphasizing familiar themes while overlooking oth-
ers. While this human perspective is valuable, being aware of this
bias is crucial in qualitative research. LLMs offer an opportunity
to surface alternative or underrepresented themes, serving as a sec-
ondary lens through which researchers can review their interpreta-
tions. Transcript-to-theme LLMs should be viewed as supplemental
tools that augment, but do not replace, traditional thematic analysis.

5.4 Lessons Learned
From a personal standpoint, this project has helped me understand
how to develop and work with LLMs, especially within the transcript-
to-theme space. This experience provided hands-on exposure to the
limitations of models such as the LLaMA 70B parameter version,
which we used for testing. I was impressed by the model’s accuracy
in identifying paragraphs related to continuous wearable technology.
In my own testing, the accuracy of paragraph identification was
nearly 100%. I was also impressed by the annotation capabilities
of these tools. However, for more complex tasks such as theme cre-
ation and combination, the tools were less successful. For example,
a human might label a theme as athlete rumination from technol-
ogy, whereas an LLM may classify it more generically as athlete
technology usage.

When combining codes across transcripts, themes often aligned
closely with research questions or anticipated insights, rather than
identifying novel information. A human researcher may detect subtle
and unexpected insights due to their deeper familiarity with the field
and data. LLMs lack this context; instead weighting all tokens in the
analysis, even if they align with known theories.

In practice, I do see value for LLMs at smaller scales. Qualitative
research often includes repetitive tasks that lead to mental fatigue,
increasing the likelihood of errors. LLMs can support researchers by
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handling these lower-level tasks, allowing researchers to focus their
energy on higher-order thinking. For instance, in a recent qualitative
study on continuous wearable devices, I manually annotated infor-
mation flows across dozens of transcripts. As the task continued,
the quality of my work declined due to fatigue. In the future, LLMs
could perform such annotation tasks, allowing me to focus on the
later, more interpretive stages of thematic analysis.

5.5 Limitations and Future Work
In this study, we reviewed two open-source tools and developed
our own. Given the rapid pace of development in this field, other
academic tools have emerged since our evaluation. As a result, we
do not claim that our tools are the most up-to-date, but rather that
they provide a representative snapshot of the state of the art at the
time of testing. Moving forward, measurement platforms and stan-
dardized testbeds could help improve consistency in tool evaluation
and development.

We are also limited in the breadth of LLM backends tested. Due
to the sensitive and potentially identifiable nature of our reference
datasets, our analysis could only be conducted locally or on secure
internal servers. As such, we were limited to testing with the LLaMA
70B model provided through the UF Navigator Toolkit.

This work also opens the door for future research in several areas:

(1) Adversarial testing: Use the same dataset with different re-
search questions and contexts to validate whether LLMs gen-
erate themes based on input data or on the provided context
alone.

(2) Development of a standardized testbed: Create a common
input/output format to promote consistency and facilitate
community-driven benchmarking.

(3) Further development of ContextTA: Explore the small-
context approach used in ContextTA and improve it through
more rigorous engineering and testing.

(4)
(5) Ecological analysis of LLM tools in academic settings:

Compare transcript-to-theme tools across datasets and model
configurations to better understand the power usage, and eco-
logical impacts of using such tools.

(6) Annotation support: Investigate how LLMs can be used to
annotate qualitative data in a way that supports researchers
without detaching them from the source material, effectively
elevating the intelect of researchers opposed to replacing
them.

6 CONCLUSION
Within this research, we evaluate and develop transcript-to-theme
thematic analysis tools that leverage large language models. In do-
ing so, we identify both challenges and opportunities. Notably, the
tendency of outputs to overfit to researcher-provided context, and
runtime and efficiency concerns. While these issues present real
limitations, there are promising capabilities, particularly in quote
identification and contextual relevance. In response to these findings,
we developed ContextTA, a tool designed to leverage the contextual
integrity framework without overfitting to background context. Our
tool is capable of producing relevant themes grounded in the data,
without requiring user-provided background inputs. These themes

often center around technology usage patterns but still struggle to
distinguish between participant and interviewer response. Ultimately,
state-of-the-art thematic analysis tools that incorporate LLMs are
not yet capable of replacing expert researchers. However, they offer
significant potential as supplemental tools that can enhance the rigor,
speed, and depth of qualitative analysis when used appropriately.
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