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Abstract

We explore the possibility of using natural language processing (NLP) and generative artificial intelligence (GAI) to streamline
the process of thematic analysis (TA) for qualitative research. We followed traditional TA phases to demonstrate areas of
alignment and discordance between (a) steps one might take with NLP and GAl and (b) traditional thematic analysis. Using a case
study, we illustrate the application of this workflow to a real-world dataset. We start with processes involved in data analysis and
translate those into analogous steps in a workflow that uses NLP and GAI. We then discuss the potential benefits and limitations
of these NLP and GAI techniques, highlighting points of convergence and divergence with thematic analysis. Then, we highlight
the importance of the central role of researchers during the process of NLP and GAl-assisted thematic analysis. Finally, we
conclude with a discussion of the implications of this approach for qualitative research and suggestions for future work.
Researchers who are interested in Al-assisted methods can benefit from the roadmap we provide in this study to understand

the current landscape of NLP and GAI models for qualitative research.
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Thematic Analysis With NLP and
GAIl Technologies

Qualitative research focuses on extracting meaning from data
(Hesse-Biber, 2010) and depends on the identification of key
ideas that require complex and non-linear processes of coding
qualitative data (Hatch, 2023; Saldafia, 2014). Researchers
have developed many different approaches to qualitative
research. However, the overall goal for data analysis is a
“systemic search for meaning” (Hatch, 2023, p. 148). In this
study, we focus on TA which is a model of qualitative data
analysis that many researchers prefer because it leads them to
“the mechanics of coding and analyzing qualitative data
systematically” (Braun & Clarke, 2012, p. 58). Traditional TA,
while a widely used method as suggested by Braun and
Clarke’s study (2006) cited over 200,000 times consists of six
phases: (1) familiarizing themselves with the data, (2) coding,
(3) generating initial themes, (4) developing and reviewing
themes, (5) refining, defining and naming themes, and (6)

writing up (Braun & Clarke, 2022, pp. 35-36). Each phase is
labor-intensive and requires significant time due to its iterative
process and cognitive effort for meaningful insights, which
makes TA challenging to use with larger qualitative datasets
(Bhaduri, 2018; Braun & Clarke, 2012; Saldafia, 2013). This
observation raises the question: are there computer-assisted
approaches that can mimic TA? Using GAI to enhance tra-
ditional TA lies in the potential benefits and innovation that
GAI could bring to qualitative research literature and methods.
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Recently, the features and abilities of NLP and GAI have
introduced new opportunities and potential for conducting TA
for research (De Paoli, 2024; Gamieldien et al., 2023; Katz
etal.,2024; Mathis et al., 2024; Morgan, 2023; Perkins & Roe,
2024b; Tai et al., 2024). For example, (Perkins & Roe, 2024b,
2024a) did an inductive TA for two different studies with both
Al-assisted (ChatGPT-4) and manual processes. They dem-
onstrated the ability of Al on pattern recognition and the
importance of the human in the loop process for the inter-
pretation of collected data while finalizing their codebook with
the help of both methods. Furthermore, Gamieldien et al.
(2023) compared NLP and GAI models with manual TA. They
identified similar themes in both Al-assisted models and
manual analysis and showed that NLP and GAI have
promising performance in qualitative data analysis. Another
comparative study conducted by Lixandru (2024) using
ChatGPT 3.5 and manual coding found a significant similarity
between the findings and emphasized the capability of GAI to
interpret qualitative information.

Moreover, Mathis et al. (2024) and De Paoli (2024) con-
ducted inductive TA using the TA phases suggested by Braun
and Clarke (2006). While De Paoli (2024) used the GPT
3.5 Turbo model, Mathis et al. (2024) used Llama-2-70B to
generate a codebook. They focused on codebook generation,
and both studies compared the output of GAI models with their
manual coding findings. Their processes had limitations while
following the six phases of TA developed by Braun and Clarke
(2006). De Paoli (2024) did not use any GAI models to conduct
Phase 1, and Mathis et al. (2024) used a GAI model to tran-
scribe the collected data in Phase 1. Thus, their approach to
Phase 1 did not align with Phase 1 in the TA approach suggested
by Braun and Clarke (2006). In our study, we proposed an
approach to mimic Phase 1 defined by Braun and Clarke
(2022). Also, we used the most updated process Braun and
Clarke (2022) suggested for TA. The differences between these
two studies and our study are further discussed in the sub-
section called Comparing the Previous GAI Models for The-
matic Analysis.

Regardless of the type of data analysis, previous literature
emphasized that the current capabilities of NLP and GAI tools
at the time they conducted their research were far from au-
tonomous, and the role of the researcher is still significant. By
having human-in-the-loop continuously, we can enhance the
reliability, accuracy, and relativity of research topics and
contexts that might help address ethical concerns (Lund et al.,
2023) and reduce GAI hallucinations (Ye et al., 2023). An-
other crucial reason for the significance of a human-in-the-
loop process is grasping nuanced findings that may not be
achieved by the NLP and GAI models (De Paoli, 2024). NLP
and GAI models may struggle to identify the actual human
emotions, values, and norms in societies (Arora et al., 2023).
Including researchers in the process can infuse the lived
experiences that can contribute to robust interpretation of
findings. Thus, having a human in the loop can distinguish the
nuances that the GAI-driven may oversimplify or misinterpret

in collected data. Also, GAI models may have biases that need
to be identified by the researchers to help reduce the misin-
terpretations of findings (Liang et al., 2021; Navigli et al.,
2023). Adjusting the outcomes of NLP and GAI models and
checking the alignment of outputs with the research purposes
and context can contribute to more representative perspectives
within the collected data.

Understandably, some researchers may resist, or reject the
use of NLP and other approaches to computer-based analytic
approaches because of the potential loss of personal touch or
the potential for bias when using pre-trained models (e.g., bias
coming from their training data). However, it’s important to
recognize that traditional qualitative methods also come with
their own biases. Qualitative research methods rely on re-
searchers’ subjective interpretations, which may influence the
analysis and findings. While it’s natural to be resistant to new
approaches, this resistance shouldn’t be absolute, especially
when innovative tools can complement and enhance tradi-
tional methods.

Furthermore, GAI would provide reliability by applying a
consistent algorithm across all forms of data included in the
study. This may minimize the variability of codes generated by
the researchers. However, we still acknowledge the bias that
might be already embedded in the trained datasets in the
algorithms (Li et al., 2024). Despite the bias within the GAI
algorithms, applying it across the entire dataset could provide
us with uniformly emerged codes and themes. Moreover, the
capability of GAI to work with large amounts of text can lead
to detecting all the patterns that may be overlooked and missed
partially by human researchers in traditional TA. This capa-
bility of GAI can also allow researchers to collect data from
more participants (an even more diverse pool of participants),
which may lead to more inclusive qualitative research.
However, to be able to achieve a meaningful diverse pool of
participants, we should perform intentional recruitment efforts
alongside integrating GAI tools so we can ensure a variety of
perspectives and representations across the participant pool.
When researchers try this new approach and integrate it into
their traditional TA, they can contribute to the innovation of
qualitative research methods hence paving a new way to
understand their studied phenomena.

Despite the practicality of NLP and GAI applications in
TA, there are several considerations to question and explore,
such as the accuracy and reliability of the themes generated by
GAI. We, researchers, must engage with GAl-assisted TA and
identify the potential benefits and limitations of the method
conducted with GALI It is significantly important to address
both the advancements, such as the expedited process of data
analysis, and concerns that arise during the process of data
analysis, including the reevaluation of research integrity by the
researchers, data privacy, and biases (Davison et al., 2024;
Elali & Rachid, 2023; Perkins & Roe, 2024a, 2024b).
Nonetheless, GAI in qualitative research is evident and rapidly
growing in literature as researchers explore more efficient and
innovative approaches for TA.



Anakok et al.

In this paper, we explore the possibility of using NLP and
GALI to streamline the process of TA in social science research.
Our goal is not only to compare traditional data analysis with
GAl-assisted TA. Instead, we aim to explain how NLP and
GAI technologies can be leveraged to conduct TA. Our goal is
to investigate how GAI tools, particularly large language
models (Llama3.1, Whisper3, etc.), can assist in the six phases
of TA by Braun and Clarke (2022) in qualitative research.
Through this investigation, our study aims to provide insights
and practical guidelines for qualitative researchers on
leveraging GAI to bring another way of TA, ultimately
contributing to the advancement of qualitative research
methods in the new era of increased availability of NLP and
GAIL We aim to answer the research questions:

RQI: How can common steps in thematic analysis be
performed using GAI and NLP?

RQ2: What are the advantages and limitations of using
NLP and GALI tools for thematic analysis, as demonstrated
through a case study?

Method and Case Study

We presented the common phases in thematic analysis (TA)
suggested by Braun and Clarke (2022) and translated those
phases into analogous steps in a workflow that uses NLP and
GAI tools. We call this method Generative Al-Assisted
Thematic Analysis (GATA). While we explain how data
analysis can be done with NLP and GAI, we acknowledge that
it requires some level of programming language knowledge.
However, generative code completion tools such as GitHub,
Copilot, and ChatGPT help users write computer programs
and provide a script to do the tasks, and researchers who are
new to programming languages can use GAI tools for help
while improving their programming skills. We also provided
the code used for this entire workflow in a GitHub repository
available at https://github.com/andrewskatz/ijqgm-gata-2025.
Table 1 provides the overview of TA for both the traditional
TA method as described by Braun and Clarke (2022), and our
GATA method.

To explore how the six-phase TA guided by Braun and
Clarke (2022) can be conducted by using GATA, the overall
workflow for TA with the NLP and GAI technologies is shown
in Figure 1. Each box represents the TA phases, and the
abbreviations in each box show the output of each phase (T =
transcript, SP = Summary Point, IC = Initial Code, Th =
Theme, Ht = Higher-level theme). Figure 1 clarifies the se-
quential workflow, emphasizing the human-in-the-loop nature
of the process. While NLP and GAI tools can assist with tasks
such as summarization, initial coding, and theme generation,
Figure 1 indicates where researchers need to review and refine
the outputs to ensure quality, reliability, and alignment with
their research questions. This iterative process combines the
strengths of GAI with the rigor of human-driven analysis.

Additionally, the figure highlights the necessity of researcher
participation in writing the final manuscript, reinforcing the
idea that GAI tools should complement traditional methods
rather than replace them.

To illustrate our suggested steps in our method, we dem-
onstrated results from an actual research study we conducted
on engineering faculty members. We asked participants: “Has
the arrival of GAI impacted their thinking on assessment and
assessment practices? If yes, how? If not, why not?” This
study received ethical approval from the Virginia Tech In-
stitutional Review Board (IRB) (approval # 21-639). In the
following subsections, we explained how GATA was con-
ducted with real data. The data was cleaned prior to this
manuscript. Moreover, we did not make any changes during
the data analysis done by any NLP and GAI models to be able
to show and discuss the analysis. All of the examples provided
in this section are the product of NLP and GAI models used in
this study. However, we emphasize the importance of re-
searchers’ inputs after running models for each phase while
conducting qualitative research.

Phase |: Familiarizing Yourself With the Data

In traditional qualitative research, researchers start to read the
cleaned transcripts and re-read them to become familiar with
the data and take notes on the ideas of potential codes
emerging from the transcripts Braun and Clarke (2022). When
GAI models are used for TA, uploading each transcript to the
model and generating summary points mimics some aspects of
this reading process. Instructions were given to the generative
text model (here, we used Llama 3.1-8b) to generate summary
points from transcripts (shown from 77 to 7, in Figure 1). At
the end of this phase, we had a list of summary points shown
from SPy; to SP; in Figure 1 where i ranges from 1 to aj, and j
ranges from the number of points for person i.

In this phase, researchers had the summary points from
transcripts that they can read through and get more familiar
with. Thus, loading the transcript into the system and gen-
erating summary points from each transcript eased the process
of getting familiar with the data and moving to the second
phase. Researchers can also use the transcripts without the
data cleaning process because the llama 3.1-8b model does not
require cleaned data and can de-identify the text while
summarizing.

In our case, we uploaded the responses from each par-
ticipant from transcripts. The responses were given in a
column in a csv file. The prompt given to the Llama 3.1-8b
model (Llama, n.d) is in Appendix A.1 Prompt- Summari-
zation (Katz et al., 2024). In the prompt, we gave the model
persona assignment by telling them it is the expert on text
analysis. We gave specific data types and data collection
contexts. For our case, the data type was a written response,
and the data collection context was a study of faculty reactions
to GAIL Then, we provided the task of summarizing the given
data type in some of the rules we identified for the model. For


https://github.com/andrewskatz/ijqm-gata-2025
https://journals.sagepub.com/doi/suppl/10.1177/16094069251338898

International Journal of Qualitative Methods

Table I. Overview of Thematic Analysis With Manual Method and NLP and GAI

Task Manual method

NLP and GAI methods

Thematic analysis
Phase |: Familiarizing
yourself with the data
Phase 2: Coding

down initial ideas
data across the entire dataset

Phase 3: Generating
initial themes

Phase 4: Developing and
reviewing themes coded extracts and the entire dataset.

Phase 5: Refining,
defining and naming
themes

Phase 6: Writing up

and names for each theme

literature

Reading and re-reading the transcripts, noting

Systematically coding interesting features of the

Grouping codes into potential themes, gathering
all data relevant to each potential theme
Checking if the themes work in relation to the

Defining each theme, generating clear definitions

Synthesizing our findings, writing a manuscript and
relating the analysis to research questions and

Upload transcripts (T) and generate summary points (SP)
with llama 3.1-8b (Llama, n.d)

Clustering summary points (SP) with mxbai, UMAP, and
Scikit-learn models and identify initial codes (IC) from
them with nous-hermes-2-mistral model

Categorizing initial codes (IC) and identifying themes (Th)
with the mistral-large-2 model

Embedding summary points (SP) and themes (Th) and use
cosine similarity scores to check if the themes (Th)
represent the original excerpts

Using the mistral-large-2 model to organize the themes (Th)
and identify higher-level themes (Ht) with their definitions

We did not let the models produce reports for the
authenticity and reliability of findings

example, we asked the model to summarize each idea dis-
cussed in the task in a new line and enumerate them (we called
each line a summary point (SP)). In case our data still had
some identity information of participants, we asked the model
not to include any names or pronouns while summarizing the
responses. Then, we also let the model know there is no limit
on the number of summary points so it could create as many
topics as necessary.

To set more clear expectations for the model, we also
provided an example of input and output responses that fit
exactly the task and rules described in the prompt. To make
sure the model understood our rule about the names and the
pronouns, we referred back to the example we provided and
asked the model to see how our example did not include any
names and pronouns. Also, we set up another rule by high-
lighting how our example did not have any made-up summary
points. We warned the model not to make up information that
is not in the input text otherwise there is a severe penalty for
that. We also provided an example of what to do if there is no

meaningful or useful information in responses. For example,
we stated that if the text is very short and says “nothing”, do
not make up new things. At the end of running the model with
responses from participants, it created a list of summary points
for each response. In Figure 2, we illustrated how the model
works for this phase with an example of input and output. We
provided an excerpt from our dataset and the output generated
four summary points. In this research study, we had a total
number of 104 excerpts (7' to T1p4) and 403 summary points
were generated.

Since the text context was given in the prompt Llama 3.1-
8b was able to identify and describe the summaries related to
faculty reactions. For the given example of excerpts, there
were no make-up summary points in the response. However,
the role of the researcher is to go through these generated
summary points after completing all the responses. If there are
any make-up or missing topics related to the context, re-
searchers can consider changing the given prompt to the
model. For example, if you do see missing topics, you may

Phase 1 Phase 2 Phase 3 Phase 4 Phase 5
Cleaned Summarize | Summarize | Clusiering Initial | Cratie 7 Searching | T Review | i Defineand 1
Transcripts cach | multiple Codes themes from | Ty Reviewing 1 i Jdentifying 1 Name Themes |
Lranseripts ek ' Jemt 1 TMORE Loces allinitial | emes lhemes and 1 Themes | higher- 1 rm 1
Ty Wt SPy ! 3 I, codes Thy jusiifying | Th, 1 level [ 1 1
T ' sp, el g, oy Th, I y o Hy |
: ‘"“M: Ty 8 1 Vthem with | Z 1 themes | . \
2;;:—?:;;;.,:' ‘ [ i Isimilarity ! and . '
. ¢ ! c ! : definin !
Ta i SPy 1 Ic, | Th, it - Thy ! them € Ht, I
/‘/ Phase 6
Final
manuscript
Synthesis of
1 Findings and
Synthesizing findings and final report
writing the final manuscripe

Figure 1. The Overall Workflow for Thematic Analysis With the NLP and GAI Technologies.
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Input: Excerpt from transcripts

Phase 1: Familiarizing yourself with data

Output: Summary points

Researcher Decision for

“For our in-person quizzes/exams
where students don't have access to
the internet, I don't think much GAI
needs to be changed. I think there
may be more impacts for
homework, projects, etc. I honestly
think the arrival of sites like Chegg
already disrupted student ability to
learn through homework because
the temptation to short circuit the
leamning process is pretty
significant.”

Llama
3.1-8b

| —

My summary:

1. In-person quizzes/exams don't
require major changes due to Al
2. Homework, projects may be
impacted by generative Al

3. Chegg already disrupted
student learning through
homework.

4. Temptation to short circuit the
learning process is significant
with Al tools.

Output: Modify or Confirm

Confirmed by
the researcher.

In our case, our
researcher
decided not to
modify the
summary points.

Figure 2. An Example of How the GAI Identifies Summary Points From Excerpts.

give more detailed instructions and context to the model in the
prompt. If they think changing the prompt does not increase
the accuracy of the summary points, they should manually edit
them until they agree their summary points are reliable. At the
end of Phase 1, we had 403 summary points from our dataset.
The model was able to go through a large number of excerpts
in a short time and the researchers familiarized themselves
with the dataset from summary points instead of going through
long texts and taking notes or highlighting the lines. This
allowed researchers to handle their dataset better in a shorter
time since they were able to have the main points of each
excerpt. While saving time, they had less cost compared to
paying extra people for analysis.

Phase 2: Coding

During coding, researchers systematically code the emerging
features of the data across the entire dataset (Braun & Clarke,
2022). This phase takes several hours, depending on the length
of the data and the number of participants. Since the goal is to
identify the initial codes for rich findings, this may require
reading transcripts iteratively multiple times. For the initial
codes, researchers write the definition of each emerging code,
take a memo, and write down examples from transcripts if
necessary. To conduct the second phase from manual coding
with the new approach, there were two main steps to follow:
clustering summary points with NLP tools and coding the
clusters with GAI tools, as illustrated in Figure 3. Summary
points were clustered with NLP tools into y clusters ( from CL
to CL,) and generated z number of codes (from /C; to /C; in
Figure 1) with a GAI model from these clusters.

In the NLP models, we used the summary points (SP) from
Phase 1, and the model clusters were then based on recurring
patterns in their context. There were three steps to complete
this process:

(1) Embed the summary points. To initiate the clustering
process, we first embedded the summary points from
Phase 1 using a text embedding model. Text embedding
models generated high-dimensional vector represen-
tations of text based on the notion of distributional

semantics. We used the open-source mxbai embedding
model for this task, which transforms the input
(i.e., each summary point) to a vector of 1,024 di-
mensions (Li & Li, 2024;Lee et al., n.d).
(2) Dimension reduction: From these high-dimensional
representations, we then used dimension reduction
techniques because attempting to cluster the vectors in
the original 1,024-dimensional embedding space could
suffer from the curse of dimensionality. To accomplish
this dimension reduction, we first used principal
component analysis to reduce the dimensionality to an
intermediate embedding space that retains 90% of the
original variance in the data. From this intermediate
embedding space, we then used Uniform Manifold
Approximation and Projection (UMAP) (Mclnnes
et al., 2020) to five dimensions.
Clustering: We used an agglomerative clustering al-
gorithm as implemented in Scikit-Learn to cluster the
lower dimensional data in the previous step (Kramer,
2016). The agglomerative clustering algorithm iden-
tifies each data point as a cluster at the beginning and
then each cluster is paired with another and merged
until the hierarchy is created in between clusters.

€]

~

Once the clusters were generated from summary points,
researchers could examine them for accuracy. Some clusters
may be similar or unrelated to the posed research questions.
Thus, researchers can further organize these clusters by
merging similar ones and removing unrelated clusters. At the
end of this step, we have the clusters from CL, to CL,. Coding
was done with the GAI model called Nous-hermes-2-mistral
and the prompt was given to the model to generate codes (IC),
their definitions, and examples from summary points. Once
the model structures the initial codes, definitions, and ex-
amples, researchers can play a big role in checking if the codes
are accurate for the given dataset and research questions, if
there are any unrelated or repetitive codes, and make changes
accordingly.

In our case, we had 42 clusters in the first step of this phase
(CL; to CL4y) from the initial 403 summary points. To track
our sample outcome in the previous phase, we chose the
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Input : Summary points from

Phase 2: Coding

An example of clusters

Example (from summary points):
homework, projects may be

impacted by generative AI” Al”

Phase 1

My summary: ) ['uses canvas and turnitin tool for detecting generative ai

1. In-person quizzes/exams don't use; discovered potential use of generative ai for student

Tequire major changes due to AL coding assistance; reduced focus on teaching technical

2. Homework, projects may be writing skills due to generative ai; considering the use of

impacted by generative AL generative ai submissions in a database for collaboration

3. Chegg already disrupted checks; desire for further training and support in utilizing

student learning through NLP - generative ai; big disruption caused by generative ai;

homework. Mxbai generative ai makes it difficult to detect authorship of

4. Temptation to short circuit the  [=# UMAP (=1 o de; benefits of using generative ai for organization and T

le.ammg process is significant SciKit sentence structure; generative ai use in manufacturing

with Al tools. course tour reports; around different groups working on
generative ai research; coding projects allow use of

5 . generative ai tools; initial reluctance to encourage use of

(The rest of summary points) generative ai due to cheating concerns; homework,
projects may be impacted by generative Al;
encourages the use of generative Al']

Modified Output: An example of
initial codes Output: An example of initial codes

In our case, our researcher did “Code: Impact on

not need to modify the initial Homework and Projects

codes. Definition: The potential GAI

“Code: Impact on Homework ™Y impact of generative Al %

and Projects on homework and ous-

Definition: The potential impact N - projects. | hermes-2- [®

of generative Al on homework Example (from summary mistral

and projects. points): homework,

projects may be
impacted by generative

Figure 3. An Example of How the Summary Points are Clustered and Codes are Generated.

second summary point (homework, projects may be impacted
by generative Al). The summary points separated by semi-
colons were clustered together as shown in Figure 3. The
cluster of it is shown in the middle box in Figure 3. This cluster
had other summary points from excerpts that had some similar
patterns between them because the NLP model aimed to
categorize them, not to generate similar initial codes multiple
times so having them in one cluster would help the GAI model
identify the initial codes from the summary points. Once we
have our clusters, researchers should read each cluster and see
if they see the pattern within the clusters related to their
context (in the figure we see the researcher’s input for
modifications). Researchers may identify some of the clusters
that might be similar to each other and merge them together
before moving to the next step.

After having the list of clusters, the next step was to make
the Nous-hermes-2-mistral model generate the initial codes,
their definitions, and examples from summary points. Here,
we gave a new prompt (shown in Appendix A.2) to create
initial codes from summary points. Similar to the prompt in the
previous phase, we assigned a persona to the model. This time
we identified the model as an expert in qualitative research
methods, especially in TA. We introduced its task, the given
data type, and its context. Then, we gave steps: code, defi-
nition, and example to generate codes. After giving the steps to
structure the initial codes, we also provided some criteria to

the model to check the generated information. These criteria
asked whether the created codes are related to the given
context and whether the labels, definitions, and examples are
structured as requested in the provided steps.

The Nous-hermes-2-mistral model created thirteen initial
codes from the given cluster above in Figure 3. We chose one
of our summary points identified as an initial code labeled
“Impact on Homework and Projects” to demonstrate the
definition and example given from the model. Overall, the
total number of initial codes generated by the model was 154
(from IC; to IC)s4) for our study.

Phase 3: Generating Initial Themes

In manual coding, researchers group initial codes from the
previous phase into potential themes (Braun & Clarke,
2022). Similar to generating initial codes in Phase 2, re-
searchers manually review the codes to find themes that
require an iterative process. When GAI was used for
searching themes, we first clustered the initial codes by
embedding them using the mxbai text embedding model,
reducing the dimensionality of those embeddings, and then
clustering the lower dimensional representations of those
embeddings. Once we had the clusters of initial codes, the
prompt was given to the GAI model mistral-large-2. The
input was the initial codes from Phase 2. First, b number of
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clusters (CL) was generated and then n number of themes
(Th) was generated from these clusters.

In our case, we first clustered the 154 initial codes from
Phase 2 by using mxbai, UMAP, and Scikit models (similar to
the first step of Phase 2 explained in detail in previous sub-
section). At the end of the clustering step, we provided a
prompt to the Mistral-large-2 model to identify themes. In the
prompt shown in Appendix A.3 (Katz et al., 2024), we first
assigned a persona and provided our research question fol-
lowing the instructions from the TA instructions by Braun and
Clarke (2012, 2022). After giving instructions, we also pro-
vided how to structure the findings as outputs. Considering the
instructions, the model provided the name of the themes, the
reasoning for why it grouped the structure for each theme, and
the list of the initial codes for each cluster.

We assigned the persona of an expert qualitative researcher
specializing in TA and provided the data type, the initial codes
generated in the previous phase, and the context of the data. In
addition, we also provided the research question we aimed to
explore. Then, we identified the task as removing the re-
dundancies across the labels. Also, we asked to remove the
unnecessary codes that are not related to the context of the
study and provided examples of how to do these tasks. We
specified how the output format should be and asked for a
reasoning for the decisions it makes on removing or merging
codes and asked for the precise list for its final list of codes by
using a chain of thought prompting (Wei et al., 2022). We
provided instructions by using the guidance for how to
identify themes by Braun and Clarke (2012, 2022).

To track the codes from the previous phase (Impact on
Homework and Projects), we provided the example of how the
mistal-large-2 model explained the observations and reason-
ing in Figure 4.

The model grouped some of the codes from the previous
phase (z = 154) and explained their concept because the
participants mentioned reconsidering traditional assessment
methods due to the GAI tools. The NLP model generated
seven clusters, including these 154 codes from the previous
phase and identified 25 (from Th; to Thys) themes. After
defining the concept of the codes, the model identified the
theme as “Shift in Assessment Methods.” Researchers can go
through each theme with their concepts and merge them
further if necessary.

Phase 4: Developing and Reviewing Themes

In this phase, researchers check if the themes work in relation
to the emerging codes, their relevant extracts, and the entire
dataset manually (Braun & Clarke, 2012). This process can be
repeated iteratively by the researcher until they agree on the
themes. With the NLP model, we took each theme generated
in Phase 3 (from Th; to Th, shown in Figure 1) and assigned
the summary points and their original excerpts that fit under
each theme. We accomplished this by calculating the cosine
similarity (as a proxy for semantic similarity) between the

embeddings for each summary point with the embeddings for
the themes by using the NLP model: dolphin mistral. This
should identify summary points that were similar to the themes
and, thus, potential summaries relevant to that theme. We then
matched the theme with the original data by tracking where the
summary point originated and linking the theme with that
original observation.

Researchers reviewed the output and checked their first
eight cosine similarity scores to identify how well the output
of the model found the examples from the summary points of
each theme from Phase 3. Researchers could manually ex-
amine the generated data in this phase, and checked if the
themes and excerpts from transcripts underlying specific
themes made sense and represented the entire dataset.

In this case, the dolphin-mistral model calculated the cosine
similarity (as a proxy for semantic similarity) between the
embeddings for each summary point (from Phase 1) with the
embeddings for the themes (from Phase 3). The model
identified the summary points similar to the themes and then
matched the theme with the original data. For example, the
theme in the previous step is tracked in this step to illustrate
how it was linked back to the original data with the cosine
similarity score. The output of the model is shown in Figure 5.

The model provided the most similar original summary and
original text from collected data. The NLP model considered
the first eight similarity scores calculated between zero and
one. The first eight similarity scores for the given example
ranged between 0.72 and 0.84. The researchers went through
the similarity scores and checked if the original excerpts fit
under the identified themes. The researchers should make the
changes if the model mismatched the original data with
themes. At the end of this phase, the list of the codes is fi-
nalized by checking if they fit with the original dataset while
they answer the research questions. By using cosine similarity
scores, researchers can identify the themes that do not fit the
original data and make changes to the themes accordingly.

Phase 5: Refining, Defining and Naming Themes

In traditional TA, researchers review the codes and themes and
define them while grouping the themes together to identify the
higher-level themes when necessary. Their goal is to make
sure all themes and codes are consistent and informative while
answering the research questions (Braun & Clarke, 2022;
Byrne, 2022). When we used the GAI model, we asked the
models to cluster the themes generated in Phase 3 to bring
similar ones together. The workflow for this phase is shown in
Figure 6 below.

The higher-level themes were represented from Ht, to Ht,,.
The same model in Phase 3 was used to finalize the themes in
this phase. We asked the NLP model to cluster similar themes
and the GAI model to identify higher-level themes (Th). The
concept of each higher-level theme was also explained by the
model. In this way, we also made sure the themes from Phase
3 were not repetitive and these higher levels of themes
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Input : Initial codes
from Phase 2

Phase 3: Generating Initial Themes

An example of clusters

Output: An example of
themes

Impact on ['Writing Course Focus', “Theme Name: Shift in
Homework and NLP 'Course Projects as GAI Assessment Mcll'lods
Projects Mxbai Alternative', "Project Progress Mistral Concept: The arrival of |
= UMAP [ Evaluation', 'Impact on Saree? generative Al has‘l_ed faculty
SciKit Homework and Projects’, L to reconsider traditional
. 'Reducing Project Difficulty’, assessment methods and
(The rest of the 'Homework Effectiveness] focus more on projects and
initial codes) progress evaluation.
{
[ ] Modified Qutput: An example of themes
w In our case, our researcher did not need
to modify the theme.
“Theme Name: Shift in Assessment [ ]
Methods F

Concept: The arrival of generative Al has
led faculty to reconsider traditional
assessment methods and focus more on
projects and progress evaluation,

L)

Figure 4. An Example of How Themes (Th) are Generated by Grouping Initials Codes (IC) With the GAI Model.

represented different aspects of the data. Researchers could go
through these final themes, make changes if necessary, and
write the definitions for each theme based on the explanation
of GAI models. The prompt to generate the final themes with
mistral-large-2 can be found in Appendix A.3. We used the
same prompt as the one in Phase 3 since it was a similar
process to generate higher-level themes.

In our case, we used the mistral-large-2 model to group the
themes from Phase 4, the concept of the higher-level theme for
each group. An example from the output of the model is
shown in Figure 6.

The model was able to group the themes related to the
evolution of assessment methods. In our case, the NLP model

generated three clusters from 25 themes from Phase 3 and the
GAI model identified 11 higher-level themes (from Ht to
Ht,y). After going through the list of the grouped themes under
higher-level themes, their concept, and the model’s obser-
vation, the final codebook can be finalized by the researchers.

Discussion

Using NLP and GAI models to conduct thematic data analysis
is a developing approach and it brings significant advance-
ment in qualitative research methods. The combination of both
traditional and automated data analysis may bring various
advantages to the researchers especially while working with

Phase 4: Developing and reviewing themes

Example Model Response

Input
- NLP
Summary points Cosine
All summary points - Similarity
from Phase 1 Dolphi Scores
mistral [0.84, 0.80,
it 0.77,0.75,0.75)
All themes from Phase 0.74,0.72, 0.72
3

Most Similar Original excerpts from transcripts

Summaries “The increasingly widespread use of
The need for ChatGPT has destroyed the convenience
creating new of assigning homework and exam
assignments problems based on those from the ]
based on textbook, as solutions can be easily

lectures or other
sources arises as
a result of this
change

obtained through ChatGPT. I had to
design homework assignments and
exams all by myself, e.g., based on
lectures.”

Researcher Decision for Qutput:
Modify or Confirm

Confirmed by the researcher.
In our case, our researcher checked if ®

the theme “Shift in Assessment w

Methods™ represented by the assigned
original excerpt and the most similar
summary

Figure 5. An Example of How the Cosine Similarity Scores are Calculated to Review the Themes With Summary Points and Their Related

Excerpts.
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Phase 5: Refining, Defining and Naming Themes

Output: An example of higher-level
themes

T

. An example of clusters
Input : Themes from Phase 3 “Higher-level Theme Name: Evolution
Shift in Assessment NLP ['Shift in Assessment AL of Assessment Practices
Methods ) Methods', "Changes in s Concept: Changes and adaptations in
. Mxbai Assessment Methods', Mistral- how faculty members approach
= UMAP =P 'Adaptation of = large2 assessment due to generative Al —

3 SciKit Assessment Methods', Be- Themes: 'Shift in Assessment
(The rest of themes) 'Adapting A Methods', 'Changes in Assessment

Methods' ] Methods', 'Adaptation of Assessment

Methods', 'Adapting Assessment
I Methods' *

Researcher Decision for Qutput:
Modify or Confirm

T

Confirmed by the researcher.

In our case, our researcher
decided not to modify the
theme.

Figure 6. An Example of How the Higher-Level Themes (Ht) are Generated From Themes (Th) by the GAI Model.

large datasets. However, we must acknowledge that it also
brings some limitations and disadvantages. In this section, we
aim to evaluate the pros and cons of using this hybrid method
(we call it human in the loop process) as an innovative and
ongoing approach to TA.

Advantages of Using GAl Models in Thematic Analysis

One of the advantages of NLP and GAI models is the shorter
time it takes to process large datasets. This feature makes them
time efficient for researchers instead of manually analyzing
data. For example, familiarizing yourself with the data requires
reading multiple times which is time-consuming for re-
searchers. With smaller datasets this is not a significant hurdle;
however, as datasets grow in size so, too, does the challenge of
familiarization. GAI models such as llama3.1 rapidly process
large datasets and can create summary points from the chunks
of text in a short time compared to the amount of time a person
could spend. Moreover, NLP algorithms can accelerate the
process of grouping similar patterns in data and create clusters
and GAI models can take these clusters to generate codes,
define them, and provide examples. Saving time and collab-
orating with text analysis tools can also help to reduce the cost
of analysis. Most of the NLP and GAI models are open source
which means anyone who would like to use them has access to
work with them. Using them might reduce the number of people
who need to be involved in the data analysis process or people
can focus on the different aspects of the research with the time
they could spend on analysis. For example, a researcher could
use this time with more meaning-making with the different
codes generated, or understanding the participants’ living ex-
periences and background to interpret findings that would not
misrepresent cultural context.

Another advantage of using NLP and GAI for TA is having
a systematic and comprehensive output from analysis.
Sometimes, researchers get overwhelmed with the process of

organizing and sorting data and miss some insights from data.
Since the models work in a data-driven approach for identi-
fying codes and themes, they are able to handle large datasets
and find patterns to generate codes and identify themes.
Therefore, NLP and GAI models are a great aid to support
researchers in seeing the scope and direction of their data that
might not be immediately apparent to human researchers when
they conduct TA manually.

Limitations of NLP and GAl Models in Thematic
Analysis

While NLP and GAI models bring advantages to TA such as
time and cost efficiency and the ability to handle big datasets,
these technologies still have limitations researchers take into
consideration seriously while using them. We share some
based on our observations while doing data analysis for our
case study.

One of the limitations is the replicability of data analysis
with NLP and GAI models. While these models have algo-
rithms and trained datasets, they have been improved con-
tinuously, and the output of the model may differ. For
example, if we use the same model (e.g., Llama-3.1-8b), the
model and its weights should be kept frozen. If we set the
temperature to 0, we should get the same output for the same
input. The given case in the previous section was conducted in
April 2024, and we must acknowledge that the output for the
themes may differ if different versions of llama or other
models are used with the same datasets.

Another limitation of using NLP and GAI models in TA is
the possibility of misinterpretation of the context of the data.
There are various reasons for this, such as the bias in training
data (Li et al., 2024; Liang et al., 2021). The training data may
not capture the cultural differences, sarcasm, or analogies.
This may cause the models to generate wrong codes and
themes in TA. Also, the models work with algorithms, and
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they rely on the frequency of the occurrence of the patterns
when creating outputs as codes and themes. In qualitative
research, sometimes reoccurrence of patterns does not com-
pletely uncover the depth of insights that can be gained from
data analysis. Therefore, the models may not be able to reflect
on the data as much as researchers. The level of understanding
and intuition of the models may not be at the same level of
researchers.

The availability of the NLP and GAI models and the idea of
replacing people with them have raised ethical concerns due to
the concerns about losing the authenticity of qualitative
research (Lund et al., 2023). One of the concerns is the
ownership of data analysis and how original the findings can
be with the aid of the NLP and GAI models. These models
provide coherent and structured outputs. However, the need
for reflections and evaluation of codes in TA still requires the
engagement of researchers with the data and the authenticity
of researchers for synthesizing findings. Therefore, relying on
the models may only bring concerns about maintaining ethical
standards for qualitative research.

The limitations of using the NLP and GAI models for TA
may not be restricted to what we mentioned in this section.
Researchers should be actively involved in each step for TA
and take notes, make decisions on how to conduct the research
with the aid of these models, and take action and make
changes in the process when it is necessary. Researchers
should be open to using these advanced tools but should not
think they are the replacement for their roles in TA. They
should make sure the rich rigor of data is uncovered while the
integrity, reliability, and validity of their findings are still
maintained.

Prompt Design for GAl Models in Thematic Analysis

The prompts provided guidance for GAI models in various
phases of TA process, including summarizing, generating
initial codes, identifying themes, and organizing them hier-
archically. Well-constructed prompts are essential, as they
ensure that the model outputs align with research goals (Giray,
2023; Lu et al., 2022). Clear instructions help the model
follow the intended task effectively. Based on experience
throughout the research we conducted in our case, here is the
information on how to structure prompts.

Persona assignment: The positionality of the model is im-
portant to understand the context of the data you provide
for data analysis. By assigning a persona, the model can
enable more human-like interactions and provide more
accurate information and contextually relevant outputs
(Araujo & Roth, 2024; Salewski et al., 2023). Consistency
in responses is crucial for TA to structure the emerging
codes and group them under themes.

Data background: We provided accurate and sufficient
information about the data to help the model grasp the
nuances of the text it was analyzing. Providing the data

type (e.g., written responses to open-ended survey
questions; interview transcript segments) and the con-
text in which the data were collected (e.g., a study of
faculty beliefs about assessment) informs the model
about what kind of data it will analyze.

Clear and precise tasks: When working with language
models, it can be helpful to treat them like simple
programs that understand instructions to a limited extent
and may become confused easily. Therefore, the user’s
expectations of the model should be clearly defined, and
instructions should be precise to help the model un-
derstand the requirements of each task. To that end,
instructing the model to use a chain of thought in
prompts improves the model’s understanding the com-
plex reasoning (Wei et al., 2022).

Guiding examples: To make the tasks clearer to the models,
we should provide examples for each requirement. This
prompting technique is called few-shot prompting
(Dang et al., 2022). Demonstrating how the model
should generate the codes and themes with examples
can serve as a reference to improve the performance of
the model and generate more accurate outputs.

Comparing the Previous GAl Models for Thematic
Analysis

Recently, there has been an increasing number of studies for
Al-assisted TA. In this section, we focus on some of them that
are the most similar to our study regarding research purpose
and the use of the methods. We chose the study conducted by
Mathis et al. (2024) and De Paoli (2024) to discuss further.
While the majority of existing literature used the versions of
Chat GPT, these two studies followed similar processes re-
garding the GAI models such as Llama and Whisper. Unlike
these two studies, we did not aim to compare the analysis done
by the GAI models and human researchers but to guide the
researchers who are new to the integration of NLP and GAI
models to the TA phases developed by Braun and Clarke
(2022).

De Paoli (2024) used the GPT 3.5 Turbo model for in-
ductive TA and compared its output with the manually coded
findings. They further discussed the replicability of manual
coding by using GAI models. They highlighted that identi-
fying the patterns for themes via GAI tools was efficient and
useful. However, to identify the nuanced themes that require
interpretation and insight, the engagement of researchers with
the data analysis was a necessity. They recommended focusing
on building established procedures and prompting to ensure
the quality and validity of the qualitative analysis. In our study,
we presented how the prompts can be structured and explained
in previous subsection, and the actual prompts we used for our
case study are shown in the Appendix. The prompt generation
and how it affects the model output should be further studied
as a part of the development of qualitative research methods
with NLP and GAI models. Our work also varied from their
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work in our approach to the temperature parameter setting.
Whereas their work set a model temperature value above 0.5,
we elected to set the temperature to 0 to improve replicability.
Setting the temperature to 0 makes these inherently proba-
bilistic models more deterministic, which we preferred to
ensure other researchers could generate the same output as we
did when given the same input.

Mathis et al. (2024) used the GAI model Llama-2-70B
model to create codebooks related to healthcare interviews.
Similar to most existing literature, they compared human
researcher coding with the output of GAI models. Their main
focus was Phase 2 where Braun and Clarke (2022) suggested
identifying the initial codes. Additionally, they merged Phases
3 and 5 in their method. They used cosine similarities to
compare the GAI model’s output with the manually generated
codebook. They suggested the collaboration of researchers
and GAI models to maintain the validity of qualitative
research and highlighted the importance of providing coherent
prompts for the GAI models to generate the themes.

Overall, there are differences in how each paper interpreted
and followed the phases for TA suggested by Braun and
Clarke (2006, 2022). For example, De Paoli (2024) did not
use any GAI models for the Phase 1 (getting familiar with
data) phase and recommended preparing the raw data to the
next phase by cleaning and converting the data formats to txt.
Mathis et al. (2024) showed Phase 1 as only converting
mp3 recordings to transcripts to use in the following phases.
Thus, both studies did not use any Al-assisted approach in
Phase 1. We generated summary points from cleaned data in
Phase 1 where we aimed to make researchers not go through
the whole dataset, as well as to reduce the amount of data the
NLP and GAI models in the following phases. Thus, our study
brought a different approach to autonomic Phase 1 as well as
the rest of the steps in TA.

We commonly suggest that GAI and NLP can reduce the
cost and labor of TA, especially with large data. Also, the
importance of researcher oversight was emphasized in both
studies. However, we showed how the researchers can be
involved in the process in more detail. We offered structured
guidance on how researchers can be involved while inte-
grating NLP and GAI models in TA phases which provides a
practical road map for those who are interested in this in-
novative qualitative research method.

Implications and Conclusion

Our study provided a road map to researchers for implications
of GATA and presented the limitations, advantages, and sig-
nificant points to consider during the process of TA. Our
method and case study suggest that NLP and GAI technologies
can streamline the steps for TA suggested by Braun and Clarke
(2022). The nature of TA is iterative and time-consuming and
GATA helps save time and reduce the intensity of coding and
generating themes (De Paoli, 2024; Mathis et al., 2024). The
efficiency of GATA is undeniable especially for the studies

including large datasets. The increasing accessibility of Al-
assisted tools presents both advantages and challenges. One
benefit of GAI models is the potential decrease in labor costs
and increased automation in data analysis, which may en-
courage more data collection for qualitative studies. Using the
advantages of GATA, researchers can spare their time to collect
more data from diverse participant pools leading to rigorous and
more inclusive findings (Gamieldien et al., 2023; Lixandru,
2024). However, the high cost of necessary hardware poses a
barrier, risking inequalities between researchers who can afford
it and those who cannot. As these models become more ac-
cessible, GAI technology may be widely adopted, reshaping the
roles of researchers and computational tools in qualitative
research methods.

While the NLP and GAI models are improved, the newer
versions can provide more robust coding, ensuring uniform
applications across the collected datasets, and leading to more
reliable findings (Li et al., 2024). However, with the current
abilities of the NLP and GAI models, researchers should
remain engaged with the process of TA phases developed by
Braun and Clarke (2022). In the current era, maintaining a
human-in-the-loop approach can address the current limita-
tions of GATA, such as biases and, thus, potential misinter-
pretations of collected data (Davison et al., 2024; Li et al.,
2024; Perkins & Roe, 2024b). To mitigate some of the
concerns about reliability and biases, researchers should also
keep improving the NLP and GAI models and establish ethical
guidelines for the GATA process.
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