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Abstract

Digital smoking cessation tools increasingly use
chatbots to recommend preparatory activities
intended to support behavior change. However,
little is known about how users actually experience
these activities and whether large language mod-
els (LLMs) can support the qualitative analysis
of such experiences. This study explores how
smokers and vapers described their experiences
with chatbot-suggested activities in an online
intervention and investigates whether an LLM can
assist with analyzing their responses.

We conducted a reflexive thematic analysis on 650
filtered user responses and examined whether a
local version of LLaMA 3.3 (8B) could support the
generation of common patterns and themes from
qualitative data, and the categorization of such
data into predefined themes. Our findings show
that participants had mixed experiences. Some felt
encouraged and supported by the activities, while
others found them confusing, irrelevant to smoking
cessation, or difficult to complete due to contextual
or environmental barriers.

While the model was able to generate reasonable
themes that overlapped with human interpretations,
it was unable to reliably label data points using
a predefined coding schema, achieving a Cohen’s
Kappa of just 0.003. These findings suggest that
LLMs may be useful in the early, exploratory stages
of qualitative analysis, but currently lack the accu-
racy needed for theme application in complex, nu-
anced data.

1 Introduction
Digital health tools have become increasingly popular in
supporting behavior change [1], especially in areas like
smoking and vaping cessation [2]. One approach that has
gained popularity recently is the use of conversational agents
to aid in the quitting process. These chatbots can suggest
preparatory activities meant to help users get ready to quit,
such as reflecting on personal motivations, setting a quit date,
or identifying personal triggers.

Understanding how smokers and vapers experience chatbot-
suggested activities gives us some insight into how these
digital interventions can influence whether someone stays
motivated or not. If an activity feels helpful or encouraging,
it might make a participant more confident about quitting.
On the other hand, if it feels confusing or hard to do, it
could make them less likely to engage with the intervention.
Looking at how participants describe their experience with
these activities in their own words gives us a better picture
of what works and what does not. This kind of insight can
help improve how digital health tools are designed and how

support is given throughout the quitting process.

The aim of this paper was to provide a secondary data
analysis based on the experiences of participants from
the study by Albers et al. [3] regarding their preparatory
activities. Examples of such activities are finding mo-
tivational quotes for quitting smoking, focusing on past
achievements and successes, or increasing physical activity.
Additionally, we acknowledged that qualitative analysis is
often time-consuming. We were therefore also interested
in exploring whether large language models (LLMs) could
support qualitative work in practice, as a secondary question.

The main research question that this paper aims to answer is:
How do smokers and vapers experience preparatory ac-
tivities suggested by a chatbot during an online smoking
cessation intervention?

Due to the complexity and broadness of this question, it has
been divided into 2 sub-questions:

1. What do smokers’ and vapers’ free-text responses re-
veal about their experiences with chatbot-recommended
preparatory activities?

2. To what extent can LLMs support qualitative analysis?

By answering these questions, the project contributes to two
main areas: first, it provides a more detailed understanding
of how people experience digital interventions, allowing for
the improvement of digital smoking cessation programs [4];
second, it investigates the use of artificial intelligence (AI) to
support qualitative research [5].

The structure of the paper is as follows. Chapter 2 presents re-
lated work, including previous work on digital interventions
for smoking cessation and the use of large language models
in qualitative work. Chapter 3 explains the methods that were
followed to answer the research question with all of its sub-
questions, and Chapter 4 presents the results of our research.
Chapter 5 discusses the results in the context of the litera-
ture and possible future improvements to the study, as well as
limitations, while Chapter 6 underlines the ethics and repro-
ducibility of the employed methods.

2 Related Work
2.1 Digital Interventions for Smoking Cessation
Many digital interventions for smoking and vaping cessation
have focused on their effectiveness in improving quit rates
and reducing nicotine use. For example, meta-analyses by
Civljak et al. [6] and Taylor et al. [2] highlight how web-
based or app-based tools can support users through structured
programs, reminders, and goal setting. These studies often
evaluate their success through outcomes that can be mea-
sured, such as abstinence rates after a certain period. While
these results are valuable for understanding what works at a
broader level, they often miss the more nuanced insights into
how users feel during the intervention or how they respond to
individual components like chatbot messages or preparatory
exercises.
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2.2 Prior Studies on the Same or a Similar
Intervention

Several previous studies have researched different aspects of
the same chatbot-based smoking cessation program explored
in this paper. Iftimescu [7] analyzed what users expect and
need from their daily interaction with the chatbot, showing
that personalization and emotional support affected user
engagement. Ekinci [8] focused on how users respond to
the chatbot’s communication style, looking at both moments
of appreciation and frustration, especially when interactions
felt repetitive or impersonal. Naydenov [9] and Oudheusden
[10] studied how users experience working with human
coaches in the same smoking cessation context, focus-
ing on feedback loops and the perceived value of human
involvement. These projects offer insights into different
parts of the intervention, but none have specifically ana-
lyzed how users experience preparatory activities themselves.

Albers et al. [11] conducted a mixed-methods study to iden-
tify user needs by combining feedback from interaction ses-
sions with reflections on future usage scenarios. Their results
emphasized the importance of perceived usefulness, timing,
motivation to change, social support, and external barriers in
shaping how people interact with digital tools. While their
dataset included user feedback on preparatory activities, the
focus of their analysis was on synthesizing general behav-
ioral needs rather than examining how participants responded
to specific activities in practice. In contrast, our study looks
more narrowly at participants’ lived experiences with each
task. This offers a more granular perspective of how people
felt about each activity they were asked to do during the in-
tervention.

2.3 Using LLMs to Find Patterns and Generate
Themes

Researchers have started exploring whether LLMs can help
with qualitative analysis, particularly in identifying patterns
in open-text data. Dai et al. [12] proposed an LLM-in-
the-loop method, where GPT-3.5 was used to generate early
codes from user interviews. The generated codes were found
to be reasonable and sped up the early stages of analysis,
though they still required review and editing by human re-
searchers. Similarly, De Paoli [13] tested whether AI could
handle the full process of inductive thematic analysis, from
reading responses to summarizing key themes. They found
that models like GPT could surface useful themes, espe-
cially when provided with clear instructions and structured
prompts. However, one consistent limitation across these
studies was the model’s tendency to generate vague labels if
the task was not clearly defined.

2.4 Using LLMs to Apply Themes
Chew et al. [14] tested GPT-3.5 on deductive coding tasks,
where the model had to assign text responses to existing
themes. They found that the model could perform well with
examples that fit perfectly in a specific box, but struggled with
ambiguity, especially when a response belonged to multiple
themes. Xiao [15] also noted that LLMs often failed to dis-
tinguish between overlapping concepts unlesss the definitions

were very specific. These findings suggest that while LLMs
might reduce the manual workload of theme application, they
cannot yet replace human coders with reasonable precision
in their theme application, particularly in more subjective or
emotionally complex data.

2.5 Prompt Structure for Qualitative LLM
Analysis

De Paoli [13] explored how LLMs can be used for thematic
analysis, which is a qualitative analysis method, and found
that a prompt where the task is broken down into clear, step-
by-step instructions leads to more accurate and useful out-
puts. In addition to breaking the task into stages, they also
recommended using deterministic settings, such as setting
the temperature of the model to zero, to make the results
more reproducible. Khalid and Witmer [16] further suggest
that prompts are more effective when they start by assign-
ing a clear role to the model (e.g., ”You are a qualitative
researcher”), followed by explicit task instructions, relevant
context, and finally a clear description of the expected output
format.

3 Methodology
To answer the main research question and implicitly, all its
subquestions, the dataset from Albers et al. [3] was analyzed
using thematic analysis, a manual process outlined by Braun
and Clarke [17]. They defined thematic analysis as a method
for identifying, analyzing, and interpreting patterns within
qualitative data. It allows researchers to make sense of
complex, open-ended responses by organizing them into
themes that reflect participants’ perspectives. Smokers’
and vapers’ open-text responses have been coded to find
recurring patterns or themes in the data. Later, the manual
thematic analysis results were compared with those from
AI-assisted thematic analysis methods. We will experiment
with different LLMs to see if automatic thematic analysis
yields accurate results regarding theme generation and
application, respectively.

We used reflexive thematic analysis, following the approach
by Braun and Clarke [17], to find patterns in how participants
described their experiences. This method was a good fit
because it is flexible and does not require us to follow a
strict theory or framework. Compared to other qualitative
analysis methods, such as content analysis, which mostly
counts specific words or ideas, or grounded theory, which is
used to build new theories, reflexive thematic analysis gave
us the freedom to explore people’s thoughts, feelings, and
interpretations in more detail [18]. This was specifically
useful in our case, since we were looking at open-text
responses that included personal reflections, emotions, and
different kinds of feedback.

3.1 Cleaning the dataset
The study of Albers et al. [3] gathered data from the inter-
action of smokers and vapers with a chatbot that was sug-
gesting preparatory activities for smoking cessation. In the
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questionnaire they deployed, users were asked: How did you
approach, do, or experience the preparatory activities sug-
gested by the chatbot?. Approximately 2300 answers were
collected from this question. Due to the complexity of the
question, namely asking users for their approach, the activ-
ity they specifically did, and their experience with it, all in
one question, some filtering was needed. Most responders
only answered one of the three parts of the above question;
therefore, we manually filtered out all responses that did not
contain information about the users’ experience with the sug-
gested preparatory activities. If a response only described
what the user did, or how they approached the task, without
mentioning how they felt about it or how it impacted them, we
considered that response irrelevant for our study and filtered
it out. After this filtering step, there were around 650 relevant
responses that could be used during this thematic analysis.

3.2 Manual Thematic Analysis

Developing the Initial Coding Scheme
To begin the thematic analysis, we had to make an initial
coding scheme. To avoid bias and to ensure some repro-
ducibility, we used a peer approach to come up with an
initial set of themes. To do this, we started with a random
sample of 100 responses. These were analyzed to identify
recurring ideas and early theme candidates. A peer researcher
independently coded the same 100 responses and developed
their own theme suggestions. We then compared and dis-
cussed our initial coding schemes, resolving differences and
merging overlapping concepts. For example, we identified
a theme called ”Skepticism”, but after this peer discussion,
we concluded that there are two types of skepticism in
the responses: participants either could not see how the
suggested preparatory activity would help, which we decided
to classify as ”Perceived Usefulness”, or they highlighted
that they could not do the activity, which we decided fits best
into the ”Easy to do” spectrum. This process resulted in a
final coding scheme, which aimed to improve consistency
and trustworthiness in our analysis [17], [18].

Checking Reliability of the Coding Scheme
To check if the final coding scheme could be applied reliably
and to introduce less bias, we conducted a second round of
peer testing using a new random sample of 100 responses.
The peer coder was trained using 30 responses different from
this new random sample. The first 15 responses were done to-
gether with the peer coder, giving context and feedback along
the way. The next 15 responses were done independently by
the peer coder, after which we ended the training since the
result was already satisfactory. After this training session,
both coders assigned themes to the new random sample of
datapoints (n=100), using the finalized schema. This allowed
us to assess the inter-coder reliability and confirm that the
themes were interpretable by others [19]. To measure inter-
coder reliability, Cohen’s kappa was calculated. The value
of Cohen’s kappa was 0.72, which shows a moderate agree-
ment as per McHugh’s interpretation [20]. We then continued
labeling the dataset using this final coding scheme.

3.3 AI-Assisted Theme Generation
As part of our secondary research goal, we explored whether
large language models (LLMs) could support qualitative
analysis. We used LLaMA 3.3 (8B) as our LLM. The
reason for this choice of model is that, in a recent systematic
comparison of 12 bio-NLP tasks, the LLaMA-based models
performed on par with the GPT series models [21]. These
NLP tasks involved classification and summarization, which
gave a strong indication that LLaMA 3.3 (8B) would be
suitable for our qualitative analysis task. Furthermore,
we used a local version of this LLM to ensure consistent
behavior over time and to avoid the unpredictability of online
models, which can be updated or retrained without notice,
potentially affecting reproducibility.

We chose a two-step approach to better understand what
LLMs can and cannot assist with in qualitative analysis. As a
first focus, we tested whether the LLM could develop its own
themes from the data, which shows how well it can identify
patterns on its own. Then, we assessed how accurately
the same LLM could apply a set of existing themes to the
same dataset we labeled in the manual thematic analysis,
which is a more precise and controlled task. This helped
us to see whether LLaMA 3.3 (8B) was better at open ex-
ploration or at following specific instructions in a coding task.

Initial Prompt Design
The first attempts involved coming up with a relatively simple
prompt. We provided the model with the research question
and the entire dataset containing the participants’ responses
from the questionnaire and asked it to generate themes. The
temperature settings were left at default (non-zero).

Initial Prompt - Theme Generation

You are a qualitative researcher. Analyze the following
user responses using thematic analysis.

These responses are from smokers and vapers who inter-
acted with a chatbot recommending preparatory activities
for quitting. Your task is to extract themes based on what
you read.

Research question: ”How do smokers and vapers experi-
ence proposed preparatory activities by a chatbot during an
online smoking cessation intervention?”

Please return:
1. A list of main themes.
2. A short explanation for each theme.

This prompt focused on being as general as possible, so it
could also be used on different research questions or datasets
while still being efficient and simple. However, with this
prompt, the model often focused on what activity was done
(e.g., walking, journaling, yoga) rather than how the partic-
ipant experienced it, which was the focus of our research
question. We suspect this occurred due to the complexity of
the responses, where participants often first explained what
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they did and how they approached the activity, and only later
commented on how they felt about it.

Improved Prompt Design and Tuning
To address this, we refined the prompt to explicitly instruct
the model to ignore the content of the activities and focus
only on participants’ evaluations of the experience. We also
set the temperature of the LLM to zero to ensure deterministic
and reproducible outputs.
With this prompt, and the temperature set to zero, LLaMA
3.3 (8B) provided relevant and consistent results. By clearly
telling the model to focus only on how people felt about the
activities, and not what they did, we got results that were
more relevant to our research question. The output of the
model based on this prompt will be shown and discussed
more thoroughly in the Results section.

Improved Prompt - Theme Generation

You are a qualitative researcher. Analyze the following
user responses using thematic analysis.

These responses are from smokers and vapers who inter-
acted with a chatbot recommending preparatory activities
for quitting.

IMPORTANT: Your task is to extract themes ONLY about
how people experienced the activities (what they thought
or felt about them). Do NOT make themes about what kind
of activity was done (e.g., walking, yoga, journaling).

The research question is: ”How do smokers and vapers
experience proposed preparatory activities by a chatbot
during an online smoking cessation intervention?”

Please return:
1. A list of main themes
2. A short explanation for each theme.

Each theme should reflect the participant’s perception or
experience of the activity, not what activity they actually
did.

3.4 AI-Assisted Theme Application
Finding a Suitable Prompt
After testing whether LLaMA 3.3 could generate a mean-
ingful coding scheme, the next step was to assess whether
it could apply our manually developed coding scheme to
unseen data. The goal was to evaluate the model’s potential
in automatically classifying participant responses into the
correct themes.

To do this, we prompted LLaMA 3.3 (8B) with a full list
of our finalized themes, including short explanations for
each. The prompt used, which is shown below, clearly
instructed the model to focus only on how users experienced
the activities, not what activity they did. It also emphasized
that the model should assign one or more applicable themes
per response, and be strict in its assignments so as not to
potentially assign all themes to the same response.

Prompt - Theme Application

You are a qualitative researcher helping with a thematic
analysis project.

Your task is to read user responses and assign the most
appropriate theme(s) from the list below. These responses
come from smokers and vapers who completed chatbot-
recommended activities to prepare for quitting.

IMPORTANT:
- Only focus on how the users experienced or evaluated the
activities.
- Assign ONE or MORE themes to each response.
- Be strict. Only assign a theme if it clearly applies.

To this prompt, we added the full coding scheme from our
manual analysis, which you can find in the Results section,
along with explanations for each theme. The model was also
given the full dataset of 650 participant responses to classify.
These responses were provided unlabeled, so that the models’
classifications could be later compared to the human classifi-
cations for evaluation.

4 Results
4.1 Manual Analysis Results
The following subsection presents the results of the manual
thematic analysis. The analysis revealed nine distinct themes
that describe how participants perceived the preparatory
activities suggested by the chatbot. We grouped these themes
into five broader categories, each representing a shared
dimension of user experience.

We grouped the themes into larger categories to simplify
the interpretation of the results and to reflect recurring
patterns across related responses. While the individual
themes highlight specific reactions of the participants, such
as perceiving the activity as helpful, confusing, or personally
mismatched, the groups help organize these into broader
concepts. Some responses fell into more than one theme,
because many participants expressed complex, sometimes
contradictory, opinions about the activities.

Figure 1: Thematic Map - Manual Thematic Analysis Results
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The five groups, along with their corresponding themes, can
be observed in Figure 1, and are described below with illus-
trative quotes taken directly from the dataset.

• Perceived Usefulness - This group reflects how helpful
or relevant the activity felt for participants in the context
of quitting smoking or vaping. Some participants felt
that the activity had a clear and meaningful role and it
was helpful in supporting their quitting journey. Others
expressed confusion or doubt about how the activity was
supposed to help. Felt Useful - Participants described
the activity as something that was or not helpful in their
quitting journey: “I’ve made a rule ‘I won’t smoke, I’m
doing it for my fiancé’. Honestly works pretty well.”
(P623). Unclear How it Helps With Quitting - Partici-
pants sometimes engaged with the activity but struggled
to see its relevance to smoking cessation: “The thing is I
am not sure that being physically active is going to help
me quit smoking.” (P137)

• Perceived Cognitive Effort - This group captures how
mentally demanding or clear participants found the ac-
tivity. For some, the task felt easy and straightforward,
while others found it confusing or mentally taxing. Felt
Easy to Do - Participants described the activity as sim-
ple, intuitive, or low-effort, which encouraged engage-
ment: “I thought the task was easy and good to do,
I got a new notebook [. . . ]” (P131) Unclear Instruc-
tions - Some participants did not understand what they
were supposed to do or how to approach the activity:
“I didn’t, I was a little confused on how to do this?
[. . . ]” (P33) Hard to Stay Focused - Some participants
reported getting distracted or having trouble concentrat-
ing on the task: “I was really excited to do this activity
and then I got distracted by cleaning and forgot all about
it.” (P231)

• Fit with Existing Routines or Preferences - This group
reflects whether the activity aligned with the partici-
pant’s current habits or personal preferences. Activities
that did not match with how people already structured
their lives or what they typically enjoy were often dis-
missed. Already Doing the Activity - Some participants
reported that they have already been doing the suggested
task regularly, therefore diminishing its benefits or rele-
vance: “A lot of what the video talked about I already
do. [. . . ]” (P99) Personal Preference - Others found
that the activity did not suit them personally, either be-
cause it did not match their coping style or felt unap-
pealing: “I don’t really like breathing exercises, I feel
like another type of approach works better for me [. . . ]”
(P324)

• Motivational Impact - This group describes whether
the activity helped users feel more determined or in-
spired to quit smoking or vaping. While not all users re-
ported feeling more motivated, those who did tended to
speak positively about their overall experience. Sparked
Motivation to Quit - These participants explained how
the activity helped them feel more motivated, encour-
aged, or ready to make changes: “I had written down

my goals and began to exercise more which I found mo-
tivating.” (P288)

• Environmental or Contextual Barriers - This group
captures how external factors, such as a person’s en-
vironment or living conditions made the activity diffi-
cult or impossible to do. These barriers were not about
motivation or interest, but rather situational factors like
physical limitations, accessibility, personal context in
life. Some participants reported that things like weather,
anxiety, financial constraints, or other personal circum-
stances made it hard to follow through: “I really wanted
to start walking more and getting a bit fitter instead of
taking taxis everywhere but I have slight agoraphobia so
this didn’t work for me.” (P33)

4.2 AI-Assisted Theme Generation Results
In our exploration of AI-assisted thematic analysis, we
used LLaMA 3.3 (8B) to generate themes from participant
responses. The model identified several relevant themes
for answering our main research question. To evaluate
the reproducibility of our manual results by the LLM, we
decided to do a mapping between our manual themes and the
AI themes. This mapping was done manually by comparing
theme definitions and then pairing the ones that touched on
the same topics. Table 1 presents our mapping. A more
detailed view, including theme descriptions, can be observed
in the Appendix A.

Table 1: Mapping of Our Themes to AI Themes

Human theme AI theme
Perceived Usefulness Activity Helpfulness
Perceived Cognitive Effort Task Complexity
Fit with Existing Routines
or Preferences

Redundancy in Recom-
mendations

Motivational Impact Motivational Impact
Environmental or Contex-
tual Barriers

External Challenges

Overall, the AI-generated themes broadly aligned with the
themes we developed through manual coding. While the
model did not reproduce our categories with the same level of
detail, the conceptual overlap suggests that LLaMA 3.3 (8B)
can identify general patterns in the data that are consistent
with human interpretations. This indicates some potential for
using LLMs in the early stages of qualitative analysis, partic-
ularly for exploratory theme generation.

4.3 AI-Assisted Theme Application Results
To evaluate the model’s performance in applying subthemes,
we compared its output to our coding using Cohen’s Kappa
[20], a statistical measure of inter-rater reliability that we
also used previously during the manual analysis. We found
the agreement between LLaMA’s assignments and our
manual labels to be 0.003, which falls in the none category
of agreement according to McHugh’s interpretation [20].
This result indicates that the model could not reliably apply
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predefined qualitative codes to new data, even with a detailed
prompt and a well-defined schema.

5 Discussion
5.1 Discussing the Findings in the Context of the

Literature
The study was guided by the main research question: How
do smokers and vapers experience preparatory activities
suggested by a chatbot during an online smoking cessation
intervention? To address this, we analyzed open-ended
user responses using both manual thematic analysis and
AI-assisted methods. Two sub-questions were used to
explore this broader question from multiple angles. Below,
we revisit each one and discuss the main findings in the
context of the literature.

1. What do smokers’ and vapers’ free-text responses re-
veal about their experiences with chatbot-recommended
preparatory activities?
Through manual thematic analysis, we identified nine themes
grouped under five overarching categories: perceived useful-
ness, perceived cognitive effort, motivational impact, fit with
existing routines or preferences, and environmental or con-
textual barriers. These results show that users’ experiences
were diverse and often complex, as multiple themes could be
assigned to the same response. Some participants described
the activities as motivating or helpful, while others found
them irrelevant, confusing, or mismatched with their daily
lives or preferences. Several also reported environmental or
personal limitations that prevented them from engaging fully
with the activity: “I really wanted to start walking more and
getting a bit fitter instead of taking taxis everywhere but I
have slight agoraphobia so this didn’t work for me.” (P33)

Our manual analysis produced categories describing user
experiences, such as Perceived Usefulness, Motivational
Impact, and Environmental Barriers. These categories
align with previous qualitative research on digital health
interventions. For example, Ekinci [8] found that users
responded strongly to the communication style and the
emotional tone of a cessation robot, which influenced both
engagement and perceived relevance, similar to our theme
of Perceived Usefulness. Likewise, Iftimescu [7] reported a
need for personalized activities, which matches our theme of
Personal Preference.

The structure and breadth of our themes also align with
recommendations by Braun and Clarke [17], who underlined
the importance of thematic depth over frequency. Our
decision not to quantify how often specific themes occurred
was intentional, matching their view that qualitative research
should put emphasis on meaning and nuance, rather than
numerical quantification. Moreover, our labels overlap with
the LLM-generated themes, which serves as an indication
that our manual analysis captured reasonable patterns in
the text. However, the manual analysis included subtler
distinctions (e.g., Unclear How It Helps With Quitting

and Already Doing The Activity) that were not captured as
cleanly by the model, which reinforces the idea that human
interpretation is valuable in subjective and complex contexts.

In summary, participants’ experiences with preparatory ac-
tivities were mixed and shaped by factors such as motivation,
task relevance, emotional response, and external barriers.
While some found the activities helpful or inspiring, others
felt they were too generic, hard to relate to, or impractical in
their personal context.

2. To what extent can LLMs support qualitative analysis?
We explored two types of tasks in which LLMs could support
qualitative research: (1) generating themes from qualitative
data, and (2) applying a predefined coding scheme to new
data.

When using LLaMA 3.3 (8B) to generate themes from raw
data, the results resembled our manually developed themes.
Categories like Activity Helpfulness, Task Complexity, and
Motivational Impact were directly comparable to those in
our coding scheme. This supports findings by De Paoli [13]
and Dai et al. [12], who reported that LLMs can reasonably
generate meaningful themes when guided by a clear, focused
prompt. However, our AI-generated themes were typically
broader and more generic than those from our manual
analysis. The model did not always separate overlapping
concepts or detect nuanced distinctions that emerged through
iterative peer discussion in our coding process. This matches
findings by Xiao [15], who noted that LLMs tend to produce
more abstract or vague theme labels unless provided with
highly specific task framing and feedback.

The prompt design also impacted the quality of the results.
Our initial attempts yielded activity-based themes rather
than ones focused on experiences. Only after refining the
prompt, so that it specified that the model should focus on
how participants felt about activities, did the results become
more relevant. This aligns with the prompt design principles
outlined by Khalid and Witmer [16], who recommended clear
role-setting, step-by-step task descriptions, and deterministic
temperature settings for reproducibility in qualitative tasks.

In contrast, when LLaMA 3.3 (8B) was used to apply our pre-
defined coding scheme to participant responses, it performed
poorly. The model achieved a Cohen’s Kappa [20] of only
0.003 when compared to our human-coded data, indicating
almost no agreement. Given that the human coders reached
moderate agreement using the same schema, we concluded
that the LLM failed to apply the themes reliably. This was
likely due to the complexity of the input responses and the
limitations of prompt-only methods without fine-tuning or
contextual support.

While our results showed that the LLaMA 3.3 (8B) model
was not able to reliably apply a predefined coding scheme
to qualitative responses, other studies have reported more
promising outcomes when using LLMs for deductive the-
matic analysis. For instance, Chew et al. [14] and Dai et
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al. [12] found that LLMs like GPT-3.5 could assist in the
application of predefined codes, especially when the data was
relatively unambiguous or when responses clearly matched
a single theme. In those studies, the models achieved
reasonable alignment with human coders, suggesting that
LLMs may be useful in low-complexity settings or when
coding schemes are rigid and well-defined.

Given the extremely low agreement score (0.003), we as-
sumed that the discrepancy was due to the model’s incorrect
classifications rather than errors in our manual coding. This
assumption is based on the fact that our coding scheme
was developed iteratively, discussed with a peer, and tested
through a reliability check, which showed moderate agree-
ment between two human coders. It is likely that the model
misinterpreted nuances in the responses or failed to apply
the themes consistently, especially when users expressed
multiple or contradictory sentiments. Our dataset consisted
of nuanced, open-ended descriptions of experiences that
often conveyed multiple or ambiguous feelings. Unlike brief
snippets or structured survey responses, our inputs required a
deep contextual interpretation, since the question itself from
the questionnaire was very complex.

In summary, LLMs show promise for supporting qualitative
analysis in early, exploratory stages, especially for generat-
ing broad themes. However, their ability to apply predefined
codes to complex, subjective data remains limited. Without
additional training, few-shot examples, or better contextual
grounding, their performance cannot be comparable to hu-
man coders in tasks that require a fine-grained interpretation.

5.2 Limitations
This study has several limitations, including dataset scope,
model constraints, and subjectivity in qualitative analysis.
Firstly, the responses we analyzed came from a single dataset,
collected as part of one specific chatbot-based intervention.
Due to this, our findings might not reflect the experiences
of people who did not complete the intervention or who do
not usually engage with this type of digital support. The
conclusions we draw are limited to this specific context.

Secondly, we relied exclusively on a single local LLM for
both generating and applying themes. Conducting a thor-
ough comparison of different models would have required
extensive benchmarking and would have fallen outside the
scope of this paper. Instead, we chose to focus on creating
prompts that are efficient and robust. After all, new and more
powerful LLMs continue to emerge. Therefore, by focusing
on prompt design rather than model selection, our findings
remain applicable even as better models appear.

Finally, while we took steps to increase the reliability
and consistency of our manual thematic analysis, such as
developing themes collaboratively and testing for coding
reliability, qualitative research always involves a degree of
subjectivity. Interpreting open-ended text involves choices
about what patterns matter and how they should be described.
Even with peer feedback and reliability checks, another re-

searcher might have grouped or labeled responses differently.
Our themes represent one interpretation of the data, but not
the only possible one.

5.3 Future Work
To improve the accuracy of AI in qualitative research, future
studies could explore several directions. One approach is
to train or fine-tune language models on domain-specific
qualitative data. Prior work by Gilardi and al. [22] and Gao
and al. [23] has shown that fine-tuned models perform better
on language processing tasks, which suggests that similar
benefits could apply to thematic analysis.

Another strategy involves providing the model with a few
correctly labeled examples (few-shot learning) to guide its
outputs. This has been found to improve reliability in clas-
sification and summarization tasks in previous LLM studies
[24][25], particularly when examples are well-aligned with
the task and data format.

Lastly, future research could investigate how question phras-
ing and data structure affect AI performance. Open-ended
questions that combine multiple tasks (e.g., ”approach, do, or
experience”) may introduce ambiguity for both humans and
machines. Simplifying or separating such prompts into fo-
cused items has been recommended by McCurdy and al. [26]
for better thematic clarity and could be beneficial when work-
ing with LLMs.

6 Responsible Research
This study aimed to explore how smokers and vapers expe-
rienced preparatory activities suggested by a chatbot in the
context of an online smoking cessation intervention. Because
this topic touches on both health behavior and the use of artifi-
cial intelligence in qualitative research, we took a responsible
and thoughtful approach in how the study was conducted and
how findings were reported.

6.1 Research Data
This research was based on data collected by Albers et
al. [3], which received ethical approval from the TU Delft
University Human Research Ethics Committee. Subse-
quently, data trimming and falsification have been avoided
by not making any modifications to the dataset. Any ex-
clusion criteria for the data responses have been described
and justified in the methodology. Furthermore, data fab-
rication has been prevented by also reporting negative results.

6.2 Ethical Use of Methodology
To analyze participants’ open-text responses, we used
reflexive thematic analysis [17], a method that allows for
rich exploration of personal experiences. To increase the
trustworthiness of the process, we included peer review
and intercoder reliability checks. Two researchers created
a shared coding scheme, and independently applied it. We
calculated Cohen’s kappa to measure agreement. This helped
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reduce personal bias and ensured that our findings were
consistent, understandable to others, and easily reproducible.

We also made a conscious decision not to quantify how often
each theme occurred. Instead of counting responses, using
frequencies or percentages, which could misrepresent the
nuance of qualitative insights, we focused on understanding
patterns of experience across diverse users. As Braun and
Clarke [17] argue, qualitative work should prioritize meaning
and depth over numeric summaries.

6.3 Handling Sensitive Topics Responsibly
Smoking cessation is a complex and often emotional process.
Many responses reflected personal struggles, doubts, or
strong feelings about the activities. We approached all
responses with respect, recognizing that every participant
brought their own background and perspective.

We would also like to clarify that our findings are not meant
to speak for all smokers or vapers. The findings are grounded
in a specific dataset [3], collected during a single interven-
tion study, and should not be generalized without caution.
Statements like ”I didn’t find this helpful” or ”This doesn’t
work for me” were analyzed in context and interpreted as
individual perspectives, not representative claims.

6.4 Responsible Use of AI
A secondary aim of the project was to explore whether large
language models (LLMs) could support thematic analysis.
These AI tools can save time by suggesting patterns or
helping sort through large amounts of text. However, they
can also change over time if used online, making it harder
to reproduce the same results at a later time. To avoid
this, we used a local version of LLaMA 3.3 (8B) through
Ollama. This way, we could ensure the model remained
consistent throughout the project, and our results could also
be reproduced using the same model version.

Another concern is that the LLM we used might have been
trained on thematic analysis results from similar research
projects. Studies have shown that LLMs can memorize parts
of their training data, including content from books, web-
sites, datasets used in research, or research results [27]. This
can make it unclear whether the model we used was reason-
ing about the actual text it received through the prompt or
repeating something it had seen before as a result of other
thematic analysis projects. We mitigated this by comparing
the themes generated by AI with the themes from our manual
analysis, evaluating whether the LLM generated reasonable
themes based on the given data or not. However, we do ac-
knowledge that the model may have been exposed to similar
qualitative work in training, and that this is a potential source
of bias.

6.5 Societal Implications
This research underlines how smokers and vapers expe-
rience digital health tools, offering possible insights for

designers and health professionals. Understanding what
users find helpful, confusing, or demotivating can lead to
better-designed interventions that support real behavioral
change.

It also shows that while AI can help with research, it should
be used with caution. As more researchers and developers
begin using AI for qualitative work, it is essential to keep hu-
mans in the loop to ensure quality, fairness, and ethical use.

7 Conclusions
This study set out to understand how smokers and vapers
experienced preparatory activities recommended by a chatbot
in a digital smoking cessation intervention, and whether large
language models (LLMs) can support the analysis of those
experiences. Two subquestions guided this work:
(1) What do smokers’ and vapers’ free-text responses reveal
about their experiences with chatbot-recommended prepara-
tory activities?
(2) To what extent can LLMs support qualitative analysis?

In response to the first question, the open-ended feedback
showed that users had a wide range of reactions. Some felt
encouraged, motivated, or better prepared to quit smoking,
while others found the activities confusing, irrelevant, or dif-
ficult to carry out due to personal or situational barriers, such
as phobias or preferences for specific activities over others.
These varied responses suggest that digital interventions
may need to account more carefully for individual context,
preferences, and constraints to be effective.

To address the second question, we explored whether a local
LLM (LLaMA 3.3 8B) could support qualitative analysis
by generating themes and applying a coding scheme. The
model was able to produce general themes that aligned
with human-coded patterns, indicating some promise in
exploratory analysis. However, when asked to apply a
predefined coding scheme to new data, the model performed
poorly, showing almost no agreement with human coders.
This suggests that while LLMs may be helpful in the early
stages of qualitative research, they are not yet reliable for
more structured or interpretive tasks without additional
training or human oversight.

In conclusion, this study highlights the varied ways users ex-
perience preparatory activities in a digital smoking cessation
intervention, shaped by emotional, practical, and contextual
factors. While LLMs showed potential for exploring broad
patterns in open-text data, they remain limited in tasks requir-
ing nuanced interpretation. Together, these findings suggest
that both intervention design and qualitative analysis benefit
from a balance of automation and human insight.
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A Mapping from Our Thematic Analysis Themes to AI’s Themes

Table 2: Mapping from Our Thematic Analysis Themes to AI’s Themes

Human
theme

Human theme’s description AI theme AI theme’s description

Perceived
Usefulness

This group reflects how helpful or relevant
the activity felt for participants in the
context of quitting smoking or vaping.
Some participants felt that the activity had
a clear and meaningful role and it was
helpful in supporting their quitting
journey. Others expressed confusion or
doubt about how the activity was supposed
to help. Examples include: Felt Useful
(helpful for quitting) and Unclear How it
Helps With Quitting (struggling to see
relevance).

Activity
Helpfulness

Participants expressed differing views on
whether the activities felt meaningful.
Some clearly saw their value, while others
doubted their relevance or effectiveness.

Perceived
Cognitive
Effort

This group captures how mentally
demanding or clear participants found the
activity. For some, the task felt easy and
straightforward, while others found it
confusing or mentally taxing. Includes
Felt Easy to Do, Unclear Instructions, and
Hard to Stay Focused.

Task
Complexity

The perceived difficulty of completing the
activity was a common topic. Some
participants found the tasks simple and
manageable, while others were confused
or thought they were hard to do.

Fit with
Existing
Routines or
Preferences

Reflects whether the activity aligned with
participants’ current habits or preferences.
Some were already doing the activity or
found it personally unsuitable. Includes
Already Doing the Activity and Personal
Preference.

Redundancy
in Recom-
mendations

Some participants indicated they were
already engaging in suggested activities,
leading them to view the
recommendations as unnecessary or
uninspiring.

Motivational
Impact

Describes whether the activity helped
users feel more determined or inspired to
quit. Those positively motivated spoke
about increased commitment and
readiness to change.

Motivational
Impact

The activities sparked increased
commitment in some users. Participants
described feeling more prepared,
reflective, or hopeful about quitting.

Environmental
or Contextual
Barriers

Captures external factors such as
environment or personal context that made
the activity difficult or impossible to do.
Examples include physical limitations,
anxiety, or financial constraints.

External
Challenges

Participants described external factors like
mental health issues, work overload, or
lack of physical access that interfered with
their ability to carry out the tasks.
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