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Abstract

Smoking cessation interventions sometimes in-
volve the use of both technology and human sup-
port to increase effectiveness. Nevertheless, little
is known about user preferences for allocating hu-
man support and whether large language models
(LLMs) can support qualitative analysis to better
understand these preferences. This study analyzes
how smokers’ ethical perspectives shape their pref-
erences for time allocation mechanisms in online
smoking cessation programs, while also evaluating
how can LLMs support this analysis.

We conducted a deductive thematic analysis of
open-ended responses from users who completed a
questionnaire after participating in a smoking ces-
sation program with a virtual coach. Additionally,
we employed the LLaMA large language model to
identify patterns in the responses and to assign the
ethical themes discovered during the analysis.

The findings indicate that some users valued fair-
ness and preferred scheduled, randomized inter-
ventions or no feedback. Others emphasized au-
tonomy, wanting users to request feedback them-
selves. Some suggested prioritizing motivated or
advanced users. A common view was that inter-
ventions should focus on those in need, users at risk
of disengagement or health problems, those making
little progress, experiencing emotional difficulties,
or lacking clarity. The large language model was
successful in identifying themes but not in accu-
rately allocating themes, reflected by a low Cohen’s
Kappa [1] of 0.05.

The results presenting user preferences can guide
the design of interventions that need to be effec-
tive and ethically sound. The findings suggest that
while large language models can identify themes,
they are not yet suitable for allocating those themes.

1 Introduction

Smoking remains a major problem in society despite widely
known facts about its harmful effects [2]. The success rates
for quitting remain low, while the likelihood of relapse re-
mains at high levels [3]. Technology represents an accessible
tool that can support individuals in quitting smoking. How-
ever, despite the potential of applications, users often fail to
be consistent, suggesting a disconnect between what current
applications provide and what users need [4].

While technology can provide much support, it may lack
the personal touch and emotional support many individu-
als need. Smokers mentioned that the lack of encouraging
feedback was one of the major obstacles in their efforts to
quit smoking [5]. One strategy to solve this is the integra-
tion of human coaching into online smoking cessation pro-
grams. However, human support is not as accessible or scal-
able as technological solutions and therefore must be strategi-
cally implemented. Given that human support is a scarce re-

source and tied to healthcare delivery, its distribution should
be guided by a set of ethical principles.

White et al.[6] suggest that when medical help is limited,
it is important to make decisions that people see as fair. The
same idea applies to deciding how and when to offer human
coaching in digital programs. Understanding the perspectives
of the users helps ensure that interventions are aligned with
their needs. This research aims to answer the central question:
How do smokers’ ethical perspectives shape their prefer-
ences for time allocation mechanisms in online smoking
cessation interventions? Understanding this can guide the
design of future programs that combine human and techno-
logical support by identifying optimal moments to introduce
human feedback, making the interventions meaningful and
scalable.

To address this question, this paper presents a qualitative
study based on responses to an open-ended question from a
questionnaire given after a program with a virtual coach de-
signed to support smoking cessation. The responses come
from individuals who smoke or vape and intend to quit, as
part of a study conducted by Albers et al. [7], and are ana-
lyzed to uncover patterns in user preferences.

Identifying patterns in data can be demanding, particularly
when working with large volumes of responses. This mo-
tivated a secondary research question: Can large language
models (LLMs) support qualitative analysis in practice?
Answering this question could help determine whether LLM
could be integrated into future research to support qualitative
analysis.

The paper begins by presenting related works in the do-
main and the methodology used to analyze the data. It then
presents the main findings: the preferences observed in the
responses of the participants, the effectiveness of the LLM-
assisted qualitative analysis, and a comparison between how
users responded to open questions versus closed questions.
The paper then reflects on the implications of the results for
the design of scalable interventions, presents possible limita-
tions, and offers possible directions for future work.

2 Related Work

Swartz et al. [8] indicate that technology can have a meaning-
ful influence on smoking-related behavior change, with fully
automated web-based programs demonstrating higher short-
term quit rates compared to no treatment, with a 24.1% ab-
stinence rate at 90 days versus 8.2% in the other group. Re-
gardless of these results, digital tools may not be sufficient
for sustained behavior change. Integrating human support,
such as telephone counseling, with digital interventions can
lead to higher quit rates and better adherence in programs [9].
However, human support is a limited resource, which intro-
duces the requirement to allocate it effectively and fairly. In
healthcare, such decisions are often guided by ethical princi-
ples. For instance, during the COVID-19 crisis, experts rec-
ommended using a set of ethical principles to decide how to
share limited medical resources like ICU beds [10].

Albers [4] suggests a set of ethical principles for offer-
ing human help in smoking cessation programs, based on
Persad et al.’s [11] framework for offering scarce health re-



sources and extending it with an additional principle. The
original framework includes four principles: Treating people
equally, Favoring the worst-off: prioritarianism, Maximizing
total benefits: utilitarianism, and Promoting and rewarding
social usefulness [11]. The additional principle is Respecting
autonomy [4]. This study employs this principled framework,
as it offers an ethical foundation for analyzing the preference
for the allocation of scarce human support in smoking cessa-
tion interventions.

3 Methodology
3.1 Data Collection

To address the research question, the public dataset from the
Albers et al.[7] study was used.

During the initial stage of the study, 852 people interacted
with the virtual coach Kai via the online platform Prolific.
The requirements to participate in the study were to be over
18 years old, to speak English fluently, to smoke or vape daily,
to have the intention of quitting this habit, and to not be in
another similar program. In each session, participants were
assigned one preparatory activity for quitting smoking out of
37 in total. Between the completion of one session and the
start of the next, participants had a 20% chance of receiving a
feedback message from one of the 2 coaches who were Mas-
ter’s students in Psychology.

From the total number of participants, 500 completed the 5
sessions, and 449 people provided their preference on when
human feedback should be allocated. They answered the
question, Based on which principles/rules should the virtual
coach decide when a human coach should give feedback to
people who are preparing to quit smoking? [7]. They were
then presented with 11 ethical principles, derived from the
five core principles emphasized by Nele [4] and discussed in
the related work section. Participants were asked to allocate
100 points across these principles based on the importance
they assigned to each.

3.2 Manual Thematic Analysis

Thematic analysis is an approach used to identify, analyze,
and interpret patterns in qualitative data [12]. It was carried
out to find patterns in how users perceive a fair time allocation
mechanism for a human coach to intervene in smoking ces-
sation interventions. This method was chosen as it provides a
flexible yet rigorous method for analyzing patterns (themes)
within qualitative data [12].

Since the research question examines the allocation of hu-
man support, a limited resource, we took into consideration
the allocation principles presented in the related work sec-
tion. Deductive thematic analysis was used because it allows
the data to be examined through the lens of these ethical prin-
ciples. This approach enabled an examination of how par-
ticipants’ preferences align with ethical considerations in the
timing of human feedback. We used the six steps presented
by Braun and Clarke [12]:

Familiarizing with the dataset In this initial step, we ex-
amined the dataset multiple times to ensure adequate famil-
iarity with the user’s opinions. An active reading was per-

formed, during which, we reflected on possible codes that
could be found in the next stages of the analysis.

During this step, we performed data cleaning. Only the
responses that offered the views of the participants were kept.
Some examples of deleted responses were ”Not sure.”(P317),
”No idea” (P313) or "I don’t know what to answer in this
case” (P335). Since these did not share any information, they
could not have been taken into account in our analysis.

Generating codes Generating the codes was an iterative
process that involved reading the data multiple times. Firstly,
we noted codes as observations about the data, which were
detailed to capture every insight of the responses. This re-
sulted in a large number of codes. We further grouped similar
codes that referred to similar ideas. For example, “feeling
low”, ”low mood,” and ’bad emotions” all refer to a ’nega-
tive emotional state”.

Searching and reviewing themes Searching for themes is
an active and interpretive process [13]. It involved reviewing
the final list of codes and trying to find similar patterns or re-
lationships between them. Themes were created by grouping
codes that referred to similar ideas.

To assess the reliability of the analysis, an independent re-
searcher studied a subset of data. Specifically, 100 randomly
selected responses were analyzed. This analysis offered an
additional perspective on the data, ensuring that the themes
found were not influenced by a biased perspective.

The co-analyst developed an independent coding schema
and decided on the list of themes. Following this, we dis-
cussed the themes that each of us had found. We focused on
the codes grouped within each theme, assessing whether our
themes captured similar meanings within the data. After this
comparison, we reconsidered the dataset to verify that both
theme lists accurately reflected the full content of the data.
Although the lists showed significant overlap, they were not
identical, and some small differences were found.

After the discussion, we agreed on a set of themes that both
of us felt that it accurately represented the dataset. To further
verify the applicability of this list, the co-analyst was given
a new set of 100 random responses, different from the ini-
tial subset. They applied the final theme list to this second
dataset. To assess the reliability of this assignment, we calcu-
lated Cohen’s Kappa coefficient [1]. We obtained a score of
0.79. We chose this coefficient as a reliability metric since it
measures agreement while taking into account the agreement
that could happen by chance. The coefficient obtained shows
a moderate to strong level of agreement [1].

Defining and naming themes After identifying and re-
viewing the themes, a preliminary list was made that included
each theme’s name along with a brief description of what
it represented. At that stage, the descriptions were vague,
serving as definitions to describe the main idea behind each
theme, and the names served as provisional labels to capture
the view behind each theme.

During this phase, more suggestive names were picked for
each theme. Additionally, clear and concise descriptions were
attributed to each theme to provide details that contributed to
answering the question.



3.3 Comparison Between Open and Closed
Responses

We compared the themes identified in the open-ended re-
sponses with the results of the closed question, in which par-
ticipants allocated 100 points to 11 ethical principles. We
wanted to see whether individuals tended to assign points
to principles that aligned with the themes they had men-
tioned, indicating whether their views remained consistent
when moving from an open question to a more structured set
of options.

We used the Point-Biserial Correlation and p-values for
this analysis. The point-biserial correlation is appropriate be-
cause it measures the strength of association between a binary
variable (whether or not a participant mentioned a specific
theme) and a continuous variable (the number of points they
assigned to a corresponding principle) [14]. We calculated p-
values to assess the statistical significance of each correlation
[14].

For each theme, we calculated these values using the eth-
ical principles most closely related to the underlying value
of that theme. The 11 principles used in the closed question
were derived by Alberts [4], based on the 5 broader ethical
principles presented in the same study, and that we also used
in our deductive thematic analysis. The study also includes
a mapping table showing how the 11 detailed principles cor-
respond to these 5 core values [4]. This allowed us to exam-
ine whether, for a given theme, participants tended to allocate
points to the principles associated with the same ethical value,
testing the consistency of their views across open and closed
responses.

3.4 Automatic Thematic Analysis

Automatic thematic analysis was performed to find if large
language models could support qualitative analysis. We
tested two aspects: whether an LLM could perform thematic
analysis to identify themes within the user’s responses, and
whether it could assign the found themes to these. We used
a locally hosted version of the LLaMA model to have more
control over processing. We selected the LLaMA 3 (8B)
model because the LLaMA model has demonstrated the abil-
ity to capture language nuances [15], and variant 3 (8B) offers
computational efficiency.

For both theme identification and theme assignment, the
dataset was divided into 4 equal parts due to the limited con-
text window of the local LLM, and analysis was conducted
separately on each subset. The themes found were later re-
viewed and consolidated, with considerable overlap across
parts, increasing confidence in the robustness of the analy-
sis. In the second step, the LLM was also used to assign
these themes to individual messages, and the output, a list of
messages paired with the themes assigned by the LLM, was
evaluated to assess accuracy.

Designing the prompts

For the theme identification, we designed a specific prompt
to guide the model in identifying relevant patterns within the
data. The prompt, titled "Theme Identification Prompt”, is
displayed in the box in the following column. Rather than

guiding the model through each of the six steps of Braun
and Clarke’s [12] thematic analysis process separately, we de-
cided to have the steps into a single prompt. This approach
allowed the model to perform multiple steps in one go, pro-
ducing a more consistent analysis. Using this prompt, we
provided the data to the local LLM for analysis.

Theme identification prompt

Analyze the following qualitative text data using deductive
thematic analysis, guided by key principles from medicine.
Begin by coding the text - identify key observations or pat-
terns that indicate when a human coach should intervene.
Then, group similar codes, ensuring that distinct concepts
(e.g., motivation, progress) are kept in separate themes.
Derive clear and specific themes, with each theme captur-
ing only one idea. The goal of this analysis is to answer the
question: What time allocation mechanism would smokers
prefer for a human coach in online smoking cessation inter-
vention?

Present only your final themes in a table with two columns:
Theme Name

Theme Description (no more than two lines)

A second tailored prompt was used for the theme assign-
ment task, instructing the LLM to match each message with
the most appropriate theme. The prompt, titled ”Theme Allo-
cation Prompt”, is presented in a boxed format below.

Theme allocation prompt

Here are the themes identified from the entire dataset to-
gether with a description of them:

[ThemeO]: [Definition0]

[Themel]: [Definition1]

[ThemeN]: [DefinitionN]

Please analyze the following participant messages and as-
sign the themes to each message. If a message does not
clearly fit any theme, label it as "None”. Provide the as-
signed theme. Output format, table with the 2 columns:
Message Number (not the entire message)

Assigned Theme.

As Marvin et al. [16] suggested, in order to finalize the
prompts, we iteratively created and tested several versions.
Each version was tested on a sample of the first 10 messages
to evaluate whether the LLM was responding in the intended
way. For example, for the theme identification prompt, the
model struggled to produce themes in the desired format or
returned overly broad labels. To solve this, we clearly stated
to put distinct concepts in separate themes and mention the
desired format more clearly. Similarly, during the theme as-
signment, the LLM generated new themes that had not been
provided. Because of that, we refined it by mentioning to put
’None’ in case no theme matched.



4 Results
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Figure 1: Themes and Corresponding Principles

4.1 Manual thematic analysis

Following the manual thematic analysis, a total of 10 themes
were identified, as presented in Figure 1. These themes were
derived from the ethical principles discussed in the related
work section and reflect how smokers’ ethical perspectives
shape their preferences for time allocation mechanisms in on-
line smoking cessation interventions. The principle of Pro-
moting and rewarding social usefulness did not appear in par-
ticipants’ responses. However, the remaining ethical princi-
ples are reflected in the identified themes as follows:

Treating people equally

From the ethical principle of Treating people equally, 2
themes emerged: Scheduled and Random Interventions
and No Human Intervention Needed. This reflects the idea
that users should receive the same level of support from a hu-
man coach.

The former theme suggests that participants wanted to have
a fair system of providing human feedback, either by offering
it randomly or by an approach that systematically included
all users. Some participants responses aligned exactly with
the theme “choose randomly” (P751), while others proposed
possible strategies to ensure fairness, such as "After however
many days it should assign a human to check in on the sub-
ject” (P162) or "All, everybody should get a chance, maybe
alphabetically” (P403).

The latter theme suggests that some users did not feel the
need for human coach intervention. They stated it ”No, I dont
think its neccessary” (P835) or expressed the belief that tech-
nology is powerful enough to replace the need for a human
in the program “Yes, virtual coach is good too in my opin-
ion, Al technology is very powerful if used effectively” (P41),
“virtual coach should take the part, giving feedback” (P974).
They also offered ways to help the users without the need
of a person "Summaries of what was discussed was enough”
(P983).

Respecting autonomy

In the thematic analysis, the ethical principle of Respecting
Autonomy emerged. From this principle, a key theme identi-
fied was: User-Initiated Interventions, suggesting that users

should receive human feedback only when they express or in-
dicate that it would be valuable or helpful to them. One par-
ticipant emphasized the importance of consent and timing by
noting ”Courtesy and consent of when contacted, e.g., prior
agreed upon and or reasonable hours” (P82). Other users
pointed out that feedback should go to those who express in-
terest, stating: ”People that indicate they would most like to
be contacted by a human coach should be prioritised” (P556)
or "The virtual coach should ask the participants directly if
they want human feedback” (P1065).

Maximizing total benefits: utilitarianism

The principle of Maximizing total benefits: utilitarianism
suggests that actions that produce the greatest overall good
should be prioritized. In the context of smoking cessation in-
terventions, this principle was reflected in two themes derived
from participant responses: Most Effective Intervention and
Intervention for Sustained Effort.

The first theme reflects that help should be given to individ-
uals who are highly motivated or close to quitting. These par-
ticipants believed the intervention could lead to an increase
in the chance of successfully quitting smoking. Some par-
ticipants mentioned the importance of motivation, for exam-
ple, “their willingness to quit” (P782), or "The people that
have the strongest urge to quit” (P579). Others implied the
value of prioritizing those close to quitting ”Prioritize the
ones that were closest to quit the program and start vaping
again” (P430).

The second theme represents people who consistently in-
vest effort, even if their progress might be slow. While the
outcomes, in some cases, might not be immediate, the sus-
tained engagement should be appreciated. Some users men-
tioned the idea of hard work, "The ones that sound like they
are trying hard would be best to feedback” (P18), ”Whoever
seems to be engaging in the project the most” (P609). Despite
their hard work, some individuals still needed help, this nu-
ance appeared through messages like ”People who are trying
hard to quit and need help” (P531), or ”Whether the person
seems really b serious about quitting but is obviously strug-
gling” (P158).

Favoring the worst-off: prioritarianism

In the context of smoking cessation interventions, this ethical
principle indicates that support should be given to individuals
who are in more disadvantaged situations and who are less
likely to succeed without human feedback. Guided by this
ethical perspective, 5 themes were identified, each reflecting
distinct ways in which users expressed the idea of prioritizing
people in bad situations.

Emotional Support Interventions, this theme reinforces
the idea that individuals in more vulnerable states need hu-
man feedback. In these cases, personalized support serves as
a source of encouragement. Users mentioned the following
opinions supporting this "When they are struggling or not
giving a positive response” (P241) or ”Perhaps the human
coach should give feedback when a user is feeling discour-
aged” (P6). They also emphasized the benefit of providing
feedback in bad situations stating ”if when asked how youre



mood is on that day, if you respond with low, not good then
feedback should be given to help boost youre mood” (P362).

The second theme related to this principle is Re-
engagement Interventions. This refers to instances in which
individuals cease to actively participate in the smoking cessa-
tion program, either by stopping to interact with the virtual
coach or by significantly reducing their engagement. In such
cases, human feedback might serve as a mechanism to re-
engage participants and prevent them from quitting the inter-
ventions. Responses supporting the theme while also express-
ing how to observe disengagement were: “when the person is
not trying to do exercises” (P479), "probably when the par-
ticipant is not doing as expected? like when they are not even
trying to do anything” (P866) or "When people are scaling
down their efforts or losing interest” (P478).

A third theme emerging from the analysis was Progress-
Based Interventions. This theme represents people who, de-
spite remaining engaged with the program, show little or no
improvement over time. Human feedback in these instances
can offer different strategies to overcome plateaus. The fol-
lowing user responses illustrated these perspectives: ”When
the help from virtual coach does not work at all” (P598),
”"When there doesn’t appear to be any progress in the goals
set” (P448) and ”If the human has displayed obvious effort
to apply the prescribed tasks with little to no improvement on
their smoking habits” (P747).

Clarity and Guidance Interventions was the fourth
theme identified. This theme represents situations where
users experience complex emotions or confusion that the vir-
tual coach is not equipped to address. In these moments, hu-
man intervention can be beneficial, as it can give explanations
or guide users through difficulties. Several responses high-
lighted moments of confusion, for instance: “focus on the
people who truly have concerns or questions that Kai can-
not answer” (P698), or “those who are unsure of what to
do” (P24). Others stressed the value of human support in
clarifying sessions: “when there are more pertinent or per-
sonal questions” (P558) and "I think when people need direct
help or don’t understand the session should be prioritized”
(P257).

Lastly, the theme High-Risk Signal Interventions
presents situations in which immediate human feedback is
crucial due to serious risk factors. According to this theme,
priority should be given to individuals at the highest risk of
negative consequences from continued smoking. Users sug-
gested this theme with opinions mentioning current critical
situations: " Prioritize those who are the most psychologically
and physically affected by vaping” (P1013), " Prioritise those
with health issues that may be worsened by vaping” (P619)
and "When life is at risk, or when all activities are followed
with maximum effort and no results are occuring” (P360).

4.2 Comparison of Open and Closed Responses

The full set of results evaluating the relationship between
themes identified in the open-ended responses and the closed-
question allocations, including correlation coefficients and p-
values for each theme, is presented in Table 1. According
to the classification used by Dichoso and Cabauatan [17], the
User-Initiated Interventions theme showed a reasonably good

association and Scheduled and Random Interventions demon-
strated marginal or acceptable correlations, both themes had
statistically significant p-values, suggesting that the observed
correlations are not the result of random variation. The re-
maining themes showed poor discrimination, indicating weak
alignment between open and closed responses.

Theme Correlation | P-value
Scheduled and Random Interven- 0.255 6.69e-06
tions

No Human Intervention Needed 0.052 0.3683
User-Initiated Interventions 0.391 1.47e-12
Most Effective Intervention 0.028 0.6236
Intervention for Sustained Effort 0.077 0.1809
Emotional Support Interventions 0.100 0.0817
Re-engagement Interventions -0.041 0.4797
Progress-Based Interventions 0.050 0.3846
Clarity and Guidance Interventions 0.117 0.0416
High-Risk Signal Interventions 0.093 0.1055

Table 1: Correlation Between Themes and Point Allocations

4.3 Automatic thematic analysis

As a first step, we tested the large language model on theme
identification. The dataset was split into equal 4 parts, result-
ing in having 4 tables with the themes and a small description
of them. We observed that the themes showed substantial
overlap, with the majority of the themes occurring in each
subset. Although the theme labels were not always identical,
the descriptions showed they referred to the same user prefer-
ences. For example, theme labels "Random Check-ins” and
”Randomized Feedback”, referred to the same idea based on
the description but have a different name. The following list
presents the themes identified by the LLM, along with their
corresponding descriptions.

¢ Randomness and Equal Distribution: Human coaches
should consider random selection to ensure fairness and
equal opportunity for all participants to receive feed-
back.

* Request-based Intervention: Human coach feedback
should be provided to participants who explicitly request
it, regardless of their level of engagement or motivation.

* Motivation and Engagement: The theme suggests that
human coaches should focus on participants who are
motivated and engaged in quitting smoking, as they may
benefit from additional support.

* Struggling Participants: Human coaches should inter-
vene when participants are struggling or showing signs
of distress, such as low motivation, doubts, or negative
responses.

* Low Motivation Scores: Participants with low motiva-
tion scores or those who are not engaged in the activities
should receive human coach feedback to boost motiva-
tion.

* Progress-based Intervention: The theme highlights the
need to monitor progress and provide feedback to partic-
ipants who are making little to no progress, indicating a
potential need for more assistance.



* Personalized Feedback: Human coaches should pro-
vide personalized feedback based on individual needs
and circumstances, taking into account factors such as
motivation, progress, and willingness to quit.

¢ Concerning Issues: Human coach intervention is nec-
essary when participants raise concerning issues, such as
mental or physical harm, or illness.

Based on the descriptions, we were able to do a unified ta-
ble with all the themes found. Table 2 shows the LLM themes
alongside those from the manual analysis, revealing strong
overlap. Some manual themes, such as Scheduled and Ran-
dom Interventions and User-Initiated Interventions, have di-
rect matches in automatic themes like Randomness and Equal
Distribution and Request-based Intervention. In other cases,
such as Most Effective Intervention and Intervention for Sus-
tained Effort, both map to a broader theme of Motivation
and Engagement. The theme No Human Intervention Needed
does not have a direct counterpart in the LLM’s output, indi-
cating a gap in the model’s interpretation.

Manual Theme

Automatic Theme

Needed

Scheduled and Random In- | Randomness and Equal
terventions Distribution
No Human Intervention | N/A

User-Initiated Interventions

Request-based Intervention

Most Effective Intervention

Motivation and Engage-
ment

Intervention for Sustained
Effort

Motivation and Engage-
ment

Emotional Support Inter-
ventions

Struggling Participants

Re-engagement Interven- | Low Motivation Scores
tions

Progress-Based Interven- | Progress-based Interven-
tions tion

Clarity and Guidance Inter-
ventions

Personalized Feedback

High-Risk Signal Interven-

Concerning Issues

tions

Table 2: Correspondence Between Themes

The last five themes demonstrated how the LLM matches
the manual analysis in identifying moments where human
feedback might be needed. For instance, Emotional Sup-
port Interventions align with the LLM’s Struggling Partici-
pants, both indicating users experiencing emotional difficulty.
Similarly, Re-engagement Interventions correspond to Low
Motivation Scores and despite that the theme name may not
be the most suggestive, the description associated with it re-
veals that both themes refer to situations where users have
disengaged from the program and may benefit from targeted
feedback. Progress-based intervention theme is directly mir-
rored by Progress-based Intervention, showing a shared un-
derstanding that a lack of progress signals the need for sup-
port. Clarity and Guidance Interventions map onto Personal-
ized Feedback, where the LLM recognized the need for tai-
lored responses. Finally, High-Risk Signal Interventions are

represented by the LLM as Concerning Issues, reflecting the
recognition of urgent circumstances.

As the second step in evaluating the LLM, we tested its
ability to assign themes to user responses. We compared
the list of themes assigned by the LLaMA model to those
from our manual thematic analysis. Cohen’s Kappa coeffi-
cient [1] was used for this comparison. The result indicated
0.05 agreement, a "None” level [1], suggesting that the LLM
did not reliably assign themes in alignment with the human
analysis.

5 Discussion

Manual thematic analysis results

In this study, the focus is to see how users’ opinions, re-
garding how human feedback should be assigned to smok-
ing cessation programs, relate to ethical principles. Before
this analysis, it was unclear how smokers interpreted ethi-
cal considerations such as fairness, autonomy, utilitarianism,
or prioritarianism in the context of human feedback distribu-
tion. Although these ethical principles are recognized, what
remains unknown is how they are manifested in user pref-
erences. Our analysis shows how they emerge from partici-
pants’ responses, interpreted through thematic analysis.

The principle of Treating People Equally presents 2
themes, each representing a possible implementation strategy.
Scheduled and Random Interventions reflect a preference for
fairness by implementing an exact system, ensuring that no
user is favored. No Human Intervention Needed, suggests
that users view virtual coaching as sufficient and no human
feedback would be provided.

The theme of User-Initiated Interventions represents the
Respecting Autonomy principle. This reflects users’ prefer-
ence for systems that respond to users expressing their need
for support rather than assuming it.

Themes like Most Effective Intervention and Intervention
for Sustained Effort show how users would apply Maximiz-
ing Total Benefits: Utilitarianism in interventions. The for-
mer theme suggests allocating feedback to those close to the
end of the program or highly motivated, as these individuals
often show signs that they are likely to succeed in the pro-
gram. The latter theme includes individuals who demonstrate
effort, reflecting that those who consistently work hard, even
without immediate results, may benefit the most from human
feedback.

This principle Favoring the Worst-Off: Prioritarianism,
is reflected in five different themes, representing an interpre-
tation to support those who need human feedback the most.
The vulnerability appear in multiple forms: emotional dis-
tress, where users report low mood or lack of motivation, dis-
engagement, marked by participation drop, stagnation, where
users show little progress, confusion when participants face
obstacles or questions the Al cannot answer, and urgent issues
such as health concerns that require quick intervention. Users
identified these as moments where human feedback should be
prioritized.



Comparison of Open and Closed Responses

These findings from the evaluation of open and closed ques-
tions suggest that some participant preferences are more con-
sistent and others are not. The User-Initiated Interventions
theme indicates a strong and clear alignment between what
participants expressed in open-ended responses and the eth-
ical value they prioritized in the point-allocation task. This
suggests that users have a well-defined belief that they should
have control over when human feedback is given. The Sched-
uled and Random Interventions theme showed a marginal
or acceptable correlation, suggesting that while some par-
ticipants support fairness, this view may be more context-
dependent. The weak or negligible correlations for the re-
maining themes indicate the complexity of aligning ethical
preferences with concrete decisions.

Automatic thematic analysis results

Our findings indicate that the themes identified by the LLM
align with those from the manual analysis, covering all
themes except for "No Human Feedback.” This suggests that
the LLM is effective in detecting themes. This corresponds
to the findings of De Paoli [18], who discovered that LLMs
were capable of finding most of the main themes, supporting
the idea that the use of LLMs for thematic analysis is a viable
approach. Although the studies have some differences, De
Paoli [18] used an inductive method and a more sequential
use of the LLM, while we used a deductive thematic analysis
and a more holistic approach, we believe their findings sup-
port ours, both highlighting the potential of LLMs to identify
relevant themes.

In the study by Xiao et al. [19], large language models,
including GPT-3, were used to assign predefined themes to
data. The results demonstrated a high level of agreement
between the model and the human coders [19]. In con-
trast, our study, using a different LLM and dataset, found
that the model performed poorly in assigning themes to in-
dividual messages, with a low Cohen’s Kappa coefficient
below 0.1 [1]. We believe this discrepancy is not due to
flaws in the manual theme assignment, as the coding process
showed moderate to strong agreement between two indepen-
dent coders.

5.1 Limitations

One limitation of this study is the use of a less powerful large
language model, chosen due to computational limitations of
the available hardware. Although more advanced models may
have produced potentially better results, LLMs are rapidly
evolving. Because of that, benchmarking against every new
model would be impractical. Nevertheless, the successful
theme identification suggests that the approach is reasonable
and would likely perform well with more powerful models.
Additionally, we focus more on prompt design, as this can
also be applied with more powerful LLMs.

Another limitation of this study comes from the dataset, as
participants were paid to participate in the program and com-
plete the questionnaire from which the data came. This may
have introduced potential biases in responses, such as partic-
ipants providing responses they believe they are supposed to

give rather than their opinions and should be taken into ac-
count when interpreting the results.

Despite the involvement of a second coder for manual the-
matic analysis, both coders share a similar academic back-
ground. This may have influenced the interpretation of the
data and individuals from different backgrounds might inter-
pret responses differently.

5.2 Future work

Future work could revisit this analysis using a dataset where
participants were not paid. While participant payment is com-
mon, it may unintentionally influence responses as even mod-
est rewards can raise concerns about the authenticity of qual-
itative data [20]. Future studies could also benefit from a
larger dataset.

The use of more powerful large language models could be
explored in the future for theme assignment tasks. A study by
D’Agostino et al. [21] demonstrated that GPT-4 performed
well in assigning themes to interview data. These findings
suggest that more advanced models could improve thematic
coding performance. However, such models often require
substantial computational resources, which limits their appli-
cation in the current study.

6 Responsible research

We adopted a responsible research approach, to ensure that
our results can contribute in a meaningful way to both society
and the academic community. This section presents the mea-
sures we have taken to ensure that our work is aligned with
academic values.

6.1 Dataset

The data used in this research were anonymized, and we did
not have access to any personally identifiable information.
The dataset originates from the Albers et al. [7] study, which
was granted ethical approval for the research by the Human
Research Ethics Committee of Delft University of Technol-
ogy (Letter of Approval number: 3683). The data were not
modified in any way, the original version was maintained
throughout the analysis and only included data from individ-
uals who completed five sessions with a personal coach, en-
suring that participants had sufficient context to assess when
human feedback should be allocated.

The questionnaire data were collected via the Prolific plat-
form, which ensured that participants met the requirements
for participation in the coaching program. This study aimed
to promote inclusivity and successfully included at least 40%
male and 40% female individuals, as well as a minimum
of 20% daily smokers and 20% daily vapers, which was
achieved.

6.2 Ethical considerations

Physicians consider that the allocation of scarce resources is
a significant ethical challenge in medical practice [22]. Given
that human feedback in online interventions is a scarce re-
source, its allocation introduces important ethical considera-
tions. For this reason, when conducting the thematic analysis



of users’ preferences for human feedback, we chose a deduc-
tive approach that allowed us to incorporate ethical principles
when interpreting the data.

6.3 Reproducibility

We consider this study reproducible because the methodolog-
ical approach was described in detail, outlining replicable
steps and the dataset used is publicly available. Additionally,
a second coder verified the identified themes as well as the al-
location of themes to each message to enhance the reliability
of the analysis. We also validated the results by comparing
them with findings reported in existing literature.

A locally hosted large language model was selected to pro-
cess the data and to help prevent unwanted model updates
or learning from the input. Additionally, running the LLM
locally supports a reproducible workflow [23]. To further
support reproducibility, we configured the LLM parameters,
setting the temperature parameter to O to control the random-
ness. This ensures that the model produces the same results
each time it is run with the same input.

7 Conclusions

In conclusion, the ethical perspectives of smokers influence
their preferences for time allocation mechanisms in online
smoking cessation interventions, with multiple ways to im-
plement each ethical principle. For fairness, users want in-
terventions like Scheduled and Random Interventions or the
No Human Intervention Needed option to provide fair sup-
port over time. For autonomy, User-Initiated Interventions
were mentioned to allow users to control when they engage.
Emotional Support Interventions, Re-engagement Interven-
tions, Progress-Based Interventions, Clarity and Guidance In-
terventions, and High-Risk Signal Interventions reflect the
ethical principle of favoring the worst off by prioritizing sup-
port for individuals at greater risk of not succeeding in the
program. Preferences for maximizing total benefits were re-
flected in interventions such as the Most Effective Interven-
tion and Intervention for Sustained Effort, which focus on
achieving the greatest overall success.

Our results indicate that LLMs perform well at identifying
themes and detecting patterns within the data, the thematic
analysis done using the LLaMA model gave similar results to
the manual thematic analysis performed by 2 coders. How-
ever, they are less accurate when it comes to assigning themes
to individual messages. This suggests that LLMs can be a
useful tool for theme discovery but require human support
for thematic coding.
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