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Abstract

Reflexive thematic analysis (TA) yields rich insights but is challenging to scale to large
datasets due to the intensive, iterative interpretation it requires. We present DeTAILS:
Deep Thematic Analysis with Iterative LLM Support, a researcher-centered toolkit that
integrates large language model (LLM) assistance into each phase of Braun & Clarke’s
six-phase reflexive TA process through iterative human-in-the-loop workflows. DeTAILS
introduces key features such as “memory snapshots” to incorporate the analyst’s insights,
“redo-with-feedback” loops for iterative refinement of LLM suggestions, and editable LLM-
generated codes and themes, enabling analysts to accelerate coding and theme develop-
ment while preserving researcher control and interpretive depth. In a user study with 18
qualitative researchers (novice to expert) analyzing a large, heterogeneous dataset, De-
TAILS demonstrated high usability. The study also showed that chaining LLM assistance
across analytic phases enabled scalable yet robust qualitative analysis. This work ad-
vances Human-LLM collaboration in qualitative research by demonstrating how LLMs can
augment reflexive thematic analysis without compromising researcher agency or trust.
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Chapter 1

Introduction

Re
exive Thematic Analysis (TA) is a powerful but time-consuming method for identifying
patterns of meaning in qualitative data [14]. Analysts iteratively code and interpret data
to develop themes, an intensive process that becomes di�cult to sustain as datasets grow
larger or more diverse [16, 54]. Maintaining consistent analytical depth across large open-
ended survey responses or social media posts (e.g., from Reddit) is extremely challenging,
often requiring signi�cant time and e�ort to avoid super�cial analysis [7, 54, 121]. The
growing scale of qualitative datasets, such as social media posts, has spurred demand
for approaches to analyze them e�ciently [20]. To tackle this issue researchers have used
di�erent methods, including team-based coding and AI-driven tools, to maintain analytical
depth across large datasets [20].

Computational text analysis techniques aim to accelerate this process, but they fall
short of replacing manual TA. Topic modeling algorithms like Latent Dirichlet Allocation
(LDA) [10] and BERTopic [53] can cluster documents into coarse \topics," yet these lack the
rich context and interpretive depth of true TA themes [25, 85]. Moreover, these methods
operate as \black boxes" that are hard for researchers to trust [18, 42, 64]. Qualitative
analysts often prefer the intensive manual approach over opaque tools due to concerns
about whether they can adequately perform the interpretive work required in re
exive
TA [15, 42].

Recently, large language models (LLMs) have shown promise in assisting thematic anal-
ysis. Unlike static algorithms, LLMs like GPT-4 [94] can engage in 
exible, context-aware
dialogue | for example, suggesting codes for a given excerpt or summarizing a set of texts
in natural language. Despite their promise, current LLM-based coding assistants often
generate generic or decontextualized codes and themes lacking mechanisms for continu-
ous researcher guidance and context embedding [36, 116]. One-o� prompting systems can
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speed initial analysis but produce super�cial outputs that require extensive manual re�ne-
ment, undermining time savings [57, 101]. Commercial CAQDAS tools like NVivo o�er
only partial automation, automating code suggestions (using LLMs) but leaving theme
development entirely to users, while collaborative platforms such as CollabCoder rely on
time-intensive consensus work
ows that limit individual agility and re
exivity [47, 82].
Thus, existing methods lack an integrated, end-to-end LLM-assisted work
ow that em-
beds researcher context, facilitates iterative human-in-the-loop feedback, and accelerates
thematic analysis without sacri�cing depth or trust.

To address these issues, we developed DeTAILS: Deep Thematic Analysis with It-
erative LLM Support [109]. DeTAILS is a researcher-centered toolkit that integrates
LLM assistance into the established six-phase TA work
ow (following Braun and Clarke's
framework [16]) while preserving interpretive control. At each phase, the tool provides
AI-suggested insights (for example, initial open-coding suggestions or theme drafts), but
always allows the human analyst to edit, re�ne, or redo the results via natural-language
feedback or interactive manual intervention.

To evaluate DeTAILS, we ran a usability study with 18 qualitative researchers varying
in TA expertise (6 novices, 6 pro�cient, 6 experts). Participants analyzed datasets of 30
Reddit posts (with comments). The study included a guided tutorial, a 90-minute inter-
active task following Braun and Clarke's re
exive TA phases, a review of pre-computed
results of a large-scale dataset, post-task surveys (NASA-TLX, AttrakDi�, Perceived Use-
fulness Scale), and semi-structured interviews. Key quantitative �ndings showed that the
AI's suggested codes aligned closely with the researchers' own decisions. Users also ex-
perienced very low mental and physical demands, rated the system's overall usefulness
near the top of the scale, and assigned high scores for both practical utility and engaging
design. These outcomes remained consistent across all expertise groups. Qualitatively,
participants noted faster coding (hours to minutes), built trust via editable suggestions,
and deeper interpretation through feedback, proving DeTAILS scales re
exive TA while
maintaining human control.

1.1 Thesis Statement

Our research bridges human{computer interaction and qualitative methodology by intro-
ducing DeTAILS, a toolkit that enables rigorous yet scalable thematic analysis through
an iterative, transparent LLM work
ow. We demonstrate how thoughtfully integrating an
AI assistant into each phase of re
exive TA can accelerate analysis on large or complex
datasets without sacri�cing interpretive depth or researcher agency. In essence, we show
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that:

It is possible to harness LLMs to augment qualitative analysis in a way that
ampli�es human insight rather than replaces it.

1.2 Contributions

This thesis makes three primary contributions to the �eld of Human-computer Interaction:

1. The DeTAILS system and work
ow: We introduce a novel interactive appli-
cation for thematic analysis that integrates LLM assistance into the six phases of
re
exive TA.

2. Empirical evaluation with diverse researchers: We present �ndings from a
usability study with 18 qualitative researchers from varying research backgrounds,
who used DeTAILS to analyze large, heterogeneous datasets of Reddit posts. We
show how qualitative researchers used DeTAILS to perform qualitative analysis at
scale.

3. Implications for trust and analytic depth: We discuss design implications for
AI-assisted qualitative research and o�er insight into designing AI tools that amplify
human analysts' capabilities without compromising re
exivity.

3



Chapter 2

Background and Related Work

Thematic Analysis (TA) is a foundational qualitative method for identifying patterns of
meaning (\themes") within textual data [3, 12, 14]. In the re
exive approach to TA de-
veloped by Braun and Clarke, the researcher plays an active, interpretive role in theme
development rather than merely applying a �xed codebook or seeking inter-coder reliabil-
ity [15, 119]. This approach is intentionally 
exible and iterative | codes and themes are
not pre-de�ned but emerge through deep engagement with the data and ongoing critical
re
ection by the analyst [14, 89, 103]. Braun and Clarke outline TA as a multi-phase
process (familiarizing with data, generating initial codes, searching for themes, reviewing
themes, de�ning/naming them, and producing a report) [14]. Crucially, re
exive TA rec-
ognizes the subjectivity of qualitative analysis: meanings are constructed by the researcher
(\the researcher as an instrument") and can vary based on one's theoretical lens or posi-
tionality [80, 86]. This interpretive freedom allows rich insights but also demands rigour in
how researchers document decisions and remain self-re
exive about their in
uence on the
analysis [43, 80, 89].

While powerful, traditional TA can be time- and labour-intensive, especially as qualita-
tive datasets grow in size and complexity [54, 88, 89]. Ensuring rigour requires the analyst
to develop deep familiarity with often voluminous data and to carefully track analytic
decisions over repeated readings [54, 89, 103]. If multiple coders collaborate, managing di-
vergent perspectives and reaching consensus on theme de�nitions adds further overhead [19,
54, 83]. Moreover, the sheer volume of contemporary qualitative data | from long inter-
view transcripts to thousands of open-ended survey responses or social media posts |
often makes a purely manual TA approach impractical (or extremely di�cult) [16, 54]. For
example, online platforms like Reddit can yield massive text corpora [7] that defy manual
coding in a reasonable time frame. Researchers without large teams or ample time may
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struggle to fully analyze such data, raising the risk of super�cial themes or overlooked pat-
terns [54, 121]. In sum, re
exive TA o�ers analytical depth but faces scalability challenges
in the face of big qualitative datasets.

2.1 Computational Aids for Thematic Analysis: Top-
ics vs. Themes

Given these challenges, there is growing interest in computational tools to assist human
qualitative analysis [13, 48, 51]. One common avenue has been topic modeling algorithms
| such as Latent Dirichlet Allocation (LDA) [10] or more recent transformer-based mod-
els like BERTopic [53] | which automatically cluster words or documents into \topics."
Tools like the Computational Thematic Analysis (CTA) Toolkit integrate such algorithms
to help qualitative researchers identify candidate themes or explore data patterns. For
instance, CTA originally incorporated LDA [48] and has since been extended to include
BERTopic [71], which uses contextual embeddings to �nd more granular topic groupings.
By applying these models, the toolkit can suggest groups of related texts or keywords in a
large corpus, potentially pointing the analyst to prevalent themes that merit investigation.

However, algorithmic topics di�er fundamentally from themes in re
exive TA. Topic
models rely on statistical co-occurrence or semantic similarity of terms, and thus their
\topics" are essentially clusters of words or documents that frequently appear together.
These may correspond to surface-level themes (e.g., repeated keywords), but they lack
the contextual depth and interpretive framing that de�nes a TA theme [25, 49, 85]. A TA
theme captures a pattern of meaning, often requiring the researcher's interpretation of why
certain ideas co-occur and what they signify in relation to the research question [14, 15].
In contrast, an LDA topic is a set of terms that often co-appear, which might be internally
coherent yet still descriptive rather than explanatory. As a result, automated topic outputs
often need extensive human interpretation and re�nement before they become meaningful
analytic themes. Prior studies have noted that directly using topic model results in place
of human coding can lead to loss of depth | important context may be missing, and
spurious word patterns can be mistaken for signi�cant insights [85]. While topic models
could rapidly cluster text, the resultant groups might require substantial re-interpretation
and editing by researchers to align with true themes of the data.

Another limitation is the \black box" nature of many computational methods. Al-
gorithms like LDA or neural topic models operate via complex statistical processes that
are not always transparent to researchers, which can engender skepticism [18]. Qualita-
tive analysts may be understandably wary of trusting an opaque model to surface themes,
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especially given the importance of context in qualitative meaning-making. Indeed, in-
terviews with social scientists indicate a tension: researchers �nd these tools promising
for handling scale, yet express doubts about the trustworthiness and interpretability of
machine-generated results [42, 64]. They worry that important but subtle content might
be missed, or that algorithmic bias could skew the �ndings. This skepticism, along with
practical barriers (many qualitative researchers lack programming or data science exper-
tise), means that in practice a large number of researchers still rely on manual methods
or simple tools (e.g., spreadsheets) for coding [71]. General-purpose software like Excel
or Google Sheets, or traditional CAQDAS tools without advanced AI integration, remain
common because they are familiar and give the researcher full control, even if they o�er
little assistance with scale [127]. Researchers often prefer the devil they know | intensive
manual coding | over a complex new tool that might be hard to use or whose outputs
are hard to trust [64]. Thus, despite the potential of computational methods to speed
up analysis, their adoption in re
exive TA has been slow due to these usability and trust
concerns [15, 42].

2.2 Large Language Models as Coding Assistants

LLMs o�er a new avenue for assisting qualitative analysis. Unlike traditional topic models
such as LDA, which are based on statistical co-occurrence patterns, LLMs employ deep
neural architectures with self-attention mechanisms to support 
exible, context-driven di-
alogue and reasoning. LLMs like GPT-4 are trained on vast text corpora and can generate
human-like text, summarize documents, classify content, and even simulate analytical rea-
soning [40, 94, 139]. This has led researchers to explore LLMs as coding assistants that
could help scale up thematic analysis without entirely sacri�cing interpretive depth [31,
34, 36, 37, 46, 47, 59, 61, 70, 115, 138]. Unlike topic models that output clusters of words,
an LLM can engage with data in a conversational manner | for example, by suggesting
potential codes for a given excerpt along with an explanation, or by summarizing a theme
across multiple texts in coherent prose. Such capabilities align surprisingly well with tasks
in qualitative research that involve interpreting and synthesizing unstructured text.

Early studies have demonstrated that LLMs can support both deductive and inductive
coding approaches [27, 34, 45, 72, 73, 84, 99, 111, 131]. In deductive coding, the model
is given a prede�ned codebook or example-coded texts and asked to classify new data
accordingly. For instance, Xiao et al. [131] showed that GPT-3 could apply existing codes
to interview transcripts with moderate success when provided with clear code de�nitions
and example passages for each code. Few-shot prompting techniques { where the prompt
includes one or more manually coded examples { have been e�ective in guiding LLMs
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to mimic a coding scheme. Researchers have fed models with domain-speci�c codebooks
(e.g., a set of mental health categories) and found that the LLM's assignments often align
with human coders on obvious cases. However, these approaches also highlight the need for
caution: LLMs sometimes over-generalize the examples or apply codes too liberally, missing
subtle distinctions that a human would catch. Ensuring the model truly understands the
code de�nitions (rather than just matching keywords) remains a challenge.

For inductive coding, where the goal is to generate new codes or themes from the data,
LLMs have shown both promise and pitfalls. Several research teams have experimented
with using LLMs like ChatGPT to generate initial codes or theme summaries from quali-
tative data in an interactive fashion. For example, Zhang et al. [137] prompted ChatGPT
to perform thematic analysis on survey responses; they found that detailed prompts which
describe the analysis procedure and expected output (e.g., instructing the model on how to
identify distinct concepts and group them) yielded more useful results. The model was able
to suggest plausible codes for each text segment and even draft descriptions for potential
themes. Other work by De Paoli [34] proposed a multi-stage work
ow where an LLM �rst
generates a set of codes for each interview, then consolidates unique codes across interviews
to form an emergent codebook. The work
ow in [70] similarly has the LLM summarize
clusters of ideas and iteratively re�ne them into themes and sub-themes. In these inductive
use cases, the LLM is treated as a brainstorming partner that can rapidly surface patterns,
which the human researcher can then verify or re�ne.

Across both inductive and deductive modes, a consistent �nding is that LLMs per-
form best as assistants rather than autonomous analysts [31, 36, 116]. Multiple studies
emphasize that LLM-generated coding requires human oversight to ensure quality, con-
text sensitivity, and trustworthiness [23, 65, 69, 104, 106]. For example, Dai, Xiong, and
Ku [31] report that while an LLM could suggest reasonable open-codes from raw text,
human reviewers needed to merge redundancies, correct misinterpretations, and provide
context that the model lacked. Similarly, Tai, Lin, Chen, et al. [116] found that GPT-4
could classify text into high-level categories with high recall, but it sometimes con�dently
produced incorrect justi�cations for its choices, which a human had to catch. In an eval-
uation by Deiner, Zhang, Williams, et al. [36] on social media data, experts judged many
LLM-generated themes to be plausible and relevant, yet also noted that the depth and
speci�city of insight did not fully match a human analyst's work. The LLM tended toward
broad or generic themes and occasionally missed the more subtle subthemes that domain
experts would identify. These outcomes underscore the notion that LLMs augment but
do not replace human interpretation. When used wisely, they can accelerate coding by
handling routine text processing and o�ering draft interpretations, thereby freeing human
researchers to apply their expert judgment to re�ning and contextualizing the results.
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2.3 Prompt Engineering and Chain-of-Thought Rea-
soning

A key factor in successfully leveraging LLMs for qualitative analysis is e�ective prompt
engineering { i.e., crafting the instructions and context given to the model [33, 38, 46,
61, 75, 123, 131, 137, 138]. Simple prompts (e.g., \What themes are in this text?") often
yield shallow answers, since the model may default to generalizations or even fabricate
patterns (a form of \hallucination") [31, 34]. Recent work has therefore explored more
structured prompting techniques that guide the model through the complex reasoning
required in thematic analysis. One especially promising approach is Chain-of-Thought
(CoT) prompting, which encourages the LLM to generate a step-by-step rationale before
giving a �nal answer [9, 75, 126, 135]. Instead of asking directly for a code or theme, the
prompt might instruct the model to �rst list key ideas in the text, then re
ect on how
those ideas relate, and �nally decide on an appropriate code label | essentially simulating
the analyst's thought process.

Studies have shown that CoT prompting can signi�cantly improve LLM performance on
coding tasks. Hou et al. [61] found that extending a coding prompt with explicit reasoning
steps (e.g., \�rst identify distinct ideas in this excerpt; next, compare these ideas to see if
they form a pattern; then decide on a code label, explaining your choice") led GPT-4 to
produce more coherent and transparent coding decisions. The model's output in that case
included the intermediate reasoning (for instance, noting that \Idea X and Y both relate to
a lack of trust in technology, so I will group them under a `trust issues' code"), which made
it easier for researchers to follow the logic and spot errors. Importantly, this interpretable,
staged process reduced instances of non-sequitur or overly generic codes that often plagued
one-shot prompting. Similarly, Dunivin [38] demonstrated that prompting GPT-4 to justify
each coding decision with reference to the text (a form of CoT) improved its agreement with
human coders. In a case study with a complex coding schema, GPT-4 without rationale
often misapplied codes, but when forced to explain its choices step-by-step, its accuracy
and consistency approached that of humans. Dunivin's �ndings were striking: GPT-4
with CoT achieved substantial inter-coder reliability on most codes (Cohen's� > 0.6 for 8
of 9 codes) and even excellent agreement (� � 0.8) on a few codes, whereas GPT-3.5 or
GPT-4 without CoT fell far short. This underscores that the prompt format can make the
di�erence between an LLM that \reads" like a shallow pattern-matcher and one that more
closely approximates human reasoning.

Building on this idea, researchers have begun to design multi-turn or multi-step prompt-
ing work
ows for qualitative analysis. Instead of a single prompt that tries to do everything,
a work
ow breaks the analysis into a sequence of LLM interactions, each accomplishing a
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subtask. For example, a pipeline might involve: (1) an LLM prompt that summarizes or
clusters raw data segments into preliminary topics; (2) another prompt that takes those
clusters and generates initial codes or categories; (3) a third prompt that drafts theme
de�nitions from the codes; and so on. This approach mirrors the codes-to-theory pro-
gression described by Saldana [103] { data� codes� categories� themes { aligning
each step with a dedicated AI assist. By chaining prompts in a logical sequence, the LLM
can be contextualized with outputs from prior steps, reducing the cognitive load on the
model at each stage and potentially improving overall coherence of the �nal analysis [129].
Several prototypes have implemented such pipelines. For instance, De Paoli [34] chained
LLM operations so that after code generation, a subsequent prompt merged and re�ned
those codes, and a further prompt helped organize them into themes. Similarly Gao, Shu,
and Yeo [46] also followed the codes-to-theory progression using LLMs to generate themes,
which were used to build reports and hierarchical visualizations of codes to themes. Their
results suggest that prompt-chaining yields more stable and diverse codebooks compared
to a one-shot approach, though human re�nement was still needed at each juncture. Sta-
bility in codebooks ensures consistent application across the dataset, reducing ambiguity
in theme development, while diversity captures a broader range of patterns, preventing
the oversight of minority voices or subtle di�erences in re
exive TA. The general insight
is that decomposing the qualitative analysis into smaller reasoning tasks can harness the
strengths of LLMs more e�ectively, much like a human analyst tackles complex analysis in
stages. This stepwise use of CoT across an entire work
ow is a natural extension of CoT
prompting: rather than just a chain of thoughts within one answer, the analyst orchestrates
a chain of LLM calls that progressively build up the analysis.

2.4 Human-AI Collaboration: Control, Reliability, and
\Chaining LLMs"

While advanced prompting techniques and pipelines can improve LLM outputs, maintain-
ing human control over the process and results is paramount in research settings [23, 104].
Prior work cautions that LLMs are prone to hallucination { they can produce con�dent-
sounding yet incorrect statements { which poses the risk of misleading researchers if the
AI's suggestions are taken at face value [114, 133]. There is also the danger of overtrust:
users may become overly reliant on the AI and accept its outputs uncritically, especially
when the model is 
uent and authoritative in tone [47, 50, 74, 113]. Studies have doc-
umented instances of LLMs \cheating" or shortcutting tasks in ways that a naive user
might not catch [4, 11, 81]. For example, an LLM might pick up on subtle wording in a
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prompt and guess a desired answer without truly analyzing the data (a form of reward
hacking) [24, 117]. In an evaluation of an AI coding assistant Nyaaba et al. [90] found that
although the AI achieved high overlap with human-generated codes, the explanations it
provided for those codes were often less speci�c and less grounded in the data than human
interpretations. This lack of speci�city indicates that the model may not fully capture the
contextual richness that a human would bring, reinforcing the need for human analysts
to remain in the loop and inject interpretive depth where the AI cannot. Moreover, even
a CoT reasoning chain can contain subtle errors or biases in intermediate steps, which,
if not corrected, could compound in later stages of analysis [4]. Researchers therefore ar-
gue that iterative human oversight and correction mechanisms are necessary to validate
AI-generated codes and themes before they are �nalized.

To address these concerns, HCI researchers have explored interface designs that keep
humans actively involved at each step of an AI-assisted qualitative analysis [132]. Long,
Gero, and Chilton [81] advocate for \AI work
ow design" principles that give users guided
support while still requiring them to vet and approve outputs at each stage. Instead of a
one-shot automation, the idea is to structure the tool such that the user can review and
intervene in a stepwise fashion | much like a checklist | to ensure nothing egregious slips
through. For example, CollabCoder [47] is a system that integrates LLM suggestions into
a collaborative coding work
ow, but with rigorous user control. In CollabCoder, two or
more analysts begin with independent open-coding of data (with the LLM o�ering code
suggestions they may accept or ignore), then compare and discuss their codes with support
from the system, which highlights disagreements and even suggests potential merges. The
analysts remain responsible for deciding �nal codes and organizing them, while the AI aids
with tedious tasks like clustering similar codes or retrieving supporting quotes. A user
study found this approach improved the e�ciency of coding without sacri�cing the relia-
bility of the �nal codebook, precisely because human judgment was exercised at every key
juncture. This exempli�es a human-in-the-loop paradigm: the AI handles scalable pattern
detection and summarization, but humans guide the analysis direction, make interpretative
calls, and correct the AI when it goes astray.

Recently, the notion of \Chaining LLMs" has been introduced as a design strategy to
enhance human control in complex AI tasks. Chaining LLMs means linking together a
sequence of LLM operations such that the output of one step becomes the input to the
next, forming a pipeline or chain [2, 129, 130, 140]. Crucially, users can intervene at each
link in the chain | adjusting the inputs, editing the prompt for the next step, or even
altering the sequence of steps | to steer the overall process. In the context of qualitative
coding, a chained LLM work
ow might have separate steps for clustering data, labeling
clusters with codes, grouping codes into themes, and writing analytic memos. At each step,
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the user can inspect what the LLM did (e.g., the clusters it formed or the code names it
generated) and provide feedback or modi�cations before proceeding. This design ensures
that the researcher's intentions and interpretations remain central, with the AI acting as a
responsive tool rather than an uncontrollable black box. Gao, Shu, and Yeo [46] describe
how their MindCoder system embodies this concept. MindCoder employs a four-step LLM
reasoning chain for TA (topic clustering� code labeling� conceptualizing� reporting)
and o�ers an interactive UI where users can view the input and output at each step side-
by-side. If a cluster looks odd or a code label is misapplied, the user can \troubleshoot"
by editing or rephrasing the prompt and rerunning that step, or by adjusting parameters
(like how many clusters to form) and propagating those changes down the chain. Global
structural changes | for instance, deciding to add an extra coding step or to skip a
summarization | can also be made, and the system will re-run subsequent LLM prompts
accordingly. This 
exible chaining approach has two major bene�ts: transparency (the
analyst sees each intermediate result the AI produces, rather than only a �nal mysterious
output) and control (the analyst can correct errors early and guide the AI toward the
interpretations that matter for their research). Early evaluations of systems like MindCoder
indicate that users appreciated the balance of automation and control { they could get a
\�rst draft" thematic analysis in minutes, then iteratively re�ne it with the system's help,
which both saved time and increased con�dence in the results.

Despite these encouraging developments, it's important to acknowledge and address
ongoing concerns that researchers have about integrating AI into qualitative analysis. One
is the potential for AI to introduce bias or 
atten the richness of qualitative data. LLMs
are trained on large, general internet corpora; if the qualitative data or the analytical
lens involves marginalized perspectives or subtle social di�erences, a general LLM might
re
ect dominant-culture biases or miss the point entirely [23, 104]. Care must be taken
to ensure the AI's involvement does not marginalize the very voices qualitative research
seeks to amplify. Another concern is data privacy and ethics [124, 136]. Many LLM tools
(e.g., cloud-based APIs like OpenAI's) require uploading data to external servers, which
is problematic if the texts contain sensitive or con�dential information. Researchers have
expressed hesitation to use such services for data like interview transcripts about personal
topics, due to uncertainty about how the data might be stored or used by the AI providers.
This has driven interest in solutions that can be deployed locally or that allow the use of
self-hosted models, ensuring that data never leaves the researcher's control.
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2.5 Where Current Research Falls Short

Current research on computational aids for re
exive thematic analysis reveals persistent
challenges in scaling qualitative methods while preserving interpretive depth, transparency,
and researcher control. LLMs provide a more 
exible alternative by simulating reasoning
through prompts and supporting both inductive and deductive coding, yet they intro-
duce risks such as hallucinations, over-generalization, and biases from training data, which
can undermine trustworthiness without robust human oversight. However, existing sys-
tems often fall short in integrating seamless, iterative Human-AI collaboration: they may
chain prompts e�ectively but lack intuitive mechanisms for real-time feedback, dynamic
adjustments, or local deployment to address privacy concerns, potentially leading to rigid
analyses that compromise re
exivity or exclude sensitive datasets.

To address these gaps, our work is guided by four research questions:

RQ1 Can LLMs accelerate thematic analysis of large data sets?

RQ2 Can LLMs help transform surface-level topics into meaningful themes?

RQ3 Can Chain-of-Thought prompting support iterative, re
exive sense-making?

RQ4 How can AI-enhanced qualitative data analysis tools foster researcher agency and
trust?

The toolkit we present,DeTAILS: Deep Thematic Analysis with Iterative LLM Support
[109], has been designed in light of these considerations. It emphasizes researcher control
at every stage | o�ering suggestions and semi-automated routines, but always allowing
the human analyst to query, re�ne, or redo steps through natural language prompting or
manual intervention rather than accepting AI output blindly. By incorporating a \redo
with feedback" loop, DeTAILS ensures that humans can iteratively teach or correct the
AI, keeping the interpretive authority �rmly in the researcher's hands. In summary, our
work builds on the rich thread of prior research | from innovations in prompt engineering
and CoT prompting to interaction techniques for chaining LLMs | to advance a human-
centered approach to AI-assisted thematic analysis that is transparent, 
exible, and above
all aligned with the re
exive ideals of qualitative research.
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Chapter 3

DeTAILS: Work
ow and Technical
Implementation

DeTAILS follows Braun and Clarke's six-phase re
exive TA framework [16], applied to
Reddit data (Figure 3.1). A key innovation is a preliminary Background Research phase
that builds a \memory snapshot" from the researcher's insights, giving the LLM essential
domain context. Rather than relying on example-based coding [31, 37], DeTAILS uses re-
searcher knowledge to align the LLM, making the process more contextually grounded [77].
It is a standalone application built with Electron, React, SQLite, ChromaDB, FastAPI,
LangChain, and Ollama.

The DeTAILS work
ow begins with data loading and initial coding of a subset through
human-LLM collaboration, producing an initial codebook. This mirrors established TA
practices (including those for social media data) in which an initial subset guides broader
coding [100]. DeTAILS then applies the initial codebook to the full dataset, allowing for

exible re�nement to handle Reddit's heterogeneity. The later phases involve code review,
theme development, and report generation, with LLMs supporting each step. We now
describe each of these activities, and how DeTAILS combines qualitative depth with AI
support.

For demonstration purposes, we showcase several steps of the DeTAILS user interface
(from Figure 3.2 to Figure 3.6) via a pilot analysis of December 2024 posts fromr/emo-
tionalintelligence subreddit [125], processed using the Google Vertex AI API using the
gemini-2.5-pro-preview-03-25 model to study the role of AI in mental health.
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Figure 3.1: DeTAILS work
ow: To perform re
exive thematic analysis using DeTAILS,
researchers go through six phases:1) Background Research, 2) Loading Data, 3) Coding,
4) Reviewing Codes, 5) Generating Themes, and 6) Report. In each phase, the researcher
guides the process, with the LLM/toolkit executing the necessary tasks. Similar to manual
re
exive TA, this work
ow is iterative, allowing users to come back to any previous steps
and make changes as they go along.

3.1 Background Research

Qualitative researchers establish a robust mental framework for TA by thoroughly under-
standing existing research and the broader context of their research topic [54, 89]. DeTAILS
supports this process by creating a shared conceptual memory that stores essential infor-
mation | such as research questions, core concepts, and relevant literature | provided
by the user during the project's initial phase. This memory remains accessible to both
the researcher and the LLM, ensuring that coding decisions stay aligned with the de�ned
research context.

When starting a new project, users begin on the `Context' Page, where they input
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Figure 3.2: In DeTAILS' Background Research(phase 1), an interactive radial map visual-
izes related concepts. The map centers on the core concept and displays related concepts
derived from research questions and uploaded literature. Researchers can select concepts,
edit them, or regenerate them by clicking thèRedo with feedback'button in the bottom
right, which opens a feedback modal. Users can also revisit and modify their uploaded
research, which updates the map. When ready, users can proceed to the concept outline
step.
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Figure 3.3: In the �nal step of the Background Research(Phase 1) of DeTAILS, the
Concept Outline is presented as an editable table containing related concepts, and their
descriptions. Researchers can edit, add, or delete entries using the Actions as needed.
Once �nalized, the table integrates with the core concept and research questions to form
a \memory snapshot". This snapshot guides future coding and theme generation and can
be updated by revisiting and editing this page at any time. The table can be downloaded
in CSV format for sharing. Clicking the Proceed button �nalizes the outline and creates
the memory snapshot in the backend.
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the main concept under investigation, articulate speci�c research questions, and upload
background literature. This literature is processed and indexed into a ChromaDB vector
database, facilitating Retrieval-Augmented Generation (RAG) so that later LLM responses
are grounded in theories from the user's sources. Building on this foundation, the LLM
suggests related concepts based on the provided context along with its extensive train-
ing data, while interactive options such as `Redo with feedback' and direct editing allow
researchers to re�ne these suggestions (Figure 3.2).

The LLM then assists in structuring the background research by generating a `Concept
Outline' table that itemizes each concept, and o�ers working de�nitions for data segments
during coding (Figure 3.3). Researchers retain full authority to modify this outline, thereby
ensuring that the conceptual boundaries precisely match their objectives. Ultimately, these
steps culminate in a detailed \memory snapshot" that encapsulates the research context,
questions, and conceptual outline, serving as a consistent reference point throughout the
analysis. The `memory snapshot' grounds all subsequent coding in researcher expertise,
making LLM-generated codes contextually anchored | an approach that deepens re
ex-
ivity beyond what manual TA alone can achieve.

3.2 Loading Data

DeTAILS is designed to analyze Reddit text data, including posts and their associated
comments, and o�ers two 
exible methods for data loading. The �rst, `Torrents' via
Academic Torrents [112, 125], lets users select a subreddit and date range; DeTAILS then
uses the user's Transmission BitTorrent client to download public Reddit archives (such as
those from Pushshift.io) and automatically retrieves the relevant content. Alternatively,
the `Upload' method allows users to import pre-collected Reddit data, provided it matches
the format used by the PASS tool [66]. Once loaded, the dataset can be �nalized using
�lters, such as adjusting date ranges, removing empty posts, or applying keyword searches,
to select a precise analysis corpus. When the dataset is ready, users can `lock' it to ensure
consistency throughout the coding process.

Automated ingestion and �ltering of Reddit archives shifts e�ort from dataset assem-
bly to interpretation, contrasting with manual work
ows where data preparation often
consumes researchers' time.
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Figure 3.4: In DeTAILS' Coding (Phase 3), theEdit Mode lets researchers inspect a single
post in its entirety | including nested comment threads | while iteratively re�ning the
LLM-generated annotations. Action buttons at the top (Code Actions, Highlight Actions,
and Show Codes) allow users to add, merge, or delete codes, adjust quote boundaries,
and momentarily surface the full quote-code-explanation table for cross-reference. Within
the transcript, colour-coded highlights mark every quote that has been linked to a code;
double-clicking a quote �lters the right-hand panels to the associated quotes. TheCodes
column lists every code already applied to this post, together with a frequency badge that
shows how many quotes carry that label. Below it, stackedExplanation cards justify each
quote-code pairing; researchers can endorse an explanation (X ) or open a chat-modal (Ö)
to challenge the assignment, negotiate alternatives, and overwrite the code or explanation
as desired. A persistent `Back to Posts' link returns to the review table, where all edits
are immediately re
ected across the dataset. This granular, chat-augmented view keeps
the researcher in control while using the LLM as a transparent coder

.
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3.3 Coding

In the initial coding phase, DeTAILS begins by processing each post. It sends the full
transcript along with the background research memory snapshot to the LLM. The model
then identi�es relevant quotes, assigns descriptive codes, and provides a brief explanation
for each decision. These outputs are stored per post and undergo validation through regex
and text matching to avoid LLM hallucinations and to ensure that the quotes actually
appear in the transcript; veri�ed quotes are subsequently highlighted in the user interface.

The LLM then periodically groups similar codes under consistent labels, streamlining
the review process for the researcher. Users interact with the system through two primary
views: a `Review Mode', which o�ers a tabular summary of posts, quotes, codes, and
explanations for quick assessment, and an `Edit Mode', which displays the full transcript
alongside highlighted quotes and color-coordinated code and explanations (Figure 3.4). In
`Edit Mode,' researchers can engage in chat-like interactions with the LLM for clari�ca-
tions, make manual edits, adjust quote boundaries, or even trigger a complete `Redo with
feedback'. When invoked, this option creates a temporary state codebook based on current
explanations and user feedback which guides the LLM in recoding the posts.

After reviewing and re�ning the codes from the �rst data split, the LLM uni�es these
into a concise codebook. This document captures the essence of each code based on its
application in the data, and is presented for further review and manual adjustment by
the researcher. In the subsequent processing of the second data split, the initial codebook
is provided along with each post's transcript and background research memory snapshot.
Here, the LLM applies the existing codes for consistency, yet still retains the 
exibility
to introduce new codes if necessary, all while maintaining the rigorous veri�cation and
interactive editing features established in the initial phase.

The human-LLM coding loop rapidly generates and veri�es descriptive and conceptual
codes at scale, acting as a consistent `second coder' and freeing researchers from the tedium
of �rst-pass labeling.

3.4 Reviewing Codes

After coding all posts, DeTAILS moves into a higher-level review and organization phase.
In this stage, all codes and their corresponding explanations are batched and sent to the
LLM for clustering. The model groups semantically similar codes and assigns each cluster
a consolidated `reviewed code'. These clusters are then visually presented via buckets,
where each of them represents a reviewed code and contains blocks for the individual
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Figure 3.5: During the Reviewing Codes(Phase 4), DeTAILS' Edit View presents the
LLM-generated clusters that merge similar codes into higher-orderreviewed codes. Each
`bucket' is headed by the reviewed-code label and contains the coloured blocks representing
the underlying codes imported from the previous coding step. Researchers can curate these
clusters by dragging blocks between buckets, renaming buckets, deleting them, or creating
new ones. Codes that have not yet been placed accumulate in anUnplaced Codesbucket
on the right. A Redo with feedbackbutton launches a feedback modal, enabling users to
describe desired changes and have the LLM accordingly regroup the codes. The toggle at
the top switches back toReview Mode, where each reviewed code and code is shown in a
table format with its supporting quotes and explanations, letting the researcher audit and
iterate until satis�ed before clicking Proceed.
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codes, clearly illustrating their interrelationships (Figure 3.5). Researchers can edit the
visualized clusters using manual organization tools (such as drag-and-drop functionality
to reposition code blocks or create, rename, and delete buckets) and further �ne-tune the
grouping by triggering an LLM re�nement through a `Redo with feedback' function based
on user feedback. Once the reviewed code groupings are �nalized, an alternate view displays
these codes alongside their associated original quotes and explanations, maintaining a clear
link to the source data.

LLM-driven clustering surfaces latent semantic relationships among codes, enriching
the depth of analysis by revealing patterns that manual grouping alone might overlook.

3.5 Generating Themes

The �nal analytical step involves generating overarching themes from the reviewed codes.
DeTAILS prepares a �nal codebook memory snapshot including all reviewed codes, their
de�nitions, and representative examples (quotes) and provides this, along with the list of
unique reviewed codes (this is sent twice | once as part of the table and once as a separate
list | to avoid LLM hallucinations), to the LLM. The model then performs a clustering
task to group these reviewed codes into potential themes capturing major patterns in the
data.

Similar to the Reviewing Codes phase, these suggested themes are presented visually
using an interactive `bucket' interface, where each theme bucket contains the reviewed
codes encompassed within it (Figure 3.6). The researcher retains full control over this �nal
structure through direct editing | dragging reviewed codes between themes, creating new
themes, merging or renaming them | ensuring the �nal themes accurately re
ect their
interpretation. An LLM re�nement option, using a `Redo with feedback' function, is also
available to assist in exploring alternative thematic structures.

AI-assisted theme generation proposes high-level patterns for re�nement, combining
LLM breadth (scale and consistency) with human insights (theoretical framing), a synergy
unavailable in fully manual mapping.

3.6 Report

Once themes are �nalized, DeTAILS assists in compiling and exporting the �ndings. The
report interface provides 
exibility through toggles for `Detailed' versus `Summary' views
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Figure 3.6: In theGenerating Themes(Phase 5), DeTAILS elevates the analysis from codes
to overarching patterns (themes). The interface shows `buckets' headed by their proposed
theme title; within it, coloured blocks list the reviewed codesthat the LLM has clustered
together. Researchers can reshape the thematic structure by dragging blocks between
theme buckets, creating new themes or deleting/editing them. Any codes that have not
yet been assigned accumulate in anUnplaced Codestray on the right. Selecting`Redo with
feedback'opens a feedback modal so the LLM can suggest a new grouping based on the
researchers' guidance. Once satis�ed, clickingProceed locks the themes and passes them
to the �nal report stage. (Note: The initial number of themes generated increases with
the number and diversity of the reviewed codes, but researchers can specify their desired
number of themes through feedback).
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and options to organize the report, for instance, by `Theme & Code' or `Post by Post'.
Unlike most current tools that limit data downloads to their proprietary formats, DeTAILS
enables exports of the �nal, structured report in the widely compatible CSV format, suit-
able for sharing, further analysis in other tools, or direct incorporation into publications.

Although the �nal write-up of the analysis still remain a manual process, DeTAILS gen-
erates a structured report | segmenting each result into Code-Quote-Explanation sections
| so that researchers can quickly review key insights and focus their e�orts on in-depth
analysis.

3.7 Technical Implementation

DeTAILS is implemented as a self-contained, cross-platform desktop application that tightly
integrates a front-end interface with a back-end analysis engine. The frontend is built using
Electron [39] (with a React [41] UI), which allows the toolkit to run on Windows, macOS,
and Linux without additional setup. The Electron container bundles the Python backend,
vector database (ChromaDB [118]), and local language model runtime (Ollama [93]) with
the goal of enabling researchers to install and run DeTAILS easily as a single application.

This architecture provides a clear separation of concerns: frontend handles user in-
teractions and visualization, while the back-end performs data handling, LLM prompt
generation, and computation.

The backend uses FastAPI [98], a high-performance asynchronous web framework in
Python. We deploy the FastAPI server with multiple Uvicorn [28] worker processes (three
for handling HTTP requests and one dedicated to WebSocket communication) to fully
utilize multi-core processors and handle concurrent operations without blocking the user
interface. FastAPI was chosen for its native async/await support and robust WebSocket
integration, allowing us to serve both RESTful API calls and real-time event streams
within one cohesive server. For example, as the LLM processes data or indexes are built,
the back-end streams progress messages to the front-end via a WebSocket connection. All
source code is available at DeTAILS GitHub repository [108].

3.7.1 Services & Data Stores

All data in DeTAILS is stored locally to maintain privacy and support o�ine use. We
employ SQLite [60] in write-ahead logging mode as our embedded relational store for
analysis artifacts | Reddit posts, comments, codes, codebooks, themes, and application
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state | because its �le-based design imposes no external dependencies and avoids the
packaging con
icts of client{server engines under PyInstaller [97]. Write-ahead logging
decouples readers and writers, reducing lock contention when multiple back-end workers
and the UI access the database concurrently.

3.7.2 LLM Providers

Integrating large language models into the toolkit required careful design to support mul-
tiple model providers and to ensure consistent, interpretable outputs. DeTAILS addresses
this with a modular LLM orchestration layer built on LangChain [22], which allows us
to interface with various LLM APIs (e.g., OpenAI's models, Google's models via Vertex
AI [52]) as well as local models via Ollama. We implemented a provider-factory pattern
so that each LLM backend is encapsulated in a provider class with a standardized inter-
face. This abstraction means the core logic of DeTAILS can remain unchanged regardless
of which model is in use | adding a new model (for example, an Anthropic model or
any Azure-hosted model) only requires writing a small provider subclass that knows how
to call that API. All providers register with the factory, and the user's choice of model
(e.g., \OpenAI-GPT4" or \Ollama-Llama3.2") is resolved to the appropriate provider at
runtime.

In our current implementation, four providers are supported: OpenAI, Google's Vertex
AI, the local Ollama server (which can run models such as LLaMA or Gemma models on
the users' hardware), and Google's AI Studio.

3.7.3 Prompts

Each phase of the analysis work
ow is powered by carefully engineered prompt structures
that guide the LLM's behavior and output format (Table 3.1). We created distinct prompt
scripts for every major task: related concepts, concept outline, initial coding, initial code-
book, �nal coding, reviewing codes, and theme generation. These prompts provide the
model with role-speci�c instructions and a consistent structure for responses. For exam-
ple, in the Background Research phase, the system prompt reminds the model of the main
topic and research questions, and asks for a JSON list of exactly 10 related concepts (each
1{3 words long). In the Coding phase, the prompt template includes the full text of a
Reddit post (with all comments) and instructs the model to extract meaningful quotes and
label them with a short code and an explanation, all formatted as a JSON array of objects.
We enforce a strict JSON schema in the prompts by explicitly showing an example JSON

24



structure in the user prompt and ending the instruction with a reminder like \Return only
a JSON object with the following �elds. . . no extra text." The model's output is then
parsed by our back-end using a regex that captures the JSON block.

Each prompt unfolds as an ordered �ve-stage sca�old chain-of-thought, beginning with
Role and Expertise, which primes the model to adopt an appropriate persona | be it \Ex-
pert qualitative researcher" or \Specialist in Braun & Clarke's six-phase thematic analysis"
| to maintain the right depth, tone, and methodological rigour from the outset. It then
moves to Scope and Task Objective, where the exact analytic goal is named (for example,
\Extract ten 1{3-word concepts" or \Group lower-level codes into higher-order code clus-
ters"), sharply focusing the model's attention and preventing drift into tangential or overly
creative responses. Next comes Context / Input Data, wherein the relevant materials |
research questions, transcripts, literature summaries, prior code lists | are injected so
that all output remains �rmly grounded in the users' data rather than generic knowledge.
For more intricate activities, a Step-by-Step Process Guidance section follows, laying out
the methodological work
ow (scan for salient ideas, extract verbatim quotes, label codes,
de�ne clusters) to guide the model through a logical, human-inspired progression rather
than asking it to invent its own path.

Throughout the iterative `redo' cycles, DeTAILS uses specialized prompt variants to
incorporate user feedback into the LLMs' next response. When a researcher isn't satis�ed
with the LLMs' suggestion | say the grouping of codes into a theme | they can provide
written feedback or select items to keep/discard. The toolkit then formulates a follow-up
prompt: it includes the users' feedback (e.g., \the last grouping merged two concepts that
should stay separate") and often the previous output, and asks the model to regenerate a
revised proposal. We maintain separate prompt templates for these re�nement steps. This
iterative approach lets the model know why the user was dissatis�ed and what adjustments
are expected, essentially creating a dialogue where the model acts on critique. By chaining
prompts in this manner, the system can zero in on results that meet the researcher's needs
without the user having to do all adjustments manually. It's an example of human-LLM
collaboration: the human gives high-level direction, and the LLM does the heavy lifting
of reorganizing or rephrasing content accordingly. All prompts used in DeTAILS can be
found in the Appendix A.

3.7.4 Veri�cation & Consistency

Finally, we incorporated several measures to ensure the reliability and correctness of the
LLM-generated outputs. DeTAILS veri�es every quote and code that the model produces,
to avoid hallucinations. After an LLM call (for coding or theme suggestions), the back-end
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cross-checks each quoted text segment against the original Reddit post to con�rm that the
segment appears verbatim. Any quote that cannot be found in the source text is discarded
as a likely hallucination.
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Chapter 4

Evaluation: Usability Study

To understand how DeTAILS can support qualitative researchers in a realistic thematic
analysis scenario, we conducted a participant study with qualitative analysts performing
re
exive thematic analysis on their own data. This evaluation focused on how participants
interacted with the tool, the work
ow's usability, and the tool's support for their research
tasks.

All participants provided informed consent, and the study has undergone a thorough
review process and received ethics clearance from the University of Waterloo Research
Ethics Board (REB #47221).

4.1 Participants and Recruitment

We recruited 18 qualitative researchers with varying levels of experience and disciplinary
backgrounds in re
exive thematic analysis (see Table 4.1). To capture a range of perspec-
tives, we used purposive sampling with inclusion criteria of prior involvement in thematic
analysis and qualitative coding. Participants were categorized by TA experience as novice
(less than 1 year experience, n=6), pro�cient (1{4 years experience, n=6), or expert (more
than 4 years experience, n=6). This strati�cation ensured feedback from both newcomers
and seasoned practitioners in TA.

Participants were recruited via direct email invitations using academic and professional
networks. Prior to their session, each participant was asked to send their research questions,
2{5 representative research papers related to the questions, and the name of a subreddit
they were familiar with and interested in analyzing.
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4.2 Materials and Apparatus

We focused on Reddit data given its heterogeneity and scale [96], which has led to its use
in numerous HCI studies (e.g., [100, 21, 63, 79]). Reddit hosts millions of topical sub-
communities (subreddits) encompassing diverse domains and vast amounts of participant-
generated text. Working with subreddit data allowed us to evaluate DeTAILS on large-
scale, noisy real-world text, while also enabling each participant to explore content relevant
to their interests. For each participant's chosen subreddit, we downloaded the archived
Reddit data using DeTAILS. This approach ensured consistency in data format and took
advantage of an existing open dataset for social media research.

In preparation for each session, we pre-loaded the participant's chosen subreddit data
into DeTAILS. For each participant, we downloaded all posts and comments from the
last full month of their chosen subreddit [125] and processed them through the DeTAILS
pipeline before the session, so we could present a full-scale analysis to them at the end
of their evaluation. Participants then started the analysis during their session in a new
workspace.

Sessions were conducted using a MacBook Air with an Apple M1 chip (8-core CPU,
7-core GPU) and 16 GB RAM. This machine ran the DeTAILS application with the gemini-
2.5-pro-preview-03-25 LLM via the Google Vertex AI API. Participants who attended in
person used this laptop directly. For remote participants, we utilized Microsoft Teams'
screen-sharing and remote control functionality: the author shared their screen running
DeTAILS, and the participant was granted control to operate the interface virtually. This
setup allowed online participants to fully interact with the toolkit (e.g., clicking buttons,
highlighting text, editing code labels) as if they were seated at the machine. Audio and
video were streamed via Teams for communication. Two participants opted for in-person
sessions in our lab, while the remaining 16 participated remotely via Teams.

4.3 Study Procedure

We conducted each evaluation session as a single 2 to 2.25 hour engagement (with an
optional 10 minute break in between), structured into several phases: an initial interview,
a tutorial demonstration, an interactive analysis using DeTAILS (the main usability test), a
follow-up exploration of large-scale results, and post-study surveys. Throughout all phases,
we encouraged participants to think aloud, i.e. to verbalize their thoughts, expectations,
and reasoning as they worked. We also employed a semi-structured interview approach
during and after each task to probe speci�c aspects of their experience. The researcher
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was present to prompt participants with questions from an interview guide and to answer
any questions the participants had. While participants conducted their thematic analysis
using DeTAILS, the interviewer remained neutral|refraining from altering their judgments
or asking leading questions|only stepping in to clarify the tool's functionality or study
questions when necessary

ˆ Introduction & Background of Participant (10 min): At the start of the ses-
sion, we collected background information through a brief interview (Appendix B.2).
This initial conversation established each participant's context and helped us under-
stand their baseline practices and needs.

ˆ Tutorial Demonstration (10 min): Next, we provided a guided walkthrough of
the DeTAILS interface and work
ow. The interviewer demonstrated each step of the
toolkit using an example dataset. By the end of this walkthrough, they had a basic
understanding of how to operate DeTAILS and what to expect at each step. This
training phase was important to mitigate any learning curve e�ects once the actual
analysis began.

ˆ Interactive Thematic Analysis Task (90 min): The core of the study was having
participants use DeTAILS to perform re
exive thematic analysis on 30 discussion post
transcripts from their chosen subreddit (with each transcript consisting of an original
post and its comments). This subset size of 30 was chosen to keep interactive analysis
feasible within the session time while providing enough data to generate meaningful
codes and themes. We asked participants to approach this task as if it were part
of their own research. The task was divided into the same sequence of steps as
the toolkit's work
ow, with the participant in control and the researcher observing
and prompting discussion (Appendix B.2). Participants were also free to ask any
clarifying questions about the tool during the study.

By the end of the analysis task, each participant had experienced the full lifecycle of
using DeTAILS on a dataset relevant to their own work. This provided a grounded
basis for them to evaluate the tool's usability and usefulness.

ˆ Large-Scale Dataset Review (10 min): After completing the interactive analysis
on the 30-post subset, we transitioned to showing the participant the pre-computed
large-scale results for the full month of subreddit data (December 2024) that we
had prepared earlier. We loaded the test workspace in DeTAILS and allowed the
participant to freely browse and inspect each stage's output for the larger dataset.
We also gathered any additional feedback at this stage: participants could comment
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on the overall work
ow now that they had seen it operate on two scales, and suggest
improvements or features.

ˆ Post-Study Surveys (5 min): Finally, participants completed three standard-
ized questionnaires to quantify their experience with DeTAILS. First, NASA Task
Load Index (NASA-TLX) [55] to assess the perceived cognitive workload of using the
toolkit. NASA-TLX is a widely used multidimensional scale that captures a partici-
pant's mental, physical, and temporal demands, performance e�ort, and frustration
while performing a task. Second, participants �lled out the AttrakDi� [56] ques-
tionnaire, which measures their experience along pragmatic and hedonic dimensions.
AttrakDi� uses semantic di�erentials (pairs of opposite adjectives) to rate qualities
such as the tool's e�ciency, clarity, stimulation, and novelty. This allowed us to
gauge both the usability (pragmatic quality) of DeTAILS and its participant engage-
ment (hedonic quality) in a systematic way. Third, we gave a Perceived Usefulness
Scale [32]. Perceived usefulness re
ects the degree to which a person believes that
using a system will enhance their job performance. This was aimed at understanding
whether participants felt the tool would be bene�cial and worth adopting in their
own research work
ow or not. Together, these three surveys provided a quantita-
tive pro�le of workload, participant experience, and utility for DeTAILS from the
participants' perspective.

Throughout the study procedure, we strove to maintain a balance between observing
DeTAILS usage (to uncover usability issues or e�ective features) and gathering partici-
pants' expert judgments on the tool's support for qualitative analysis.

4.4 Data Collection and Analysis

To evaluate DeTAILS, we collected and analyzed both quantitative and qualitative data.
Quantitative data included metrics derived from system logs that captured participant
interactions on analysis tasks, as well as scores from three post-study surveys. Qualitative
data consisted of recordings from think-aloud protocols and semi-structured interviews
conducted throughout the study sessions.

We analyzed two data sources: logs of user actions in the database and subjective
surveys administered after the study. The system logs contained a record of every user
interaction, such as time taken at each phase, additions, edits, deletions, and the accep-
tance or rejection of system suggestions. These logs enabled the quanti�cation of metrics
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for interactions performed in DeTAILS. The subjective questionnaires were the NASA-
TLX, AttrakDi�, and Perceived Usefulness. In addition to these quantitative sources, we
also collected qualitative data through interview transcripts obtained by transcribing au-
dio recordings of each session, which included think-aloud protocols and semi-structured
interviews.

For metrics across actions performed in DeTAILS (like accepting/editing/deleting con-
cepts/codes/themes), we computed precision, recall, and F1 scores using cosine similarity
for weighting. Weighted versions of precision, recall, and F1 scores were applied to Related
Concepts, Concept Outline, Initial Coding, and Global Coding to value edits. For the
Initial Codebook, we used cosine similarity alone to measure semantic similarities between
de�nitions. For Reviewing Codes and Generating Themes, we used macro precision, recall,
and F1 scores.

To analyze time spent across the di�erent study phases, we conducted a one-way
repeated-measures ANOVA (RM ANOVA). We assessed the assumption of sphericity us-
ing Mauchly's test; if this assumption was violated, a Greenhouse-Geisser correction was
applied. The non-parametric Friedman test was used as an alternative if the assumptions
for RM ANOVA were not met. Signi�cant omnibus tests were followed by post-hoc com-
parisons using Wilcoxon signed-rank tests with a Bonferroni correction to identify speci�c
di�erences between phases. To compare the three expertise groups (Novices, Pro�cients,
and Experts), we performed more inferential statistical tests. Assumption checks|Shapiro-
Wilk for normality and Levene's test for homogeneity of variance|guided inferential test
selection. If data were normally distributed (p > 0:05) with equal variances (p > 0:05), a
one-way ANOVA was used; if variances were unequal, Welch's ANOVA was applied; and
if normality was violated, the Kruskal-Wallis test was used. Pairwise comparisons used
t-tests, Welch's t-tests, or Mann-Whitney U tests based on the same assumptions, with a
Bonferroni-adjusted� = 0:0167 for multiple comparisons.

The NASA-TLX survey was administered on a 0{210 scale (later scaled down to 0{100),
with each of its six subscales rated on a 21-point scale. The AttrakDi� questionnaire used 7-
point bipolar semantic di�erential scales ranging from 1 to 7 across all of its 28 dimensions.
Perceived Usefulness questionnaire items (6 items) were measured on a 5-point Likert scale
from 1 (strongly disagree) to 5 (strongly agree).

Both the survey data and the calculated performance metrics were statistically an-
alyzed. Speci�cally, the F1 scores from the Related Concepts, Concept Outline, Initial
Coding, Global Coding, Reviewing Codes, and Generating Themes phases, along with all
survey scores, were analyzed using means, standard deviations, and medians. To compare
the three expertise groups (Novices, Pro�cients, and Experts), we performed inferential
statistical tests. Assumption checks|Shapiro-Wilk for normality and Levene's test for ho-
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mogeneity of variance|guided inferential test selection. If data were normally distributed
(p > 0:05) with equal variances (p > 0:05), a one-way ANOVA was used; if variances were
unequal, Welch's ANOVA was applied; and if normality was violated, the Kruskal-Wallis
test was used. Pairwise comparisons used t-tests, Welch's t-tests, or Mann-Whitney U
tests based on the same assumptions, with a Bonferroni-adjusted� = 0:0167 for multiple
comparisons.

For the qualitative data, session recordings were transcribed verbatim. We then per-
formed a re
exive thematic analysis to identify key patterns in participants' reasoning,
user experience, and feedback across TA phases using DeTAILS.
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Chapter 5

Results

We now present the empirical �ndings from our user study evaluating DeTAILS through a
mixed-methods approach involving 18 participants. Overall, the results demonstrate that
DeTAILS fosters high alignment between LLM-generated outputs and user re�nements, re-
duces cognitive demands of TA, and enhances perceived e�ciency, with consistent support
through distinct phases of TA.

5.1 Quantitative Results

Drawing from F1 scores, we assess the alignment between DeTAILS-generated outputs and
participants' �nal re�nements throughout the work
ow phases, complemented by statistical
analyses to examine di�erences by expertise. We also analyzed the time each participant
spent in each phase using statistical tests. Additionally, we report on user workload via
NASA-TLX scores, perceived usefulness scale, and hedonic/pragmatic qualities using the
AttrakDi� questionnaire.

5.1.1 F1 Scores

F1 scores revealed increase in agreement within each phase (Figure 5.1). In the Background
Research phase, initial Related Concepts suggestions achieved a mean weighted F1 of 0.86
(SD = 0.13), improving to 0.98 (SD = 0.03) in the Concept Outline step. This re�nement
extended to the Coding phase, where Initial Coding yielded a mean weighted F1 of 0.90
(SD = 0.17) across participants, rising to 0.97 (SD = 0.04) in Global Coding. Reviewing
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Codes phase produced average macro F1 scores of 0.90 (SD = 0.20). The process peaked
in Generating Themes phase, where all participants reached macro F1 = 1.00, re
ecting
full consensus on DeTAILS-proposed themes without modi�cations.

All omnibus tests failed to reject the null hypothesis (p > 0:05), indicating no overall
di�erences in F1 scores by expertise. We assessed using the Shapiro-Wilk test for normality
(� = 0:05) and Levene's test for homoscedasticity. The Related Concepts phase satis�ed
both (Shapiro-Wilk p > 0:05; Levene'sp = 0:2440), yielding a nonsigni�cant ANOVA:
F (2; 15) = 0:22, p = 0:8032,� 2 = 0:03 (novice: n = 6, M = 0:88, SD = 0:08; pro�cient:
n = 6, M = 0:83, SD = 0:15; expert: n = 6, M = 0:87, SD = 0:17). Other phases
(Concept Outline, Initial Coding, Global Coding, Reviewing Codes) violated normality
(p < 0:05) but met homoscedasticity (Levene'sp = 0:1519{0:5960), with nonsigni�cant
Kruskal-Wallis results: H (2) = 1 :95{5:82, p = 0:0544{0:7664,� 2 = 0:03{0:34 (Generating
Themes excluded for zero variance).

Figure 5.1: F1 Scores (All Participants) while using DeTAILS: Background Research Phase
(Related Concepts, Concept Outline), Coding Phase (Initial Coding, Global Coding), Re-
viewing Codes Phase, Generating Themes Phase

5.1.2 Time Analysis

Our analysis revealed that the Initial Coding took signi�cantly more time than any other
steps (Figure 5.2). We assessed sphericity using Mauchly's test (� = 0:05), which was
signi�cant, W = 0:197, p = 0:003, indicating a violation of sphericity. Accordingly, we
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applied the Greenhouse{Geisser correction (" = 0:623); the one-way repeated-measures
ANOVA then revealed a robust e�ect of Phase on time spent,F (2:49; 42:37) = 22:77, p <
0:001,� 2

p = 0:57. A nonparametric Friedman test corroborated this �nding,� 2(4) = 44:62,
p < 0:001. Post-hoc comparisons using Wilcoxon signed-rank tests with a Bonferroni
correction showed that the Initial Coding step lasted signi�cantly longer than Related
Concepts (p = 0:002), Concept Outline (p = 0:004), Initial Codebook (p < 0:001), and
Global Coding (p = 0:004). Global Coding itself was also signi�cantly longer than Initial
Codebook (p = 0:004). No other pairwise contrasts reached signi�cance.

When comparing expertise groups, we generally found no signi�cant di�erences in the
time spent on each phase, with one key exception. The only statistically signi�cant di�er-
ence occurred during the Related Concepts phase, where a Welch's ANOVA (F(2, 9.26) =
6.51, p = 0.017) revealed that pro�cient users (M=5.37 min) spent signi�cantly more time
than novices (M = 2.49 min, t(10) = -3.74, p = 0.004). No other statistically signi�cant
di�erences in time spent between expertise groups were found in any of the other phases.
These comparisons were made using one-way ANOVAs or their non-parametric equivalents
after checking assumptions for normality (Shapiro-Wilk test) and homogeneity of variances
(Levene's test).

Figure 5.2: Participant timings (by phase) while using DeTAILS: Background Research
Phase (Context, Related Concepts, Concept Outline), Coding Phase (Initial Coding,
Global Coding), Reviewing Codes Phase, Generating Themes Phase
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5.1.3 NASA-TLX

Figure 5.3: NASA-TLX Responses (All Participants) after using DeTAILS. It measures
mental, physical, and temporal demands, performance, e�ort, and frustration through
participants' self-reports.

Participants reported low to moderate cognitive load when using DeTAILS (Figure 5.3),
with mental demand averaging 39/100, e�ort at 37/100, and temporal demand at 29/100.
Frustration was notably low (median 10/100, with 89% scoring� 30/100) paired with
high self-assessed performance (mean 73/100, median 75/100). Overall workload averaged
26:3=100 (SD = 12:4), showing low overall perceived workload across participants.

Statistical analysis revealed no signi�cant di�erences in workload across expertise levels.
We applied appropriate tests based on distributional assumptions (Shapiro-Wilk test and
Levene's test): one-way ANOVA for Mental Demand (F (2; 15) = 0:94, p = 0:4123, � 2 =
0:11), Temporal Demand (F (2; 15) = 0:22, p = 0:8064,� 2 = 0:03), and E�ort ( F (2; 15) =
0:12, p = 0:8919, � 2 = 0:02); Welch's ANOVA for Performance (F (2; 9:32) = 0:43, p =
0:6652,� 2 = 0:07); and Kruskal-Wallis tests for Physical Demand (H (2) = 1 :08,p = 0:5837,
� 2 = 0:06) and Frustration (H (2) = 3 :23, p = 0:1993,� 2 = 0:19).

38



Figure 5.4: Perceived Usefulness Responses (All Participants) after using DeTAILS. It
measures \Using the system improves my performance in my job," \Using the system
increases my productivity," \Using the system enhances my e�ectiveness in my job," \Using
the system makes it easier to do my job," \I �nd the system useful in my job," and \Using
the system enables me to accomplish tasks more quickly" through participants' self-reports.
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5.1.4 Perceived Usefulness Scale

Participants exhibited highly positive attitudes toward the utility of DeTAILS in their
work, with the Perceived Usefulness Scale yielding an average score of 4.21/5, between
\very useful" and \extremely useful" (Figure 5.4). No ratings fell below 3 (\moderately
useful"), and 86% of responses were 4 or 5, indicating strong agreement. Prominent metrics
included \Using the system enables me to accomplish tasks more quickly" (mean = 4.4/5)
and \makes it easier to do my job" (mean = 4.4/5). 15 of 18 participants rated at least
four items as 4 or 5, suggesting broad belief in enhanced productivity and e�ectiveness.
Furthermore, all expertise groups reported medians of 4.5 for both \Increases Productivity"
and \Accomplish Quickly," highlighting consistent perceived bene�ts in e�ciency.

No signi�cant di�erences were found on any of the Perceived Usefulness scales across ex-
pertise levels. To evaluate di�erences by expertise (novice, pro�cient, expert;n = 6 each),
distributional assumptions were tested using Shapiro{Wilk for normality and Levene's for
homogeneity of variance. Only \Improves Performance" met criteria (Shapiro{Wilkp >
0:05; Levene'sp = 0:1622), yielding a non-signi�cant one-way ANOVA:F (2; 15) = 0:17,
p = 0:8433,� 2 = 0:02 (Novice: M = 3:83, SD = 0:75; Pro�cient: M = 4:00, SD = 0:63;
Expert: M = 4:00, SD = 0:00). The other �ve items violated normality, leading to
Kruskal{Wallis tests with p-values from 0.1137 to 0.8679 (all> 0:05), e.g., Enhances Ef-
fectiveness:H (2) = 4 :35, p = 0:1137,� 2 = 0:26.

5.1.5 AttrakDi�

The 28-item AttrakDi� questionnaire assessed participants' subjective impressions of De-
TAILS on pragmatic (task-oriented, usability-focused) and hedonic dimensions (emotional,
experiential, non-task-oriented), yielding overwhelmingly positive results (Figure 5.5). On
pragmatic quality, participants rated the tool as clearly structured (mean 6.3/7), straight-
forward (mean 5.7/7), practical (mean 2.0/7, where 1 is fully practical), and simple (mean
2.8/7, where 1 is simple). It was also viewed as professional (mean 2.1/7), presentable
(mean 6.1/7), and attractive (mean 5.9/7). Hedonic quality ratings were similarly favor-
able, with the tool described as creative (mean 5.9/7), inventive (mean 2.3/7, where 1 is
inventive), captivating (mean 5.8/7), inviting (mean 5.9/7), and integrating (mean 5.7/7).
These metrics con�rm high usability and enjoyment across the sample of 18 participants.

No signi�cant di�erences were found on most AttrakDi� items across expertise lev-
els. Normality and homoscedasticity were tested using Shapiro{Wilk and Levene's tests
(� = 0:05), leading to one-way ANOVA for 16 items meeting assumptions and Kruskal{
Wallis for the remaining 12. Most items showed no signi�cant group di�erences (p-
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Figure 5.5: AttrakDi� Responses (All Participants) after using DeTAILS. It measures
pragmatic (task-oriented, usability-focused) and hedonic dimensions (emotional, experien-
tial, non-task-oriented) through participants' self-reports.
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values 0.1196{1.0000), including pragmatic aspects like Human/Technical (F (2; 15) =
1:06, p = 0:3715, � 2 = 0:12), Professional/Unprofessional (F (2; 15) = 0:04, p = 0:9642,
� 2 = 0:00), and Practical/Impractical (H (2) = 0 :05, p = 0:9738, � 2 = 0:00), as well
as hedonic qualities like Inventive/Conventional (H (2) = 0 :50, p = 0:7793, � 2 = 0:03),
Dull/Captivating ( F (2; 15) = 0:25, p = 0:7851, � 2 = 0:03), and Motivating/Discour-
aging (F (2; 15) = 0:07, p = 0:9314, � 2 = 0:01). A trend emerged on Simple/Com-
plicated (Kruskal{Wallis � 2(2) = 5 :88, p = 0:0529, � 2 = 0:35; novicesMdn = 2:00,
experts Mdn = 3:00), with novices perceiving greater simplicity than experts (post-hoc
t(10) = � 2:87, p = 0:0165, Cohen'sd = � 1:66, Bonferroni-corrected� = 0:0167).

5.2 Qualitative Results

We structure this section by the toolkit's four main phases (these use LLMs for compu-
tation) | Background Research, Coding, Reviewing Codes, and Generating Themes|
mirroring the re
exive thematic analysis work
ow. In each phase, we describe overall
usage patterns (noting di�erences by experience level when present) and compare their
typical manual practice to the DeTAILS-supported approach. We then detail the impacts
of speci�c features on their experience, using verbatim quotes to illustrate how each fea-
ture changed their analysis. Throughout, we highlight moments where the LLM assistant
surfaced new insights or prompted participants to adjust their approach, as well as any
limitations or cautions participants noted.

5.2.1 Phase 1: Background Research

All participants found that DeTAILS' Background Research features expedited their anal-
ysis. Rather than repeatedly rereading and annotating the same literature to de�ne key
concepts, analysts could upload documents they had already reviewed and have related
concepts automatically generated|freeing them to focus on validating results. One novice
(P2) remarked, \Doing it manually would have taken an order of magnitude longer. . . it
basically takes all of the legwork out of it."This pace was also driven by the trust partici-
pants gained in DeTAILS's outputs|since its suggestions aligned with their expectations,
they could rapidly verify results and move forward. Even experienced analysts found
DeTAILS's suggestions largely aligned with their expectations, instilling con�dence that
important ideas were not missed. As one expert (P17) noted, background research\pulled
pretty well everything I was expecting"and even surfaced a couple of concepts\I wasn't
necessarily looking for but knew were there. . . now I am really interested in it,"referring
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to how \fear of falling" is linked to \falls rehabilitation in dementia research"|a topic they
had not explicitly mentioned in their research questions, but which emerged as relevant.
When asked why this concept interested them, the participant explained:\So, like fear of
falling, I have another paper on fear of falling and how linked it is to fall risk but I hadn't
made any research questions about it, but it's also taken the articles [uploaded research
papers] so it was encouraging to see that the articles were picking up what I already knew,
just didn't mention in the research question. . . So it's kind of encouraging like that extra
veri�cation as well that you're on the right track." Later in the analysis, codes related
to the fear of falling appeared from caregivers' comments about the lived experiences of
people with dementia.

Context

Participants likened DeTAILS' Context to a snapshot of their mental map, o�oading the
cognitive load of recalling where they started. P11 observed,\I am a visual person. It felt
like all the information I needed for my research was present, all there on one screen."Each
participant brought a curated set of source documents to the study, enabling DeTAILS to
perform what P13 described as\basically the �rst literature scan" for them. By o�oading
this work, participants were able to devote their e�orts to reviewing and re�ning the list
of concepts. As P11 re
ected,\Using the toolkit, I just have to look at what was already
created. . . that felt a lot easier than doing it myself."This initial consolidation then served
as the foundation for generating Related Concepts and Concept Outline.

Experts nevertheless emphasized that the quality of context is contingent on the in-
puts they provide. As P18 noted,\The more you explain what you're looking for, the
better the output," noting that in their study of how peer discussions shape perceptions
of health technology,they included additional information- \resources required to support
technology adoption" which was re
ected as a related concept|\facilitating conditions"
(see Figure 5.6)|and, although not particularly prominent in the data, later appeared as
a code assigned to two quotes.

Several participants (P3, P13, P14, P17) highlighted the advantage of persistent access
to their research context: P17 stated,\I like that at any point I could go back and edit
Context to update the entire research focus,"commenting on how in the future they could
analyze multiple research questions separately using the same literature as context. Partic-
ipant P3 said, \I could go back to the very �rst step [Context] and change it. . . so I would
automatically rede�ne further steps [Related Concepts],"re
ecting on their desire to avoid
related concepts rooted in human emotions and focus solely on \AI's pattern recognition
in songs", which they achieved by providing additional information \avoid emotion based
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concepts", to the DeTAILS' Context for their research on \the impact of AI in the music
industry." This made one of the related concepts change from \Emotional Expressions"
to \Understanding Song Concepts".

Related Concepts

Participants across skill levels valued how the related concepts DeTAILS generated surfaced
overlooked ideas, related terms, and synonyms. Related concepts acted as a collaborative
\second opinion" (P14) or \hidden brainstorming partner" (P4), rather than accepting
every suggestion outright, making the process engaging and e�cient. Participant (P2) felt
that \It [�nding key concepts] was a total. . . solo slog. . . but then here this thing jumps
in like an expert partner. . . and suddenly analysis is actually pretty fun"adding, \It came
up with stu� I wouldn't think of."

Novice analysts found that DeTAILS o�ered a broader, \less biased" perspective as
mentioned by P10. Initially focused on trust and bribery in their research on Romanian-
Balkan healthcare, P10 was intrigued by the concept of\low salaries." This factor was
signi�cant in the literature on the region, but they said \it is not something I want to
[re]search in this work" and did not end up selecting this related concept. They noted,
\At least the tool is a little bit less biased. . . The fact that it counted low salaries as one
of the concepts is very interesting, it made me aware of things I maybe wouldn't be aware
of," highlighting research aspects that are overlooked. To remove some of the suggestions
produced because of the broader perspective of Related Concepts, P10 noted that, by pro-
viding feedback on redo|\Medical bribery can be linked to the `gift-giving' culture found
in Eastern Europe and Balkan countries"|the concept's focus shifted to cultural norms,
ethics, and the doctor{patient encounter. As they remarked,\Once I added additional
information. . . literally everything else was pretty spot on to what I'm most interested in.
It became even more accurate { it switched the narrative almost."These early adjustments
yielded four �nal themes|\Challenges in Healthcare Delivery: Quality, Infrastructure,
and Patient Access", \Historical Legacies Shaping Contemporary Healthcare", \Systemic
De�ciencies: Governance, Trust, and Ethics in Healthcare", and \The Medical Workforce:
Pressures, Expertise, and Systemic Impacts"|all of which more focused on cultural and
ethical dimensions rather than low salaries.

Experts used it to identify potential oversights. In their research on\assistive technology
use", P11 noticed an emphasis on the concept of\independence,"which, according to them,
\it's not like o�ensive or anything, but it's something that I would change in the future
based on current critical disability theory directions. But I will leave it for now because
I can understand why the language model came to that speci�c conclusion there based on
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Figure 5.6: Related Concepts generated by DeTAILS for the research on how peer discus-
sions shape perceptions of health technology and edited by P18
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my papers. Everything else looks good."They saw this as a source-material bias and were
prompted to seek additional literature on independence in their future research. Similarly,
expert P18 valued it for revealing an underlying idea, stating,\related concept found that
from my research paper, nice!"referring to how \Social Comparison" was highlighted as
a related concept for their research on \how peer discussions shape perceptions of health
technology." Later on in the study this also emerged a code, clustered under the reviewed
code \Social Context and Normative In
uence in Peer Health Tech Discussions".

Concept Outline

Participants also appreciated that the concept outline provided a brief description for each
related concept drawn from their source literature. These read like scholarly explanations,
helping them understand how each idea was described in context. As one novice analyst
(P9) put it, \It seems like what I'd read in a background section of a paper explaining
these concepts."While a few participants felt some descriptions were a bit wordy, those
who spoke about its quality emphasized their accuracy and professionalism. For example,
P11|an expert in disability research|noted that \the descriptions were correct. It wasn't
o�ensive. . . that was a plus," and P10 (novice analyst) similarly remarked that\there
wasn't any hallucinations really; it was all pretty accurate"

5.2.2 Phase 3: Coding

Participants universally found DeTAILS' Coding much faster than manual coding. One
participant remarked, \In just seven minutes, the codes are generated. . . the change is so
apparent" (P16). Another explained,\I would typically spend seven to eight hours sifting
through everything. . . [DeTAILS' Coding] accomplished this in minutes"(P12).

After the initial coding, participants adopted reviewer roles|verifying and re�ning
coded entries and, on occasion, re-examining posts deemed irrelevant. As one participant
noted, \I deliberately inspected a couple of posts marked as non-relevant to ensure they truly
had nothing of value"(P16). Participants P4 and P17 likened the work
ow to \having
a junior coder perform the �rst pass," followed by their own veri�cation and high-level
adjustments. Nonetheless, they cautioned that DeTAILS may miss subtle contextual cues
or tonal subtleties|such as sarcasm conveyed through an ironic emoji- which was also
illustrated by P4's reference to a code\Preference for Human-Generated Resumes Over AI
Alternatives," to the quote (reddit comment), \. . . we promise no AI-generated resumes.
<upside-down face emoji>."This highlighted the indispensable role of human expertise
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in interpreting such subtleties, even as DeTAILS alleviates the drudgery of preliminary
coding.

Many were surprised at how closely the codes generated by DeTAILS matched those
they would have created themselves.\It's usually what my coding looks like," said P17
after comparing DeTAILS-generated codes|such as \Physical Health Comorbidities and
Medication Related Fall Risk"|to text excerpts like: \Along with dementia, she has sev-
eral other health issues. Severe arthritis, the need for some new joints, loss in sight and
hearing, some new foot pain (so she can barely walk at the moment), among others.". This
comparison closely aligned with P17's expectations, as they agreed with the explanation
provided by DeTAILS that \these conditions are signi�cant contributors to an elevated fall
risk. . . ," and observed that\tool[DeTAILS] accurately inferred fall risk. . . from just the
health issues mentioned [in the quote]."

A concern emerged that while code labels and themes were often relevant, the speci�c
quotations chosen to represent the code sometimes missed the mark. For some participants,
the pattern of highlighted quote excerpts di�ered from their own style. P5 made changes to
the quotes initially picked by DeTAILS and said,\they[quotes] are correct but very short. . .
I also add a few lines before and after [in the quote] to capture more detail of what is being
said." P15 noted they \edited one [quote] a little bit," removing a few of the last words
from a highlighted, lengthy quote as the\. . . rest [of the quotes] were on target."

Several participants admitted they were initially cautious about trusting the AI's coding
until they examined the evidence. For example, after editing the codes P14 said\having
the codes from the beginning is new for me and I feel like I don't initially trust it. . . but
the more I read, it's like ok { these are general themes around these quotes I was looking
for." In other words, once they read the explanations and the actual quote excerpts under
each code, they recognized that the categories were valid. This pattern of initial skepticism
turning into agreement was common, especially for those unfamiliar with letting an AI take
the �rst pass.

5.2.3 Phase 4: Reviewing Codes

In the Reviewing Codes phase, participants saw that DeTAILS automatically grouped
similar codes into clusters (higher-level codes). Overall, they found these groupings sensi-
ble and useful for streamlining the codebook. For example, P10 (novice) said\I wouldn't
change any of these groupings. . . they're grouped pretty well,"and only changed one cluster
name. Experts like P11 and P18 merged more codes into the same cluster to consolidate
them even further, as P11 said,\I could focus on thinking about connections. . . instead of
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worrying did I code every single thing."Many were pleased that they didn't have to man-
ually discover redundant codes | the system had put similar codes in the same bucket
and made the clustering process easier for them. One novice (P1) noted that the toolkit
\showed me if anything was basically the same, which de�nitely saves time."P12 appre-
ciated the boost, saying,\after a quick pass organizing codes it wasn't necessary to invest
the usual many hours into this step,"allowing them to shift focus from mechanical cleanup
to higher-order interpretation.

Reviewing Codes also surfaced connections participants hadn't initially considered. For
P6, whose research focused on ``parents' sentiments and concerns regarding vaccines,"De-
TAILS produced four reviewed codes: Perceived Vaccine Risks and Experienced Impacts,
Navigating the Vaccine Information Ecosystem and Decision-Making, Parental Vaccination
Stances, Choices, and Their Social Rami�cations, and Engagement with and Responses
to Vaccine Misinformation. While this structure was not what P6 would have initially
created, they recognized its value.\I think I would have probably done a lot of this very
di�erent, but I like the way it [DeTAILS] did it too," P6 said. They attributed this to
their own focused research question | \What are the current sentiments and concerns
expressed by parents of young children on Reddit regarding vaccines?"| noting, \I think
I just would have come in with a di�erent like theoretical framework. . . so it wouldn't have
ever done it that way, but I actually do like it this way."This process provided P6 with
an alternative thematic framework to report in their �ndings, which they recognized as a
valid|though di�erent|way to interpret their data and chose to adopt.

An interesting strategy for clustering codes came from P13, who didn't want to lose
unique but important points: they created a\Miscellaneous" bucket to hold one-o� codes
that had only a single example but were still noteworthy. \Even if it's just one person
saying it, but it's a really important comment, I will keep it" they explained, reasoning
that those insights should be retained separately rather than discarded. There was one
instance where the code clusters did not resonate with the participant's thinking process.
Participant P7 had 25 codes, which were initially grouped into 5 reviewed codes:\Per-
spectives on AI: Critiques, Capabilities, and Future"; \AI for Enhanced Information Access
and Comprehension"; \Advancing AI Capabilities and Developmental Methodologies"; \AI
for Work Augmentation and Scienti�c Acceleration"; and \AI as a Catalyst for Learning
and Critical Engagement." After analyzing each reviewed code and its associated codes,
P7 decided to consolidate them into three reviewed codes:\Perspectives on AI: Critiques,
Capabilities, and Future"; \AI for Work Augmentation and Scienti�c Acceleration"; and
\Miscellaneous." They explained,\I want all the reviewed codes, but I don't want my focus
to move away from the most important ones. . . I need the others, but I create an `Others'
group and use them only to �ll gaps."This outcome demonstrated that even during the Re-
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viewing Codes phase, human intervention was necessary to fully capture the participant's
research goals.

5.2.4 Phase 5: Generating Themes

Participants found the DeTAILS-generated themes logical and aligned with their own in-
terpretation of the data. For example, P15 (expert), analyzing discussions onr/blackladies
about Black womens' experiences with multimorbidity, found the themes to be\very,
very, very relevant." They were particularly impressed with the\sophisticated language
and conceptual grouping in themes"like \Systemic Constraints and Enduring Legacies:
Navigating Adversity in Health and Society,"and \The Interwoven Tapestry of Lived Ex-
perience: Identity, Support, and Agency in Multimorbidity"given the complexity of their
topic. P15 noted,\for it to be able to generate themes and I can tell like, yeah, this is the
language we would utilize and these are the main concepts that I would be looking for or
would generally see, I think is pretty accurate"(see Figure 5.7).

In general, participants reported that each theme corresponded to a major aspect of
their research question. This accuracy was frequently highlighted, with one expert (P6)
observing,\I would organize a paper this way too,"and a pro�cient analyst (P3) giving a
succinct endorsement:\This is exactly what I would name them."P9 noted that DeTAILS'
Generating Themes allowed them to skip the\messy middle" of theme development, es-
timating the tool had \done 90% of the work." One participant (P13, pro�cient) noted
DeTAILS's theme titles were surprisingly well-phrased,\almost like a manuscript title,"
which meant they could spend less time wordsmithing.

On the other hand, P14 liked the themes though they commented the wording was a bit
\magical" referring to the theme \Championing Clarity, Accessibility, and Inclusivity in
Educational Content and Platform Design." DeTAILS also surfaced participant-familiar,
non-obvious concept connections in the generated themes. For instance, P5 was intrigued
when DeTAILS clustered codes about\AI Chatbot Adoption Drivers and Processes"and
\User Trust and Reliability Assessment of AI Chatbots"into a cohesive theme titled\Dy-
namics of User Adoption and Trust in AI Chatbots." This way of generating themes
articulated a direct link between the two concepts, prompting P5 to re
ect:\Adoption is
directly related to trust and reliability. . . I was not expecting it would get that, and I like
how it did that". P13 re
ected on their journey from skepticism to trust: after reviewing
the �nal themes, they admitted, \I actually really like the themes. I like them more than
the codes, so maybe I just have to trust the process that we'll get there."

At the same time, participants recognized the importance of their own role in inter-
preting and �nalizing the analysis. As P17 put it, \even with an AI partner, ultimately the
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researcher is the instrument. The human decides what story to tell with the themes. You
can add things along the way based on your understanding of the data, and themes are just
an overview of the pattern in the data. At the end of the day, I will go through the whole
process multiple times just to know how to report the actual �ndings from those patterns."
They saw DeTAILS as an assistant that accelerates the analytic steps while keeping the
researcher in control of meaning-making.
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Figure 5.7: Themes generated by DeTAILS for the research on Black womens' experiences
with multimorbidity by P15
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Chapter 6

Discussion

DeTAILS was developed in response to key challenges of traditional thematic analysis |
notably, its labour intensity and di�culty scaling to large datasets | and researchers'
hesitancy to trust algorithms with qualitative coding. By integrating an LLM into a
stepwise, interactive work
ow, we aimed to dramatically accelerate coding while preserving
researcher agency and trust. Our study con�rmed that DeTAILS can indeed accelerate
analysis and generate coherent, valuable codes and themes that closely align with human
interpretations.

We now re
ect on how DeTAILS addresses concerns raised in prior work like reliability,
interpretability, and trust in AI, and outline the broader implications for LLM-assisted
qualitative research. These insights illustrate a path toward signi�cantly faster yet still
re
exive thematic analysis.

6.1 LLM-assisted Coding Accelerates Analysis

Participants reported that DeTAILS, through LLM-assisted coding, accelerated thematic
analysis. P16 noted,\In just seven minutes, the codes are generated. . . the change is so
apparent," and P12 recalled that manual coding typically took seven to eight hours for
a similar analysis, whereas while using DeTAILS it was completed in minutes. Measured
timings (Figure 5.2) con�rmed this speed: participants completed coding their datasets in
an average of 33 minutes. Participants also perceived DeTAILS as e�cient, with 16/18
agreeing that \Using the system enables me to accomplish tasks quickly" (Figure 5.4),
and easy to use, with low NASA-TLX scores (Figure 5.3). Throughout the coding process
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accuracy remained high, with F1 raising from 0.90 in initial coding to 1.0 when generat-
ing themes (Figure 5.1), indicating that the LLM-generated codes and themes matched
participants' expectations.

Prior work on LLM-assisted coding often forces researchers into a trade-o� between
speed and accuracy. Some systems prioritize group consensus over individual speed. For
instance, CollabCoder [47] enables multiple analysts to code inductively with optional
LLM suggestions, but analysis speed hinges on analysts' discussion time for agreement [47].
Other approaches use simple prompting styles. Though initially fast, they yield super�cial
outputs needing manual re�nement, negating time savings [57, 101, 102]. Even commercial
tools like NVivo provide partial automation when using LLMs. They suggest granular codes
but leave theme development to users, failing to speed up the complete work
ow [82]. The
key challenge, therefore, has been to create an AI assistant integrated system that provides
end-to-end acceleration for a single analyst.

DeTAILS uniquely accelerates the entire coding work
ow by integrating inductive dis-
covery with deductive application. The process begins inductively, as the LLM generates
emergent codes from an initial data subset, which the researcher then re�nes to create a
data-grounded codebook. This initial codebook is then applied deductively across the full
dataset, yet allowing for new codes to emerge. This hybrid approach resolves a central and
time consuming bottleneck of qualitative analysis: coding data. The inductive phase solves
the \cold start" problem of creating a relevant codebook, and the high-quality output of
that phase makes the subsequent deductive application both fast and accurate.

6.2 LLMs Help Transform Topics into Themes

Participants praised DeTAILS for converting codes into coherent, relevant themes. P15,
studying health discussions, was\very, very, very impressed"with its \sophisticated lan-
guage and grouping", which captured all main concepts. P3 said generated theme ti-
tles were\exactly what I would name them." Themes aligned with participants' research
goals, translating codes into broader patterns. Titles were well-phrased,\almost like a
manuscript title" (P13), easing the task of wording them correctly. DeTAILS managed
the labor-intensive \messy middle" of condensing codes, doing\90% of the work" (P9).
All 18 participants accepted AI-generated themes unmodi�ed, as measured by a macro
F1 score of 1.00 (Figure 5.1), indicating that the LLM-generated themes matched partic-
ipants' expectations exactly. 15/18 participants agreed that \Using the system enhances
my e�ectiveness in my job"(Figure 5.4).

Existing thematic analysis tools struggle to incorporate researchers' domain knowledge,
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and tend to produce purely descriptive topics that lack depth and require extensive man-
ual work to form meaningful themes. Tools like the CTA Toolkit [48, 71], which use topic
models like LDA or BERTopic, cluster data via word co-occurrence or semantic similarity.
The topics they produce require further interpretation to uncover their intended mean-
ing and avoid surface-level insights [25, 49, 85]. Systems like LLooM [75] use LLMs to
generate coherent, diverse, and high-level concepts, but often fail to take into account
the researcher's insights, resulting in more comprehensive yet generic topics that require
tedious interpretation post computation.

DeTAILS generated coherent themes based on a researcher's questions by identifying
links between the codes they created. These links then revealed hidden patterns in the
data. For instance, P5 noted that it made surprisingly good connections, like\AI chatbot
adoption" and \user trust" under a user-AI trust dynamics theme. Participants remarked
that the patterns then served as re
ective prompts to explore code connections for deeper
insights. DeTAILS also connects themes back to supporting codes, quotes, and the LLMs'
earlier explanations of context for each code assignment. To move beyond generic topics,
future systems should therefore ground theme generation in researchers' domain knowl-
edge and reveal code connections in a transparent, traceable manner that prompts deeper
analytical re
ection.

6.3 Integrating Qualitative Research and
Chain-of-Thought

DeTAILS's design externalizes the analyst's thought process into a structured, visible
chain of tasks. The system decomposes the complex, often internalized, process of thematic
analysis into a six-phase work
ow (Figure 3.1). This structure requires the analyst to
engage deliberately at each stage, from de�ning the initial research context to re�ning the
�nal themes. This step-by-step engagement was found to be useful in the user study; for
instance, P6 said,\I like how it looks. . . the sidebar with all the steps,"P11 felt that \all
the information I needed for my research was present, all there,"while P3 appreciated the
ability to \go to any step. . . see what I was thinking"at any time. This chained process,
where the output of one step becomes the explicit input for the next, builds user con�dence,
as exempli�ed by P13's journey to\trust the process," with 15/18 agreeing with \I �nd
the system useful in my job"(Figure 5.4).

Existing QDA-LLM integrations struggle to support the analyst's iterative sense-making.
Frameworks such as LLM-in-the-loop [31] use code examples for coding the data without
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sharing their logic with the LLM, this approach often fails to incorporate what the re-
searcher is actually looking for in the data [31, 34]. Systems such as MindCoder [46]
automate an end-to-end qualitative pipeline yet make human intervention optional |
analysts can provide their insights when they want but are not required to review each
stage | potentially missing critical corrections early on. Tools like LLooM [75] use multi-
step prompting but emphasize automated outputs, often bypassing the analyst's ongoing
re
ection for e�ciency. Moreover, these approaches lock in only the researcher's initial
objectives, following a predetermined sequence of tasks and overlooking evolving insights
that arise throughout the analysis.

DeTAILS transforms qualitative analysis by turning LLM into a collaborative partner
that embeds researchers' judgment as a core part of its transparent, step-by-step work
ow.
This \Chain-of-Tasks" o�ers clear goals and suggestions, reducing busywork so analysts
can focus on insights, while allowing them to input domain knowledge that dynamically
re�nes future steps and maintains a smooth, iterative 
ow while guiding the AI. By fos-
tering deeper engagement through traceable AI logic (like code-quote-explanations) and
human interpretation, DeTAILS ensures that researchers' re
exive thinking drives mean-
ingful discoveries, setting a new standard for AI tools that prioritize human insight over
automation.

6.4 Agency and Trust

Participants reported a strong sense of agency and trust in DeTAILS as a supportive
tool. They described themselves as\in the driver's seat," (P4) and the AI as a \junior
coder" (P17) who will do the analysis as a �rst pass and then they can verify the work.
This sense of agency was re
ected in high AttrakDi� ratings for manageability (mean
= 5.97) (Figure 5.5), as P17 asserted:\ultimately the researcher is the instrument. . .
AI is just like an extra set of eyes." Trust emerged iteratively through interaction, with
participants shifting from initial wariness to con�dence as they used the tool. For instance,
P13 admitted to not trusting the initial codes but came to\trust the process" upon review.
The ultimate testament to trust in DeTAILS was when participants asked,\I would love
to explore it more for my research"(P8), \so when's this available? When can I use this?"
(P17).

Building researcher trust in AI is an ongoing challenge. \Black box" designs, like single-
step AI coding, fail to build trust by hiding reasoning [74, 138]. When many analysts agree
on an AI suggestion, people trust it more but this stops individual analysts from exploring
more on their own [47]. While the literature has long recommended general trust-enhancing
practices like human-in-the-loop control and step-by-step veri�cation as potential solutions
to these challenges [81], a key gap remains: existing systems often fall short in seamlessly
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integrating these principles of trust and agency into a re
exive work
ow for thematic
analysis.

Trustworthy human{AI collaboration in qualitative research requires AI tools that are
transparent, editable, and keep the researcher in control. Participants often reported in-
creased trust in DeTAILS associated with the ability to inspect and modify its computa-
tional steps and with AI outputs they judged to be accurate. DeTAILS o�ers an interface
for cross-checking AI-proposed codes and themes against raw data, including code expla-
nations to enhance transparency. Participants perceived AI outputs as accurate, boosting
their trust in the system. This design surpasses opaque, one-shot outputs, enabling inter-
active partnerships where analysts guide and correct AI, retaining decision authority. Such
processes build earned trust and preserve interpretive agency.
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Chapter 7

Limitations and Future Work

There are several limitations that suggest directions for future work.

First, our evaluation was short-term and controlled; we lack evidence of how DeTAILS
would fare in long-term, real-world use. A longitudinal deployment study is needed to
observe whether researchers continue to adopt the toolkit over extended projects, how it
impacts their work
ow and rigour over time, and what new use cases or challenges emerge in
naturalistic settings. Understanding sustained adoption and e�ects on qualitative practice
will be crucial before broader adoption.

Second, we did not directly compare DeTAILS with established qualitative analysis
software like NVivo or Atlas.ti. Such tools are widely used for coding and theming, and a
head-to-head evaluation (especially on large or complex datasets) would clarify DeTAILS's
relative strengths and weaknesses. Future work should involve comparative studies to
benchmark the toolkit's e�ciency, theme quality, and user experience against these ex-
isting platforms. This comparison could help identify scenarios where an LLM-supported
approach provides the most value, and also highlight any features from traditional software
that DeTAILS might integrate.

Third, our current implementation explores only a narrow range of prompting tech-
niques and model types. We used a general-purpose LLM with a chain-of-thought prompt-
ing work
ow, without running parallel studies with other prompting strategies (e.g., ReAct
prompting [134]) or specialized models. It remains an open question how di�erent LLM con-
�gurations might in
uence the outcomes. Future research should experiment with diverse
prompting approaches and model variants | for instance, comparing reasoning-intensive
prompts versus direct answers, or using domain-speci�c �ne-tuned models in place of a
general model. These explorations could improve the quality of AI-generated codes and
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themes, and inform guidelines on pairing the right prompting technique or model with
particular qualitative analysis tasks.
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Chapter 8

Conclusion

We introduced DeTAILS as a Human-LLM collaboration toolkit that integrates LLM assis-
tance into each phase of re
exive thematic analysis that the human guides. Key features|
like the persistent \memory snapshot" to inject context into every prompt and the \redo-
with-feedback" loop or interactive manual intervention for iterative re�nement|ensure
continuity from coding through theme generation while keeping the researcher's in
uence
at the forefront. The interface makes every LLM-generated code and theme inspectable
and editable, promoting transparency and enabling analysts to verify and adjust outputs
against the raw data.

Our study with 18 analysts con�rmed DeTAILS's e�ectiveness and ease of use. Par-
ticipants used the toolkit to perform thematic analysis on a heterogeneous text dataset of
their choice, reporting that the iterative LLM support accelerated their process of generat-
ing codes and themes accurately. All 18 participants agreed with the DeTAILS-generated
themes, requiring no modi�cations, indicating that the work
ow preserved interpretive
depth and earned their trust. Participants described feeling \in the driver's seat" of the
analysis and viewed the LLM as a diligent assistant rather than an autonomous agent,
highlighting how the tool fostered agency and trust.

In conclusion, this work demonstrates that LLM assistance can be scaled up with-
out undermining qualitative depth. DeTAILS's memory-grounded prompt chaining and
interactive feedback loops illustrate how LLMs can amplify analysts' capabilities while
preserving their control and re
exivity. Ultimately, our approach shows that LLMs can ac-
celerate and scale thematic analysis, yet still uphold the re
exive depth of the researcher's
interpretive process, as evidenced by high alignment scores, low workload, and positive
trust feedback.
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APPENDICES

In this appendix, we provide all prompts used in DeTAILS, interview materials used for the
study, ethics approved application for reference, plots and tables that we did not include
in the main sections of the thesis.
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Appendix A

Prompts

A.1 Phase-wise Prompts

A.1.1 Related Concepts Prompts

Initial prompt

System Prompt:

You are an expert in qualitative research.

Your task is to assist in an analysis by gaining a holistic
understanding of the main topic and research questions, and extracting

related concepts from the provided textual data. The concepts should
illuminate the topic and help answer the research questions.

Context:
- Main Topic: [Main Topic of Interest]
- Research Questions: [User given Research Questions]
- Additional Information: [Additional information about the main topic

of interest]

Textual Data:
[Document segments from using RAG]

Step-by-Step Process Guidance:
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- Focus on concepts frequently mentioned or significant to the
research questions.
- Keep each concept to 1-3 words.
- Represent the diversity of perspectives in the data.
- Base extraction primarily on the textual data; integrate additional
info only to contextualize.

Output Format & Constraints:
- Return exactly 10 distinct, relevant concepts.
- Present them as a simple list (one per line or comma-separated).

Additional Notes:
- Concepts must not overlap with each other or duplicate the main
topic.

User Prompt:

Carefully review the textual data and extract 10 related concepts that
will help us better understand the main topic and answer research

questions.

Main Topic: [Main Topic of Interest]
Research Questions: [User given Research Questions]
Additional Information: [Additional information about the main topic
of interest]

Present the concepts in a JSON object with the following structure:

```json
{

"concepts": [
"concept1",
"concept2",
...
"concept10"

]
}
```

Important:
- Only return the JSON object-no explanations, summaries, or
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additional text.
- Ensure the JSON is valid and contains exactly 10 distinct concepts.

Redo with Feedback

System Prompt:

You are an expert in qualitative research.

Your task is to support the analysis by developing a holistic
understanding of the main topic and research questions, and by
refining previously generated related concepts based on the user's
selections and feedback.
User feedback, when provided, is crucial and should serve as the
primary guide for improving concept selection.

Context:
- Main Topic: [Main Topic of Interest]
- Research Questions: [User given Research Questions]
- Additional Information: [Additional information about the main topic

of interest]
- Selected Concepts (retain these): [Concepts which are selected]
- Unselected Concepts (exclude these): [Concepts which were excluded]
- Extra Feedback: [Extra feedback from user]

Step-by-Step Process Guidance:
1. Re-evaluate the Context
- Consider the main topic, research questions, and additional
information to ensure the concepts align with the research objectives.

2. Refine the Concepts
- Retain the selected concepts as they are.
- Exclude the unselected concepts from the new set.
- Use the extra feedback to generate new concepts that address the
user's concerns and suggestions.
- Ensure the new concepts are distinct from both the selected,
unselected concepts, and main topic.
- Aim for concepts that are relevant, insightful, and aligned with the

research context and user's feedback.
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Output Format & Constraints:
- Provide exactly 5 refined concepts in the following JSON format:

```json
{

"concepts": [
"concept1",
"concept2",
...
"concept5"

]
}
```

Important Notes
- Only return the JSON object with the refined concepts.
- Do not include any explanations, summaries, or additional text.
- Ensure the JSON is valid and properly formatted.
- The refined concepts should clearly reflect the user's feedback and
the research context.

Textual Data:
[Document segments from using RAG]

User Prompt:

I need a refined list of exactly 5 concepts based on the following
research inputs:

- Main Topic: [Main Topic of Interest]
- Research Questions: [User given Research Questions]
- Additional Information: [Additional information about the main topic

of interest]
- Selected Concepts (retain these): [Concepts which are selected]
- Unselected Concepts (exclude these): [Concepts which were excluded]
- Extra Feedback: [Extra feedback from user]

Output Format:
```json
{
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"concepts": [
"concept1",
"concept2",
...
"concept5"

]
}
```

Important Notes:
- Return only the JSON object with the refined list of 5 concepts.
- Do not include explanations, notes, or additional text beyond the
JSON.
- Ensure the JSON is valid and properly formatted.

A.1.2 Concept Outline Prompts

Initial prompt

System Prompt:

You are an expert in qualitative research.

Your task is to provide clear, concise definitions for a list of terms
based on the provided context, main topic, research questions, and

additional information.
If the context does not contain sufficient detail, you may draw on
your broader domain knowledge.

Output Format and Constraints:
IMPORTANT - respond * only * in JSON, formatted as an array of objects
with this schema:

```json
{

"concepts": [
{

"word": "<Term>",
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"description": "<Definition of the term, including its relevance
to the main topic, research questions, or additional information>"

},
...

]
}
```

Textual Data:
[Document segments from using RAG]

User Prompt:

Context:
- Main Topic: [Main Topic of Interest]
- Research Questions: [User given Research Questions]
- Additional Information: [Additional information about the main topic

of interest]
- Words to define: ([Comma separated batch of words])

Output Format and Constraints:
Provide the response in JSON format.
Your response must be in JSON format as a list of objects with this
schema

```json
{

"concepts": [
{

"word": "<Term>",
"description": "<Definition of the term, including its relevance

to the main topic, research questions, or additional information>"
},
...

]
}
```

Follow the JSON format strictly.
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A.1.3 Intial Coding Prompts

Initial prompt

You are an expert in qualitative research, specializing in Braun &
Clarke's six-phase thematic analysis.

Your task is to generate codes by extracting meaningful quotes from
the transcript that link to the main topic, that are evidence to
answer research questions, support additional information, and concept

table.

Context:
- ** Main Topic: ** [Main Topic of Interest]
- ** Additional Information: ** [Additional information about the main
topic of interest]
- ** Research Questions: ** [User given Research Questions]
- ** Concept Table (JSON): ** [Concept Outline]
- ** Transcript: ** [Transcript of a Reddit Post]

Step-by-Step Process Guidance:
1. Read the Transcript
First, read the entire transcript to understand its overall content
and context. Only code the post if it contains quotes that link to the

main topic, that are evidence to answer research questions, support
additional information, and concept table; otherwise, skip it.

2. Line-by-Line Coding
- ** Extract: ** For each relevant segment, copy the complete, exact
quote.
- ** Code: ** Assign a concise label that reflects its meaning relative
to the main topic, additional information, research questions, and
concept table.
- ** Skip: ** Do * not * code irrelevant or off-topic content. Avoid
generic labels like "irrelevant," "off-topic," etc.
- Generate each code as a natural phrase - just as a expert human
qualitative researcher would. Each word in the code should be
seperated by a space.

Output Format and Constraints:
Return ** only ** valid JSON, exactly matching this structure:
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```json
{

"codes": [
{

"quote": "Complete and exact phrase from the transcript (from
the start to the end of the sentence).",

"explanation": "How this quote supports the research focus.",
"code": "Assigned code label.",
"source": {

"type": "comment", // "comment" or "post"
"comment_id": "1.2", // required if type is "comment"
"title": false // required if type is "post": true = title,

false = body
}

}
// ...additional code objects...

]
}
```

* If a quote fits multiple codes, list each as a separate entry.
* Omit quotes that do not align with any valid codes.
* If no codes apply, return:

```json
{ "codes": [] }
```

* ** Do not ** include any text outside the JSON.

Redo Feedback

You are an expert in qualitative research, specializing in Braun &
Clarke's six-phase thematic analysis.

Your task is to generate codes by extracting meaningful quotes from
the transcript that link to the main topic, that are evidence to
answer research questions, support additional information, and concept

table.
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Context:
- ** Main Topic: ** [Main Topic of Interest]
- ** Additional Information: ** [Additional information about the main
topic of interest]
- ** Research Questions: ** [User given Research Questions]
- ** Concept Table (JSON): ** [Concept Outline]
- ** Current Codebook: ** [Current codes and their summarized
explanations in initial coding step]
- ** Feedback: ** [User Feedback]
- ** Transcript: ** [Transcript of a Reddit Post]

Step-by-Step Process Guidance:
1. Read the Transcript
First, read the entire transcript to understand its overall content
and context. Only code the post if it contains quotes that link to the

main topic, that are evidence to answer research questions, support
additional information, and concept table; otherwise, skip it.

2. Review and Integrate Feedback
The initial coding was completed once, but the user found the
resulting codebook underwhelming.

- ** Examine the current codebook ** , Current codebook
- ** Consider the optional feedback ** , Feedback
- ** Identify issues ** : What might have led the user to find the

original codes less than satisfactory?

3. Line-by-Line Coding
- ** Extract: ** For each relevant segment, copy the complete, exact
quote.
- ** Code: ** Assign a concise label that reflects its meaning relative
to the main topic, additional information, research questions, and
concept table.

- Adjust for the identified issues.
- ** Skip: ** Do * not * code irrelevant or off-topic content. Avoid
generic labels like "irrelevant," "off-topic," etc.
- Generate each code as a natural phrase - just as a expert human
qualitative researcher would. Each word in the phrase should be
seperated by a space.

Output Format and Constraints:
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Return ** only ** valid JSON, exactly matching this structure:

```json
{

"codes": [
{

"quote": "Complete and exact phrase from the transcript (from
the start to the end of the sentence).",

"explanation": "How this quote supports the research focus.",
"code": "Assigned code label.",
"source": {

"type": "comment", // "comment" or "post"
"comment_id": "1.2", // required if type is "comment"
"title": false // required if type is "post": true = title,

false = body
}

}
// ...additional code objects...

]
}
```

* If a quote fits multiple codes, list each as a separate entry.
* Omit quotes that do not align with any valid codes.
* If no codes apply, return:

```json
{ "codes": [] }
```

* ** Do not ** include any text outside the JSON.

A.1.4 Initial Codebook Prompts

Initial prompt

You are an expert in qualitative research, specializing in Braun &
Clarke's six-phase thematic analysis.
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Your task is to summarize multiple explanations for various codes and
merge them into a single definition for each code.

Context:
1. ** List of Codes and Explanations (JSON): **
[List of codes and their explanations in a summarized format]

The input JSON object will be structured as follows:

```json
{

"code1": ["Explanation1", "Explanation2", ...],
"code2": ["Explanation1", "Explanation2", ...],
...

}
```

Step-by-Step Process Guidance:
For each code in the JSON object, analyze all the provided
explanations. Identify the common key points, and any notable
differences or contradictions among the explanations.

Based on your analysis, create a single, coherent definition for each
code that captures the essence of all its explanations. The definition

should be concise, clear, and representative of the various
perspectives presented. If there are contradictions, acknowledge them
in the definition or provide a definition that encompasses the
different viewpoints. Aim for definitions that are approximately a few

sentences long, but ensure they are comprehensive enough to cover the
main points.

Do not simply select one explanation as the definition; instead,
create a new definition that integrates the key elements from all
explanations for each code.

Output Format and Constraints:
Present your results in a JSON object where each key is a code and
each value is the corresponding definition. The format should be:
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```json
{

"code1": "definition1",
"code2": "definition2",
...

}
```

Your response should consist solely of the JSON object containing the
definitions for each code. Do not include any additional text,
explanations, or commentary.

Redo with Feedback

You are an expert in qualitative research, tasked with refining code
definitions based on previous outputs and feedback.

Previously, you generated definitions for various codes by summarizing
multiple explanations.

Now, you will refine those definitions using feedback and by re-
examining the original explanations.

Context:
1. ** Previous Codebook: **

The definitions generated in the previous run, which the user did
not prefer so wants them to be changed and need to keep in mind to
avoid while generating a new version, provided in JSON format:

[Previous codebook]

2. ** Feedback: **
Feedback on the previous codebook to guide refinement:

[User Feedback]

3. ** Original Explanations (JSON): **
The original data containing codes and their explanations,

structured as follows:
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```json
{

"code1": ["Explanation1", "Explanation2", ...],
"code2": ["Explanation1", "Explanation2", ...],
...

}
```

The input JSON object is:

[List of codes and their explanations in a summarized format]

Step-by-Step Process Guidance:
1. ** Review the Previous Codebook and Feedback: **

- Examine the previous definitions and the feedback provided.
- Identify specific areas where the definitions can be improved

based on the feedback.
- If the feedback indicates that a definition is already

satisfactory, you may keep it as is or make minor adjustments as
needed.

2. ** Re-examine the Original Explanations: **
- Review the original explanations for each code to ensure the

refined definitions capture the common themes, key points, and any
notable differences or contradictions.

3. ** Refine the Definitions: **
- For each code, refine the definition by addressing the feedback

while maintaining the essence of the original definition where
appropriate.

- Ensure that the refined definition remains grounded in the
original explanations, integrating their key elements while addressing

the feedback.
- The refined definition should be concise (a few sentences), clear

, and representative of the various perspectives in the explanations.
- If there are contradictions in the explanations, acknowledge them

or provide a definition that encompasses the different viewpoints.
- Do not simply select one explanation as the definition; instead,

create a new definition that integrates the key elements from all
explanations, refined based on the feedback.
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Output Format and Constraints:
- Provide the refined definitions in a JSON object where each key

is a code and each value is the corresponding refined definition.
- The format should be:

```json
{

"code1": "refined_definition1",
"code2": "refined_definition2",
...

}
```

Your response should consist solely of the JSON object containing the
refined definitions for each code. Do not include any additional text,

explanations, or commentary.

A.1.5 Final Coding Prompts

Initial prompt

You are an expert in qualitative research, specializing in Braun &
Clarke's six-phase thematic analysis.

Your task is to assign codes - either by selecting existing codes from
the final codebook or generating new ones directly from the data - to
meaningful quotes from the transcript that link to the main topic,

that are evidence to answer research questions, support additional
information, and concept table.

Context:
- ** Main Topic: ** [Main Topic of Interest]
- ** Additional Information: ** [Additional information about the main
topic of interest]
- ** Research Questions: ** [User given Research Questions]
- ** Concept Table (JSON): ** [Concept Outline]
- ** Final Codebook: ** [Codebook generated from Initial Codebook Step]
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- ** Transcript: ** [Transcript of a Reddit Post]

Step-by-Step Process Guidance:
1. Read the Transcript
First, read the entire transcript to understand its overall content
and context. Only code the post if it contains quotes that link to the

main topic, that are evidence to answer research questions, support
additional information, and concept table; otherwise, skip it.

2. Line-by-Line Coding
- ** Extract: ** For each relevant segment, copy the complete, exact
quote.
- ** Code: ** Assign a label from the final codebook or generate a
concise new label that reflects its meaning relative to the main topic
, additional information, research questions, concept table and final
codebook.
- ** Skip: ** Do * not * code irrelevant or off-topic content. Avoid
generic labels like "irrelevant," "off-topic," etc.
- Generate each code as a natural phrase - just as a expert human
qualitative researcher would. Each word in the code should be
seperated by a space.

Output Format and Constraints:
Return ** only ** valid JSON, exactly matching this structure:

```json
{

"codes": [
{

"quote": "Complete and exact phrase from the transcript (from
the start to the end of the sentence).",

"explanation": "How this quote supports the research focus and
fits the assigned code.",

"code": "Assigned code from the final codebook.",
"source": {

"type": "comment", // "comment" or "post"
"comment_id": "1.2", // required if type is "comment"
"title": false // required if type is "post": true = title,

false = body
}
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}
// ...additional code objects...

]
}
```

* If a quote fits multiple codes, list each as a separate entry.
* Omit quotes that do not align with any valid codes from the final
codebook.
* If no codes apply, return:

```json
{ "codes": [] }
```

*** Do not ** include any text outside the JSON.

Redo with Feedback

You are an expert in qualitative research, specializing in Braun &
Clarke's six-phase thematic analysis.

Your task is to assign codes - either by selecting existing codes from
the final codebook or generating new ones directly from the data - to
meaningful quotes in the transcriptthat link to the main topic, that

are evidence to answer research questions, support additional
information, and concept table.

Context:
- ** Main Topic: ** [Main Topic of Interest]
- ** Additional Information: ** [Additional information about the main
topic of interest]
- ** Research Questions: ** [User given Research Questions]
- ** Final Codebook: ** [Codebook generated from Initial Codebook Step]
- ** Current Codebook: ** [Current codes and their summarized
explanations in final coding step]
- ** Concept Table (JSON): ** [Concept Outline]
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- ** Feedback: ** [User Feedback]
- ** Transcript: ** [Transcript of a Reddit Post]

Step-by-Step Process Guidance:
1. Read the Transcript
First, read the entire transcript to understand its overall content
and context. Only code the post if it contains quotes that link to the

main topic, that are evidence to answer research questions, support
additional information, and concept table; otherwise, skip it.

2. Review and Integrate Feedback
The final coding was completed once, but the user found the resulting
codebook underwhelming.

- ** Examine the current code assignments from the current codebook **
- ** Consider the optional feedback **
- ** Identify issues ** : What might have led the user to find the

original codes less than satisfactory?

3. Line-by-Line Coding
- ** Extract: ** For each relevant segment, copy the complete, exact
quote.
- ** Code: ** Assign a concise label that reflects its meaning relative
to:

- Adjust for the identified issues.
- Use existing codes from the final codebook, or update/propose new

codes if the predefined ones do not fit the data well.
- ** Skip: ** Do * not * code irrelevant or off-topic content. Avoid
generic labels like "irrelevant," "off-topic," etc.
- Generate each code as a natural phrase - just as a expert human
qualitative researcher would. Each word in the code should be
seperated by a space.

Output Format and Constraints:
Return ** only ** valid JSON, exactly matching this structure:

```json
{

"codes": [
{

"quote": "Complete and exact phrase from the transcript (from
the start to the end of the sentence).",
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"explanation": "How this quote supports the research focus and
justifies the assigned code (note if it's updated or new).",

"code": "Assigned code (from final codebook or updated/new).",
"source": {

"type": "comment", // "comment" or "post"
"comment_id": "1.2", // required if type is "comment"
"title": false // required if type is "post": true = title,

false = body
}

}
// ...additional code objects...

]
}
```

* If a quote fits multiple codes, list each as a separate entry.
* Omit quotes that do not align with any valid codes.
* If no codes apply, return:

```json
{ "codes": [] }
```

* ** Do not ** include any text outside the JSON.

A.1.6 Reviewed Codes Prompts

Initial prompt

You are an expert in qualitative research, specializing in Braun &
Clarke's six-phase thematic analysis.

Your task is to follow instructions to group the provided codes into
higher-level codes based on the associated EC (Explanation-Code) data.
These higher-level codes should be directly linked to the Main topic
and research questions.

Context:
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Code and summary Data:

```json
[Table of Codes and their summarized Explanations]
```

Unique Codes:

```json
[Unique list of codes in batch]
```

Step-by-Step Process Guidance:
- Assess the provisional groupings for coherence and fit with the data
.
- Check if each emerging higher-level code tells a convincing story
about the dataset.
- Determine whether any candidate codes should be merged, split, or
discarded.

- Fine-tune and finalize higher-level codes so each has a clear
central concept.
- Write a concise definition capturing the essence of each grouping.
- Ensure the groupings form a coherent overall story about the data.

Your tasks:
1. ** Review the Code and summary Data ** :

- The Code and summary table contains the rationale summary (
summary), and the assigned code.

- Example structure in JSON:

```json
[

{
"code": "CodeName",
"summary": "Summary of multiple explanations signifying the

meaning of the code."
}
// Additional instances...

]
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```

2. ** Examine the List of Unique Codes ** :
- This is a simple array of code names extracted from the Code and

summary table, e.g.:

```json
["Code1", "Code2", "Code3", ...]
```

- These are the existing lower-level codes that may need to be
merged or refined into broader categories.

3. ** Develop Higher-Level Codes ** :
- Group related lower-level codes under more encompassing,

conceptual headings.
- Name each higher-level code in a succinct, meaningful way.

4. ** Check for Fit and Coherence ** :
- For each higher-level code, confirm it is consistent with the

original summary.
- If any code doesn't fit or contradicts the grouping, consider re-

grouping it.
- Be prepared to revise (split, merge, rename) during this review.

5. ** Ensure Distinctness ** :
- Make sure each higher-level code is meaningfully different from

the others.
- Avoid overlapping definitions or repeated coverage of the same

pattern.

6. ** Finalize Output ** :
- Return the result in ** valid JSON ** only, following the same

structure given below.
- Do ** not ** include any text outside the JSON object.

Output Format and Constraints

```json
{
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"higher_level_codes": [
{

"name": "NameOfHigherLevelCode1",
"codes": [

"RelevantLowerLevelCodeA",
"RelevantLowerLevelCodeB"

]
},
{

"name": "NameOfHigherLevelCode2",
"codes": [

"RelevantLowerLevelCodeC",
"RelevantLowerLevelCodeD"

]
}
// Additional higher-level code objects...

]
}
```

** Important ** :
- Provide clear, compelling names for each higher-level code.
- Each higher-level code should have a concise definition that
captures the essence of the grouping.
- Each lower-level code should be included in only one higher-level
code, and try to group as many codes as possible.
- Return ** only ** this JSON object, with no extra commentary or text
outside of it.

Continuation Prompt:

You are an expert in qualitative research, specializing in Braun &
Clarke's six-phase thematic analysis.

Your task is to refine existing higher-level codes and integrate a new
batch of codes based on the provided EC (Explanation-Code) data.

These higher-level codes should remain directly linked to the Main
topic and research questions.
- Assess the provisional groupings for coherence and fit with the data
.
- Check if each emerging higher-level code tells a convincing story
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about the dataset.
- Determine whether any candidate codes should be merged, split, or
discarded.
- Fine-tune and finalize higher-level codes so each has a clear
central concept.
- Write a concise definition capturing the essence of each grouping.
- Ensure the groupings form a coherent overall story about the data.

Context:
1. ** Existing Higher-Level Codes **

```json
[Last user updated reviewed code to codes map]
```

2. ** New Code and Summary Data **

```json
[Table of Codes and their summarized Explanations]
```

3. ** List of Unique Codes **

```json
[Unique list of codes in batch]
```

Step-by-Step Process Guidance:
1. ** Review ** the existing higher-level codes above.
2. ** Integrate ** each new code into one of those existing groups, or
create new higher-level codes if needed.
3. ** Apply ** all thematic-analysis checks (fit, coherence,
distinctness) and refine names/definitions internally.

Output Format and Constraints:
Return ** only ** this JSON object, with no extra text:

```json
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{
"higher_level_codes": [

{
"name": "NameOfHigherLevelCode1",
"codes": [

"RelevantLowerLevelCodeA",
"RelevantLowerLevelCodeB"

]
},
{

"name": "NameOfHigherLevelCode2",
"codes": [

"RelevantLowerLevelCodeC"
]

}
// ...

]
}
```

Redo with Feedback

You are an expert in qualitative research, specializing in Braun &
Clarke's six-phase thematic analysis.

Your task is to follow instructions to refine the previous grouping of
codes into higher-level codes based on the provided optional feedback
and a re-examination of the data.

These higher-level codes should be directly linked to the Main topic
and research questions.

Context:
1. ** Previous Higher-Level Codes: **

The higher-level codes generated in the previous run, which the
user did not like and wants to be changed, provided in JSON format:

[Last user updated reviewed code to codes map]
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2. ** Feedback: **
Optional feedback on the previous higher-level codes to guide

refinement, try to stick to the feedback at all times (if there is one
):

[User Feedback]

3. ** Code and Summary Data (JSON): **
A list of codes with their summaries:
[Table of Codes and their summarized Explanations]

4. ** List of Unique Codes: **
A list of unique codes extracted from the Code and Summary Data:
[List of Unique Codes in batch]

Step-by-Step Process Guidance:
1. ** Review Previous Higher-Level Codes and Feedback: **

- Examine the previous higher-level codes and the optional feedback
.

- Identify areas where the groupings can be changed based on the
feedback.

2. ** Review the Code and Summary Data: **
- Re-examine the Code and Summary Data to understand the context

and meanings of the codes.

3. ** Examine the List of Unique Codes: **
- Consider the full set of unique codes that need to be grouped.

4. ** Refine Higher-Level Codes: **
- Integrate insights from the previous higher-level codes, the

feedback, and a re-examination of the Code and Summary Data to refine
the groupings.

- Address the specific points raised in the feedback to change the
higher-level codes.

- Modify the groupings as needed:
- Merge higher-level codes that are too similar or overlapping.
- Split higher-level codes that cover multiple distinct concepts.
- Add new higher-level codes if necessary to better capture

patterns in the data.
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- Remove higher-level codes that are no longer relevant or
supported by the data.

- For each higher-level code, ensure it has a clear, concise name
and a short definition that captures the essence of the grouping (for
internal reasoning).

5. ** Check for Fit and Coherence: **
- Ensure that each higher-level code is coherent and fits well with

the codes it contains, based on their summaries.
- Validate that the groupings align with the feedback and the data.
- Be prepared to further revise (split, merge, rename) during this

review.

6. ** Ensure Distinctness: **
- Make sure each higher-level code is distinct and does not overlap

significantly with others.

7. ** Finalize Output: **
- Provide the refined higher-level codes in valid JSON format,

following the structure below.
- Do not include any additional text outside the JSON object.

### Output Format

```json
{

"higher_level_codes": [
{

"name": "NameOfHigherLevelCode1",
"codes": [

"RelevantLowerLevelCodeA",
"RelevantLowerLevelCodeB"

]
},
{

"name": "NameOfHigherLevelCode2",
"codes": [

"RelevantLowerLevelCodeC",
"RelevantLowerLevelCodeD"

]
}
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// Additional higher-level code objects...
]

}
```

** Important ** :
- Provide clear, compelling names for each higher-level code.
- Each lower-level code should be included in only one higher-level
code, and try to group as many codes as possible.
- Return ** only ** this JSON object, with no extra commentary or text
outside of it.

Continuation Prompt:

You are an expert in qualitative research, specializing in Braun &
Clarke's six-phase thematic analysis.

Your task is to refine the previous higher-level codes using the
provided feedback, then integrate a new batch of codes.
These higher-level codes should remain directly linked to the Main
topic and research questions.
* Review and refine group coherence, narrative, and distinctness.
* Merge, split, or discard codes as needed.
* Refine names and definitions internally.
* Ensure a coherent overall story about the data.

Context:
1. ** Previous Higher-Level Codes **

```json
[Last user updated reviewed code to codes map]
```

2. ** User Feedback **
[User Feedback]

3. ** Existing Higher-Level Codes ** (so far)
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```json
[Already generated Reviewed codes]
```

4. ** New Code and Summary Data **

```json
[Table of Codes and their summarized Explanations]
```

5. ** List of Unique Codes **

```json
[List of unique Codes in batch]
```

Step-by-Step Process Guidance:
1. ** Incorporate ** the feedback into your refinements of the previous
codes.
2. ** Assign ** each new code into an existing group or create new ones
as needed.
3. ** Apply ** all thematic-analysis checks (fit, coherence,
distinctness) and refine names/definitions internally.

Output Format and Constraints:
Return ** only ** this JSON object, with no extra text:

```json
{

"higher_level_codes": [
{

"name": "NameOfHigherLevelCode1",
"codes": [

"codeA",
"codeB"

]
},
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// ...
]

}
```

A.1.7 Generating Themes Prompts

Initial prompt

Beginning Prompt:

You are an expert in qualitative research, specializing in Braun &
Clarke's six-phase thematic analysis.

Your task is to analyze a provided list of unique codes along with a
EC (Explanation-Code) data, and then generate higher-level themes
based on this information.
These themes should be directly linked to the Main topic and research
questions.

Context:
1. ** List of Unique Codes: **

A separate list containing all the unique codes extracted from the
EC data.

Codes:
[List of unique Reviewed Codes in batch]

2. ** EC Data (JSON): **
The Code and summary table contains the rationale summary (summary),

and the assigned code.
- Example structure in JSON:

```json
[

{
"code": "CodeName",
"summary": "Summary of multiple explanations signifying the

meaning of the code."
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}
// Additional instances...

]
```

Data:
[Table of Codes and their summarized Explanations]

Step-by-Step Process Guidance:
### Analytical Assumptions and Considerations

- ** Dual Processes of Quality Analysis: **
Good quality codes and themes result from both immersive, in-depth

engagement with the dataset and from giving the developing analysis
some reflective distance-often achieved by taking breaks during the
process.

- ** Nature of Themes: **
Themes are patterns anchored by a shared idea, meaning, or concept.

They are not comprehensive summaries of every aspect of a topic, but
rather analytic outputs that capture significant and coherent patterns

in the data.

- ** Emergent Analytic Outputs: **
Both codes and themes are analytic outputs that are produced through

systematic engagement with the data. They cannot be fully identified
ahead of the analysis; instead, they are actively constructed by the
researcher.

- ** Active Production: **
Themes do not passively 'emerge' from the data; they are the result

of deliberate, reflective, and systematic analysis, combining both
immediate engagement and thoughtful analysis.

### Instructions

1. ** Familiarization with the Data: **
- Review the list of unique codes to understand the overall coding

scheme.
- Examine the QEC data for each code, considering both the explicit
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(semantic) content and the underlying (latent) meanings conveyed by
the associated quotes and explanations.

2. ** Theme Generation: **
- Identify patterns and shared meanings among the codes by

referring to the context provided by the quotes and explanations.
- Actively construct higher-level themes from the codes. Remember,

these themes are analytic outputs produced through both immersion in
the data and reflective distancing.

- Group related codes into themes that capture significant,
coherent patterns without attempting to summarize every detail of the
topic.

3. ** Theme Refinement: **
- Merge overlapping themes and separate those that conflate

multiple distinct ideas.
- Validate the coherence of each theme against the detailed context

provided by the associated quotes and explanations.

4. ** Theme Naming: **
- Assign concise, evocative names to each theme that accurately

reflect the central ideas of the grouped codes.

** Output Format and Constraints: **
- Provide your final output strictly in valid JSON format without

any additional commentary.
- The JSON structure should be as follows:

```json
{

"themes": [
{

"theme": "Theme Name",
"codes": ["Code1", "Code2", "Code3"]

}
// Additional theme objects...

]
}
```

No additional text outside the JSON.
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Continuation Prompt:

You are an expert in qualitative research, specializing in Braun &
Clarke's six-phase thematic analysis. You have already generated the
following themes from earlier batches:

```json
[Already generated theme names]
```

Now integrate this new batch of data:

1. ** List of Unique Codes: **

```json
[List of unique Reviewed Codes in batch]
```

2. ** EC Data (JSON): **

```json
[Table of Codes and their summarized Explanations]
```

Follow the same analytic process:

* Identify patterns and shared meanings among codes.
* Integrate each new code into an existing theme or create new themes
as needed.
* Merge overlapping themes or split those conflating distinct ideas.
* Validate coherence of each theme against the QEC data.
* Assign concise, evocative names to any new themes.

** Output Format **
Return ** only ** this JSON object, with no extra commentary:

```json
{

"themes": [
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{
"theme": "Theme Name 1",
"codes": ["CodeA", "CodeB"]

},
{

"theme": "Theme Name 2",
"codes": ["CodeC"]

}
// ...

]
}
```

Redo with Feedback

Beginning Prompt:

You are an expert in qualitative research, specializing in Braun &
Clarke's six-phase thematic analysis. Previously, you generated themes

based on a provided list of unique codes and a EC (Explanation-Code)
data. Now, you are tasked with refining those themes by incorporating
optional feedback and re-analyzing the original data to produce
improved higher-level themes. These themes should be directly linked
to the Main topic and research questions.

Context:
1. ** Previous Themes: **

The themes generated in the previous run, which the user did not
like and wants to be changed, provided in JSON format:

[Last user updated themes to reviewed codes map]

2. ** Feedback: **
Optional feedback on the previous themes to guide refinement:

[User Feedback]

3. ** List of Unique Codes: **
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A separate list containing all the unique codes extracted from the
EC data.

Codes:
[List of unique Reviewed Codes in batch]

4. ** EC Data (JSON): **
The Code and summary table contains the rationale summary (summary),

and the assigned code.
- Example structure in JSON:

```json
[

{
"code": "CodeName",
"summary": "Summary of multiple explanations signifying the

meaning of the code."
}
// Additional instances...

]
```

Data:
[Table of Codes and their summarized Explanations]

Step-by-Step Process Guidance:
### Analytical Assumptions and Considerations

- ** Dual Processes of Quality Analysis: **
Good quality codes and themes result from both immersive, in-depth

engagement with the dataset and from giving the developing analysis
some reflective distance-often achieved by taking breaks during the
process.

- ** Nature of Themes: **
Themes are patterns anchored by a shared idea, meaning, or concept.

They are not comprehensive summaries of every aspect of a topic, but
rather analytic outputs that capture significant and coherent patterns

in the data.
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- ** Emergent Analytic Outputs: **
Both codes and themes are analytic outputs that are produced through

systematic engagement with the data. They cannot be fully identified
ahead of the analysis; instead, they are actively constructed by the
researcher.

- ** Active Production: **
Themes do not passively 'emerge' from the data; they are the result

of deliberate, reflective, and systematic analysis, combining both
immediate engagement and thoughtful distance.

### Instructions

1. ** Review Previous Themes and Feedback: **
- Examine the previous themes and the feedback provided.
- Assess the strengths and weaknesses of the previous themes,

identifying areas for improvement based on the feedback (e.g., missed
patterns, unclear groupings, or misaligned interpretations).

2. ** Familiarization with the Data: **
- Re-examine the list of unique codes and the QEC data to refresh

your understanding of the dataset.
- Consider both the explicit (semantic) content and the underlying

(latent) meanings conveyed by the quotes and explanations.

3. ** Theme Refinement and Generation: **
- Actively construct new or refined themes by identifying patterns

and shared meanings among the codes, informed by the previous themes
and feedback.

- Modify existing themes, merge overlapping ones, separate themes
that conflate distinct ideas, or create entirely new themes as needed
to better capture significant and coherent patterns.

- Validate each theme's coherence and relevance against the quotes
and explanations in the QEC data.

4. ** Theme Naming: **
- Assign concise, evocative names to each theme that accurately

reflect the central ideas of the grouped codes.

** Output Format and Constraints: **
- Provide your final output strictly in valid JSON format without
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any additional commentary.
- The JSON structure should be as follows:

```json
{

"themes": [
{

"theme": "Theme Name",
"codes": ["Code1", "Code2", "Code3"]

}
// Additional theme objects...

]
}
```

No additional text outside the JSON.

Continuation Prompt:

You are an expert in qualitative research, specializing in Braun &
Clarke's six-phase thematic analysis. Previously you generated these
themes:

```json
[Last user updated themes to reviewed codes map]
```

User feedback:
[User Feedback]

So far, after integrating earlier batches, you have:

```json
[List of already generated themes]
```

Now refine and extend using this full dataset:

1. ** List of Unique Codes: **

```json
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[List of unique Reviewed Codes in batch]
```

2. ** EC Data (JSON): **

```json
[Table of Codes and their summarized Explanations]
```

Your tasks:

* Incorporate the feedback into your existing themes.
* Integrate any codes not yet assigned, adding or modifying themes as
needed.
* Merge, split, rename, or discard themes to improve coherence and
distinctness.
* Validate each theme against the QEC data.

** Output Format **
Return ** only ** this JSON object, with no extra commentary:

```json
{

"themes": [
{

"theme": "Refined Theme 1",
"codes": ["CodeX", "CodeY"]

},
// ...

]
}
```

A.2 Re�ne Code Prompt

You are an expert in qualitative research, specializing in Braun &
Clarke's six-phase thematic analysis. Your task is to evaluate a
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previously generated code and its corresponding quote in light of a
user's comment from the chat history. You must determine whether you
agree or disagree with the user's comment regarding the provided code
and quote, provide a clear explanation for your stance, and output a
command indicating the appropriate action. The available commands are:
- REMOVE_QUOTE: if the code/quote is deemed inappropriate or not
representative.
- ACCEPT_QUOTE: if the code/quote is deemed appropriate and well-
supported.
- EDIT_QUOTE: if you believe that the code/quote needs revision. In
this case, provide a list of alternative code suggestions along with
your explanation.
- REVERT_TO_INITIAL: if you believe that the initial code (before any
modifications) is more appropriate than the current one, especially
after considering the user's comment and chat history.

### Input Information
- Transcript: [Transcript of the Reddit Post]
- Code: [Code]
- Quote: [Quote]
- Chat History: [Full History of interaction with user]
- User Comment: [Most recent User Comment]

### Your Task
1. Analyze the provided transcript, code, quote, and chat history.
2. Determine whether you agree or disagree with the user's comment.
Defend your position or, if the user's comment seems valid, proceed
accordingly.

Since codes can be subjective, think a lot before answering if your
answer would make more sense or switching to the user's comment would
be better.

3. Provide a concise explanation of your assessment and indicate if
the code/quote requires revision.
4. Select the appropriate command:

- Use REMOVE_QUOTE if the code/quote is inappropriate.
- Use ACCEPT_QUOTE if the code/quote is appropriate.
- Use EDIT_QUOTE if you believe the code/quote should be modified.

In this case, include a list of alternative code suggestions.
- Use REVERT_TO_INITIAL if you believe that the initial code is

more suitable than the current one or the user specifically requests
it to be reverted.
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### Output Requirements
Return your output strictly in valid JSON format:

```json
{

"agreement": "AGREE" or "DISAGREE",
"explanation": "Your explanation text here",
"command": "REMOVE_QUOTE" or "ACCEPT_QUOTE" or "EDIT_QUOTE" or "

REVERT_TO_INITIAL",
"alternate_codes": [ "alternative code suggestion 1", "alternative

code suggestion 2", ... ] // This field should contain a list of
revised code suggestions if command is EDIT_QUOTE; otherwise, it can
be an empty list.
}
```

No additional commentary outside the JSON object.

A.3 Common Prompts

A.3.1 Summarization Prompts

Provide a concise summary (1-2 lines).
Respond * only * with valid JSON, for example:

```json
{\"summary\": \"...\"}
```

Texts:
[Texts to be summarized]

A.3.2 Topic Clustering Prompts

Beginning Prompt:
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You are an expert in qualitative research, specializing in Braun &
Clarke's six-phase thematic analysis.

Your task is to review the list of initial codes and merge any that
share the same meaning into a single, more abstract code. Aim for a
balanced set of clusters-neither too many highly granular codes nor
too few overly broad ones. Use concise, descriptive names that capture

the essence of each group.

Context:
Codes to cluster (JSON array of strings):
[Array of words]

Step-by-Step Process Guidance:
Generate each cluster code (reviewed code) as a natural phrase - just
as a expert human qualitative researcher would. Each word in the code
should be seperated by a space.

Output Format and Constraints:
Return ** only ** valid JSON (no extra text), wrapped in a markdown code

block, in this format:

```json
{

"ClusterName1": ["codeA", "codeB", ...],
"ClusterName2": ["codeC", "codeD", ...],
...

}
```

Continuation Prompt:

You are an expert in qualitative research, specializing in Braun &
Clarke's six-phase thematic analysis.

Your task is to review the list of ** more initial codes ** and either
assign each one to an ** existing cluster ** if it fits that cluster's
meaning or create a new cluster.
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- ** Only ** create a new cluster when a code does ** not ** clearly
belong under any existing cluster name.
- Each new code must appear ** exactly once ** in your output.
- Generate each cluster code (reviewed code) as a natural phrase -
just as a expert human qualitative researcher would. Each word in the
code should be seperated by a space.

Context:
- ** More initial codes (JSON array of strings): **
[Array of words]

- ** Existing Clusters (JSON array of strings): **
[List of all Cluster heads currently generated]

Output Format and Constraints:
Return ** only ** valid JSON (no extra text), wrapped in a markdown code

block, in this format:

```json
{

"ClusterName1": ["newCodeA", "newCodeB", ...],
"ClusterName2": ["newCodeC", ...],
"NewClusterName3": ["newCodeD", ...]

}
```
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Appendix B

Interview Materials

Study Materials appendix contains

ˆ Interview questions and survey 
owchart shown to participants before the study.

ˆ Interview questions used during the study.

ˆ AttrakDi� questionnaire given to participants after the study.

ˆ NASA-TLX questionnaire given to participants after the study.

ˆ Perceived Usefulness Scale questionnaire given to participants after the study.

ˆ Feedback letter shared with the participants after the study.
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Appendix C

Human Ethics Protocol

Human Ethics Protocol appendix contains

ˆ ORE approval from university of Waterloo's ethics board, File #: 47221.

ˆ Protocols Ethics submission �le.

ˆ Information letter sent for participant recruitment.

ˆ Poster used for participant recruitment.

ˆ Consent letter form signed by participants before the study.
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