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Abstract
Thematic analysis is widely used in qualitative research but can be
di!cult to scale because of its iterative, interpretive demands. We
introduce DeTAILS, a toolkit that integrates large language model
(LLM) assistance into a work"ow inspired by Braun and Clarke’s
thematic analysis framework. DeTAILS supports researchers in gen-
erating and re#ning codes, reviewing clusters, and synthesizing
themes through interactive feedback loops designed to preserve
analytic agency. We evaluated the system with 18 qualitative re-
searchers analyzing Reddit data. Quantitative results showed strong
alignment between LLM-supported outputs and participants’ re#ne-
ments, alongside reduced workload and high perceived usefulness.
Qualitatively, participants reported that DeTAILS accelerated anal-
ysis, fostered trust through transparency and control, but primarily
supported veri#cation-oriented re"exivity, falling short of deeper
positional re"exivity. We contribute: (1) an interactive human–LLM
work"ow for large-scale qualitative analysis, (2) empirical evidence
of its feasibility and researcher experience, and (3) design implica-
tions for trustworthy AI-assisted qualitative research.
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1 Introduction
The growing scale of online datasets, such as social media posts,
has created a pressing need for methods that can support e!cient
yet rigorous analysis [18]. Qualitative research methods such as
thematic analysis (TA) [12] enable scholars to understandmeanings,
experiences, and perspectives, producing rich insights into com-
plex social phenomena (e.g., [30, 76]) and situating #ndings within
broader cultural or situational contexts [25]. These approaches are
particularly valuable for describing behaviour, exploring lived expe-
rience, and identifying concepts or variables that might otherwise
be overlooked [69, 73]. However, despite these strengths, TA is
time- and labour-intensive, and scaling it to large corpora presents
practical challenges for consistency and depth [14, 42, 47].
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Importantly, TA is not a single technique but a family of ap-
proaches [25]. Re"exive Thematic Analysis (RTA), developed by
Braun and Clarke, emphasizes the researcher’s interpretive role, the
evolving and "exible nature of codes, and re"exivity as a way to ac-
knowledge how analytic decisions shape #ndings [3, 13]. In contrast,
codebook TA stabilizes codes into more structured frameworks, sup-
porting consistency, rigour, and team-based analysis [10, 74]. Both
approaches are widely used, but they carry di$erent commitments
to re"exivity, "exibility, and replicability, which become particularly
salient when scaling analysis to large datasets.

Large language models (LLMs) have recently been proposed as
tools to help meet these scaling challenges. Their ability to generate,
classify, and summarize text makes them promising assistants for
coding and theme development [29, 86]. Yet existing AI-assisted
qualitative tools often produce outputs that are generic or decontex-
tualized, require extensive re#nement, and operate through opaque
processes that undermine trust [16, 33, 47]. Analysts frequently
prefer manual methods when re"exivity and interpretive authority
are central [13]. As a result, despite the promise of LLMs, their
adoption in qualitative research remains limited, with open ques-
tions around how to balance e!ciency with transparency, trust,
and interpretive depth.

To address these challenges, we developed DeTAILS: Deep The-
matic Analysis with Iterative LLM Support, a researcher-centred
toolkit inspired by Braun and Clarke’s six phases of analysis. Al-
though originally motivated by RTA, the scale of Reddit datasets
required design choices such as editable but stabilized codebooks,
which ultimately aligned the work"ow more closely with code-
book TA [10, 74]. Our evaluation with 18 qualitative researchers
demonstrated both the potential and the tensions of this approach.
DeTAILS substantially accelerated coding and theme development
and was valued for its structured work"ow and support for re-
searcher control. At the same time, participants noted areas for
improvement: re"exivity often centred on verifying AI outputs
rather than interrogating analytic assumptions, novices at times
over-trusted "uent outputs, and the work"ow risked constraining
interpretive "exibility. Through our own analysis of these inter-
views, using a codebook-style approach similar to what DeTAILS
ultimately supported, we developed themes that informed a set
of design recommendations for future iterations. These #ndings
showcase the system’s promise while also highlighting what needs
to change in order to better align with re"exive thematic analysis.

This paper makes three contributions to HCI and qualitative re-
search. First, it introduces DeTAILS, an interactive toolkit that inte-
grates LLM support across thematic analysis phases while balancing
acceleration with researcher control. Second, it provides a nuanced
empirical account of how qualitative researchers of varying exper-
tise engaged with LLM assistance, highlighting both e!ciencies
and tensions around agency, re"exivity, and trust. Third, it o$ers
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design implications for the next generation of AI-assisted quali-
tative tools, including opt-in AI involvement, iterative work"ows
that support both forward and backward re"ection, and safeguards
against over-trust. In doing so, this work addresses current gaps in
how AI systems are applied to qualitative research, where existing
tools often privilege e!ciency over re"exivity, provide opaque or
decontextualized outputs, and leave unanswered questions about
trust and adoption.

While inspired by RTA, our #ndings show that current LLM-
supported work"ows systematically fall short of supporting re-
"exivity, instead producing codebook-style practices. This paper
therefore contributes not a system that achieves RTA, but an em-
pirical account of why this gap persists and how future systems
might address it.

2 Related Work
Thematic Analysis (TA) is a foundational qualitative method for
identifying patterns of meaning (“themes”) within textual data [2,
10, 12]. Re"exive TA (RTA), developed by Braun and Clarke [13],
has become especially in"uential. In RTA, the researcher plays
an active, interpretive role in theme development rather than ap-
plying a #xed codebook or pursuing inter-coder reliability [88].
Codes and themes are not pre-de#ned but emerge through close en-
gagement with the data and ongoing critical re"ection [12, 66, 78].
Re"exivity is central: researchers acknowledge their subjectivity
and positionality, recognizing how analytic decisions shape knowl-
edge production [56, 62]. This interpretive freedom allows for the
generation of rich, situated insights but also demands rigour in
documenting decisions and engaging critically with one’s own role
in the analysis [34, 56, 66].

These qualities made RTA an attractive starting point for our
work. We sought to design a system that could preserve interpretive
depth and re"exivity while helping researchers handle larger, more
complex corpora such as social media data. Yet RTA is inherently
time- and labour-intensive, particularly at scale [42, 64, 66]. Re-
searchers must develop deep familiarity with their material and
iteratively revisit analytic decisions, which becomes impractical
with thousands of posts or transcripts [42, 66, 78]. Collaborative
projects further add overhead as teams negotiate divergent per-
spectives and reconcile competing theme de#nitions [17, 42, 59].
Without large teams or extended timelines, analysts risk producing
super#cial themes or overlooking patterns in the data [14, 42, 89].
For example, platforms such as Reddit can generate corpora so vast
that manual re"exive engagement is nearly impossible [7, 38].

Although computational tools exist for tasks such as text cluster-
ing or keyword extraction [8, 48, 65], few align with the interpre-
tive and re"exive commitments of RTA [5, 51, 63]. Prior work on
computational grounded theory and mixed-methods text analysis
demonstrates how algorithmic techniques can surface large-scale
patterns, but cautions that such tools often lack transparency and
can encourage super#cial engagement with data [5, 63, 65]. Very
few systems combine algorithmic support with features that fore-
ground researcher oversight, iterative re#nement, and re"exivity.
Our work was motivated by this gap: we aimed to explore how

LLMs could be embedded within an interactive work"ow that sup-
ports the interpretive and re"exive principles of RTA while making
large-scale qualitative analysis more tractable.

2.1 Large Language Models as Qualitative
Coding Assistants

Large language models (LLMs) are transformer-based neural net-
works trained on extensive corpora to generate, classify, and sum-
marize text [32, 68, 99]. Because they produce "uent, contextu-
ally relevant prose and can respond conversationally, they appear
well suited to tasks such as suggesting candidate codes or drafting
theme summaries. These capabilities have prompted interest in
computational tools that assist human analysts [11, 38, 41], and
HCI researchers have begun to explore LLMs as qualitative coding
assistants [26, 29, 31, 37, 43, 44, 85, 96].

Despite promising results, studies report notable limitations in
both deductive and inductive coding. In deductive work"ows, few-
shot prompting helps align outputs with a prede#ned codebook
but often yields overgeneralized or incorrect labels [23, 35, 52, 53,
60, 72, 81, 92]. For inductive coding, LLMs can quickly produce
plausible code lists and theme summaries, yet their suggestions
depend heavily on prompt design [28, 97] and still require ana-
lysts to verify, re#ne, and interpret the outputs [50]. Widely docu-
mented issues—including hallucinations, overcon#dence, shortcut
reasoning, and generic explanations—also risk undermining ana-
lytic rigour [4, 9, 20, 21, 36, 40, 54, 57, 67, 79, 83, 84, 87, 94]. These
challenges underscore the need for careful human oversight [4].

To address these concerns, recent HCIwork has proposed human-
in-the-loop work"ows that foreground researcher judgment [38, 39,
93]. Long et al. [57] advocate AI work"ow design patterns that in-
terleave automated suggestions with deliberate checkpoints where
users vet and approve outputs. For example, CollabCoder embeds
LLM suggestions within a collaborative coding interface designed
for multi-analyst teams: researchers independently conduct open
coding on the data, optionally accept AI-generated suggestions, and
then reconcile their codes through system-supported discussion
and consensus-building to create and group a shared codebook [36].
This design improves e!ciency while preserving reliability, as the
AI handles pattern detection and summarization while human ana-
lysts retain interpretive authority and negotiate meaning. Together,
these studies show that LLMs can augment qualitative coding when
embedded in work"ows that deliberately preserve re"exivity and
analytic rigour.

However, while systems like CollabCoder demonstrate the value
of LLMs for collaborative, multi-analyst reconciliation, there re-
mains a gap in supporting individual researchers conducting large-
scale analysis independently. Existing tools often focus narrowly
on speci#c stages like code generation or inter-coder agreement,
leaving the full spectrum of concept mapping, iterative theme de-
velopment, and rigorous evidence veri#cation to the analyst alone.
In particular, ensuring the traceability of AI-generated themes back
to verbatim data—without the risk of hallucinated quotes—remains
a critical challenge for individual work"ows. Our work contributes
to this space by designing an interactive system tailored for the
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single researcher that sca$olds these activities from initial con-
cept de#nition through code re#nement and #nal theme synthe-
sis. By using an editable codebook as a boundary object for re-
cursive human–machine dialogue, and integrating explicit quote-
veri#cation safeguards, we aim to make large-scale qualitative anal-
ysis more tractable while sustaining the re"exive rigour emphasized
in prior work [36, 57, 93].

2.2 Trust and Adoption of Automated QDA
Tools

Trust in automated qualitative data analysis depends on researchers’
con#dence that computational tools operate transparently, fairly,
and reliably. Large language models are trained on vast internet cor-
pora, and their internal mechanisms are opaque; consequently, they
may reproduce dominant-culture perspectives and misinterpret un-
derrepresented voices [16, 20, 79]. When the analytic lens involves
subtle cultural di$erences or sensitive topics, analysts worry that
an AI might reinforce biases or overlook context, undermining con-
#dence in machine-generated themes. This unease is compounded
by the opaqueness of model predictions—researchers often cannot
see why an LLM produced a speci#c code, making it di!cult to
judge whether the result re"ects the data or the model’s priors.

Empirical studies of social scientists illustrate a persistent ten-
sion: qualitative researchers appreciate the potential of LLMs to han-
dle scale, yet they question the interpretability and trustworthiness
of machine outputs [33, 47]. Many fear that subtle but important
content will be missed or "attened, and that algorithmic bias could
distort their #ndings. Practical barriers also play a role: numerous
qualitative researchers lack programming expertise, leading them
to default to manual methods —spreadsheets, memos or post-it
notes — because these are familiar and under their control [51].
In other words, researchers often prefer intensive but trustworthy
manual coding to an opaque tool whose outputs they cannot fully
trust [13, 33, 47].

A consistent #nding across recent evaluations is that LLMs are
most e$ective as assistants rather than autonomous analysts [26, 29,
86]. Human oversight remains essential to ensure coding quality,
contextual sensitivity and trustworthiness [20, 47, 49, 79, 80]. For
example, Dai et al. [26] report that while an LLM could suggest
reasonable open codes from raw text, human reviewers had to
merge redundancies, correct misinterpretations and supply missing
context. Similarly, Tai et al. [86] found that GPT-4 could classify
text into high-level categories with high recall, yet it sometimes
con#dently produced incorrect justi#cations that only a human
could catch. Deiner et al. [29] judged LLM-generated themes as
often plausible but noted that their depth and speci#city seldom
matched human interpretations, with the model tending toward
broad or generic themes. These outcomes underscore that LLMs
can accelerate coding and pattern detection, but they do not replace
human interpretive judgment.

Beyond interpretability, privacy and data-security concerns ham-
per adoption. Many commercial LLM services require uploading
data to cloud servers, which creates ethical and legal risks when
handling con#dential interviews or personal histories. Perron et al.
[70] highlight that proprietary cloud-based models “would almost

certainly violate con#dentiality” because whatever data are submit-
ted can be stored, accessed or used for additional training without
explicit consent, and providers rarely guarantee secure deletion.
In response, researchers have begun exploring local or self-hosted
LLMs that process data entirely on users’ machines. For instance, a
recent study in social work found that local LLMs enabled analysts
to classify and extract information from sensitive child-welfare
reports without transmitting any information to external servers.
Such local models address con#dentiality concerns while deliver-
ing performance comparable to proprietary systems, suggesting a
promising path forward.

Despite growing interest, adoption of AI-assisted qualitative
analysis remains limited. Existing tools seldom support the trans-
parency, re"exivity and data privacy that qualitative researchers
expect, leaving scholars to favour manual coding over opaque auto-
mated systems [33, 47]. Our work addresses this gap by designing
a locally deployable system that embeds LLM suggestions within
a transparent, stepwise work"ow. Analysts can inspect, edit and
contextualize model outputs at each stage, maintaining control over
their data and mitigating bias, misinterpretation and con#dentiality
risks. By foregrounding researcher agency and re"exive rigour, we
hope to increase con#dence in—and adoption of—automated QDA
support.

3 DeTAILS: Deep Thematic Analysis with
Iterative LLM Support

DeTAILS is a self-contained, cross-platform desktop application
that supports thematic analysis of Reddit data. Its design is inspired
by Braun and Clarke’s six-phase re"exive TA framework [14], but
intentionally adapts it into a semi-structured work"ow mediated
by AI support. In particular, DeTAILS uses a codebook as a boundary
object between the researcher and the LLM. While re"exive TA
resists #xed codebooks, in practice a provisional, editable codebook
provided a shared structure for surfacing, editing, and contesting
LLM suggestions. This design choice re"ects strategies often asso-
ciated with codebook approaches [10, 74], while aiming to retain
the "exibility and re"exivity central to RTA.

Researchers begin by loading data and generating an initial code-
book from a subset of the dataset through human–LLM collabora-
tion. This mirrors established TA practices where an initial subset
guides broader coding [75], while making the boundary between
human and AI contributions explicit. DeTAILS then applies the
evolving codebook to the remaining dataset and clusters codes into
suggested themes, but enables researchers to iteratively re"ect on,
re#ne, and build themes using those codes.

Importantly, researchers may revisit and change any previous
phase of their work, and DeTAILS automatically propagates those
changes forward. For instance, a researcher may add or remove
codes, rede#ne them, or change themes and associated codes at any
point—and DeTAILS will automatically update the corresponding
applications to the corpus and downstream themes. This work"ow
is illustrated in Figure 1.

DeTAILS comprises a graphical front end and an analysis back
end. The front end, implemented in Electron with a React UI, pro-
vides interactive interfaces for codebook creation, clustering, and
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Figure 1: The DeTAILS work!ow comprises six phases inspired by Braun and Clarke’s Re!exive Thematic Analysis. Each phase
requires collaboration between the researcher and LLM.

theme re#nement. The back end integrates a Python analysis en-
gine with a local vector database (ChromaDB) and an LLM runtime
(Ollama) to support both remote APIs and local models. A modular
orchestration layer built on LangChain enables interchangeable
use of four providers (OpenAI, Google Vertex AI, Google AI Studio,
and local Ollama models). Each phase of the work"ow is guided by
structured prompts that de#ne LLM behaviour and output format.
This modular design allowed us to balance transparency, replica-
bility, and "exibility across di$erent model providers. Full source
code is available on GitHub.

To illustrate the work"ow, we now demonstrate how DeTAILS
can be used to analyze posts from r/UXResearch. This example
mirrors one conducted by study participants and highlights how
the toolkit sca$olds key phases of thematic analysis at scale.

3.1 Phase 1: Background Research
Qualitative researchers begin a thematic analysis by thoroughly
understanding existing research and the broader context of their
research topic [42, 66]. DeTAILS embeds this process in its work-
"ow through stored contextual information — such as research
questions and relevant literature — provided by the researcher. Re-
searchers provide this information by uploading related documents,
like relevant research papers, and through structured and free-form

text entry. The information is then processed and indexed into a
ChromaDB vector database, facilitating Retrieval-Augmented Gen-
eration (RAG) so that later LLM responses are grounded in theories
from the researcher’s sources.

DeTAILs then suggests a set of related concepts based on the
provided contextual information. These concepts are used as inputs
to develop an initial codebook, but also provide the researcher an
opportunity to re"ect on the direction their analysis is taking, and to
#ne-tune. They are developed through a two-phase process: #rst re-
searchers select concept labels (Figure 2a) from a radial map, second
DeTAILS generates an editable ‘Concept Outline’ list (Figure 2b)
that includes their de#nitions. Once the researcher approves of
these concepts, DeTAILS uses them to generate an initial codebook
for anlaysis.

For instance, in the context of an analysis of “LLMs Chang-
ing HCI” in discussions on r/UXResearch, the initial set of related
concepts based on related literature and research questions might
include concepts like ‘Simulated Users’, ‘Synthetic Data Genera-
tion’, or ‘Validity & Rigour’. In this initial pass, the researcher might
choose to exclude concepts that fall outside of their research inter-
ests like ‘Closed Model Dependency’. DeTAILS then generates a
concept outline with more in-depth descriptions for each concept
of interest.
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(a) Background Research: Researchers provide context (e.g., research
questions and related documents), and DeTAILS suggests related
concepts via an interactive radial map to guide analysis.

(b) Concept Outline: Researchers re"ne and "nalize a table of key
concepts and de"nitions, which form the foundation for generating
an initial codebook in later phases.

Figure 2: Background Research: DeTAILS supports early-
stage analysis by surfacing related concepts and building
a structured concept outline, providing a grounded starting
point for subsequent coding.

3.2 Phase 2: Loading Data
DeTAILS can load subreddit data via academic torrent dumps [82,
90] as well as text #les from local disk. It has built-in support to load
torrent #les via a user’s native Transmission client. It can download
the #les, decompress them, and #lter based on the subreddit of
interest. Since monthly Reddit dumps are mostly made up of data
that is not of interest to the researcher, DeTAILS also provides a
means to work with local, pre-#ltered NDJSON #les. Once loaded,
the dataset can be #ltered by adjusting date ranges, removing empty
posts, or by keyword search. DeTAILS can similarly load data from
locally provided plain text #les, for instance those collected during
interviews. While not supported at this time, we suggest that De-
TAILS can be easily extended to work with other data sources. For
instance, Reddit’s upcoming API, or other social media platforms
like Threads.

(a) Initial Coding: DeTAILS applies LLM-generated codes to a subset
of the data, providing a "rst-pass categorization.

(b) Initial Codebook: Researchers review and re"ne the LLM-
suggested codebook before applying it to the full dataset.

Figure 3: Coding Phase: LLMs generate preliminary codes,
which are then re"ned by researchers into an initial codebook
to guide analysis across the corpus.

3.3 Phase 3: Coding
In this Phase the researcher and DeTAILS work together to collabo-
ratively de#ne a codebook through three activities:

DeTAILS #rst uses the provided background information and
research questions to create codes for a split of the data to create
an initial codebook (Figure 3a). The researcher can then view these
codes and their application to the data through example posts and
quotes, and revise them as they wish. The use of LLMs to generate
this initial codebook is a key di$erence from previous work that
relied on existing codes and examplar data for automated coding.
Instead, we use these LLM-generated codes to bootstrap the rest of
the coding process.

Second, the researcher can then manually edit this codebook
directly (Figure 3b) by adjusting the code labels and de#nitions.
DeTAILS provides the codebook in a plain text format, and the
researcher can directly edit the codes by modifying their descriptive
text.
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(a) Reviewing Codes: DeTAILS clusters semantically similar codes
into higher-level categories. Researchers can re"ne these clusters
by editing de"nitions, merging, or reorganizing codes, with changes
applied across the corpus.

(b) Generating Themes: DeTAILS proposes overarching themes from
code clusters, presented in an interactive bucket interface. Re-
searchers can adjust, merge, or create new themes to re!ect their
analytic lens.

Figure 4: Phases 4 and 5: Reviewing Codes and Generating
Themes. These phases support higher-order interpretation,
allowing researchers to re"ne code clusters and develop co-
herent, researcher-driven themes.

Third, the researcher can prompt DeTAILS to apply the revised
codebook to the remainder of the corpus. We refer to this work
as global coding. As in the initial coding stage, DeTAILS provides
a tabular interface through which the researcher can again view
how the codes have been applied through a list of codes and their
associated text. Researchers can also view each post individually
and edit existing codes or add new codes to it.

Importantly, DeTAILS ensures the correctness of LLM-generated
outputs by verifying each quote and code during each of these
steps. After each LLM call DeTAILS cross-checks each quoted text
segment against the original Reddit post to con#rm that it appears
verbatim. Any quote that cannot be found in the source text is
discarded as a likely hallucination.

3.4 Phase 4: Reviewing Codes
In this stage, all codes and their corresponding explanations are
batched and sent to the LLM for clustering. The model groups se-
mantically similar codes and assigns each cluster a consolidated
‘reviewed code’. These clusters are then visually presented via buck-
ets, illustrating their relationships (Figure 4a). Researchers can
edit the visualized clusters by dragging them between blocks or
create, rename, and delete buckets. They can also #ne-tune the
clusters through a ‘Redo with feedback’ function that uses a text-
based prompt for the LLM. Once the reviewed code groupings are
#nalized, an alternate view displays these codes alongside their
associated quotes and explanations, maintaining a clear link to the
source data.

3.5 Phase 5: Generating Themes
The #nal analytical step involves generating overarching themes
from the reviewed codes. DeTAILS clusters all codes into a set of
potential themes for the corpus. Similar to the Reviewing Codes
phase (Figure 4a), these suggested themes are presented via an
interactive ‘bucket’ interface, where each theme contains a mu-
tually exclusive set of a!liated codes (Figure 4b). The researcher
can drag codes between themes, or create new themes, merge or
rename them. DeTAILS also provides an LLM-driven re#nement
option, ‘Redo with feedback’ function, where researchers can ex-
plain through a text-based prompt how they would like the themes
to change.

3.6 Phase 6: Report
Once themes are #nalized, DeTAILS assists in compiling and export-
ing the #ndings. The report interface provides 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, suitable for sharing, further
analysis in other tools, or direct incorporation into publications.
Although the #nal write-up of the analysis still remains a manual
process, DeTAILS generates a structured report — segmenting each
result into Code-Quote-Explanation sections — that researchers
can quickly review.

4 Methodology
We conducted a mixed-methods study to examine how qualitative
researchers engaged with DeTAILS when applying thematic anal-
ysis to their own data. Our goal was to understand not only the
tool’s usability and functionality, but also how it supported (or
constrained) researcher agency, re"exivity, and analytic practice.
Participants provided informed consent, and the study received
ethics clearance from our institution’s Research Ethics Board.

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

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 repre-
sentative research papers related to the questions, and the name of
a subreddit they were familiar with and interested in analyzing.

4.2 Materials and Apparatus
We focused on Reddit data given its heterogeneity and scale [71],
which has led to its use in numerous HCI studies (e.g., [19, 46, 55,
75]). Working with Reddit data allowed us to evaluate DeTAILS on
large-scale, noisy real-world text, while also enabling each partici-
pant to explore content relevant to their interests. We pre-loaded
each participant’s chosen subreddit data into DeTAILS, download-
ing all posts and comments from the last full month [90] and load-
ing a new workspace for their session. Each participant analyzed
30 posts drawn from their own subreddit; posts varied in length,
re"ecting the heterogeneity of real Reddit content rather than a
controlled stimulus set.

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
DeTAILS with the gemini-2.5-pro-preview-03-25 LLM
via the Google Vertex AI API. We chose this con#guration to evalu-
ate the work"ow with a state-of-the-art model, isolating questions
about the human–LLM interaction design from those about model
capability. We acknowledge that this choice is in tension with the
privacy motivations described in Section 2.2, where we argued that
local LLMs are important for handling sensitive qualitative data.
DeTAILS’ modular orchestration layer (Section 3) supports local
models via Ollama precisely so that researchers working with con-
#dential data can deploy the same work"ow without transmitting
data to external services; we return to this tension and its impli-
cations in Section 7. The full text of all system prompts used is
provided in Appendix A.

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 oper-
ate 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 theywere seated at themachine. Audio
and video were streamed via Teams for communication. Two partic-
ipants opted for in-person sessions in our lab, while the remaining
16 participated remotely via Teams.

4.3 Study Procedure
Each study session lasted between 2 and 2.25 hours and followed a
structured sequence: an initial semi-structured interview, a guided
walkthrough of DeTAILS, an interactive analysis task using De-
TAILS, a follow-up exploration of large-scale results, and post-study
questionnaires.

The central activity was having participants use DeTAILS to
conduct thematic analysis on 30 discussion post transcripts from a
subreddit of their choice (each transcript consisting of an original

post and its comments). We selected a subset of 30 posts to ensure
that interactive analysis was feasible within the session time while
still providing su!cient material to generate meaningful codes and
themes. Participants were asked to approach this analysis as if it
were part of their own research. The task was structured accord-
ing to the toolkit’s work"ow, with participants in control and the
researcher observing, supporting, and prompting re"ection when
needed.

After completing the 30-post analysis, participants were intro-
duced to pre-computed results for the full month of subreddit data
(December 2024) that had been prepared in advance. They were
able to browse and inspect outputs from each phase at this larger
scale. This stage allowed participants to re"ect on how the work-
"ow operated across two scales, and to provide additional feedback
on features, usability, and desired improvements. Participants could
ask clarifying questions about the tool throughout.

The #rst author designed the study protocol in consultation with
the third author and conducted all participant interviews.

4.4 Data Collection and Analysis
We collected both quantitative and qualitative data. Quantitative
data included system logs of participant interactions (e.g., time
per phase, edits, suggestion usage) and three post-study surveys
(NASA-TLX, AttrakDi$, Perceived Usefulness). Statistical analy-
ses were conducted by the #rst author, with consultation from the
third author. We computed weighted precision, recall, and F1 scores
using cosine similarity across Related Concepts, Concept Outline,
Initial Coding, and Global Coding; semantic similarity for Initial
Codebook de#nitions; and macro F1 metrics for Reviewing Codes
and Generating Themes. To compute semantic similarity reliably
across these text artifacts, we utilized Google’s text-embedding-
005 model to generate embeddings. Drawing on soft-evaluation
frameworks established in natural language processing for sim-
ilarity measures (such as BERTScore [98]), our cosine similarity
calculations employed a continuous weighting approach rather
than rigid binary thresholds. Speci#cally, the weighted true posi-
tive value for each comparison was incremented continuously by
the cosine similarity of the corresponding text embeddings. Time
across study phases was analyzed using repeated-measures ANOVA
with Mauchly’s test for sphericity; Greenhouse-Geisser corrections
or Friedman tests were used when assumptions were violated. Post-
hoc Wilcoxon signed-rank tests (Bonferroni-corrected) followed
signi#cant e$ects. For group comparisons (Novices, Pro#cients,
Experts), assumption checks (Shapiro-Wilk, Levene’s) guided the
use of one-way ANOVA, Welch’s ANOVA, or Kruskal-Wallis tests.
Pairwise comparisons employed t-tests, Welch’s t-tests, or Mann-
Whitney U tests with Bonferroni-adjusted 𝐿 = 0.0167.

Qualitative data came from the post-session semi-structured in-
terviews and conversations while the participant was using the
system, which were transcribed verbatim. The second author, an
expert in qualitative analysis, led the thematic analysis with in-
put from the other authors. This analysis was conducted manually
rather than in DeTAILS, but emulated the codebook-style work"ow
that the system itself supports. Codes and themes were iteratively
re#ned over three rounds, a process resembling the recursive en-
gagement of re"exive TA but operationalised in a more structured,
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codebook-oriented manner. This approach enabled us to capture
patterns in participant reasoning, experience, and feedback across
the phases of the work"ow.

5 Quantitative Results
We report results on (1) alignment between DeTAILS-generated out-
puts and participants’ re#nements (F1 scores), (2) time spent across
work"ow phases, and (3) user-reported workload (NASA-TLX),
perceived usefulness, and pragmatic/hedonic qualities (AttrakDi$).

5.1 F1 Scores
F1 scores increased consistently across phases (Figure 5). In Back-
ground Research, Related Concepts suggestions achieved a mean
weighted F1 of 0.86 (SD = 0.13), improving to a median of 1.00 (IQR
= 0.03) at Concept Outline. In the Coding phase, Initial Coding had
a median F1 of 0.96 (IQR = 0.09), rising to a median of 0.99 (IQR =
0.05) in Global Coding. Reviewing Codes produced a median macro
F1 of 1.00 (IQR = 0.14), and Generating Themes reached complete
agreement (F1 = 1.00).

No signi#cant expertise di$erences emerged. Related Concepts
satis#ed parametric assumptions, yielding a nonsigni#cant ANOVA
(𝑀2,15 = 0.22, 𝑁 = 0.8032). Other phases violated normality but
not homoscedasticity; Kruskal–Wallis tests were nonsigni#cant
(𝑂2 = 1.95–5.82, 𝑁 = 0.0544–0.7664). Generating Themes was
excluded due to zero variance.

5.2 Time Analysis
Time analysis showed Initial Coding took signi#cantly longer than
other phases (Figure 6). Mauchly’s test indicated violation of spheric-
ity (𝑃 = 0.197, 𝑁 = 0.003); applying Greenhouse–Geisser (𝑄 =
0.623), repeated-measures ANOVA revealed a strong e$ect of Phase
(𝑀2.49,42.37 = 22.77, 𝑁 < 0.001, 𝑅2𝐿 = 0.57), corroborated by a
Friedman test (𝑆24 = 44.62, 𝑁 < 0.001). Post-hoc Wilcoxon tests
(Bonferroni-corrected) showed Initial Coding was signi#cantly
longer than Related Concepts, Concept Outline, Initial Codebook,
and Global Coding (𝑁 → 0.004). Global Coding also exceeded Initial
Codebook (𝑁 = 0.004).

By expertise, only Related Concepts di$ered: Welch’s ANOVA
(𝑀2,9.26 = 6.51, 𝑁 = 0.017) showed Pro#cients (M = 5.37 min) spent
more time than Novices (M = 2.49 min, 𝑁 = 0.004). No other group
di$erences were signi#cant.

5.3 NASA-TLX
Participants reported low to moderate workload. We utilized the
Raw TLX (RTLX) scoring method, calculating overall workload as
an unweighted average of the subscales. We observed a mean of
39.02/100 (SD = 26.45) for mental demand, 37.09/100 (SD = 22.97) for
e$ort, 28.70/100 (SD = 23.81) for temporal demand, and notably low
frustration (Mdn = 7.62, IQR = 25.24). Self-rated performance was
high (M = 72.94, SD = 14.93). Overall workload averaged 26.3/100
(SD = 12.4). We found no signi#cant di$erences between expertise
groups. One-way ANOVA, Welch’s ANOVA, or Kruskal–Wallis
tests found no e$ects for any subscales (𝑁 = 0.1993–0.8919).

5.4 Perceived Usefulness Scale
Participants rated DeTAILS highly useful (Mdn = 4.00, IQR = 0.75
on a 5-point scale), with 86% of responses at 4 or 5. Strongest
items were “accomplishes tasks more quickly” (Mdn = 4.50, IQR
= 1.00) and “makes it easier to do my job” (Mdn = 4.00, IQR =
1.00). Fifteen of 18 participants rated at least four items as 4 or
5. Group comparisons revealed no signi#cant di$erences. Only
“Improves Performance” met parametric assumptions (M = 3.94, SD
= 0.54), yielding a nonsigni#cant ANOVA (𝑀2,15 = 0.17, 𝑁 = 0.8433).
Other items tested with Kruskal–Wallis were also nonsigni#cant
(𝑁 = 0.1137–0.8679).

5.5 AttrakDi#
AttrakDi$ ratings were overwhelmingly positive. Pragmatic quali-
ties scored highly (e.g., structured: Mdn = 6.00, IQR = 1.00; straight-
forward: Mdn = 6.00, IQR = 0.00; simple: Mdn = 2.50, IQR = 1.00,
where 1 = simple). Hedonic ratings were similarly strong (e.g.,
creative: Mdn = 6.00, IQR = 2.00; captivating: Mdn = 6.00, IQR =
0.75). No signi#cant expertise e$ects were observed for most items
(𝑁 = 0.1196–1.0000). A trend emerged for Simple/Complicated
(𝑆22 = 5.88, 𝑁 = 0.0529): novices (Mdn = 2.00, IQR = 0.75) perceived
DeTAILS as simpler than experts (Mdn = 3.00, IQR = 0.75), with
post-hoc tests suggesting a di$erence at corrected 𝐿 .

6 Qualitative Results
Our analysis produced #ve overarching themes that capture how
researchers navigated their interactions with DeTAILS: asserting
agency, evaluating performance, negotiating trust, experiencing
partnership, and re"ecting on emotional and ethical implications.
Within each theme, participants described both opportunities and
challenges of integrating AI into qualitative work"ows.

6.1 Asserting Researcher Agency & Control
Participants emphasized that DeTAILS did not replace their analytic
authority but required active oversight. Two codes captured this
theme. The #rst, Agency Through Understanding AI’s Limitations,
described how participants stressed the need for human interpre-
tation. P7 explained, “It cannot be completely automated with an
AI model. It needs some input. . . it is very di!cult to completely
automate,” underscoring that analytic work requires subjectivity
and nuance. The second code, Verifying AI Output as an Act of
Agency, highlighted validation as a deliberate responsibility. P17
re"ected, “I didn’t agree with the explanation. . . the code was #ne,
but the quote I felt didn’t align,” showing how participants treated
veri#cation as an assertion of responsibility. Together, these codes
show that agency was reasserted through recognition of AI’s limits
and critical oversight of its outputs.

6.2 Evaluating the Tool’s Performance & Utility
Participants evaluated DeTAILS in terms of bene#ts and short-
comings, expressed across seven codes. The code Accelerating the
Work"ow captured how participants valued speed, with P1 observ-
ing, “This was de#nitely faster. . . what would take hours was done
in less than 5 minutes.” Yet participants also cautioned that speed
did not guarantee better analysis, captured in the code Critiquing
Lack of Context or Nuance. As P10 explained, “There’s a big gap in
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what the LLM was able to do. . . the quotes were a bit less nuanced,
a little less personal,” illustrating how e!ciency sometimes came
at the cost of depth.

A second cluster of codes focused on comparisons and data issues.
The code Comparison with Existing Tools and Methods highlighted
how participants situated DeTAILS against their existing practices.
P16 admitted, “I wasn’t a huge fan of the initial coding. . . I would
rather do it myself. Once I do some percentage. . . then maybe the
AI can add.” The code Data-Speci!c Challenges and Observations
emphasized how limitations in the Reddit dataset shaped analytic
outcomes. P12 noted, “When people are posting recent information,
the number. . . is so low that it might not appear as a theme.” These
codes together show that the system’s performance was tied not
only to its design but also to the characteristics of the data.

The #nal set of codes pointed to usability and adoption. Evaluat-
ing Tool Design and Usability emphasized smooth interactions but
also highlighted areas of friction; P18 appreciated visualizations

but wished features were easier to #nd. Future Use and Adoption
captured enthusiasm about integrating the tool into future projects,
with P14 re"ecting, “I enjoyed using it. . . I know it could have
a very big impact, especially for researchers going through a lot
of data.” Finally, Valuing High-Quality, Nuanced AI Contributions
described moments when participants felt the system added real
analytic value. P15 noted, “The sophisticated language helped with
the grouping in themes. . . it wasn’t just like a 1+1=2.” Together,
these codes illustrate how participants weighed speed, usability,
and nuance when assessing DeTAILS’ overall utility.

6.3 Trust and Veri"cation
Trust in DeTAILS was not automatic but had to be earned through
explanation, alignment, and validation. Two codes captured this ne-
gotiation directly. Building Trust Through Agreement and Disagree-
ment described how alignment with expectations could strengthen
con#dence, as P17 shared, “. . . this again veri#es what I’m thinking
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and also builds upon it.” In contrast, Distrust in Opaque Processes
pointed to skepticism when outputs felt shallow or overly accom-
modating. P4 remarked, “. . . sometimes I feel like the AI is trying to
manage our expectations. . . so it’s like false positives.”

Three additional codes captured how participants sustained trust
through ongoing oversight. Researcher Validation as a Core Task
re"ected how outputs were systematically checked, with P13 de-
scribing them as “probably accurate. . . to the few select number of
posts we were asked to review.” Trust Through Transparency and
Explainability emphasized that explanations were a foundation for
cautious trust, though they did not replace human judgment. As P11
explained, “If I was using this for a study, I would spend probably
a week. . . really checking it.” Finally, the code Valuing AI Uncer-
tainty to Support Judgment described how participants sometimes
treated ambiguous outputs as prompts for re"ection rather than
"aws. Together, these codes illustrate that trust in DeTAILS was
relational and conditional, anchored in researcher validation and
critical engagement.

6.4 The Human–AI Partnership
Participants also framed their work with DeTAILS as a kind of
partnership, represented across #ve codes. Framing the AI as a
Teammate or Partner captured how participants saw the system as
collaborative, though never autonomous. P11 remarked, “If the LLM
is my partner. . . I would still probably take the step of reading these
things over.” Experiencing Dialogue and Co-Interpretation described
how outputs prompted re"ection and re#nement; P2 explained,
“The requirement for prompting was really low. . . it really stream-
lines things,” highlighting a conversational rhythm of feedback and
adjustment.

The code Positioning AI as a Second Opinion captured how out-
puts were often treated as con#rmatory checks, with P13 noting
they were “probably accurate. . . to the few select number of posts
we asked to review.” Recognizing the Boundaries of Partnership em-
phasized that interpretive authority remained with humans, as P7
stressed, “It cannot be completely automated. . . it needs some input.”
Finally, Negotiating Roles in Collaborative Analysis captured how
researchers actively shaped their inputs to direct the AI’s contri-
butions, with P12 re"ecting, “. . .when you’re looking for quality. . .
that’s what problem I need to change the questions a little bit.”
Together, these codes show that participants positioned DeTAILS
as a supportive partner that could accelerate, provoke, or con#rm
analysis, but only within carefully de#ned boundaries.

6.5 The Re!exive & Emotional Experience
Participants re"ected on the emotional and re"exive dimensions
of working with DeTAILS, expressed across #ve codes. The code
Experiencing Surprise and Delight captured moments when out-
puts exceeded expectations. P1 noted, “It brought out topics that I
didn’t even think it would. . . thinking about the future and under-
standing user demographics, that’s a really good thing.” In contrast,
Encountering Frustration or Skepticism emphasized when outputs
felt shallow or misleading, as P4 explained, “. . . sometimes I feel
like the AI is trying to manage our expectations. . . so it’s like false
positives.”

The code Re"ecting on Bias and Preconceptions highlighted how
participants became aware of problematic assumptions in AI sys-
tems. P11 recalled, “I was using ChatGPT. . . and it literally used the
R slur in one of the suggested names,” underscoring risks of bias
in outputs. Emotional Responses as Drivers of Re"exivity described
how emotions shaped re"exive engagement; P10 admitted, “I feel
extremely lazy and I feel like I don’t deserve to have this title of
researcher, if I’m using an LLM to do my research for me,” showing
how discomfort prompted re"ection on researcher identity. Finally,
Considering Ethical or Existential Implications drew attention to
risks around data integrity and representation. P17 warned, “If you
forget to remove an identi#er. . . I just worry about the safety of
the data.” Collectively, these codes highlight that working with
AI was as much a$ective and ethical as it was technical, prompt-
ing participants to critically situate the tool within their research
practice.

Across these #ve themes and their associated codes, participants
portrayed their engagement with DeTAILS as a complex negotia-
tion of e!ciency, trust, control, partnership, and re"exivity. They
valued the system’s ability to accelerate tasks, provoke insights, and
act as a supportive collaborator, while also emphasizing the need
for human oversight, boundary-setting, and ethical responsibility.
Their accounts suggest that integrating AI into qualitative research
is not merely a technical matter but a relational and ethical practice
in which analytic authority remains #rmly with the researcher.

7 Discussion
DeTAILS was designed to explore whether LLMs could acceler-
ate the labour of qualitative coding while maintaining researcher
agency, re"exivity, and trust. Our evaluation showed substantial
e!ciency gains: participants completed datasets in about 33 min-
utes compared to the seven to eight hours typically required for
manual analysis. Survey data con#rmed perceptions of e!ciency
and usability, and log data indicated high alignment between model
outputs and human re#nements. At the same time, participants
stressed the need for careful review and re#nement, highlighting
that analytic authority remained with the researcher.

Relative to prior systems such as NVivo auto-coding [58] or
topic-modelling approaches [22, 61], DeTAILS o$ers both e!ciency
and interpretive alignment. High agreement scores and positive
manageability ratings underscore how stepwise veri#cation check-
points sca$olded trust, leading participants to describe the AI as a
“junior coder” or “second opinion.” This reframes AI from a black-
box generator to a collaborative partner. This also situates DeTAILS
within broader debates about ‘big qual’ methods [18, 45], which
seek to scale qualitative analysis without abandoning depth. Our
results show that AI can accelerate labour while maintaining re-
searcher engagement, extending these debates beyond descriptive
approaches like topic modelling. Our contribution goes beyond
scaling descriptively — it shows how interpretive engagement can
also be sca$olded at scale.

7.1 Implications for Theory and Re!exivity
Although DeTAILS sca$olded re"exivity, it did not fully achieve
the iterative, self-critical re"exivity central to RTA [13]. Log data
showed thatmost participant timewas spent reworking initial codes
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rather than revisiting themes, and the system’s forward-only prop-
agation meant re#nements at later stages could not cascade back-
wards. This design, coupled with participants’ survey responses
that they would “still read everything over,” produced a work"ow re-
sembling codebook thematic analysis [10, 42]: re"exivity occurred
through checking and correcting model outputs, rather than interro-
gating one’s own analytic assumptions. That participants reported
high e!ciency and usability while still expressing caution — P11
estimated she would spend “a week checking” before trusting the
outputs — illustrates how quant and qual results converge on this
tension.

Quantitative indicators also highlight the limits of automation.
Despite high F1 agreement, participants noted that quotes were
“less nuanced” (P10) and that the outputs often lacked personal tone.
This mismatch shows that statistical alignment does not equate
to interpretive adequacy, echoing concerns that LLMs "atten com-
plexity [24, 79]. AttrakDi$ trends hinted at a “canny mountain”
e$ect: novices were more likely to describe the system as “human”
while experts were more sceptical, suggesting risks of over-trust
in polished outputs. These #ndings underscore that some “grunt
work” of qualitative analysis—iterative reading, grappling with am-
biguity—remains irreducibly human and methodologically valuable
[34, 66].

Taken together, our results suggest a division of labour. Quanti-
tatively, DeTAILS provides strong evidence of e!ciency, usability,
and alignment; qualitatively, participants con#rmed that the AI
accelerated but did not replace analytic reasoning. This shows that
LLMs may be well suited for sca$olding codebook-style work"ows,
while RTA’s deeper re"exivity demands design features not yet
realized. Rather than seeing this as a failure, we argue it clari#es
the epistemological stakes: AI can support, but not substitute, the
slow and interpretive work that gives qualitative research its depth
[15, 91]. By explicitly delineating where automation adds value
(speed, reliability, consistency) and where human labour must re-
main central (re"exivity, meaning-making, ethics), future tools can
extend thematic analysis to larger datasets without eroding its
methodological integrity.

Our #ndings also speak to theoretical debates about whether
LLMs can meaningfully participate in qualitative inquiry. Re"exive
thematic analysis (RTA) emphasizes researcher subjectivity, posi-
tionality, and iterative meaning-making as central to the analytic
process [13, 34]. DeTAILS supported some of this re"exive work,
but in ways that shifted its orientation: participants’ re"exivity
often focused on questioning the AI rather than questioning their
own assumptions. This suggests that AI tools can sca$old certain
forms of re"exivity, but risk narrowing it to veri#cation unless
deliberately designed to foreground positional re"ection.

We therefore conclude that the role of AI in qualitative research
should not be imagined as replacing human interpretation, but as
sca$olding it [6]. By recognizing the stages where AI support is pro-
ductive, the stages where human labour remains indispensable, and
the theoretical commitments that must guide design, we can move
toward tools that respect the epistemological richness of qualitative
inquiry while extending its reach. Ultimately, our study shows that
AI can extend — not diminish — the epistemic value of qualitative
inquiry, but only when systems are designed to centre researcher
re"exivity, ethics, and interpretive authority. In doing so, DeTAILS

contributes to ongoing debates about how qualitative research can
adapt to scale while preserving its interpretivist commitments.

7.2 Designing for Re!exive and Trustworthy AI
Collaboration

Triangulating across interviews, logs, and surveys, it is clear that
participants’ trust grew not from automation alone but from being
able to scrutinize, verify, and correct outputs. Quantitative man-
ageability scores and agreement metrics bolster these accounts,
showing that trust was sca$olded through transparency and ed-
itability. Yet to move closer to re"exive thematic analysis, systems
must go beyond facilitating correction: they need to deliberately
create space for re"exivity.

Classic criteria of trustworthiness—credibility, dependability,
con#rmability, and transferability [56]—help explain why this mat-
ters. High F1 scores and e!ciency metrics provide evidence of
dependability, but participants’ concerns about nuance and voice
remind us that credibility and con#rmability still rest on human re-
"exivity, not machine alignment. Similarly, AttrakDi$ scores show-
ing strong manageability do not ensure that interpretive depth
has been preserved. These #ndings underscore Morrow’s [62] and
Finlay’s [34] view that re"exivity is not optional but foundational:
researchers must continuously interrogate their own positionality
and the power relations shaping analysis.

Our study showed that DeTAILS prompted re"exivity, but pri-
marily about the AI’s suggestions rather than researchers’ own in-
terpretive assumptions. This is not re"exivity in the RTA sense [13],
but a more pragmatic checking of outputs. To foster genuine re"ex-
ive practice, tools must actively slow analysts down and foreground
alternative interpretations. Backward propagation, re"exive memo-
ing, structured pauses, positionality statements, and analytic audit
trails [1] could all help shift re"exivity from verifying AI outputs
toward interrogating the researcher’s own assumptions.

These design imperatives also speak to broader quality debates.
Tracy’s [89] “big tent” criteria call for rich rigour, sincerity, and
resonance. E!ciency gains and high agreement may contribute
to rigour, but they risk overshadowing sincerity and resonance if
outputs are too generic or sanitized. Rather than abandoning LLMs
for these tensions, we argue for designing explicitly against them:
embedding mechanisms that slow users, surface uncertainty, and
preserve the interpretive labour—iterative reading, grappling with
ambiguity, holding space for participants’ voices — that cannot be
automated without undermining qualitative inquiry.

7.3 Implications for Design
Our #ndings highlight key tensions between e!ciency and re"ex-
ivity, trust and skepticism, and researcher agency and automation.
While DeTAILS succeeded in accelerating thematic analysis and
supporting transparency, participants’ experiences also revealed
limits: re"exivity often centred on verifying AI outputs rather than
interrogating analytic assumptions, forward-only propagation con-
strained iteration, and polished outputs risked over-trust. Building
on these insights, we translate our results into #ve design consider-
ations for next-generation qualitative analysis systems.

Support Iterative and Bidirectional Work"ows. DeTAILS reduced
repetitive coding work but reinforced a codebook orientation by
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only allowing edits to propagate forward. Re"exive thematic anal-
ysis, by contrast, requires recursive movement between codes,
themes, and raw data [12, 13]. Future systems should support both
forward and backward propagation so that re#nements at later
stages cascade to earlier ones. This would preserve the recursive
character of re"exive analysis and sca$old more deliberate oppor-
tunities for re"ection.

Make Uncertainty Visible. Quantitative results showed strong
agreement scores (F1 up to 1.0) and lowworkload ratings, but partic-
ipant interviews revealed skepticism and extensive time spent cor-
recting outputs. This tension highlights the “canny mountain” prob-
lem, where AI outputs appear polished and thus invite over-trust,
particularly for novices. Designers should resist over-automation
and instead surface model uncertainty, "ag low-con#dence outputs,
and provide sca$olds that encourage critical engagement [47, 80].

Give Researchers Control Over AI Involvement. Participants fre-
quently described wanting to disable or bypass the AI when outputs
felt intrusive or generic. Mandatory AI assistance risks displacing
re"exivity onto model suggestions rather than the researcher’s own
analytic lens. Future tools should include opt-in/opt-out controls at
each stage, clear provenance markers distinguishing human from
AI contributions, and options to advance without invoking the
model [24, 27].

Sca#old Re"exive Practice Deliberately. Our study showed that
participants’ re"exivity often centred on verifying the LLM’s sug-
gestions rather than interrogating their own assumptions. While
this still prompted re"ective engagement, it diverges from the
deeper positional re"exivity emphasized by Braun and Clarke [13,
34]. Future systems should embed deliberate re"exive prompts—for
example, space to record positionality statements, moments to re-
"ect on analytic choices, or checkpoints asking why particular
codes or themes matter. Such sca$olds could help ensure re"exivity
remains researcher-driven rather than model-driven.

Adapt to Analytic Styles with Transparency. We observed wide
variation in preferences for code granularity, theme phrasing, and
merging strategies. Some participants valued #ne-grained code-
books, others preferred higher-level clusters. Current systems, in-
cluding DeTAILS, treat such preferences as static. Future tools
should adapt over time to an analyst’s style, but with safeguards:
adaptation must remain transparent, reversible, and always under
explicit researcher control. This balance would allow tools to re-
duce repetitive work while respecting the diversity of qualitative
practices [66, 78].

8 Limitations and Future Work
Our study was short-term and conducted in a controlled setting,
with participants analyzing small Reddit datasets during single
sessions. Althoughmany participants expressed interest in applying
DeTAILS to their own projects, longer-term deployments are needed
to understand how the toolkit integrates into ongoing research and
how it shapes analytic rigour over time. Such work would also
clarify whether our #ndings hold for richer qualitative materials
such as interviews, #eld notes, or survey responses [25, 30], which
may raise new requirements for preprocessing, navigation, and

code review. These forms of data also demand deeper re"exivity
than short sessions allow, making longitudinal studies particularly
important.

We also did not compare DeTAILS directly with widely used
qualitative analysis software such as NVivo or Atlas.ti, nor with
simpler LLMwork"ows such as direct prompting in ChatGPT.With-
out such baselines, our e!ciency observations (e.g., participants
completing analyses in roughly 33 minutes) should be read as in-
dicative rather than as established time savings, since the tasks are
not directly comparable to a full manual analysis in scope or depth.
A head-to-head comparison would clarify where an LLM-supported
work"ow adds the most value, and which features from traditional
tools might be incorporated. Relatedly, we observed no statistically
signi#cant di$erences between novice and expert participants. This
null result likely re"ects the small sample and short study design,
and should not be read as evidence that the system equalizes ex-
pertise. Prior work cautions that novices are especially vulnerable
to over-trust in "uent AI outputs [36, 83]. Future research should
therefore investigate how expertise interacts with LLM-supported
analysis in sustained use, and how systems can provide sca$olds
that support novices’ engagement without encouraging uncritical
acceptance.

Our implementation also explored only a narrow range of prompt-
ing strategies and model types. We relied on a general-purpose
LLM (gemini-2.5-pro-preview-03-25) with a chain-of-
thoughtwork"ow,without testing alternatives such as ReAct prompt-
ing [95], reasoning-intensive prompting [77], or domain-speci#c
#ne-tuned models [28]. LLM stochasticity further means that re-
peated runs on the same data may produce di$erent initial codes
and themes, complicating direct reproducibility; the human-in-the-
loop checkpoints partially mitigate this by anchoring the code-
book in researcher review, but two analysts using DeTAILS on the
same corpus may still arrive at di$erent codebooks. Pinning model
versions, model temperature, logging prompts and model outputs
(as DeTAILS does) supports partial reproducibility, but develop-
ing guidelines for pairing analytic tasks with appropriate models,
and for aligning prompt strategies with qualitative epistemologies,
remains important future work.

This study was also conducted in mid-2025, during a period of
rapid advances in LLM capabilities. Some of the technical limitations
we observed may be addressed quickly as models evolve, while new
challenges will undoubtedly emerge. Nevertheless, we believe the
core #ndings of this paper—around re"exivity, trust, agency, and the
role of human interpretive labour—remain signi#cant. They point
to enduring questions about how qualitative research can engage
with AI systems, and how design can ensure that these systems
scale analysis without eroding its interpretive commitments.

9 Conclusion
We presented DeTAILS, a toolkit for human–LLM collaboration in
thematic analysis. DeTAILS integrates LLM support across analytic
phases while keeping the researcher in control through features
such as persistent memory snapshots, redo-with-feedback loops,
and fully inspectable codes and themes. These design choices fore-
ground researcher judgment, promote transparency, and enable
direct veri#cation of outputs against raw data.
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Our study with 18 qualitative researchers showed that DeTAILS
substantially accelerated coding and theming without displacing in-
terpretive depth. Participants completed analyses quickly, achieved
high agreement with generated themes, and reported feeling “in
the driver’s seat” with the AI positioned as a supportive assistant.
Trust was not assumed but earned through iterative checkpoints
and editable outputs, highlighting how work"ow design can foster
agency and re"exivity.

This work makes three contributions: a toolkit that demonstrates
how LLMs can sca$old large-scale analysis; an empirical study
that reveals both bene#ts and tensions in human–AI collaboration;
and design guidelines for future systems that balance acceleration
with interpretive authority. More broadly, our #ndings show that
LLMs can extend—but not replace—qualitative inquiry. By coupling
computational scale with researcher re"exivity, DeTAILS illustrates
how AI tools can amplify interpretive practice while preserving
the epistemological commitments that make qualitative research
valuable.
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