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Fig. 1. ThemeViz is a web application that utilizes large language models and interactive visualizations to
assist qualitative researchers during theme development in thematic analysis. The system supports manual
coding (1) and manual theme development (2) to support researchers’ autonomy. The system also supports AI-
assisted theme development (3) to foster human-AI collaboration in theme development. Users can generate
and explore multiple AI-generated theme versions through interactive prompting and review.

This paper explores the potential role of AI, e.g., large language models (LLMs), in supporting theme de-
velopment in thematic analysis. While prior applications of AI in qualitative data analysis have focused on
supporting coding, we investigate whether LLMs can effectively contribute as collaborators in the more ab-
stract and conceptual phases of qualitative analysis, specifically theme development. Despite growing interest
in AI as a collaborator in theme development, there is limited empirical evidence on designing AI-assisted
tools while supporting user autonomy and understanding researcher interaction with AI-assisted theme
development. To address this gap, we designed ThemeViz, an interactive system that uses GPT-4 to generate
and visualize multiple versions of themes based on user input while allowing researchers to maintain control
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through manual coding and theme development. Our study examines the effectiveness of this human-AI
collaboration approach in iterative theme development and its implications for future designs.

CCS Concepts: • Human-centered computing→ User centered design.

Additional Key Words and Phrases: Intelligent system, Iterative theme development, Large language model,
Interactive visualization, Human-AI collaboration, Thematic analysis
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1 Introduction
HCI research on AI-assisted tools has focused on supporting the time-consuming and laborious
task of thematic analysis, primarily in coding, which entails labeling segments of text data, while
other tasks, such as theme development, which involves grouping related codes to identify patterns
in the data, receive relatively less support [27, 28, 44, 53]. One reason coding received attention for
AI assistance is that it involves clear, well-defined tasks, such as labeling data based on a predefined
codebook, making it easier for AI to automate and process efficiently.

In contrast, tasks like theme development, which occur after coding, involve a more complex,
conceptual process that computational tools struggle to replicate. Instead of simply tagging pieces
of data (coding), theme development requires grouping the labels generated during coding into
broader patterns or themes that capture deeper meanings and relationships across the dataset.
This process demands that the researcher synthesize and interpret the underlying connections
between coded elements, recognize trends, and construct a cohesive narrative that represents the
dataset. As a result, theme development is more interpretative and requires higher-level thinking
and subjective judgment, making it challenging to automate with computational tools [49]. For
example, natural language processing technologies have been criticized for their limited ability
to capture the nuances such as subtle distinctions in meaning, tone, and context in text that are
essential for thematic interpretation. [9, 10].

With the recent rise of large language models (LLMs) for processing complex text corpora, recent
studies suggest new opportunities for LLMs to collaborate with researchers in interpretative tasks
like theme development by offering alternative interpretations of data that researchers may not
have initially considered [38, 49, 65]. In light of this work, there is a possibility that providing
new interpretations distinguishes LLMs from conventional analytical tools that merely process
data. LLMs can generate novel perspectives and challenge researcher assumptions which are key
characteristics of intellectual collaboration [25, 34, 51]. Because of this expanded scope, LLMs may
act more as collaborator instead of tool. This raises the question of whether LLMs could assume a
collaborative role in interpretive tasks by providing alternative interpretations of data.

However, we have a limited understanding of (1) how to design effective human-AI collaboration
for interpretive tasks like theme development and (2) the interaction of researchers with AI-
based theme development assistance. Research in CSCW has explored the potential for human-AI
collaboration in qualitative data analysis, emphasizing that collaboration could be successful when
researchers’ autonomy is respected, and the AI does not interfere with their analysis without
consent [23, 37]. This underscores the importance of supporting user autonomy in human-AI
collaboration within qualitative data analysis.
Furthermore, while much of the existing research that has explored the capability of LLMs in

thematic analysis has primarily focused on the use of traditional prompt-and-response interfaces
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(e.g., ChatGPT, APIs in Python scripts, and Jupyter notebooks) in thematic analysis [65], these
tools do not fully meet the needs of qualitative researchers. When developing themes, researchers
often rely on visual aids, such as thematic maps, to visually outline and organize their themes
[7]. These visual aids provide a clear overview of candidate themes [7]. Text-based prompt-and-
response interfaces (e.g., ChatGPT) fail to offer this level of support, making it more challenging for
researchers to maintain an overarching view of the themes. Additionally, managing textual data in
prompting can be difficult without system-level support, as researchers must manually input and
update raw data in prompt-and-response interfaces that are not designed specifically for qualitative
data analysis.
In this paper, we seek to bridge this gap by designing ‘ThemeViz,’ an LLM-enhanced system

that enables researchers to develop themes with AI collaboratively. ThemeViz provides three
forms of support to users: 1) Autonomy support: Building upon previous CSCW findings on the
importance of supporting researchers’ autonomy [23, 37], our system facilitates manual coding
and theme development rather than fully automating the theme development process through
AI. By integrating researchers’ manual analysis into theme development, the system preserves
and emphasizes researchers’ autonomy throughout the process. 2) Interactive visualization
support: ThemeViz presents developed themes through an interactive bubble chart, allowing users
to easily gain an overview of the themes. This interactive design enables users to explore source
data and LLM responses by displaying related text extracts and codes through a bubble visualization
metaphor. 3) Prompting support: ThemeViz scaffolds interactions with its LLM by embedding
the model into its system, implicitly automating prompts by managing metadata that contains
information about the raw text, code, and text extracts behind the scenes.
To investigate the efficacy of ThemeViz, we conducted a lab experiment combined with semi-

structured interviews with 28 qualitative researchers. Through these experiments, we investigated
the following research questions:

RQ1 How useful is ThemeViz for theme development compared to conventional prompting inter-
faces like ChatGPT?

RQ2 To what extent does ThemeViz’s design encourage users to view its AI assistant as a collabo-
rative partner in theme development compared to traditional interfaces like ChatGPT?

RQ3 What are the limitations of AI assistance in ThemeViz?

Note that enhancing LLM performance through model training is not the focus of our research.
Instead, we investigate the impact of design and interaction with existing LLM models in the context
of theme development. Specifically, we aim to understand the differences between a refined graphical
interface and a traditional text-based prompt-response interface, as well as the implications of
integrating LLMs more deeply into interpretative tasks like theme development.

Our findings reveal that ThemeViz effectively aids qualitative researchers in theme development
by allowing them to explore more iterations and view data from multiple perspectives. Its features
for prompting and visualizing AI responses were beneficial. However, unlike previous research
suggesting that LLMs could serve as collaborative partners in interpretative tasks, researchers did
not perceive the ThemeViz AI assistant (or ChatGPT) as a collaborator. This perception was attrib-
uted to the AI’s lack of agency and the absence of reciprocal, interactive discussions. Additionally,
ThemeViz’s AI assistance faced limitations regarding data privacy and AI bias concerns.

We contribute to the HCI and CSCW communities by: 1) investigating human-AI collaboration
in interpretive tasks, specifically theme development, an area that has been largely overlooked.
We highlight the potential and limitations of human-AI collaboration in theme development; 2)
providing empirical evidence on how tailored human-AI collaboration tools designed for qualitative
data analysis impact usability and shape user perceptions of AI as an effective collaborator. 3)
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Fig. 2. Within the 6 phases of thematic analysis, we focus on supporting phases 3,4, and 5 where theme
development occurs. Prior research has examined phases 1 and 2 [27, 28, 44, 53]. We developed this diagram
based on theories of thematic analysis [7, 10].

Finally, our study highlights limitations in current human-AI interaction (e.g., passive conversation,
lack of AI customization within qualitative data analysis support tools). Based on our findings,
we offer design implications for enhancing future human-AI interactions in interpretative data
analysis tasks such as theme development.

2 Related work
In this section, we begin by defining thematic analysis. Then, we outline how researchers developed
fundamental knowledge on the impacts of LLMs on qualitative data analysis. Finally, we highlight
specific analysis systems.

2.1 Thematic analysis
Understanding qualitative data in human-computer interaction user research often involves the-
matic analysis (TA), which aims to identify, analyze, and interpret patterns of meaning, known as
themes, within the data [6].

In TA there are six phases [7, 11], as illustrated in figure 2. Here, we explain each phase.
Phase 1 Familiarizing yourself with the data: This stage involves deep engagement with the data

through reading.
Phase 2 Generating initial codes: This stage involves assigning brief summaries or labels, known

as codes, to data segments relevant to the research questions.
Phase 3 Searching for themes: This stage entails grouping similar codes by shared meanings to

develop themes. In this paper, we define ‘themes’ following Braun and Clarke’s definition,
‘patterns or shared meaning, united by a central concept or idea’ [9, 19]. Themes differ
from topics because they are based on meaning; this allows themes to be constructed by
bringing together data that may seem disparate on the surface to reveal deeper insights. In
addition, themes can be developed based on less frequent but important data, depending on
the research question [19].

Phase 4 Reviewing potential themes: In this stage, researchers refine themes for clarity and co-
herence. While refining themes, researchers rigorously evaluate themes against codes and
the entire dataset to reconstruct themes to better align with their objectives [7]. During this
iterative revision process, researchers’ understanding of the data deepens, if they find better
themes researchers may dissect broader themes into more specific themes or all themes can
be reconstructed after eliminating initial themes in light of a new perspective [7, 8, 11].
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Phase 5 Defining and naming themes: Once researchers develop quality themes in phase 4, they
name themes and articulate the meaning of each identified theme.

Phase 6 Producing the report: The final phase entails preparing a comprehensive document detail-
ing the identified themes, including descriptions, supporting quotes, interpretations, and a
clear narrative that addresses the research question, effectively conveying the key insights
uncovered through the analysis.

In this paper, we define theme development as encompassing phases 3, 4, and 5, as these phases
are directly related to the development of themes, and we focus on supporting theme development
as this step has been less explored within the context of AI assisted analysis tool. Instead, previous
works focused on supporting coding phase of the analysis [27, 28, 44, 53]. For instance, one research
focused on supporting the collaboration of qualitative researchers to develop codebook with
AI coding assistance tool [27]. Another study explored supporting coding by semi-automating
the process through interactively defined code rules and supervised machine learning, allowing
researchers to extend coding to unseen data [53].

Supporting theme development is important, as it is a time-consuming, labor-intensive process
that demands significant cognitive effort to abstract, synthesize, and interpret themes and meanings
within data [4, 7, 9, 45]. To be more specific, theme development is laborious because themes do not
simply emerge from the data; instead, they are actively developed by qualitative researchers. This
active theme development entails iteratively revising and exploring multiple versions of themes
to arrive at those that best represent the data [7]. Even constructing a single version of themes is
cognitively demanding as researchers balance abstract interpretation with precise representation
of nuances without oversimplification. The repeated revision and exploration of themes require
significant mental energy, as researchers work to create a cohesive thematic structure that accurately
captures both broad patterns and specific data details. This involves accurately recalling a large
body of text as well as finding relationships among disparate elements. If the themes do not fit the
data, researchers may need to tweak themes by collapsing, splitting them, or even discarding them
and starting again [7]. This iterative nature of theme development makes the work labor intensive
and cognitively demanding.

Studies suggest new opportunities for LLMs to collaborate with researchers in interpretative tasks
like theme development by offering alternative data interpretations that researchers may not have
initially considered, potentially supporting an iterative theme development process by enabling
exploration of multiple theme versions with AI [38, 49, 65]. However, it remains unclear whether
qualitative researchers would find such interaction useful or how to design LLM-enhanced tools to
support tasks requiring high levels of abstraction and conceptualization, like theme development,
while preserving user autonomy [23, 37]. To address this gap, we designed and evaluated an
LLM-enhanced system, "ThemeViz," for its usefulness in theme development.

2.2 LLMs in qualitative data analysis
We now review literature on the use of LLMs in qualitative data analysis to understand their
performance. It is important to note that this section focuses on LLMs independently, without
examining systems that integrate LLMs; systems are further discussed in § 2.3.

Recent studies explored the potential of adopting GPT in qualitative data analysis. For instance,
one paper examined the capability of GPT in narrative analysis [18]. Other streams of work
investigated the capability of GPT for deductive coding tasks. Recent studies found GPT-3.5 can
often perform deductive coding (applying predefined code to data similar to data labeling) at levels
comparable to humans [16, 62] and GPT-4 performs with high intercoder reliability [21, 39]. A
self-experimental study (where the first author acts as a participant in the study) investigated
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the use of GPT3.5-Turbo in inductive thematic analysis (themes developed from data instead of
developed from pre-defined theories), showcasing its potential [49].
Furthermore, a comparison of themes generated by humans and ChatGPT revealed that AI-

generated themes are somewhat similar to those created by humans, [32] indicating the viability of
LLMs in this context. This study suggests human-AI collaboration for theme development, utilizing
an AI’s efficiency alongside human expertise in identifying subtle nuances [32]. Zhang et al. crafted
a framework that employs ChatGPT for thematic analysis, grounded in semi-structured interviews
[65]. Their work goes a step further and suggests the potential of LLMs as a co-researcher.

Prior literature demonstrates the applicability of LLMs in thematic analysis and suggests potential
for human-AI collaboration. However, these studies investigated the utilization of bare LLMswithout
support from interactive systems and explored the capabilities of LLMs only within programming
platforms such as Jupyter Notebooks. These platforms do not provide user-friendly interactions to
streamline the process of engaging with the model (especially in the case of practitioners who are
not usually programmers). Furthermore, this approach demands users to design their own prompt
to handle sending data and receiving data, while prompting is challenging for novice users who
are not familiar with LLMs [63].

An interactive system with a graphical user interface (GUI) ought to help users avoid interacting
with the model at a raw level, allowing them to focus more on the analysis itself. Therefore, it
remains unclear 1) how a system designed to support qualitative research can further enhance
the theme development process compared to using LLMs outside such a system, and 2) the exact
degree of enhancement that such a system design can provide. To bridge this gap, we designed and
implemented a system, then conducted a lab experiment with qualitative researchers to measure
the effect of the system design compared to a general, non-tailored LLM-embedded system.

2.3 Systems for LLM-assisted theme development
In this section we focus on reviewing systems and tools which employ LLMs to support qualitative
data analysis. A recent study examined the use of LLMs in theme development within a qualitative
data analysis tool, offering primary code group suggestions. However, since the tool provided
AI support across multiple phases of thematic analysis (e.g., coding) within a human-human
collaborative context, the focus was on enhancing human-human collaboration with AI rather than
solely assessing the effects of human-AI interaction in the theme development phase. This made it
challenging to isolate the specific impact of AI assistance on theme development [27].

Another recent study focused more on the theme development stage of thematic analysis. They
introduced a system called QualiGPT, which generates themes in a coherent tabular format based on
an imported raw dataset [64]. The system focuses on developing an initial theme straight from the
raw data, without supporting autonomy of researchers by providing an opportunity for researchers
to develop themes on their own before developing themes usingAI. Enabling researchers tomanually
code and group codes is essential, as it supports their autonomy [23, 37], and it enables researchers
to reflect and understand their data before developing themes [7]. Furthermore, the system does
not provide any visual support to support data sense-making, and the authors recommend adopting
data visualizations [64] as future work.

Our system overcomes limitations of previous work by supporting researchers’ autonomy with
manual coding and theme development. We intentionally integrated AI assistance only in the
theme development phase to gain a clearer understanding of human-AI collaboration in this phase.
Additionally, our research interest is understanding the impact of AI assistance on conceptual
tasks like theme development, rather than on lower-level coding. In addition, we adopt interactive
visualizations to further support sensemaking of AI-generated themes.
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3 Design goals
We aim to design an LLM-embedded system which fits seamlessly into qualitative researchers’
workflows and follows best practices sourced from literature. Our target is to enhance the efficiency
and reduce the workload of theme development through human-AI collaboration. We reviewed
theories of thematic analysis and existing qualitative data analysis tools to develop seven design
goals for ThemeViz.

DG1: Support user autonomy by supporting manual coding and manual theme develop-
ment. While allowing an AI to generate themes directly might bypass the laborious theme building
process, there are significant risks in this approach. Not giving users a chance to review themes
against the data could result in a user either deferring completely to the AI’s judgment, growing to
distrust the AI due to lack of transparency, or discouraging the user from following best practices.
In other words, over- and under-reliance both pose issues to user efficacy and autonomy [23].
Previous research highlighted that without providing enough autonomy in analysis, qualitative
researchers are reluctant to utilize AI assistance in their workflow [23, 37]. Therefore, our system
supports (1) manual coding and (2) manual theme development in addition to AI-supported theme
development. Users retain the full capability to edit individual themes and revisit the previous
phases to revise codes and re-read raw data.

Since our research interest is to find the effectiveness of AI assistance in theme development, we
did not design a special interface for manual coding and manual theme development. Instead, we
adopted industry-level standard practices (e.g., Atlas [2] and Dovetail [20]), having basic and widely
used features like highlighting, coding with drop-down selection, and drag and drop grouping.

DG2: Promote efficient theme development through LLM-assisted theme suggestions.
A considerable number of studies have noted that qualitative data analysis is time-consuming
and labor-intensive [16, 26–28, 44, 57], leading researchers to develop tools to make the analysis
process more efficient. While previous work focused on improving the efficiency of coding [16, 26–
28, 44, 57], our goal is to reduce the time and effort required for theme development while offering
AI-generated theme suggestions to inspire new perspectives on the dataset.

Qualitative data analysis tools like Atlas.ti and NVivo support theme development using in-
teractive features like code managers. They enable users to modify codes and group them to
develop themes interactively. However, these features often require manual theme development.
Since creating additional themes or even discarding existing themes and reconstructing them is
common in theme development [7], such a manual process can be time-consuming and laborious.
(Please refer to section 2.1 for more details on why theme development is cognitively demanding,
time-consuming, and labor-intensive [4, 7, 9, 45].)

Recent studies have also noted that AI theme generation may reduce the time it takes to develop
themes and inspire researchers by offering perspectives on the data [27, 64]. AI generated themes
might act both as starting seed ideas and prompts for reflection for the researcher. We propose
using LLM-assisted theme development to support the recursive theme revising process, enabling
researchers to quickly iterate multiple versions of themes with less manual effort.

DG3: Encourage data exploration by prompting while respecting researchers’ perspectives.
Thematic analysis values researchers’ subjectivity and interpretation [10]. Researchers should
be able to explore the dataset with their unique perspectives and angles. Auto-generating themes
without users’ input may result in an undesirable general topic summary [10]. Putting researchers’
thoughts and interpretations into AI theme generation may help develop more unique themes
tailored toward researchers’ views. Prompting is a method used to steer LLMs towards generating
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Fig. 3. Manual coding page. On the coding page, users highlight text segments representing main ideas using
the highlight feature [1]. New codes can be assigned or existing codes can be selected from the dropdown
menu. Codes are assigned for each row [2]. Users save data [3] and can proceed to the next phase [4] via
buttons.

desired outputs [52]. Using prompts, researchers can guide the model to generate the output that
reflects their thoughts and intentions.

DG4: Reduce the burden of prompting through centralized data management. Numerous
studies investigating LLMs’ ability in text data analysis concur that prompting poses significant
challenges since designing prompts that the AI can understand is difficult and time-consuming
[49, 63, 65]. This challenge intensifies in theme development, where researchers repeatedly revise
themes through iterative back-and-forth processes. Constantly refining prompts and passing data
to the model adds significant burdens, limiting the possible benefits researchers might otherwise
get from the system.
The challenges extend beyond just prompting LLMs; obtaining responses in a specific format

is also difficult. Researchers may prefer AI-generated themes in visual format like theme map
and if these responses need to be integrated into a system, it often requires a specific data format
(e.g., JSON). However, the output from generative LLMs may not consistently match these format
expectations.
To tackle this issue, we aim to balance free prompting for researchers while also minimizing

effort. We simplify the process by offering a centralized data management system for data, codes,
and themes from both users and AI. This setup removes the need for manual updates of new data to
the LLM and simplifies data handling, letting users focus on creating meaningful prompts without
worrying about technicalities. This is a potentially critical benefit of our system over the state of
the art, especially versus traditional chat boxes.

DG5: Promote sensemaking with interactive visualizations. The text-based output modality
of LLMs may be less than ideal for supporting theme development, as the sheer volume of generated
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text, in addition to the original data, can overwhelm researchers, making it challenging to discern,
interpret, and effectively utilize the information [43, 61].

Finding a way to organize and visualize such results becomes critical because it allows researchers
to make sense of unstructured textual data, the connections of different text, and the hierarchical
relationship between the themes and the texts, all of which might lead to important insights [15, 33].
There have been many approaches for visualizing textual data to support sensemaking [14, 22]. We
adopt a similar visualization-oriented strategy. Our implementation includes a vibrant hierarchical
bubble diagram, allowing users to quickly grasp the breadth of the data set. Through this approach,
qualitative researchers can swiftly comprehend AI-generated themes without the need to read a
long text response.

DG6: GroundAI-generated themes in the data. While it is crucial to develop themes grounded
in data, LLMs have a chance of hallucination [49], such as generating themes based on non-existing
data [17]. As the stack of prior prompts grows, performance decreases for tasks that involve data
or historical context [29]. In the case of thematic analysis, when the raw data and instructional
prompting were fed to the model separately, it sometimes neglected certain features of the text,
especially if the text is extensive in content [49]. Our prompting mechanism automatically combines
the original data corpus with instructional prompts as input to the LLM, without requiring user
involvement. In doing so, every prompt sent to the model includes the original dataset, ensuring
the LLM consistently generates themes grounded in the actual data, thereby reducing the risk of
hallucination.

DG7: Bolster researchers’ subjectivity by supporting inductive thematic analysis.
Our goal is to support inductive thematic analysis, which emphasizes the researcher’s subjectivity

as an analytic resource and their reflexive engagement with data and interpretation [9] or processes
that rely on human judgment and deep understanding of textual nuances [10]. Unlike deductive
approaches that apply predefined codebooks or theories and reduce subjectivity through structured
methods (e.g., intercoder reliability), inductive analysis leverages researcher subjectivity to develop
rich textual understanding. Previous computational support for qualitative analysis has primarily
focused on deductive methods [26–28, 53, 62] because effectively supporting inductive processes has
remained challenging as traditional natural language processing has struggled to capture the textual
nuances essential for inductive analysis [9, 10]. However, the advanced language understanding
capabilities of LLMs may provide new possibilities for supporting inductive thematic analysis [49].

Since the goal of this study is to understand the effect of AI support on interpretative tasks like
theme development, we designed our system to support user subjectivity rather than impose a
deductive approach. This design enables users to freely code and develop themes based on their
own interpretations of the text, refining them iteratively as their understanding evolves.

4 ThemeViz system
We designed and implemented ThemeViz, a GPT-4 powered system that supports an iterative
theme development process. In this section, we provide a usage scenario with key features and
implementation details.

4.1 Usage scenario and key features
Here, we introduce an example scenario to demonstrate the theme development workflow in

ThemeViz (see Figure 5). Although our research primarily focuses on understanding the effects of
human-AI interaction in Phase 3, where AI assists in theme development by generating multiple
versions of themes, we included Phases 1 and 2 (manual coding and manual theme development)
to provide context for the entire process.
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Fig. 4. Manual theme development page. On the left side of this page, there is an area for ungrouped code-
text-pairs. Code-text-pairs display both coded and uncoded data. Codes are highlighted in yellow [1], and
uncoded data are marked [2]. Users create new themes by clicking the "Add Theme" button [3]. Users can
drag and drop a code-text-pair on the left side into a theme box to assign it [4]. They can also save the current
themes [5] and proceed to the iterative theme refinement phase [6] via buttons.

Suppose there is a qualitative researcher named Sam who’s working on analyzing a public
dataset that contains interview transcripts of female scholars after World War II in the UK. The
dataset is about their lives and how their life experience affected their academic careers.

Phase 1: Manual coding. Using ThemeViz, Sam starts to read through the data and starts to
code each row. She highlights the most important part of the text using the highlight tool (Fig.3-1).
Then, she adds codes to capture the meaning of the highlighted text (Fig. 3-2). The system’s manual
coding feature allowed Sam to maintain autonomy as a researcher by giving her the opportunity to
read and code the dataset independently before receiving any AI assistance (DG1). After coding
data for a while, she decided to develop initial themes with the codes that she developed so far.
Sam clicks the "Done Coding" button to save her codes (Fig.3-3), then goes to the next page.

Phase 2: Manual theme development. In the next phase, Sam can manually group codes and
name themes (Fig. 4). In the beginning, she sees the page is divided into two main sections. On the
left panel, Sam can see the list of codes with their corresponding quotes (which will be referred to
as a code-text-pair) that are not yet grouped as themes. In the case of un-coded data, they will be
automatically assigned a "not-coded" marker by the system (Fig.4-2).
After skimming the code-text-pair cards, Sam comes up with an idea for one potential theme.

She clicks the "Add theme" button (Fig.4-3) to generate a new theme box on the right side of the
page. She can drag and drop code-text-pairs into the box to group them together and name the
theme title accordingly (Fig.4-4). She continues this manual theme-building process until she feels
ready to iterate. She saves a version of the themes (Fig.4-5). Similar to the manual coding phase, the
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manual theme development phase allowed her to consider potential themes independently before
receiving AI assistance, helping her maintain autonomy as a researcher.

Phase 3. AI-assisted theme development
(1) Reviewing. On the AI-assisted theme development page, Sam sees the themes she created

in a bubble chart. She can easily check the pattern and size of the themes she developed by the
outer bubble’s radius (DG5). When Sam wants to examine the codes within a theme, she clicks on
the smaller bubbles inside the larger theme bubble. Then, the system interactively reveals related
data, including codes and quotes associated with that theme, on the left side panel for easy review.
(Fig.6-2, 2a). Color coding helps identify recurring codes, making the theme review process intuitive.
Such data visualization of themes, combined with interactivity, supports Sam’s sensemaking and
examination of the developed themes.

(2) AI theme generation. After examining the themes, Sam realizes that the current themes are
too granular and that some of them overlap with each other. She decides to reduce the number of
themes. She uses the slider (Fig.6-5) on the top of the page to set the number of themes to 8 and
clicks the ‘AI assistance’ button. The slider bar enables Sam to easily adjust the thematic granularity
she wishes to explore, eliminating the need to specify theme quantities in each prompt (DG4).

After a moment, the system generated eight new themes based on Sam’s request, displaying the
results in an updated bubble chart. Sam examined the themes, exploring new perspectives on the
data and identifying any gaps within the themes. She realized she could reorganize the themes
around the challenges faced by the interviewee as a first-generation student after World War II.

To re-structure themes in a newway without much extra work, she types a query in the text input
box (Fig.6-3): ‘Generate themes on the effects of world war II on the education of the interviewee
and challenges of first-generation student’ and then clicks the ‘AI assistance’ button (Fig.6- 4). In
turn, the AI generates new themes in response based on Sam’s prompt (DG3).
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Fig. 5. ThemeViz workflow. Phase 1: Sam highlights text and assigns codes. Then, she moves to Phase 2,
where she groups code-text-pairs into themes using drag-and-drop interaction. Next, she moves to Phase 3 -
(1) reviewing, where she can review themes using an interactive bubble chart. She can click code bubbles
(small bubbles inside the big outer circle) and check their corresponding code-text pair. Once she finishes, she
goes to Phase 3 - (2) AI theme generation, where she can generate a new version of themes by prompting AI
or giving a number of themes she wishes to receive from AI by moving the slider bar. Sam can review and
generate themes multiple times iteratively, and she can revisit Phase 1 and Phase 2 if she needs to.
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Fig. 6. Iterative theme refinement page. On the left side of the page, there are theme titles, explanations
about themes [1], and code-text-pairs that belong to themes. On the right side of the page, themes and
code-text-pairs are displayed through an interactive bubble chart. Outer circles in the chart indicate themes
and color-coded bubbles indicate code-text-pairs. Linked interactions highlight connections between the
panels [2, 2a]. When users want to generate themes with AI, they can provide a prompt in the text input box
[3] and then click the "AI assistance" button [4]. They can also adjust their desired theme count with the
slider [5]. Users can freely return to the previous phase [6].

Sam appreciates the convenience of not having to manage data within prompts; instead, she can
simply specify the type of themes she wants, as ThemeViz handles data management by storing
codes, data extracts, and theme metadata within a structured prompt system. This allows Sam to
concentrate fully on theme development.

After generating multiple versions of themes with different focuses, Sam likes one version of the
theme and decides to revise it more. She goes back to the previous page (manual theme development)
to rename some of the themes and moves codes from one theme to the other. She can even go back
to the coding page and re-code some of the raw text. Sam can continue this revision process until
she reaches a strong set of final themes.

4.2 System implementation
The front end of ThemeViz was built using HTML, CSS, Javascript, and D3.js. The system saves
user changes, such as codes and themes, via a FastAPI back-end and a SQL database. The back
end also handles prompting the GPT-4 model, formatting data structures for model requests, and
processing its responses.

4.2.1 Prompt engineering. ThemeViz makes use of OpenAI’s GPT-4 model. While its API is perfor-
mant and the model extremely flexible, it can still be challenging for users to correctly prompt [63].
Moreover, the model requires raw data and codes in prompts to develop themes, which may be
cumbersome if users need to feed such data. For this reason, when users enter Phase 3 of ThemeViz
the back-end will do much of the heavy lifting through prompting and parsing.
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Prompts include several components: First, they contain the initial dataset (truncated as necessary
for window limits). Second, we include general instructions to the model based on the action
performed. These were iteratively developed. This also includes a template which instructs the
model to deliver results in a manner our JSON parser can understand. Third, we append a template
based on the number of themes a user selects on the slider. Fourth, we include some additional
instructions to avoid common data errors, such as adding captions. Finally, we include any user-
provided prompts. More details are included in supplemental materials.

4.2.2 Data visualization. For data visualization, we primarily used D3.js and JavaScript to create
bubble charts. We mapped codes to the smaller bubbles and themes to the larger outer bubbles,
allowing users to easily identify the size of the themes and see which codes belong to each theme.
The D3.js force simulation was used to dynamically arrange the bubbles, ensuring that the bubbles
are well-spaced and visually clear. Our system includes a parser for model responses in order
to power front-end visualizations. To develop a flexible parser, we first iterated on the prompts
until we had settled on a template that delivered generally stable behavior (given the variability of
models). Then, we engaged in logged testing where we used a prototype to encourage breakdowns
in parsing. We corrected errors by improving the prompts, developing logic for common formatting
issues (e.g., strings before a JSON), and incorporating retry logic with prompt variations as a final
effort. In practice, we have found this sufficiently robust in user studies.

5 User study
Recall that we aim to answer three research questions centered around 1) the usefulness of ThemeViz,
2) users’ perception of AI as a collaborative partner, and 3) the limitations of AI support in ThemeViz.

5.1 Hypotheses
To ground our exploration of our three research questions, we have developed a series of hypotheses
which we will investigate through our controlled user study outlined later in this section.

5.1.1 H1: ThemeViz users will have greater usefulness than traditional chat-based LLMs for theme
development. In RQ1, we investigate whether ThemeViz is useful in offering improvements for
theme development compared to chat-based LLM platforms such as ChatGPT. In this hypothesis,
we examine the usefulness of ThemeViz in three folds.

Usefulness in theme development. First, we assume that the support of ThemeViz around
autonomy, prompting, and sensemaking using interactive visualizations will help users conduct
theme development more effectively than LLM tools without such support. This will manifest in
terms of more theme generations and higher self-reported data understanding. We triangulate the
notion of efficacy through the following sub-hypotheses related to H1:

H1.1 ThemeViz users will engage in more theme generations compared to traditional chat-interface
users.

H1.2 ThemeViz users will self-report that it helps them understand data from different perspectives
better than ChatGPT.

H1.3 ThemeViz’s scaffolding will lead to higher acceptance.

Usefulness of prompting support. In ThemeViz, we provide scaffolding for prompting through
centralized data management. ThemeViz’s backend handles metadata for raw data and user-
generated codes, formatting and updating information automatically when a user submits a prompt,
reducing the need for manual input and data synchronization. We assume that by managing data
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formatting and storage, ThemeViz will ease the burden of prompting from scratch. We developed
the following sub-hypothesis:
H1.4 ThemeViz users will self-report ThemeViz reduces the burden of prompting compared to

chat-interface users.

Usefulness of interactive data visualization support. ThemeViz facilitates the understanding
of AI-generated responses through interactive visualization.We assume that compared to ChatGPT’s
text-heavy responses, ThemeViz will improve users’ comprehension of AI-generated themes and
enables more effective identification of patterns within the data. To evaluate the usefulness of
ThemeViz’s interactive visualizations, we subdivide as follows:
H1.5 ThemeViz users will self-report that it helped them understand datamore effectively compared

to chat-interface users.
H1.6 ThemeViz users will use a self-report interactive bubble chart more useful compared to the

chat interface’s text-based output.

5.1.2 H2: ThemeViz’s AI assistant will be viewed more as a collaborator than as a traditional
chat-based LLM assistant for theme development. In RQ2, we examine the extent to which ThemeViz’s
design encourages users to perceive its AI assistant as a collaborative partner in theme development,
compared to traditional interfaces like ChatGPT. Although both interfaces use the same GPT-4
model, ThemeViz offers tailored support for theme development, including access to manual
analysis to support user autonomy [23, 37] and interactive visualization of AI-generated themes.
We believe that this specialized support, closely aligned with thematic analysis methodologies, will
lead researchers to prefer AI assistance in ThemeViz over ChatGPT as a more effective collaborator.
H2.1 ThemeViz users will consider ThemeViz’s AI assistant more as a collaborator compared to

ChatGPT.
H2.2 ThemeViz users will self-report that ThemeViz offers better ability as a collaborator compared

to ChatGPT.

5.2 Study design
To assess the effectiveness of ThemeViz, we conducted a between-subject study. The aim of the
between-subject study is to compare the effect of ThemeViz’s interaction on theme development
with another LLM tool that is lacking the scaffolding and other support we introduce in this
paper. In our study, we chose ChatGPT, a widely used LLM-embedded tool with chat interaction
as a baseline. ThemeViz and ChatGPT both utilize GPT-4, but they support different interactions,
which can be a good comparison to measure the effect of ThemeViz’s interactions compared to
the conventional prompting interface. For this between-subject study, we recruited 28 qualitative
researchers. These participants were randomly split into two groups, with 14 participants in each
group. This study size is comparable to other studies of qualitative investigation tools [27, 28]. One
group used ChatGPT to conduct theme development, which we refer to as the ‘ChatGPT condition.’
The other group used ThemeViz to conduct theme development, which we labeled as the ‘ThemeViz
condition.’

5.3 Procedure
Figure 7 describes the study procedure. Participants in both conditions followed the same procedure
for an approximately one-hour session. On arriving at the session, participants were randomly
assigned to work with either Reddit data or interview transcript data (these datasets are described
in detail in Section 5.6). We implemented this random assignment to reduce potential bias that
could result from relying on only one type of dataset in our study. A facilitator briefly outlined
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the design of the study and then participants received training on the interface(s) they would use
based on a common script. As all participants were familiar with thematic analysis, we provided no
additional qualitative analysis training.

In ThemeViz condition, participants started with coding using ThemeViz. In ChatGPT condition,
they were asked to use Atlas.ti Web since ChatGPT does not support manual coding and theme
development. In every condition, participants were asked to code for 10 minutes. After that, they
formulated an initial theme for 5 minutes. Once the time was up, participants moved to the ‘AI-
assisted theme development’ phase.
Participants were asked to conduct AI-assisted theme development for 20 minutes using their

assigned tool (ThemeViz or ChatGPT ). While ThemeViz directly allowed storage of versions of
themes, ChatGPT offered no such affordance. To provide this capability, we used the SingleFile
browser extension which quickly saves a mirror copy of a page (including the ChatGPT tran-
script) which loaded into a new tab. During the 20-minute AI-assisted theme development session,
participants could revisit previous stages to review raw data, code, or manually develop themes.
After 20 minutes of AI-assisted theme development, participants finalized their themes for 5

minutes and answered a short survey. Finally, at the end of the session, the facilitator conducted a
10-minute semi-structured interview with each participant about their experiences.

5.4 Survey design
We created a common survey for all conditions (ThemeViz and ChatGPT) with slight question

variations based on the system. Our survey included the ‘Modified Technology Acceptance Model
(mTAM)’ [41] to enable participants to evaluate the usefulness and ease of use of the system.
In addition, we included 7-point Likert scale questions (1 = Extremely disagree, 7 = Extremely
agree) to evaluate usefulness in theme development. Participants were asked to rate statements
such as I believe that output modality (visualization or text, depending on the condition) helped me
understand text data more effectively by providing an overview, and It helped me to view data from
different perspectives. To understand users’ perceptions of the AI assistant as a collaborator, we
asked participants to evaluate sentences such as The AI assistant felt like a collaborator/co-worker.
Questions assessing the AI collaborator’s abilities were adapted and modified from measures used
in studies on collaboration [3, 36] and can be found in supplemental materials.

5.5 Participants
We recruited participants through university postings and snowball sampling [30]. Participants
were required to be adults fluent in English who have conducted thematic analysis in the past.
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Fig. 7. Study procedure
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Table 1. Participant demographics The participant demographic table is organized to show that P1–P14
participated in the ThemeViz condition, while P15–P28 participated in the ChatGPT condition.

Occupation Field of expertise Experience
P1 Graduate Student - PhD Computer-mediated communication 6 years
P2 Undergraduate Student Interactive Technology, HCI 2 years
P3 Graduate Student - PhD Participatory policy and AI 8 years
P4 Graduate Student - PhD Gender and technology 6 years
P5 Graduate Student - PhD Social computing 2 years
P6 Graduate Student - PhD Design for low-resource communities 3 years
P7 Graduate Student - PhD Fan Studies, HCI 2 years
P8 Graduate Student - PhD Science and technology studies 7 years
P9 Graduate Student - PhD Technology for frontline health workers 10 years
P10 Graduate Student - PhD AI-mediated communication 4 years
P11 Master’s Student Educational equity 1 year
P12 Undergraduate Student Interactive Technology, HCI 3 years
P13 Graduate Student - PhD Human-AI interaction and design 3 years
P14 Graduate Student - PhD Hybrid meetings 4 years
P15 Graduate Student - PhD Algorithmic harms 3.5 years
P16 Graduate Student - PhD Co-writing system 1 years
P17 Graduate Student - PhD Infrastructure studies 10 years
P18 Graduate Student - PhD Online harassment in social media 2 years
P19 Graduate Student - PhD Accessibility, HCI Research 4 years
P20 Undergraduate Student HCI 2 years
P21 Graduate Student - PhD Environment, people, and computing 7 years
P22 Graduate Student - PhD Food networks 15 years
P23 Graduate Student - PhD HCI 1.5 years
P24 Graduate Student - PhD AI in communication 5 year
P25 Graduate Student - PhD Safety net programs in the US 8 years
P26 Undergraduate Student AR to facilitate strangers 2 years
P27 Graduate Student - PhD Ecosystem of language data 1 year
P28 Graduate Student - PhD Ethics in changing scientific practices 10 years

Participants were compensated with $20 Amazon gift cards for each hour of participation. This
study was approved by our university ethics review board. Of the 28 total participants, they reflected
an average age of 29 (Mdn: 29, SD: 5), a majority had an education of at least undergraduate level,
and the gender distribution was 9M, 19F, and 0NB. Participants had an average of 4.75 years of
experience (Mdn: 3.75, SD:3.51) in thematic analysis (Table 1). We observed no differences between
the groups assigned to each condition due to random assignment.

5.6 Datasets
As thematic analysis relies heavily on contextual interpretation of textual data, it is potentially risky
to focus solely on one dataset in our study design. To mitigate such potential biases, we employed
two data sets for thematic analysis: one from the social media platform Reddit and another from
public interview transcripts [58]. We selected these datasets because they represent two common
sources of data for qualitative analysis: social media comments and interview transcripts [47]. These
data sets also comply with the privacy and ethical guidelines of GPT-4 use, avoiding unauthorized
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data access or usage. Both datasets were randomly sampled to be of comparable size and, in
preliminary testing, yielded similar amounts of codes and themes.
Reddit Data: Our first dataset was from Reddit’s r/aiwars subreddit, a community established

in December 2022. Utilizing the Reddit API, we procured 816 top posts and 21,205 comments by
May 2023. We focused on the comments because they contained detailed discussions among users
with different opinions.

Interview Transcript: The second dataset comprises detailed life story interviews with pioneers
in British social research, primarily active between the post-war years of 1950 and 1990 [58]. This
dataset provides insights into researchers’ academic journeys, research processes, and challenges
encountered.
In our analysis, we randomly selected subsets from each data set to maintain a manageable

volume and to ensure a diverse representation of content. Each subset consisted of 50 text pieces or
rows, with an average word count of 568 (SD = 283) per row for the Reddit data and 549 (SD = 202)
per row for the interview transcript. To adhere to the token limitations imposed by the GPT-4 API
(8,000 tokens for prompt and answer) [5], we ensured that the word count did not exceed 6,000
total number of words for each subset.

6 Quantitative results
In this section, we report quantitative results we received after we conducted a statistical analysis
of participant responses and log data. Qualitative results will be reported in the next section. In
this section, we will break down results by each research question (refer to §1 for details).

6.1 RQ1: Usefulness of ThemeViz in assisting theme development
We hypothesized that ThemeViz would be more useful in assisting theme development compared
to ChatGPT (H1), which we broke down into a set of sub-hypotheses.

6.1.1 Usefulness in theme development. First, we examined the number of different versions of
themes each group made (H1.1). We quantified the number of iterations by tallying the various
theme versions saved by users. Each saved theme was regarded as a unique iteration if it did
not contain identical data to a prior save. A t-test revealed that ThemeViz users developed more
versions of themes than ChatGPT users (see Table 2). This outcome supports H1.

Next, we examined whether ThemeViz enables users to view data from different perspectives
(H1.2). We asked users to report the degree to which they think the system helped them to view
data from different perspectives on a 7-point Likert scale. Employing a Mann-Whitney U test, we

ThemeViz ChatGPT Test Results

M Md SD 95% CI M Md SD 95% CI t/U Effect Size, 95% CI

H1.1 4.07 4.00 1.69 [3.10, 5.04] 1.86 1.00 1.29 [1.11, 2.60] t(26) = 3.90, p < .001 𝑑 = 1.47 [0.60, 2.35]
H1.2 5.57 6.00 1.28 [4.83, 6.31] 3.36 3.00 1.65 [2.41, 4.31] U = 167.0, p < .001 𝑟 = 0.60 [1.12, 3.31]
H1.3 4.69 4.86 1.19 [4.00, 5.38] 3.92 4.14 1.08 [3.30, 4.55] U = 135.0, p = .046 𝑟 = 0.32 [-0.08, 1.62]

H1.4 5.36 6.00 1.21 [4.83, 5.89] 3.07 3.00 1.77 [2.30, 3.84] U = 166.5, p < .001 𝑟 = 0.60 [1.18, 3.40]

H1.5 5.43 5.50 1.34 [4.86, 6.00] 3.64 3.50 1.91 [2.78, 4.50] U = 150.0, p = .008 𝑟 = 0.46 [0.57, 3.01]
H1.6 5.57 6.00 1.28 [4.83, 6.31] 4.21 5.00 1.72 [3.22, 5.21] U = 144.0, p = .015 𝑟 = 0.45 [0.29, 2.43]

Table 2. RQ1 Results. We observe general support for Hypothesis 1 concerning the usefulness of ThemeViz.
For the test results, t denotes a t-test, while U represents the Mann–Whitney U test.
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Fig. 8. RQ1 results. Refer to Table 2 for specific values.

found that ThemeViz users reported higher agreement, supporting this sub-hypothesis (see Table
2).
Finally, we also used a modified technology acceptance model (mTAM) [41] protocol in our

survey (H1.3). Analyzing the results with a Mann-Whitney U test, we again found that ThemeViz
users reported higher acceptance than that of control users (see Table 2).

6.1.2 Usefulness of prompting support. We hypothesized that users would find ThemeViz easier to
prompt than ChatGPT (H1.4). We first examined how easy participants found the model prompting
and response process to be using a 7-point Likert scale. A Mann-Whitney U test showed that
ThemeViz users reported ThemeViz was easier to prompt compared to ChatGPT (see Table 2).

6.1.3 Usefulness of interactive data visualization support. We posited that interactive data visual-
ization support in ThemeViz would help users to more effectively process AI-generated themes
and conduct theme development. To capture the one part of this sub-hypothesis H1.5 we asked
users to rate on a 7-point Likert scale how well the visualization helped them to understand the
text by providing overviews (see Table 2). Comparing between ThemeViz users and ChatGPT users
using a Mann-Whitney U test, we found that ThemeViz users generally reported higher ratings.

For another sub-hypothesis, H1.6, we asked users to rate the usefulness of the feedback that they
received from the system (either visualizations or textual responses) on a 7-point Likert scale. As
in the previous hypothesis, a Mann-Whitney U test showed that ThemeViz users reported higher
feedback quality (see Table 2).

6.2 RQ2: User perception of ThemeViz’s AI assistant as a collaborative partner
We investigated whether participants considered ThemeViz to be a collaborator more than in
the ChatGPT condition (H2.1). A Mann-Whitney U test revealed ThemeViz’s AI assistant was
considered more to be a collaborator/co-worker than the control (see Table 3). The intuition here is
that a more efficacious tool would be perceived as a collaborator rather than a blunt instrument.

To draw more insight on this point, we asked specifically about the tool’s ability as a collaborator
(H2.2). We employed a set of questions (see supplemental materials) concerning confidence and
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Fig. 9. RQ2 results. Refer to Table 3 for specific values.

perceived efficacy to triangulate on this point. A Mann-Whitney U test revealed that ThemeViz
participants reported better ability as a collaborator than ChatGPT participants (see Table 3). We
argue that this is a result of the specific workflow support ThemeViz provides (as opposed to
burdensome textual prompting), and the intuitive embedding of the model in the interface.

7 Qualitative results
In this section, we present qualitative results to add nuance to the quantitative findings and address
questions that remain unanswered by the quantitative data.
For qualitative data analysis, we used thematic analysis [7, 8] to analyze interview transcripts,

following Braun and Clarke’s six-phase approach. The three authors conducted and transcribed all
interviews. Three authors performed open coding on the transcripts. Following the initial coding,
we iteratively discussed and refined the codes to ensure they captured the essence of the data
accurately. This process involved consolidating similar codes and addressing instances where our
interpretations differed. We collaboratively developed a final set of codes that comprehensively
represented the key concepts in the transcripts. To develop themes, we used a digital whiteboard
tool, starting with a preliminary session to identify initial themes. Each author then independently
refined these themes by cross-referencing the raw data and codes to ensure consistency and
alignment with the data. After the first round of refinement, we convened multiple times to confirm
that each theme clearly represented the data and was distinct from the others. Through these
discussions, we finalized three primary themes, which we elaborate on in the following section.

ThemeViz ChatGPT Test Results

M Md SD 95% CI M Md SD 95% CI U Effect Size, 95% CI

H2.1 3.57 4.00 1.16 [2.90, 4.24] 2.29 2.0 1.44 [1.46, 3.12] U = 148.5, p = .009 𝑟 = 0.44 [0.32, 2.25]
H2.2 4.55 4.83 0.95 [4.00, 5.10] 3.45 3.58 1.31 [2.70, 4.21] U = 145.5, p = .015 𝑟 = 0.41 [0.25, 1.94]

Table 3. RQ2 Results. We find support for H2, as users perceive ThemeViz as more of a collaborator with
better collaborative abilities. For the test results, U represents the Mann–Whitney U test.
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7.1 ThemeViz expands perspectives, with visualizations aiding comprehension and
prompts preventing AI hallucinations (RQ1)

Our quantitative results support the usefulness of ThemeViz in theme development (Section 6.1).
In this section, we add depth to the understanding of the theme development support provided by
ThemeViz. We present findings around three aspects: (1) the usefulness of AI assistance in theme
development, (2) the usefulness of interactive visualization, and (3) the usefulness of prompting
support.

7.1.1 Usefulness of AI assistance in theme development. Participants reported that The-
meViz’s AI assistant helped them expand perspectives, refine questions, and provided inspiration,
especially when AI-generated themes differed from their own. For instance, participants in the
ThemeViz condition said that ThemeViz helped them develop "different perspectives" (P10) of data,
"refine(d) research questions" (P13), and "expand[ed] themes" (P8). Participants also suggested that
ThemeViz’s AI assistant helped them "re-think the data [they] clustered... by looking at different
themes" (P9) that the AI generated. When the themes did not align with their ideas, they served as
a "source of inspiration, prompting deeper thinking into the research" (P13). P2 gives an example:

... [when I was working with Reddit data, at first] I just had a rough idea that most comments
were about AI art, with some focused on legal issues, but that’s all I had. When I asked the AI
[ThemeViz] to develop more themes, it offered more perspectives. Some of these included cultural
and social implications. It definitely provided a broader view than I could have achieved by
developing perspectives through reading alone. (P2)

Even participants who were initially hesitant about using AI in theme development developed
a more positive view of human-AI collaboration after experiencing how AI-generated theme
variations could serve as a source of inspiration. Before using ThemeViz, many participants "did not
realize the efficiency AI could bring" (P12). For instance, P11 thought it was a "stupid idea to ask AI
to help with thematic analysis," but once she used ThemeViz, she saw "potential." Many participants
described ThemeViz’s AI feature as "extremely useful" (P6, P14), "efficient" (P2), "effective" (P12,
P13), "saves time and effort" (P12), and "less time-consuming" (P6). P6 elaborates:

The goal of qualitative data analysis is to explore all perspectives and engage deeply with the data,
reviewing it repeatedly. Maybe ThemeViz could help streamline this process. Instead of taking
weeks, it could reduce the time to just a few days for iterative theme development. (P13)

7.1.2 Usefulness of interactive visualization. Regarding the usefulness of interactive visual-
ization, participants believed the visualization helped them more clearly understand the "overall
structure" (P2) and "relationship between data" (P10) in "less time" (P2). P14 reports, "[the bubble
chart] simplifies complex data. The structure becomes easier to understand, allowing me to focus on
specific parts. It reduces the cognitive load compared to reading extensive text." P6 also mentioned
that the visual overview of themes is useful for "seeing if one particular has too many or too few
codes" and deciding whether he needs to break it down. We believe that the interactive visualization
of themes assisted the sensemaking of textual data by displaying high-level patterns while still
allowing users to focus on a granular level.

7.1.3 Usefulness of prompting support. Participants identified prompting support as another
useful feature. While ChatGPT participants frequently reported instances of AI ‘hallucination,’
where themes were generated without grounding in the data, ThemeViz users did not report such
issues; instead, they only noted cases where the AI misclassified codes under incorrect themes. Also,
they were able to detect such mistakes by examining classified code using interactive visualization.
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For example, participants who participated in the ChatGPT condition found a theme that appeared
to be interesting but had no real supporting data. P17 expressed feeling unable to "judge whether
what GPT told [her] is correct or not," leading to a "loss of control." Concerns grew in the ChatGPT
condition as participants noticed it "randomly makeup like new things. (P17)" P24 also pointed out
synthetic quotes "combined from different parts of different quotations" that "did not really make
sense."
ThemeViz participants faced no issues with themes not being grounded in data, as ThemeViz

consistently embeds raw data and related metadata within prompts to ensure AI-generated themes
remain data-driven. Participants only reported occasional misclassification of codes; for example,
P5 noted instances where AI "misplaced codes in other themes," and P3 found cases of incorrect
theme categorization, though they did not observe themes generated from non-existing codes or
non-existing raw data.

7.2 AI falls short as a collaborative analyst (RQ2)
We revealed in our quantitative results section (Section 6.2) that participants viewed the AI as-
sistant in ThemeViz as more of a collaborator than ChatGPT, perceiving it as having a greater
capacity for collaboration. We believe ThemeViz’s design, which supports user autonomy with data
visualization and prompting features, contributed to the AI assistant receiving higher evaluation
scores. However, our qualitative results indicated that, despite ThemeViz scoring higher than
ChatGPT, researchers still did not fully regard the AI assistant as a collaborator. In our interviews,
we prompted participants to reflect on the role that the AI model played in their analysis session.
Was it a tool they used, a collaborator helping them, or something in between? In general, most
participants (27 out of 28 participants) thought of the AI assistance they received from the LLM
embedded system as a "tool," not as a collaborator, regardless of condition. Participants explained
this perspective was due to two primary factors: (1) a lack of agency and (2) a communication style
that did not facilitate an in-depth understanding of the dataset.

7.2.1 Beyond pattern recognition: why AI falls short of the essential role of agency in
qualitative analysis collaboration. Participants who participated in the ThemeViz condition
believed AI assistant was a tool because of lack of agency. They believed LLM does not have the
agency to take responsibility for the analysis results, and participants did not trust that "AI could
conduct theme development alone without human supervision (P7)". P10 said they believe the AI
assistant is a tool because it does not have its own "mindset" while human "collaborators have their
own." P8 believed current LLM-based AI agents do not have the capability to understand "nuances
[of within dataset] and [conduct] philosophical reflections that are expected from a collaborator."
P24 from ChatGPT condition also agreed with P8, P24 thought GPT "doesn’t really understand
what exactly would be an interpretation that generates knowledge because just producing themes
shouldn’t be about summarizing, it should be about meaning." P24 added more explanation of why
they expect an ability to "think" in a collaborator:
...GPT is very good at explaining very generic themes that I think any untrained undergrad can
come up with, but if I’m working with an RA, I would expect them to challenge themselves and
their ability to think. Is this a meaningful theme? I think that part is missing [in AI]. It’s really
hard for AI to be considered a collaborator in that sense. (P24)
This illustrates that researchers do not consider AI assistants as equal collaborators if they do

not have human-level agency and reflection capability. However, P19 from the ChatGPT condition
raised a question of whether AI should take an equal collaborator role to be a collaborator by
mentioning the "power dynamic" within "every [human-human] collaboration." P19 said, "[when
you are writing a paper,] you have a first author and second author. There may be differences in
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experiences, such as one person being more senior. To collaborate successfully with AI, I think the
human needs to take the role of the first author and lead it [AI] accordingly."
While P19’s remark shows that collaboration is not always between collaborators with equal

ability, P23 argued that AI still should not be regarded as a collaborator, as it lacks the agency to
take responsibility. P23 elaborates:

.. GPT [may] provide some incorrect information. If that [GPT] is a tool, then it’s solely my
responsibility. However, being a collaborator implies that it has agency and can share responsibility
for those [mistakes or incorrect information]. However, I don’t think it [GPT] has that responsibility,
and I also don’t think researchers should delegate their roles to GPT. (P23)

Our results illustrate that, although previous research on human-AI collaboration in qualitative
data analysis suggested that large language models (LLMs) could take on a collaborative role by
offering new perspectives in data interpretation, researchers’ expectations for AI in interpretative
tasks remain high for it to be considered a true collaborator. Our findings suggest that, beyond
the ability to suggest new themes, researchers expect collaborators to possess agency, reflection
capabilities, and the ability to take responsibility for their actions or mistakes.

7.2.2 Beyond compliance: whyAI’s communication style fails tomeet qualitative research
needs. Another reason researchers view AI assistants as tools rather than collaborators is that
interactions with LLMs follow an instruction-response style, resulting in a one-way conversation.
The LLMs compliantly and faithfully respond to user requests, whereas researchers expect a
bi-directional dialogue where both parties challenge each other during theme development.
The reason why they wanted a "mutual relationship rather than a one-sided instructional one"

(P13) with AI is because it is common for researchers to "discuss (P1)" different perspectives with
other researchers and help each other "think deeper" (P13) in real-life collaboration. For instance, our
participants wanted to know more about the data in depth instead of only getting potential themes
generated by AI. P4 shared her experience when she was developing themes using ThemeViz’s AI
assistance. P4 noted:

... there was a moment [the interviewee] talked about, ‘Oh, my father sent me to school, but it
didn’t matter.’ As a researcher, I was like, ‘Why? Why she didn’t think this matter, you know?’,
but then [AI] clustered it as ‘family background’ [instead of delving in-depth into the meaning].
(P4)

Instead of simply receiving potential themes, researchers wanted the AI to highlight interesting
parts of the dataset to help them explore the data’s deeper meaning. They believed that being
"challenged" (P24) would be an effective way to enhance their understanding of the data. As P24
noted, "Good collaboration is like two people who either argue with each other or challenge each
other to think, to create something new." P10 echoed this sentiment, adding, "The AI should be able
to ask questions, prompting the user to think deeper."
In addition to the need for discussion and questioning, some participants felt that for true

collaboration, it should not only be the AI assisting them in developing themes; human researchers
should also contribute to the AI, as collaboration is inherently bi-directional and mutually beneficial.
As P28, who participated in the ChatGPT condition, noted:

...[If] you’re collaborating with me. You’re getting something from me, and I’m getting something
from you. So even though this computer [AI] is getting my data and doing whatever with the
data, I don’t feel that it’s benefiting the computer. Maybe it [AI] is learning from my behavior so
it can help other people, but it’s not like a direct thing [benefit to AI], so it’s hard to see that as a
collaborator. (P28)
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Our qualitative results indicate that, although our quantitative findings (Section 6.2) showed
participants viewed the AI assistant in ThemeViz as more collaborative than ChatGPT, perceiving it
as having a greater capacity for partnership, it still falls short of the level of collaboration researchers
expect. Researchers anticipate meaningful, two-way conversations in which the AI challenges ideas,
probes for deeper understanding, and mutually benefits from the interaction rather than simply
complying with user instructions.

7.3 Limitations in addressing ethical concerns (RQ3)
Our interview results revealed that ThemeViz’s AI assistance has limitations in addressing re-
searchers’ ethical concerns. Here, we report their concerns regarding issues of privacy and bias.

7.3.1 Privacy concerns: risk of conflictingwith ethical duties to participants in qualitative
studies. ThemeViz condition participants had broad concerns about "data leakage" (P8) of sensitive
information, and interviewees "feared that [AI] platforms might use their personal information"
(P13). They felt that analyzing data using an AI may break the "trust that the researcher built
[with the interviewees]" (P11). This concern resonated with participants who participated in the
ChatGPT condition. They believed this issue was more critical when the data was about "vulnerable
populations" (P28). They also cited risks related to intellectual property (P17) and IRB data protection
requirements (P23). They believe if they need to use AI-embedded tools for the analysis, they need
to make sure data is "protected" (P23) and want to know if data they put into systems becomes
"intellectual property" (P17) of an AI company or whether they "should be concerned" (P17) about
these.

7.3.2 AI bias concerns: how black-boxmodel poses risks to essential principles of cultural
context and researcher positionality in qualitative research. Another concern was about bias
in AI models. As a salient topic for the population we engaged for our study, participants expressed
broad concerns about the need for independence in qualitative research and the ways that bias
may creep into the process. Participants noted specific concerns about "where training data [were]
coming from" (P10). P5 made an interesting observation about their work where "[GPT-4] might
have biased opinions to evaluate data from non-western settings, or may misinterpret cultural
contexts present in the data from those countries."

Participants believed that the black-box nature of LLMs goes against the qualitative data analysis
practice, where the positionality of the researcher is important. P18 said they always "include
a position statement the researcher takes towards the given subject" to take "responsibility and
accountability in the perspectives." P24 also believed that positionality is important because the
"unique perspective" researchers can bring based on the subjectiveness of the researcher is the
"beauty" of qualitative research. P24 noted that representing what "everyone thinks" is not the value
of "original scholarship." Thus, they questioned whether AI bias could lead to the misrepresentation
of data or whether AI bias lacks explicit positionality, creating misalignment with qualitative
research principles. These results suggest that it is essential to consider researchers’ ethical concerns
around privacy and bias when designing data analysis tools with embedded LLMs.

8 Discussion and design implications
Our findings indicate that ThemeViz was effective in helping qualitative researchers conduct theme
development by enabling them to go through more iterations and understand data from different
perspectives. ThemeViz’s support for prompting and visualizing AI responses benefited users as
well. However, contrary to expectations set by prior work [64] — which suggested that LLMs could
act as collaborators in interpretative tasks like theme development — qualitative researchers did
not view the ThemeViz AI assistant (or ChatGPT) as a collaborator. Our qualitative results reveal
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that researchers did not view AI assistants as collaborators due to (1) the lack of agency in AI and
(2) the absence of bi-directional discussion and mutual benefit. Finally, we found that ThemeViz’s
AI assistance has limitations in addressing concerns related to data privacy and AI bias. These
results indicate that, although ThemeViz’s design was effective to some extent, there is room for
improvement in future designs of LLM-embedded qualitative data analysis tools and in enhancing
human-AI collaboration for theme development, as discussed in the following section.

8.1 Rethinking human-AI collaboration in theme development
8.1.1 Challenge me: designing proactive, questioning AI agents to foster critical thinking in theme
development. Previous research on human-AI collaboration in thematic analysis examined whether
LLMs could generate themes of quality comparable to those created by humans, with the idea
that if LLMs produced sufficiently high-quality themes, they could take on a collaborative role
[38, 49, 65]. However, our findings reveal that although researchers found the themes suggested by
LLMs helpful, they did not view LLMs as collaborators due to their conversational style. In Section
7.2, we reported that the current AI conversational style, which adopts a passive role by faithfully
responding to users’ inquiries rather than challenging researchers, asking questions, or engaging
in discussions of disagreement, does not align well with theme development tasks.
In theme development, deepening the understanding of data is essential and often facilitated

by dynamic, in-depth discussions with collaborators. Future research could explore designing AI
agents that focus on asking questions rather than providing answers [1] and investigate their impact
on theme development. Additionally, future designs might consider qualitative data analysis tools
that foster critical thinking through methods such as Socratic dialogue [50]. We are encouraged by a
new line of research examining the potential of LLMs to support critical thinking [31]. Furthermore,
recent studies have explored the personalization of LLM agents [42, 46], suggesting the feasibility
of assigning them proactive personalities.

8.1.2 Supporting researchers’ autonomy in human-AI collaboration in theme development. Assigning
AI the role of proactively asking challenging questions may not be sufficient for effective human-AI
collaboration in theme development. As participants noted in Section 7.2, many researchers regard
AI as lacking the agency that human collaborators possess and are thus hesitant to consider AI as a
full collaborator. Consequently, some researchers may prefer to treat AI strictly as a tool rather
than as a collaborator. In such cases, providing an option to access a more subservient model with
a limited role could enhance researchers’ sense of autonomy and control over their work.

This debate about AI’s agency remains ongoing, as some scholars argue that AI lacks intention-
ality, making it incapable of bearing moral responsibility [35]. Others contend, however, that since
AI actions can have social consequences and resemble human behaviors in certain respects, AI
should share some responsibility [24, 56].

A recent study on AI in collaborative ethical decision-making further underscores the complexity
of assigning responsibility. It suggests that while humans tend to trust AI for its specialized
capabilities, they still rely on human experts for moral judgment. When AI accountability is limited,
human experts may be blamed for negative AI-driven outcomes, especially in situations where
their autonomy is restricted [59]. Therefore, supporting researchers’ autonomy in their interactions
with AI is crucial, as it enables them to maintain control over their work.

8.2 Trustworthiness and transparency
In ThemeViz, we focused on providing a useful LLM-embedded system to support theme develop-
ment. While ThemeViz received positive feedback for its usefulness in helping to develop themes, it
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fell short in addressing users’ privacy and bias concerns. A key issue for participants in the qualita-
tive analysis space was understanding how privacy would be maintained, especially when models
involve the ingestion of transmitted data or reserve certain rights in their policy documentation.
One possible way forward is to consider adopting open-source large language models such as
Llama [60] and indicate to users how data will be analyzed and whether it will be used for training
and stored. Interest is increasing in safeguarding sensitive data and privacy within large language
models and systems [40, 55].

Lastly, participants expressed concerns about biases within AI models, a widespread issue across
the AI field that has become an area of intensive research focus. In thematic analysis, the subjectivity
and biases of human researchers are often integral to the interpretive process [7, 13]. However,
unlike AI models, human researchers can explicitly address their biases through positionality
statements in their papers, acknowledging how their personal perspectives may shape their work.
Making one’s positionality intentional and transparent with respect to the research topic can
enhance the validity of findings by situating knowledge within its social, cultural, and political
contexts [12].
In contrast, large language models often operate as "black boxes," concealing the sources and

nature of their biases. Nevertheless, there is an opportunity to enhance transparency by exploring
the "positionality" of these models. Recent studies have begun to quantify the positionality of NLP
datasets andmodels [54], offering insights into the types of data informing AI outputs. Incorporating
model positionality into future human-AI collaboration systems for thematic analysis could provide
researchers with a clearer understanding of model biases, enabling more informed and transparent
engagement with AI-generated insights.

8.3 Additional use cases of ThemeViz
While ThemeViz was designed to support inductive thematic analysis (see Section 3 - DG7), its
utility may vary depending on the type of analysis and who is conducting the analysis. For
example, in deductive thematic analysis, where researchers apply predefined theories to guide
theme development [8], users could provide a theoretical framework as a prompt, so ThemeViz’s
AI assistant can map codes to established theoretical constructs. Another noteworthy use case is
the variation in ThemeViz’s utility based on researchers’ experience levels, even though this was
not explicitly considered during its design.
Novice qualitative researchers, who may be unfamiliar with thematic analysis, could struggle

with its inherent ambiguity [8, 48], especially when developing coherent themes from unstructured
textual data. In such cases, ThemeViz can provide initial theme suggestions and support the creation
of multiple theme versions, which users can then critically evaluate and refine. This process may also
help them build essential analytical thinking skills. For more experienced qualitative researchers
who may have more established routine for analysis, ThemeViz may serve less as a training or
support tool and more as an efficiency enhancer. These researchers might use ThemeViz more
selectively such as when seeking alternative perspectives on their data or when working with
particularly complex or large datasets that benefit from computational support.

Future qualitative data analysis tools ought to consider incorporating features to support diverse
user needs based on type of the analysis and experience levels. For example, the system could benefit
from adjustable levels of user-expertise assistance, for novice users, system could provide more
transparent reasoning behind suggested themes to help them learn about the thematic analysis
as a method, and for expert researchers, the system could provide customizable workflows that
align with established research practices. However, when supporting novice researchers they may
be more vulnerable to negative AI influence. Therefore, it is important to support researchers’
autonomy to ensure they still take charge of the analysis instead of solely relying on AI’s results.
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9 Limitations
In our research, each study session lasted one hour per condition to minimize cognitive load and
fatigue. Given the extensive time required for theme development, an hour may not provide a
realistic time scale for analysis, even if we reduced the data size to compensate. Future studies
could explore the effectiveness of LLM-embedded tools for qualitative data analysis (QDA) over
extended sessions or real-world deployments. These could also offer a fuller picture of their long-
term effects and usability. In addition, our research was limited by the token count of GPT-4, which
prevented the use of very long texts. Assessing the impact of AI assistance across various text
lengths could enhance our understanding of its role. Additionally, most participants in our study
were relatively young researchers, and our snowball sampling resulted in participants mainly from
HCI backgrounds, which limits representing diverse qualitative researchers. Future research might
benefit from examining the responses of more seasoned researchers from diverse disciplines to AI
support in thematic analysis. Beyond that, while we focused on one-human-one-AI collaboration,
there are opportunities to support more diverse collaboration scenarios such as collaborative theme
development among multiple researchers. Future work can explore these additional collaborative
situations and their dynamics.

Finally, regarding the system design, we designed our system to provide AI assistance exclusively
during the theme development phase. This focused approach was intentional to understand the
clear impact of AI assistance on theme development while preserving user autonomy by offering
support for manual coding and manual theme development. Future work could explore the effects
of integrating AI assistance throughout the entire process, investigating ways to balance user
autonomy when AI support is applied more broadly.

10 Conclusion
In this paper, we investigated whether LLMs could take a collaborator’s role in interpretive tasks like
theme development by providing alternative interpretation of data. For this purpose, we designed,
built, and studied ‘ThemeViz,’ an interactive visual system that utilizes GPT-4 to support AI-assisted
theme development. We investigated three research questions centered around 1) the usefulness
of ThemeViz, 2) users’ perception of AI as a collaborative partner, and 3) the limitations of AI
support in ThemeViz. Through experiments with 28 qualitative researchers, our results suggest that
ThemeViz is generally perceived as having high utility in terms of assisting in developing multiple
perspectives of data by helping theme iterations. While ThemeViz scored higher than ChatGPT
in user perceptions of AI assistance as a collaborator, qualitative researchers did not perceive it
as a true collaborator due to its lack of agency and passive communication style. Our study also
highlighted ethical concerns related to privacy and bias. These findings provide empirical evidence
of the extent to which a graphical interface specifically designed for theme development support
can outperform a chat interface, revealing the values researchers prioritize in collaboration, as well
as the current limitations of LLMs in theme development. Ultimately, we share design implications
for future research in designing more effective human-AI collaboration within intelligent systems
for qualitative data analysis.
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