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Abstract

We present a demonstration of an LLM-assisted qualitative anal-
ysis system that supports iterative, data-grounded interpretation.
The system integrates model feedback directly into a document-
centered workflow, allowing researchers to write and refine in-
terpretations while receiving structured evaluations grounded in
reference datasets. Rather than generating analytical outputs, the
system evaluates user-written text, highlighting both supported
and potentially misleading interpretations. This design is intended
to encourage critical engagement and position the model as a re-
flective assistant within the analytical process.
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1 Background

Qualitative analysis helps researchers understand complex human
experiences by working closely with text and building interpreta-
tions over time. Methods such as thematic analysis and grounded
theory involve reading data repeatedly, writing down ideas, and
gradually refining them [1, 2]. This process is inherently iterative:
researchers move back and forth between data and interpretation,
adjusting their understanding as they go. While this is what makes
qualitative work meaningful, it also makes it slow and difficult to
scale, especially when dealing with large datasets.

Recent work has explored how large language models (LLMs)
can support this process, for example by generating codes, sum-
maries, or themes [3, 5]. These approaches can save time and help
researchers get started more quickly. At the same time, they in-
troduce a new challenge: model outputs can be easy to accept at
face value. Because they are often fluent and confident, they may
discourage researchers from questioning how well the results are
actually grounded in the data.

In this work, we take a different approach. Instead of asking the
model to generate interpretations, we use it to evaluate interpre-
tations written by the researcher. The system checks how well a
statement is supported by the data and highlights both strong and
weaker cases. This shifts the role of the model from producing an-
swers to supporting reflection. This design is inspired by Iterative
Thematic Inquiry (ITI), where researchers externalize interpreta-
tions early and continuously revisit them as their understanding
develops [4]. Rather than treating interpretation as an outcome, ITI
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Figure 1: System interface integrated into Google Docs. In-
terpretations are written directly in the document, with sup-
ported (green) and potentially misleading (red) statements
highlighted inline. Detailed feedback is provided in the side
panel.

frames analysis as an ongoing loop of writing, reflection, and revi-
sion. Our system uses this idea by embedding evaluation directly
into the writing process itself.

2 System Overview

The system is designed as a lightweight layer on top of a famil-
iar writing environment, implemented as a Google Docs add-on.
Instead of introducing a separate analysis tool, it embeds support
directly into the document where interpretations are written. This
allows researchers to stay within their natural workflow, writing
and revising interpretations while receiving feedback in context.

Figure 1 shows the interface. The main document area contains
the researcher’s writing, where interpretations are expressed in
natural language. The system analyzes this text continuously, high-
lighting segments that require attention.

The interaction follows a simple but structured loop. The re-
searcher writes an interpretation based on the data, and the system
evaluates how well that interpretation is supported by the refer-
ence dataset. Feedback is then presented directly in the document,
prompting the researcher to review, accept, or revise the statement.
This creates a continuous cycle of writing, evaluation, and refine-
ment.

The system provides two main types of feedback: supported in-
terpretations and potentially misleading interpretations. Supported
interpretations are marked in green and indicate that the claim is
consistently reflected in the data. Potentially misleading interpre-
tations are marked in red and indicate that the claim may rely on
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Sentence: “Students value
increased flexibility and reduced
commuting time.”

Reference: Dataset 1

Suggestion: This interpretation is
strongly supported: many
contributors explicitly mention
“flexibility” and reduced commuting
as key benefits of remote learning.
Posts frequently describe improved
time management, greater control
over schedules, and reduced travel
burden. Several also highlight
positive impacts on productivity and
overall student experience.

Sentence: “students
experience significantly blurred
work-life boundaries.”

Reference: Dataset 1

Suggestion: This claim may be
overstated: while some students
report difficulty separating
academic work from personal life,
the evidence is limited and not
consistently expressed across the
dataset. Most discussions do not
describe persistent or widespread
boundary issues. The interpretation
risks generalizing from a smaller
subset of experiences.

(a) Supported interpretation.

(b) Potentially misleading inter-
pretation.

Figure 2: Examples of suggestion cards shown in the side
panel. The system provides both supportive and critical feed-
back, encouraging the researcher to validate, refine, or recon-
sider interpretations instead of passively accepting model
output.

limited evidence or overgeneralize from a smaller set of observa-
tions.

Figure 2 shows examples of suggestion cards in the side panel.
Each card includes the sentence under review, the reference dataset,
and a short explanation of the system’s reasoning. These explana-
tions are designed to be readable and grounded in the data, helping
the researcher understand not just what the system suggests, but
why.

Each suggestion requires an explicit decision. The researcher
can accept or reject the feedback, which introduces a deliberate
moment of reflection rather than allowing suggestions to be pas-
sively incorporated into the text. This interaction design is central
to the system: instead of automating analysis, it structures how the
researcher engages with their own interpretations.

The system supports two modes of interaction. In the automated
mode, suggestions are generated continuously as the researcher
writes, appearing as hints in the document. In the manual mode,
the researcher can select a specific passage and request evaluation
explicitly. These modes allow flexibility in how much guidance the
researcher wants at different stages of analysis.

To illustrate the workflow, consider a researcher analyzing stu-
dent discussions. They write two interpretations: “Students value
increased flexibility and reduced commuting time” and “Students
experience significantly blurred work-life boundaries.” The system
confirms the first as supported and flags the second as potentially
overstated. After reviewing the feedback, the researcher accepts
both suggestions, recognizing the strength of the first claim and
the limitations of the second. This does not immediately change
the text, but informs the next step, where the researcher may revise
the second interpretation to better reflect the data.
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Overall, the system is intentionally simple. It focuses on a small
set of interactions (writing, evaluating, and revising) but structures
them in a way that keeps the researcher engaged with the data. By
embedding evaluation directly into the writing process, the sys-
tem is designed to support iterative interpretation without taking
control of it.

3 Design Goals

The system was designed around several interaction goals moti-
vated by challenges in LLM-supported qualitative analysis.

Researcher control. The system positions the user as the pri-
mary author of analytical statements. Model outputs are presented
as suggestions that can be reviewed, accepted, or ignored.

Critical engagement with suggestions. The interaction de-
sign encourages users to actively examine model feedback instead
of directly incorporating it into the document. Suggestions require
explicit review through accept/reject actions.

Grounding in data. System feedback is linked to reference
datasets and accompanied by short explanations, allowing interpre-
tations to remain connected to the underlying material.

Iterative refinement. Inspired by Iterative Thematic Inquiry
(ITI), the workflow supports repeated revisiting and revision of
interpretations as the analysis develops.

Lightweight interaction. The system is embedded directly into
Google Docs and focuses on a small set of interactions in order to
minimize disruption to existing writing workflows.

4 Conclusion and Future Work

We presented an LLM-assisted qualitative analysis system that in-
tegrates evaluation directly into the writing process. Future work
will include user studies exploring how researchers engage with
different forms of model feedback, particularly how interaction de-
sign shapes reflection, revision, and reliance on system suggestions
during qualitative analysis.
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