Al for Qualitative User Research: LLM-Mediated Collaborative
Sensemaking

Junze Li
The Hong Kong University of Science and Technology
Hong Kong, China
jlijj@connect.ust.hk

Abstract

Qualitative user research in HCI involves methods to provide the
deep, empathetic insights necessary to design technologies that
align with human needs and values. However, the practice of qual-
itative inquiry is constrained by inherent cognitive and commu-
nicative limitations, such as memory decay, empathy gap, and in-
terpretation opacity. To overcome these constraints, we explore
and construct a new paradigm of Al-Mediated Collaborative Sense-
making for qualitative user research. First, we utilize generative
inference of contextual information to anchor memory in diary
studies. Second, we leverage real-time information synthesis and
visual communication to align mental models during synchronous
interviews. Third, we employ multimodal sensor fusion to recon-
struct affective experiences during retrospective think-aloud pro-
tocols. The role of Al is shifted from a passive post-hoc analysis
tool to a proactive, in-situ cognitive scaffold. Lastly, we propose
a roadmap for future work, ensuring that Al-augmented research
remains rigorously grounded while expanding the boundaries of
human cognition.
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1 Introduction

The challenges of qualitative user research in Human-Computer In-
teraction (HCI) lie in the inherent difficulty in accurately capturing,
reconstructing, and interpreting the subjective lived experience
of the user [2, 5, 6, 14]. Existing work has established and applied
a set of research methods, such as diary studies, semi-structured
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interviews, and think-aloud protocols, aiming at bridging the gap be-
tween the researcher’s understanding and the user’s intent [1, 3, 15].
However, despite their popularity and validity, these methods rely
heavily on fragmentary and misaligned communication channels
and media, which may cause the gap between participants’ ability
to articulate their internal state and researchers’ ability to interpret
that articulation [4, 12, 13]. Verbalizing a past experience with com-
plex in-situ emotion or an implicit cognitive process often forces
participants to simplify or rationalize their experience, stripping
away the nuance that is crucial for user-centered design procedures.
Moreover, researchers are required to overcome the cognitive over-
load and bias during the data collection and analysis processes,
making it challenging to capture every point of interest, connect
related themes, and formulate proper follow-up questions simulta-
neously [11].

The integration of cutting-edge Artificial Intelligence (AI) tech-
niques, such as Large Language Models (LLMs), into the user re-
search paradigm offers a transformative potential to bridge these
gaps, based on LLMs’ information synthesizing, cognitive reason-
ing, and multimodal data fusion abilities [7, 9, 10]. In our research
paradigm, the LLM-empowered system is positioned as a sense-
making mediator and facilitator. To achieve our ultimate goal of
mitigating the sensemaking gaps between researchers and partic-
ipants and explore potential of Al to facilitate the user research
methods, we plan our research in the following dimensions:

e Temporal: DiaryHelper for the memory-experience gap in
elicitation diary studies (CHI 24) [9]

o Interpersonal: InsightBridge for the empathy gap in real-time
user interviews (CHI 25) [10]

e Multisensory: SenseFusion for the inference gap in retro-
spective think-aloud protocols (Ongoing)

In this paper, we introduce a theoretical and technical analysis
of how LLM-empowered systems collectively facilitate collabora-
tive sensemaking of user research. It organizes these contributions
under a unified theoretical framework, evaluates their effective-
ness through rigorous empirical studies, and critically examines the
ethical implications of relying on algorithmic intermediaries to in-
terpret human experience. Lastly, we discuss some future research
directions of leveraging Al for qualitative user research.

2 DiaryHelper for Memory-Experience Gap
through Contextualization (CHI24)

Diary studies are utilized for capturing behaviors, habits, and expe-
riences over time in naturalistic settings. Unlike lab studies, they
offer high ecological validity. However, they suffer from a critical
trade-off between participant burden and data quality. To minimize
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Figure 1: The system framework of DiaryHelper. The memory anchors are designed based on the episodic memory theory, and

automatically inferred by LLMs.

disruption to their daily lives, participants often log events suc-
cinctly without capturing the rich contextual details. When the
researcher interviews the participant a period of time later (i.e.,
elicitation interview), the participant often cannot recall the spe-
cific circumstances and details of the entry. The participant may
reconstruct the memory based on incomplete records rather than
recalling the past reality, filling in gaps with generic assumptions
rather than specific facts.

Therefore, we develop DiaryHelper (the system framework shown
in Figure 1), an LLM-empowered agent for participants to capture
multidimensional contextual information efficiently and accurately.
This agent integrates into a standard diary logging platform. When
a user inputs a brief log, the underlying generative Al model an-
alyzes the entry and the user’s historical patterns to predict five
specific dimensions of contextual information: time, location, emo-
tion, people, and activity. The selection of such dimensions is based
on the episodic memory theory. Instead of asking the user to fill out
a long form, DiaryHelper presents these predictions as a set of se-
lectable tags or a conversational confirmation. The user can simply
tap to confirm or make minor edits. This interaction significantly
lowers the interaction cost of logging contextual information.

The results of this work provide evidence for the efficacy of Al
scaffolding in longitudinal data collection:

e Abundance and accuracy: DiaryHelper assists participants
in capturing abundant and accurate contextual information
without significant burden. The contextual data acts as nu-
anced details that remind users of details they might have
otherwise ignored.

e Reduced retrospection bias: During the post-study inter-
views, the entries created with DiaryHelper served as signif-
icantly stronger memory cues. Participants could look at the
tags and immediately reconstruct the scene. And they could
connect related scenarios integratively.

e Sensemaking perspective (Data-Frame Theory) [8]: From a
sensemaking perspective, DiaryHelper acts as a pre-computation

engine for sensemaking. In a traditional diary study, the par-
ticipant provides the log, and the framing happens weeks
later. DiaryHelper forces the participant to apply a framing
of the specific context tags in the moment of experience.
This prevents the frame from degrading or drifting in the
participant’s memory.

3 InsightBridge for the Empathy Gap through
Real-time Synthesis (CHI25)

If diary studies suffer from a lack of contextual data, user inter-
views often suffer from an excess of it. A researcher conducting
an in-depth interview must perform multiple high-demand cogni-
tive tasks simultaneously: active listening to the user’s narrative,
transcribing key points, synthesizing information to form a men-
tal model, and formulating relevant follow-up questions to probe
deeper. Furthermore, verbal communication of real user scenarios
may be ambiguous. When a user describes a process or a problem,
the researcher constructs a mental image of that description. How-
ever, such an image may suffer from the researcher’s own biases
and assumptions. A mismatch between the user’s description and
the researcher’s understanding creates an empathy gap.

To facilitate mutual understanding and empathy, we design In-
sightBridge, as shown in Figure 2, which processes the live audio
stream of the ongoing interview and provides real-time assistance.
It uses Automatic Speech Recognition (ASR) to transcribe the con-
versation in real-time. An LLM then analyzes this transcript to
extract key informational entities and organizes them into a struc-
tured empathy map. The researcher can modify, move, and merge
the sticky notes on the empathy map to organize their thoughts
efficiently. Crucially, InsightBridge goes beyond text. It uses a Text-
to-Image generation model to create visual abstracts that represent
the user’s narrative. The researcher and participant can negotiate
and discuss visual abstracts to align their understanding during
the interview. This creates a feedback loop where the user and
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Figure 2: The user interface of InsightBridge system. It comprises an empathy map for real-time information synthesis and a

visual sketch area for concrete visual-based sensemaking,.

researcher can validate or correct their interpretations mutually in
real-time.

The findings demonstrate that InsightBridge significantly en-
hances the quality of empathetic connection and data validity:

e Assistance in information synthesis: Researchers report sig-
nificantly lower cognitive load regarding note-taking, as the
system automatically and accurately captures and organizes
the empathy map. This allows them to maintain better eye
contact and emotional rapport with the participant.

e Prompting recall of overlooked details: The most profound
finding is the effect of the visual abstracts on the participants.
Users report that seeing the visuals prompted them to recall
overlooked details and scenarios.

e Collaborative reframing and sensemaking: The visual ab-
stract serves as a boundary object. Even when the Al gen-
erates an improper visual, it is still valuable, and the user is
engaging in explicit reframing to further explanation. This
correction process forces the user to articulate tacit knowl-
edge that they might not have mentioned otherwise. The
visual abstract creates a shared focal point for the collabora-
tive sensemaking.

4 SenseFusion for Inference Gap through
Multimodal Reasoning (Ongoing)
Think-aloud protocols are widely used in usability testing. How-

ever, concurrent think-aloud (CTA) can interfere with cognitive
processes, especially in complex tasks. Retrospective think-aloud

(RTA), where users watch a replay of their task and comment, miti-
gates this but introduces the memory-experience gap. Users watch
the video and see what they did, but often forget why they did it
or how they felt. Existing RTA solutions try to cue memory using
gaze overlays or system logs. However, these only show behavior
(external actions), not experience (internal states). Physiological
sensors (e.g., heart rate, GSR, pupil dilation) can capture these in-
ternal states potentially, but raw sensor data is noisy and unclear
for users’ interpretation.

In this work, we try to leverage multisensory data, screen con-
text, and interaction logs collected when users execute the tasks,
to facilitate the later debriefing of their in-situ experiences. Un-
like previous systems that treat these multimodal data as separate
streams, SenseFusion uses a Vision-Language Model (VLM) to fuse
them. The system detects events of interest that users may have
obvious changes in their internal cognitive and mental states, and
presents such pieces of record for their in-depth debriefing. Instead
of showing raw data in multiple views, the system supports natural
language-based inquiry, search, and annotation. Some preliminary
findings show that SenseFusion can promote RTA participants to
provide more comprehensive and in-depth insights, particularly
around personalized user needs, which paves the way for further
research about user experience understanding.

5 Discussion

In this section, we will summarize the published and ongoing works
through the human-AI collaboration perspective and the temporal
relationship between data collection and sensemaking, and propose
some future directions.
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Table 1: The LLM-mediated collaborative sensemaking under the human-AI collaboration perspective.

Dimension DiaryHelper InsightBridge SenseFusion
(Longitudinal) (Synchronous) (Retrospective)
Research Phase Data Collection (In-situ) Data Collection (Interview) Analysis/Debrief (Post-task)
Primary Gulf Memory Decay Empathy Gap Interpretive Opacity
AI Role Context Recorder Synthesizer Interpreter

Human Role Verifier of Context

Co-creator of Meaning

Debriefing of Experience

5.1 Framework for LLM-Mediated Collaborative
Sensemaking

Looking across DiaryHelper, InsightBridge, and SenseFusion, a
trajectory emerges regarding the primary gulfs and roles of Al in
diverse qualitative research methods as shown in Table 1. Such a
temporal and modality coverage demonstrates a comprehensive
framework where Al is not just a tool for one phase, but a persistent
cognitive and sensemaking mediator that supports the qualitative
user research lifecycle. The human-Al collaboration in user research
is not only in collecting more data, but in collecting better data by
using Al to preprocess, structure, and interpret the multimodal data
before the human even begins the deep thought. The balance of the
richness of the collected user data and the intrusiveness of users’
ongoing tasks should be carefully considered in different scenarios.

(A) Real-time /
(e.g., Semi-structured Interview)

(C)L / Delayed

(B)
(e.g., Retrospective Think-Aloud) (e.g., Diary Study)
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Figure 3: The temporal relationship between data collection
and data sensemaking during different qualitative user re-

search methods.

In Figure 3, we represent the temporal relationships between
the user research data collection and the data sensemaking process.
Under different scenarios, the amount, modality, and quality of
the collected data are crucial to design the corresponding LLM-
mediated tools, adapting to dynamic user-researcher interactive
behaviours.

5.2 Future Directions

The involvement of LLMs in the user research may introduce po-
tential biases, including contextual bias, agency bias, and cultural
bias. Moreover, the interactions between humans and Al should
not be limited to the digital and information space, but also the
physical world and interpersonal social cues. The future direction
of this doctoral work will focus on critical human-Al collaboration
design through:

e Measuring and mitigating bias across multimodalities: A de-
tailed ablation study could be conducted to examine the effect
of each data modality and the relationship among modalities
under different user groups and scenarios. We will try to dis-
tinguish between instantaneous context-specific reactions
and longer-lasting affective or cognitive states of users to
reconstruct a comprehensive understanding of in situ experi-
ences, as their combined capture enables a holistic reflection
of real-time human responses in naturalistic settings.

o Designing for adversarial sensemaking: we expect that hu-
mans and Al can discuss, debate, and negotiate during the
collaboration process. The confidence score and alternative
interpretations from AI could be provided to humans and
trigger the iterative sensemaking. This preserves epistemic
agency, where Al serves to widen the hypothesis space, but
the user collapses it.
Longitudinal user modeling: we will explore the application
of contextual intelligent agents as personal assistants for
long-term user modeling. The agents are not only for collect-
ing user data in daily activities, but also proactively provide
assistance and intervention to change the human and real
world. Through the fine-grained analysis of information flow
within the human-agent-real world framework, the model-
ing of the user is not limited to the digital space but also to
the reaction from the physical space.
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