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Abstract—Existing Al-based meeting summarization tools have enabled rapid generation of meeting notes, yet their reliability and user
controllability remain limited. This paper explores human-Al collaboration for mobile meeting summarization and presents
MeetSumAid, a multifunctional system that integrates summarization algorithms with an interactive user interface. The system is
designed to support users in understanding, validating, and refining Al-generated summaries through natural interactions and flexible
control mechanisms. By enabling real-time inspection, editing, and feedback, MeetSumAid facilitates reliable collaboration between
humans and Al in dynamic meeting scenarios. A user study with 20 participants shows that MeetSumAid significantly improves
summary quality, generation efficiency, and user-perceived reliability compared with baseline Al summarizers, while reducing cognitive
load. Further analysis reveals how different interface components enhance users’ engagement and confidence during collaboration.
This work provides a practical step toward reliable and user-centered human-Al collaboration in mobile meeting summarization and
offers actionable design implications for future intelligent collaborative systems.

Index Terms—Meeting Summarization, Human-Al Collaboration, Trust Calibration, Large Language Models.

1 INTRODUCTION

EETINGS remain a cornerstone of collaboration, with
Mapproximately 11 million meetings held daily in the
United States and employees spending an average of six
hours per week attending them [1]. To aid post-meeting
reviews and provide non-attendees with quick access to
meeting outcomes, note-takers are often tasked with record-
ing and summarizing meeting content. However, crafting
accurate and concise meeting summaries is challenging, as
it requires identifying key information and maintaining con-
textual coherence across lengthy and complex discussions
[2].

Recent advances in automatic speech recognition and
artificial intelligence (AI) have enabled the development
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of Al-assisted meeting summarization tools that can auto-
matically generate summaries from meeting transcripts [3].
While such tools significantly reduce human workload, Al-
generated summaries frequently contain omissions, repeti-
tions, or factual errors, leading to issues in correctness and
completeness. In practice, note-takers still need to refine Al-
generated content to ensure quality and usability. However,
the “black-box” nature of Al systems often prevents users
from understanding the reasoning behind generated sum-
maries, making it difficult to assess reliability or identify
which parts require revision [4]. This problem limits the
effectiveness and adoption of existing Al summarization
systems in real-world workflows.

Most existing research has focused on improving sum-
marization models or evaluation metrics, while overlooking
human-AI collaboration during the summarization process
[5], [6]. In particular, little attention has been paid to how
interface design can support users in understanding, veri-
fying, and interacting with Al-generated summaries under
mobile and time-fragmented conditions, such as during
commutes or short breaks between meetings. In these con-
texts, users require fast, lightweight, and immediate inter-
actions, yet existing desktop-oriented systems are poorly
suited to support such opportunistic summary editing.

To address these challenges, we present MeetSumAid,
a mobile human-AI collaborative summarization system
that supports efficient refinement and verification of Al-
generated meeting summaries. MeetSumAid integrates a
large language model (LLM) with a multifunctional inter-
face to enhance reliability and user confidence in Al-assisted
summarization. Central to the system is the introduction
of micro-themes as an intermediate interaction layer be-
tween raw transcripts and final summaries, allowing users
to edit summaries at semantically coherent units rather
than navigating lengthy transcripts or opaque Al outputs.
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Building on this design, the system provides key interaction
mechanisms—including layered summaries, micro-theme
merging and splitting, keyword highlighting, adjustable
condensation, and personalized customization—to support
transparent inspection, targeted editing, and context-aware
guidance of the summarization process.

We conducted a controlled study involving 20 partici-
pants and 6 real meeting transcripts to evaluate the effective-
ness of MeetSumAid compared with a baseline speech-to-
text editor integrated with ChatGPT-based summarization.
Experimental results show that MeetSumAid significantly
improves summary quality, generation efficiency, and user-
perceived reliability, while reducing cognitive load. Analysis
of user interactions further highlights how specific design
elements enhance engagement and confidence in Al collabo-
ration. The main contributions of this work are summarized
as follows:

o We design and implement MeetSumAid, a mobile sys-
tem for reliable and user-centered human-AlI collabora-
tive meeting summarization.

o We propose interaction mechanisms that enhance relia-
bility and controllability in Al-assisted summarization
through adaptive, transparent user interfaces.

e We conduct empirical evaluations demonstrating the
system’s effectiveness in improving summary quality,
efficiency, and user experience, and discuss design im-
plications for future human-AlI collaborative systems.

2 RELATED WORK
2.1 Human-Al Collaborative Generation

With the rapid advancement of artificial intelligence (AI),
recent research has shifted from replacing humans to aug-
menting human capability through collaboration [7]-[10].
Such collaboration leverages the complementary strengths
of humans and AI: Al excels in large-scale data processing,
while humans contribute contextual judgment, creativity,
and ethical reasoning [11]. However, the black-box nature
of deep learning algorithms still limits users” understanding
of Al behavior, reducing perceived reliability and hindering
effective cooperation [12], [13].

Prior work has investigated human-Al collaboration
from both theoretical and practical perspectives. On the
theoretical side, studies in human-computer interaction
(HCI) have established guidelines for human-Al partner-
ship, such as decision transparency, feedback consistency,
and shared control [14], [15]. On the practical side, collab-
orative mechanisms have been applied to synchronization
[8], explainability [16], [17], and co-creation in domains such
as art, game design, and healthcare [18]-[23]. Building on
this foundation, our work explores meeting summarization
as a new application scenario for human-AlI collaboration,
focusing on how interaction design can enable humans to
effectively guide and refine Al-generated summaries in real-
world environments.

2.2

Effective human-AlI collaboration relies on users’ ability to
evaluate and align with AI reliability during interaction
[24], [25]. Earlier research introduced the concept of trust

Interactive Reliability and Explainable Al
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calibration to describe this process, emphasizing the balance
between overreliance and underreliance [26], [27]]. Various
approaches have been proposed to support reliability as-
sessment, such as system transparency [28], performance
metrics [29], and post-interaction feedback [30]. However,
these methods are often static, offering limited adaptability
to dynamic decision-making scenarios [6], [31].

Explainable AI (XAI) aims to improve user understand-
ing of Al behavior [16], [32]-[35], but most existing ap-
proaches provide offline explanations that are weakly inte-
grated into real-time interaction. Recent work has therefore
shifted toward interactive reliability mechanisms that allow
users to inspect, question, and adjust Al outputs during use
[5], 36, [37]. Our work follows this direction by embedding
reliability cues and transparent interactions into a mobile
summarization system, enabling continuous evaluation and
refinement of Al-generated summaries.

2.3 Meeting Summarization

Meetings are central to professional collaboration, yet their
spontaneous and unstructured dialogue makes summariza-
tion particularly challenging [3], [38]. Manual summariza-
tion requires identifying salient points, understanding con-
text, and balancing brevity and completeness [39].

Automated summarization methods have emerged to
address these challenges. Early extractive approaches iden-
tified key text segments but produced less coherent sum-
maries [40], [41]. In contrast, abstractive summarization
techniques, powered by Transformer-based models such as
BERT, BART, and T5, produce more fluent and human-like
summaries [42]-[44]. Nonetheless, these methods depend
heavily on large annotated datasets and still struggle with
factual inaccuracies and hallucinations [45], [46].

Commercial platforms such as Zoom and Tencent Meet-
ing provide speech transcription and one-shot AI sum-
maries, but offer little support for post-generation inter-
action or correction, often leading to overtrust or loss of
context [47]. In contrast, our work enables interactive hu-
man-Al collaboration, allowing users to iteratively inspect
and refine Al-generated summaries on mobile devices.

2.4 Large Language Models

Large language models (LLMs) such as GPT-4 have demon-
strated remarkable generalization capabilities across diverse
natural language tasks. Trained on extensive text corpora,
LLMs exhibit strong contextual understanding and gener-
ation fluency, supporting applications in dialogue systems
[48], translation [49], emotion analysis [50], and writing
assistance [51]].

Recent studies have applied LLMs to summarization
tasks, including radiology reports [52], news articles [53],
and meetings [54]. Despite these advances, LLM-generated
summaries still suffer from factual inconsistency, redun-
dancy, and lack of contextual alignment [45], [46]. Our
work leverages the language understanding capabilities of
LLMs while incorporating interactive refinement mecha-
nisms to mitigate these limitations, thereby improving both
the accuracy and practical usability of Al-generated meeting
summaries.
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Fig. 1: Overview of the MeetSumAid workflow. Meeting audio is transcribed using Al-based speech recognition and
processed by GPT-4o through prompt engineering. The system organizes content into micro-themes, highlights key phrases
via multi-modal cues, generates summaries based on keyword importance, and allows users to edit micro-themes and
control summary granularity for progressive, human-like summarization.

3 MEETSUMAID DESIGN
3.1 Design Principles and Objectives

As mentioned in the introduction, our goal is to help
minute-takers efficiently revise summaries through trust cal-
ibration cues and streamlined interaction design, assisting
users in overcoming challenges in summary writing.

Conventional meeting summary tools typically tran-
scribe content linearly, preserving all original speech imper-
fections including disfluencies, repetitions, and incoherence.
While advanced natural language processing techniques
can help address some of these issues, users still require
guidance in organizing meaning and structure. Success-
ful LLM interfaces (e.g., GPT-40, Claude 3.5 sonnet) have
demonstrated capabilities in refining disorganized text into
high-quality writing. However, such general-purpose tools
not only rely on users’ ability to prompt LLMs effectively —a
recognized challenge [55], [56] — but also make it difficult for
users to precisely control where and how text edits occur.

Building on prior work demonstrating the benefits of
integrating NLP or LLMs in direct manipulation interfaces
[57], [58], we investigate how to leverage state-of-the-art
LLM and NLP technologies to embed intelligent word pro-
cessing within GUIs for our specific summarization task,
while maintaining user control over summary generation.
Considering these factors, we aim to enhance text editor
interfaces through the following design goals for better
interaction with speech-derived text:

o Present users with the background and context of the
meeting, along with comprehensive guidance on craft-
ing the meeting summary. This is instrumental in help-
ing novice users grasp the essential elements and objec-
tives of meeting summary writing, facilitating human-
machine collaborative summarization generation.

e Support non-linear content organization. Users should
be able to iteratively organize and edit spoken text, flex-
ibly adjusting content sequence, structure, and gran-
ularity. This design aligns with the non-linear nature

of human cognition and creativity, facilitating efficient
processing of complex information and progressive re-
finement of expression. The interface should provide
sufficient freedom for users to reorganize content as
needed, enhancing editing fluency and intuitiveness.
Facilitate micro-theme review and navigation. To
bridge human-AlI collaboration, we envision simulat-
ing the step-by-step process of human-generated sum-
maries, from transcribing text to micro-theme, and fi-
nally to the overall summary. The interface should as-
sist users in efficiently reviewing and navigating micro-
theme content, significantly reducing cognitive load in
text comprehension. For potentially verbose, repetitive,
or error-prone text, the interface should employ intel-
ligent summarization to distill key information while
enabling quick access to micro-theme-specific passages.
This design helps users rapidly grasp main ideas while
maintaining traceability to original context, ensuring
both reading efficiency and content mastery.

Leverage LLMs while retaining user control. When
utilizing large language models (LLMs) for text clean-
ing, polishing, and transformation, the interface must
preserve user agency. The design should provide ex-
plicit options for users to determine where and how
automated modifications are applied. This approach
balances processing efficiency with user sovereignty
over final outcomes.

Optimize mobile interaction experience. We selected
tablet interfaces as our current design focus due to
their intermediate position between smartphones and
desktop devices—offering reasonable screen real es-
tate while maintaining portability. This hybrid nature
makes tablets an ideal platform for studying mobile
interaction optimization. By refining tablet interfaces,
we aim to extend relevant design principles and tech-
nologies to other mobile devices, ultimately enhancing
cross-platform user experiences.
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The concept of artificial intelligence (Al) dates back to the
1950s, when Alan Turing proposed the “Turing Test" as a
benchmark for machine intelligence. Since then, Al has
undergone multiple phases of growth, evolving from early
symbolic systems to modern deep learning and neural
networks. In recent years, advancements in computational
power and the proliferation of big data have driven significa...

Artificial intelligence emerged in the 1950s, transitioning
through symbolic systems and neural networks to today’s
deep learning and big data-driven applications.

%

Al has been widely adopted across industries. In healthcare, it
aids in diagnostics and drug discovery, improving efficiency
and accuracy. In finance, Al powers risk assessment and
automated trading systems. In transportation, autonomous
driving technology is reshaping mobility, while in education,
personalized learning platforms offer tailored educational
experiences....

Al demonstrates immense potential in healthcare, finance,
transportation, and education, driving intelligent
transformation across sectors.

%

The future of Al lies in smarter, more human-centric solutions.
Quantum computing could enhance Al’s processing
capabilities, while edge computing will enable localized, user-
focused applications. Integration with technologies like loT
and blockchain will unlock innovative use cases. Meanwhile,...

Future Al advancements will focus on intelligence,
humanization, and interdisciplinary integration, with
emphasis on explainability and ethical standards.

%
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Fig. 2: The interface adopts a dual-panel design: the left panel visualizes segmented micro-themes extracted from meeting
content as discrete units, enabling focused topic management, while the right panel dynamically displays contextually
aligned summaries for each selected micro-theme. A granularity control slider at the bottom allows real-time adjustment
of the level of detail of the summaries, seamlessly toggling between concise overviews and detailed elaborations. This
structure supports user-defined abstraction levels and visual-thematic consistency, balancing analytical efficiency with
narrative coherence through interactive content exploration.

3.2 MeetSumAid Interface Design

Figure[I| presents the end-to-end workflow of MeetSumAid,
illustrating how meeting audio is transformed into interac-
tive summaries. The system captures audio and converts it
into text using Al-based speech transcription, then processes
the transcript with GPT-40 guided by prompt engineering.
The workflow highlights four key capabilities: 1) micro-
themes as management units, supporting stepwise, human-
like summary composition; 2) multi-modal key phrase high-
lighting using text and speech cues; 3) keyword- and micro-
theme-importance-driven summary generation; 4) editable
micro-themes with controllable summary granularity.
Building on this workflow, the interface shown in Fig-
ure [2| allows users to review, organize, and summarize
long meeting transcripts through a micro-theme-centric lay-
out. Each micro-theme encapsulates a coherent discussion
segment, making lengthy transcripts more manageable.
Leveraging this structure, the interface facilitates writing
prompt generation, micro-theme refinement and reorgani-
zation, salient keyword highlighting, summary condensa-
tion control, and traceability between summaries and their
source micro-themes. The following subsections provide
detailed descriptions of these interaction mechanisms.

3.2.1 Providing Writing Prompts for Meeting Summaries

Before users write a meeting summary, the system automat-
ically generates writing prompts (such as meeting context,
key topics, discussion points, etc.) based on the meeting
transcript, as shown in Figure [3| A, which can effectively
improve the efficiency and quality of summary writing.
Firstly, these prompts provide users with clear contextual
information, helping them quickly grasp the core content
and key discussion points of the meeting, thereby avoiding

incomplete summaries due to missing important informa-
tion. Secondly, the writing prompts guide users to focus on
the key outcomes and decisions of the meeting, ensuring
that the summary remains relevant and avoids redundancy
or digression. Additionally, this pre-prompt mechanism re-
duces users’ cognitive load, especially when dealing with
complex or lengthy meeting transcripts, as users no longer
need to repeatedly read and filter information, thus saving
time and improving work efficiency. Finally, this design
also helps standardize the style and structure of summaries,
ensuring consistency and professionalism across summaries
generated by different users, further enhancing the usability
and reference value of meeting records. Therefore, provid-
ing writing prompts not only optimizes the user experience
but also offers strong support for the accuracy and com-
pleteness of meeting summaries [59].

3.2.2 Facilitation of Micro-theme Text Review

Initially, MeetSumAid employs LLMs to partition the full
meeting text into smaller thematic segments, referred to as
micro-themes, each encapsulated within a container. The
“fix writing” feature, depicted in Figure [ is utilized to re-
fine the text of micro-themes, eliminating redundant content
and transforming the text into a more readable, written form
as opposed to disorganized spoken language. If the user is
not satisfied with the modified result, they can also edit it
manually.

3.2.3 Keyword Extraction

Subsequently, key phrases are highlighted within the con-
tainerized text based on both textual and acoustic cues. Tex-
tually, we adopt MDERank [60] to identify salient phrases.
Acoustically, prominent intonational rises often signal im-
portant information beyond textual content. Intonation is
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This meeting focused on optical fiber sensing,
hypertension detection, and healthcare applications
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We employ fiber Bragg grating (FBG) arrays for distributed
measurement of vascular pulsations, combined with LSTM
networks to extract temporal features, which helps
distinguish age-related vascular stiffening patterns. However,
as highlighted in the conclusions, a personalized calibration
module is essential. We recommend integrating BMI indices
and arterial calcification grading as auxiliary features within...

0

This is precisely the bottleneck we aim to address. We adopt
domain adaptation strategies, pretraining models on synthetic
optical coating data and fine-tuning them with meta-learning
on real-world datasets. Similar to using adversarial networks
in hypertension models to mitigate inter-device variability,
toothbrush monitoring could establish cross-modal
correlations between light patterns and microbiome profiles....

o

This is our next-phase focus. We decouple hypertension
detection into two stages: feature extraction (cloud-based)
and decision inference (edge-based), akin to how toothbrush
monitoring uses embedded devices to run lightweight light-
pattern classifiers. The key lies in standardizing biosignal
preprocessing workflows. As emphasized in the conclusions,...
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This meeting focused on hypertension detection
methods based on optical fiber sensing technology and
the application of deep learning in the medical field.
Researchers elaborated on predicting hypertension by
analyzing parameters such as vascular output and
systemic resistance, proposing a multi-task multi-
branch supervised learning framework powered by
deep learning models. Additionally, the discussion
covered strategies to enhance detection accuracy
through data communities, optical fiber sensing
technology, multi-task multi-branch supervised learning
frameworks, and domain adaptation, while outlining
future research directions. Key conclusions included:

. Biosignal processing must account for individual
differences, as variations in cardiac/vascular
structures significantly impact biological signals like
heartbeats.

Deep learning applications in medicine require
optimization to improve prediction accuracy.

. Model design necessitates joint optimization of data
and algorithms for superior performance.

Deep learning can advance toothbrush-based

-

2w N

health monitoring by analyzing light reflection
patterns to detect dental plaque and optimize
brushing efficacy.

® . .
50% 30% 10%

Fig. 3: The global summary is displayed on the right when clicking switch button (B), with corresponding micro-themes
on the left (A), allowing direct traceability from global summary chunks back to their associated micro-themes.

Discussion on marketing strategy
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Wang: The company's financial status is currently sound, with
steadily growing assets and profits increasing year over year.
However, we need to conduct a deeper analysis of all financial
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metrics to better inform future investments and financial
decisions. | recommend forming a cross-departmental task
force comprising representatives from finance, marketing, and
R&D departments to collaboratively analyze the company's
financial data, identify our strengths and potential risks. This...

Li: We can collaborate closely with the finance department to
establish prudent financial budgets and fund allocation plans.
Expanding into international markets requires substantial
investments of capital and resources, and we must ensure
financial sustainability and stability throughout this process.

| |[— 1

Fig. 4: The Magic Wand feature offers three key functionalities: Change Tone, Fix Writing, and Custom Prompt. G indicates
that the operation is applied to the generated summary, while S denotes that the operation acts on the micro-theme.

characterized by the fundamental frequency (fo), which re-
flects emphasis, sentence modality, and speaker intent [61].
We extract fy using pYIN [62], a probabilistic extension of
YIN with HMM-based smoothing that reduces octave errors
and pitch discontinuities. To accommodate both male and
female speakers and emphasis-induced pitch excursions, we
set the detection range to 70400 Hz, with a 2048-sample
frame length (128 ms at 16 kHz) and a 160-sample hop (10
ms). Figure 5| shows an example of the extracted results.
We then apply K-means clustering [63] to identify segments
with high intonation for each speaker. These acoustically
salient segments are fused with text-based key phrases us-
ing equal weights (0.5 each). Candidate phrases are ranked
by the fused salience score, and the LLM is prompted to
select the top phrases while maintaining a highlight density

of 1%-3%, which are then used as prioritized cues for
summary generation. Users may enable or disable highlight-
ing, which directly influences the generated summary by
emphasizing the selected phrases.

3.2.4 Scalable Summary Condensation

Finally, a slider is provided to control the level of summary
condensation, offering options of 100%, 80%, 50%, 30%, and
10%. Specifically, the original length corresponds to 100%,
while the most condensed summary corresponds to 10%.
This feature is designed to aid users in swiftly capturing
core information and understanding how to reorganize and
iterate summaries efficiently.
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Fig. 5: Comparison of fundamental frequency (fy) under regular and emphatic speech. Left: regular tone. Right: emphatic

tone, showing higher overall fy and greater variability.

Discussion on market
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Zhang: Good morning everyone, and thank you for taking the
time to attend this critical meeting. Our goal is to formulate
the company's future sustainable development strategy to
ensure steady growth amid intense market competition. To
begin, I'd like to invite Mr. Wang, our CFO, to provide an
overview of the company’s current financial status.
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Wang: The company's financial status is currently sound, with
steadily growing assets and profits increasing year over year.
However, we need to conduct a deeper analysis of all financial
metrics to better inform future investments and financial deci...
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Fig. 6: The merge function allows users to combine multiple micro-themes, automatically integrating their texts and
regenerating a coherent summary aligned with the unified theme.

3.2.5 Editing at Micro-theme Level

Micro-themes are categorized by LLMs with relatively fine
granularity, creating the possibility for multiple micro-
themes to be merged into a larger theme. Our system sup-
ports two merging methods: 1) Dragging one micro-theme
container onto another to merge them, and 2) Selecting
multiple micro-themes and clicking the "Merge” button,
as illustrated in Figure [} When merging multiple micro-
themes, the system employs LLMs to adjust the text across
these micro-themes, ensuring natural coherence to form a
larger unified theme. The summary is also rewritten to
align with the consolidated theme. Conversely, the system
also supports splitting larger micro-themes by clicking the
scissors button located below the micro-theme container.
Additionally, each micro-theme includes a control to adjust
its importance level (ranging from 0 to 3) in the generation
of the global summary. A higher value indicates greater
prominence in the global summary, while a lower value
reduces its visibility. This feature enables dynamic content
prioritization and user-driven thematic emphasis, enhanc-
ing the adaptability and relevance of the overall summary.
As illustrated in Figure [ users can customize micro-

theme summaries by switching between predefined Objec-
tive and Analytical styles via Change tone, or by using Custom
prompt for greater flexibility.

3.2.6 Summary View Switching

While the micro-theme-level summaries mentioned earlier
offer granular details to help users efficiently review meet-
ing specifics, a global summary is essential for providing
a quick overview of the entire meeting. To reduce user
confusion and enhance summary credibility, we implement
a traceability feature from the global summary to micro-
themes (clicking a chunk in the global summary highlights
the related micro-theme), primarily powered by LLMs.

3.2.7 Trace Back the Original Micro-theme

Tracing text chunks from meeting summaries back to their
source micro-themes holds multifaceted practical value,
particularly critical for information verification, in-depth
comprehension, and enhancing collaborative efficiency. At
its core, it builds a bridge between informational simplifi-
cation and completeness. This capability addresses the pain
point of summaries that convey “what” without explaining
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"why,” striking a balance between efficiency and rigor. It is
especially vital in scenarios demanding high transparency
and traceability, such as healthcare, finance, and legal fields.
For teams reliant on meeting-driven decision-making, this
approach significantly reduces communication costs and
mitigates decision risks.

4 PROTOTYPE IMPLEMENTATION

MeetSumAid is implemented as a React.js web application
with a golang backend, hosted on a cloud platform for
scalability. The system integrates multiple NLP and speech
analysis modules to support its core micro-theme editing
and summarization capabilities. Below, we detail the techni-
cal implementation of key features outlined in our design.

4.1 Core LLM Infrastructure

All text transformation and summarization tasks are pow-
ered by GPT-40, selected for its superior coherence and
contextual awareness compared to smaller models (e.g.,
Claude Haiku). Key LLM-driven operations include:
Micro-Theme Segmentation. Raw meeting transcripts are
partitioned into coherent micro-themes using a custom
prompt that enforces thematic consistency and avoids
abrupt topic shifts. Text Smoothing. Disfluent speech (e.g.,
filler words, repetitions) is refined into written-form prose
via the “Fix Writing” feature, implemented as a one-shot
GPT-40 prompt. Micro-Theme Merging and Splitting. When
users merge or split containers, GPT-40 rewrites concate-
nated text to ensure narrative flow, guided by a prompt em-
phasizing logical transitions. Summary Regeneration. Global
and micro-theme summaries are dynamically regenerated
post-editing using a zero-shot summarization prompt, with
keyword weighting biases injected for prominence.
Pre-defined prompts supporting micro-theme-level op-
erations were refined through iterative testing. All prompts
are provided in Appendix A for reference. Users may over-
ride the default prompts via the Custom Prompt interface.

4.2

The system implements three core interaction mechanisms
that combine algorithmic processing with intuitive user con-
trols to facilitate dynamic knowledge organization. Through
a modular architecture, these components enable granular
content manipulation while maintaining semantic traceabil-
ity across abstraction levels.

Summarization Granularity Slider. Condensation levels
(100% to 10%) are achieved by progressively truncating
GPT-40 summaries via token length constraints, with iter-
ative compression for higher reduction tiers.

Merge and Split Operations. Drag-and-drop, batch merg-
ing and splitting features are implemented using React DnD
for container interactions. Merged micro-themes trigger a
background GPT-40 API call to rewrite content, with results
cached for performance.

Traceability. Global summary chunks are linked to micro-
themes through semantic embeddings (voyage-3). Click in-
teractions compute cosine similarity between the clicked
chunk’s embedding and all micro-themes, highlighting
matches above a § = 0.82 threshold.

Interactive Controls

5 EVALUATION

We conducted work sessions with participants to validate
our proposed system, studying the following four research
questions:

RQ1: Can our system help users improve the quality of
their meeting summary writing?

RQ2: Can MeetSumAid save users time and effort?

RQ3: Compared to the baseline, what are the benefits
of using MeetSumAid, particularly in terms of interaction
within human-AlI collaboration?

RQ4: How do the various design components of our sys-
tem help them perceive the capabilities of Al and calibrate
trust in Al, and what are the user preferences?

We designed two test conditions to support the valida-
tion of the system on the above questions:

C1 (Baseline interface): Participants completed sum-
mary writing with ChatGPT assistant.

C2 (Our system): Participants completed summary writ-
ing with assistance from MeetSumAid (all functions).

This study was conducted in accordance with the re-
search ethics guidelines of our institution and received
approval from the institutional ethics review committee. All
participation was voluntary, informed consent was obtained
from all participants prior to the study, and no personally
identifiable information was collected or recorded.

5.1 Apparatus and Baseline Interface

The system was deployed on a 12.9-inch iPad Pro running
iOS 17, provided by the researchers, and participants can ac-
cess the interface via Safari. The baseline interface featured
a transcription text box on the left and a meeting summary
box on the right, accompanied by a ChatGPT window,
allowing participants to generate meeting summaries using
ChatGPT. Both the transcription text box and the meeting
summary box were editable. For ease of study, we referred
to the manual writing as ‘System 1’ and MeetSumAid as
‘System 2, corresponding to the two experimental condi-
tions C1 and C2.

5.2 Dataset
5.2.1 Meeting Records Collection

We collected 14 meeting recordings via Tencent Meeting
through an online call for submissions, each containing
audio and screen captures. Contributors were informed that
the data would be used solely for academic research. From
these, we selected 6 high-quality meetings with complete
content and no technical issues. The dataset includes corpo-
rate team meetings, academic seminars, wedding planning
meetings, and lab group discussions. Meetings were small-
scale, typically involving 3-8 participants and 2-6 active
speakers, with an average duration of 25 minutes (range:
8-35 minutes). Background noise levels were generally low
to moderate, estimated at approximately 35-50 dB. Audio
was transcribed using Google’s speech-to-text service, yield-
ing transcripts of 1,536-7,335 words. Applying our LLM-
based micro-theme segmentation pipeline resulted in an
average of 18.7 micro-themes per meeting (range: 9-31),
with each micro-theme containing approximately 120-350
words.
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5.2.2 Standard Summary Writing

We recruited three individuals with extensive experience
(over 5 years) in summary writing. They were instructed to
watch and listen to the meeting replay as passive observers.
One of them was then assigned to draft the summary, while
the other two were responsible for reviewing it, focusing
on accuracy, completeness, and objectivity. A summary was
only considered a standard summary if both reviewers
found it satisfactory. To ensure the highest quality of sum-
maries, the roles of writer and reviewer were not fixed but
rotated among the participants.

5.3 Participants

To conduct our experiment, we recruited a total of 20
participants (8 female, 12 male). Their ages ranged from 22
to 42 years old (M = 29.95, SD = 6.08). Participants were
required to have prior experience attending at least one
work or academic meeting to ensure familiarity with meet-
ing contexts. We reached out to them using a combination
of emails and word-of-mouth, and from the respondents,
we selected participants to cover a broad range of meet-
ing summarization experience levels. As a result, the final
sample included 13 participants with substantial experience
writing meeting summaries in their companies, 4 partici-
pants with limited experience, and 3 participants with no
prior experience in meeting summarization. The frequency
of writing summaries and participants’” LLM usage habits
varied, as shown in Table

5.4 Experiment Task

Participants were instructed to observe designated meeting
replays as passive attendees and to use the specified system
to compose summaries. To ensure that the evaluation was
not adversely affected by user disengagement, participants
were required to attentively watch and listen to the assigned
meeting replays and to strive to produce accurate, com-
prehensive, and objective summaries. To balance the length
and comprehensiveness of the summaries, participants were
informed that the maximum word limit for each summary
was set at 25% of the transcribed text. The meetings that
participants were assigned to review are shown in Table [} It
is noteworthy that the order in which each participant used
the baseline and the proposed system was randomized and
evenly distributed to eliminate any potential influence of
the system usage sequence on the experiment. Participants
were not restricted by time constraints, allowing for more
thorough summary composition.

5.5 Procedure

Firstly, we collected demographic information from the
participants, including their educational background and
experience in meeting summarization, and requested them
to sign an informed consent form. We demonstrated to
the participants the tutorial for using our proposed system
as well as the baseline application. Each participant was
given up to 10 minutes to familiarize themselves with the
functionalities of both systems. Subsequently, each partici-
pant was asked to complete summarization tasks for two
designated meetings using both systems on the iPad Pro
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provided by us. We recorded the participants’ interactions
through screen recording and noted the time they took to
produce the overall summaries using the different systems.
After obtaining the overall summaries from both systems,
the participants took part in a semi-structured follow-up
interview. The participants first responded to the Likert
scale questions presented in Table 2} and then they rated
the helpfulness of eight design components in calibrating
trust (on a scale from 1 to 7, indicating from not helpful at
all to extremely helpful). They were required to explain the
reasoning behind their ratings. The average duration of the
study for each participant was approximately 1 hour.

5.6 Measurements and Analysis

We collected three kinds of information from users in total.
First, the behavioral data during user interactions with Sys-
tem 1 and System 2 must be recorded. Second, after partici-
pants completed a summary writing task, we needed to save
their summary documents. Third, we gathered feedback
from users regarding the post-study survey questionnaire.

Regarding RQ1, we obtained summaries written by
users using System 1 and System 2. Then, we calculated the
ROUGE-L [64] and BLEU [65] scores with reference to stan-
dard summaries. ROUGE-L and BLEU were two commonly
used evaluation metrics in natural language processing. The
higher these two metrics are, the closer the user-written
summaries are to standard summaries.

Regarding RQ2, in each session, we first calculated the
average time spent by participants on completing summary
writing. Next, we computed the average ROUGE-L and
BLEU scores for each participant’s summaries with respect
to standard summaries. Given that the duration of partici-
pants’ engagement positively influenced the quality of their
summaries, we implemented an efficiency assessment by
calculating the average ROUGE-L score per unit of time. To
evaluate the mental effort required when using two systems,
we asked participants to answer two seven-scaled Likert
NASA TLX questions (i.e., mental demand and difficulty
dimensions, Q1, Q2 in Table 2).

Regarding RQ3, after analyzing the interaction logs, we
compiled a summary of participants’ interaction frequencies
with both systems. Additionally, we gathered information
regarding participants’ ratings on the systems’ capabilities
for meeting summary writing (Q3 in Table [2), their level
of confidence in the meeting summaries they wrote (Q4 in
Table[2), their attitudes towards future system usage (Q5 in
Table [2), and their overall preference between system 1 and
system 2 (Q6 in Table[2).

To answer RQ4, we gathered participants’ ratings on
the trust calibration contributions of each component and
transcribed their explanations for thematic analysis. The
thematic analysis [66] was performed independently by
two researchers, with shared themes determined through
consensus. We performed statistical analysis on the collected
data, calculating means, medians, and standard deviations,
and conducted analyses using Specific significance test.
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TABLE 1: Demographic information and combined record-condition assignment for 20 participants.

Years of

Frequency of Record-Condition

ID Gender Age Education LLM Usage
Writing Experience Writing Summaries Assignment
P1 M 24 gfﬁggical 1 Daily Daily (R2,C1),(R4,C2)
P2 M o5  High 0.5 Monthly Weekly (R2,C1),(R4,C2)
school
P3 F 28  University 1.5 Weekly Weekly (R2,C2),(R4,C1)
P4 F 23 University 1.5 Weekly Daily (R2,C1),(R4,C2)
P5 M 23 University 0.5 Bi-Weekly Weekly (R2,C2),(R4,C1)
P6 M 41  University 4 Weekly Weekly (R2,C2),(R4,C1)
P7 M 38 ;rfﬁgglmal 0 Never Daily (R1,C1),(R6,C2)
P8 F 35  University Bi-Weekly Daily (R1,C2),(R6,C1)
P9 M 42 University 5 Weekly Bi-Weekly (R1,C1),(R6,C2)
PI0 M 30  University Weekly Daily (R1,C2),(R6,C1)
P11 F 29 University 35 Daily Daily (R1,C1),(R6,C2)
P12 M 32 University 1 Monthly Weekly (R1,C2),(R6,C1)
P13 M 24 University 0 Never Daily (R2,C1),(R5,C2)
Pl4 M 2 21?301 3 Daily Weekly (R2,C2),(R5,C1)
P15 F 26 University 0.5 Bi-Weekly Weekly (R2,C1),(R5,C2)
Pl6 F 33 gceﬁggllcal 0 Never Never (R2,C1),(R5,C2)
P17 M 36  University 0.5 Weekly Never (R3,C2),(R6,C1)
P18 F 22 University 1 Weekly Daily (R3,C2),(R6,C1)
P19 M 30  University 3.5 Daily Daily (R3,C1),(R6,C2)
P20 F 32 University 4.5 Weekly Never (R3,C2),(R6,C1)
6 RESULTS features of MeetSumAid were considered crucial in enhanc-

6.1 RQ1: Can MeetSumAid help users improve the
quality of their meeting summary writing?

We collected meeting summaries written by participants
using System 1 and System 2. We calculated the ROUGE-
L score and BLEU score of summaries written using two
systems respectively, with reference to standard meeting
summaries. The median ROUGE-L scores for C1 and C2
were 54.38 and 62.57 (average ;1=54.37, 64.06, standard de-
viation 0=11.12, 5.72). The median BLEU scores for C1 and
C2 were 48.65 and 55.17 (average u=48.17, 54.76, standard
deviation 0=5.20, 5.17). We conducted Kruskal-wallis test
[67] for ROUGE-L score and BLEU score, which showed that
ROUGE-L score and BLEU score were significantly different
in the two conditions (ROUGE-L: p=0.005, BLEU: p=0.0016).
A post-hoc Dunn test with Bonferroni correction (p=0.0049)
indicated a significant improvement in both ROUGE-L and
BLEU under condition C2 compared to C1.

To gain a deeper understanding of the reasons behind
the improvement in summary quality under the C2 con-
dition, we interviewed 12 participants whose ROUGE and
BLEU scores were significantly higher in the C2 condition
compared to the C1 condition. The results showed that all

ing the quality of meeting summaries through human-Al
collaboration.

For example, 9 participants mentioned that the naviga-
tion feature helped them quickly locate and correct errors
in the transcribed text, thereby ensuring the accuracy of the
summaries. One participant stated: "When using the simpler
interface (baseline system), I wasn’t sure if the Al-generated
summary matched the original text. I had to extract key points
from the original text myself, which often led to missing important
information. With the more feature-rich interface of MeetSumAid,
the navigation feature allowed me to quickly find key sections of
the original text and correct transcription errors. For instance, I
once noticed that the Al had mistakenly transcribed ‘marketing
strategqy’ as ‘marketing test.” By indexing the original text, I
identified the error, corrected it, and regenerated the summary,
significantly improving its accuracy.” (P7)

Additionally, 8 participants found the compression level
slider helpful for proofreading summary quality at different
levels of conciseness, enabling them to quickly check core
points or verify whether the AI had correctly understood
the details of the discussion. One participant shared: “When
summarizing micro-theme, this feature allowed me to first review
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TABLE 2: Users’ scoring results for six questions using System 1 (Baseline) and System 2 (MeetSumAid).

) Baseline MeetSumAid
ID Questions P
I o Median o o Median

How much mental effort did you spend on completing
Q1 the tasks of writing summaries? 440 147 4 320 LI 3 0.003

How might you characterize the difficulties you enco-
Q2 untered throughout the tasks? 415 099 4 280 1.15 3 0.00045
3 I};Ioczlv;/ chs)\ﬁlsirful is the system in helping you complete 220 083 2 505 136 5 0.0001
Q4 }Plllgﬁl C(i:l(iglfilgsnt are you that your summaries are of 305 157 3 615 081 6 <0.0001
Q5 | Would you like to use this system in the future? 1.75 0.79 2 6.70 0.57 7 <0.0001
Q6 | System Preference (System 2 over System 1) 1=6.2, 0=0.77, Median=6 /

a 50% compressed version of the summary. I could compare it
with the original text, assess its quality, and then decide whether
further adjustments were needed.” (P15)

Furthermore, 6 participants praised the text-microtheme-
overall summary structure, noting that this design pre-
vented the omission of important information and im-
proved summary quality. One participant commented:
"With the baseline system, I struggled to grasp the logical
connections between scattered pieces of information. However,
MeetSumAid’s approach of summarizing text into micro-theme
and then integrating them into a cohesive overall summary made
the final output more coherent and complete, while also being more
efficient.” (P5)

In summary, MeetSumAid significantly enhanced the
efficiency and quality of human-Al collaboration by sup-
porting features such as original text indexing, multi-level
proofreading tools (e.g., the compression level slider), and
a structured summary generation process (text-microtheme-
overall summary). These features enabled users to quickly
proofread transcribed text, better understand Al-generated
content, and optimize summaries at different levels, ulti-
mately producing higher-quality meeting summaries.

6.2 RQ2: Can MeetSumAid save users time and effort?

We calculated the time it took participants from the end of
the meeting audio playback until the participant completed
summaries. The average completion time for participants
using C1 was 13.74 minutes (0=4.01) and the average com-
pletion time for participants using C2 was 8.72 minutes
(0=2.38). We obtained the following conclusion from the
Wilcoxon Rank Sum Test: there was a significant difference
in the time it took participants to complete summaries in
both the C1 and C2 conditions (p<0.001). Although partici-
pants were informed in advance of the maximum word limit
per summary (calculated from the transcribed text of the
meeting, which was no more than 25% of the transcribed
text), there was a significant difference in the number of
words written by participants. In order to better balance the
completion time and the number of words of valid content
in summaries, we further calculated the efficiency of each

participant by a simple formula: % x 0.6+ BanCU X

0.4. We gave ROUGE-L a high weight because we believed
that a good summary should be as short as possible while
maintaining comprehensiveness of information, although
this might sacrifice a certain amount of precision. We did
a Wilcoxon Rank Sum Test for efficiency. The results (Figure
[7) showed that participants using C2 completed summary
writing significantly more efficiently than those using C1
(C1: u=5.01, C2: u=7.35, p<0.001, Figure[ﬂQl).

In the post-study questionnaire, participants reported
significant reductions in mental strain using C2 compared
to using C1 (Cl: p=4.4, C2: pu=3.2, p=0.003, Table 2] and
Figure [/ Q1). Additionally, participants reported that they
hardly got stuck in difficulties when using MeetSumAid
(C1: p=4.15, C2: u=2.8, p<0.001, Table 2| and Figure [ﬂ Q2)
and experienced minimal frustration.

They mentioned that this improvement was attributed,
on one hand, to the system’s smooth interaction design (e.g.,
navigation between text boxes, seamless transitions from
micro-theme to the overall summary), and on the other
hand, to the support of LLM functionalities (e.g., automatic
text optimization and text merging).

For example, P16 commented: “Using MeetSumAid sig-
nificantly reduced the burden of writing summaries for me. It's
like a little assistant that perfectly aligns with my work habits.
While using ChatGPT alone can quickly generate a draft, it’s
hard to achieve a professional level because meetings involve too
many elements and details, requiring me to repeatedly check.
MeetSumAid helped me solve these problems.” (P16)

Overall, participants under the C2 condition performed
better in terms of time and efficiency. MeetSumAid sig-
nificantly reduced participants” psychological burden and
alleviated the frustration they experienced while thinking
about how to write high-quality meeting summaries.

6.3 RQ3: Compared to the baseline, what are the bene-
fits of using MeetSumAid, particularly in terms of inter-
action within human-computer collaboration?

We first compared participants” interaction behaviors when
manually writing summaries (Cl) versus using Meet-
SumAid (C2). We observed that under the C1 condition,
participants spent a significant amount of time repeatedly



WANG ET AL.: MEETSUMAID: A MOBILE HUMAN-AI COLLABORATIVE MEETING SUMMARIZATION SYSTEM 11

browsing the meeting transcripts and listening to audio
recordings, as if they were constantly verifying information.
These behaviors were the primary reasons for the longer
time and lower efficiency in summary writing. In contrast,
participants under the C2 condition significantly reduced
their browsing of transcripts and audio recordings. The
average browsing time for C1 is 8.9 minutes, and for C2
is 3.7 minutes. A Wilcoxon test revealed that the number of
browsing instances was significantly lower in C2 compared
to C1 (p = 0.017). This behavioral shift indicates that
MeetSumAid’s micro-theme structuring and traceability ef-
fectively reduced users’ information foraging cost, allowing
them to focus more on higher-level refinement tasks and
lowering cognitive load, consistent with our design goals.

Additionally, we found that participants who frequently
used the LLM tended to experiment with different prompts
to generate summaries multiple times using ChatGPT. On
the other hand, several participants who rarely or never
used the LLM spent considerable time revising the gener-
ated summaries and sometimes paused for extended peri-
ods to think. From their interviews, it was evident that the
"black-box” nature of Al and its occasional errors under-
mined their confidence. For example, P17 stated: "When I
used ChatGPT (C1), I couldn’t guarantee the accuracy of the sum-
maries it generated, and indeed, it produced illogical sentences. To
get a correct summary, I had to repeatedly browse the transcripts
and even verify the audio, relying mainly on manual writing to
ensure my logic was sound.” (P17)

Another interesting observation was that participants
in the C2 condition did not immediately modify the Al-
generated meeting summaries. Instead, they adjusted key
elements such as keyword annotations and text merging
multiple times, referred to Al-generated results at different
compression levels, and only manually revised the sum-
mary content when necessary. As P11 noted: "When writing
summaries, I prefer interacting with the system multiple times to
achieve a satisfactory result, rather than directly editing the Al-
generated output. This makes the task of writing a high-quality
summary feel much more manageable.” (P11)

Based on post-study participation in responses to the
questionnaire, participants perceived MeetSumAid to be
capable of assisting them in the task of writing meeting sum-
maries (C1: p=2.2, C2: =5.05, p=0.0001, Table 2] and Figure
[ Q3). In particular, participants reported that the conve-
nient navigation and summary compression control features
in MeetSumAid helped them better validate Al-generated
results (mentioned 13 times). Additionally, referencing Al-
generated summaries and keywords (mentioned 8 times)
increased their confidence in producing high-quality meet-
ing summaries (C1: pu=3.05, C2: ;=6.15, p<0.0001, Table [Z]
and Figure [/ Q4). Regarding their willingness to use Meet-
SumAid in the future, participants also responded positively
(C1: u=1.75, C2: pu=6.7,p<0.001, Q5 in Table 2] and Figure
[7). Finally, participants scored the extent to which System 2
was superior to System 1; it was evident that participants
favor System 2: 8/20 participants gave a score of 7 (strongly
favouring System 2 over System 1), 8/20 participants scored
6 (moderately favouring System 2 over System 1), and
4/20 participants scored 5 (slightly favouring System 2 over
System 1).

MeetSumAid makes the summary writing process more

natural through interactive features like navigation and
compression controls, reducing the need for repetitive
browsing and verification. At the same time, its step-by-step
generation approach alleviates concerns about the “black
box” nature of Al, significantly enhancing human-AlI col-
laboration.

6.4 RQ4: How do the various design components of
our system help them perceive the capabilities of Al and
calibrate trust in Al, and what are the user preferences?

Overall Feedback. As shown in Figure 8} participants rated
the four functional components highly in terms of trust
calibration (above 5 points). Among them, Cross-textbox
Navigation and Summary Condensation Control Slider
received the highest ratings (mean of 6.00), followed by
Layered Summary Structure and Smart Optimization and
Manual Editing (mean of 5.50 each). These features were
highly praised for their advantages in helping evaluate the
trustworthiness of Al-generated summaries and providing
user control. In contrast, Summary Writing Guidance and
Personalized Instruction Customization received lower
ratings (mean of 3.67 and 4.00, respectively), and it was
found that these features were only helpful to some users.

Abstract Writing Guidance. Although the evaluation of
this feature is mixed, it is interesting to note that we found it
performs better in assisting novice users, while experienced
users perceive it as less necessary. P13 mentioned, "The
abstract writing guidance is very useful to me, especially when I'm
unsure how to start; it guides me like a mentor.” (P13) However,
P20 stated, “I already have a clear process and focus for writing
abstracts, so I don’t rely much on this feature.” (P20) This
suggests that the usefulness of the feature varies depending
on the user’s experience level.

Layered Summary Structure. Participants generally
found this feature very useful for organizing complex in-
formation. P7 commented, “The layered structure aligns with
the summary writing process, and the interface has already broken
down large amounts of information into manageable micro-theme
sections, making the logic clearer.” P9 added, "With the layered
structure, I can better ensure consistency across different levels
of information, improving the quality of decision-making.” How-
ever, P15 suggested further optimizing the interface design
by placing the text, micro-theme, and overall summary on
the same page to make it more intuitive.

Cross-textbox Navigation. Cross-text indexing is highly
praised for improving work efficiency. P9 mentions, "My
eyes can quickly switch between different textboxes without losing
position, saving me a lot of time.” P14 states, “This design
is the most effective for me, as it is a significant improvement
over the baseline. In fact, the content within the textboxes are
inter-indexed, and the close connection between the Al summary
and the original transcribed text reduces the burden of searching
for the original text.” P18 suggests further optimizing the
smoothness of navigation to reduce the occasional delay.

Intelligent Optimization and Manual Editing. This
feature received widespread praise for its balance between
automation and user control. P4 mentioned, “Intelligent op-
timization provided me with a great starting point. I found that
the revisions made by ’intelligent optimization” to the original
transcribed text were almost always correct. At the same time, the
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Fig. 7: Box visualization of participants’ ratings of five questions Q1-Q5 and their efficiency under two different conditions,

C1 and C2.

ability to manually adjust the results gave me more confidence in
the final outcome.”

Text Merging and Splitting. Nine participants found
this feature very useful for reorganizing content. P6 men-
tioned, “Being able to merge and split text sections allowed me
to guide the generation of summaries based on my understanding
and judgment.” However, the other half of the participants
indicated that they rarely used this feature and felt it might
be unnecessary. This could be related to their level of initia-
tive in exercising subjective agency.

Keyword Highlighting and Filtering. Six participants
believed that highlighting keywords enhanced their logical
grasp of the entire text, as it helped them quickly locate key
information. P1 shared, “Keyword highlighting made it easier
for me to spot important details in dense texts.” P17 pointed out,
"The filtering options helped me narrow down the content, saving
a lot of time.”

Summary Condensation Control Slider. Participants
appreciated the clever design of the slider, noting not only
its flexibility but also its ability to help them understand
whether the Al-generated summaries were appropriate. P8
mentioned, “The slider allowed me to quickly switch between a
high-level overview and a more detailed summary, and it seemed
to help me understand the strategy behind the Al-generated
summaries.”

Personalized Instruction Customization. This feature
did not receive as much favor from participants as we
had anticipated. It was considered to contribute little to
calibrating trust in the Al P11 noted, “I tried using custom
instructions to generate a casual style, which was interesting,
but I found that it didn’t change the essence of the content.” P8
added, "I prefer to use it after generating the overall summary, as
I think it’s not very necessary for transcribed text or micro-themes.
It’s suitable for polishing the overall summary and improving its

fluency.”

7 DISCUSSION
7.1 Summary of Findings

Al-based meeting summaries can automatically and quickly
generate summaries from inputted transcription texts. How-
ever, the accuracy of Al results is not always guaranteed.
One area that has been overlooked in current research is
how the accuracy of Al meeting summaries is perceived and
how these summaries are modified through human collabo-
ration. The lack of consideration for human-Al collaborative
interaction and trust raises concerns about the practical
usability of these systems. This paper explores interaction
design and trust calibration cues. Our experimental results
highlight the importance of providing enhanced user con-
trol, improving workflow efficiency, and clearly displaying
the Al summarization process. While features such as per-
sonalization and writing guidance may be less popular, they
could still hold value for specific user groups.

7.2 Design Implications

Based on our research, particularly the evaluations derived
from user feedback, we propose the following design im-
plications to guide the development of future Al-driven
summarization tools and even human-Al collaborative as-
sistants.

Emphasize User Control and Transparency. The high
ratings for features such as cross-textbox navigation and
the summary condensation control slider indicate that users
place significant importance on interaction convenience and
human-led control capabilities. This suggests that future
designs should prioritize providing intuitive control mech-
anisms, enabling users to adjust or fine-tune Al-generated
summaries and their presentation in real-time. By enhancing
users’ ability to manipulate Al outputs, trust in the system
can be effectively increased. Therefore, designs should focus
on the flexibility of the user interface, ensuring that users
can adapt Al outputs according to their specific needs.
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Fig. 8: User ratings for each design component of MeetSumAid (the color bars represent the number of users).

Structured Emulation of Human Thinking and Behav-
ior. The success of the text-microtheme-overall summary
structure highlights the importance of organizing informa-
tion hierarchically. This structure, which progresses from
text to micro-theme and then to an overall summary, mirrors
the human thought process of extracting and synthesizing
key information layer by layer. By aligning with human
cognitive patterns, this approach builds user trust through
a logical progression from granular details to higher-level
insights [59]. Future human-AlI collaboration tools should
adopt similar structures to help users better understand
how Al-generated outputs are derived and to foster a more
intuitive and trustworthy interaction.

Dynamic and Context-Aware Interaction. The effective-
ness of dynamic navigation underscores the necessity for
systems to adapt dynamically based on user behavior and
contextual factors. By tracking user attention (e.g., through
gaze or cursor movement) and presenting relevant informa-
tion in real time, the system can foster more intuitive and
responsive interactions. We encourage future Al tools to fo-
cus on seamless integration into users’ existing workflows.

Granularity of User Control to Enhance Flexibility. The
compression level slider demonstrates the value of granting
users control over the level of detail in Al-generated out-
puts. In the context of our meeting summarization scenario,
this feature enables users to adjust their understanding of
the Al's generation according to their needs, while main-
taining a balance between conciseness and comprehensive-
ness based on subjective judgment. Similar controls can be
integrated into other Al tools, allowing users to customize
the depth of information presentation.

Function design targeted at specific user groups. The
mixed ratings for features such as those targeting specific
user groups and writing guidance indicate that, although
these tools may not be necessary for all users, they hold
significant value for certain groups (e.g., beginners or users
unfamiliar with summarization techniques). In contrast,
advanced users are likely to prefer simplified and more
controlled features. Therefore, future designs could enhance
the overall applicability and user satisfaction of the system
by tailoring the functionality experience according to the
characteristics of different user groups through user profil-

ing and customization strategies.

7.3 Limitations and Future Work
7.3.1  Summarizing Overly Long Meetings

Since our focus is on studying interaction design, we con-
ducted rapid validation on small meetings lasting less than
40 minutes, rather than opting for longer meetings. In daily
life, we often encounter large meetings that span several
hours. Transcribing the audio of such large meetings into
text can result in extremely lengthy documents, potentially
containing tens of thousands of words, which exceeds the
maximum input length of LLMs. Directly truncating overly
long text prevents the LLM from accessing complete in-
formation, leading to summaries that may lack substantial
necessary content. One possible solution is to divide the
meeting into multiple segments, generate summaries for
each segment, and then use these summaries as input for
the LLM to produce a overall summary (i.e., a “summary of
summaries”).

7.3.2 Meeting-oriented Fine-tuning of LLMs

Despite the strong generalization capabilities of LLMs, they
are not specialized enough in specific domains. By optimiz-
ing prompts and other strategies, we leverage the capabili-
ties of LLMs to fulfill the required functions in the system.
Our primary focus is on interaction design, so the adjust-
ments to the LLMs have only been made to a usable level.
With further fine-tuning or carefully crafted prompts, we
expect to achieve more significant improvements, making
the LLMs appear more professional in generating meeting
summaries.

7.3.3 Data Privacy and Security Considerations

MeetSumAid relies on a third-party LLM API to process
meeting audio and transcripts, which introduces potential
privacy and security risks, as meeting content may include
sensitive or personal information. Future implementations
could mitigate these concerns by locally anonymizing or
masking sensitive content, or by deploying on-premise or
private LLMs [68], thereby reducing external data exposure
while preserving Al-assisted summarization capabilities.
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7.3.4 Extending to Other Mobile Platforms

The device we selected is the iPad, which represents one
of the mobile platforms suitable for users to modify sum-
maries. We believe that the general functional concepts pro-
posed in this paper can be applied to other mobile devices,
such as computers and smartphones [69], [70]. Extending to
other devices will require addressing challenges related to
UI adjustments and adaptations.

8 CONCLUSIONS

In this paper, we present the design, implementation, and
evaluation of MeetSumAid, a multifunctional interface for
human-AI collaborative meeting summarization. The sys-
tem is designed to support users in calibrating their trust
in Al outputs while maintaining fine-grained control over
summary generation. MeetSumAid integrates several func-
tional modules, including cross-textbox navigation, a sum-
mary compression slider, a hierarchical summary represen-
tation, and interactive editing features, enabling users to
iteratively refine Al-generated summaries.

The system was evaluated against a baseline interface
lacking interaction design enhancements. Quantitative and
qualitative results indicate that MeetSumAid significantly
improves user trust, engagement, and perceived control
over Al-generated summaries. The interface allows real-
time adjustments and optimization of summaries through
intuitive touch and mouse interactions, resulting in outputs
that better align with user requirements.

Additionally, user feedback was analyzed to extract key
design insights and inform future directions for Al-assisted
summarization interfaces. The findings highlight the impor-
tance of structured interaction design in enhancing human-
Al collaboration and trust calibration. The implementation
and evaluation of MeetSumAid provide a reference frame-
work for the development of efficient, user-centered Al
collaboration tools in mobile and cross-platform computing
environments.
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