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Figure 1: In an online meeting, the speaker is presenting a project about deep learning in earth science and screen sharing the
slides. The listener uses ParseJargon with three interface components: 1) The latest jargon definition in concise plain language;
2) Glossary for all jargon terms appeared in the meeting for revisiting; 3) Real-time caption highlighting identified jargon

Abstract

Effective interdisciplinary communication is frequently hindered
by domain-specific jargon. To explore the jargon barriers in-depth,
we conducted a formative diary study with 16 professionals, reveal-
ing critical limitations in current jargon-management strategies
during workplace meetings. Based on these insights, we designed
ParseJargon, an interactive LLM-powered system providing real-
time personalized jargon identification and explanations tailored
to users’ individual backgrounds. A controlled experiment compar-
ing ParseJargon against baseline (no support) and general-purpose
(non-personalized) conditions demonstrated that personalized jar-
gon support significantly enhanced participants’ comprehension,
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engagement, and appreciation of colleagues’ work, whereas general-
purpose support negatively affected engagement. A follow-up field
study validated ParseJargon’s usability and practical value in real-
time meetings, highlighting both opportunities and limitations for
real-world deployment. Our findings contribute insights into de-
signing personalized jargon support tools, with implications for
broader interdisciplinary and educational applications.

1 Introduction

Effective interdisciplinary communication is crucial for success-
ful collaboration across different fields [17, 58, 70]. Particularly
within the workspace, professionals frequently face challenges
to convey specialized knowledge to colleagues from other disci-
plines [22, 32, 36, 69]. For instance, a machine learning engineer
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might struggle to communicate concepts like "embedding" to a com-
pliance officer concerned with data privacy, while healthcare pro-
fessionals might face challenges describing "quasi-experimental de-
signs" to policymakers without medical expertise. Such gaps in com-
munication caused by domain-specific jargon limit interdisciplinary
innovation and effective collective problem-solving [18, 24], leading
to misunderstandings, decreased engagement, reduced comprehen-
sion, and undervaluing of contributions from colleagues [11, 13, 60].

Strategies like preparing beforehand, asking clarifying questions
during meetings, or looking up terms may alleviate some jargon-
related problems, however, these approaches often fall short in
real-time meeting scenarios. Preparing beforehand is often imprac-
tical as it assumes participants know precisely what terms will
be challenging and have time to learn [55]. Prior research find-
ings also suggest that social dynamics and hierarchical structures
discourage interrupting speakers with questions [63], particularly
among junior or culturally reserved employees, while indepen-
dently searching for definitions during conversations introduces
distractions that disrupt context continuity [9].

Recent advances in speech-to-text technologies and large lan-
guage models (LLMs) offer promising potential to overcome these
limitations with automated jargon support. Prior research has ex-
plored computational techniques for jargon identification and ex-
planation [6, 33, 43, 50], and developed augmented interfaces that
enhance comprehension during meetings through interactive tran-
scripts or captions [15, 16, 38, 40]. However, existing systems typi-
cally neglect two critical factors for effective jargon support in meet-
ings: real-time support and personalized support. Most prior jargon
support systems either target only static text content [1, 7, 31],
or they fail to consider user-specific background knowledge by
providing uniform jargon assistance to all users [41]. Such generic
solutions can overwhelm users with irrelevant or excessive infor-
mation, which reduces trust and user engagement, especially in
real-time meeting settings.

To address these gaps, we introduce ParseJargon !, a real-time
personalized jargon support system designed for online meetings
(Figure 1). To systematically investigate jargon barriers in meeting
communication and evaluate the effectiveness of our system, we
propose the following research questions:

e RQ1: What jargon barriers emerge in real-time conversa-
tions, and how effective are the strategies people currently
employ to address them?

e RQ2: How can an LLM-based system support online meet-
ings by addressing jargon barriers in real-time?

e RQ3: How does personalization, in the form of selecting
what terms to define based on a user’s background, impact
the effectiveness of ParseJargon?

To address RQ1, we conducted a two-week diary study with
16 professionals from a large technology company, documenting
jargon encountered during real meetings and strategies participants
used to manage unfamiliar terms. We found that participants often
chose passive strategies, such as waiting for additional context from
the speaker, but these typically proved ineffective, leaving confu-
sion unresolved. Searching for definitions was also common but

! ParseJargon stands for Personalized Assistant for Real-time Support in Explaining
Jargon
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often disrupted listening and engagement. Directly asking speak-
ers to clarify jargon was effective yet rarely adopted due to social
dynamics and timing concerns. These findings aligned with prior
research insights [9, 13, 63] and underscored the need for timely,
non-disruptive access to jargon explanations during real-time con-
versations.

To address RQ2 and RQ3, we conducted a controlled within-
subjects experiment with three conditions: a baseline without jar-
gon support, a general-purpose jargon support without personaliza-
tion, and a personalized jargon support provided by ParseJargon. Re-
sults showed that while the general-purpose ParseJargon improved
comprehension compared to the baseline, it negatively affected
engagement by overwhelming participants with excessive jargon
explanations. In contrast, personalized ParseJargon significantly
improved comprehension and maintained participants’ engagement
by accurately predicting relevant jargon based on an individual’s
backgrounds. The findings from the controlled experiment not only
serve as a proof-of-concept technical evaluation for ParseJargon,
but also provide further insights to inform system design. Finally, to
validate ParseJargon’s practical utility, we deployed the full system
in a real online meeting within the company to gather preliminary
user feedback and usability insights.

In summary, this paper makes the following contributions:

e Empirical findings from a diary study highlighting jargon
barriers in real-time meetings and limitations of current
strategies professionals use to manage them.

o Design of a real-time jargon support system for online meet-
ings, ParseJargon, powered by LLM to provide personalized
support tailored to each audience’s background.

o Results from a controlled evaluation demonstrating that
personalized jargon support significantly enhances compre-
hension, sustains engagement, and increases appreciation
of colleagues’ contributions compared to general-purpose
jargon support.

2 Related Work

2.1 Jargon Barriers in Communication

Jargon, defined as specialized terminology used within specific
fields, has been frequently identified as a significant barrier in in-
terdisciplinary communication [34, 51]. Such barriers arise because
experts often unconsciously rely on domain-specific language that
non-experts cannot readily understand. These issues have been
particularly highlighted within workspaces, where cross-team col-
laboration is essential with employees often having diverse pro-
fessional and educational backgrounds [23, 36, 69]. Similar com-
munication challenges have also been reported in interdisciplinary
research [17, 18, 70] and educational collaborations [58], underscor-
ing the pervasive nature of the jargon barriers across contexts.
Extensive prior research has shown that jargon can hinder ef-
fective communication, including reducing comprehension with
increased risk of miscommunication [13, 24], leading to resistance
toward new ideas from other fields [11], and disrupting information
processing which decreases engagement [60] and increases cogni-
tive workload [9]. This cognitive burden is especially common in
interdisciplinary teamwork, where experts from different domains
must frequently collaborate but often lack shared terminology or
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background knowledge, making effective communication across
domains more challenging [63].

Traditional approaches to mitigating jargon have included sim-
plifying language and employing analogies [55], measuring word
familiarity and frequency [64], and developing domain-specific vo-
cabulary lists [26]. While these strategies have been helpful, they
typically require active effort from speakers or listeners to seek
information, thus disrupting the natural flow of conversation. This
limitation highlights the need for advanced technological interven-
tions, motivating computational approaches for jargon support.

2.2 Jargon Support Technologies and Systems

Advancements in language technologies have enabled computa-
tional support for identifying and explaining jargon. A core task in
this space is complex word identification, which aims to determine
terms likely unfamiliar to target users, with early benchmarks in-
troduced by Shardlow [59]. Recent methods have applied LLMs to
measure jargon complexity [43] and adapted identification models
to specialized domains such as biomedical research [30] or spe-
cific jargon usage like acronyms [57]. On the other hand, jargon
explanation has been studied from the perspectives of definition
extraction [67], definition generation [6], or hybrid approach [33].
Closely related to jargon explanation is the task of text simplifi-
cation, which transforms complex content into simpler and more
accessible versions [44, 66].

Building on these techniques, researchers have designed inter-
active systems for jargon support, especially within reading inter-
faces [25, 42]. For example, ScholarPhi [31] provides an automati-
cally generated glossary for important scientific terms, while Paper
Plain [7] offers in-situ definitions of unfamiliar terms and plain lan-
guage summaries. Other more recent works target how to augment
medical progress notes [35] or explore how user-generated analo-
gies can support jargon understanding during scientific reading [10].
However, these systems are designed primarily for asynchronous
content. Our work extends this line by targeting real-time spo-
ken conversations, enabling dynamic jargon support during online
meetings.

A closely related work is StopGap [41], which explores the de-
sign space of real-time LLM-based knowledge assistance through
multiple explanation formats for jargon in technical videos. Al-
though their findings offer valuable insights into user preferences
and interface design, their prototype was used in a design probe
study without a real-time implementation or conversational setting.
In contrast, while ParseJargon was also evaluated in a simulated
meeting environment as a proof-of-concept, our formative study
explored interactions between people, and we further implemented
and deployed a fully functional system in live meetings. Moreover,
while StopGap briefly discusses the potential benefits of personal-
ization, their system provides one-size-fits-all support. In contrast,
ParseJargon explicitly implements and evaluates personalized jar-
gon support tailored specifically to each user’s background.

2.3 Personalization in Jargon Support

Personalization plays a critical role in tailoring jargon support to
users’ prior knowledge and professional background. Early work

adapted complex word identification and lexical simplification mod-
els to individual users, substituting unfamiliar terms based on per-
sonal vocabulary profiles [37]. Subsequent efforts demonstrated
that modeling word complexity at the individual level significantly
improved performance [27] and introduced approaches for gener-
ating personalized descriptions of scientific concepts [48]. More
recent research extended this by incorporating personal data into
scientific jargon identification, showing that LLMs can serve as
a baseline for personalized jargon support for researchers when
reading interdisciplinary articles [29].

Beyond algorithmic personalization, HCI research has investi-
gated how users perceive and interact with personalized language
systems. For example, researchers have designed interfaces that
adapt scientific information to users’ expertise using rule-based tem-
plates [53]. A recent study investigated the effects of adaptive plain
language on diverse audiences and offered insights into using LLMs
to generate summaries tailored to different levels of expertise [5].
In journalism contexts, while early work has relied on manual
efforts [2], more recent work has used GPT4 to help science jour-
nalists produce audience-appropriate content, revealing promising
potential and challenges to adapt jargon dynamically [52]. Other
work highlights that even perceived personalization, such as user-
controlled filtering, can shape how people engage with explanation
systems, including trust, satisfaction, and comprehension [14].

These studies provide the foundation for our approach, which
incorporates audience background information to deliver real-time
personalized jargon support. Yet, to our knowledge, no prior person-
alized jargon system targets live meetings, a gap that ParseJargon
directly addresses.

2.4 Enhancing Meeting Communication

The HCI community has long studied computer-mediated conver-
sations, from text-based group chat [19, 20, 49] to audio/video-
based online meetings [21, 39, 46]. Systems like Tilda [72] and
Wikum+ [65] focus on collaborative tagging and summarization in
group chats to facilitate the comprehension and sensemaking of
long chat streams. While these systems effectively support asyn-
chronous collaboration, Meeting Bridges[68] aims to bridge the gap
between synchronous meetings and asynchronous conversations,
ensuring that meeting content is preserved for post-meeting en-
gagement to avoid collaboration overload during remote meetings.

With increasing remote and hybrid collaboration, the advance-
ments in speech-to-text techniques empowered HCI researchers
to improve real-time meeting interactions through dynamic, in-
teractive interfaces. For instance, TalkTraces [15] visualizes ongo-
ing meeting content to help participants track topics in real time,
while MeetScript [16] provides interactive transcripts that enable
collaborative annotation, significantly enhancing participant en-
gagement. Additionally, Mirrorverse [28] shows the value of aug-
menting live calls to dynamically accommodate diverse meeting
situations and user requirements, while CrossTalk [71] supports
speakers by generating real-time talking points using LLMs, facili-
tating more informed and structured contributions. Son et al. [61]
also investigated distraction management, introducing systems that
intelligently structure and schedule interruptions to balance multi-
tasking and attention during online meetings. Other innovations



include speech agents acting as personal assistants to boost meeting
productivity [45] and real-time summaries designed to maintain
engagement in live interactions [3].

Despite these significant advancements, most prior real-time
systems have primarily focused on summarization, speaker assis-
tance, or distraction management, leaving jargon-related compre-
hension challenges relatively unexplored. Our system, ParseJargon,
addresses this specific gap by leveraging real-time meeting tran-
scripts to address jargon barriers during online meetings to enhance
both comprehension and engagement in cross-background conver-
sations.

3 Formative Diary Study
3.1 Methodology

We conducted a diary study involving 16 professionals at a technol-
ogy company in North America to systematically identify jargon
barriers in workplace meetings and to evaluate the effectiveness
of existing strategies that participants use to address the barri-
ers (RQ1). Participants came from diverse professional roles (7
researchers, 5 engineers, 2 marketers, and 2 directors) and varying
experience levels (6 junior, 7 mid-career, and 3 senior employees).
More demographic information can be found in Appendix Table 9.

Over a two-week period, participants documented instances of
encountering unfamiliar jargon during their real workplace meet-
ings, which included events ranging from weekly stand-ups to
larger cross-team presentations. For each unfamiliar term, partici-
pants recorded the date, meeting type (within-team or cross-team),
number of attendees, and subjectively classified the term’s domain
relative to their expertise (same, different, or unsure). Participants
then selected actions from a predefined list of how they had ad-
dressed these unfamiliar terms. The predefined list included six
actions grouped into three categories: passive (wait for explanation,
skip), asking (interrupt and ask, ask afterward), and searching
(search internally, search externally). This action list was initially
motivated from prior work [13, 22, 32, 63], then validated and re-
fined by the researchers through two rounds of internal meeting
testing. Participants also had the option to specify additional actions
not listed, but no new actions emerged during the study period.
Participants then rated each action’s helpfulness on a 5-point Likert
scale (1 = not helpful, 5 = very helpful). To minimize participants’
effort and avoid disrupting their natural meeting behaviors, we
provided a structured spreadsheet template (Figure 2) that’s easy
to fill.

We quantitatively analyzed the diary data using descriptive sta-
tistics to summarize action frequencies and average helpfulness
ratings. To further contextualize these findings, brief post-study
interviews were conducted with each participant to understand
their rationale behind selecting specific actions and to discuss the
perceived limitations of each strategy. Interviews were either audio-
recorded and transcribed, or were documented through detailed
note-taking when recording was not feasible due to practical con-
straints.

3.2 Findings

Participants documented 123 unfamiliar jargon terms across 47
meetings (approximately 2.6 terms per participant per meeting).
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Of these terms, 56 were classified as from a different domain, 45
from the same domain, and 22 as uncertain ("not sure"). Table 1
summarizes the quantitative outcomes, including action frequencies
and average helpfulness ratings.

Passive strategies were the most frequently used but the
least effective. Participants mainly adopted passive strategies,
either waiting for explanations (45.5%) or intentionally skipping
terms perceived as unnecessary to understand (9.8%). Waiting was
described as the most natural and straightforward approach (10 par-
ticipants), sometimes "the only appropriate option" (P3). However,
participants found that waiting didn’t often resolve their confusion,
reflected by the lowest helpfulness ratings (mean=3.11). This aligns
with prior findings suggesting passive listening is insufficient for
resolving misunderstandings of specialized terminology [13]. Par-
ticipants distinguished "skip" as intentionally disregarding the term
entirely, thus no helpfulness rating was provided for this action.

Asking was most effective but least employed due to tim-
ing and social constraints. Directly asking speakers to clarify
during meetings ("interrupt and ask,' 4.9%) or afterward ("ask af-
terward," 8.1%) were consistently rated as most effective (mean
ratings of 4.5 and 4.4, respectively). Most participants agreed they
would typically receive a helpful answer from the speaker (12 par-
ticipants), yet these strategies were infrequently adopted. Common
reasons for this reluctance included difficulty finding appropriate
timing (9 participants) and perceived social constraints (7 partici-
pants), such as "feeling impolite to interrupt” (P15) and sensitivity to
"power dynamics" (P4). These findings resonate with prior research
highlighting cultural and hierarchical constraints discourage direct
questioning in professional contexts [63].

Searching was somewhat helpful but also disruptive dur-
ing meetings. Searching externally (25.2%) or internally (within
company materials, 6.5%) ranked second in both frequency and
helpfulness (mean ratings of 3.52 and 3.62, respectively). How-
ever, participants expressed concerns about searching being dis-
tracting from the ongoing meeting content (10 participants) and
sometimes feeling socially inappropriate by visibly checking per-
sonal devices (3 participants). Such challenges align with previous
studies that interruption from ongoing meeting content can be
disruptive [9]. While searching could be beneficial when a clear
definition was found, it became challenging when jargon terms
were highly context-specific or internal to the organization (7 par-
ticipants), as described by P9, "Googling is hard if the terms are only
used in [company name], especially acronyms... internal materials
are dispersed and not indexed. The time to do it is way longer".

Cross-domain jargon exacerbated barriers and reduced
the effectiveness of existing strategies. Participants’ responses
varied notably based on the domain of unfamiliar terms. When jar-
gon originated from within their own domains, participants were
more likely to proactively ask for clarifications (22.2% for same-
domain terms vs. only 3.6% for cross-domain terms). Conversely,
cross-domain terms led participants toward passive strategies more
frequently (60.7% for cross-domain vs. 42.3% for same-domain).
Participants described that they would need more time and ef-
fort to understand cross-domain jargon (8 participants) and felt
less confident to address them (4 participants), causing existing
strategies less effective (helpfulness ratings for same-domain terms
vs. cross-domain terms: wait - 3.5 vs. 2.97; search - 3.94 vs. 3.2).
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Please note down the terms (or sentences) that you don't fully understand, one row per term. You don’t have to fill out everything in detail during the meeting if it negatively affects
your meeting experience. | would recommend completing the blue area before a meeting, taking notes in the green area during the meeting, and finish the remaining afterwards.
There will be pop-up instruction and drop-down menu if you click on each cell (except the header row).

Date Participant Type # of Participants |Term (Jargon) [Action [Action Hel pfulness |Jargon Domain
2024-08-08| Different Team (Different Domain) 10+ Diary Study [Wait for explanation or more contexts |4 (Helpful) Different domain

No action and skip

Wait for explanation or more contexts

Interrupt and ask

Ask (by you or other) afterwards with no interruption

Search on internal resources (e.g. meeting materials)

Search on external resources (e.g. public search engine)

Other

7

[ >

Figure 2: A screenshot of the diary study spreadsheet template with an example jargon of "diary study"

Table 1: Diary study results: the number of occurrences (with percentage) and the average helpfulness rating of each action
(out of 5) - passive strategy is most popular but least effective while asking is effective but least employed.

‘ Overall ‘ Same Domain ‘ Different Domain
Strategy ‘ Action ‘ N (%) ‘ Helpfulness ‘ N (%) ‘ Helpfulness ‘ N (%) ‘ Helpfulness
Askin Interrupt and ask 6 (4.9%) 45 5(11.1%) | 4.6 0 (0%) -
& | Ask afterward 10 8.1%) | 4.4 5(11.1%) | 4.2 2(3.6%) | 45
Searchin Search internally 8 (6.5%) 3.62 2 (4.4%) 4.0 6(10.7%) | 3.33
& Search externally 31(25.2%) | 3.52 14 (31.1%) | 3.93 14 (25%) 3.14
Passive | Wait for explanation | 56 (45.5%) | 3.1 16 (35.6%) | 3.5 29 (51.8%) | 2.97
Skip 12 (9.8%) | - 3(6.7%) | - 5(8.9%) | -

Such findings provide a strong motivation for personalized jargon
support tailored to individuals’ domain-specific backgrounds to
alleviate cognitive overload, which is also suggested by Guo et al.
[29] that personalized jargon identification is crucial.

These findings collectively underscore persistent barriers posed
by jargon in cross-background conversations, clearly indicating
user needs for non-disruptive, timely, and personalized jargon sup-
port integrated directly into meeting workflows.

3.3 Design Considerations

Based on insights from the diary study and prior literature, we
derived two key design considerations, which directly guided the
design and implementation of our system:

Automatic Real-time Jargon Support: Participants frequently
relied on passive strategies (e.g., waiting for potential explanations)
that were ineffective, or disruptive strategies (e.g., independently
searching for definitions) that caused distraction. Directly asking
was effective but rarely used due to social constraints such as po-
liteness concerns and power dynamics. Thus, the system should
automatically identify jargon and provide immediate explanations
without manual intervention, enabling seamless access without
disrupting the meeting flow.

Personalized Jargon Identification and Explanation: Com-
pared to jargon terms from a user’s familiar domain, it would be
helpful to more precisely identify cross-domain jargon, which sig-
nificantly increased cognitive load and reduced the effectiveness of

existing strategies. Consequently, the system should deliver person-
alized jargon predictions tailored to individual users’ backgrounds,
enhancing relevance and minimizing cognitive overload.

4 System Design

Building on the design considerations identified through our for-
mative diary study (§3), we developed ParseJargon, a real-time
system that automatically identifies and explains jargon tailored
to individual participants’ backgrounds during online meetings.
In this section, we first illustrate how the system supports users
through an example scenario (§4.1), followed by a description of the
system interface and backend (§4.2), and conclude with technical
implementation details (§4.3).

4.1 Example Usage Scenario

Consider a scenario in which a researcher presents a project in-
volving deep learning applications in earth science to a business
team responsible for product development (Figure 1). The audience
lacks expertise in both machine learning and earth science, mak-
ing it challenging for them to follow key technical terms such as
"segmentation” or "remote sensing", despite the speaker’s effort to
explain these terms briefly. The business team members are reluc-
tant to interrupt the speaker or independently search for definitions,
fearing social discomfort and potential distraction to miss other
important points, leading to persistent confusion and potentially
undervaluing the presented research.
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Figure 3: System Architecture Flowchart: from speech input to personalized glossary output

Now with ParseJargon, the business team has real-time access to
automatically generated explanations of unfamiliar jargon directly
within their meeting interface. As the speaker presents, terms like
"segmentation” and "remote sensing" are identified as jargon based
on each audience’s specific background and appear in a glossary
sidebar next to the main meeting window, offering concise and ac-
cessible definitions. Audience members no longer need to actively
search for terms or hesitate about interrupting the flow; instead,
they seamlessly access essential explanations. Note that the sys-
tem works for any audio/video meeting scenarios, with or without
screen sharing. With ParseJargon, the team maintains focus, en-
hances their comprehension, and can fully appreciate the value and
implications of the presented research by fully understanding the
technical difficulties.

4.2 System Architecture

Our system architecture (Figure 3) consists of two main compo-
nents: an LLM-powered backend for real-time jargon identification,
explanation, and personalization, and a frontend user interface that
displays jargon definitions seamlessly within the meeting environ-
ment.

4.2.1 Backend Technology. The backend leverages the OpenAI GPT
model to perform three interconnected tasks: jargon identification,
Jjargon explanation, and personalization. These tasks are executed
through prompting techniques to ensure both efficiency and effec-
tiveness. Prompts and parameters are provided in Appendix.

e Jargon Identification & Explanation: ParseJargon first
fetches the live transcription generated by the service pro-
vided in online meeting platforms. Upon receiving the tran-
scription, our backend identifies potential jargon and gener-
ates concise plain-language definitions for each term using
LLM. This process uses a single combined prompt, analyz-
ing each sentence of the meeting transcript sequentially.
Each identified jargon term is defined only once throughout
the meeting.

o Personalized Filtering: To tailor jargon support to indi-
vidual audience members’ expertise, the system applies a
second filtering step. Using a separate prompt, the system
assesses each participant’s professional or educational back-
ground (provided via text-based user profiles, e.g., 'T am
a quantum computing researcher and hold a Physics PhD.").

It then removes any identified jargon terms that the user
is likely already familiar with based on their background.
This personalized filtering significantly reduces unneces-
sary cognitive load, presenting users only with definitions
they are likely to need.

We found that this two-step approach of first identifying terms
and then filtering for those relevant to a user was more effective
than a single prompt for reducing the number of terms that the
user may already know.

4.2.2 Interface Design. The user interface of ParseJargon (Figure 1)
integrates seamlessly into standard online meeting platforms. The
primary components of the interface include:

e Real-time Captions with Highlighted Jargon: The live
captions are generated by the transcription service of the
online meeting platform. ParseJargon highlights the identi-
fied jargon terms for easy recognition.

e Latest Jargon Term Definition: The definition for cur-
rently identified jargon (latest term) appears in real-time,
enabling users to quickly glance at explanations. Users can
provide feedback by indicating their preference for each
identified jargon term ("like" or "dislike"). The preference
list is then added to the system backend via the personaliza-
tion filtering prompt to iteratively refine their user profiles
and improve future personalization accuracy.

o Persistent Glossary Sidebar: All identified jargon terms
from the meeting accumulate in a persistent glossary list,
allowing users to revisit terms and definitions at any point
during the meeting.

The persistent glossary and user feedback mechanisms were
introduced as iterative design improvements informed by find-
ings from the controlled experiment (detailed in §5.3). Each latest
term is displayed for at least 7 seconds (based on average reading
speed [12]) or until the next jargon term is identified. If a new
term is identified within 7 seconds, it is queued in the glossary list.
This timing mechanism is informed by prior research [41] and user
feedback from our controlled experiment, where there is no mini-
mum term displaying interval and the maximum of simultaneously
displayed terms is three.
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4.3 Implementation Details

ParseJargon is implemented as a Chrome browser extension inte-
grated into web-based meeting platforms (currently only supports
Zoom). The frontend interface is developed with React. js. The
backend server, developed using Python Flask, manages calls using
the OpenAI APL In the full implementation for the field study, we
use GPT-40-mini? for its fast speed as we value low latency more
in real-time experience. Conversely in the controlled experiment,
to evaluate the effectiveness of our technology, we chose GPT-40°
for its superior accuracy, as response speed was not needed with
pre-recorded videos (more information in the next section). The
server is deployed on Heroku with a PostgreSQL database.

5 Controlled Experiment

To systematically evaluate ParseJargon’s backend capabilities, we
conducted a controlled experiment, aimed to assess whether the
system improves meeting comprehension, engagement, and partici-
pants’ perceived value of speakers’ presentations, and how effective
the personalized filter is. We made the following hypotheses, asso-
ciated with RQ2 and RQ3, respectively:

e H1: ParseJargon will enhance participants’ comprehension,
engagement, and perceived value of others’ work during
meetings.

e H2: Participants will find the personalized version of Parse-
Jargon more helpful and less distracting compared to a
non-personalized general-purpose version.

Our system depends on live captions provided by online meet-
ing platforms’ speech-to-text engines (e.g., Otter.ai for Zoom [54],
Azure Speech-to-Text for Teams [8]). However, as these transcrip-
tions are not always reliable [56], we chose to use pre-recorded
videos with manually verified transcriptions in this controlled ex-
periment. This allowed us to isolate and precisely evaluate the
backend capabilities of ParseJargon as a proof-of-concept, without
interference from transcription inaccuracies or latency variations.
We conducted another supplementary lightweight field study (§6)
to evaluate usability in real meeting scenarios.

5.1 Methodology

5.1.1  Participants and Presentation Preparation. We recruited seven
interns from diverse teams within the same technology company
as our diary study (no overlap with diary study or field study par-
ticipants). This participant selection ensured minimal prior knowl-
edge about each other’s projects, creating authentic conditions
for assessing jargon barriers. Participants had varied educational
backgrounds (including Computer Science, Applied Mathematics,
Physics, Civil Engineering, and Statistics) and diverse intern job
roles. Detailed demographics are included in Table 2.

Each participant was asked to prepare and present a 10-minute
presentation about their ongoing project, supported by slides. These
presentations were recorded and initially transcribed via Microsoft
Teams, the company’s primary communication platform to mimic a
realistic workplace scenario for the experiment. All the transcripts
were then manually verified to ensure correctness.

2gpt-40-mini-2024-07-18, https://platform.openai.com/docs/models/gpt-4o-mini
3gpt-40-2024-05-13, https://platform.openai.com/docs/models/gpt-40

Table 2: Controlled experiment participant profiles, hiding
participant index and randomizing the order for anonymity

Education Job Role

Statistics PhD

Computer Science Master
Applied Mathematics PhD
Computer Science Master
Physics PhD Quantum Researcher
Civil Engineering PhD Earth Science Researcher
Computer Science Bachelor  Application Engineer

Machine Learning Researcher
Research Engineer
Oceanography Researcher
Data Engineer

5.1.2  Experimental Conditions. We created three experimental con-
ditions using the recorded and transcribed presentations:

e General-purpose Jargon Support (Condition 1): Presen-
tation recordings were processed by ParseJargon without
the personalized filter, identifying and defining all poten-
tially unfamiliar terms not tailored to their specific back-
ground. Identified jargon terms were displayed in a glossary
sidebar next to the video. (Figure 4a)

e Personalized Jargon Support (Condition 2): Using a
short user profile provided by participants (one-sentence
summary describing their education, job role, and domain
expertise), presentation recordings were processed by the
complete ParseJargon system with personalized filter. (Fig-
ure 4b)

e Baseline (Condition 0): The original presentation record-
ings with no jargon support, standard transcripts were dis-
played to maintain consistency with Conditions 1 and 2,
without highlighting any jargon.

5.1.3  Procedure. We employed a within-subject design where each
participant viewed all presentations from the other six participants.
To minimize order effects, we used a counter-balanced watching
schedule. Because we had three conditions and seven participants,
a perfect Latin square was impossible, but we rotated the three
conditions so the overall counts were evenly distributed across
first, middle, and last positions. This resulted in 14 unique viewing
experiences per condition and a total of 42 participant-presentation
pairs. The complete viewing order is given in Appendix Table 10.

Participants watched the recordings individually in two separate
sessions (approximately 45 minutes each), viewing three presen-
tations per session (one for each condition). Sessions were spaced
at least one day apart to minimize fatigue effects. The order of
presentations and conditions was randomized for each participant
to mitigate potential learning effects.

Participants watched the recordings on their laptops without
pausing or navigating through the videos to replicate live meet-
ing conditions. However, they were allowed to freely use external
resources (e.g., web searches, LLM queries) as needed, mirroring
potential real meeting behaviors. The researcher remained available
throughout the sessions, observing participants’ screens to verify
procedural adherence. At the end of the second session, participants
were given the option to share feedback through a brief interview.
In this interview, they were encouraged to describe their overall
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Figure 4: General-purpose Jargon vs Personalized Jargon: Assume the audience has a background in computer vision but not
earth science, they would already know the term segmentation, so only remote sensing would be displayed in the sidebar as an

unfamiliar term

experience with the jargon sidebar, including what they liked or
disliked about it. Study sessions were recorded and transcribed.
This experiment was approved by the company internal ethics and
legal board, as well as the diary study and field study.

5.1.4  Evaluation Metrics. We evaluated the system’s effectiveness
through several complementary metrics, capturing both subjective
and objective dimensions.

Self-reported measures. After watching each presentation, par-
ticipants completed a short survey assessing their subjective ex-
periences through 5-point Likert-style scale (1 = least, 5 = most)
questions:

e Comprehension confidence: "How confident do you feel in
your understanding of the presentation?”

o Engagement: "How engaged were you while following the
presentation?"

o Perceived value: "How valuable do you think the presented
work is?"

e Glossary helpfulness (Condition 1 & 2 only): "How help-
ful were the term explanations provided in the glossary
sidebar?"

Comprehension assessment. Participants wrote one-sentence take-
aways and one-sentence questions for each presentation. These
were anonymously evaluated by the original presenters for clarity,
relevance, and depth on a 5-point Likert-style scale (1 = least, 5 =
most). Unlike quizzes used in prior work [41], this approach em-
phasizes speakers’ evaluations of listeners’ comprehension quality,
aligning more closely with real-world workplace communication
needs [23, 69].

Glossary helpfulness rate. To explicitly evaluate the effectiveness
of personalization, after Conditions 1 and 2, participants reviewed
the entire glossary (all jargon identified), rating each term as either
helpful (useful to some extent) or not helpful (unnecessary and
potentially burdensome). We computed the helpfulness rate as the
proportion of glossary terms rated helpful, which can be understood
as the "precision” of jargon identification.

5.1.5 Analysis. We will report the statistical comparisons on these
Likert-scale metrics between conditions (general vs. baseline, per-
sonalized vs. baseline, personalized vs. general) using Wilcoxon
signed-rank test. We chose this non-parametric approach given
the ordinal nature of Likert-scale data and the relatively small par-
ticipant sample size [47]. Effect sizes (Cohen’s d) were calculated.
Holm-Bonferroni corrections were applied to control for Type I er-
rors due to multiple comparisons [4], and we will report significance
based the corrected p-values.

5.2 Results

Our controlled experiment results support both hypotheses, show-
ing that ParseJargon (personalized version) significantly improved
participants’ comprehension, engagement, and perceived value of
the present work, and that personalization significantly enhanced
jargon identification precision and user satisfaction. Table 3 and 4
show the average rating of self-reported measures and comprehen-
sion assessment respectively for each condition. The complete test
statistics can be found in Appendix Table 11.

5.2.1 Personalized jargon support improved self-reported compre-
hension, engagement, and perceived value, but the general version
does not. (H1). As shown in Table 3, both the general and person-
alized conditions significantly increased comprehension compared
to the baseline, with the personalized system showing greater im-
provement. However, only the personalized condition improved
participants’ engagement, whereas the general version decreased
engagement from baseline. Interviews revealed that participants
felt overwhelmed by the excessive number of definitions (6 partici-
pants), "too many term definitions with very short reading time", as
described by P1. Some participants even described this as "annoy-
ing" (P4) or even "offensive... (because) the system treats me like I
know nothing" (P3).

While both experimental conditions improved participants’ per-
ceived value of others’ presented work, only the personalized con-
dition showed significance in rating improvement (Table 3). For
instance, while P6 described the high-level objectives of a visualiza-
tion application in their presentation, they listed various libraries
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Table 3: Self-reported outcomes by condition (mean + SD). Statistical significance (* vs. Baseline; ' vs. General) is indicated by
Holm-Bonferroni corrected p<.05 using Wilcoxon signed-rank tests (N=14 per condition).

General Personalized

Metric ‘ Baseline
Comprehension | 3.07 (+ 0.62)
Engagement 3.93 (% 0.83)
Perceived Value | 3.57 (% 0.65)
Usefulness -

3.79 (£ 0.70)*  4.29 (+ 0.61)*"

3.64 (+1.01)  4.29 (+ 0.73)
3.93 (£ 0.62)  4.43 (+ 0.51)*T
3.93 (£ 0.83)  4.64 (+ 0.50)

and datasets as implementation details without explaining any
of them. ParseJargon identified these libraries and datasets and
provided a brief introduction for each, which helped to "better un-
derstand the workflow (of the visualization application) under specific
contexts", as mentioned by P7. This suggests that clearer compre-
hension may enable people to better recognize the significance of
the others’ work from an unfamiliar domain.

Table 4: Presenter-graded comprehension (aggregated across
takeaways and questions; mean + SD). Statistical signifi-
cance (* vs. Baseline; " vs. General) is indicated by Holm-
Bonferroni corrected p<.05 using Wilcoxon signed-rank tests
(N=14 per condition).

Metric ‘ Baseline General Personalized
Clarity 418 (£ 0.80) 4.21(+0.73) 436 (+ 0.63)

Relevance | 3.64 (£ 1.06) 4.43 (+ 0.65)*  4.39 (+ 0.45)*
Depth 3.25(x 1.17)  3.68 (£0.72)  4.04 (x 0.57)*

5.2.2  Jargon support led to higher scores in comprehension assess-
ment. (HT). In addition to improvements in self-reported compre-
hension, participants provided significantly higher-quality take-
aways and questions in terms of relevance and depth when using
ParseJargon. However, clarity remained relatively unaffected, likely
due to the fact that clarity depends more on participants’ writing
skills than on their understanding of presentations. (Table 4). The
personalized system resulted in the highest depth and clarity rat-
ings, while both general and personalized conditions significantly
improved relevance over baseline. This suggests that the personal-
ized glossary guided participants to more critical technical details
by filtering jargon more precisely than the general glossary.

Table 5 illustrates how takeaways and questions varied by condi-
tion for a presentation on predicting ocean surface properties using
Fourier Neural Operators (a research project similar to [62]). In the
baseline condition, the takeaway and question are relatively vague
and general. Conversely, the pair in the general system condition is
much more relevant targeting key presentation topics, and the per-
sonalized condition pair is not only relevant but includes in-depth
technical details.

5.2.3  Personalized jargon support is significantly more helpful with
more precise jargon identification. (H2). The personalized glossary
identified significantly fewer terms on average (9.71 vs 22.57, Ta-
ble 6), increasing helpfulness rate dramatically from 47.03% to
77.51%. This precision significantly reduced unnecessary cognitive

load, enabling greater engagement and comprehension by focusing
only on the jargon terms that they truly need help (Table 3).

Table 7 provides an illustrative example from P5’s presentation
about deep learning applications in earth science, clearly high-
lighting the advantages of personalization. For the two audiences,
one is from the real background of P6, a software engineer with
some machine learning background who may potentially assist
in implementing the technology but lacks earth science knowl-
edge; and the other one is a hypothesized persona, a senior earth
science researcher who provides domain-specific suggestions but
has limited experience with Al technology, to better demonstrate
the potential differences in personalization based on two diverse
backgrounds. Given their diverse backgrounds, the two audiences
require assistance with different subsets of jargon, which form part
of the general audience’s glossary. This demonstrates that the per-
sonalized filter successfully reduced unnecessary terms, allowing
participants to focus on the information most relevant to them.

Although overall personalization was consistently beneficial,
qualitative feedback identified one instance where personalization
performed sub-optimally. In P1’s presentation, many jargon terms
were related to business operations. P2, while currently being an
applied mathematics PhD, had launched a startup before, which
makes them familiar with the business jargon. However, since this
piece of information was not provided by the participant as their
background input, these jargon terms remained unfiltered. This
highlights that the quality and completeness of user profiles may
heavily influence personalization precision.

We also found that, for the same presentation, listeners who were
more distant in their knowledge compared to the the speaker (e.g.,
a computer engineering undergraduate vs. an earth science PhD)
benefited more from personalized support. This is consistent with
findings in prior research [5], suggesting that the "distance” between
the background of a speaker and a listener would determine how
strong the need for personalized jargon support is.

5.3 Design Refinement

Interview insights from the controlled experiment informed two
additional design changes for the ParseJargon system. The first
was a feedback mechanism allowing users to "like" or "dislike" glos-
sary definitions for refining future jargon predictions. Six out of
seven participants expressed interest in having more control over
displayed terms to tune their personalized jargon assistant. The
second was a persistent glossary sidebar, where jargon definitions
remained accessible throughout the meeting, and an update to
the display logic for showing the latest term (§4.2). Participants
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Table 5: Example takeaways and questions from different glossary conditions, illustrating differences in relevance and depth

(presentation topic: predicting ocean surface properties)

Condition

Example Takeaways

Baseline (0)

Using Al to understand behaviour of ocean surfaces

General (1)

Using neural networks with Fourier Transforms to predict ocean depths is pretty reliable

Personalized (2) .
ocean surface properties.

FNO is versatile in terms of accepting the input and output of different sizes to predict the

Condition Example Questions

Baseline (0)

What are the implications of your study to real life?

General (1
) decision makers in general?

How does extending the prediction accuracy time help the environmental scientist or

Personalized (2)

Could you elaborate more on spectrum space and what’s the benefit of using spectrum loss
function over (traditional) cross entropy loss?

Table 6: Average number of identified terms and helpfulness rate per participant-presentation.

Condition ‘ # Total Terms ‘ # Helpful Terms H Helpfulness Rate

22.57
9.71

General
Personalized

10.29
7.64

47.03%
77.51%

Table 7: Example jargon filtering from general to personalized glossary, showing tailored term selection based on different
audience backgrounds (presentation topic: deep learning applications in earth science)

Glossary (for general audience) ‘ For Machine Learning Engineer ‘ For Earth Science Researcher

Benchmarking
Foundation Models X
Remote Sensing
Pre-training X
Satellite Data
Self-supervised Learning X

mentioned they sometimes lacked sufficient time to read defini-
tions fully (3 participants) or wished to revisit definitions later (4
participants).

6 Field Study

To complement our controlled experiment and explore ParseJar-
gon’s performance in real-world settings, we conducted a light-
weight field deployment within a real-time team meeting at the
same technology company. Unlike the controlled experiment de-
signed to validate backend effectiveness in carefully managed con-
ditions, this deployment aimed to assess ParseJargon’s practical
usability, perceived cognitive workload, and usefulness in improv-
ing communication during actual workplace meetings.

6.1 Methodology

6.1.1 Participants and Setup. We deployed ParseJargon during a
regularly scheduled weekly team meeting consisting of ten mem-

bers: one director, six senior researchers, and three junior researchers.

More demographic information can be found in Appendix Ta-
ble 9. The meeting typically involved presentations by the junior
researchers presenting updates on their projects. Though team
members generally had shared knowledge, differences in specific
research domains still introduced unfamiliar jargon.

6.1.2  Procedure. Participants installed ParseJargon’s Chrome ex-
tension following brief instructions, after which we introduced
its key features. This onboarding process took around 10 minutes.
After onboarding, participants then joined the Zoom meeting via
browser and logged into ParseJargon, providing a concise textual
profile describing their educational and professional backgrounds
for personalized jargon filtering. Participants then started their reg-
ular meeting with the system running automatically in real-time
with the latest jargon term definition and the persistent glossary.
The entire meeting lasted approximately 45 minutes, with each of
the three junior researchers spending 10 minutes presenting and 5
minutes discussing after each presentation. Immediately after the
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meeting, participants completed an online survey to evaluate the
system.

6.1.3 Metrics. The post-meeting survey assessed ParseJargon across
four dimensions:

o Cognitive Workload: Participants completed the standard
NASA-TLX survey across six dimensions: mental, physical,
and temporal demand, performance, effort, and frustration.

o Usability: Participants rated the system’s ease of use, feature
integration, and their willingness for frequent future use.

o Effectiveness: Participants first selected their most used typ-
ical strategy for managing jargon from the action list of
our diary study (§3). They then rated how ParseJargon im-
proved their comprehension, engagement, and perceived
value of colleagues’ presentations, compared to their previ-
ously selected typical strategy, using questions consistent
with our controlled experiment (§5).

o Qualitative Feedback: Participants provided open-ended re-
flections on their overall experience, perceived strengths
or limitations, and suggestions for future improvements.

The cognitive workload was measured using the 21-point NASA-
TLX scale, while usability and perceived usefulness were assessed
via 5-point Likert scale questions.

6.2 Results

Table 8: NASA-TLX Results from Field Study (out of 21, lower
score indicates lower cognitive load)

Dimension Score (Mean + SD)
Mental Demand 4.8 +£3.39
Physical Demand 2.3+1.83
Temporal Demand 5.2 £ 4.54
Frustration Level 5.3 + 3.65
Effort 5.1 +4.25

6.2.1 Usability and Cognitive Workload. Participants rated Parse-
Jargon’s usability positively, with average scores of ease-of-use at
4.3 (SD = 0.82), feature integration at 4.5 (SD = 0.53), and willing-
ness for frequent future use at 3.9 (SD = 1.1), on a 5-point scale.
NASA-TLX results further support the system’s practical usability,
indicating low cognitive load across all dimensions (Table 8).

These scores demonstrate that ParseJargon offers strong usabil-
ity and introduces minimal cognitive workload, preserving partici-
pants’ natural meeting engagement. Qualitative feedback further
emphasized ease-of-use and seamless integration by comments such
as: ‘Tt was a smooth interface and easy integration with Zoom-like
applications.” (P4) and “What I liked most was that it was automatic
and non-intrusive.” (P10)

6.2.2 Perceived Effectiveness. Participants reported overall positive
impacts from using ParseJargon on comprehension (mean = 3.9, SD
= 1.37), engagement (mean = 3.6, SD = 1.35), and perceived value of
colleagues’ work (mean = 4.0, SD = 1.05), consistent with findings
from the controlled experiment (§5.2). Compared to their original

strategies (e.g., passive waiting or searching on the internet), partic-
ipants valued the immediate jargon explanations provided by the
system. For instance, participants stated: “It saved me the hassle of
trying to Google stuff as the meeting went on.” (P3) and T like that it
keeps me engaged with the speaker... it made me want to put more
effort into understanding jargon in presentations.” (P7)

However, two participants reported low effectiveness ratings
due to inaccuracies in jargon identification. One participant noted:
“It was not very useful for me and provided no real new informa-
tion.” Another participant, while acknowledging the system design,
expressed that “The correct level of identification is not good. If it
worked properly, I think it would be tremendously helpful.”

We attribute these accuracy issues to three primary factors: (1)
inaccurate captions generated by the platform’s speech-to-text ser-
vice, potentially exacerbated by environmental noise or accent dif-
ferences; (2) the lower-performing GPT-40-mini model (compared
to GPT-40 used in the controlled experiment) selected for real-
time responsiveness; and (3) the low-jargon nature of within-team
meetings - as highlighted by P4, “The level of jargon in the meeting
was not too high for me because I already knew most of the content.”
These limitations suggest directions for further optimization of
ParseJargon to provide better jargon support.

7 Discussion
7.1 Enhancing Personalized Jargon Support

While our current approach effectively demonstrates the value of
personalized jargon identification, several promising directions
remain to further enhance and deepen personalization.

7.1.1  Personalized Jargon Explanations. Our current implementa-
tion provides uniform textual explanations for identified jargon,
focusing primarily on filtering out familiar terms based on users’
profiles. However, personalization could extend beyond identifica-
tion to the generation of explanations themselves. Future works
might build systems that can dynamically adjust jargon explana-
tions according to individual user expertise, and study how these
factors affect personalization effectiveness. For instance, domain
experts could receive concise, technical definitions, whereas users
less familiar with the topic might benefit from detailed explanations
accompanied by examples tailored specifically to their backgrounds
as suggested in prior research [5]. Such in-depth personalization
could significantly reduce unnecessary cognitive load and provide
more engaging and meaningful interactions. Incorporating analo-
gies that resonate with users’ experiences can further deepen their
comprehension and retention of complex terms, bridging interdis-
ciplinary communication gaps more effectively.

7.1.2  Diverse Explanation Formats. Currently, ParseJargon exclu-
sively delivers jargon explanations in plain textual format. While
effective, reliance on a single modality can limit the accessibil-
ity and usefulness of jargon support, especially for concepts best
explained visually or interactively. Recent studies in multimodal
explanation systems highlight the potential of integrating diverse
content formats to enhance learning and comprehension [41, 71].
Future iterations of our system could incorporate explanations with
more diverse formats, such as figures, tables, or more complex inter-
active components to support visual learners and better illustrate



specific jargon types (e.g. showing a map for spatial or geographical
terms). Additionally, integrating interactive and dynamic elements
could empower users to explore explanations at their own pace and
preference, improving engagement and accommodating diverse
learning styles.

7.1.3  Customization for Organizational Jargon. Our field study (§6)
highlighted another crucial personalization need: accurate inter-
pretation of organization specific jargon. As P8 from the field study
explicitly suggested: "Make it explain corporate/company specific
Jjargon would make the product very unique.". For instance, without
targeted adjustments, LLMs might misinterpret internal acronyms,
for instance, “TSU” as “Texas Southern University” rather than
the correct “Technology Strategy Unit.” This issue underscores the
importance of adapting jargon-support systems to unique organiza-
tional contexts. Future enhancements could incorporate company-
specific glossaries or enable organizations to maintain their own
custom terminology databases within ParseJargon. Further, lever-
aging methods such as fine-tuning large language models with
organization-specific documentation could greatly improve jargon
identification and explanation accuracy. Customizing models in this
way could significantly reduce misinterpretations and better sup-
port internal communication, particularly within large, jargon-rich
enterprises.

7.2 Extending Beyond Real-time Meetings

While ParseJargon was primarily designed for real-time meetings,
our study findings and system design suggest it could effectively
support users in asynchronous contexts. The reliance on pre-recorded
presentations during our controlled experiment highlights Parse]Jar-
gon’s potential benefits in recorded materials, aligning with recent
efforts that explore jargon assistance in video content [41]. For
instance, P10 from our field study also suggested this idea by ex-
plicitly stating: "(ParseJargon) could be tested on technical Youtube
videos". Here we discuss two potential contexts where ParseJargon
could significantly enhance asynchronous communication.

7.2.1 Supporting Recorded Educational Materials. ParseJargon could
be effectively integrated into educational environments such as

recorded lectures, webinars, or training sessions. In these settings,

learners typically engage independently with specialized content

and lack immediate opportunities to seek clarifications. Integrating

ParseJargon into recorded materials as a caption layer or glossary

overlay could provide learners with on-demand personalized jar-
gon explanations, allowing them to remain focused on core content

without frequent interruptions to search for definitions. This capa-
bility could be particularly beneficial in online courses, e.g. Massive

Open Online Courses (MOOCs), where participants from diverse

backgrounds often encounter different barriers due to specialized

terminology.

7.2.2  Facilitating Presentation Rehearsal and Preparation. Another
compelling application involves adapting ParseJargon as a rehearsal
and preparation tool for presenters aiming to communicate complex
ideas clearly to diverse audiences. Presenters frequently struggle
to balance technical depth with accessibility, especially in inter-
disciplinary or public-facing scenarios. ParseJargon could enable
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speakers to anticipate which terms may require preemptive clarifi-
cation based on hypothetical or known audience profiles. By identi-
fying terms that likely lead to comprehension challenges, speakers
could proactively refine their content for clarity and accessibility.
Such functionality would be valuable for both live presentations
and recorded content, enhancing communication effectiveness and
engagement across varied audiences.

7.3 Toward a Long-term Personalized Assistant

Currently, our system integrates user feedback through basic in-
teractions such as liking or disliking jargon explanations, provid-
ing only limited adaptation via prompt engineering within single
meeting sessions. However, participants expressed interest in more
sophisticated control mechanisms to refine jargon identification
and explanation accuracy. For example, allowing users to explicitly
set preferences beyond simple textual profiles for definition depth,
detail level, or explanatory style could substantially improve per-
sonalization quality. Future iterations could incorporate interactive
sliders or preference toggles, enabling users to dynamically adjust
the granularity and style of jargon explanations and fine-tune the
system according to individual objectives.

Additionally, while our existing persistent sidebar glossary sup-
ports term revisiting, its interactive capabilities remain minimal.
Enhanced systems could enable users to organize, annotate, search,
or export terms from personalized glossaries for deeper engagement
or integration into personal learning materials. Actively managing
jargon terms both during and after meetings would help users signif-
icantly improve learning and retention, transforming the glossary
into an evolving knowledge resource.

Ultimately, such enhancements could position ParseJargon as a
long-term personal jargon assistant that continuously learns and
adapts to individual user preferences. Such an assistant would main-
tain persistent user profiles incorporating historical interactions,
accumulated jargon familiarity, and preferred explanation styles.
With these advanced capabilities, users could access personalized
jargon support seamlessly across diverse contexts (e.g., meetings,
technical videos, seminars), consistently receiving tailored assis-
tance that aligns with their evolving knowledge needs. This future
direction also reflects P4’s feedback from our field study to extend
ParseJargon into "a personal jargon assistant that is installed on your
mobile device", underscoring the potential to offer personalized
ubiquitous support beyond individual meetings.

8 Limitations

While our controlled and field studies provided complementary
insights into ParseJargon’s backend effectiveness and real-time us-
ability, several limitations remain. Both studies involved relatively
small-scale samples from a single technology company, resulting
in demographic homogeneity that may limit the generalizability
of our findings. Additionally, our controlled experiment relied on
pre-recorded videos to isolate backend performance, which, though
effective for initial evaluation, did not fully capture the complexities
and unpredictability of live meetings, particularly dynamic inter-
personal interactions. Future research should pursue larger-scale
and/or longitudinal studies across diverse organizational contexts,
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as well as another more comprehensive real-time controlled experi-
ment to better validate ParseJargon’s capabilities.

Another limitation involves our personalization approach, which
currently depends on concise user-provided textual profiles. As
highlighted in the controlled experiment (§5.2), some participants
may have informal or unreported background knowledge that their
profiles did not reflect, limiting personalization accuracy. Future
systems could address this by integrating richer user profiling meth-
ods, such as capturing usage history, comprehensive interactive
feedback, or automated background inference techniques, thereby
enhancing the precision and effectiveness of personalized jargon
identification.

Finally, our field study highlighted practical constraints due to
reliance on external speech-to-text services provided by video con-
ferencing platforms, which introduced transcription errors, espe-
cially for diverse accents or noisy environments (§6.2). Additionally,
deploying a less powerful LLM variant (GPT-40-mini) to maintain
real-time responsiveness further compromised jargon identification
accuracy. To overcome these limitations, future work might explore
developing dedicated meeting platforms or custom speech-to-text
engines optimized specifically for jargon content, coupled with
more powerful LLMs suitable for low-latency and high-accuracy
jargon recognition (e.g., recently introduced GPT-40-Realtime?).
These technical advancements could significantly enhance Parse-
Jargon’s robustness and effectiveness in real-time meetings.

9 Conclusion

In this paper, we introduced ParseJargon, an LLM-powered real-
time system designed to overcome interdisciplinary communication

barriers caused by jargon. ParseJargon significantly enhances com-
prehension, engagement, and appreciation of colleagues’ contribu-
tions during online meetings. Our controlled experiment demon-
strated the clear benefits of personalized jargon support over general-
purpose assistance, while a subsequent field study confirmed the

system’s usability and practical value in authentic workplace sce-
narios. Looking forward, ParseJargon presents promising avenues

for broader applications, including educational content integration,

support for presentation preparation, and advanced personalization

techniques. Ultimately, these advancements position ParseJargon

as a comprehensive, personalized assistant that facilitates lifelong

learning and effective interdisciplinary collaboration.
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Prompts

For both GPT-40 and GPT-40-mini, the temprature is set to 0.1 and
maximum length is 1000.

A.1 Jargon Identification & Explanation

System Message Your job is to help an audience listen to
speeches that might contain terms they are unfamiliar with.
You will be given the transcript of the speech, one sen-
tence after another. For each sentence, the format will be
"Transcript: [sentence]". Your task is to first identify any of
those terms that the audience might not fully understand,
then provide a definition for each term with any necessary
background knowledge in concise, simple plain language.
Please skip any terms you believe are nonsense or partial-
error caused by speech-to-text transcription mistakes. Your
output should be in the format of a list of term-definition
pairs. Return only valid JSON in the format [{"term": "defi-
nition"}, ...]. Do not include additional commentary or text
outside the JSON. Please leave the list blank if you think
all the terms in the input phrase are common words that
don’t need additional explanations. You don’t need to out-
put a term if it has already been identified in previous input
phrases.

User Prompt Transcript: {transcript}, Previously define terms:
{defined_terms}, User preference: {preferences}

A.2 Personalization

B

System Message A previous agent has generated a glossary
of term-definition pairs from a transcript. Your job is to help
the audience reduce the number of terms in the glossary.
The audience’s background is "{background}". The input
glossary is provided in valid JSON format, where each item
is structured as {"term": "definition"}. Please examine only
the terms (the keys in the JSON) and determine which
terms the audience is likely already familiar with based
on their background. Then, remove these terms from the
glossary. Return only valid JSON structured exactly as: {"un-
derstood_terms": ["term1", "term2", ...], "refined_glossary":
[{"term": "definition"}, ...]}. Do not include any extra com-
mentary or text.

User Prompt {glossary}

Tables

This section includes three tables to show 1) the demographic infor-
mation for diary study and field study participants, 2) the presenta-
tion viewing order for the controlled study, and 3) test statistics for
all metrics in the controlled study.
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Table 9: Participant demographics summary for diary study and field study

Diary Study (N=16) Field Study (N=10)

Gender
Female 3 (18.75%) 0 (0%)
Male 13 (81.25%) 10 (100%)
Age
18-24 3 (18.75%) 3 (30%)
25-34 7 (43.75%) 2 (20%)
35-44 3 (18.75%) 3 (30%)
45-54 0 (0%) 0 (0%)
55-64 3 (18.75%) 2 (20%)
Education
Bachelor’s 1(6.25%) 0 (0%)
Graduate 15 (93.75%) 10 (100%)
Ethnicity
Asian 10 (62.5%) 8 (80%)
White 5 (31.25%) 1(10%)
Other/Mixed 1(6.25%) 1(10%)
English Proficiency
Native/Proficient 12 (75%) 3 (30%)
Professional 4 (25%) 7 (70%)

Table 10: Viewing schedule for every participant, using a counter-balanced design. Entry format = condition—presenter. Condi-
tions: 0 Baseline, 1 General, 2 Personalized.

Audience Session 1 Session 2
P1 0-P2 1-P3 2-P4 | 1-P5 2-P6 0-P7
P2 1-P3 2-P4 0-P5 | 2-P6 0-P7 1-P1
P3 2-P4 0-P5 1-P6 | 0-P7 1-P1 2-P2
P4 0-P5 1-P6 2-P7 | 1-P1 2-P2 0-P3
P5 1-P6 2-P7 0-P1 | 2-P2 0-P3 1-P4
P6 2-P7 0-P1 1-P2 | 0-P3 1-P4 2-P5
P7 0-P1 1-P2 2-P3 | 1-P4 2-P5 0-P6

Table 11: Test statistics for all metrics, including w (Wilcoxon signed-rank test), corrected p-value for w, and Cohen’s d.
Holm-Bonferroni method was used for post-hoc correction.

‘ General vs Baseline ‘ Personalized vs Baseline ‘ Personalized vs General

Metric ‘ w Pw d ‘ w Pw d ‘ w Pw d

Comprehension | 56.0 0.0294 0.6682 | 86.5 0.0047 1.2455 24.5 0.0294 0.5316
Engagement 26.0 0.7395 -0.1988 | 31.5 0.2733 0.2938 25.5 0.0710 0.5942
Value 48.0 0.0658 0.4242 72.5 0.0073 1.1127 21.0 0.0196 0.7687
Usefulness’ - - - - - - 50.5 0.0065 0.8654
Clarity 49.0 0.3215 0.0626 59.0 0.2248 0.2673 59.0 0.3232 0.1797
Relevance 90.0 0.0076 0.7751 91.0 0.0055 0.8832 40.0 0.5527 -0.0626
Depth 68.0 0.1551 0.3378 86.0 0.0099 0.7751 65.0 0.0647 0.4493

T Usefulness is only defined for General and Personalized conditions.
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