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Figure 1: LINGOQ consists of three components. In LINGOQUERY for desktop I, information workers can interact with an
LLM-based chatbot for English-related language queries. The automated quiz generation pipeline Y produces and curates
multiple choice English questions using the query interactions of LINGOQUERY as materials. In LINcoQuiz [® on a smartphone,
workers can later review their language queries by completing the generated quizzes. (Please refer to our supplementary video,
available at https://naver-ai.github.io/lingo-q, which demonstrates the interactions.)
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Abstract

Non-native English speakers performing English-related tasks at
work struggle to sustain EFL learning, despite their motivation.
Often, study materials are disconnected from their work context.
Our formative study revealed that reviewing work-related English
becomes burdensome with current systems, especially after work.
Although workers rely on LLM-based assistants to address their
immediate needs, these interactions may not directly contribute to
their English skills. We present LING0OQ, an Al-mediated system that
allows workers to practice English using quizzes generated from
their LLM queries during work. LINGOQ leverages these on-the-fly
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queries using Al to generate personalized quizzes that workers can
review and practice on their smartphones. We conducted a three-
week deployment study with 28 EFL workers to evaluate LINGOQ.
Participants valued the quality-assured, work-situated quizzes and
constantly engaging with the app during the study. This active
engagement improved self-efficacy and led to learning gains for
beginners and, potentially, for intermediate learners. Drawing on
these results, we discuss design implications for leveraging workers’
growing reliance on LLMs to foster proficiency and engagement
while respecting work boundaries and ethics.
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1 Introduction

In the global economy, where online resources are predominantly
in English, information workers! who are not native English speak-
ers often need English proficiency for their jobs. This requirement
includes understanding English texts used in papers, articles, and
reports, as well as the ability to communicate via email. To enhance
their English proficiency, information workers frequently engage
in self-directed language learning using mobile applications like
Duolingo [33], Babbel [7], Memrise [77], and RosettaStone [92]
that offers access to learning anytime, anywhere through mobile
phones [105]. However, the mobile language learning apps often
create study materials from generic situations like traveling or
business meetings, limiting the depth and practical relevance of
vocabulary and conversational skills. Such questions, based on ordi-
nary scenarios, make it difficult to acquire the English skills needed
for work-related tasks directly. For example, a programmer requir-
ing English for API documentation gains little from fill-in-the-blank
questions about family composition or reading comprehension ex-
ercises on threats to coral reefs in the Pacific Ocean.

To address the challenge of English studies being disconnected
from workers’ everyday tasks, we draw on task-based language
teaching [81] and situated learning [68]. When study materials are
embedded in workers’ job contexts, they can improve task per-
formance while sustaining engagement in language learning [3].
Prior research shows that grounding instruction in authentic tasks
not only supports second language acquisition [75, 108], but also
enhances motivation [55] and strengthens memory retention [21].

!In this work, we use the term information worker to refer to workers whose primary
job role involves gathering, synthesizing, and producing new information [65]. In this
paper, we will use the term ‘workers’ to specifically refer to information workers.
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Building on these insights, we investigate whether generating study
materials of mobile language learning apps directly from work tasks
can further enhance language learning and foster long-term engage-
ment. Prior work has explored context-aware content generation
using daily situations, objects, or personal interests, and demon-
strated technological feasibility and learning benefits for general
learners [32, 37, 52, 111]. However, little has been explored how to
support workers in EFL learning, even though a large amount of per-
sonal data from information-work contexts remains underutilized
despite its potential to generate personalized learning materials.

To understand EFL workers’ current strategies and challenges
across both their work and learning environments, we conducted
a formative study consisting of an online survey and follow-up
interviews with 49 non-native information workers in South Korea.
Participants expressed a strong willingness to improve their English
proficiency for work, as lexical disruptions and low confidence in
English frequently hindered their tasks. As a result, they turned
to easily accessible English learning mobile apps, but the discon-
nection of the study materials from their work contexts reduced
perceived helpfulness and engagement. In addition, participants
heavily relied on LLM-based assistants, frequently asking to look
up, translate, and proofread. To improve work-related English pro-
ficiency, a small subset of participants engaged in self-directed
review practices: They manually recorded unfamiliar vocabulary
and revisiting unclear passages, often transferring these materials
into flashcard or quiz apps. However, participants reported that
maintaining such manual practice routine was difficult, describing
them as burdensome and taxing especially after work.

Based on the lessons from the formative study, we aimed to
reduce learner burden and support engagement in work-related
EFL learning by streamlining review practices of work-related Eng-
lish use, thereby shifting away from traditional EFL instructions—
which often rely on decontextualized, curriculum-driven materials—
toward a more contextualized, usage-driven pedagogical approach.
As a first step toward this goal, we leveraged workers’ interactions
with LLM-based assistants for language queries—questions that
EFL workers ask for their text-based English tasks and rarely re-
visit afterwards—to provide an automated routine for practice. We
present LINGOQ, an ensemble of intelligent systems designed to
generate English quizzes from workers’ LLM queries. LINGOQ con-
sists of three components: (1) LINGOQUERY, an LLM-based desktop
chatbot that answers workers’ English-related queries (BN in Fig-
ure 1); (2) LingoQuiz, a mobile app that allows workers to complete
short, context-relevant quizzes at their convenience ( in Figure 1);
and (3) the backend pipeline that processes queries from Lingo-
QUERY to generate and validate quizzes (IBY in Figure 1). Leveraging
conversation logs with LINGOQUERY as a source material, the back-
end automatically produces a set of personalized multiple-choice
questions for each user using an LLM. The questions then undergo
Al-driven quality checking and refinement to ensure that each has
a single correct answer and an appropriate level of difficulty. On
LiNcoQuiz, users can solve quizzes consisting of 10 questions that
mix newly generated and previously solved ones.

We conducted a three-week field deployment with 28 informa-
tion workers in South Korea. Through the deployment study, with
a focus on feasibility, we explore the following research questions:
RQ1-How do EFL workers engage in and sustain their English
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learning when using study materials generated from their work

context? RQ2-How does studying English with work-related con-

tent influence workers’ learning outcomes and self-efficacy? and

RQ3-How do EFL workers perceive the value of studying English

with questions generated from work-related content?

Our results showed that participants consistently engaged with
LincoQ throughout the study period and perceived review practice
with LINGoQ as more sustainable than their previous experiences
with other study methods. Furthermore, our pipeline generated
quality-assured questions that showed strong alignment with ex-
pert evaluations. We observed that participants’ self-efficacy in Eng-
lish skills increased significantly after actively using LINGoQ (9.5%
gain on average, p < 0.001), and participants in the beginner-level
English proficiency showed notable learning gain on a TOEIC-based
English proficiency test. In the post-study survey, participants re-
ported that quizzes generated by LINGoQ were more relevant to
their work and were helpful in their tasks compared to their prior
experience of studying English. It also encouraged them to consider
the educational aspect of their work-related queries.

The key contributions of this work are as follows:

(1) Design and implementation of LINGOQ, an LLM-based system
that supports lightweight review practice of daily English use
by automatically generating quizzes from work-related English
queries in an LLM-based assistant. LINGoQ’s design was in-
formed by a formative study (N = 49) with non-native informa-
tion workers. The source code of LINGOQ is publicly available
at https://naver-ai.github.io/lingo-q.

(2) Empirical findings from a three-week deployment study (N =
28) showing that LINGoQ helps EFL workers sustain engage-
ment and achieve measurable learning benefits through task-
specific qualified quizzes with low burden, suggesting the poten-
tial of sourcing from on-the-fly LLM queries as an alternative
to traditional decontextualized EFL learning methods.

(3) Design considerations for Al-mediated EFL learning material
generation that fosters engagement and proficiency by leverag-
ing knowledge workers’ growing reliance on LLMs.

2 Related Work

In this work, we cover the related work in the areas of (1) EFL learn-
ing for information workers, (2) creating context-aware learning
materials, and (3) retrieval practice for second language acquisition.

2.1 EFEFL Learning for Information Workers

English plays a critical role in the workplace as the common lan-
guage of global industries and disciplines [63, 104]. The prolifer-
ation of digital work environments has posed unique challenges
for non-native English-speaking workers, who navigate English-
language texts as part of their computer-based tasks. For example,
Amano et al. found that researchers spend 46.6% more time read-
ing English papers and 50.6% more time writing them compared
to native speakers, while facing higher rejection rates [1]. Sim-
ilarly, non-native English programmers struggle with technical
documentation, professional communication, and code compre-
hension [50]. Consequently, English-as-a-foreign-language (EFL)
learning has become critical for information workers to develop
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English proficiency—the ability to achieve goals through the use of
English in relation to the specific purposes [55].

In the field of HCI, previous research has explored approaches
to directly support EFL workers’ use of English in the workplace,
such as assisting with email composition, providing on-demand
evaluations of writing, simplifying complex texts, and paraphrasing
with Al explanations, in order to reduce context-switching burdens
and disruptions during work [15, 17, 24, 54, 59, 62, 66]. However,
effective support for EFL workers in the long run requires foster-
ing English skills that directly enhance their ability to accomplish
work tasks. In response, our work focuses on cultivating English
proficiency within professional contexts.

Conventional English education, with its emphasis on general
language proficiency, often falls short of meeting the specific needs
of professional contexts. To address this gap, education theories
such as task-based language teaching [81] and situated learning [68]
underscore the critical role of authentic materials—texts and re-
sources originated from real-world application [43]. Authentic ma-
terials give learners up-to-date domain information, unlike pre-
defined materials that may lag behind current developments [9].
Other studies found that working with content related to one’s
professional field enhances motivation and self-efficacy by building
confidence in handling real-world tasks [10]. Context-specific, task-
based materials help learners develop active knowledge directly
applicable to their daily work [110]. Building on this emphasis, our
work explores flexible ways to support EFL learning by providing
authentic, work-related materials generated from workers’ daily
English tasks.

2.2 Creating Context-Aware Learning Materials

Context is fundamental to learning because knowledge is insepara-
ble from the situations and activities in which it is acquired [19, 28].
Context-aware learning approaches [56], which situate learning in
the learner’s personal context by selecting, adapting, or generating
content, are particularly well-suited for language learning. Because
contextually relevant materials allow learners to experience lan-
guage in authentic settings [70] and foster situational interests [53],
they thereby enhance motivation and engagement [53], prevent
inert knowledge [74], and ultimately promote meaningful and ef-
fective learning [32].

The field of HCI has explored context-aware personalized learn-
ing materials that adapt to factors such as learners’ location [37,
52], surrounding elements [32, 57], social media content [18, 111],
and other contextual information [83]. For example, MicroMan-
darin [37] suggested flashcards relevant to nearby venues, while
Vocabura [52] generated L1-L2 word pairs from walking commute
routes, both leveraging GPS coordinates to support vocabulary
learning. Draxler et al. further explored an object-based approach
that automatically generates exercises by detecting elements in
learner-captured photos from their daily contexts [32]. In addition,
Yamaoka et al. introduced a method that extracts keywords from
Instagram posts to generate example sentences, helping learners
acquire new words aligned with their interests and improving re-
tention [111]. Beyond academic research, recent language learning
services have begun adopting generative Al to provide situated and
contextualized learning experiences [34, 45].
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With the growth of digital environments, research has increas-
ingly focused on usage-based learning to help learners acquire prac-
tical language skills by leveraging learner—computer interactions as
sources of contextual content, such as eye gaze [29], clicked hyper-
links [25, 94], translations [76], and other digital traces [6]. Ding et
al. identified unknown words through gaze trajectories while learn-
ers read foreign language texts, offering real-time translations and
explanations for just-in-time vocabulary acquisition [29]. Lungu
et al. proposed a comprehension approach that generated mobile
exercises from learners’ translated sentences during web reading,
which could serve as potential learning cues [76]. This work demon-
strated the feasibility of this ecosystem, highlighting engagement
and learning benefits.

Our work extends this line of research by leveraging emerging
conversational interactions between learners and LLM-based chat-
bots. We argue that queries to LLMs reflect learners’ immediate
language difficulties and learning intentions, serving as valuable
cues for situated and usage-based learning. In this work, we aim to
generate work-related learning exercises from EFL workers’ queries
collected in the course of their professional tasks.

2.3 Retrieval Practice for Second Language
Acquisition

In second language acquisition, the practice of difficult linguistic
features offers learners opportunities for meaningful language use,
reinforces task performance, and fosters adaptive language profi-
ciency [60, 102]. In particular, retrieval practice, which involves
actively recalling knowledge from memory, typically through ex-
ercises such as quizzes or self-testing, is one of the most effective
review strategies [93, 103]. It has been shown to be beneficial than
simple ‘restudy’ in strengthening long-term memory and support-
ing the transfer of knowledge to new context [89, 93]. Accordingly,
prior work has integrated retrieval-based exercises into second lan-
guage learning systems to enhance vocabulary acquisition, reading
comprehension, and communicative fluency [23, 31, 36].

When combined with microlearning [42]—an approach that de-
livers educational content in small, easily digestible units—retrieval
practice becomes particularly effective for busy adults. Microlearn-
ing helps sustain motivation and engagement while minimizing the
time burden, making it well-suited for learners balancing work and
study [58, 61]. Many popular mobile-assisted language learning
(MALL) systems, such as Duolingo [33], Anki [2], and Quizlet [88],
leverage this principle by offering interactive exercises (e.g., flash-
cards, multiple-choice questions, and fill-in-the-blanks). In addition,
the field of HCI has explored retrieval-based microlearning in var-
ious contexts, such as spaced practice for vocabulary acquisition,
adaptive exercise scheduling, and bite-sized practice integrated into
daily routines [31, 36].

Building on this, our work provides a mobile practice environ-
ment that leverages retrieval practice for information workers learn-
ing practical English skills. We focus on a particular exercise type—
multiple choice fill-in-the-blank questions—which are widely used
in standardized proficiency tests [38]. Furthermore, recent research
has demonstrated that Al-generated multiple-choice questions can
reach expert-level quality [30, 39], highlighting their potential as a
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scalable and effective method for creating adaptive practice. This al-
lows us to focus on the content’s quality, which we ensure through
our systematic generation pipeline (see Section 4.3).

3 Formative Study

To inform the design of LINGOQ, we conducted an online survey
with 49 information workers whose native language is Korean,
followed by semi-structured interviews with ten volunteers. We
aimed to understand the type of barriers they face during daily
English-related tasks, limitations with the existing digital tools they
use to handle these tasks, and effective EFL learning practices they
have experience using to develop work-related English skills.

3.1 Procedure and Analysis

Online Surveys. Through both closed and open questions, we asked
participants about the challenges they face as non-native English
speakers at work, the digital tools they use to support English-
related tasks, the effectiveness of their EFL learning strategies, and
their perceived need for continued learning. We also asked about
the willingness to participate in a follow-up interview. The online
survey was advertised to native Korean speakers on social media
and our internal network, inviting information workers who use
computers for their work and regularly perform tasks that require
English. Forty-nine people (25 females; aged 22-49) completed
the survey, which included 22 researchers, 11 engineers, and 16
professionals from various fields, including strategic planning, sales
and marketing, design, general affairs, and healthcare. The survey
took approximately 20 minutes to complete. We compensated 5,000
KRW (approx. 4 USD) for survey respondents.

Interviews. For in-depth analysis, we conducted follow-up inter-
views with ten survey respondents who indicated their willingness
to attend as part of the online survey. Each interview lasted about
40 minutes and was conducted in person or remotely, depending
on the participants’ availability. We revisited the interviewees’ sur-
vey responses and asked them to elaborate on their open-ended
answers. Using screen sharing and think-aloud protocols [20], par-
ticipants walked through recent scenarios involving English-related
tasks, demonstrating queries they had made to generative Al (e.g.,
ChatGPT, Gemini) or other tools. They also described their review
practices focused on work-specific English content. We compen-
sated 20,000 KRW (approx. 14 USD) for interview participants.

Analysis. All interviews were audio-recorded and transcribed for
analysis. We summarized the closed-ended survey questions using
descriptive statistics. We used Thematic Analysis [14] to qualita-
tively analyze both the open-ended questions of the survey and
interview transcripts. One researcher coded survey responses as
well as interview transcripts simultaneously, grouping them into
broader themes. The research team iterated through several rounds
of discussion to refine these themes. In the following sections, we
present findings from both the survey and the interviews, referring
to each interview participant as I1 through I10.
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3.2 Finding 1: Understanding the Difficulties of
EFL Workers in the Workplace

Participants worked with large amounts of information written in
English as part of their daily tasks, ranging from (1) communication
through emails or messengers, (2) accessing online resources, and
(3) writing professional documents such as reports or papers, most
of which required intensive reading and writing rather than spoken
communication.

One common linguistic difficulty that the majority of respon-
dents (25/49) pointed out was lexical disruption, noting that un-
familiar domain-specific terminology often hindered their compre-
hension and prompted them to look up words frequently. I5, who
works in governance administration at an international research
lab, remarked that “The official materials from the UN Headquarters
are often overly formal and full of UN-specific terms, which slows
me down as I have to look them up.” Similarly, I1—an international
business development manager—noted , For example, I used to think
‘airway’ only meant a flight route, but later learned it also refers
to a respiratory tract [a human body part].” Relatedly, participants
reported not only linguistic challenges but also affective challenges—
stemming from a lack of confidence, which consequently hindered
their workflow. Four participants mentioned in their surveys and
interviews that they proofread emails for grammar, formality, and
tone before sending, concerned that mistakes might appear impolite
or give a negative impression of their professional competence.

Participants often felt that current EFL learning was discon-
nected from work context. More than 2/3 of the survey respon-
dents (33/49) rated that they often (45.0%) or always (22.5%) feel the
need for learning English for work on a 5-point Likert-type scale
question. Yet, the majority of them (28/49) were not currently study-
ing English, demonstrating the difficulty of constant engagement
in EFL learning practices during work. For those who were cur-
rently studying English, all of them (21/21) reported that they used
easily accessible and self-directed mobile apps, outside of work con-
text (e.g., Duolingo [33], Speak app [99]). Other common practices
included online tutoring (e.g., Ringle [90]; 8/21), reading English
novels or articles (8/21), shadowing (4/21), and in-person courses
(3/21). However, the majority of them (14/21) struggled to sustain
their learning because irrelevant learning materials did not trans-
late into practical support in their work contexts. In the follow-up
interview, 110 noted, “What I really want to learn right now is mate-
rial I can use immediately in business meetings, but finding a suitable
platform or tool has been very difficult” 11 also remarked, “I'm often
exposed to highly specialized medical terms, but when the material
is from a learning app or an article outside my field, it tends to use
more general vocabulary and expressions. While this is helpful for
conversations, it’s not very useful when reading work-related articles
or clinical papers.”

Challenges occurred during the reviewing phase as well due to
lack of sustainable review routines. To align EFL learning with
their work contexts, six interviewees once tried to review unfa-
miliar words and expressions from work by compiling personal
glossaries and organizing them with tools such as Notion, Google
Docs, or the open-source flashcard app Anki [2]. However, partici-
pants failed to maintain engagement with such review routines, as
manually collecting work-related vocabulary or expressions was
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time-consuming and burdensome. Moreover, reviewing these mate-
rials with explicit exercises further discouraged continued practice.
In the follow-up interviews, 19 noted, “After work, I don’t want to
revisit the traces of what I did during the day. Reviewing would mean
opening my daily logs in a workspace like Notion, finding the tar-
get words, gathering them on another page, and then asking GPT or
searching Google for their meanings. Most days, it just feels too much.”
Also, 110 remarked, “In one-on-one business English tutoring, my
teacher listed my mistakes in Google Docs, but reviewing them felt like
Jjust reading meeting minutes and was neither fun nor motivating. I
wish I could review them in more engaging ways, like quizzes or other
formats for sustainable practice.” While interactive apps such as
Anki, with flashcard and quiz features, were available, participants
(I8, 19) found it overly complex and overwhelming to customize
and manually upload word lists, especially after work.

3.3 Finding 2: Common Patterns of English
Language Queries

To address language barriers, all participants used language assis-
tance tools for lookup and double-checking, including dictionar-
ies, web search engines, translators, Al-based writing assistants
(e.g., Grammarly [47], DeepL [26]), and LLM-based chatbots (e.g.,
ChatGPT [84], Gemini [46], Claude [4]). In particular, most survey
respondents (46/49) commonly used LLM-based chatbots, which
offered convenient conversational support and context-aware expla-
nations for a wide range of English-related difficulties. Interviewees
entered queries primarily by copying and pasting text, ranging from
single words to full passages, along with a recurring prompt for
linguistic support. From their usage scenarios, we identified three
prominent query patterns to LLM-based chatbots: look-up, trans-
lation, and proofreading.

Most interviewees (7/10) often used chatbots just like dictio-
naries to look up definitions of unfamiliar words or description
of confusing grammar during their tasks. I5 noted, “These days I
Jjust ask ChatGPT when I'm unsure about grammar, like ‘an MBA
or a MBA?”” 16 and 18 found LLMs useful for clarifying domain-
specific terms or subtle nuances, as they offered context-specific
explanations, especially for words with multiple possible meanings.

All interviewees (10/10) used chatbots to translate text in Eng-
lish to Korean and vice versa. They translated text in English into
Korean to ensure their comprehension and translated Korean into
English to compose professional writing more efficiently. I6 noted,
“Iusually ask LLMs to align the original and the translation side by
side, so I can double-check whether each part conveys the intended
meaning,” highlighting the need for a dual-language view to enable
rapid comparison under time pressure at work.

The majority of interviewees (6/10) also frequently asked chat-
bots to proofread their own draft, ranging from formal business
documents to casual conversation with colleagues. Participants
refined grammar, tone, and style to fit the context of the com-
munication, often by providing additional information (e.g., their
relationship with the interlocutor) to the assistant. For example, 15
copied entire email threads into the LLMs and asked, “Please proof-
read my reply,” to ensure their response was both grammatically
sound and aligned with the ongoing exchange. I9 even checked
short messages for online meetings, such as “Will you be joining
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soon?”, to understand the nuance of the message that they may be
implying in the message: “I worry it might sound like I'm pushing,
so I ask ChatGPT to review even simple texts before sending.”

4 LiNGcoQ

Our formative study revealed that EFL workers suffer from lexical
disruption while handling information work in English. In addition,
our participants noted that most existing EFL learning systems
rely on generic materials disconnected from their work contexts—
despite research in EFL education showing that authentic, usage-
based practice fosters learner engagement and improves both pro-
ficiency and self-efficacy [9, 10, 43]. To address these challenges,
we designed and developed LINGOQ, a language querying and self-
directed learning system that provides work-related quizzes gener-
ated from language queries. In this section, we discuss our design
rationales from the formative study and literature. We then describe
our system design and generative pipelines, along with implemen-
tation details.

4.1 Design Rationales

DR1. Leverage Al-Assisted Language Queries as a Source of
Learning Material. In our formative study, nearly all participants
relied on LLM-based Al assistants for work-related English tasks,
such as looking up unfamiliar terminology, resolving confusing
grammar, translating text, or proofreading their writing. We there-
fore treated users’ language queries with an Al chatbot as an au-
thentic source from which we can learn the English assistance that
they need and generate learning materials. Moreover, certain types
of user queries, such as searching for a definition of a word or com-
paring input text with edited text, explicitly reveal their weakness
in English proficiency.

DR2. Optimize Al Assistant Interface for Language Query-
ing. Since our formative study participants frequently used gen-
erative Al assistants, such as ChatGPT, for language practice, we
observed that their querying interactions were often inefficient and
tedious. For example, participants had to repeatedly type boilerplate
commands in the input (e.g., “Translate this into Korean:”)
whenever they initiated a new query. In addition, participants often
issued follow-up requests to format responses for their language
tasks (e.g., requesting to display Korean and English text side by
side or highlighting edited portions to track changes), which led to
unnecessary back-and-forth dialogue turns.

Hence, we incorporated LINGOQUERY, an LLM-based assistant
dedicated to language queries. Leveraging the design of typical
Al assistant chatbots like ChatGPT [84] or Gemini [46], which
information workers are already familiar with, we adopted a similar
structure while optimizing the interactions and interfaces for such
usage. Given that participants in our formative study often copied
text to query digital tools, we implemented a keyboard shortcut
that directly copies and pastes selected text from the computer into
anew chat message. We also introduced query intents that users can
attach to an input message, which automatically insert predefined
yet customizable prompts for three frequent request types—look
up, translate, and proofread—thereby avoiding manual typing of
boilerplate instructions. The Al responses to these query intents
are rendered in language-relevant message displays (see Figure 2).

Yeonsun Yang, Sang Won Lee, Jean Y. Song, Sangdoo Yun, and Young-Ho Kim

DR3. Streamline Reviewing Work-Related Language Activity.
Participants in our formative study attempted to review vocabu-
lary or expressions used in daily tasks at work, but the burden
of manually collecting and revisiting materials without explicit
exercises hindered sustained engagement, particularly after work.
Inspired by literature suggesting that microlearning with short
practice sessions embedded into daily routines can foster sustained
engagement and improve proficiency [42, 58, 61], we designed our
system to generate bite-sized interactive quizzes. These quizzes are
generated directly from automatically collected queries, supporting
continuous practice without extra burden outside work. We adapted
multiple-choice fill-in-the-blank question formats from standard-
ized tests (e.g., TOEFL, TOEIC, GRE) to support vocabulary and
grammar practice. While the format of problems can be diversified
(e.g., reading/listening comprehension, open-ended questions, short
writing tasks), we limit our study material to the fill-in-the-blank
multiple-choice question (MCQ) format for its simplicity to support
easy access to English study anytime, anywhere on a mobile phone.
The effectiveness of other question formats lies beyond the focus
of this work, which is to generate study material relevant to work.

Based on these design rationales, we developed LiNGoQ that
consists of LINGOQUERY (4.2), LINGoQu1z (4.4), and the backend
pipeline (4.3). LINGOQUERY is a desktop-based Al assistant that users
can share English-related queries or discuss freely. The backend
pipeline manages user query data from LINGOQUERY and generates
questions and curates them into quizzes. LINGOQUIZ is a mobile
application that offers 10-question quizzes generated from the user’s
dialogues with LINGOQUERY.

4.2 LINGOQUERY

4.2.1 Interaction Components of LINGOQUERY. LINGOQUERY adopts
the typical interface design of desktop versions of LLM-based Al as-
sistants, such as ChatGPT [84] and Claude [4], while incorporating
bespoke interaction components tailored to the English-language
query contexts. The sequence of chat messages is organized into
chat threads, and users can either start a new thread or append
messages to existing ones by selecting them from the sidebar (@)
in Figure 2). By default, the Al response messages are rendered as
a markdown-formatted view.

Language Query Intent Selection and Prediction. The system
supports three predefined query intents: (1) Look up, (2) Trans-
late, and (3) Proofread. When composing a new message, users can
explicitly select a query intent in the chatbox by pressing the but-
tons at the top, which load a predefined prompt ((©) in Figure 2).
Each query intent applies a prompt template that is concatenated
with the user’s message input; for example, “Please explain the
meaning of the following word (or expression) in detail
in dictionary format” for Look up, which the user can edit be-
fore sending. If no query intent is selected, the message in the
chatbox is treated as a plain prompt in text, and the system au-
tomatically predicts its query intent when generating a response.
If a user’s query corresponds to one of the three query intents,
the system offers a customized view that highlights the structured
information of the intent type. The Look up response type follows
a typical dictionary format (() in Figure 2); the Translate response
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Figure 2: Main window and the interface components of LINGOQUERY. Users can open new chat threads of their choice in the
thread list or via the New Chat button (@). The AI’s responses for three major types of query intents—Look up (), Translate
((®), and Proofread ((f))—provide the Ul components tailored to each query type. The new message panel ((0) incorporates a
query prompt panel at the top. Users can insert a template query prompt in their message via the three quick-access buttons.
When a query is sent via a keyboard shortcut B3, the system analyzes a screenshot of the user’s active window, and the user can
review both the surrounding context of the copied sentence and the task at the time of the query (d. By clicking the star icon
7r below Al responses (b)), users can mark the message to increase the likelihood that the corresponding question will be

included in LincoQuiz.

type provides a side-by-side view for comparing original and trans-
lated text ((e) in Figure 2); and the Proofread response type displays
a formatted container showing the proofread text with the rationale
for edits underneath, along with an option to toggle track changes
so users can quickly see where edits were made ((f) in Figure 2).
These views were informed by how interviewees in the forma-
tive study customized responses when using generic LLM-based
assistants.

Shortcuts and Contexts. To enable users to receive assistance
within the context of work-related applications, LINGOQUERY pro-
vides an operating system-level shortcut to trigger a query. When
the user highlights text anywhere on the computer and presses
‘Ctrl + Cmd + C’ on MacOS or Ctrl + Alt + C on Windows, the
LINGOQUERY window opens with a new chat thread and the copied
text pre-filled in the chatbox. At the same time, the system captures
a screenshot of the active window and displays it alongside the text
when the shortcut is pressed. Before submitting the query, the user
can choose to include the screenshot with the message or remove
it if it contains sensitive information. If the screenshot is included,

the system runs image understanding on OpenAI’s GPT-40 model
to extract the text surrounding the copied content and infer the
nature of the tasks based on metadata of the visible application on
a screen, enriching the content for question generation later. The
inferred context will be displayed in the Ul as well.

Marking Messages for Prioritizing Question Generation. Users
can also mark noteworthy Al responses via the ¥ star icon (right
above (¢) in Figure 2). Marked messages are processed in the system
pipelines, increasing the likelihood that the corresponding question
will be included in a quiz. This mark feature allows users to flag
particular words or expressions they wish to review within the
context of LINGOQUERY, removing the need to manually track what
they want to study.

4.2.2  LINGOQUERY Conversational Pipelines. LINGOQUERY is a self-
contained app that generates responses to user requests, similar
to an LLM-based Al assistant with additional customization for
specific query types. A user’s query input is processed before being
sent to the LLM engine (OpenAI APl in our case). Figure 3 illustrates
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Figure 3: Conversational pipeline of LINGOQUERY. When the user sends a new message (a), the intent classifier (b) identifies the
query intent (¢), which is then passed to the response generator (¢) together with the chat history (d. The response generator
produces an appropriate response (f) structured according to the query intent. Finally, LINGOQUERY renders this structured

response accordingly (g).

the response generation pipeline of the LINGOQUERY conversational
agent when it receives a new user message (@ in Figure 3). LLM-
based Intent Classifier ((b) in Figure 3; see Section A.1 for the
instruction provided to the LLM) determines the corresponding
query intent ((o) in Figure 3). Both the chat history ((d) in Figure 3)
and the detected intent are then passed to the Response Generator
(®® in Figure 3), which produces an Al response using an LLM
(See Section A.2 for the instruction provided to the LLM). When
the query intent does not correspond to a plain-text message but
instead falls into one of the intents Look up, Translate, or Proofread,
the LLM output is returned as a JSON object containing relevant
attributes (e.g., the original input, refined text, and the rationale of
refinement in the case of a Proofread intent). The structured format
enables the application interface to render the output through a
bespoke UI ((g) in Figure 3).

4.3 Question Generation Pipelines

The question generation in LINGoQ follows three pipelines—question
generation, question quality evaluation for filtering, and question

selection—that transform interactions collected through LiNnGco-
QUERY into validated quiz questions for LINGoQU1z.

4.3.1 Generating Questions from Conversation and Context. Fig-
ure 4 illustrates the question generation pipeline, which periodically
produces fill-in-the-blank multiple-choice questions from query-
response pairs collected in LINGOQUERY and captured context data.
Every five minutes, the system checks for new query-response
pairs collected from LINGOQUERY ((@) in Figure 4). For each pair, an
LLM-based module evaluates whether the query is English-related
(® in Figure 4); if not, it is filtered out from the question generation
pipeline. For eligible queries, the system takes the eligible pair and
additional information—the conversation history with contextual
data captured from the screenshot—to initiate generation ((d in
Figure 4). The pipeline applies a different system prompt with few-
shot examples modeled after TOEFL, TOEIC, and GRE example

questions ((e) in Figure 4). For each conversation, two distinct ques-
tions are generated to ensure variety (() in Figure 4). Each question
will generate one structured output in JSON format that contains:
stem with a blank, key, distractors, explanation, and rationale for
question generation ((g) in Figure 4).

Finally, the contextual information extracted from a screenshot
and conversation history is fed into the question generation pipeline
to produce questions aligned with that context. The question gen-
eration module ensures that the question stem is relevant to the
worker’s task context. For example, a user query may simply involve
searching for a word (e.g., “airway”), in which case the surrounding
text (e.g., “the patient’s airway to ensure proper breathing”) from
the screenshot can be used to extract the context and generate a rel-
evant question stem. When a user submits an answer in LINGoQu1z,
the explanation provided will include this context to supplement
the rationale for the correct answer.

4.3.2  Quality Assurance of Generated Questions. To ensure the
quality of generated questions, they are evaluated by an LLM-based
evaluation module informed by prior literature [30, 39]. The evalu-
ation applies two binary criteria: answerability, that is, whether the
question can be clearly and correctly answered, and proficiency,
that is, whether the question requires an appropriate level of Eng-
lish skill and is not too easy to answer ((h) in Figure 4). Questions
that fail one of the criteria are iteratively refined—up to three times
in total—by feeding the evaluator’s rationale for failure, along with
the original input, back into the question generation module (() in
Figure 4). If a question passes within three iterations, it is added to
the question pool (() in Figure 4), otherwise discarded.

4.3.3  Question Pool and Selection Logic. After quality checks, ques-
tions undergo a final format validation to ensure that all required
components—stem with blank, distractors, key, and explanation—are
properly structured. Validated questions are then added to the ques-
tion pool. When a user initiates a quiz, ten questions are drawn from
the pool. Each quiz contains 10 questions: 7 are selected from newly
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Figure 4: Question generation pipeline of LING0oQ. When a query-response pair arrives (@), the language query filter (b) identifies
the query intent (¢), which is then passed to the Question generator (f) together with work contexts (d) and exam samples
(®. The generator produces two candidate questions (g), which are evaluated by the Question evaluator (h) on two criteria:
answerability and proficiency. The Question refiner (i) refines each question up to two iterations, and items that still fail are

discarded. Accepted questions are stored in the question pool (.

generated questions, and the remaining 3 are randomly drawn
from the pool of questions that a user has solved previously using
weighted probability. The system assigns higher weights to ques-
tions that have been repeated less frequently, answered incorrectly
in the past, marked with the ¥ star icon in LINGOQUERY, or not
practiced recently. As a result, each quiz balances new questions
(70%) with questions that workers need to revisit. The examples of
generated questions for each type are available in Figure 6.

4.4 LincoQuiz

Users can practice work-related English vocabulary and grammar
by solving questions in LINGOQU1z, generated from their dialogues
in LINGOQUERY. LINGOQu1z provides a dashboard (I in Figure 5)
that helps users track how many quizzes they have completed that
day, how many they have completed in total since the beginning,
and how many new questions are available in the question pool
(@ in Figure 5). Clicking ‘Start Quiz’ launches 10 multiple-choice
questions, each requiring users to fill a blank (&l in Figure 5). When
the question is generated from a marked Al response or when it
is the first attempt, it is displayed with a ¥ or ‘new!” badge (@
in Figure 5). Questions generated from screenshots or sufficient
thread context include the inferred task as a hint (®) in Figure 5).
When users press the Submit button after selecting an option, the
app provides immediate feedback on whether the answer is correct
and the explanation ((@) in Figure 5). Within the quiz, any incorrect
questions reappear until users provide the correct answer. Once all
ten questions are answered correctly, the progress bar completes
(® in Figure 5), and the quiz ends with a completion screen (@l in
Figure 5). Afterward, users may proceed to a new quiz or return to

the dashboard (I in Figure 5).

4.5 Implementation

We implemented the core system in Python running on a FastAPI [41]
server that provides REST APIs for both LingoQuiz and LiNGo-
QUuERY. The chat history, generated quizzes, and user interaction

data are stored in a PostgreSQL [49] database on the server. The con-
versation and the question generation pipelines leverage OpenAI’s
Chat Completion APIs [85] on top of the LangChain [67] frame-
work to run the underlying LLM inferences. All LLM inference and
image understanding tasks are performed using a gpt-40 model.
To protect user queries that may contain sensitive information, we
used OpenAl Enterprise, which neither uses our data for training
nor retains them.

We built LINGOQUERY as a cross-platform desktop application
using Electron [86], to support both Windows and MacOS desktop
computers. The LINGoQU1z app was implemented using React Na-
tive [78] as a cross-platform mobile application running on both
iOS and Android phones. Both apps were written in TypeScript [79]
and communicate with the server via REST APL

5 Deployment Study

We conducted a three-week field deployment study with 28 EFL
workers. To address our research questions, we aimed to examine
how EFL workers engage with LINGoQ and how it affects their
English proficiency and self-efficacy. In addition, we conducted an
expert evaluation to assess the quality of questions generated by
LinGoQ. The study was conducted in South Korea with Korean
native speakers and approved by the Institutional Review Board.

5.1 Participants

We conducted power analysis to calculate the number of partici-
pants necessary. With an expected medium effect size of 0.5, the
required sample sizes are 27 for a paired t-test (a = .05, one-tailed,
power = .80) and 28 for a Mann-Whitney test (a = .05, one-tailed,
power = .80). Our inclusion criteria were information workers who
are: (1) working at least 30 hours per week, (2) using a computer
as the primary work tool, (3) regularly performing tasks involving
English, such as information access, communication, and docu-
ment writing, (4) being a native Korean speaker, and (5) being an
EFL learner. We advertised our study on social media. Initially, we
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Figure 5: Main screens of LINGOQU1z. In the Dashboard screen [N, users can check their records and stats, along with the
number of new questions add to their question pool today. When starting a quiz by pressing the Start Quiz button (a), a quiz
with 10 unique questions are provided sequentially [E1. The new question that appears to the user for the first time is indicated
by the star icon (). For questions generated from messages with context, the task description is provided ((©). To solve the
question, the user can select an option ((d)) and press the Submit button ((f)) to submit an answer. Then the result the question
is shown immediately, with explanation ((g)), regardless of whether the user had selected a correct answer or not. After solving
the ten questions, questions with wrong answers appears again, until all are answered correctly. The progress bar ((¢)) indicates
the current progress. In the Ending screen [@, users can practice a new quiz or return to the Dashboard screen.

recruited 34 workers to account for potential attrition; two par-
ticipants dropped out due to their corporate security policies that
prevented them from installing LINngoQ, and four were later ex-
cluded during analysis for not meeting the minimum requirements.
Finally, a total of 28 EFL workers (Table 1; P1-P28; 18 females and
10 males) completed the study.

Participants were aged between 25 and 48 years old (M = 33.4,
SD = 6.5) and represented diverse professional domains. Based on
CEFR [82]? self-assessed English proficieny, 3 participants identi-
fied themselves as A1 (beginner), 4 as A2 (elementary), 14 as B1I
(intermediate), and 7 as C1 (advanced). All participants reported us-
ing LLM-based chatbots daily during their workdays. Additionally,
they had prior experience with EFL learning for work, including
tutoring (17), vocabulary apps (13), and English media (12). As a
minimum requirement for study completion, we instructed partici-
pants to use LINGOQUERY for at least 10 days during the three-week
period and LingoQuiz for at least 10 days during the same period.
To qualify as having used an app on a given day, participants needed
to submit at least two questions in LINGOQUERY and complete at
least one quiz in LiINGoQu1z. As compensation for their partici-
pation, we offered 200,000 KRW (approx. 144 USD) based on the
required system usage over three weeks.

2The Common European Framework of Reference for Languages (CEFR) defines profi-
ciency levels as basic (Al: beginner; A2: elementary), independent (B1: intermediate;
B2: upper-intermediate), and proficient (C1: advanced; C2: proficient).

5.2 Procedure

Pre-Study Preparation. Upon sign-up, we sent participants a link
to a pre-study survey and a pre-study English proficiency test.
The survey included three items on a 5-point Likert scale that
assessed the perceived relevance, effectiveness, and engagement
of their past EFL learning methods, along with 16 items from the
Questionnaire of English Self-Efficacy (QESE; eight on reading
and eight on writing) on a 7-point scale, excluding speaking and
listening to align with our research focus [106].

The English proficiency test consisted of 28 multiple-choice items
selected from TOEIC (Test of English for International Commu-
nication) [38], a standardized English proficiency test for general
business. We did not include spoken English proficiency measures
because they lie beyond the focus of this work. The test included
two types of questions: 16 simple fill-in-the-blank items—each with
a single sentence and one blank—and three sets of four fill-in-the-
blank items, each requiring participants to complete blanks within
a single paragraph. Before the study, we finalized the items from 46
questions by administering them to 29 information workers—who
are not our study participants—and selecting those whose percent-
age of correct answers fell between 40% and 80%, as suggested in
Classical Test Theory [27]. (see Appendix B for details of the item
validation.)
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Figure 6: Selected questions actually generated by LINGOQ during the deployment study for three participants. Each question
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answers underlined.

Onboarding Session. A group of 2-3 participants attended a 1-hour,
in-person onboarding session, bringing their laptop to install LIN-
GOQUERY. After explaining our study goals, we assisted participants
with installing the system on their laptops and mobile devices. To
ensure participants fully understood how to use the system, we
conducted a hands-on tutorial that covered the main features of
LinGoQ. This step ensured that participants had quizzes available
during the early stage of the deployment period.

Deployment. Immediately after the onboarding session, partici-
pants began using LINGoQ for three weeks. During this period,
participants were instructed to direct their English-related queries
to LINGOQUERY, instead of using ChatGPT or other tools. They
were instructed to use LINGOQUIz at any time of the day.

At the end of each week, we sent participants a message summa-
rizing LINGOQ usage to remind them of the minimum requirement
for study completion. Additionally, when participants were inac-
tive for more than three days, LINGOQUIz sent an evening push
notification. LINGoQu1z notified participants if new questions were
available for a day.

Post-study Survey. After the 3-week deployment period, we sent
an online post-study survey and a post-study English proficiency
test. The survey reassessed QESE [106] and the three ratings of
perceived learning experience used in the pre-study survey, but tar-
geted for LINGoQ, and was supplemented with follow-up questions
probing the reasons for participants’ ratings. It also asked partic-
ipants about their willingness to use LINGOQ on a 5-point Likert
scale and included open-ended questions regarding their overall
user experiences and suggestions for design improvements. For
the post-study English proficiency test, we used the same question
set as in the pre-study test, with both the question order and the
answer-option order randomized to mitigate test-retest bias. Par-
ticipants were not shown the correct answers after the pre-study
test, ensuring that they could not learn directly from the test it-
self. Using identical questions is a common method for controlling
variation in question-set difficulty (c.f, [52, 58, 64, 71, 107]). The
three-week deployment period between the pre- and post-tests
also provided a sufficiently long interval to minimize memory and
practice effects [35].

5.3 Expert Evaluation of Questions

To assess the performance of the question generation pipeline ( Sec-
tion 4.3.2), we conducted an expert evaluation using a subset of
questions generated during the deployment study. We randomly
sampled 30 questions: 24 in the question pool (i.e., those which
passed the quality checking) and 6 that were eventually discarded
due to unmet answerability or proficiency criteria. 17 of 24 ques-
tions in the pool had been presented to users during the study. To
enable a direct comparison with the question generation pipeline,
we applied the same criteria used by LINGoQ’s Question Evaluator
(c.f, Figure 4-(h))—answerability and proficiency. Informed by prior
work on educational question quality evaluation [30, 39], we de-
veloped a rubric comprising three items: one directly aligned with
answerability and two aligned with proficiency. These items collec-
tively operationalize our two evaluation criteria (see Appendix C
for the full rubric and mappings).

We recruited three English educators (E1-E3; all female) through
social media advertisements. Their professional backgrounds in-
cluded university and high school teaching, as well as the devel-
opment of standardized English test. They were aged 39, 53, and
39, with 10, 20, and 15 years of experience in English education,
respectively. The experts participated in remote evaluation sessions
via Zoom. In the session, experts first evaluated the 30 questions
through an online survey. They then went through a follow-up in-
terview, where we asked about the potential benefits and concerns
of the approach we take in LINGoQ, specifically generating EFL
learning materials from their work context. The evaluation and
interview took 90 minutes to complete. We compensated them with
100,000 KRW (approx. 72 USD).

5.4 Data Analysis

To examine participants’ engagement and usage patterns with LIN-
GoQ, we conducted descriptive analyses of interactions with both
LiNGOQUERY and LiNGoQuiz. For LINGOQUERY, we analyzed mes-
sage-response pairs, usage days and patterns, and the distribu-
tion of query prompts. For LINGoQU1z, we examined the number
of solved questions, usage days, and solving patterns, and quiz
progress across repeated attempts.
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Table 1: Demographic information and self-reported CEFR
levels of the participants in our deployment study.

Alias Age Gender CEFR Job title

P1 28 Female C1 Global Business Developer
P2 28 Female A2 Software Engineer
P3 39 Female B2 Hospital Operations Manager

P4 28 Male A2 Medical Resident

P5 32 Female B1 Product Designer

P6 36 Female B2 Software Engineer

P7 47 Female B1 Kindergarten Counselor

P8 45 Female B2 Administrative Coordinator
P9 37 Female B2 Office Manager

P10 29 Male A2 International Patient Coordinator

P11 30 Male B2 Sports Event Manager

P12 38 Female B2 Export-Import Specialist
P13 42 Male C1 Professor
P14 35 Female B2 Apparel Export Manager

P15 29 Male A2
P16 41 Male Al
P17 27 Female B1
P18 28 Male B1
P19 25 Male B2

Clinical Psychology Trainee
IT Security Manager
Graduate Student

Machine Learning Engineer
Graduate Student

P20 29 Female C1 Real Estate Professional

P21 32 Female A1 Biotech Researcher

P22 48 Female C1 Logistics Specialist

P23 25 Female B1 Graduate Student

P24 30 Female B2 Marketing and Project Manager

P25 33 Male A1l
P26 31
P27 32 Female C1
P28 30 Male C1

Network Engineer
Female C1 Nuclear Policy Researcher
Sports Event Manager

Governance Administrator

To evaluate the generated questions, we examined pipeline per-
formance and human evaluations. Pipeline performance was evalu-
ated on 30 generated questions by comparing its binary judgments
with expert labels. Ratings from three experts were aggregated by
majority vote for answerability and proficiency, coded as true or
false (with “unknown” mapped to false), and used as ground truth.
We then calculated precision, recall, and F1-score, with precision
measuring agreement on pipeline-accepted items, recall measuring
agreement on expert-accepted items, and F1 as their harmonic mean.
We transcribed the audio-recordings of the follow-up interviews
with experts and conducted a qualitative analysis. One researcher
coded the data using initial themes informed by the interview guide.
The full research team then refined these themes through multiple
rounds of peer debriefing, which surfaced the following themes:
(1) the quality of Al-generated questions, (2) differences between
LiNGoQ questions and standardized English proficiency tests, and
(3) considerations in English question design.
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We analyzed pre- and post-study surveys and tests to assess
the effects of LINGOQ on participants’ learning performance and
experiences. To examine changes in learning performance over the
study period, we analyzed the pre- and post-study English profi-
ciency test using a mixed-effects model and the English self-efficacy
questionnaires (QESE) using paired-samples t-tests. The QESE met
the normality assumption (Shapiro-Wilk test, W = 0.95, p > 0.05),
allowing for parametric comparisons [51]. To investigate learning
experiences relative to prior practices, we compared participants’
perceived effectiveness of LiNGoQ with their past EFL learning
using the Wilcoxon signed rank test across three criteria: relevance
of materials to work, helpfulness for actual work tasks, and sustain-
ability of engagement.

To add more nuances to the quantitative findings in describing
participants’ experience and perceptions, we grouped participants’
answers to the open-ended questions from the post-study surveys
according to the following aspects: (1) the quality and relevance
of generated questions, (2) effects of LiINGoQ on learning and self-
efficacy, and (3) the perceived benefits and drawbacks of LinGoQ.
We incorporate this information in different sections of findings.

6 Findings

In this section, we present findings from our deployment study in
three parts. In Section 6.1, we provide an overview of the usage
patterns of LINGOQ and report on participants’ self-report sustain-
ability (RQ1). In Section 6.2, we investigate the quality of generated
quizzes and how the use of LINGOQ supported participants’ English
proficiency and self-efficacy (RQ2). Lastly, in Section 6.3, we report
on participants’ perceived utility of LiINcoQ and summarize their
feedback on the strength and drawback of our approach (RQ3).

6.1 Usage Patterns and Sustained Engagement

The interaction logs and usage data indicated that participants
actively engaged with LINGoQ), frequently using both LINGOQUERY
and LincoQurz. Here we report the descriptive statistics regarding
participants’ usage patterns and engagement with the two apps.

6.1.1 Active Querying with LINGOQUERY. Across three weeks, par-
ticipants opened a total of 652 conversation threads, and submitted
3,325 messages (M = 118.8 per participant) through LINGOQUERY.
On average, participants used LINGOQUERY for 13.2 days (SD = 2.5,
min = 10 [P15], max = 19 [P5]), exceeding the required 10 days of
use. This indicates that participants engaged on most weekdays. Fig-
ure 7a presents participants’ hourly engagement patterns, showing
peak usage during work hours, particularly around 17 o’clock.
Participants actively used pre-defined query prompts—i.e., Look-
up, Translate, and Proofread— or wrote their own when submitting a
message. Out of the 3,325 query-response pairs, Translate responses
were the most common (1,271 reponses; 38.2%), followed by Look up
(399 responses; 12.0%) and Proofread (287 responses; 8.6%). The rest
of the responses (1,369 responses; 41.2%) were plain text messages,
such as responses to queries asked in plain text or follow-ups.
Regarding features, eighteen Participants regularly used the
marking feature ¥r, which ensures that the particular message
pairs would appear in future quizzes. They marked 13.4 Al re-
sponses per person on average (SD = 16.1). Of the 241 marked
messages, 91 messages (37.8%) were responses for Look up queries,
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Figure 7: Hourly engagement patterns of LINGOQ during
the three-week deployment. The orange line plot shows the
average number of user messages in LINGOQUERY per hour
across a 24-hour day, with notable peaks around 10 a.m., 5
p-m., and 11 p.m. The blue line plot shows the average number
of solved questions per user per hour in LINGOQUIz across a
24-hour day, with a clear peak around 10 p.m.

indicating participants’ desire to revisit vocabulary or expressions.
Participants opened LINGOQUERY by directly capturing the selected
text and surrounding context using keyboard shortcuts B3, for
6.9% of all queries. However, only three participants (P11, P19, P26)
dominated the usage of this feature and accounted for 65.8% of all
shortcut-triggered messages.

6.1.2 Question Refinement and Validation. Of the 3,325 query-
response pairs, our question generation pipeline classified 2,711
(81.5%) pairs as English language queries suitable for quiz genera-
tion, whereas 614 pairs (18.5%) were excluded because they were not

Passed
2,692
(49.7%)

e Initial generation
5,422
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English-related queries. Starting from the 2,711 English query pairs,
the pipeline first generated 5,422 questions—twice the number of in-
put pairs. Figure 8 summarizes the validation and refinement steps
starting from these 5,422 initial questions ((@) in Figure 8). After the
initial validation ((®) in Figure 8), 2,692 (49.7%) questions passed the
evaluation. 1,114 (20.5%) questions passed on the second attempt
after one refinement ((© in Figure 8), and 656 (12.1%) passed after
two refinement iterations ((d) in Figure 8). After these refinements,
960 (17.7%) questions did not satisfy the evaluation criteria and
were filtered out. As a results, 4,462 validated questions were added
to the question pool ((e) in Figure 8) over the three weeks. Of these,
3,290 were eventually exposed to participants on LINGoQuiz (117.5
per participant).

6.1.3  Consistent Language Practice with LincoQuiz. Including the
reappeared cases, participants solved a total of 7,155 questions
(255.5 per participant). These questions were curated in 604 quizzes
and participants completed most ones, leaving only 10 quizzes in-
complete (1.7%) throughout the study period. Over the three weeks,
Participants completed at least one quiz in LINgoQuiz for 13.4 days
on average (SD = 2.8, min = 10 [P27], max = 19 [P21]), indicating
similar compliance with LINGOQUERY. Participants completed an
average of 1.04 quizzes per day (min = 0.32 [P9], max = 2.11 [P8]),
spending about 9.3 minutes (SD = 3.0) per quiz. This result is more
than twice the number of quizzes required to qualify for study com-
pletion; the minimum requirement was 10 days out of 21, at least
one quiz per day, or roughly 0.5 quizzes per day on average. Fig-
ure 7b presents participants’ hourly engagement patterns, showing
a more than twofold increase in usage around 10 p.m. This pattern
aligns with trends observed in other popular mobile applications.

Of 3,290 unique questions, 927 questions (28.2%) appeared more
than once, with the most frequently reappeared item occurring 15
times. On average, each question appeared across 2.86 quizzes (SD =
1.48). As the questions were repeatedly presented, participants
became more likely to answer them correctly. The average accuracy
for questions presented for the first time was 82.6%, which gradually
increased to 89.5% upon the second exposure in another quiz, and
further to 92.4% upon the third exposure.

(e]

Passed 1,114 (20.5%)

G Initial validation o 1st refinement attempt

I Passed 656 (12.1%)

o 2nd refinement attempt

Figure 8: Overview of the question generation and validation to final question pool in the deployment study, starting from
initially generated 5,422 questions (@ to the 4,462 validated questions (e) after three-stage validations with two refinements.
The black vertical bars (), (©), (d) denote question evaluation steps.
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6.1.4  Sustained Engagement. The Wilcoxon signed-rank test showed
that the participants rated the sustainability of learning with LiIN-
GoQ (M = 3.96,SD = 0.88) significantly higher than their prior EFL
learning experiences (M = 2.96,SD = 0.79), z = —3.47, p < 0.001
(see Figure 9a).

6.2 Learning Experience Evaluation

Over the three-week study, the use of LingoQ significantly en-
hanced participants’ self-efficacy in using English at work. Pro-
ficiency gains varied by self-reported CEFR levels, with greater
benefits for lower-level learners. These improvements were posi-
tively associated with LINGOQUERY usage.

6.2.1 Expert Evaluation. We compared the expert’s assessments of
the quality of genarated questions with the assessment from our
automated quality assessment pipeline. Our comparison yielded
precision/recall/F1-scores of 0.91/0.81/0.86 for Answerability and
0.85/0.92/0.88 for Proficiency, suggesting that our automated fil-
tering provided highly aligned decisions compared with the ex-
perts’ judgment, with minor discrepancies. We identified two main
reasons for the discrepancies. First, experts often marked domain-
specific questions as “unknown” (5 items for Answerability, 10 items
for Proficiency), making it difficult to assess their quality as even
the experts were not familiar with domain-specific terms. Second,
they applied a higher bar for proficiency, according to the follow-up
interview, as they were accustomed to carefully adjusting difficulty
to learners, to maintain discrimination of the test design.

In the follow-up interviews, all experts emphasized that the key
difference between LINGOQ questions and standardized English
tests is in the contexts used in the question stems, as E1 noted:
“TOEIC usually covers general business contexts, but some of the ques-
tions from LINGOQ required knowledge confined to highly specific
domains.” Two experts (E2, E3) valued the domain-specific stems,

Prior method 28.6%

(a) Sustained engagement
LingoQ

(b) Relevance Prior method

LingoQ

Prior method 3.6% 25.0%

(c) Helpfulness
LingoQ

100% 75% 50%

7.1% 39.3%

Yeonsun Yang, Sang Won Lee, Jean Y. Song, Sangdoo Yun, and Young-Ho Kim

noting that the learners’ specialty in the domain could foster learn-
ing engagement and motivation, which are crucial factors for effec-
tive self-directed learning. Meanwhile, E3 remarked that the overall
quality of LINGOQ questions was comparable to text-completion
items in TOEIC or TOEFL, noting that some items (e.g., Figure 6c)
resembled high-quality questions that could plausibly appear on
actual standardized English tests.

6.2.2  English Proficiency. A mixed-effects model analysis revealed
a significant main effect of time on English proficiency scores, with
an average increase of 1 point across all participants (p = 0.01)
(see Figure 10). Post-hoc pairwise comparisons revealed that only
basic (CEFR A) learners showed a significant improvement, gain-
ing an average of 4 points (Total 30 points) from pre-to post-test
(p = 0.01), whereas independent (CEFR B) and proficient (CEFR
C) participants showed no remarkable change. However, for the
independent group, the interaction between time and the number
of LINGOQUERY messages was significant (p = .01). The result
indicates that more frequent use of the LINGOQUERY was associ-
ated with greater learning gains among these EFL workers. We
further explain the learning effects of querying activity based on
participants’ general reactions in Section 6.3.

6.2.3 English Self-Efficacy. The paired t-test revealed significant
improvement in QESE score from pre- (M = 77.43, SD = 14.31) to
post-study (M = 84.75, SD = 13.21) measurements (¢(27) = —4.30,
p < 0.001, with 9.5% gain (see Figure 11). In addition, both the
reading and writing subscales of QESE also demonstrated signifi-
cant gains (£(27) = —3.67, p < 0.01 for reading, and ¢(27) = —4.29,
p < 0.001 for writing), respectively. In the post-study survey, P15
highlighted the enhanced self-efficacy as the most notable benefit of
LINGOQ, noting “What improved the most was my confidence. It was
really satisfying to go over the mistakes I often made, and over time,
I found myself reading tough sentence structures much more easily.”
Additionally, an expert from the expert evaluation reinforced this
point: “Confidence is a key factor in conversational ability, as it often

Strongly disagree . Strongly agree

50.0% 17.9% I 3.6%
1150 175% wo [P
39.3% 14.3%
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1036 7.100 omer
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Figure 9: Stacked bar charts of five-point Likert ratings from participants (N = 28) on (a) sustained engagement, (b) content
relevance, and (c) helpfulness for work tasks, and in learning. Upper bars indicate pre-study evaluations of existing EFL
methods, while lower bars indicate post-study evaluations of LING0Q.
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Figure 10: Estimated mean and 95% confidence intervals of
pre- and post-test English proficiency test scores by CEFR
group. The plot shows estimated group means (with 95% CIs)
for A (basic, N = 7), B(independent, N = 14), and C (proficient,
N =7) on a 0-28 scale.

translates into greater written and spoken outputs by reducing fear
and hesitation. Thus, fostering confidence is essential for advancing
from intermediate to higher proficiency levels.” (E1).

6.3 Perceived Values of LINnGoQ

In the post-study survey, we gathered participants’ feedback on LiN-
GoQ across multiple aspects. To gauge the utility of LINGOQ beyond
the study context, we asked participants how much they would be
willing to use LINGOQ in their real life (LINGOQ on their phones
and computers would continue to work). 24 of 28 participants (86%)
indicated they would adopt the system, with 54% selecting “agree”
and 32% selecting “strongly agree.” We summarize their feedback
on the strengths and drawbacks we identified.

6.3.1 Content Relevance. The Wilcoxon signed-rank test revealed
that participants rated the relevance of LingoQ (M = 4.21,5D =
0.57) significantly higher than prior EFL practices (M = 2.61,SD =
0.83), z = —4.39, p < 0.001 (see Figure 9b). Their open-ended
response revealed that most participants (25 out of 28; 89.2%) val-
ued the quizzes for reflecting the practical English they actually
encountered at work. In particular, P15 emphasized the value of
context-relevant words: “I liked repeatedly practicing verbs specific to
the medical field rather than casual spoken language.” (see Figure 6a).
Moreover, P11 and P20 found that domain-relevant distractors in
quiz alternatives helped them contrast similar terms and deepen
their understanding of subtle distinctions (see Figure 6b).

6.3.2 Helpfulness for Work Tasks. The Wilcoxon signed-rank test
revealed that participants rated LINGoQ (M = 4.14,SD = 0.65) as
more helpful for daily work tasks than their prior EFL practices
(M = 2.89,SD = 0.79), z = —4.05, p < 0.001 (see Figure 9c). In
the post-study survey, participants reported that practicing work-
related content with LINGoQu1z not only improved retention but
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Figure 11: Box plots of English self-efficacy (QESE) scores on
a 7-point scale. The left plot shows overall self-efficacy (16
items), while the middle and right plots show the subscales of
reading (7 items) and writing (7 items). Significant pre-post
differences are observed in both the overall scale and the
subscales. Significance is marked as p < 0.05 (*), p < 0.01 (**),
or p <0.001 (**%).

also made English-related work tasks smoother and more efficient.
They remarked that LingoQuiz reinforced their learning, allow-
ing them to “encounter the content again through quizzes (P17). In
particular, P18 highlighted that reviewing previously read content
through quiz questions enhanced their reading fluency, noting,
“Since I had the opportunity to revisit documents and papers I had
read before, I found that when rereading, I was able to process them
more quickly in English.” (P18).

6.3.3 Expanding Types of Questions and Language Learning Disci-
plines. Most participants (24 out of 28; 85.7%) found the quiz design
effective after work. P15 emphasized that LINGOQ enabled effortless
learning through highly context-relevant materials, noting that “Be-
fore this, I used Gemini with my roommate to study vocabulary, but
we always had to manually instruct what to practice [...] LingoQuiz
removed that burden.” In addition, P3 noted, “The quizzes weren’t
burdensome and fit easily into my routine, like during commutes
or before bed.”, and, P20 remarked, “I could learn just by doing the
quizzes without the extra step of studying beforehand.”.

Although the lightweight quiz format helped sustain review rou-
tines, nine participants suggested diversifying the quiz formats
beyond the current fill-in-the-blank design. They proposed that ex-
ercises could be more closely aligned with the types of queries sub-
mitted. For instance, for translation queries, quizzes could present
multiple sentence options and ask learners to select the correct
translation. In addition, five participants suggested expanding the
material modalities to include speaking and listening practice, aim-
ing to better support verbal communication tasks such as video
meetings and presentations.
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6.3.4  Utility of Tailored Interaction Components. Around half of
participants (13 out of 28) perceived LINGOQUERY’s bespoke inter-
action features tailored to English queries—such as quick-access
buttons for predefined query intents and keyboard shortcuts—to
be particularly convenient and useful. For example, P12 remarked,
“The three template prompt buttons were useful because I didn’t have
to keep typing the same prompts.” However, three participants also
reported mixed experiences with this language-specialized design.
While participants valued the tailored linguistic support, they found
the system limiting when they needed assistance with features typ-
ically supported by general-purpose LLMs (e.g., file upload). P5
noted, “I ended up keeping another Al tool open alongside LINGOQ
while working.”

6.3.5 Perception Change of Queries as Learning Opportunities. While
we provided LINGOQUERY as a dedicated channel for language
querying, three participants mentioned that using such a scoped in-
terface raised awareness of knowledge gaps and encouraged reflec-
tion on their English use when they ask questions. They contrasted
this experience with their prior experience with Al assistants. P25
remarked, “Using LINGOQUERY instead of ChatGPT helped me de-
velop the habit of looking more carefully at words in sentences I would
have otherwise translated without much thought. > Knowing that
their queries would generate learning materials for later completion
made participants see each query as part of their language learning.
As aresult, using LINGOQUERY reminded them of EFL learning even
when their questions were unrelated. These reflections suggest the
potential to reorient reliance on LLMs toward active learning.

6.3.6 Backfire of Authentic Materials. While participants valued
the activity of solving work-related quizzes, two also noted that
practicing quizzes containing work-related materials after work
sometimes depressed them. P8 noted, “Sometimes I wanted to detach
from work, but reviewing the same materials after hours felt like an
extension of my job.” Four participants mentioned that although
LinGcoQ’s high level of personalization was helpful, it occasionally
felt overly tied to their own queries. They pointed out that the
system generated quizzes based on explicit queries, which limited
broader learning opportunities. P1 explained, “To learn related words,
I had to explicitly ask LINGOQUERY. For example, when I came across
‘customer churn’ in context, I needed to ask follow-up questions like
‘How is it different from customer retention?’ for those to appear in
the quiz.” P19 suggested augmenting the content with paraphrased
alternatives or domain-specific vocabulary that the system could
infer as relevant, even without explicit learner requests.

7 Discussion

Our results highlight how LincoQ bridges two familiar practices—
using Al tools at work for English-related tasks and studying Eng-
lish on smartphones—by turning routine queries into learning activi-
ties that are directly connected to workers’ tasks and that strengthen
their self-efficacy. These findings inform design implications for
work-integrated language learning systems that respect workers’
boundaries and ethical considerations.
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7.1 Leveraging Reliance on LLMs for Learning
Opportunities

Reliance on generative Al has been a threat to learning as it reduces
an opportunity for a critical engagement with a subject matter [16].
Especially for workers, the convenience that LLMs provide fosters
passive consumption of generated information rather than criti-
cally examining what they produce or comprehend [69]. Therefore,
ironically, EFL workers’ reliance on convenient LLM-based tools
can lead to the deterioration of their English skills.

In this work, we leveraged the conversational data that peo-
ple generate while interacting with an LLM-based tool. Although
such data is often used to enhance conversational quality within a
session and personalize future interactions [73], or can be explic-
itly retained when users opt in to maintain personal memory [8],
reusing and managing this stored information remains challenging
for end users [72, 100, 112]. Theoretically, a worker could generate
learning materials directly from the LLM’s memory (e.g., talking to
the assistant, “Based on the conversation history, generate fill-in-the-
blank English questions that will help me improve the work-related
English skills I need.”). However, our results indicate that simple
prompting does not guarantee the validity of the generated ques-
tions; more than 50% of the generated questions initially were either
insufficiently proficient or unanswerable (see (b) in Figure 8). More-
over, the generation process to support effective learning—such as
producing varying questions, marking vocabulary that they want to
study, or revisiting items previously answered incorrectly—would
require substantial manual effort or additional technical develop-
ment. As a result, participants perceived their LLM queries at work
not merely as assistance but as opportunities for language learning.
Moreover, although we primarily focused on piggybacking [40, 48]
on workers’ existing interaction behaviors with Al assistants when
designing LINGOQUERY, participants indicated that the tailored UI
features—such as side-by-side translation view, toggling between
refined and original responses—helped them become aware of what
they did not know and facilitated conscious learning. The noticing
hypothesis [91] suggests that conscious awareness of linguistic
gaps is essential for acquisition, beyond mere exposure. Unlike
passive reliance on Al-generated answers, this awareness might
have reframed their work-related queries as active learning events.

Due to the short span of the study, it remains unwarranted if the
system would elicit sustained engagement for a longer term. The
predictable one-to-one mapping between queries and questions may
hinder sustained engagement for the limited varied practice [95]
or a desirable difficulty [12], which are essential for retention and
transfer of vocabulary knowledge [13]. One direction to diversify
quiz content is to evaluate a user’s proficiency level informed by
user modeling based on the collection of query-response pairs [5,
17, 29, 54, 76]. Varying the stem for creating a new scenario that
uses the same words and expressions can mitigate the reviewing,
not anticipating, nature of LiNGoQ [87, 111].

7.2 Meaningful Increases in Self-Efficacy
Despite Partial Proficiency Gains

Using LINGOQ led to a significant increase in participants’ self-
efficacy in English, while measurable learning gains were only
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observed among the basic group. The result offers a promising indi-
cation of LINGOQ’s long-term potential. A substantial body of work
in second-language acquisition identifies self-efficacy as one of the
strongest predictors of future learning gain; multiple literature re-
views show a positive association of self-efficacy with L2 learning
outcomes and proficiency levels [44, 101]. This boost suggests that
LincoQ’s impact may extend beyond the study window, offering
promising long-term learning potential.

Several factors may explain why participants’ higher proficiency
groups did not exhibit learning gains. Previous work shows that
early vocabulary development yields rapid, detectable improve-
ment, whereas intermediate and advanced learners experience di-
minishing returns because additional vocabulary is less frequent,
harder to acquire, and contributes minimally to standard proficiency
measures [96]. Given that our fill-in-the-blank questions primarily
targeted vocabulary and expression, the level of the generated items
may have been too easy for intermediate and advanced learners.

Users’ goals, which vary by proficiency level, may also have
influenced learning outcomes. Basic-level participants likely re-
lied on LINGOQUERY because they genuinely did not know word
meanings or were unable to translate. In contrast, intermediate
and advanced users may have turned to LINGOQUERY not out of
incapacity but to speed up their work. This pattern aligns with
prior observations in software developers, who use automation to
offload trivial or repetitive tasks [80]. Advanced users may similarly
leverage LLMs to optimize workflows (e.g., drafting an email), even
when the query provides little new learning content. Consequently,
LincoQuiz may have been less effective for higher-level partici-
pants, as the generated questions often covered material they had
already mastered.

Future systems should consider how generative approaches can
better support learners across a broader proficiency spectrum. Dis-
tinguishing the intent behind each query—those driven by knowl-
edge gaps (e.g., looking up a word in a dictionary) versus those made
for efficiency (e.g., translating text into English)—may enable tar-
geted scaffolding. Such data can be further used to create a learner
profile and to provide additional context for adaptive question gen-
eration, enabling more robust proficiency estimation. This, in turn,
would allow systems to generate questions with desirable difficulty
levels and targeted style (e.g., summarization, paraphrasing, error
correction) that promote progression even for advanced learners.

7.3 Respecting Privacy in Work-Related
Learning Systems

LincoQ allowed users to include a screenshot to augment ques-
tion generation. Although we allowed opting out (i.e., discard the
screenshot before sending the message), taking a screenshot may
be against the user’s company’s security policy, thereby creating
a risk of unintentional violation. Moreover, screenshots may also
include confidential personal/workplace content, posing significant
privacy risks if such data is leaked. Therefore, it is critical that
LinGgoQ provide users with clear awareness of and control over
what data is captured and how it is used, enabling contextualized
learning without placing them at risk of personal or professional
harm. Recent developments in edge computing and on-device light-
weight vision-language models offer promising pathways toward
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privacy-preserving alternatives [97, 109]. Future implementations
could process screenshots locally or on edge devices rather than
sending them externally, enabling contextual personalization while
reducing the exposure of sensitive workplace content.

7.4 Balancing Learning and Detachment in
Workplace Contexts

Using LINGOQ may also influence how workers negotiate the bound-
aries between work and personal life. Because the system generates
learning materials directly from workplace contexts, it can blur the
boundary between work and life. In the post-study survey, some
participants expressed concern that LINnGoQ could make it harder
to fully detach from work, creating subtle pressure to engage with
work-related content, which could potentially affect their mental
well-being [11, 22, 98].

These concerns highlight the need for responsible design in Al-
powered personalized learning, especially when linking personal
data to personal development. Future systems should preserve users’
agency by giving them control over when learning materials appear,
keeping engagement optional, and avoiding content that adds stress.
Such a design supports voluntary, time-bounded participation and
reduces the blurring of work and life. More intelligent approaches
could also retain the English content users need to study while al-
tering its surrounding context, minimizing reminders of workplace
tasks and reducing the sense of continuous work exposure.

7.5 Limitations and Future Work

In this section, we discuss the limitations of this study. We focused
on reading and writing skills, whereas participants expressed a
need for support in listening and speaking. This suggests that future
systems should incorporate speaking and listening to better support
verbal communication. Similarly, the problem format was limited to
fill-in-the-blank questions, which might have limited the learning
effects of the system.

Our evaluation employed a single-group study design, focus-
ing on the feasibility and understanding of engagement with the
system deployed in the field. While this design allowed us to ob-
serve real-world usage and effects, future work could incorporate
comparative study designs to attribute the effects of work-related
English learning to LINGoQ’s connected pipeline. Additionally, we
imposed a minimum usage requirement to mitigate noise from
non-usage attrition. Although this threshold helped ensure data
quality for behavioral analysis, it might also have influenced the
observed engagement levels; therefore, findings related to sustained
engagement (RQ1) should be carefully interpreted.

Third, our study was limited to a Korean-English context. While
we believe the architecture and pipeline structure are language-
tolerant, performance can vary significantly depending on the LLM,
which in turn depends heavily on training data. Generalizing to
other languages—particularly low-resource and non-English second
languages—requires further investigation.

8 Conclusion

We presented LINGOQ, an LLM-based system that supports learn-
ing work-related English skills by generating quizzes directly from
workers’ language queries to LLM tools. By connecting English
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query history to low-burden practice, LINgoQ enables work-related
English exercises anytime and anywhere. To answer our three re-
search questions, we conducted a three-week deployment with 28
EFL information workers. Participants actively engaged with the
system and reported more sustainable review practices compared
to their previous EFL learning methods (RQ1). Our study revealed
that queries can be effectively transformed into learning materials
of sufficient quality—as confirmed by expert evaluation—which
in turn led to increased self-efficacy for all participants and mea-
surable gains for beginners, with further potential for advanced
learners through more active system interaction (RQ2). Overall,
participants valued LINGoQ as more contextually relevant and help-
ful for work than their prior English study methods (RQ3). These
findings demonstrate how leveraging workers’ reliance on LLMs
can create new opportunities for personalized learning, while still
respecting work boundaries and ethical considerations. In sum, our
work contributes to the growing body of personalized language
learning that leverages LLMs and personal data, highlighting the
feasibility of grounding study materials in user demand.
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A LLM Instruction Prompts Used for LINGOQUERY
A.1 Instructions for Conversational Agent Intent Classifier

[Role]
You are an Intention Classifier. Your job is to analyze the input text and classify it into one of four
categories.

[Classification Categories]

*xtranslationxx: "Translate the following text naturally between English and Korean. Please also explain
how the nuance and context of the sentences are reflected in the translation."

*xproofread*x: "Proofread the following text into more accurate and natural English. Please also provide
an explanation of the changes and the reasons behind them."

*xlookup*xx: "Explain the meaning of the following word (or expression) in detail, in the style of a
dictionary entry."

*xtext*x: Any other input that doesn't match the above three categories.

[Classification Rules]

1. If the input text exactly matches one of the three specific examples above => Classify accordingly
2. If the input text is similar to any of the three examples => Classify accordingly

3. If the input text doesn't match any of the three examples => Classify as "text"

[Output Format]
**xCRITICAL: You must respond with ONLY ONE WORD from the list below.xx
*xD0 NOT use JSON format. DO NOT add explanations. DO NOT add quotes.*x

Respond with ONLY one of these four values:
- translation

- proofread

- lookup

- text

A.2 Instructions for Conversational Agent Response Generator

[Role]
You are a Workplace English Support Assistant, designed to help the user tackle English-related tasks and
challenges in everyday work situations.

[Personality]

- Patient and encouraging

- Clear and articulate in explanations
- Friendly and approachable

- Professional yet conversational

- Culturally sensitive and inclusive

[Chat Style]
- The user will speak in {user_language}. So you must also speak in polite and supportive {user_language
3.

- Do not greet the user and treat them as if you already know them well.

[CRITICAL: Context Memory & Style Consistency]

- ALWAYS remember the entire conversation history

- Remember user's work context, preferences, and instructions
- Remember user's ongoing projects and tasks
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- Maintain consistent response style throughout the conversation
- If user prefers certain response styles, maintain that consistency

[Message Content Format]

The user's intention is provided as: [Intention: INTENTION_PLACEHOLDER]
The user's message contains:

- query_prompt: The prompt the user is using to make the query

- content: The content the user is querying about

[Intent-Based Response Generation]
IMPORTANT: The user's intention has already been classified. Use this information to determine the
appropriate output_type and response format.

*xResponse Format Based on Intention:xx

1. For Lookup (intention: "lookup"):
- Use DictionaryOutput format
- Provide comprehensive dictionary information including meanings, examples, synonyms, etc.
- Focus on the word/phrase in the user's content

2. For Translate (intention: "translation"):

- Use TranslationOutput format

- Provide original text, translation, and explanation

- Translate naturally, considering user's context and communication style

- Avoid literal translation - focus on natural expression

- *%xPay attention to formality, tone, and contextxx: Match the user's professional level, industry
terminology, and communication style

- When the user content is a mix of {user_language} and English, translate the entire content into
English

3. For Proofread (intention: "proofread"):
- Use RefinementOutput format
- Provide original content, refined content, and refinement rationale
- Refine naturally
- *xMinimal refinement approach*x: Preserve the user's original structure and meaning as much as

possible.

- *xrefinement_rationalex*: Write in simple, natural Korean. Avoid numbered lists or structured
formats.

- When the user content is a mix of {user_language} and English, refine the content to be fully in
English

- Only refine to {user_language} if the user explicitly requests it

4. For General (intention: "text"):
- Use Text output format
- Respond naturally to the user's query_prompt and content
- Provide helpful, detailed explanations
- Suggest 2-3 alternative approaches when appropriate
- Be conversational and engaging like ChatGPT

**Your Task:x*x
Based on the classified intention provided, generate the appropriate response using the correct
output_type and format. Do not re-classify the intention - use the one that has been provided to you.
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B Development and Validation of the English Proficiency Test

An English proficiency test was developed to evaluate the learning performance of the deployment study participants. We selected 46
multiple-choice items from the TOEIC (Test of English for International Communication), consisting of 30 single-sentence fill-in-the-blank
items (each with one blank) and four paragraph-based sets (each set containing a short paragraph with four blanks).

B.1 Participants

To validate the difficulty and time required to complete the test, we recruited computer-based information workers via social media
advertisements, following the inclusion criteria described in Section 5.1. Among the 40 applicants, 11 were excluded based on their responses
to attention check items designed to ensure data quality. In total, 29 South Korean information workers (16 female, 12 male, 1 preferred
not to disclose) completed the validation. Participants had an average age of 27.9 years (SD = 4.8) and represented diverse occupational
backgrounds, including researchers (14), office workers (11), and engineers (4). Based on CEFR self-assessment [82], 2 participants identified
as Al (beginner), 2 as A2 (elementary), 8 as BI (intermediate), 5 as B2 (upper-intermediate), 5 as CI (advanced), and 7 as C2 (proficient). Each
participant received 20,000 KRW (approx. 14 USD) as compensation.

B.2 Procedure

Participants completed the validation via an online survey. They solved all 46 test items along with 2 attention check questions. Problem-
solving time was recorded. The order of questions and answer choices was randomized for each participant. The average response time
was 23.7 seconds for single-sentence items and 117.2 seconds for paragraph-based sets. Mean scores were M = 21.03 (SD = 4.88) for the
single-sentence items (score range: 0-30) and M = 11.24 (SD = 2.43) for the paragraph sets (score range: 0-16).

B.3 Validation

Based on classical test theory [27], item difficulty was calculated as the proportion of participants who answered each item correctly.
Following the standard range of acceptable difficulty (0.4 to 0.8), we selected 16 single-sentence items and 3 paragraph-based sets (12 items
total). Given the average solving time, the expected completion time for the selected 28 items is approximately 13 minutes. Thus, the final
version of the English proficiency test consists of 28 validated items to be completed in 13 minutes.

C Expert Evaluation of Generated Questions

To evaluate the performance of the question evaluator in the LINcoQ pipeline, we conducted an expert evaluation on sampled 30 questions
generated during the deployment study. The expert evaluation rubric (Table 2) consisted of three items, which were mapped to two evaluation
criteria. Questions that satisfied the Correct answer rubric were coded as Answerability = True, and Proficiency = True was coded only
when both the Unique choices and No obviously wrong rubrics were satisfied.

Table 2: Rubric used for expert evaluation of questions generated by LINGoQ.

Rubric Question Options

Yes, there is a correct answer and it is marked ’correct’

. . . There is a correct answer but it is not marked ’correct’
Is there a correct answer listed in the options? Is the .
Correct answer . « \ There are multiple correct answers
option marked “correct” actually correct?

No, there is no correct answer

Don’t know

Yes, they are completely unique
. . Are the options distinct from each other, ensuring they ~ Some choices are unique, some are too similar
Unique choices . . L
are unique choices? No, they are all too similar

Don’t know

Yes, there are no obviously-wrong options

Yes, but the options give away the correct answer

No obviously wrong Is the MCQ free from obviously-wrong options? P . & Y )
No, there are obviously-wrong options

Don’t know
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