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Abstract

We investigate how non-native English speakers (NNESs) interact
with diverse information aids to assess and select Al-generated
paraphrases. We develop PARASCOPE, an Al paraphrasing assistant
that integrates diverse information aids, such as back-translation,
explanations, and usage examples, and logs user interaction data.
Our in-lab study with 22 NNESs reveals that user preferences for
information aids vary by language proficiency, with workflows
progressing from global to more detailed information. While back-
translation was the most frequently used aid, it was not a decisive
factor in suggestion acceptance; users combined multiple informa-
tion aids to make informed decisions. Our findings demonstrate the
potential of explainable Al paraphrasing tools to enhance NNESs’
confidence, autonomy, and writing efficiency, while also empha-
sizing the importance of thoughtful design to prevent information
overload. Based on these findings, we offer design implications for
explainable Al paraphrasing tools that support NNESs in making
informed decisions when using Al writing systems.
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1 Introduction

We have witnessed an enormous shift in the capability of Al writing
tools from spell checkers [44, 68] to content generators producing
fluent, human-like text [50, 58, 92]. These tools open new avenues
for non-native English speakers (NNESs), who face unique linguistic
and cultural barriers when writing in English [5, 6, 24, 34, 74, 108].
For instance, NNES-authored emails may unintentionally include
awkward or contextually inappropriate expressions, reducing their
likelihood of receiving replies [74]. Such expressions may also
negatively influence recipients’ perceptions of the NNES sender’s
intelligence and trustworthiness, even when the recipient is aware
of the sender’s foreign background [108].

Amid these growing challenges faced by NNESs, recent advances
in large language models (LLMs) [86, 88, 105] have significantly
expanded the scope of Al writing support. Equipped with capabil-
ities to generate fluent, human-like text [120, 121], compared to
traditional rule-based feedback tools [89, 119], LLMs now assist
with a broad range of writing tasks, including idea brainstorm-
ing [38, 59, 92], drafting [31, 71, 99], and paraphrasing [54, 55].
Among these myriad writing tasks that Al can support, the para-
phrasing task is shown to improve NNESs’ writing by suggesting
more fluent paraphrases than their original sentences [23].

While an Al paraphrasing tool could instantly offer paraphrased
suggestions, the ultimate responsibility of assessing and select-
ing the most context-appropriate falls on users. This introduces
a significant challenge for NNESs, as they may lack the linguis-
tic proficiency and cultural awareness to evaluate these sugges-
tions accurately [60]. Prior research has identified several types
of information aids, such as suggestion quality scores and exam-
ple sentences, that can assist in evaluating Al-generated sugges-
tions [54, 75, 81, 89]. It has recommended developing writing tools
that integrate such aids to provide comprehensive support [55].
However, key questions remain open: How can information aids be
effectively integrated into writing assistants to collectively explain
Al-generated paraphrase suggestions? Answering this question ne-
cessitates a deeper understanding of how NNESs interact with and
respond to information aids during paraphrasing tasks—an area
that remains underexplored.
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To address this gap, we investigate how NNESs interact with
diverse information aids (interchangeably referred to as “infor-
mation aids” and “features” throughout the paper) to assess and
select paraphrase suggestions. Concretely, we developed PARAS-
COPE, a research prototype that integrates Al paraphrasing with
five types of information aids within a single writing interface.
These aids—AlI Score, Al Translation, Al Explanation, Example Sen-
tence, and Frequency—represent support information commonly
used by NNESs in real-world writing contexts. PARASCOPE logs
user interactions with both paraphrase suggestions and the ac-
companying aids (Section 3). Through a lab-based evaluation of
PARAScoPE with 22 NNESs writing academic emails (Section 4),
we examined participants’ feature usage patterns, perceptions, and
written outcomes (Section 5). We conclude with design implications
for explainable Al paraphrasing tools tailored to NNESs (Section 6).

Our findings reveal that while participants generally preferred
features used to gauge the overall quality of the suggestions, e.g.,
Al Score, Al Translation, and Al Explanation, over features offering
detailed explanations of specific words or expressions like Example
Sentence and Frequency, their preferences varied by proficiency
level. NNESs with lower proficiency used significantly more infor-
mation aids than those with higher proficiency and demonstrated a
particular preference for Al Score, a numeric representation of sug-
gestion quality. Although Al Translation—back-translating English
suggestions into users’ first languages—was the most frequently
used feature, it was not a decisive factor in suggestion acceptance;
users relied on a combination of information aids to make informed
decisions. Post-interview findings further revealed that integrating
information aids positively influenced perceived efficiency, con-
fidence, and autonomy in the decision-making process, although
participants noted the potential for information overload if features
were integrated without consideration.

Through this study, we discuss design implications for creating
explainable Al paraphrasing tools that support NNESs in making
informed decisions when collaborating with Al systems. We also
explore opportunities for explainable writing assistants in broader
contexts, offering directions for future research to enhance writing
support across diverse user needs.

We summarize our contributions as follows:

o PARASCOPE, a research artifact prototyping an Al paraphras-
ing support system that integrates a paraphrasing tool with
five information aids to investigate and compare common
strategies NNESs use for paraphrasing.

o Empirical findings from an in-lab user study of PARAScOPE
with 22 NNESs in an academic email writing context, com-
bining qualitative and quantitative data on how participants
engaged with information aids to assess Al suggestions and
how these aids shaped their user experience.

e Design implications for explainable AI paraphrasing tools
tailored to the needs of NNESs.

2 Related Work
2.1 NNESs’ Challenges in Writing

Writing is regarded as one of the most challenging and complex
tasks among NNESs [7]. NNESs’ written English displays lower
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linguistic accuracy and complexity compared with native speak-
ers [87, 89, 90]. Their texts tend to include more spelling and
grammatical errors and exhibit less lexical diversity [95]. NNESs
also face challenges in selecting contextually appropriate words
or expressions, primarily due to the gaps in their cultural back-
ground [107]. These issues become particularly salient in high-
stakes written comunication scenarios, such as email and academic
writing [10, 35, 40, 51, 108]. In emails, linguistic errors can lead re-
cipients to NNES senders as less intelligent, diligent, conscientious,
and cognitively trustworthy [108], and NNESs’ overuse of casual
language in academic writings can leave them at a competitive dis-
advantage [40]. Furthermore, NNESs’ writing is often misclassified
as Al-generated by automated detectors due to its lower lexical
complexity, raising concerns around fairness [72].

2.2 Al Writing Support Tools for NNESs

While AI writing support tools span a broad range of tasks rang-
ing from idea brainstorming [28, 38, 39, 59, 92, 96, 100, 110] to
revision [1, 48, 109], those designed for NNESs often focus on the
revision process of writing. These tools aim to aid improvement
in writing quality by providing assessment and feedback to the
NNESs’ writing, primarily through grammar and spelling check-
ers [21, 37, 75, 89, 94] and feedback generation tools [14, 46, 52,
61, 79]. Another way to assist NNESs’ revision process is para-
phrasing [33, 54-56, 78, 116], which suggests alternative ways of
expressing the same content, potentially enhancing the quality of
original texts written by NNESs [54].

Despite the usefulness of revision tools, NNESs’ lack of linguistic
proficiency hinders them from accurately assessing and selecting
tools’ suggestions [55, 60, 64]. As a solution, several revision tools
provide information aids (e.g., dictionary results, grammar rules)
along with suggestions to help users better understand and reason
about the suggestions [21, 54, 55, 75, 89]. For instance, lexical and
grammatical suggestions are provided along with informational
aids such as dictionary samples and grammar patterns sourced
from an academic corpus [21]. On the other hand, LangSmith, a
paraphrasing tool for NNES [54, 55], provides a “typicality score”
of paraphrased suggestions, representing the suggestion qualities.
Nevertheless, we do not clearly understand which and how supports
should be provided [55] to best support NNESs using Al paraphras-
ing tools. We aim to bridge this gap, offering insights into effective
support strategies for NNESs engaged in paraphrasing activities.

2.3 Empirical Studies of Writing with Al

Previous research has explored user behaviors and perceptions of Al
writing tools. A major thread of this research has focused on predic-
tive text systems, which aid users in composing text by suggesting
the next phrases or sentences they might use [8, 15, 31, 36, 71].
Recent work [36] explored how users write email replies with sen-
tence vs. message-level suggestions. Another study [15] analyzed
differences between native and non-native English speakers con-
cerning their perception of and writing behaviors influenced by
writing tools’ next phrase suggestions. In parallel, a line of research
studied user behaviors by providing Al-based analytics to user
written text, such as event sequence visualizations and paragraph
summaries [25, 30, 98]. For instance, COALA [25] compared native
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and non-native English speakers’ collaborative writing behaviors
when they are equipped with visual analytics. On the other hand,
a few studies have investigated user behaviors regarding para-
phrasing tools [55, 67]. Closest to our study, researchers explored
behaviors of NNESs with Langsmith [54] and found that NNESs
use external resources such as translators and web search results
when paraphrasing with Al [55]. However, they focused on the
impact of translator use on NNESs’ engagement with the tool’s
outputs. Our study takes a broader and more detailed approach by
identifying a comprehensive set of information aids that NNESs
need when paraphrasing with Al and comprehensively analyzing
user behaviors given these aids. Moreover, we provide insights
on designing paraphrasing tools with information aids to support
NNESs effectively.

3 PaRrAScoPE Design and Implementation
3.1 ParaScopPE Design Principles

We designed PARASCOPE as a research prototype to investigate
how NNESs interact with diverse information aids when assessing
and selecting Al-generated paraphrases. To achieve this, we estab-
lished high-level design principles of PARASCOPE drawing on prior
work [26, 36, 47, 53, 55, 57, 71, 117]. Our design aimed to:

e DP1 Include core strategies NNESs employ as information
aids in a realistic writing context: Prior studies demonstrate
that realistic task contexts elicit natural user behaviors [36, 47,
53, 55]. We aim to develop an Al-assisted paraphrasing tool
that integrates multiple types of information aids commonly
used by NNESs, and embed it in a writing task representative
of real-world scenarios faced by NNES users.

DP2 Support open-ended, user-driven exploration: Prior
studies show that minimally constrained interaction reveal
emergent usage strategies and inspire design directions [26,
47, 57, 117]. We focus on designing a system that allows partic-
ipants to freely engage with different information aids during
the paraphrasing process in an open-ended manner.

e DP3 Capture user-system interaction data: Prior HCI work
demonstrates that recording user interactions with a system pro-
vides insights into user behavior with interactive systems and
reveals patterns that inform future system design [26, 53, 71].
We log detailed user interactions and collect qualitative feed-
back to understand how participants engage with the system.

3.2 Overall Design of PARASCOPE

PARASCOPE is an Al writing support system that integrates para-
phrasing functionality with diverse information aids in a unified
interface, enabling NNESs to make informed decisions when assess-
ing and selecting Al paraphrased suggestions. The system consists
of two main components: the paraphrasing pane (Figure 1(A)) and
the information aids pane (Figure 1(B)). In the paraphrasing pane,
users can navigate and select one of four paraphrased suggestions
for their input text. In the information aids pane, users can flexibly
explore five types of information aids: AI Score, Al Translation,
Al Explanation, Example Sentence, and Frequency to evaluate the
system’s suggestions.
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Please give feedback on my personal statement.

I would appreciate your feedback on my o
personal statement.

“ ® b

Could you kindly review my personal

)
statement and share your thoughts?
I'd be grateful if you could provide o
feedback on my personal statement.
May | ask for your feedback on my o

personal statement?

o Paraphrase Suggestions e Information Aids

Figure 1: Overview of the PARAScOPE interface. The interface
features two panes: (A) a pane displaying four paraphrased
suggestions for the user’s input text and (B) a pane providing
information aids. The right pane (B) remains empty until
the user interacts with an information aids button.

3.2.1 Paraphrasing in the email writing task as a use case ( DP1 ).
To contextualize PARASCOPE in a meaningful real-world setting,
we selected the task of paraphrasing in email writing. Writing
emails in English is a common yet challenging activity for NNESs,
as it requires clear, professional communication that adheres to
linguistic and cultural norms they may be unfamiliar with [108].
Moreover, paraphrasing—an essential activity for refining tone,
improving the wording, and enhancing clarity—is widely practiced
by NNESs in both practical and educational contexts, often with the
aid of AI writing support systems [55, 60]. The practical relevance
of paraphrasing and email writing makes this task a suitable context
for studying user interactions with Al-generated suggestions and
information aids, providing insights to inform the design of writing
support systems for NNES users.

3.2.2 Ul design and interaction paradigm of PARAScope ( DP2 ).
We aim to understand how NNESs engage with information aids
when assessing and selecting Al-generated suggestions. To achieve
this, we focused on two key aspects in designing PARASCOPE:

Usability consistency. Since our primary focus is on studying
the use of information aids, we ensured usability consistency [70]-
alignment of user experience with other systems that the user is
familiar with—in designing the surrounding elements, i.e., the over-
all Ul and interaction methods, of the system. This approach reduces
the cognitive overhead associated with adapting to unfamiliar sys-
tems, allowing participants to focus on exploring and utilizing the
information aids. Specifically, we drew on conventions established
by existing writing assistants [44, 54, 71, 112, 113], which provide
real-time support directly within text editors. In PARASCOPE, we
implemented a pop-up interface activated via a keyboard shortcut.
When a user selects a range of text! and presses cmd or ctrl +
j, a pop-up box appears directly below the cursor (Figure 1). The
system supports navigation of suggestions and information aids
using both a mouse (point and click) and a keyboard (arrow keys to
navigate Ul components, Enter to accept a suggestion or open an
information aid). Additionally, we provided multiple paraphrased

!The system automatically adjusts the user’s selection to encompass complete words
if the initial selection ends mid-word.
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Table 1: List of logged events. Each event is represented as a tuple containing the event name, timestamp, and snapshot of the
editor. Text events have associated metadata containing information on inserted or deleted text. Cursor events have associated
metadata containing information on start and end indices of cursor selection.

Event name Trigger

Description

Category: Session

session-start
session-end

System initializes the editor
User clicks submit button

Start writing session
Finish writing session

Category: Text

text-insert
text-delete

User/system inputs (any key)
User presses delete key

Insert text
Delete text

Category: Cursor

cursor-forward
cursor-backward
cursor-select

User/system inputs {|, —} key
User presses {1, <} key
User presses shift +{|, —, T, «}

Move cursor forward
Move cursor backward
Select range of text

Category: Suggestion

suggestion-get
suggestion-open
suggestion-reopen

User presses cmd/ctrl + j
System fetches suggestions
User presses shift + tab

While interface is displayed

suggestion-select  User presses enter + suggestion is focused

User clicks a suggestion
suggestion-close User/system inputs esc or (any key)

User clicks outside of interface

Request new suggestions

Show interface w/ suggestions
Reopen interface w/ prev. sug-
gestions

Select suggestion

Hide interface

Category: Information Aid

While interface is displayed

info-get User presses enter + information aid button is focused
User clicks the information aid button
info-open System fetches queried information aid

Request information aid

Show requested information aid

info-expl-select

info-exam-query

User presses enter + suggestion is focused + Al Explanation is opened
User clicks suggestion + Al Explanation is opened

User presses enter + Example Sentence is opened + example search bar is focused

User clicks the example search button + Example Sentence is opened

View explanation associated
with suggestion

Query example sentences

info-freg-query

User presses enter + Frequency is opened + frequency search bar is focused

Query frequencies

User clicks the frequency search button + Frequency is opened

suggestions, aligning with established practices in Al paraphrasing
tools [49, 54, 55, 112]. We chose the number of suggestions as four,
based on the prior work [15] which demonstrated NNESs benefit
most from receiving 3<N<6 parallel suggestions.

Flexible, open-ended exploration of information aids. To promote
open-ended exploration of information aids, PARAScoPE displays
the features—AlI Score, Al Translation, AI Explanation, Example
Sentence, and Frequency—as horizontally aligned buttons. The UI
does not select any feature independently, and the right pane re-
mains empty until a user clicks any button, ensuring all features
are equally accessible and users flexibly explore suggestions based
on their needs. We provide further details on the design and func-
tionality of each information aid in § 3.3.
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3.2.3 Logging user-system interactions ( DP3 ). To understand
how users interact with information aids to assess and select para-
phrased suggestions, we designed a logging mechanism to capture
user-system interaction data. Inspired by the prior work [71], we
record user-system interactions as events, represented as a tuple
containing the event name, timestamp, and snapshot of the current
editor and PARAScOPE. An event can be inserting or deleting text
within the editor, moving a cursor forward or backward, getting
and navigating suggestions and information aids from the system,
or accepting or dismissing suggestions. A complete list of all logged
events is shown in Table 1. These logs provide granular details
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Figure 2: Illustrations of the information aids: AI Score (F;), Al Translation (F;), AI Explanation (F3), Example Sentence (F;), and
Frequency (Fs) for the four paraphrased suggestions of the original text (“She’s always nice and welcome for new member”). F;
(AI Score): The scores representing paraphrased suggestions’ quality are displayed next to each suggestion as both bar graphs
and numerical values. F» (AI Translation): Translated versions of suggestions in users’ first language (in this figure, Korean) are
displayed next to each suggestion. F3 (AI Explanation): Textual explanation about tones and appropriate contexts for each
suggestion is displayed. F; (Example Sentence): After users search a term using the search box, example sentences containing
the term are displayed, allowing users to browse the sentences. F5 (Frequency): After users search a term(s) using the search
box, a bar graph visualizing the frequency of the term(s) is displayed. When users scroll down the prototype, they see a line
graph depicting the number of occurrences of the term(s) over the years.

about user-system interactions, enabling the analysis of quantita-
tive usage patterns, such as the preferences for specific information
aids and the sequence of information aid usage.

3.3 Design of Information Aids in PARAScOPE

To design information aids that could be useful in evaluating Al-
generated suggestions, we adopted a two-fold approach informed by
prior research [47]. First, we identified information aids commonly
used by NNESs by analyzing functionalities of existing writing
support systems from both commercial tools [41-44, 68, 76, 82, 85,
93, 104, 106, 112, 113] and academic studies [16, 49, 52, 54, 61, 75,
81, 89, 119]. Second, we conducted a 1-hour online formative study
with 15 NNESs who reported regularly writing English emails and
using Al writing assistants [43, 44, 93, 112, 113] to gather informa-
tion aids a user should be able to use when paraphrasing with AL
The participants’ first language included Korean, Chinese, French,
Filipino, and Hindi. All studies were conducted in a semi-structured
manner online via Zoom. During the formative study, participants
were asked to write a professional email in their naturalistic set-
tings using Al writing assistants or online searches to aid their
writing process. After the writing session, the researchers asked
participants about their writing experiences, focusing on the tools
and functionalities they use to overcome the difficulty of assessing
and selecting Al-generated suggestions, as well as their suggestions
for improving the writing process with Al tools. Participants were
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compensated with approximately 24 USD (35,000 KRW) for partici-
pants. The researchers transcribed all audio and conducted open
coding and thematic analysis.

Together, we discussed and synthesized our findings into the
following list of information aid features that a paraphrasing tool
for NNESs should support, until all researchers reached a consensus.
Specifically, we identified from the formative study that the major
needs of NNESs in assessing and selecting Al-generated sugges-
tions are two-fold: (i) gauging the overall quality of suggestions,
and (ii) validating the real-world usage of specific words or ex-
pressions that appeared in the suggestions, both stemming from
concerns about whether Al-generated texts they select might sound
awkward. We analyzed and categorized tools or desired features
mentioned by the formative study participants to address each need,
and mapped each feature to the system features identified from the
survey and literature review. This way, we operationalized user
needs into concrete design features, ensuring relevance and appli-
cability to the real world. Accordingly, for each feature, we label it
as GLOBAL or LocAL , where GLOBAL refers to features used to
gauge the overall quality of the suggestion, and LocAL refers to

features examining the usage of specific words or expressions in
suggestions.

3.3.1 Al Score ( GLOBAL ). Al-based numerical assessments of sug-
gestion quality provide users with metrics for evaluating Al-generated
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text, e.g., scores indicating suggestion qualities [44, 54, 113]. For-
mative study participants expressed similar needs, as noted by two
participants. Notably, P8 stopped using Wordtune due to a lack
of quality indicators, stating, “There are so many suggestions, but I
have no clue which one is the winner,” and suggested incorporating
a “ranking system based on model confidence scores.”

Motivated by these observations, we designed Al Score, which
represents the quality of Al-generated paraphrases (F; in Figure 2).
We follow the convention of the existing tools [54, 113] to visualize
the computed scores with horizontal bar graphs and numerical val-
ues in a percentage alongside Al suggestions. To calculate the scores
of paraphrased sentences, we aimed to quantify the following crite-
ria: whether the suggestion is semantically similar to the original
sentence, whether it presents diverse alternative expressions to the
original text while ensuring syntactic accuracy, as defined by prior
works in linguistics [11, 22]. For this purpose, we leveraged ParaS-
core [97], a language model-based paraphrase evaluation metric.
ParaScore outputs higher scores for paraphrases that (i) maintain
a similar meaning to the original text and (ii) consist of diverse
words and syntactic structures compared with the input, which
aligns with our predefined goals.

3.3.2 Al Translation ( GLoBAL ). Back-translation is widely rec-
ognized in the literature as a critical strategy for NNESs to verify
their comprehension of English sentences [20, 65]. Participants in
our survey reflected this practice, reporting various translation
tools [43, 68, 82, 106]. Previous studies [49, 75, 81] have similarly
incorporated back-translation in writing tools to enhance compre-
hension of English suggestions for NNESs. Our formative study
revealed similar patterns, with five participants highlighting back-
translation as a key step for verifying Al-generated suggestions.
For instance, P2 mentioned: ‘T use Naver Papago—I copy and paste
all Al suggestions into it, read texts in my first language, and confirm
whether the suggestions sound natural in English or not.”

Based on these observations, we designed Al Translation, a fea-
ture that translates paraphrased suggestions into a user’s first lan-
guage? (F in Figure 2). Drawing on prior work [49, 75], we dis-
played L1 translations alongside Al-generated suggestions to enable
quick and efficient comparison between options. For implementa-
tion, we utilized the Naver Papago API [82], a translator frequently
mentioned by participants in the survey.

3.3.3 Al Explanation ( GLoBAL ). We identified the use of natu-
ral language explanations in writing support systems, either as
a method for interpreting target English text [76] or providing
writing feedback [16, 52, 61]. For example, Ludwig [76] provides
explanations by clarifying whether a word or phrase is suitable
for written English and detailing its usage contexts (e.g., “It is typi-
cally used to express a warm greeting to someone who has joined
a group, company, team, etc.”). Such explanations are also widely
applied in other domains to enhance the interpretability of intel-
ligent interactive agents [3, 17, 18, 77, 101]. Similarly, during our
formative interviews, four participants sought natural language
explanations on differences between paraphrases and original text,
focusing on tone and appropriate usage contexts. P9 expressed a

2As all participants in our user study (§4.1) were native Korean speakers, translations
were provided in Korean.
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need for clarifying the tone of suggestions: T wish the tool could
tell me, ‘this option is more polite than the other”” P5 also mentioned
identifying suitable usage contexts: “It would be great if the tool
informs me, ‘this option is better for academic writing.”’

Building on the findings, we designed AI Explanation with two
goals: generate natural language explanations that (i) compare orig-
inal and paraphrased text, and (ii) inform users about the tone and
appropriate contexts of each suggestion (F3 in Figure 2). When users
click the AI Explanation button, a natural language explanation for
the first paraphrased suggestion appears in the right plan. Users
can explore explanations for individual suggestions by selecting
one at a time, ensuring that only one explanation is displayed at a
time to reduce the cognitive load from presenting lengthy texts in
a confined space [2]. We implemented AI Explanation using Ope-
nAl's GPT-3.5 [84] with a few-shot prompting method [13] (see
Appendix B.2 for the prompt). GPT-3.5 was selected as it was the
best available model at the time of the study and demonstrated
strong capabilities in generating human-like responses [27] and
linguistic comprehension in few-shot settings [114].

3.3.4 Example Sentence ( LocAL ). Participants from the survey of-
ten mentioned tools that provide example sentences for the search
query [76, 104]. Related works also feature example sentences [75,
89] along with suggestions. For instance, AwkChecker provides
example sentences of each suggestion to help users examine the
context surrounding phrases to make an informed decision [89].
Similarly, eight participants from the formative study referred to
human-authored example sentences from credible sources like
news, academic articles, or famous magazines to verify whether
words or expressions are used in the real world. P11 mentioned
checking example sentences from a native English corpus to verify
AT suggestions: ‘T often refer to the Longman dictionary because
it provides accurate information on how words are used in specific
contexts. Its examples are taken from the native English corpus, so
you can be confident that the words are used in the way that native
English speakers use them.”

We design Example Sentence to retrieve example sentences from
credible sources (newspapers, academic journals, and magazines)
containing a term specified by a user (Fy in Figure 2). Initially, the
search box appears in the right pane of the pop-up box, allowing the
user to input a word or expression. Upon submitting it by clicking
the search button (magnifier icon) or pressing the enter key, the
tool retrieves sentences containing the input term (highlighted in
yellow), randomly selects up to 10 example sentences, and shows
them along with the reference and genre of the sentences (e.g., New
York Times (News)). For the data source, we use the Corpus of Con-
temporary American English (COCA) [32]. COCA is an extensive
collection of over one billion words extracted from approximately
500,000 texts of diverse genres from 1990 to 2019. To ensure we
retrieve only the sentences from credible sources, we selected only
the sentences from three genres: academic journals, magazines, and
newspapers.

3.3.5 Frequency ( LocAL ). NNESs often verify whether a phrase
is commonly used by analyzing the number of results returned by
search engines [45, 115]. Similarly, several writing tools incorporate
real-world word usage frequencies into their suggestions [42, 49, 89].



Design Opportunities for Explainable Al Paraphrasing Tools: A User Study with Non-native English Speakers

For example, TransAhead provides grammatical patterns linked to
user input and their frequencies in a reference corpus [49]. Three
participants in our formative study also reported using statistical
evidence to assess term usage. P11 described using Google search
results to evaluate the prevalence of an expression: “One way to
find out if native speakers commonly use an expression is to search
it on Google and see how many results you get.” Similarly, P8 used
Google Ngram Viewer [42] to check if the word or expression was
trendy.

Inspired by tools that display total frequencies [49, 89] and vi-
sualize usage trends [42], we designed Frequency to provide two
types of information for user queries: total frequency counts and
usage trends over time. After a user queries a term(s) using the
search box, the right pane of the system displays (i) a bar graph vi-
sualizing the total number of times each term appears in the source
data and (ii) a line graph depicting its frequency trend over the
years (1990-2019) (Fs in Figure 2). For implementation, we used the
COCA dataset, where we precomputed the number of occurrences
of n-grams (1<n<4) from the dataset, recording the total count and
count per year. This data was stored in our database and retrieved
when users submitted queries.

3.4 ParaScore Implementation

We implemented PARAScOPE using JavaScript, HTML, and CSS,
building upon the CoAuthor interface [71]. We used a Flask server
for the backend to preprocess requests from the front-end and
forward these requests to the necessary destinations. All log data
was stored on a local server and pseudonymized using identifiers
recognizable only by the authors.

4 User Study

We conducted a user study with 22 NNESs using PARASCOPE to gain
insights into how information aids can be effectively integrated
into Al paraphrasing tools. Concretely, we aimed to address the
following research questions:

RQ1: How do NNESs interact with information aids to assess and
select Al paraphrase suggestions in PARASCOPE?

RQ2: What impact does PARAScOPE have on NNESs’ user experi-
ence and writing performance?

RQ3: What kinds of interactions and interface features do NNESs
wish to have in PARASCOPE?

4.1 Participants

We recruited 22 NNESs through advertisement posts in university
online communities. We targeted university students as they are
among the most representative NNESs who often write in English,
especially emails in academic settings. We had two inclusion criteria:
(i) one’s self-assessed English proficiency level is below or equal
to B2 (upper intermediate) according to CEFR [83] measurement,?
and (ii) one is familiar with at least one Al paraphrasing tool. This
selection was made to explore the behaviors and needs of users with
limited English proficiency and to prevent the novelty effect often
associated with first-time use of paraphrasing tools. Additionally,

3CEFR levels are defined as basic (A1: Beginner; A2: Elementary), independent (B1:
Intermediate; B2: Upper intermediate), and proficient (C1: Advanced; C2: Proficient).
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Participant Engl‘lsh Academic Status
ID Proficiency
P1 A2 Master’s student
P2 A2 Undergraduate student
P3 A2 Undergraduate student
P4 A2 Undergraduate student
P5 A2 Undergraduate student
P6 B1 Undergraduate student
P7 B1 Master’s student
P8 B1 Ph.D. student
P9 B1 Ph.D. student
P10 B1 Master’s student
P11 B1 Master’s student
P12 B1 Master’s student
P13 B1 Undergraduate student
P14 B1 Ph.D. student
P15 B1 Undergraduate student
P16 B2 Master’s student
P17 B2 Master’s student
P18 B2 Ph.D. student
P19 B2 Undergraduate student
P20 B2 Undergraduate student
P21 B2 Master’s student
P22 B2 Undergraduate student

Table 2: Detailed background information of the interview
participants in the main study (Section 4). The first language
of all participants was Korean. For English proficiency, we
use self-reported CEFR levels: A1 (beginner) < A2 (elemen-
tary) < B1 (intermediate) < B2 (upper intermediate) < C1 (ad-
vanced) < C2 (proficient).

we asked applicants to submit their email excerpts optionally, which
were utilized to create email scenarios used in the user study.
After applying these criteria, we randomly selected 22 partici-
pants (Age=19-34, Mean=24.8, Std=3.9; Female=12, Male=10).4 All
participants’ first language was Korean. Ten were undergraduates,
eight were master’s, and four were PhD students. Five had an Eng-
lish level of A2 (elementary), ten had B1 (intermediate), and seven
had B2 (upper intermediate). The detailed demographic data of
the participants are shown in Table 2. The study lasted a maxi-
mum of 117 minutes (M=105.55, SD=10.9), and participants were
compensated with approximately 27 USD (40,000 KRW).

4.2 Study Procedure

The entire process of the user study is shown in Figure 3. Every
participant took part in the study online via Zoom. The study be-
gan with a brief introduction to the research and the signing of
informed consent forms. After the introduction, participants com-
pleted a 25-minute-long tutorial task. During the tutorial, one of the
authors introduced the tool and each information aid’s functional-
ity, and then participants completed a series of subtasks selecting
the best-paraphrased suggestion in the context of email writing,
given a pre-written sentence and four paraphrased suggestions
with PARASCOPE.? To ensure participants familiarized themselves
with each information aid, only one of the five information aids

4 Among the 25 initially recruited participants, we conducted a pilot study with the
first three to address potential technical issues and improve the tool tutorial.
SParticipants were instructed to access the link to the tool with an incognito window
blocking any third-party writing tools. This was to accurately log the information
aids participants use and their interactions with the paraphrased suggestions and
information aids.
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Figure 3: Overview of the user study procedure. After familiarizing themselves with each information aid in the tutorial session,
participants wrote an open-ended academic email with PARAScoPE. After the writing, participants engaged in a post-survey

and semi-structured interview about their experiences.

was available for each subtask, and they could ask questions about
the tools during the tutorial.

After the tutorial, participants proceeded to the email writing
task, where they were given an open-ended email writing task with
one of the academic scenarios we prepared (Appendix C.1 lists the
scenarios). These scenarios were designed to be realistic so that
college students could easily relate to them (e.g., inquiring about
grade corrections or requesting to audit courses). The scenarios
were selected from the email excerpts from the recruitment survey.
The scenarios assignment was counterbalanced across participants
to minimize bias. The goal of the user study was to investigate
how participants used the paraphrasing functionality and the in-
formation aids in an open-ended email writing task. As such, we
did not require users to engage with every feature; participants
were informed that they could freely choose which information aid
to use. During the task, the researcher observed and noted their
paraphrasing activities and asked about them during the interview.

After the tasks, participants completed a post-survey. The sur-
vey included questions about their overall experience using each
information aid feature in PARAScOPE and users’ overall ratings of
the quality and diversity of the paraphrased suggestions. Finally,
we conducted semi-structured interviews with all participants on
Zoom. During the interview, we asked participants to explain their
paraphrasing process using PARASCOPE and share their experiences
and suggestions with the paraphrasing functionality and the infor-
mation aids. Under the consent of the participants, all interviews
were recorded and later transcribed for further analysis.

4.3 Analysis

4.3.1 Quantitative Analysis. To investigate participants’ usage pat-
terns with PARAScoPE, we conducted a quantitative analysis us-
ing the interaction logs collected from the email writing task. We
counted the number of paraphrasing events per each writing ses-
sion, as well as the number of associated information aid usages
for each paraphrasing event. We analyzed the acceptance rate of
paraphrased suggestions using the Chi-Square test. To identify
differences among participants with varying levels of English profi-
ciency, we analyzed the average number of paraphrasing events and
information aids used using the Kruskal-Wallis test for overall com-
parisons and the Mann-Whitney U test for pairwise comparisons.
These non-parametric tests were selected as the Shapiro-Wilk test
revealed the data was non-parametric. We also investigate the us-
age trends of each information aid over time using the timestamped
information aid usage logs per each paraphrasing event.
Additionally, we evaluated paraphrased sentence pairs (origi-
nal sentence vs. selected paraphrase) collected in the user study
through both automatic human evaluations to investigate whether
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using information aids has to do with sentence quality improve-
ment. For the automatic evaluation, we measured grammaticality
using the LanguageTool API [69] following a previous work [71] to
compute the number of spelling and grammar errors per sentence.
The scores were averaged across sentences to compare the quality of
sentences before and after paraphrasing. For human evaluation, we
focused on two key aspects: fluency and politeness for contextual
appropriateness. We presented human evaluators with sentence
pairs (original sentence vs. selected paraphrase) and asked them
to choose which sentence “sounds more natural” (fluency) and “is
more polite” (politeness). We included the question about politeness
because the email tasks in the user study involved making requests
to a person in authority, and each task description explicitly in-
structed participants to write the email politely. We recruited 24
native English speakers from Prolific [91] and compensated £0.75,
which corresponds to £9 per hour. Each evaluator evaluated 28
sentence pairs (14 for fluency and 14 for politeness), and three
different evaluators assessed each sentence pair. We analyzed the
pairwise judgments using the Wilcoxon signed-rank test. We ana-
lyzed the pairwise judgments using the Wilcoxon signed-rank test,
a non-parametric alternative to the paired t-test, as confirmed by
the Shapiro-Wilk test.

4.3.2  Qualitative Analysis. We transcribed the semi-structured
interviews and analyzed them using the constant comparative
method [103]. Two authors independently open-coded two inter-
view samples to identify key concepts and patterns. Axial coding
was then performed to link these patterns [29], resulting in an
initial codebook. The first author coded the remaining interview
data while continuously refining the codebook. Upon completing
the first coding round, another author coded one interview sample
based on the updated codebook for verification, and any issues were
resolved through discussion. Throughout the process, all authors
regularly discussed emerging themes while triangulating the inter-
view data with quantitative analyses. We include the full codebook
in Appendix C.2.

All interviews and qualitative analysis of interview transcrip-
tions were conducted in Korean, and the selected quotes were trans-
lated into English. The authors reviewed all translations to ensure
accuracy and preserve the integrity of participants’ original state-
ments.

5 Results

We present our findings from the user study by explaining ob-
servations of NNESs’ interaction patterns with information aids
(RQ1), potential impacts of integrating information aids on NNESs’
user experience and writing performance (RQ2), and participants’



Design Opportunities for Explainable Al Paraphrasing Tools: A User Study with Non-native English Speakers

suggestions on the system UI and interaction method (RQ3). We
summarize our main findings for three research questions below:

RQ1: Participants favored simple global features, especially among
lower-proficiency users. While local features were used less
often, they helped resolve difficult choices.

RQ2: Using information aids improved perceived confidence and
efficiency, but sometimes caused information overload. Par-
ticipants also reported potential for increased autonomy in
the process and language learning.

RQ3: Participants suggested greater transparency in information
aids, interface personalization, editable suggestions, and in-
clusion of the original sentence for comparison.

While it is not the primary focus of our study, we note that
users expressed general satisfaction with the quality (Mean=4.23,
Std=0.43) and diversity (Mean=4.36, Std=0.66) of suggestions from
our tool (in a 5-point Likert scale, 1=Strongly Disagree, 5=Strongly
Agree). This satisfaction with paraphrased suggestions indicates
that participants generally did not experience usability problems
in their writing task in terms of the paraphrasing outcomes.

5.1 NNESs’ Interaction with Information Aids

We explore how participants interacted with information aids dur-
ing paraphrasing (RQ1). We describe relevant quantitative findings
with qualitative insights.

Overall, we collected a total of 258 paraphrasing events from
the user study. The average paraphrasing events made per user
was 11.73 (Std=5.55, Max=27, Min=4, Median=12.0), with an ac-
ceptance rate (Accept = users accept one of the Al paraphrased
suggestions, Reject = close without selecting) of 61.63%. Partici-
pants used at least one information aid in 193 (=74.81% of all events)
paraphrasing events. The average number of information aids used
by participants was 1.93 (Std=0.93, Median=2.0).

5.1.1 Motivations for using information aids. During the post-
interview, participants noted two primary motivations for using
information aids: (i) they were uncertain about the suggestion qual-
ity and used the features to assess and rank the suggestions; (ii) par-
ticipants with a specific decision in mind referred to the features
to validate their choice. When leveraging the features, participants
considered three aspects of suggestions in their decision-making
process: (i) whether suggestions sound overall natural in English,
(ii) the appropriateness of the tone, and (iii) real-world applicability
of words/expressions. This observation aligns with our formative
study findings (§3.3), showing that these aspects are commonly
considered in NNESs’ writing activities.

5.1.2  Preference for global features. Across all events, we ob-
served significantly higher usage frequencies of GLoBAL features

(AI Score, Al Translation, Al Explanation) compared to LocAL fea-

tures (Example Sentence, Frequency) (y* = 179.89,p < .001).
Among these, Al Translation was the most frequently used fea-
ture (63.18% of all events), followed by AI Score (47.67%) and Al
Explanation (40.70%). In contrast, Frequency (8.91%) and Exam-
ple Sentence (6.98%) were rarely used. To account for potential
biases from participants with higher paraphrasing event counts,
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Figure 4: Feature usage frequencies for each information
aid. The orange bar indicates the median value. While AI
Score (M=0.46, SD=0.33), AI Translation (M=0.56, SD=0.27),
and AI Explanation (M=0.37, SD=0.23) were frequently used
in a paraphrasing event, usage frequencies of Example Sen-
tence (M=0.08, SD=0.1) and Frequency (M=0.11, SD=0.17) were
comparatively low.

we further analyzed feature usage frequencies averaged across in-
dividual participants. Figure 4 illustrates these results, confirming a
significant difference among feature groups (y? = 47.68, p < .001).
Pairwise comparisons using the Mann-Whitney U test showed that
all global features were used significantly more frequently than
local features (p < .001 for all comparisons).

Post-interview analysis revealed that participants’ preferences
were largely driven by the simplicity of the information and
the ease of interaction. Notably, 15 out of 22 participants men-
tioned using information aids to quickly and roughly assess sugges-
tion quality, allowing them to narrow down multiple suggestions to
a manageable set for focused evaluation. For example, P3 described
using features to “initially prioritize my preferences”, while P12
noted a similar approach of “screening out” undesirable suggestions
to focus on the most viable options.

Eight participants particularly favored AI Score and Al Trans-
lation due to their straightforward presentation, which is ef-
fective in quickly assessing suggestion qualities. P10 said, “AI Score
is presented as a number, and the Al Translation is in my native lan-
guage, so they’re easy to understand and efficient.” Conversely, local
features were less preferred because they were perceived as
time-consuming and effortful to use. For both Example Sen-
tence and Frequency, eight participants reported that deciding on
search queries and manually typing them added extra effort. P1 men-
tioned: “To search, I have to decide what to look for and type it in—it
takes time and effort, so I didn’t use it much.” Example Sentence was
further criticized for providing indirect and harder-to-comprehend
information, as noted by six participants. P7 noted, “It doesn’t give
me a clear answer. I have to read, think, and judge the information,
which makes it difficult to use.”

Lastly, participants had mixed opinions on AI Explanation in
terms of its simplicity. Eight participants appreciated its explicit
and actionable information, as P2 noted: “For example sentences, I
need to read and interpret the information myself. But Al Explanation
directly tells me, ‘This is often used here,’ or ‘This might work better,



DIS °25, July 05-09, 2025, Funchal, Portugal

which makes it easier because I don’t have to think as much.” However,
four participants found AI Explanation cumbersome due to its
length and text-heavy format: T needed to make quick decisions on
suggestions, but since it’s presented in long paragraphs, it wasn’t easy
to skim. If it were in bullet points, it would have been faster and more
convenient.” (P8).

5.1.3 More reliance on information aids for lower profi-
ciency users. We discovered that, in general, participants with
lower English proficiency tend to rely more heavily on information
aids when selecting Al paraphrases compared to those with higher
English proficiency. Figure 5 shows the number of paraphrasing
events per participant, with at least one feature usage. Out of 258
instances of paraphrasing, at least one information aid was used in
193 cases (=74.81%). Notably, the proportion of paraphrasing events
with information aids was significantly higher among participants
with lower proficiency levels ()(?2) =9.60,p = 0.0082; A2: M=91.55,
SD=9.05; B1: M=80.69%, SD=18.96; B2: M=47.57%, SD=32.51). We
also statistically analyzed the number of information aids used
in each paraphrasing event by user proficiency levels. The aver-
age number of features used was higher as user proficiency got
lower: A2 users, on average, used 2.4 features (SD=0.61), B1 used
1.96 features (SD=0.78), and B2 used 1.17 features (SD=0.35), as
shown in Figure 6. Kruskal-Wallis test also revealed that this trend
is statistically significant ( )(<22) =27.79,p < .001).

From the pairwise statistical analysis of the feature usage fre-
quency data using Mann Whitney U test, we noticed the English
proficiency of a participant correlated with Al Score usage fre-
quency: participants with lower English proficiency levels
(A2, B1) were more likely to use Al Score more frequently
than those with the highest proficiency levels (B2) (A2>B2:
U =25p <.05B1>B2: U = 12.0,p < .05; A2: M = 0.72,SD = 0.32;
B1: M =0.51,SD = 0.29,B2: M = 0.19, SD = 0.21). Similarly, during
the post-interview, we discovered instances where participants
with lower English proficiency put more trust in Al Score. P1,
whose English proficiency is A2 (elementary), mentioned relying on
Al Score rather than personal judgments, reasoning that “Al proba-
bly has a better understanding of English than I do.” In contrast, P22,
whose English proficiency is B2 (upper intermediate), was more
critical of Al Score and preferred making their own evaluations: ‘Tt
was hard to understand the criteria the Al used to generate the score.
I thought it would be better to rely on my own judgment instead.”

5.14 Frequent usage but lower acceptance rate for Al Trans-
lation. Paraphrasing events with information aids had a higher ac-
ceptance rate of 67.36% than those without information aids (44.62%)
(x? = 14.58, p = 0.0019). Interestingly, while AI Translation was
the most frequently used feature (usage frequency of 63.18%
in §5.1.2), it was not associated with higher acceptance rates
of suggestions (y? = 0.79,p = 0.375). In contrast, AI Score and
Al Explanation showed significant correlation with higher
acceptance rates of suggestions (x> = 6.34, p = 0.012 for Al Score,
x% =10.01,p = 0.0016 for Al Explanation).

These results suggest that Al Translation’s utility might lie more
in comprehending suggestions rather than assisting in comparing
suggestions, i.e., deciding which one is the best. While it may help
understand the semantic meaning of suggestions as indicated by
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Figure 5: Number of paraphrasing events per user. Out of the
total paraphrasing events (gray bars), we show the number of
events with at least one support feature usage (colored bars).
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Figure 6: Distribution of the number of features used in one
paraphrasing event by user proficiency levels: A2 (elemen-
tary), B1 (intermediate), and B2 (upper intermediate). The
white dot represents the median and the thick gray bar repre-
sents the interquartile range. Values outside the thin line are
considered outliers. (A2: M=2.4, SD=0.61; B1: M=1.96, SD=0.78;
B2: M=1.17, SD=0.35)

prior works [20, 65], it may not be as critical for determining flu-
ency of suggestions or appropriateness in tone, which were major
considerations in NNESs’ decision-making process as identified
in §5.1.1. Conversely, as Al Score enables direct quantitative com-
parison among suggestions, it likely supports users in objectively
evaluating the relative quality of suggestions. Similarly, AT Explana-
tion, by explicitly explaining tone appropriateness, may guide users
in identifying subtle tonal differences and aligning suggestions with
the intended communicative goals.

5.1.5 Use of global features in early decision-making, with
local features in later stages. While global features played a



Design Opportunities for Explainable Al Paraphrasing Tools: A User Study with Non-native English Speakers

1.0 1 Al Score

Al Translation

Al Explanation
Example Sentence
Frequency

o o o
IS o @
L L L

Usage Count Fraction

o
Ny
N

0.0

T T T T T
<5s <10s <20s <30s <Tm <3m
Time Bins

Figure 7: Each support feature’s usage fraction in six phases
(time bins) of a paraphrasing event. This figure visualizes
which support features participants utilized at what time in a
paraphrasing event. Each feature use event is counted within
each time bin across all paraphrasing events; for example,
the AI Score event is counted to the ‘< 55’ time bin if the Al
Score was clicked two seconds after receiving suggestions.
We determined the segmentation of time bins based on the
distribution of feature-use events.

dominant role in the decision-making process, we observed an in-
triguing trend: local features became increasingly utilized in the
later stages, as illustrated in Figure 7. The figure provides a tempo-
ral breakdown of how different information aids were employed
during a paraphrasing event. Notably, as users spent more time,
the proportional usage of local features (Example Sentence and
Frequency) tended to rise.

Insights from the post-interview revealed that participants re-
lied on local features to further investigate suggestions or
as tie-breakers when initial aids were insufficient. For exam-
ple, five participants reported using Example Sentence when the
explanation provided by AI Explanation left them uncertain about
a suggestion’s appropriateness. P15 explained: “Even if the Al ex-
planation explicitly states the situations where a suggestion can be
used, it doesn’t always cover every possible context. When the expla-
nation seemed ambiguous, I checked the example sentences to confirm
the appropriate usage of the expression.” Similarly, four participants
mentioned turning to Frequency as a tie-breaker. P6 described their
process: “After looking at the score and the Al explanation, if I still
couldn’t decide on the best option, I used Frequency to choose the
expression that was more commonly used.” In addition, the Al Score
feature was also used for tie-breaking, as mentioned by six partic-
ipants. For instance, P5 noted: “If I was still unsure which of two
sentences to use, I thought, perhaps the one with the higher numerical
value would be better.”

5.1.6 Summary of findings. NNESs used information aids to
assess fluency, tone appropriateness, and the real-world applica-
bility of expressions. They preferred global features (AI Score, Al
Translation, and Al Explanation) for their simplicity and efficiency,
especially among lower-proficiency users. Despite being the most
frequently used, Al Translation did not correlate with higher accep-
tance rates, whereas Al Score and Al Explanation did. Local features
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were less frequently used overall but played a role as tie-breakers
in the later stages of suggestion evaluation.

5.2 Impact on User Experience and Writing
Performance

We describe perceived user experiences of using PARASCOPE in
the email writing task among NNESs (RQ2). We report findings
from qualitatively analyzing post-interviews, as well as quantitative
findings from human evaluation results of user-written sentences.

5.2.1 Informed decision-making with multiple information
aids. Having multiple information aids appeared to benefit partic-
ipants by enhancing confidence in the decision-making pro-
cess, as mentioned by 13 participants. For example, P2 remarked:
“Having access to various types of information that either confirmed
or refuted the suitability of a suggestion made me feel more reas-
sured and confident in my choice.” Eight participants described
their decision-making as a multi-step verification process,
using diverse information aids to offer a richer perspective.
For instance, P1 described their approach as starting with the AI
Score for an initial evaluation and then refining their decision by
cross-referencing other features: ‘T used the Al Score to gain initial
confidence in the suggestion, but still felt uncertain. So, I checked other
features, which gradually strengthened my confidence.” P22 also men-
tioned using multiple features leads to more accurate judgments:
“Relying on just one feature might lead to a hasty decision, but using
multiple features to make a comprehensive judgment improves the
accuracy of my choices.” Additionally, seven participants men-
tioned using one feature to better understand or validate
another. For instance, P11 elaborated on how combining feature
clarified the AI Score’s scoring rationale: “When I only looked at the
Al Score, I doubted its reliability and couldn’t understand why it rated
a suggestion the highest. But when I checked the Al Translation and
Explanation, it made sense, and I could accept the reasoning behind
the score.”

5.2.2 Efficient information-finding process, but possible in-
formation overload. Ten out of 22 participants mentioned that
having all features in the same interface as the paraphrasing tool
enabled easy and fast access to necessary information with-
out switching between multiple windows or tools. P21 stated,
“Typically, my writing process involves constantly switching between
windows: composing, searching dictionaries, and consulting ChatGPT.
This system consolidates these actions within one platform, signifi-
cantly aiding my workflow.”

Participants expressed mixed opinions about the cognitive im-
pact of this integration. Twelve participants noted that having
multiple features in one place allowed them to delegate part
of the decision-making process to the system. For example, P15
remarked, “Rather than deliberating over each suggestion on my
own, I find it more convenient to quickly scan the text and let the
features handle the finer details of decision-making.” Similarly, P1
described how their efficiency improved over time: “As I became
more accustomed to using the features, my ability to analyze and
make decisions became faster.” In contrast, five participants found
participants found that the abundance of information aids led
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to stress during decision-making, as they felt pressured to process
and use every available resource. For instance, P8 noted: “There
was so much to refer to that it actually got in the way of making
a decision.” Given all the information aids, P6 felt responsible for
checking every suggestion and feature presented in the system: 7
feel compelled to use every information aid, even for sentences I could
easily move on from. I don’t think this process is efficient, but I am
nonetheless convinced that it improves writing.”

5.2.3 Enhanced autonomy in decision-making process. In-
terestingly, two participants reported that utilizing information
aids increased their sense of autonomy in decision-making.
P1 mentioned, “When there was only Al Score, I relied on it, thinking
it would make better choices than me. However, engaging with all five
features changed my perspective; I felt more in control of my decisions,
as the features seemed to support rather than dictate my choices.”
P18 highlighted that this process also augmented their sense of
ownership over the final text: “Utilizing features to understand how
suggestions might sound and integrating these suggestions into my
text, made me feel more actively involved in the writing process. It
felt as if I were crafting the text myself.”

5.2.4 Potential for language learning. Fourteen participants
anticipated a potential learning impact with the integrated features.
This expectation appeared to stem from the belief that increased
interaction with the features could lead to learning experi-
ences. P15 highlighted that “engaging in the comparative analysis
of suggestions’ various aspects could deepen understanding in English
and promote thorough learning.” Similarly, P13 noted that “the di-
verse insights provided by each feature enriched my engagement with
English.” Moreover, P22, majoring in English education, noted that
the tool could particularly benefit language learners with low profi-
ciency, as “the tool provides explanations for suggestions, enhancing
accessibility to information needed for learning English.” P1 nomi-
nated Example Sentence for helpful in learning English: “Example
Sentence, unlike other features that provide direct hints, allows for
the indirect exploration of various sentences and fosters thoughtful
consideration.”

5.25 Sentence Quality Improvements. To examine whether
paraphrasing with PARAScopE improved writing quality, we evalu-
ated 112 sentence pairs (original vs. paraphrased) using both human
judgments and automated metrics. Among 112 pairs, 100 pairs were
paraphrased using information aids, while 12 were paraphrased
without using information aids. As a result, we observed an overall
improvement in sentence quality after paraphrasing. Figure 8
presents the human evaluation results of the pairwise comparison
between NNESs’ original and paraphrased sentences. Most evalua-
tors preferred paraphrased sentences regarding fluency and polite-
ness (p<.001). Similarly, in the automatic evaluation, the number
of grammatical errors in the original sentences (M=0.42, SD=0.66)
decreased significantly after paraphrasing (M=0.13, SD=0.37). These
findings suggest that PARAScOPE, which integrates information aids
into the paraphrasing process, can help users select higher-quality
suggestions. However, the small number of sentences paraphrased
without aids (N=12) limits direct comparisons and warrants further
investigation.
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Figure 8: Human evaluation results of 112 paraphrased sen-
tence pairs (original vs. selected paraphrase) composed in the
user study. Among 336 comparisons, 65% of evaluators rated
the paraphrases as more fluent than the original sentences,
and 67% rated them as more polite. Overall, the paraphrased
sentences showed a statistically significant improvement
(***p <.001).

5.2.6 Summary of findings. Participants reported that multiple
information aids improved decision-making confidence, with many
using them in combination for verification. The integrated inter-
face supported efficient access but occasionally caused cognitive
overload. Some users experienced increased autonomy and own-
ership over their writing, while others saw potential for language
learning through deeper engagement with features. Human and
automated evaluations showed improved fluency and politeness
in paraphrased sentences, suggesting benefits for NNES’ writing
quality.

5.3 ParaScoPE Feature Requests

We summarize key suggestions provided by participants for im-
proving PARASCOPE’s user experience (RQ3). We derive findings
from qualitatively analyzing user interview data.

5.3.1 Explainability in numeric measures. Ten participants
emphasized the need for greater transparency and explain-
ability in the AI Score feature. They wanted to understand “how
the AI Score is calculated” (P15) and “why some suggestions receive
such high scores” (P13). Similarly, P11 expressed a preference for
Al Explanation over Al Score, stating: “T didn’t understand the ra-
tionale behind the Al Score—it didn’t make sense on its own. Instead,
I preferred reading the Al Explanation, as it helped me accurately
assess whether suggestions aligned with my criteria.” As such, P12
suggested “Tt would be helpful if the system explained the criteria
used to calculate the scores and what those values represent.” A similar
lack of transparency was noted for Frequency. P12 remarked: ‘Tt
wasn’t clear what database the trends shown in Frequency were based
on. For example, is this frequency higher because the word appears
often in news articles? Knowing this would make the feature more
helpful”

5.3.2 Personalization of information aids. Six participants
suggested providing options to personalize the interface by selec-
tively displaying features they used most often. This was related
to the section (about information overload) This suggestion was
closely related to earlier concerns about information overload (see
§5.2.2). Rather than displaying all information aids by default, par-
ticipants preferred a more streamlined interface tailored to
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their usage patterns. For instance, P16 suggested compressing
the interface to focus on frequently used features: “When using
a tool repeatedly, people tend to stick to certain features. Instead of
showing all features, it might be better to display only the ones I
actively use.” Participants also expressed interest in showing only
frequently used features, with others available upon their needs.
For instance, P15 suggested starting with Al Score as the default
visible feature, with other aids revealed upon interaction: “Initially,
only the AI Score could be shown, and if I'm curious, I could click the
score to see related aids like AI Translation or AI Explanation.”

5.3.3 Interactive Suggestion Refinement. Participants often
wished to edit suggestions while the interface was open, highlight-
ing two primary use cases. First, seven participants expressed a
desire to make minor adjustments to their original text based
on the suggestions provided. For example, P17 explained: ‘T
didn’t want to completely rewrite my sentence; I aimed to keep the
original structure intact while making minor adjustments to the words
or expressions.” Second, five participants preferred creating new
sentences by integrating elements from multiple suggestions.
For example, P9 shared an example of this process during the inter-
view, where they started with the sentence ‘I figured out that there
was a mistake’ and received suggestions including ‘T discovered
that an error had been made’ and ‘I concluded that there was a
miscalculation.” They integrated parts of these suggestions, revising
their original sentence to ‘T discovered that there was a miscalcula-
tion.” In both cases, participants needed to type new sentences in
the editor but found it challenging as the interface did not allow
simultaneous editing and suggestion display.

5.3.4 Incorporating Original Text for Comparison. In our
prototype, the original input text and its information aids were not
displayed within the paraphrasing interface, following the design
of existing tools [54, 112]. However, 11 participants suggested in-
corporating features like Al Score and Al Translation for the
original input, as they frequently referenced their original
sentence during decision-making. P6 explained: “It would be
more convenient if my original input was displayed alongside the sug-
gestions for direct comparison. Paraphrasing provides four candidates,
but the original sentence is essentially a fifth option. Including trans-
lations or scores for the original would make it easier to evaluate all
options equally” This feedback indicates that treating the original
sentence as an integral part of the decision-making process could
enhance the usability of paraphrasing tools.

5.3.5 Summary of findings. Participants suggested four key im-
provements to PARASCOPE: (i) enhancing transparency in numeric
features like AI Score and Frequency, (ii) enabling personalization
by prioritizing frequently used aids, (iii) supporting flexible inter-
action with suggestions through in-place editing and combination,
and (iv) displaying the original input with associated features for
easier comparison. These suggestions highlight the need for more
explainable, customizable, and interactive paraphrasing tools.

6 Discussion and Design Implications

With PARAScoPE, we studied how NNESs assess Al-generated para-
phrases with information aids. Based on our findings, we explore
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design implications for writing assistants to more effectively sup-
port NNESs and discuss broader impacts of the study.

6.1 Design Implications

In this section, we outline five design implications for writing sys-
tems tailored to NNESs, informed by our study findings.

6.1.1 Select information aids depending on user proficiency.
We observed that participants had different usage patterns in infor-
mation aids according to their English proficiency: participants with
lower English proficiency used more information aids and relied
significantly more on Al Score than those with higher proficiency
(§5.1.3). Based on the findings, we suggest that writing systems
for NNESs should adapt the availability and presentation of in-
formation aids based on the user’s proficiency level. For example,
systems could provide multiple features, including Al Score by de-
fault for lower-proficiency users. Conversely, for higher-proficiency
users, the interface could simplify the display by emphasizing fewer
features only.

In addition, writing tools could incorporate customization op-
tions, allowing users to set their own preferences for which in-
formation aids to display (§5.3.1). For instance, users could toggle
specific features on or off based on their current needs or goals.
Adapting to proficiency while allowing personalization of the tool
interface could enhance usability and minimize cognitive overload
by ensuring that only relevant features are presented.

6.1.2 Reveal information aids in stages. We observed from
the study that while participants generally preferred global fea-
tures, they later resorted to local features when global features
alone were insufficient for making decisions (§5.1.5). Considering
this usage pattern, progressive disclosure could be an effective de-
sign strategy for managing the presentation of information aids.
Progressive disclosure sequentially reveals information and func-
tionalities, presenting only essential features initially while keeping
more complex or less frequently used options accessible but hid-
den [19, 80, 102]. This approach reduces cognitive load, prevents
information overload, and encourages efficient interaction with the
interface [63, 73, 102]. In the context of our system, progressive
disclosure could involve displaying global features by default while
allowing users to explore local features on demand. For example,
activating secondary displays through interface controls (e.g., click-
ing buttons or toggling options) could provide users with additional
details without cluttering the primary interface.

6.1.3 Connect between information aids. While integrating
different information aids in a single interface was helpful in a
more informed decision-making process—for example, by checking
Al Explanation to understand why Al Score is high, and check-
ing Example Sentence to understand why Al Explanation says the
sentence is polite—participants had to make extra effort to make
connections between such features, such as deciding which term
to search in Example Sentence (§ 5.2.1). A more intuitive user inter-
face design could effortlessly guide users through these information
aids. For instance, Al Score might include an on-hover explanation
or interactive icons detailing the reasoning behind certain scores.
Moreover, visualizing attention scores [9] of Al-driven features,
such as Al Score or Al Explanation, could help users easily find
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key terms to delve deeper into. Attention scores measure the in-
fluence of different input tokens on a specific output token, and
visualizing such influences (e.g., by highlighting each token with
different opacity) could help users understand which input tokens
significantly impact the model’s output [4]. This support could be
further enhanced by interaction designs that minimize user actions.
For example, clicking the term with high relevance to the formality
of a suggestion could automatically search the term in Example
Sentence, streamlining the search process and reducing user effort.

6.1.4 Make Al suggestions and information aids interactive.
In this study, PARAScoOPE provided static, non-editable suggestions
and corresponding information aids, aligning with the design of
existing tools [54, 71, 112]. However, participants preferred editable
suggestions and dynamic features that could adapt in response
to their suggestion edits (§5.3.2). This observation underlines the
need to design paraphrasing tools that allow for a more flexible,
interactive use of suggestions and information aids. We suggest
that the suggestions provided within the interface be editable, so
that users can modify suggestions within the interface. Previously
static features like Al Score, Al Translation, and AI Explanation
could be updated in response to the user’s editing suggestions.
For example, a user may take the increase in Al Score as the user
changes the word in its suggestion, as the word becomes more
appropriate. Similarly, while we implemented Al Explanation in a
way that it only compares the original and paraphrased sentences,
the future Al Explanation could be implemented so that it tracks
the user edits to the suggestion and explains the effects of edits
accordingly. Providing immediate feedback on modifications with
Al-powered information aids like this could transform the tool into
a ‘what-if” analysis tool [111], where users can experiment with
sentence modifications and immediately observe the implications
on quality.

6.1.5 Provide information aids for both original and para-
phrased texts. In our prototype, the original input text and its
information aids were not displayed within the paraphrasing in-
terface, following the design of existing tools [54, 112]. However,
participants frequently considered their original sentences during
decision-making, often comparing them to paraphrased suggestions
and rejecting suggestions when they felt the original was sufficient.
Participants expressed the need for information aids, such as Al
Score and Al Translation, to be available for their original inputs
to facilitate this comparison process (§5.3.4).

This finding suggests a design implication that information aids
should encompass both original and paraphrased texts. Implemen-
tation of information aids could be adjusted accordingly; for exam-
ple, our current metric, ParaScore [97], computes the Al Score of
paraphrased text by measuring its semantic similarity and lexical
divergence from the original, which is inapplicable to the original
text itself. Instead, independent metrics, such as the metric for mea-
suring fluency measurement [66], could offer a holistic view of both
original and paraphrased texts.
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6.2 Information Aids in Broader NNES Writing
Tasks

Our study focused on designing information aids tailored to the
specific needs of NNESs in email writing tasks (§3.3). However, the
design of such information aids will likely vary depending on the
requirements of different writing contexts. Exploring task-specific
information aids offers a promising direction for future research,
as distinct writing tasks emphasize different aspects of language.

As identified in our study, email writing emphasizes tone, for-
mality, and appropriateness [107, 108]. In contrast, argumentative
writing prioritizes clarity, conciseness, and logical coherence [71].
Future research could investigate the most effective types of infor-
mation aids for supporting these priorities. Such aids might identify
vague or redundant sentences, suggest more precise vocabulary,
or evaluate the logical structure of arguments. They could also
highlight weak transitions between ideas or provide templates for
organizing persuasive content.

Another important area for exploration is addressing the chal-
lenges of working with LLM-generated content. Many LLM-based
writing systems increasingly generate "watermarks"—formulaic
patterns or predictable structures inherent in Al-generated text—
to detect Al-generated contents [62]. Without adequate support,
NNESs may struggle to identify and critically evaluate these water-
marks. Information aids could help users navigate such challenges
by visually flagging repetitive structures or suspicious phrases and
providing actionable alternatives to improve fluency and originality.
Such information aids could empower users to critically assess and
refine Al-generated content, ensuring their writing remains both
original and competitive.

Integrating task-specific information aids into writing systems
raises several key research questions. How can these information
aids be designed to address the demands of different tasks without
overwhelming users? Are there universal aids that remain effective
across various writing contexts? Addressing these questions could
provide valuable insights into the design of adaptable and context-
aware writing tools, ultimately tailored to the diverse needs of
NNEss while maintaining usability and minimizing cognitive load.

6.3 Language Learning Effect of Information
Aids
An intriguing direction for future research is to investigate whether
information aids in writing tools can effectively promote language
learning. Our study participants expressed optimism about the po-
tential learning benefits of using information aids (§ 5.2.4). Future
research could explore this by conducting long-term studies with
NNES students who consistently use the system, measuring the
learning effects on language proficiency over time. Such research
could provide valuable insights into the educational impact of inte-
grating information aids into Al-driven writing systems.
However, findings from related work highlight a potential chal-
lenge: using LLMs can sometimes lead to over-reliance on Al, failing
to improve users’ language proficiency or even impact cognitive
abilities [118]. This raises an interesting tension between the poten-
tial for language learning and the risk of fostering dependence on
Al-generated suggestions. Investigating this balance could uncover
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key design strategies for tools that encourage active learning while
minimizing over-reliance.

6.4 Limitations

Our participant pool consisted exclusively of Korean individuals,
which could limit the generalizability of our findings across differ-
ent linguistic and cultural contexts. Participants were also primarily
university students, narrowing the range of age and educational
backgrounds represented. Future studies could involve a more di-
verse sample to examine how language proficiency and cultural
variation influence engagement with Al-assisted writing tools. This
work introduced PARASCOPE as a research artifact and examined its
use through a mixed-method in-lab user study, observing real-time
interactions and gathering both behavioral logs and reflective feed-
back in a controlled and task-oriented setting. While we sought
to create a scenario as realistic as possible within laboratory con-
straints, in-lab studies may not fully capture the complexity of
real-world writing contexts or longer-term usage patterns. Addi-
tionally, the scope of statistical analysis was limited by the rela-
tively small number of participants. Future work could incorporate
field deployments or longitudinal studies to evaluate system use
over time and in more varied scenarios. Finally, the fixed inter-
face layout—particularly the consistent ordering of information
aid buttons—may have introduced ordering bias that influenced
user preferences and interaction patterns. Future iterations could
randomize or personalize feature placement to mitigate such effects
and more accurately assess user behavior.

7 Conclusion

We investigated how NNESs use diverse information aids to assess
and select Al paraphrase suggestions. By developing PARASCOPE,
an Al paraphrasing assistant designed to integrate multiple infor-
mation aids and collect user-system interaction data, we observed
participants’ paraphrasing workflows and preferences with infor-
mation aids, revealing key patterns in how proficiency levels influ-
ence the use of information aids. While back-translation was the
most frequently used aid, it was not sufficient on its own to drive
decision-making, highlighting the importance of a combination
of aids in supporting informed judgments. Our findings empha-
size the potential of explainable AI paraphrasing tools to empower
NNESs by enhancing their confidence, efficiency, and autonomy in
writing tasks. However, careful consideration is needed to mitigate
the risks of information overload when integrating multiple aids.
Building on these insights, we propose actionable design implica-
tions for developing Al tools that effectively combine information
aids, providing clear, contextualized explanations that meet the
diverse needs of NNESs. These findings contribute to advancing
explainable AI writing systems for NNESs and open avenues for
broader applications in adaptive, user-centered writing support
across various domains.
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A CEFR Rubrics

We list the rubrics we used for describing user English proficiency:

A1 (Beginner): You can understand and use basic phrases and
expressions. You can communicate in simple ways when people
speak slowly to you.

A2 (Elementary): You can participate in simple exchanges on
familiar topics. You can understand and communicate routine
information.

B1 (Intermediate): You can communicate in situations and use
simple language to communicate feelings, opinions, plans, and
experiences.

B2 (Upper Intermediate): You can communicate easily with native
English speakers. You can understand and express some complex
ideas and topics.

C1 (Advanced): You can understand and use various languages.
You can use English flexibly and effectively for social and aca-
demic purposes.

C2 (Proficiency): You can understand almost everything you hear
or read. You can communicate very fluently and precisely in
complex situations.

B Technical Details

B.1 Paraphrase Generation

We leveraged GPT-3 [12] to generate multiple paraphrased sugges-
tions. Below is the prompt used for generating paraphrases:

Generate four paraphrased variations for the given sentence(s)
below.

H#HE

Sentence(s): ask about

Paraphrased sentence(s):

inquire about

request details on

pose questions about

seek information about

Sentence(s): Nice to meet you.
Paraphrased sentence(s):

I’m glad to meet you.

Delighted to meet you.

Pleasure to make your acquaintance.
I am pleased to meet you.

Sentence(s): <ORG_TXT>
Paraphrased sentence(s):

The decoding parameters we used are:

Engine: text-davinci-003
Max Tokens: 250
Temperature: 0.8
Top-p: 0.9

Presence Penalty: 0.5
Frequency Penalty: 0.5

B.2 AI Explanation Generation

We used GPT-3.5 [84] to generate Al Explanation. Below is the
prompt we used for generating Al Explanation:
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Compare the paraphrased sentence(s) with the original sentence(s)
regarding conveyed tone and appropriate use cases in less than
40 words.

H#iH

Original: I’'m sorry for the late submission of my assignment.
Paraphrased: I apologize for the delay in submitting my
assignment.

Comparison: This sentence conveys a more formal tone. It could
be used if the audiences are instructors, seniors, or anyone
else where formal and respectful language is important.

Original: Nice to meet you.

Paraphrased: Glad to meet you.

Comparison: This sentence conveys the same tone using different
wording. It could be used in either a professional context or a
casual social encounter

Original: decide to

Paraphrased: resolve to

Comparison: This phrase conveys a more determined and commited
tone. It could be used when you want to emphasize your unwavering
commitment to a decision.

Original: I am encountering considerable difficulty in
comprehending the course material.

Paraphrased: I’'m really struggling to get a good grip on the
course material.

Comparison: This sentence conveys a more informal and open tone.

It could be used when communicating with friends or peers.

Original: Could you please provide clarification on the
third question in the assignment?

Paraphrased: I was hoping you could help me understand the third
question on the assignment.

Comparison: This sentence maintains a polite and inquisitive
tone. It could be used when communicating to your instructor or
peers in an educational context.

Original: I’m looking forward to your lecture on Friday.
Paraphrased: I am eagerly anticipating your lecture scheduled
for this Friday.

Comparison: This sentence has a more formal tone. It could be
used when writing to academics, professionals, or in a formal
setting where a higher level of vocabulary is expected.

Original: <ORG_TXT>
Paraphrased: <PAR_TXT>
Comparision:
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The decoding parameters we used are:
Engine: gpt-3.5-turbo

Max Tokens: inf

Temperature: 1

Top-p: 1

Presence Penalty: 0

Frequency Penalty: 0

C User Study
C.1 Email Scenarios in the User Study

Table 3 shows the email scenarios we provided in the main study.
The scenarios were created from the samples of the emails we
received from the screening survey.

C.2 Thematic Analysis Codebook

Table 4 and Table 5 shows the codebook used for the thematic
analysis of user experience on PARASCOPE.
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Email Scenario

Having attended a lecture on topic X, you are intrigued and wish to explore it further. You email the professor, seeking
1 recommendations for related papers to expand your understanding. In your email, politely express your appreciation
for the lecture, convey your enthusiasm for the subject, and request recommendations for relevant academic papers.

After reviewing your graded assignment, you notice an error in the calculation of your final score. You write an email
to your professor explaining the issue to request a grade correction. In your email, politely explain the situation and

2
express your concern about the potential impact on your grade. Show appreciation for their attention to the matter and
your hope for a prompt resolution.
You have written a personal statement for your internship application. To refine your personal statement further, you’ve
5 decided to reach out to your English professor and ask for their feedback to improve it. In the email, politely explain your

purpose for sending the email, ask for their constructive feedback on the personal statement you attached, and appreciate
their help.

You missed the class because you were sick and had to go to the hospital. You email your professor to ask if you can get an
4  excused absence by presenting a medical record. When writing an email, politely explain your situation and show
appreciation for your professor’s understanding and consideration.

You are interested in auditing the course X at your university. You email the professor responsible for teaching course X
5 to inquire about the possibility of auditing their course. In your email, briefly introduce yourself and politely explain your
intention to audit the course. Inquire about the professor’s policy on auditing and convey your enthusiasm for the subject.

You are planning to study abroad as an exchange student in the upcoming semester. However, you missed the deadline for
the dormitory application, resulting in no dormitory assignment. You want to reach out to the university to inquire if they
allow for a late dormitory application. In the email, politely express your situation, apologize for the oversight, and ask if
there is a solution.

Table 3: The six email scenarios we used in the Main Task. We created the scenarios from the email excerpts from the recruitment
survey.
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Table 4: Codebook summarizing the dimensions, codes, code descriptions, and example quotes from participants regarding the
usage purpose and patterns of PARASCOPE

Dimensions and Codes

Code Description

Example Quote

What are users’ purposes of using information aids?

Preserve intended meaning

Assess tone appropriateness
Explore real-world usage

Verify common usage

Ensure the suggestion retains the origi-
nal meaning.

Ensure tone and nuance fit the context
and audience.

Examine how expressions are used in
real-world contexts.

Confirm whether a phrase is commonly
used or outdated.

“I checked whether the suggested sentence included every-
thing necessary or if anything important was missing or
distorted.”

“I mainly used it to see if what I wrote was appropriate
for the situation and the intended reader.”

“I used it to see how unfamiliar expressions are used in
actual sentences.”

“It looked natural to me, but I wanted to make sure it was
something people commonly say nowadays—like checking
if it’s not an outdated phrase no longer in use.”

How do users use information aids to evaluate suggestions?

Screen for best fit

Validate initial preference

Cross-check information aids

Break tie with information aids

Narrow down options by dismissing
weak suggestions.

Use features to validate an initial judg-
ment.

Use one feature to interpret or validate
another.

Let features guide selection when un-
sure between options.

“My general process was to first filter out bad ones, then
pick the best among the remaining options.”

“Among the four options, I initially liked one the most
and thought I would go with it. As I explored the features
one by one, they confirmed what I had sensed—that it was
the most polite and formal, just as I had thought.”

“When I only looked at the AI Score, I doubted its reliabil-
ity and couldn’t understand why it rated a suggestion the
highest. But when I checked the Al Translation and Ex-
planation, it made sense, and I could accept the reasoning
behind the score.”

“If I was still unsure which of two sentences to use, I
thought, perhaps the one with the higher numerical value
would be better.”
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Table 5: Codebook summarizing the dimensions, codes, code descriptions, and example quotes from participants regarding the

user experiences and suggestions for PARASCOPE

Dimensions and Codes

Code Description

Example Quote

What are perceived impacts of information aids on user experience?

Informed decision-making

Improved efficiency

Cognitive overload

Increased autonomy

Potential language learning

Having access to diverse information
aids supported more confident and in-
formed choices.

Having diverse information aids inte-
grated in one interface streamlined the
suggestion selection process.

The abundance of information aids
sometimes caused mental fatigue and
inefficiency.

Interacting with information aids en-
hanced agency and authorship in the
writing process.

Participants perceived interacting with
information aids as opportunities for
language learning.

“Having access to various types of information that either
confirmed or refuted the suitability of a suggestion made
me feel more reassured and confident in my choice.”

“Typically, my writing process involves constantly switch-
ing between windows: composing, searching dictionaries,
and consulting ChatGPT. This system consolidates these
actions within one platform, significantly aiding my work-
flow.”

“I feel compelled to use every information aid, even for
sentences I could easily move on from. I don’t think this
process is efficient, but I am nonetheless convinced that it
improves writing.”

“Utilizing features to understand how suggestions might
sound and integrating these suggestions into my text,
made me feel more actively involved in the writing pro-
cess. It felt as if I were crafting the text myself.”

“Example Sentence, unlike other features that provide
direct hints, allows for the indirect exploration of various
sentences and fosters thoughtful consideration.”

What are the factors that influence users’ feature usage experience?

Simplicity of presentation

Explainability

Personalization

Interactive refinement of sug-
gestions

Incorporate original text for
comparison

Participants preferred concise, direct in-
formation presentation format.

Participants expressed a need for ex-
plainability and transparency about
how numeric features were derived.

Participants wished for an interface tai-
lored to personalized usage patterns.

Participants wished to directly modify
suggestions without leaving the inter-
face or fully rewriting the text.

Participants found it difficult to evaluate
suggestions without seeing their origi-
nal input.

“Ineeded to make quick decisions on suggestions, but since
it’s presented in long paragraphs, it wasn’t easy to skim.
If it were in bullet points, it would have been faster and
more convenient.”

“It wasn’t clear what database the trends shown in Fre-
quency were based on. For example, is this frequency
higher because the word appears often in news articles?
Knowing this would make the feature more helpful.”

“When using a tool repeatedly, people tend to stick to
certain features. Instead of showing all features, it might
be better to display only the ones I actively use.”

“I didn’t want to completely rewrite my sentence; I aimed
to keep the original structure intact while making minor
adjustments to the words or expressions.”

“It would be more convenient if my original input was
displayed alongside the suggestions for direct comparison.
Paraphrasing provides four candidates, but the original
sentence is essentially a fifth option. Including translations
or scores for the original would make it easier to evaluate
all options equally.”
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