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Digital media platforms (e.g., science blogs) offer opportunities to communicate scientific content to general
audiences at scale. However, these audiences vary in their scientific expertise, literacy levels, and personal
backgrounds, making effective science communication challenging. To address this challenge, we designed
TranSlider, an Al-powered tool that generates personalized translations of scientific text based on individual
user profiles (e.g., hobbies, location, and education). Our tool features an interactive slider that allows users
to steer the degree of personalization from 0 (weakly relatable) to 100 (strongly relatable), leveraging LLMs
to generate the translations with chosen degrees. Through an exploratory study with 15 participants, we
investigated both the utility of these Al-personalized translations and how interactive reading features
influenced users’ understanding and reading experiences. We found that participants who preferred higher
degrees of personalization appreciated the relatable and contextual translations, while those who preferred
lower degrees valued concise translations with subtle contextualization. Furthermore, participants reported
the compounding effect of multiple translations on their understanding of scientific content. Drawing on
these findings, we discuss several implications for facilitating science communication and designing steerable
interfaces to support human-AlI alignment.
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1 Introduction

Science communication refers to the process of “communicating complex scientific information
with general audiences' to improve public awareness, interest, and understanding of science” [22].
Both academic and industry professionals strive to make their ideas more accessible. As a result,
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1We refer to “general audiences” as individuals who are non-scientists, coming from diverse educational backgrounds and
domains such as arts, business, education, healthcare, and product design.
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science communication platforms, such as science blogs [42] and science magazines [90], have
been translating scientific information into more accessible formats for decades. However, a single
version of a text often falls short of meeting the diverse needs of a general audience [10]. For
instance, a journalist with an interest in quantum physics would have vastly different context and
comprehension needs than a college student majoring in physics.

Scientific research articles often employ domain-specific language, including jargon and complex
sentence structures, which can pose significant barriers to comprehension for general audiences.
Language models offer the capability to personalize content to various user contexts, transforming
both the style (e.g., casual to formal [27] or romantic [51]) and content (e.g., simplifying complex
ideas [10]). This adaptive personalization creates opportunities for enhancing audience engagement
and understanding through more effective content dissemination [50]. Notably, large language
models (LLMs) can achieve this personalization at scale (i.e., Al-scalable personalization), generating
multiple tailored variations of content for diverse audiences [10, 50, 82]. This scalability positions
LLMs as powerful tools in advancing inclusive and effective science communication [80].

Among the many strategies in science communication from prior HCI/CSCW literature, analogies
have proven effective in translating technical content into more accessible forms [9]. For instance,
the structure of the solar system is often used as an analogy to explain the structure of an atom. While
such analogies can broaden understanding of scientific information, they are limited in number, can
be generic, and may not resonate equally well with all audiences as individual comprehension is
shaped by societal, cultural, educational, and personal backgrounds. For example, the space analogy
assumes familiarity with the solar system [50]. LLMs have demonstrated the ability to generate
personalized analogies that can help people understand complex concepts and ideas within their
own context [30]. Building on this capability, we leverage LLMs to generate multiple personalized
analogies tailored to individual readers’ contexts.

We designed and implemented TranSlider (Translate through Slider), an interactive reading
interface that enables users to steer the degree of personalization in scientific text through an
adjustable slider. TranSlider allows the user to specify a degree of personalization from 0 to 100
and utilizes their background information (e.g., education, hobbies, location) to present relevant
analogies. The slider enables intuitive exploration of various personalization degrees, allowing
users to quickly review multiple translations. We employed TranSlider as a research probe to ask
the following research questions:

RQ1: What is the utility of Al-driven personalized translations of scientific text?
RQ2: What is the impact of interactive reading features on user experience? Specifically:
2.1: How does exploring multiple translations influence readers’ comprehension and engage-
ment with scientific text?
2.2: How does the slider interaction to steer the degree of personalization influence readers’
comprehension and engagement with scientific text?

To answer these questions, we conducted a user study with 15 non-expert participants who used
the tool to understand two scientific texts by exploring multiple personalized translations. We
conducted post-session semi-structured interviews to elicit feedback on their experience. We used
thematic analysis on their qualitative responses and conducted descriptive quantitative analysis on
tool usage logs to understand their exploration behavior (e.g., number of generated translations.
range of explored personalization degrees).

Participants found the analogies useful in understanding the content. Some favored general
analogies (e.g., a participant liked a construction analogy describing the body’s cells as building
sites—low personalization), while others preferred detailed, personalized analogies (e.g., a partici-
pant appreciated a baking analogy to explain harmful emissions from lithium-ion batteries—high
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personalization). Participants noted that reading multiple translations with varied analogies allowed

them to piece together a fuller understanding of the scienti ¢ text, correcting misunderstandings

along the way. Participants found the tool bene cial for learning about unfamiliar topics but were

cautious about the reliability of Al-generated translations. Based on these ndings, we discuss

implications for science communication and the need for interactive techniques to steer models

towards human pluralistic preferences, rather than solely relying on machine learning approaches.
Overall, our contributions to the CSCW community include,

(1) A novel slider-based LLM interaction to enhance understanding of scienti ¢ content through
the exploration of analogy-driven personalized translations

(2) An investigation to examine the utility, bene ts, and limitations of Al-driven personalized
translations in science communication

(3) Implications for science communication and more broadly for cross-disciplinary communica-
tion, and designing interfaces for human-Al alignment.

2 Related Work

We review prior work covering science communication on digital media platforms, personalization
in science communication, and existing interactive reading interfaces for scienti ¢ articles.

2.1 Science Communication on Digital Media Platforms

Science communication takes many forms in modern media for communicating complex scienti ¢
information to general audiences for improving public awareness, interest, and understanding
of science 22. Traditional channels include museum&d, exhibitions [66], and TV series§4],
while web-based digital platforms have emerged as a powerful new stream. For example, online
videos have become an in uential source for science learning, especially during the COVID-19
pandemic, when many people turned to digital resources for scienti ¢ informatidg][ Social
media platforms such as Redd#.§. r/science), Twitter (now X), Bluesky, and Mastodon o er
interactive spaces for scientists to share research and engage with the p@alid§ 69. Finally,
science blogs have been valuable channels for explaining complex scienti ¢ content to general
audiences44. For example, more than half of college students actively use blogs as a learning
resource f11]. A key advantage of science communication via digital media, a.k.a. online science
communication [92], is its ability to reach a wider audiencazd.][48, 74]).

Prior HCI/CSCW literature has uncovered several key challenges scientists face in online science
communication: engagement, translation, and disseminati@?.[First, scientists rarely participate
in digital media platforms §9. This limited engagement is due to the conventional academic nature
that has put scientists as neutral observers rather than active communica#@<f, and practical
constraints such as limited time and lack of communication trainidgl[ While recent research
shows a gradual shift towards more active public engagement by scienti§lsthe extent and
impact of this change remain to be fully understood. Secondly, even for scientists who engage
with digital communication, translating complex scienti ¢ concepts into accessible language is
challenging B1]. These challenges may be compounded by the variety of readers with di erent
backgrounds, levels of scienti c literacy, and preferenc&s, B7, 89. Creating multiple versions
tailored to di erent expertise levels is infeasible for individual scientis) 32. Lastly, translation
challenges can entail broader concerns such as misinformation on social media platfagns [
The dissemination of inaccurate interpretations or misrepresentations of their work could have
unwanted consequences for public understanding and their professional reputation [67, 93].

Given these challenges, this paper focuses on addressing the translation barrier in personalized
science communication on digital media platforms. Speci cally, we explore how to facilitate creating
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multiple translations of scienti ¢ content to e ectively accommodate general audiences with
varying levels of scienti c background at scale.

2.2 Personalization in Science Communication: Tools and Approaches

In science communication, personalization is an approach that translates scienti ¢ content into
contexts familiar to each individual, making it more interesting, accessible, and engaging for non-
scientists p]. For example, when explaining biological concepts to individuals without a background
in biology, saying try not to drink soda and eat candy may be more e ective than reduce glucose
consumption, as the former uses more familiar contexts while conveying the same information to
the intended audiencedd. Given its potential e ectiveness for science communication, researchers
have explored various strategies for personalizing information across contexts.

Prior approaches in HCl and CSCW have personalized scienti ¢ content using structured tem-
plates, often yielding limited bene ts to the reader. For instance, Persalog personalizes news articles
by substituting speci ¢ segments such as city, state, or country names based on geographical
relevance p]. Other studies have employed template-based rephrasings. For instance, Hudiaén
and Kimet al.generate alternative expressions of measurements following a templateimbeg
Ib is about (X.X) times the weight of ffamiliar object g [44 or The distance
between locations is (number) times your distance to a  ffamiliar landmark g [54).

These methods rely on structured databases, such as geographical informa}jdarjdmark ref-
erences $4, and patients corporagq, to compute contextual relevance. While some work has
attempted more exible language generation.(. personalized medical brochureg), these

e orts result in unnatural and ill-formed sentences, limiting their e ectiveness.

These approaches predate the emergence of LLMs that could address these limitations: reliance on
structured templates and databases. LLMs can transform text at scale without any databases, making
it feasible to generate multiple translations on behalf of scientists. Recent HCI studies have explored
the feasibility of LLMs in simplifying complex ideas (summarizatiord)l[ 37, 53, retargeting
concepts into another domain (contextualizatiorf) 30, 64, and explaining content through
user-familiar contexts (personalization}(, 50. Albeit in other domains, these studies show that
LLMs can reduce the reliance on databases to compute contextual relevance and generate natural-
sounding language expressions tailored to various user contexts. Building on these works, our study
explores integrating contextual personalization with LLMs' capability to generate analodi€s [

We aim to design an LLM-powered tool that leverages readers' contextual information to generate
personalized analogies for scienti c texts.

2.3 Al-Powered Reading Interfaces for Scientific Articles

Recent research has proposed Al-powered interactive reading interfaces for science articles. These
systems summarize sections of the paper and help navigate within the article to e ciently nd
relevant information [L1, 33. For example, ScholarPhi assists users in quickly looking up de nitions
of nonce words and symbols de ned elsewhere in the papéi[ Researchers have also explored
more free-form question-answering systems to help users identify relevant sections of a paper based
on their queries P7. However, these primarily cater to users already motivated to engage with
scienti c literature, such as healthcare stakeholdeesq. patients [49]), students, and scientists.
While general-purpose tools like ChatGPT or Al-enabled PDF readegs Adobe Acrobat with
built-in chatbots) can assist with reading scienti ¢ texts, they are not designed for scienti ¢ content,
and require users to know what to ask. In contrast, our tool focuses on everyday readers with a
casual interest in science individuals who may lack the time, background, or motivation to actively
engage with science articles. We position our tool as an Al-powered intermediagythat delivers
accessible, engaging science communication through analogy-driven, personalized translations.
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Rather than expecting readers to extract meaning themselves, our tool meets them where they are
by adapting content to their context.

3 Interaction Paradigms
3.1 Existing Design: Model-Initiative

Existing personalization systems predominantly employ a model-initiative design, where Al models
automatically collect and process user data to deliver personalized content without explicit user
intervention [26. While e cient, this interaction design presents two primary human-Al alignment
issues, namely personality alignment and user privacy.

3.1.1 Personality Alignment Issudsdel-initiative approach faces thpersonality alignment
issue Pg, i.e. the personalized outcomes are not always well aligned with users' actual interests or
needs B1, 10Q. For example, consider an Al system that automatically personalizes results based on
a user's current locationd.g.,Tokyo, Japan) when the user is actually interested in contextualized
results of a di erent location é.g.Bergen, Norway). In this case, the Al personalization is misaligned
with the user's actual interests. This alignment problem is compounded by the contextual nature of
personalization preferences. Individuals may desire di erent levels of personalization depending
on the context and motivation of their readindlLp, 31, 36 59. For example, someone might prefer
highly personalized content when reading medical articles relevant to their health conditiéfis [

but relatively less or lower personalization when casually exploring scienti ¢ topics of general
interest. To accommodate varying contextual needs for each individual at scale, the model-initiative
approach would naturally require invasive data collection and inference about users' contexts.

3.1.2 Privacy Issuddodel-initiative design assumes that Al models have access to users' private
data [26. However, from a user's perspective, it is unclear how much information is gathered,
what types of information is gathered, and wheB]]. Furthermore, users typically have minimal
control over their personal datad(. These privacy concerns become more problematic in the
context of science communication, which aims to reach diverse, mass audie?de3 ie model-
initiative paradigm would require collecting and processing private data from the entire population
of potential readers to provide personalized translations of scienti ¢ texts. This approach not only
raises ethical concerns but also creates signi cant barriers to adoption, as many people would be
reluctant to share their personal information.

3.2 Our Design: Controlled User-Initiative

We explore an alternative approach: user-initiative design. Existing LLM interfaces, such as Chat-
GPT [74 and Claude ], provide prompt interfaces where users can specify all personalization
parameters and their intentions. While a prompt-based approach maximizes user control, it presents
challenges speci cally for science communication: allowing unlimited user modi cation risks com-
promising the scienti ¢ accuracy crucial for e ective information dissemination. High degrees of
freedom could lead to the distortion of key ideas or inadvertently promote misinformation, even
when users have no intention to mislead [50, 96].

We propose a controlled user-initiative design where readers can explicitly adjust speci c aspects
for personalization. To minimize the risk of misinformation or hallucination, rather than allowing
free-form prompt interactions that could introduce unexpected results, we constrained user inputs
to two structured elements: i) steerabtkegreesof personalization using sliders, addressing the
alignment issue, and ii) editable structurgégbe of contextual information via user pro les with
prede ned elds to alleviate the privacy issue. This design philosophy aims to preserve privacy by
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Fig. 1. The interface design dtanSlider[A] The Al-personalized title of the science blog post appears here.
Al-personalized translations of science articles will appear hgiglsers can navigate the slider to adjust
their preferred degree of Al personalization for a science article infpj.For each personalized translation, a
history item is stacked in the history box. Users can revisit any previous history items to see the translations.
Users can click the edit profile bu on to see the Profile Edit window [II] to adjust their profile information.
The Finish bu on triggers a pop-up [Ill] to collect the user's interest in reading the original paper. We use
the response as a proxy measure for their interest in the content a er reading the personalized translations.

minimizing detailed personal data collection and granting users control over input, while enabling
contextually relevant personalization that aligns with their needs and preferences.

4 TranSlider: Design and Implementation

With this design philosophy in mind, we designed and implemenf&ansSliderTrandate through
Slide)), an LLM-powered reading interface to help general audiences better understand scienti ¢
texts by generating personalized translations through a slider interaction and user pro les.

4.1 Interface Design

We designed our tool with three main components: the translation panel, the history box, and
the edit pro le button (Figure 1). The header provides instructions on using the interface; these
instructions were brief as participants received a detailed tutorial at the start of the study.

4.1.1 Translation Pandlhe translation panel has the main personalization features (Figusag, 1
[B],[C). The personalized title of the scienti c article being viewed is displayed at the top with
the personalized translation underneath it. A slider, labeled from weak to strong personalization,
allowed participants to adjust the degree of personalization. The current personalization degree, a
numeric value between 0 and 100, is shown just beneath the slider. Participants were instructed to
adjust the slider to their preferred degree value before translating using the Translate button. This
action triggers an LLM call, which generates and displays a personalized translation.
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Fig. 2. The workflow offranSlider

4.1.2 History BoxThe history box on the right allows participants to revisit, review, and compare
translations they had seen during the session. Each new translation is automatically added to the
stack, labeled with its personalization degree and the time of generation. Users can click on any
past translation to view it, which would update the translation panel accordingly. They could also
mark a translation as a favorite by clicking on the star icon beside it. Additionally, users can delete
translations from the history by clicking the cross button, though we found that participants rarely
used this feature in our study.

4.1.3 Edit ProfileThe edit pro le dialog box is accessible by clicking a button on the tool header
(Figure 1[E)). This displays a short form (Figure 1 [I]) containing information about the participant

including their background, age, hobbies, location, and favorite food. This pro le information is
used to tailor the translation to the user's context.

4.1.4 Finishing a Sessidine nish session button (Figure [F]) served as a proxy measure for
their interest in the content after reading the personalized translations. The button triggers a
pop-up (Figure 1 [1ll]) that collects user response on whether they would like to receive the original
research paper PDF via email. This button was used at the end of each article's translation session.

4.2 System Workflow and Implementation

The work ow of TranSlideris illustrated in Figure 2. Once a user adjusts the personalization
slider and submits a translation request on the frontend, the backend integrates both the selected
personalization degree and the original scienti ¢ text into the prompt template (detailed in Figure 3).
Inspired by existing LLM-powered tools' prompt desigresd.[23), we used the chain-of-thought
style instruction [P]] to guide the model to reason how the slider input value (personalization
degree) should be re ected in the output (personalized translation). With this combined prompt
input, the backend makes an API call to the LLM to generate the personalized translation. The API
response with the Al-personalized translation is then transmitted back to the translation panel in
the frontend. We implementedranSliderusing React.js for the frontend interface and Node.js for
the backend. We used OpenAl's GPT-40 model for the LLM.

Note on LLM Model Choic&Vhile our implementation utilized GPT-40, this model could be readily
replaced with alternative commercial or open-source models. For instance, specialized models like
OpenScholar-8B speci cally designed for scienti ¢ contexts through retrieval augmentation
outperform GPT-4o0 for scienti ¢ contentd] and could potentially generate higher-quality person-
alized translations. Conversely, substituting with older or less capable models such as GPT-@leo |
would likely result in lower quality and unreliable translations. Our preliminary testing con rms
that alternative models like Meta's Llama-3 (open sourcél] [ Anthropic's Claude 3.5 (commer-
cial) [7] also generate comparable quality of translations, suggesting that our tool could incorporate
di erent model architectures. Whether there would be any noticeable distinctions in the overall
translation quality depending on the model choice is left for future investigation.
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Fig. 3. Prompt Template Structure. The prompt begins witfiask overview, instructing the model to use
analogies to explain a science article to general audiences.prbept context consists of four parts: 1. The
user profile; 2. Personalization spectrum with descriptions for degrees 0, 50, and 100; 3. In-context examples
of both generic and personalized translations; 4. Original scientific article content with the slider value.

4.3 Pilot Study

Once the research team was satis ed with the LLM's output, we conducted a pilot study to determine
whether the translations were understandable and free from hallucinations or misinformation.
We recruited three research scientists outside of our research team. They all had published their
work in the past three years. We used their authored publications in Computer Science, Biomedical
Engineering, and Electrical Engineering, respectively, for the veri cation process.

4.3.1 Procedurgéhe rst author conducted this study in a one-on-one in-person setting. Upon
participants' arrival, we introducedranSlideras a tool designed to help general audiences un-
derstand complex scienti ¢ texts. We explicitly stated that the purpose of this pilot study was to
verify whether the Al-personalized translations were comprehensible and did not hallucinate any
misinformation. We then asked participants to provide a link to their recent publication that they
would like to share with the general audience. After a brief tutorial of our tool, we had them explore
and interact with TranSliderat their own pace without any time constraints. We proceeded to the
debrie ng interview the overall impression of the personalized translations and whether they
had seen any misinformation or hallucinations only when participants indicated they were ready
to share their thoughts. Each of the three pilot studies took about 30 minutes to complete.

4.3.2 Resultall three scientists found the translations surprisingly understandable. They also
con rmed that they could not detect any hallucinations or misinformation in the translations
they reviewed. The electrical engineering researcher provided additional feedback on two aspects:
the topic selection and the structure of translations. First, they noted that a scienti c article's
subject matter could in uence its perceived bene ts to general audiences. Some topics, like health
and nutrition, might naturally interest the general audience, while they doubted whether some
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Fig. 4. An example translation (degree = 100) of P14, whose hobby is basketball and rock climbing, and lives
in San Francisco, CA. Their favorite foods are Korean barbeque and beef noodle soup. The first paragraph
gives a brief explanation of the scientific content based on their personal context: location (San Francisco)
and hobby (Basketball). The second paragraph presents the implications of this scientific knowledge to the
reader's diet and health, saying that both Korean BBQ and beef noodle soup have a lot of sugar.

other topics, like environmental or geological sciences, would draw similar interest. Secondly, they
suggested that highlighting some practical implications of studies could make translations more
directly bene cial to general audiences.

4.3.3 ImplicationsThe results of this pilot study in uenced our prompt and study design. We

re ned the instruction prompt (see 4. in Figure 3) to generate two distinct paragraphs: the rst
presenting an analogy explaining the study, and the second discussing implications to the user
(example in Figure 4). Previously, the translation only explained the study without o ering per-
sonalized implications. We also decided to include two di erent types of scienti c articles for our
study: one with directly relatable content and another with less relatable content (Section 5.1).

5 User Study

Our study aimed to obtain readers' feedback and usage data regarding two aspects of the tool: i)
the utility of Al-personalized translation of scienti ¢ text (RQ1), and ii) the impact of interactive
reading features on user experience (RQZ2). Below, we describe the details of our study design,
including the choice of science articles, participants, study procedure, and data analysis methods.

5.1 Science Articles

We selected scienti ¢ articles from two distinct domainsealthand environmentWhile health-
related topics can generate strong interest among broad audiences due to their direct personal
relevance€.g.[28 45 8§), environmental topics might feel less immediately relevant to individuals'
personal contexts. We deliberately chose these contrasting domains to demonstrate that the utility
of Al-personalized translations may not be dependent on a particular topic; if participants could
perceive the value of Al-personalized translations across both more personal (health) and less
personal (environmental) topics.

To select science articles that the general audience would be interested in, we searched articles
in the Reddit sub-channel r/scienteThe rst author compiled a list of 10 candidate articles for

2https://www.reddit.com/r/science/
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Experience Science Articles
Gender Age Education w/ Sti w/ LLMsY  Session | Session Il
P1 Female 43 UXDesign 3 Yes | No health environment

P2 Male 23  Economics 2 Yes | No health environment

P3 Male 32  Industrial Eng. 4 Yes|Yes health environment

A P4 Female 26 IndustrialEng. 2 Yes | No health environment

P5 Female 24  Statistics 2 Yes | No health environment

P6 Male 34  Business 1 Yes|Yes health environment

P7 Female 24  Business 4 Yes | No health environment

P8 Male 25 Economics 3 Yes|No  environment health

P9 Female 25 [Economics 2 Yes | No environment health
P10 Female 23  Biochemistry 4 Yes|Yes environment health
B P11 Female 24  Computer Sci. 2 Yes | No environment health
P12 Female 23 Information Sys. 3 Yes | No environment health
P13 Female 25 Business 5 Yes | No environment health
P14 Male 24 Cognitive Sci. 3 Yes|Yes environment health
P15 Female 25 Business 2 Yes | No environment health

Table 1. Demographic and background of participattB1 does not have a degree, but has a certificate in
UX DesignYExperience reading scientific text in the last three years (1: Never, 2: A few times per year, 3:
A few times per month, 4: A few times per week, 5: DailjExperience with LLMs (first value represents
general LLMs experience, second value represents LLM use specifically for reading).

each domain from top-rated posts within the past year. Through iterative discussions among
collaborators, we narrowed our selection to two articles: one in healif] fand one in environ-
ment [3§. To mitigate potential ordering e ects, we counterbalanced the presentation sequence
across participants, with half viewing the health article rst followed by the environment article,
and vice versa for the remaining participants (last two columns in Table 1).

5.2 Participants

We recruited 15 participants (10 female and ve male) through mailing lists and word-of-mouth
referrals. Our recruitment criteria were designed to represent the general public with an interest
in science, but not scientists. We recruited people above 18 years of age and di erent educational
domains a mix of science-based(g.engineering) and non-science based eldsd.pusiness).
We excluded people who: (a) had a doctorate degree or a research position, and (b) had a degree in
healthandenvironmentelds the topics of the scienti ¢ articles used in our study. This approach
allowed us to secure participants with various domain backgrounds with a baseline level of interest
in science and unfamiliarity with the chosen articles' elds. We also asked participants how often
they read scienti c articles€.g.science blogs) to ensure representation across a spectrum of regular
readers and those who rarely engaged with scienti ¢ content.

Table 1 illustrates the details of participants' demographics. All participants were uent in
English and aged between 23-43 yedvs06.7,SD5.3). Most participants held bachelor's degrees
in various elds, while one participant (P1) had no degree. In the past three years, eight participants
read scienti c articles €.g.science blogs) at least monthly, while the others did so rarely. Regarding
LLM experience, all participants were familiar with tools like ChatGPT; four actively used them to
understand complex text(g.technical reports or academic papers), while the others did not.
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5.3 Procedure

The study was conducted one-on-one and in-person. We audio and screen recorded study sessions
that took an hour on averageM=60.5 min SD=10.9 min). All participants received a 75 USD virtual
gift card as compensation for their time.

5.3.1 Pre-study Survey (5 midgfore conducting the exploratory study, we collected participant
background information through a pre-study survey. This included their experience with LLMs
and reading scienti ¢ texts. We also gathered personal information such as their professional
background, hobbies, familiar locations, and favorite foods, which was later used for implicit Al
personalization in Session I.

5.3.2 Tutorial (15 minjfter the pre-study survey, we showed the tool interface through a shared
monitor in the same room. We explained the tool's purpose and provided a tutorial using a structured
script. The tutorial covered tool features such as sliders, buttons, history box items, and included
a demonstration of an example interaction. Throughout the tutorial, we encouraged participants
to ask questions to ensure their complete understanding of the tool. After the guided tutorial,
participants freely explored the tool until they felt comfortable to begin the main study sessions.

5.3.3 Session | (Implicit) & Il (Explicit) (10 miR). As described earlier, all participants conducted

the two study sessions in the same order to ensure gradual exposure to the full-featured tool
interface. In the rst session, participants interacted with the tool version thiaiplicitly employs

their pro le to tailor the scienti c articles. We explained to participants that the tool used the pro le
data they provided in the pre-study survey for personalization. To illustrate this concept, we gave
them familiar examples of personalization, such as how Google Chrome leverages users' account
data or how social media platforms provide personalized content based on their accodifts [
After completing the rst session, they began the second session with our fully featured tool that
enabled users texplicitly edit their pro les.

In both sessions, we asked participants to freely explore varying degrees of personalization
through the slider control. We ensured they reviewed at least ve di erent degrees of personalized
translations, and then selected three favorite translations by marking a star to the associated history
item. After completing each session, participants responded to a post-session survey, where they
rated their familiarity with the scienti c articles and wrote the key takeaways about the translated
article in 1-2 sentences. We then conducted a post-session interview focusing on: (a) their thought
process while interacting with the personalization slider, (b) their rationale for selecting favorite
translations, and (c) examples of translations they disliked and their reasons.

5.3.4 Debrief Interview (20 miAfter completing both sessions (implicit and explicit), we con-
ducted a semi-structured interview aligned with our research questions. The questions included i)
the participants' perceived quality and utility of Al-personalized translations (RQ1), ii) their experi-
ence with interactive reading features such as multiple translations, history items, and the slider
(RQ2), iii) any particular aspects they liked or disliked, and iv) overall concerns and suggestions for
improvement. At the end, participants were free to ask any questions or share additional comments.

5.4 Analysis

5.4.1 User Behavioral Lol¥e recorded user logs to analyze participants' tool exploration behav-
iors. The collected data includes user pro le information (implicit), pro le edits (explicit), explored
degrees of personalization, all generated translation texts, favorite translations marked by users,
deleted translations, and precise timestamps for all these actions. We analyzed them by plotting
and computing descriptive statistice.g.mean, std, max, and min). We did not conduct a statistical
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Fig. 5. The correlation between the personalization degree and personalized translation length (#words).

analysis of our data between conditions or groups, because we had a small sampli=iZy [34.
More importantly, our study design was intended to enable qualitative analysis.

5.4.2 Interview Logg/e used automated services to transcribe all interview recordings. Then we
conducted thematic analysid[] on the quotes organized by interview question for each participant.
For the open-coding process, the rst author read quotes and labeled them with initial cages (
low-level codes) using Miro board cartdsThen the rst and the second authors collaboratively
reviewed the low-level codes to discuss and group codes into potential theimeeghigh-level
themes). The rst author structured a thematic map showing themes for each corresponding
research question. Next, the research team collaborated to re ne the thematic map more clearly,
build a coherent narrative, and reach a consensus. During this process, we excluded themes that
were not directly relevant to our research questions. Ultimately, we nalized the themes for each
research question: the utility of Al-personalized translations (RQ1), the impact of interactive reading
features on user experience (RQ2), and proposed use cases and associated concerns.

6 Findings

We rst summarize ndings from user behavior log data. We then synthesize participants' interview
responses supported by user log data to substantiate additional insights and suggest potential
opportunities for future research directions. Our ndings cover three key aspects: i) the utility of
Al-personalized translation for scienti ¢ text, ii) the impact of interactive reading features on user
experiences, and iii) the potential use cases and concerns.

6.1 antitative Findings from User Logs and Pre-study Surveys

6.1.1 Users' Exploration Behavidtarticipants generated a total of 268 Al-personalized trans-
lations usingTranSlider with an average of 8.93 translations explored per session (min: 5, max:
19). We observed a positive correlation (Pears@rs0"36) between the degree of personalization
and length of the translation (Figure 5), showing that more personalized translations tended to be
slightly longer. This subtle increase in length could be attributed to the need for integrating more

3http://miro.com/

Proc. ACM Hum.-Comput. Interact., Vol. 9, No. 7, Article CSCW479. Publication date: November 2025.



Steering Al-Driven Personalization of Scientific Text for General Audiences CSCw479:13

(a) Participants tend to explore extreme personaliza-(b) Those with extrinsic motivation for reading sci-
tion degrees (0 or 100) more o en, yet their preferred entific articles tend to prefer personalization lower
translations typically fell within moderate ranges, degree, while those with intrinsic motivation like
despite less exploration of middle ones. translations with higher degrees.

Fig. 6. lllustration (a) shows the histogram of two distributions: all translations vs. user-selected translations.
lllustration (b) displays a box plot of favorite translations by motivations for reading scientific articles.

detailed personal context in highly personalized translations, whereas low personalization required
little to no incorporation of personal information.

Participants demonstrated various exploration trajectories, including: i) incremental starting
from low degrees like 2 and moving toward higher degrees, ii) decremental starting from high
degrees like 98 or 100 and moving toward lower degrees, and iii) edge degrees exploring the
extremes (0 or 100) before exploring moderate degrees. Regardless of their starting points, par-
ticipants often revisited and compared previous translations, moving back and forth between
di erent personalization degrees. While participants largely explored edge degrees more (0 and
100), many of them eventually favored translations with moderate degrees (Figure 6a). The mean
value of participants' favorite translations was 53.800=33.24Median-61.0), indicating an average
tendency towards moderate personalization rather than extremes such as hyper-personalization or
none at all. However, the high SD shows that participants prefer translations across a wide range
of degrees, rather than clustering around a central tendency. This supports our original motivation
that singular translations of science articles may not be enough to capture diverse audiences.

6.1.2 Motivations for Reading Scientific Articles: Extrinsic and Inth¥sicategorize participants'
motivation for scienti ¢ articles as extrinsic and intrinsic based on their pre-study interview
responses. Those with extrinsic motivationsd%£7) read scienti ¢ articles primarily when required

for work-related purposes, while intrinsically motivated individualbl€8) read them voluntarily,
even in their spare time and regardless of work relevance. Figure 6b illustrates the distribution
of participants' preferred translation degrees within each motivation category. Descriptively, we
see that participants with extrinsic motivation tend to prefer a lower degree of personalization
(Mean#0.525D=29.84), while those with intrinsic motivation favor higher degredégan%2.75,
SD=29.35). While our study was not designed to compare statistical di erences between these
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two groups [73, this descriptive result shows that motivation could be an important factor in
designing personalization interfaces.

6.2 Utility of Al-Personalized Translation for Scientific Text (RQ1)

All participants reported the bene ts of personalized translations for scienti ¢ articles. However,
individuals preferred varying degrees of personalization for di erent reasons. We asked patrticipants
to explain their preferences and rationale with concrete examples they had explored. Based on
these examples, we categorized their responses into two groups: those preferring higher degrees of
personalization (ranging from 51 to 100) and those preferring lower degrees (ranging from 0 to 45).

6.2.1 Participants Who Preferred Higher Degree Liked Relatable and Informative TrarRations.
ticipants who preferred translations with higher degrees of personalization appreciated that these
highly relatable explanations facilitated their understanding of complex ideag.P7, P8, P9, P10,
P14). They further stated that these personalized translations, which extensively incorporated
participants' personal contexts, resonated with them and were funny. For instance, P10 appreciated
the translation began with “running’, one of their hobbies, making challenging scienti c concepts
more relatable and easier to understand. Similarly, P14 found some personalizations funny as
they incorporated the safety and security aspects of their hometown and cultural background (see
translation of P14 in Figure 7).

P10: | like that it started with “running’, it brings it up here [in the translation]. But
then it continued on the science [content]. Yeah, the science to me is usually the harder
part. So | like that. It explained it [science] all at once, and then it started trying to
simplify and use analogies.

Furthermore, these participants felt that highly personalized translations o ered detailed scien-
ti c content, including additional ndings (P8) and detailed explanations of implications (P14).

P14: | feel like this last point [implication] was pretty good. Because it says, I'm not
sure if the other ones really talked about it that much, but that the cleaner energy could
be causing pollution. So the implication of the study is kind of good [useful].

These participants expressed dissatisfaction with translations of lower degrees. They felt that less
personalized translations reduced the depth of scienti ¢ informatieng. fewer science concepts
and facts addressed in the original article). They also noted that lower degrees of personalization
often employ analogies drawn from contexts that were intended to be more universally familiar
to general audiences. However, these analogies turned out to be unfamiliar to many participants,
ironically making it more challenging to comprehend the scienti ¢ articles.g.P9).

6.2.2 Participants Who Preferred Lower Degree Liked Concise Translations and Subtle Personalizatior
Some participantsd.g.P1, P2, P4, P5) preferred translations with lower degrees of personalization
primarily because they demanded less mental load to comprehend. They emphasized the cognitive
load required to process long personalized translations, stating that visibly longer translations
immediately diminished their interest and willingness to read the materaly( P2, P5, P13). For
instance, translations with lower degrees of personalization tend to be more concise (Figure 5),
which likely contributed to their reduced mental e ort.

P5: | feel like | have to put in more e ort to understand the analogy in order to
understand the actual content. ... it takes a long time, | think for me the length matters.
| want it to be personalized, but | don't want it lengthy.

“We emphasize that our quantitative analysis is limited by the small sample size and participant homogeneity regarding
education levels. Hence, it should be treated as preliminary. We encourage a robust analysis before such a system is deployed.
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