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ABSTRACT
Despite the wealth of knowledge in research papers, practitioners
struggle to apply research results to their work due to significant
research-practice gaps. This study addresses the rigor-relevance
paradox, where academic rigor can undermine the practical rel-
evance of research for designers. Specifically, we explore the po-
tential of large language models (LLMs) to customize translational
research artifacts (i.e., design cards) and improve relevance to spe-
cific designers’ needs. In our preliminary study (𝑁 = 15), designers
defined relevance as alignment between the content of the trans-
lational artifact and their design context—including target users,
modalities/domains, and design stages. Based on these findings, we
implemented an LLM-powered pipeline that allows designers to cus-
tomize research papers into design cards tailored to their contexts.
Our evaluation (𝑁 = 20) demonstrated that designers perceived
customized artifacts as more relevant, actionable, valid, generative,
and inspiring than those without customization—even for less topi-
cally related papers—indicating LLM-powered customization can
be used to support research translation.

CCS CONCEPTS
• Human-centered computing → HCI design and evaluation
methods; User centered design; Systems and tools for inter-
action design.
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1 INTRODUCTION
While many valuable insights are uncovered through scholarly re-
search and presented in research papers, these papers are rarely read
by practitioners [14]. This phenomenon, known as the research-
practice gap [6, 52], has become a growing topic of discussionwithin
HCI [8, 14, 15, 55], particularly regarding its implications for design
practitioners. One noted reason why research papers are not effec-
tive in supporting design is the rigor-relevance paradox [58]. On the
one hand, researchers focus on creating generalizable knowledge,
which is centered on ensuring that their research is rigorous to meet
the expectations of peer review. On the other hand, the practition-
ers seeking to apply the generated insights need this knowledge
to be relevant to their specific use cases. For designers, this may
result in limited consumption of published research due to a lack of
perceived value. As one design practitioner quipped in Colusso et
al.’s study on their use of research papers: “Academic research goes
so deep that it no longer is applicable for us (designers). Everything is
pure theory and the real world doesn’t work that way.” [14]

Recent research has shown that large language models (LLMs)
can be used to translate research findings into translational commu-
nication artifacts (e.g., design cards) for design practitioners [69].
While this work showcases LLMs’ ability to scale the traditionally
labor-intensive process of manual translation, a critical limitation
remains: such AI-generated translational research artifacts were
not perceived as significantly more actionable than simply reading
the original papers. This limitation poses a significant barrier to
the practical adoption of these artifacts for practitioners.

In this work, we hypothesize that LLMs are capable of address-
ing this limitation by making customized recommendations and
connections to real-world design; in other words, by improving the
relevance of the translational artifact to the needs of individual de-
sign practitioners and their specific design projects. To facilitate the
customizing of translational communication artifacts to individual
designers’ needs, however, two questions must be answered. First,
what does ‘relevance’ mean in the context of customizing transla-
tional artifacts? Second, how do we tailor the translational artifacts
to improve relevance to the designer’s specific design goals?

To address these questions, we conducted a preliminary inter-
view study involving 15 designers to understand their perceptions
of relevance when consuming design insights from research pa-
pers. Participants highlighted the importance of aligning research
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knowledge with the who (the target audience for whom they are
designing) and what (the goal and design space of their design
process; e.g., modalities, pain points to address, client, metrics to
enhance) of their design context. In addition, we surfaced several
design implications for customizing the translational artifacts based
on the designer’s design stage (e.g., research, ideation, and/or evalu-
ation). Guided by these findings, we designed and implemented an
LLM-powered pipeline that takes these individual designer needs as
input, and automatically customizes insights from papers tailored
to those specific needs. Presented in a design card format, research
insights are displayed across a set of goal-specific components we
designed based on these preliminary study findings.

To evaluate the efficacy of our customization pipeline, we con-
ducted a user study with 20 designers. Participants were asked to
reflect on one of their recent design projects, create customized
design cards for this project with our pipeline, and compare cus-
tomized design cards to those without customization. Participants
found the insights communicated by the customized design cards
to be significantly more relevant and actionable than cards without
customization, while also being more generative, inspiring, and
valid. Because LLMs can introduce hallucinations, we also con-
ducted a manual evaluation of the customized cards generated in
our user study to identify mismatches with the source paper and
user inputs. Our evaluation found that the large majority of gen-
erated components accurately represented both the paper content
and the user’s provided design context without issue. However, we
identified several types of mismatches, such as misinterpreting the
paper’s focus or offering overly generic solutions, and discuss these
as potential areas for future improvement.

Our main contributions are as follows:
• We conducted a preliminary study with designers (𝑁 = 15)
to understand how they define ‘relevance’ for translational
research artifacts. Results revealed the importance of alignment
with the designer’s specific design context (i.e., who/what they
are designing for, and design stage) (§3);

• Based on these findings, we developed an approach that gener-
ates translational research artifacts tailored to the individual
needs of designers with LLMs. We contributed a component
library for delivering customized design insights, a pipeline for
generating these components, and mechanisms for extraction
and attribution (§4);

• We evaluated our customization pipeline with designers (𝑁 =

20), revealing the efficacy of the customized translational ar-
tifacts generated by our system and potential future enhance-
ments. We also conducted an intrinsic evaluation of customized
contents to assess the accuracy of AI-generated output; while
error rates are low, we identified several classes of mismatches
that should be considered in future model and pipeline devel-
opment (§5, §6).

2 RELATEDWORK
2.1 Rigor-Relevance Gap in Translational

Science
Much of the prior literature on the research-practice gap has pre-
sented the contrast between the rigor of research with practitioners’

perceived need for relevance as amain contributing factor (i.e., rigor-
relevance gap). As researchers and practitioners belong to different
communities with different core activities [71], they have differ-
ent “performing” aims in which they try to accomplish with their
work. Researchers are tasked and incentivized to do “good” research,
where they have to “define research problems precisely and inves-
tigate them carefully and deeply” [6]. Whereas, in practice, rigor
may not be an important consideration, and can “be burdensome
when speed, agility, and even creativity are paramount” [6]. This
attribute to different languages, styles, and logics (i.e., differences
in defining and tackling problems) that exist between research and
practice [38].

There is much ongoing discussion on whether this rigor-
relevance gap needs to be mutually exclusive and whether the
gap can be bridged. Some scholars have argued that this dichotomy
is artificial, and that research should be both [29]. To facilitate that,
one set of solutions focuses on bridging the gap during knowledge
generation – exploring closer collaborations between scholars and
practitioners so that the problems examined by researchers are rel-
evant to practice [29]. However, some have criticized this approach
as research and practice inherently serve different functions; hav-
ing science that maximizes both rigor and relevance is unrealistic
and naive, and may jeopardize the needs and functions of both
communities [16].

In our work, we focus on bridging the gap during dissemina-
tion. Prior work, including research in HCI on research-to-design
practice gaps, has suggested that research papers are too academic,
inaccessible, and boring [14, 43, 64]. By focusing on dissemina-
tion, we may be able to preserve the functions of research so that
scholars can still do the rigorous work that is needed within their
academic communities. What we seek to facilitate, is on improving
the boundary object between the research and practice communi-
ties. Instead of relying on research papers as is the current, which is
ineffective, we posit that we may be able to develop more relevant
(i.e., customized) translational artifacts that can better satisfy the
needs of practitioners.

2.2 Generative AI for Customizing
Translational Communication

One of the inherent challenges with supporting research translation
is who should be performing that work. As argued by the prior
work, expecting researchers to do this and to do this effectively is
unrealistic [69]—if they are sufficiently motivated and skilled to do
so, they would be doing this already. Having translational workers
or diffusion fellows [81] is a possibility, but this solution is costly,
will not scale well, and may perpetuate inequalities due to unequal
access to resources. Approaches leveraging expert crowdsourcing
may address the problem of scalability, but do not address issues of
motivation (e.g., still relying on volunteerism) and coverage would
likely be limited. Instead, the rise of LLMs offers a unique solution
to this translational problem. For example, prior work demonstrated
an LLM-powered pipeline that takes research papers as inputs and
creates design cards on demand to communicate the embedded
design implications [69].

While it presents an approach to scaling translational commu-
nication through automating the creation of design cards, which
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have a rich history in HCI for design communication, a critical
yet challenging limitation persists: the approach does not account
for the distinct design contexts that each individual designer has.
Given the unlikelihood that a research paper has the exact same
design context as each designer’s, further customization to indi-
vidual designer’s context must be followed to meet their need for
relevance. Indeed, the authors acknowledged that their approach
of simply translating research papers into translational artifacts
fails to augment the actionability of the communicated insights,
and similarly, prior work has criticized such an indistinct framing
as a limitation in current efforts to bridge the gap between research
and practice [21]. In this work, we argue that, by increasing the
relevance to each designer’s context, we may further enhance the
perceived value of these artifacts [21].

Our study also expands upon prior work adapting scientific con-
tent for non-target audiences such as interdisciplinary researchers,
practitioners, and the public. Knowledge and disciplinary barriers
such as jargon and terminology mismatch have been identified as
critical challenges to translation across disciplines [12, 30, 47, 50].
Unfamiliar terminology that acts as a barrier to understanding
can be predicted with some success using a person’s social me-
dia posts [45]—or in the case of researchers, their prior publica-
tions [30]—as the contextual representation into a model. While it
is possible to integrate a designer’s context automatically to con-
duct customization, which we discuss in future directions, we focus
in this initial study on identifying the customization inputs most
likely to improve the relevance of our output translational artifacts.

Prior work has also explored interactive systems that simplify,
augment, or otherwise allow different access to content in research
papers to address these barriers [5, 20]. Chat-based paper question-
answering capabilities have also been introduced in production
systems like Elicit1 and Semantic Scholar,2 but while promising,
these features are limited in being too general purpose (i.e., do
not aptly address the needs of a specific user group like design
practitioners) and are not customized to individual needs (i.e., do
not address the core translation science communication problem
of context awareness and relevance). In this work, we define the
components of relevance identified as most important by design
practitioners and implement an interactive customization pipeline
targeted toward these components.

3 PRELIMINARY STUDY
We conducted an interview study with designers (𝑁 = 15) to under-
stand (i) their definition of relevance when consuming research and
(ii) how LLMs can tailor the presentation of translational research
artifacts to improve relevance. To facilitate these discussions, we
developed a simple LLM prompt that creates customized transla-
tional artifacts based on a user’s brief description of their design
context, and used the method and outputs as study probes.

3.1 Recruitment & Participants
We posted our study recruitment in three university groups and
one online community focused on design. In this posting, we re-
quired the participant to be (i) currently working as a professional

1https://elicit.com
2https://webflow.semanticscholar.org/api-gallery/s2qa

designer or (ii) pursuing a professional design degree. As a result,
we recruited 15 designers; the participants had an average age of
26.5 years (𝑆𝐷 = 2.8); 8 self-identified as female, 6 male, and 1
non-binary. Among them, 2 had less than 1 year of experience in
design or studying a design-related major, 10 had 1 to 5 years of
experience, and 3 had more than 5 years of experience.

3.2 Study Procedure & Analysis
To probe what designers want to see from the customized trans-
lational artifacts, we started by developing a customization inter-
face (see Appendix A) that augments the AI-generated design card
pipeline and format suggested by Shin et al. [69]. Their approach
synthesizes the design implication discussed in HCI papers into a
two-page card format, which includes a paper overview, a descrip-
tion of the design implication, supporting evidence, and citations.

To allow for the tailoring of these artifacts to the designers’
context, we added a free-form input field to the interface that asks
the user: “How do you want to customize these cards for your own
design work?” Based on their response, the system generates a third
card page with simple customized design knowledge using an LLM.
This page combines the original design card content with the user’s
input, presenting a summary of the customization request and two
tailored design guidelines meant to offer more customized insights.
This initial pipeline is enabled by the following prompt with an
LLM (Azure OpenAI GPT-4o [57]), which returns formatted JSON
used to populate the third card page:

Based on the following design implication of the research

paper, generate two customized design insights tailored

to the designer’s design work:

- Design guideline: {{design implication text used to

generate design card }}

- Designer’s design work: {{free-form description

provided by the user }}

With this customization pipeline, we conducted study sessions
remotely on Zoom. After consenting each participant to the study,
we briefly introduced the goal of our study. We also asked several
questions spanning their design background, prior experience in
consuming/using knowledge from research materials in their de-
sign projects, and the way of determining relevance in consuming
research knowledge. Each participant was then asked to describe
details of one of their recent design projects, which lasted approxi-
mately 10 minutes.

Following, they were provided with a list of ten papers that
included design implications/guidelines in the paper text. To cu-
rate the list, we first searched for papers using keywords indi-
cating the presence of design implications (e.g., “design implica-
tion,” “design guideline”), and filtered for full papers published in
ACM-sponsored conferences and sorted them by relevance. The
two authors then collectively reviewed each paper manually to
confirm the inclusion of explicit design implications or guide-
lines. To ensure topical diversity and minimize redundancy, we
excluded papers with overlapping design focuses. As such, the final
list of ten papers was selected across diverse domains—including
accessibility, human-robot interaction, and collaborative author-
ing [2, 7, 22, 32, 51, 53, 59, 60, 75, 79]—with the number limited to
ten to keep the selection manageable for participants.

https://elicit.com
https://webflow.semanticscholar.org/api-gallery/s2qa
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Each participant was asked to describe a recent design project
of their own, after which they were presented with the curated
paper list (including titles and themes). They then selected the paper
most relevant to their project and briefly explained their choice.
Following, we moved on to the demo session, where participants
were given a link to an online web interface. On this interface, they
first encountered (i) the raw text of their chosen paper (in PDF
format) and (ii) one of the design implications of the paper, which
they were encouraged to read at their own pace to become familiar
with the content. Once they had reviewed these materials, they
were directed to the card page (see Figure 4), where they could
view the initial design cards generated from the selected design
implication of the paper. On this page, participants could input a
description of their design work into the provided free-form input
field to generate a customized card page. They were free to iterate
on this process as many times as they wished. The demo session
lasted approximately 15 minutes for each participant.

Lastly, each participant proceeded to the semi-structured inter-
view, where they provided feedback on the content and format of
the customized design cards, as well as the input and interaction for
generating them. Additionally, they were asked to provide future
enhancements along with rationales. As a result, each study lasted
approximately one hour.

Participants were compensated 30 USD for their participation.
All study procedures were reviewed and approved by the IRB of
our university’s human subjects division. To analyze the data, we
began by transcribing the voice recordings. Next, we conducted
a thematic analysis [10] with a bottom-up approach, where the
researchers initially identified and categorized key themes from
the responses. These preliminary themes were then discussed and
refined collaboratively over four rounds, after which we reached a
consensus on a final set of themes outlined in Section 3.3. We refer
to participants in the preliminary study as P1–P15.

3.3 Preliminary Study Results
Of all 15 participants, 11 participants have previously used or at-
tempted to use research papers in their design work, and the other 4
participants mentioned that they have read books or design articles
as part of their design process. Reasons for engaging with research
papers varied widely, ranging from class projects to corporate initia-
tives. However, participants encountered several challenges when
trying to apply that knowledge directly to their design processes,
confirming the challenges noted by prior work [14].

First, the complexity and time required to read research papers
made it difficult for designers to engage effectively. In previous ex-
periences, some participants found the language of research papers
dense and the content challenging to understand, often necessi-
tating frequent revisits to different paper sections and leading to
significant time investment: “I would say, it takes a long time. It
takes like, at least an hour for one paper (...) the papers itself are
very long. So it’s very time-consuming for me.” (P1) Additionally,
participants reported difficulties regarding the relevance and appli-
cability of papers to their work. Participants found it challenging
to align research closely with the context of their specific design
projects, where papers may not address the precise needs of their
enterprise design contexts: “I think, when it comes to reading things,

sometimes you can find different use cases, use cases like e-commerce,
or sometimes software and complex web app, that are not perfectly
aligned.” (P6)

In response, some participants mentioned that they collaborated
with their design team to adapt the ideas from papers and synthe-
size them to better fit their own design contexts. However, some
perceived the high-level insights gained from such literature re-
views not to be highly useful: “We share articles in Slack, and give
a brief synopsis. (...) Often, to be honest, not even a sentence of the
article relates (to the project). Sometimes it just be like, we should
check this, sort of like that. Really abstract, and not very helpful
sometimes.” (P10)

3.3.1 What does relevance mean in the context of consuming
research papers for design work? From the interview and the
preliminary exploration using our demo interface, participants
generally described a desire to learn about the similarities
and differences between the paper and their work. They were
particularly interested in understanding how findings from the
paper could be transferred to their specific projects, exemplifying
the need for direct connections and comparisons between the
tested designs in the paper and their own design challenges: “I
might be more interested (...) ‘how does that pattern (from the paper)
apply or not to my project?’ And like, (...) looking at, like potential
design crossover.” (P9) Based on study findings, we describe three
key dimensions for making design knowledge from papers more
relevant:

(i) ‘Who’ they are designing for — Participants mentioned that
identifying the target audience for whom they are designing is
critical for determining the relevance of design insights from
research papers, as insights are most valuable when they align
closely with the characteristics and needs of the intended users:
“Who am I designing for is probably the biggest one that you
got (when evaluating relevance).” (P15) Participants also offered
suggestions on how their target audience could be provided and
used to tailor research knowledge to their intended audience, such
as by providing demographic information or personas representing
their target users: “Audience or, like, if I do have established personas
that would be helpful” (P9); “A question I might want to ask (from the
paper) is (...) okay, how can I design for this certain demographic?” (P3)

(ii) ‘What’ they are designing for — In addition, participants men-
tioned that the goal and design space of their design process are
crucial for determining the relevance of research papers. During the
interview, participants reported several sub-dimensions that this
design space encompasses, such as modality/domain, pain points,
client/company, and metrics to enhance:

• Modality and domain: Participants reported that they often
consider the modality or domain that the study focused on
when evaluating the relevance of research. They mentioned
that knowing if a paper pertains to the specific type of modal-
ity or domain relevant to their work helps in determining its
applicability: “I would definitely give like a one or two-liner
description of the project, or the platform that I’m currently
building” (P8); “(...) what is working over there (research paper)
that we could potentially use in our work that would enhance
our designs as a [P6’s design domain] application.” (P6)
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• Pain point: Also, they found research addressing specific
pain points experienced by their target users or clients to be
relevant. Understanding these pain points is reported to be
crucial for identifying research that offers solutions to their
particular challenges: “The client was the {name of the client}
where we talked to them and learned about their (target users)
pain points.” (P4)

• Client/company: While design guidelines are valuable, par-
ticipants reported that they often need to adjust these guide-
lines to fit their company’s specific context, such as adapt-
ing the guidelines to the unique needs of their company or
project: “I think design guidelines can be helpful, but you’ll
need to relate, or twist a little bit and then relate your com-
pany’s departments or your own designs.” (P7)

• Metric: Some participants mentioned that they would like to
focus on specific metrics, such as key performance indicators
(KPIs) or engagement levels, to determine the relevance of
research:“If you (designers) have a specific goal, (I want to
provide) like I’m trying to maximize this certain KPI or I’m
trying to increase engagement in this way. Having that would
be the kind of the north star.” (P14)

(iii) ‘Where’ are they in the design process (i.e., design stage) — In
addition to tailoring to the who and what of design, participants
also reported that the insights they want, and how they may use the
insights from the research paper change depending on which design
stage they are in. Here, we describe some of the key stage-dependent
needs reported by our participants:

• Synthesizing for better understanding (research stage): Dur-
ing the research phase, participants mentioned that they
would try to use scholarly papers to gain a comprehensive
understanding of their design target, and help synthesize and
compare information from various sources. This can lead to
moments of tension, as exemplified by P15’s experience of
reconciling conflicting information from different sources,
where designers must navigate these discrepancies to form a
cohesive understanding that informs their design decisions:
“In the research phase, I read this paper, and this article that
we chose told me this, but like in my own primary research, I
found this thing. So how do I reconcile those things?” (P15)

• Suggesting specific design ideas (ideation stage): Participants
also expressed a need for actionable and specific design ideas
to guide their ideation process. At this stage, they sought
examples derived from papers, tailored to their unique design
contexts, to follow and apply during their design work: “I’d
have something that says expand upon it (high-level insight).
Maybe that is like giving concrete examples of how I can use
in addition (...) you might also consider it.” (P11)

• Defining methods & metrics (evaluation stage): Another need
identified during the interview was support in defining rele-
vant methods and metrics for use in their design processes.
Participants expressed a desire to understand the method-
ologies employed by the paper authors and the metrics used
to assess the effectiveness of the design, which could poten-
tially be adapted and applied to their own work: “I will (see)
their methods (...) and based on these, I’ll kind of think about
what it implies in my design.” (P7); “(when reading papers) I’d

look at the methods that they used, and how they conducted or
designed a specific experiment. So from there, I can get some
insights on how I should better conduct my experiments, my
interviews, or my studies, based on the paper.” (P1)

4 DESIGN ITERATION & IMPLEMENTATION
Our preliminary study identified several dimensions for improving
the relevance of translational communication artifacts. Building on
these insights, we developed an LLM-powered pipeline (Figure 1)
that generates customized design cards—consisting of multiple
components (Figure 2) customized based on a designer’s description
of their current design goals and design stage. Below, we outline
the pipeline’s structure, design, and implementation. Examples of
customized design cards can be found in Appendix C.

4.1 Overall Interaction & Structure of the
Generated Cards

We iterated on the concept of AI-generated design cards [69] (see
Figure 1-(a)) to build a pipeline that takes details of the designer’s
work as input to tailor these design cards. Rather than a single open-
ended input field, we query the designer for specific dimensions
of their design context. Based on this, our pipeline generates two
additional card pages that present customized insights.

The first card page presents stage-independent components iden-
tified in our preliminary study, which we call Inspiration and scope,
along with a summary of the inputs from the designer. In contrast,
the second card page features components tailored to each stage of
the design process (e.g., Understanding users, Design ideas, Methods
for you, Metrics for you, and Figure), allowing designers to adap-
tively consume the design knowledge (see Table 1). In Section 4.2,
we provide a detailed discussion on the informational structure of
components and their implementation, along with an example of
the prompt used to generate components in Appendix B.

4.2 Components
4.2.1 Input. Our preliminary study revealed that an important
aspect of relevance is to consider who and what designers are de-
signing for. Thus, we ask designers to describe these two dimensions
of their work as the starting point for customization. To assist them
in articulating their work, we included several examples identified
from our preliminary study as placeholder text for each input.

We also request the design stage as an optional input, which
determines which components are included on the design cards. Of
the five design stages supported by translational artifacts described
inHsieh et al. [33], our preliminary study identified distinct designer
needs across three design stages—research, ideation, and evaluation.
As a result, we focus on addressing the needs of these three stages,
letting designers choose the stage(s) that suit their needs among
these options (see Figure 1-(b)).

4.2.2 Stage-independent components. These components appear
on all customized design cards, regardless of the design stage:

Inspiration and scope. The Inspiration and scope component provides
an overview of how design insights from the paper are relevant to
the designer’s context (see Figure 2-(a)). The section begins with
a brief one-line summary of the user’s input. It then presents up
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Figure 1: Pipeline for generating our customized cards. After being presented with (a) original design cards [69], each participant
can describe their design work in a (b) scaffolded text entry consisting of what/who they are designing for and a checkbox for
selecting design stage(s). Then, the system generates (c) customized card pages consisting of components corresponding to their
design stage(s).

to two paragraphs highlighting the differences and similarities
between the designer’s design context and the paper, each focusing
on a specific aspect of how the paper’s context contrasts/compares
to the designer’s. Finally, to address designers’ needs for using
papers as a guiding resource, the section ends with a high-level
design direction that the designer may consider, drawing on the
similarities identified in the previous paragraphs.

To support the designer’s needs to translate knowledge from
the paper to their work, we utilized the concept of analogical idea
representation as proposed by Yu et al. [91], by eliciting the under-
lying relationship between constructs. In essence, we composed
an analogy between the paper’s design insight and the designer’s
context. We found this approach to be beneficial, as it allows for
some knowledge translation even when the paper’s domain differs
from that of the designer. Additionally, prior works have found
efficacy and capabilities of LLMs in extracting analogies [85], in-
cluding creative analogy mining (e.g. [9]), which highlights their
potential to support creative reasoning and cross-domain knowl-
edge transfer—an essential mechanism in our approach to tailoring
insights.

Specifically, we first prompted the model to identify the relation
between the paper’s design target and its design guideline. Then,
using this relation along with the designer’s design target, we
prompted the model to generate a corresponding design inspiration
tailored to the designer’s design target. This method enabled us

to apply an analogy from the paper, even if the focus domains differ.

Methods used in this study. To support designers’ overall needs
for understanding the paper, our pipeline adds this section to the
original design card page. This section extracts and showcases up
to two methods used in the paper (see Figure 2-(g)).

4.2.3 Stage-dependent components. These components appear on
the final customized card if the relevant design stage (in parenthe-
ses) is selected by the user:

Understanding users (research stage). The Understanding users com-
ponent is designed to help designers reconcile their design goals
with the design targets presented in the paper (see Figure 2-(b)).
It highlights up to two user needs/pain points emphasized by the
paper’s authors, which can serve as motivation and potentially
apply to the designer’s specific design context.

To generate this section, the pipeline uses (i) the designer’s input
(who, what) and (ii) the original paper text. The model is prompted
to return up to two user needs or pain points highlighted by the
paper authors that may also help the designer understand their
target users. Each need/pain point consists of: (i) a concise title (i.e.,
keywords referring to the need/pain point), (ii) a description (i.e.,
relevance of this need/pain point to the designer’s target user), (iii)
a source detail (i.e., the definition as provided by the authors, if any,
and why the paper’s authors emphasized this need/pain point),
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Table 1: Summary of how additional card components for the customized design card are constructed. In this case, we use
GPT-4o as the LLM, GROBID [46] as the paper segmentation model, and PDFFigures 2.0 [13] as the figure localization model.
For Methods for you and Figure, contents are tailored to the design stage(s) provided by the designer.

Design stage Card component Inputs used to construct the component Where it appears Model(s) used

All
Inspiration and scope Designer’s input (who, what);

Original paper text
Customized card
(first page)

LLM;
Paper segmentation model

Methods used in this study Original paper text Default card
(second page)

LLM;
Paper segmentation model

All
(contents tailored
to each stage)

Methods for you Designer’s input (who, what, design stage);
Original paper text

Customized card
(second page)

LLM;
Paper segmentation model

Figure Designer’s input (who, what, design stage);
Localized figure data (from original paper text)

Customized card
(second page)

LLM;
Figure localization model

Research Understanding users Designer’s input (who, what);
Original paper text

Customized card
(second page)

LLM;
Paper segmentation model

Ideation Design idea Designer’s input (who, what);
Inspiration and scope component

Customized card
(second page) LLM

Evaluation Metrics for you Designer’s input (who, what);
Original paper text

Customized card
(second page)

LLM;
Paper segmentation model

(iv) the source paragraph (i.e., where the user need/pain point
is discussed in the original paper), and (v) its section title. Items
(iii)-(v) are presented as a tooltip (see Figure 2-(f)) that appears on
hover to provide a quick reference to the underlying rationale, as
requested by participants in our preliminary study.

Design ideas (ideation stage). The Design ideas component (see
Figure 2-(c)) is generated for the ideation stage, and shows
specific design ideas that users could follow. To align these design
ideas with the Inspiration and scope section, we prompted with
both (i) the high-level insight presented on the Inspiration and
scope component and (ii) the designer’s input (who, what). We
instructed the model to generate up to three specific one-line
design recommendations that the designer may consider following,
which builds on the high-level insight.

Methods for you (available for all stages but tailored to the chosen
stage(s)). To assist designers in gaining insights into applicable
methods for their work, the Methods for you component (see Fig-
ure 2-(d)) provides up to two methods that may be useful for the
designer’s design stage(s). While this component was initially de-
signed to support the evaluation stage, we recognized that research
papers often have methods across diverse design stages, and thus,
other design stages could benefit from stage-specific methods as
well. Therefore, we included tailored methods for each stage of the
design process.

We used (i) the designer’s input (who, what, design stage) and
(ii) the original paper text to generate this section. The model is
instructed to return up to two methods from the paper that may be
used for the designer’s design stage(s), each containing (i) a concise
title (i.e., the name of the methodology), and (ii) a description (i.e.,
how the methodology may assist in achieving the design goals,
along with considerations the designer should keep in mind when
applying it to their target user, goal, or design stage). Addition-
ally, similar to the Understanding users component, the model is
instructed to return (iii) a source detail (i.e., the definition of the
method as provided by the authors, if any, and why the paper’s
authors used this method), (iv) the source paragraph, and (v) its

section title, which are used to construct tooltips offering additional
information.

This way, we aimed to provide designers with methods relevant
to their stage, as well as the source from which the methods
originate. If they did not provide any design stage, the pipeline
presents methods that may be applied to any of the three design
stages.

Metrics for you (evaluation stage). This component (see Figure 2-(e))
is presented when the user selects the evaluation stage. It offers up
to two metrics tailored to their design context. Similar to Methods
for you, the model is provided with (i) the designer’s input (who,
what) and (ii) the original paper text. It is instructed to return up to
two metrics, each including (i) a concise title, (ii) a description, (iii)
a source detail, (iv) the source paragraph, and (v) its section title.

4.2.4 Other components.

Figure from the paper (available for all stages but tailored to the
chosen stage(s)). To enhance visual understanding of the paper’s
content, we extracted and included a figure that is most relevant
to the designer’s current stage of the design process (see Figure 2-
(h)). First, we employed a figure localization model [13] to extract
all figures and their corresponding captions from the paper. Then,
by providing the LLM with the designer’s design stage(s) and the
figure captions, we prompted it to return a figure that would likely
inspire the designer given the provided design stage(s) along with
the rationale behind its selection.

It is then used to populate the figure at the bottom of the second
customized card page, with the rationale serving as a caption. If
the designer did not provide any design stage, the pipeline presents
a figure that may inspire the designer in any of the three design
stages. If no figure is available in the paper, or none is relevant to
any of the designer-provided stages, this component is omitted.
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Figure 2: Components of our customized cards and the input used to generate the components. Based on the user input regarding
the design stage, our system adaptively generates and assembles the components corresponding to the user’s stage(s), creating
tailored design cards.

4.3 Implementation of the Customization
Pipeline

We implemented our pipeline as a web interface using SvelteKit [78],
a JavaScript-based web app framework, which interfaces with a
Python backend server hosted on an AWS EC2. The server per-
forms several key functions: (i) executing LLM computations, (ii)
segmenting paper PDFs using a paper segmentation model, (iii)
using a figure localization model to identify and extract figures,
and (iv) returning the generated design card to the user interface.
We employed Azure OpenAI GPT-4o [57] as a model for natural
language processing tasks, GROBID [46] for paper segmentation,
and PDFFigures 2.0 [13] for figure localization. Since these com-
ponents are modular, other alternative models can easily replace
these models to provide similar capabilities.

5 EVALUATION METHODS
We conducted an interview study with designers (𝑁 = 20) to evalu-
ate our customization pipeline. Participants were asked to identify
a recent design project, and use its design scenario to generate
several customized design cards using our system. Participants
compared our customization results against design cards without
customization to assess potential improvements to relevance and
other qualities. Additionally, the research team reviewed all cus-
tomized artifacts generated as a part of the evaluation study to
assess the accuracy of AI-generated content.

5.1 Recruitment
To recruit designers, we posted our recruitment posting on three
design-focused university groups and one online community. As a
result, we recruited 20 participants, and they had an average age of
26.8 years (𝑆𝐷 = 3.9). Of all, 14 of them self-identified as female, and
6 as male. On average, they had 3.7 years (𝑆𝐷 = 2.3) of experience
in design work or studies toward a professional design degree.

5.2 Study Setup
Our goal is to understand if the customized design cards gener-
ated from our pipeline successfully communicate relevant design
insights from research papers with designers. To this end, we ran a
within-subjects study that compares customized cards generated by
our pipeline with those without customization (i.e., default cards),
using a mixed-methods approach of both a controlled quantita-
tive survey and interviews to evaluate communication quality and
gather qualitative feedback.

More specifically, participants were asked to customize the cards,
and assess both customized and default cards. In this process, to
better reflect real-world use of our pipeline during the evaluation,
participants were asked to generate, review, and evaluate both card
contents based on a recent design project they described during the
survey and interview. This enabled a controlled evaluation of the
communicative qualities of customized cards compared to those
without customization, while ensuring that the feedback reflected
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Table 2: Designer-provided queries we used to identify papers that are relevant to each designer’s recent project and the papers
we selected to generate customized cards for evaluation

ID Designer-provided query Papers ID Designer-provided query Papers

P1 Augmenting campaign engagement [54, 76] P11 AR experiences using gyroscope and
accelerometer [92, 93]

P2 Usability of generative AI [80, 87] P12 Value-sensitive design practices in UX [65, 94]

P3 Human-AI interaction in the cybersecurity space [11, 74] P13 Emerging entrepreneurship in the AI space [24, 90]

P4 Design VR games for children [27, 35] P14 LLM-based tools, emotion-aware AI [4, 67]

P5 AI for navigating, elders [36, 84] P15 Interface design of AI systems [56, 62]

P6 STEM Education and VR for high school students [49, 63] P16 AI-generated information overload [39, 42]

P7 Gesture-based interactions for mobile interfaces [37, 77] P17 VR games, kids, cognition [48, 72]

P8 Audio navigation patterns, sensory aided
navigation [1, 34] P18 Creating a social media platform for investors [41, 83]

P9 AR education application for college students
using AI [17, 26] P19 Geo-games [18, 89]

P10 ADHD management strategies [70, 73] P20 UX in Blockchain [23, 82]

their real-world design work. In addition, to assess the reliability
of generative AI in customization, we ran an intrinsic evaluation of
the contents of the customized cards to evaluate the accuracy of
the content in the customized card components after the study.

To create translational research artifacts for our study, we chose
to present each participant with 2 types of papers: (i) ones that are
topically related to each designer’s specific context and (ii) ones
that are not directly related. This study design allowed us to explore
the potential generalizability of our system in supporting designers
to engage with papers that may not be obviously related to their
design project.

For (i), participants signing up for our study were asked to pro-
vide a query that they might use when conducting a literature
search to support one of their recent projects. Then, prior to start-
ing our study, we searched using this query in the ACM Digital
Library, sorting results by search relevance, and identified two
papers including sections explicitly signaled by the authors as de-
sign implications (i.e., sections that follow a passage containing
keywords indicating design implications, or have such keywords
in their heading, e.g., implication, guideline, or recommendation).
Designer-provided queries and the papers are given in Table 2.

For (ii), we selected two HCI papers that are more abstract and
theory-oriented, specifically He et al. [31] and Suh et al. [75]—the
former focuses on the application of the transtheoretical model in
designing, and the latter focuses on the use of the theory of planned
behavior. Both highlight cited social and behavioral science theories
that are often used in behavior change designs/interventions [3, 61],
and they are not directly connected to queries provided by any
participant. From these 4 papers, we randomly selected one card
each from the related set and the not-related set to augment with
customization features, while the other two papers were used to
generate default versions of our design cards.

Each session lasted approximately one hour. During the first
5 minutes upon the participant joining the study via Zoom, we
provided an overview of the purpose and procedure of the study
and introduced our system to the participants. Also, participants
were asked to identify the design project they submitted as a query

during the study signup, and use its design scenario to generate,
view, and evaluate the cards. The system then presented a screen
where they could generate four design cards (two customized cards,
and two default cards) using one of the design implications present
in each paper, with the presentation order randomized. After each
card was shown, participants were directed to a survey screen,
where they answered the survey questionnaires on a 7-point Likert
scale, as detailed in Section 5.3. The process lasted approximately
40 minutes.

After viewing all cards, participants were also asked to indicate
their preferred card format. Then, we conducted a semi-structured
interview including questions about (i) the rationale for their prefer-
ences, (ii) perceptions of our customized cards, and (iii) suggestions
for future improvements of the customized translational research
artifacts, which took approximately 20 minutes. The interview was
voice-recorded and later transcribed for our analysis. Upon com-
pletion, each participant was compensated with a 30 USD gift card.
The study procedure was reviewed and approved by the IRB of our
university’s human subjects division.

5.3 Survey Measure & Hypotheses
The primary motivation of our study is to make insights from re-
search papers more relevant to the individual designer’s needs.
Thus, in our quantitative survey, we first measured the relevance
of the customized cards to their work and the inputs they provided.
Additionally, prior literature [66] suggested six core dimensions for
communicating design insights in research papers to practitioners
(i.e., generativity, inspirability, actionability, originality, generaliz-
ability, and validity), which have also been used to evaluate the qual-
ity of translational artifacts [69]. Following this prior work, we also
measured these six dimensions in our survey. To ensure clarity and
consistency in the evaluation metrics, the questionnaire incorpo-
rated the definitions from the original paper (e.g., generalizability—
the ability to be extended beyond the design context). We hypoth-
esized that customization would enhance relevance and qualities
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associated with usefulness (i.e., generativity, inspirability, and ac-
tionability), while preserving qualities associated with rigor (i.e.,
originality, generalizability, and validity).

5.4 Analyses
5.4.1 Quantitative survey. To assess the quantitative outcomes, we
utilized a linear mixed-effects model to examine the significant
differences in relevance and perceived qualities between the two
design card formats. In our model, we included the type of paper
(i.e., topically related vs. not topically related) as a control variable,
while participant ID was treated as a random variable.

5.4.2 Interview. We conducted a thematic analysis of the responses
from the user study to understand the user perception of the use
of LLMs in supporting the customization of translational artifacts,
with the following bottom-up approach: The individual authors
reviewed the responses to become familiar with the data, and we
identified emerging themes and grouped the key ones, where the
initial themes were discussed and refined in four rounds. As such,
we reached a consensus on the final set of themes, as described in
Section 6.2, where we refer to each participant as P1 – P20, with
participant order randomized.

5.4.3 Intrinsic evaluation. All customized design cards generated
by participants in the study were reviewed to assess the quality
of AI-generated content. We broadly defined a ‘mismatch’ as any
component on the customized card where the model-generated
content (i) was false ormisleading, (ii) lacked grounding to the paper
content and/or the user’s design context, or (iii) made assumptions
about the paper’s content or the user’s design context even when
they were absent. The authors independently annotated design
card components to identify mismatches. They then merged their
annotations, identified classes of mismatches based on the merged
annotation, discussed to refine key classes, and re-reviewed the
design cards independently to identify mismatches based on the
defined set of classes. This process was repeated for three rounds
until annotations and classes were finalized.

6 EVALUATION RESULTS
6.1 Quantitative Survey
Our quantitative analysis (see Figure 3) revealed that the designers
in our study perceived the customized design cards to be signifi-
cantly more relevant to their design work (𝑀 = 5.35, 𝑆𝐷 = 1.51
vs. 𝑀 = 3.80, 𝑆𝐷 = 1.79; 𝑡 = 4.87, 𝑝 < 0.001). This relationship is
consistent for both types of papers we used (i.e., topically related pa-
pers and not topically related papers); however, topical relatedness
does improve the perceived relevance (𝑡 = 2.35, 𝑝 < 0.05).

When analyzing the other measures, we found that the cus-
tomized cards were reported to be more generative (𝑀 = 4.83,
𝑆𝐷 = 1.41 vs. 𝑀 = 4.23, 𝑆𝐷 = 1.64; 𝑡 = 2.10, 𝑝 < 0.05), inspiring
(𝑀 = 5.50, 𝑆𝐷 = 1.62 vs. 𝑀 = 4.55, 𝑆𝐷 = 1.83; 𝑡 = 3.15, 𝑝 < 0.01),
and actionable (𝑀 = 5.33, 𝑆𝐷 = 1.40 vs. 𝑀 = 3.60, 𝑆𝐷 = 1.72;
𝑡 = 5.25, 𝑝 < 0.001), compared to the default design cards. Also,
there was no interaction effect with topical relatedness.

With regards to the other dimensions, we found that there was
no difference in originality (𝑀 = 4.80, 𝑆𝐷 = 1.59 vs.𝑀 = 4.83, 𝑆𝐷 =

1.62; 𝑡 = −0.11, 𝑝 = 0.92) and generalizability (𝑀 = 5.40, 𝑆𝐷 = 1.43

vs. 𝑀 = 5.05, 𝑆𝐷 = 1.45; 𝑡 = 1.39, 𝑝 = 0.17) between customized
cards and default cards. Interestingly, design cards customized by
our system were viewed as more valid (𝑀 = 5.53, 𝑆𝐷 = 1.38),
compared to default cards (𝑀 = 4.78, 𝑆𝐷 = 1.70; 𝑡 = 2.78, 𝑝 <

0.01). Similar to the above measures, there was also no observed
interaction effect with topical relatedness.

Of the participants, 18 participants preferred the contents com-
municated through our customized cards, 1 participant responded
that it depends on the purpose of consuming the design insights
(i.e., pure learning purpose vs. diving deeper into the paper), and 1
participant preferred being presented with the default cards only.

6.2 Interview
Below, we describe insights gained from our analyses of partici-
pants’ qualitative responses:

6.2.1 Our pipeline helped designers to extend the notion of relevance
beyond surface-level (e.g., topical) similarity. Participants noted that
they often fixate too much on the specific domain of the papers,
dismissing those that did not topically align as irrelevant: “Initially,
when I looked at it, I was like, I don’t know how it can be relevant
to my project or my study, because at first I thought that, okay, my
product is not about like [topic] or something.” (P16)

Using our pipeline, however, participants could uncover under-
lying implications by identifying the similarities and differences be-
tween contexts, even across distinct domains. Being able to extract
and leverage the potential applicability across design context and
design implication highlighted in the papers, and apply analogies
to identify similarities relevant to the designer’s domain, partici-
pants found they could extend the notion of relevance beyond mere
topical relatedness, and were able to uncover the underlying utility
of these papers: “Relevant to the problem trying to solve definitely
(...) because (it said) both (paper and designer’s context) can leverage
on some sort of rewarding system. And then it kind of spewed out
everything about the product that was designed for which I thought
was funny, like, oh, you got tier system, and you can include badges
to kind of get people to report.” (P3)

Similarly, participants highlighted the role of our customization
pipeline in assisting them in pinpointing specific techniques (e.g.,
methods, metrics) from the paper that they might have overlooked
due to topic differences. Through our pipeline, participants were
able to identify valuable concepts that could still be applicable to
their projects but may have previously been overlooked due to
topical differences, ultimately enhancing the utility of the paper:
“At first, it felt kind of far frommy project. But there (customized cards)
were still some nuggets in the hair that felt okay, I’ll probably use this
in my project, which is surprising (...) So if I was in the research phase
(the stage that the participant provided) of my project, I’d probably
like to look deeper into this.” (P11)

Based on this effectiveness, participants expected that our
pipeline would help designers draw insights from related but dis-
tinct fields, potentially inspiring innovative designs: “It’s quite help-
ful in the sense that you might not always find the right papers,
because maybe you’re creating something that’s not been created
before (...) that’s like one of the ways to create novel designs where
you borrow things from different fields and apply to a field that’s got
nothing to do with it.” (P18) This aligns with our quantitative results,
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Figure 3: Perceived qualities of the design cards for each type. For each bar group, the result for cards built on a topically related
paper is presented on the left, and the result for cards built on a not topically related paper is on the right. The significance
level for each quality is based on the main effect (i.e., card format; customized cards vs. default cards), with the bars indicating
standard errors.

where the main effect was significant while no interaction effect
was observed.

6.2.2 Information provenance supported the credibility of cus-
tomized design insights. From our study, participants highlighted
that the pipeline’s provenance features contributed to their perceiv-
ing the informational content as credible, especially after customiza-
tion. Rather than presenting information in isolation, our pipeline
allows users to view the specific section from which each informa-
tional component is derived through a hovering tooltip. Being able
to trace the origins of the recommendations, participants were able
to quickly capture their basis in this translational process: “I think
it’s super important to have it (source), because the provenance of
where you’re building things from is super murky sometimes. So this
is really, really good that you have on.” (P19) This, in turn, enhanced
the validity of the resources customized to their design work: “(cus-
tomized cards are) valid, because it basically extracted information
from the paper, and it just adjusted the way of showing the informa-
tion according to my prompt. So I really didn’t think that it made up
the information or provided me with false information.” (P13)

At the same time, participants desired enhanced cross-
referencing by integrating ways to take users directly to the specific
sections of the papers being referenced. Currently, our pipeline sup-
ports provenance only through quotes, but participants hoped to
clarify concepts and access surrounding information to further en-
rich their understanding. For instance, they suggested having a
side-by-side view where the original paper is displayed alongside
the cards, automatically locating the relevant section to enhance
understanding: “So maybe, as I hover over this (understanding users),
it would scroll me automatically to the section.” (P14)

6.2.3 Prior familiarity with the presented information affects per-
ceived relevance. One intriguing finding from our user study is that,
participants’ prior familiarity with the concepts presented influ-
enced their evaluation of relevance. When participants encountered
methods or metrics they had not previously considered for their
projects, they viewed our pipeline as generating applicable insights
that they had overlooked: “I think this was pretty useful, like the
reminders and action items. I think like dashboard systems, it would

be nice if it had reminders or action items. And entrepreneurs, they
need to have goals. So this might actually be a feature that would be
interesting to implement.” (P13) On the contrary, when the pipeline
presented methodologies they were already familiar with or had
previously used, they perceived the insights as less relevant: “It
may be not that much relevant and helpful, because it did give me
some very generic stuff (...) it’s something you know and you see
everywhere.” (P18)

6.2.4 Validity is enhanced by improved understandability through
customization. Our quantitative data showed that validity was
higher in our customized cards than in the default cards. This was
surprising because our customization was only intended to help im-
prove the usefulness of reported findings. Through our qualitative
analyses, we found that the perceived improvement in validity may
be attributed to the improved understandability afforded by our
customization. When there was no clear connection between a pa-
per and the designer’s work in default cards, participants struggled
to grasp the insights enough to assess if the presented information
was valid. This was most prevalent for translational artifacts from
not topically related papers: “I don’t know if I had to say it (de-
fault cards) is like, valid or not, because I don’t really fully understand
that.” (P16) Through our pipeline, designers were able to better com-
prehend design insights from the research papers through more
contextualized understandings, such as comparing and contrasting
the insights with their own work. This improved comprehension
allowed participants to more easily gauge the validity of insights,
and subsequently affirm the validity of information: “It’s valid. It
kind of shows you its comparisons and contrasts (...) It has a lot of
built-in proofs which refer to specifics.” (P3)

However, even when digesting insights from topically related
research papers, the added contents from our customized cards
helped elaborate key concepts (e.g., providing definitions or con-
textual explanations included in the tooltip), helped participants
understand the design insights, and made the insights seem more
valid: “Sometimes I encounter terms I’m not very familiar with, like I
don’t understand. Now, by using tooltips, I get an idea which is a very
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Table 3: Types of mismatches found in the customized cards created by participants using our pipeline. For each class of
mismatch, we provide the components in which they appeared and an example.

Mismatch Appearing component Example

Misinterpreting the paper’s focus Inspiration and scope (𝑁 = 5) Highlighting the paper’s focus as designing solutions to assist energy experts in saving
energy, yet its target audience is any individual aiming to save energy

Misinterpreting the user’s design
context

Inspiration and scope (𝑁 = 2)
Design ideas (𝑁 = 2)
Understanding users (𝑁 = 1)

Proposing that the participant’s target users (i.e., teaching assistants) may benefit from
the automation of administrative tasks, while the participant wanted to design an
AI-based interface to assess their performance and provide feedback to them

Offering overly generic solutions
without sufficient specificity/rationale

Understanding users (𝑁 = 3)
Design ideas (𝑁 = 2)

Returning Understanding User-specific Contexts as a user need without providing a
compelling connection specific to the participant’s input

Conceptual misclassification
Methods for you (𝑁 = 5)
Metrics for you (𝑁 = 2)
Understanding users (𝑁 = 1)

Proposing a theory cited by the paper (i.e., Construal Level Theory) as a method to
consider without specifying how it can be used as a design method

brief but clear explanation, and helps me to get like, what the [term]
may be (...) I feel they are valid.” (P15)

6.3 Intrinsic Evaluation
Post-hoc analysis of the customized card contents revealed that the
generated content was generally faithful to both the contents of the
source papers and the participants’ design contexts. We reviewed
and present results at the component level. Our customization
pipeline is designed to generate 4 to 7 customized components per
card depending on the user’s specified design stage, and all together,
the participants generated a total of 233 components through cus-
tomization.

We identified no issues in 210 (or 90.13%) of the generated com-
ponents. The remaining components (𝑁 = 23) contained mis-
matches categorized into four types: misinterpreting the paper’s
focus (𝑁 = 5), misinterpreting the user’s design context (𝑁 = 5),
offering overly generic solutions without sufficient specificity or
rationale (𝑁 = 5), and conceptual misclassification (e.g., treating
theories as design methods; 𝑁 = 8). Mismatches occurred less
frequently when customizing topically related papers (𝑀 = 0.37
annotated mismatches per each customized card) compared to cus-
tomizing not topically related papers (𝑀 = 0.80; 𝑡 = 2.40, 𝑝 < 0.05).
In Table 3, we provide counts of appearing components and exam-
ples for each class.

7 DISCUSSION
This study advances research on translational science by exploring
the use of LLMs to improve the relevance of research findings to
an individual practitioner’s goals. Specifically, our pipeline takes in
key dimensions of perceived relevance for designers, extracts and
integrates content from the research paper and designer’s goals,
and adapts the output to the designer’s current design stage. Our
empirical study showed that the resulting customized translational
artifacts improved the actionability, validity, generativity, and in-
spirability of research to designers.

One unexpected finding from our study was that customization
led to an improvement in the perceived validity of the design cards.
Our qualitative results suggest that users’ ability to better under-
stand design insights generated from our pipeline, along with their
ability to evaluate the information using provided provenance, con-
tributed to an increase in perceived validity. By providing more
specific and/or relevant information in the customized version of

the design cards, the customized design cards helped designers
more easily gauge validity when compared to the default cards. In
other words, sufficient information from the paper may need to be
provided in the translational artifact to help users assess validity.

Our study also revealed that a designer’s prior familiarity with
the research affects their perception of its relevance. While this
aspect of relevance did not appear in our preliminary study, it has
been noted in a prior discussion of rigor-relevance in management
science, where the practitioners’ perception of relevance is shaped
by prior exposure to the information [21]. This also connects to Rel-
evance Theory in communication, where people are more likely to
find communication relevant if it yields a positive cognitive effect—
such as filling a gap in knowledge [88]. This finding highlights the
importance of considering familiarity in the customization process
for design practitioners, in addition to the who, what, and design
stage of the design process we have already identified and imple-
mented. To facilitate this type of customization, one possibility is
to integrate our pipeline within the designer’s existing workflow
and potentially with the designer’s design history. For example, it
is common for designers to organize insights using online canvas
tools like Miro or Figma [19]. By leveraging these workplaces, our
pipeline could better integrate a designer’s prior experiences and
current project details into the customization process.

During the evaluation, we observed that designers would modify
customization inputs as a way of asserting their intentions. For
example, designers would adjust the specificity of their inputs to
influence the specificity of outputs, i.e., if the output was not spe-
cific enough, they would provide more details in the inputs before
regenerating. These input modifications sometimes resulted in the
correct output behavior, but our pipeline could be enhanced to
better address user intent in these cases. One possibility is to aug-
ment the pipeline to explicitly model multi-turn interactions, by
providing customization history in prompts. Another solution may
be to allow the user to provide direct feedback to the system on
how to modify the output.

While generated card components were largely faithful to the
research paper and participants’ provided design contexts, our in-
trinsic evaluation did find potential mismatches in 9.87% of all
generated components. In none of these cases did the model halluci-
nate false information, but rather misinterpret or make assumptions
about the paper or designers’ inputs. Despite this, these errors may
impact the real-world design scenarios. Overly generic suggestions,
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for instance, might leave designers without actionable direction—
particularly during early ideation or when navigating complex
constraints—while misclassified concepts or misconstrued focus
of the paper could lend undue credibility to strategies that appear
research-grounded but are in fact misaligned, leading designers to
overlook more context-appropriate approaches. To mitigate these
risks, several NLP techniques could be incorporated; for instance,
when the user’s description of their design context lacks sufficient
specificity to generate tailored insights for a target design con-
text, the pipeline could prompt for details in a follow-up question.
Techniques like chain-of-thought prompting [86] and LLM-as-a-
Judge [28] could also be employed to enhance the alignment of the
output with user intent, inputs, paper content, and instructions.
Finally, to address conceptual misclassification, future iterations of
the customization pipeline could incorporate retrieval mechanisms
(e.g., retrieval-augmented generation [44]) to connect the model
with an external definition library of design methods.

Additionally, while the current pipeline does not have the paper
authors in the loop for customizing artifacts, we believe there is an
opportunity for them to be involved in this process. For example,
as the system scales up, authors could optionally contribute to a
shared translational research library by annotating their papers
with potential applications or use cases they envisioned but were
unable to evaluate within the scope of their study. These speculative
extensions—grounded in the authors’ deep understanding of their
work—could serve as valuable signals for customization, helping
the pipeline better align outputs with the underlying design intent
while expanding the space of plausible adaptations. Authors might
also highlight contextual assumptions or constraints that shaped
their original study but could be relaxed or reimagined in different
design scenarios. Such author-provided cues would not only reduce
misinterpretations but also enable more grounded yet generative
translations of research into practice.

Finally, with our approach, we found that designers could po-
tentially benefit from an even broader set of literature beyond
what is normally returned by search engines optimized for topical
relevance. Papers that are not obviously topically related to a de-
signer’s project also gained relevance, generativity, inspirability,
and actionability from customization, and the customized insights
were perceived as valuable for the designers’ work. This highlights
the value of creating translational artifacts from papers that may
not be directly topically related to the designer’s design work, and
supports previous research, which suggested the value of drawing
analogical ideas from other domains to create design ideas [25].

While promising, there may be limits to how far out-of-domain
a paper can be for customization to still improve relevance in this
way. For example, it is unrealistic to expect papers on ergonomic
design to significantly inspire AI-basedweb interface designers. Our
intrinsic evaluation also showed that mismatches were more likely
to occur when customizing papers that are not topically related.
This trendwould be expected toworsen as the domain gap increases,
as there will be fewer analogical insights to draw from papers that
are far removed from the target domain, potentially resulting in
the LLM producing forced analogies or misinterpretations. Thus,
while we are encouraged by the potential broadening of the scope
of research available to support design practice, we do not believe
that any research paper could be customized for any design context.

Future work on research translation should instead aim to identify
the optimal balance between helping designers identify potentially
relevant papers and making those papers more relevant through
customization.

8 LIMITATION & FUTUREWORK
Our work showed promise in using generative AI to customize de-
sign insights from academic papers to individual designers’ needs,
with potential impacts on their work. To better align the partici-
pants’ evaluation of our pipeline with their real-world design sce-
narios, we asked participants to reflect on their recent design project
to inform their customization and evaluation, guiding us to better
understand their perceived usefulness of our pipeline given the con-
text of their real-world designing. Still, these insights are limited
in fully understanding how their actual design works may benefit
from our pipeline, and future research should investigate how de-
signers use these customized artifacts in real-world environments.
Additionally, while we also observed benefits with our customiza-
tion for the not topically related papers, we only tested two of these
papers and there may be limits to how far out-of-domain a paper
can be for our approach to still be useful. Thus, future work should
examine these boundaries.

9 CONCLUSION
In this paper, we explored a method to overcome the rigor-relevance
paradox in design. Based on preliminary interviews with designers,
we identified key aspects of relevance, then proposed and developed
a pipeline that leverages LLMs to customize papers to improve their
relevance to a designer’s specific design context. Results from our
evaluation with designers showed that the customized design cards
were more relevant, actionable, valid, generative, and inspiring
compared to those without customization, and were largely faithful
to the content of the source research papers and design contexts.
Our work demonstrates the potential of automated customization
to help close the research-practice gap in design practice. While
our study focuses on design cards, our findings inform how cus-
tomization might be operationalized for other types of translational
artifact, such as playbooks or editable design templates. We encour-
age the extension of our methods to other formats of translational
artifacts, as well as to other domains and disciplines beyond design.
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A DESIGN OF INITIAL CUSTOMIZED
TRANSLATIONAL RESOURCE

Figure 4: Pipeline for generating a customized card page for
our preliminary study. After viewing (a) original design cards,
each participant described their design work in (b) free-form
text to (c) generate a customized third card page.

B PROMPT EXAMPLE

The following is an example of a prompt used for generating the
Understanding users component. Our pipeline similarly generates
other components using the following structure with a distinct
set of inputs and output requirements, as detailed in Table 1 and
Section 4.2.
System instruction
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You will be provided (i) an academic paper and (ii) a
designer’s design context, and you are a helpful assistant
who returns potential user needs or pain points that the
paper’s authors identified, which may also help the designer
understand their design target.

[Rules]

1. The output must be an array of JSONs, each of which
contains the following entities:
- "title": a concise title referring to the user
need/pain point that the paper authors pointed out in
the paper based on their target user, which may also
be applicable or relevant to the designer’s design
target

- "detail": an elaboration of how the need/pain point
is relevant to the designer’s design target

- "source_detail": a definition of the user need/pain
point as provided by the authors (if any), and why
the paper authors emphasized this need/pain point

- "source_paragraph": the original section paragraph in
the paper where the user need/pain point is discussed

- "source_section_title": the title of the section where
the need/pain point was described in the paper content

2. When returning needs/pain points from the
paper contents, select those that may also be
relevant/applicable to the designer’s design target
("who", "what") in relevance order.
- "who": the target audience for their design
- "what": the goal and design space for their design,
including the modality and domain for their design,
target user’s pain points they are already focusing on,
client/company they are designing for, and/or metric
that they would like to focus on

3. Return up to two needs/pain points.
- If there are not enough suitable needs/pain points to
return, you may return less than two.

[Output format]
[

{
"title": String // keyword-based,
"detail": String, // up to two lines
"source_detail": String // up to two lines
"source_paragraph": String,
"source_section_title": String, // titlecased

}, ...
]

User prompt

[Paper contents]
{{ original full paper text (in XML-parsed format generated
from GROBID) }}

[Designer’s design target]
{{ designer’s input }}

C EXAMPLES OF CUSTOMIZED DESIGN
CARDS

Figure 5: Customized design cards built on Shin et al. [68],
with the following inputs – Who: I’m designing for junior
high school students, What: I’m designing to lower the drop-
out rate of MOOC system, Design stage: Evaluation
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Figure 6: Customized design cards built on Kotturi et al. [40],
with the following inputs –Who:Non-tech savvy users, What:
Customer support system, Design stage: Ideation
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