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Figure 1: When facing unfamiliar Graphical User Interfaces (GUIs), users leverage prior knowledge from familiar ones (1).
They do so by identifying key elements and comparing dis /similarities with known interfaces in order to transfer knowledge
between them (2). Through a card sorting task conducted in laboratory and online surveys (3), we identify the primary interface
characteristics influencing users’ perceptions of interface dis /similarities (4). We scale these results to establish an order of
importance (5). Our results provide actionable implications for design and enables further research on how users approach
novel GUIs (6).

Abstract
While HCI research acknowledges that prior knowledge can be
transferred from familiar interfaces to unfamiliar ones, we lack
an understanding of which interface characteristics support this 
process. To adress this issue, we conducted three experiments to
identify the interface characteristics that influence the perception
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of dis /similarities between software interfaces. The first, which
involves a card-sorting activity, identifies seven intrinsic character-
istics of interface. The second, conducted via an online pairwise
comparison survey, identifies three characteristics inherent to the
interface’s display context. Finally, the third experiment contrasts
the ten identified characteristics to determine their respective influ-
ence on perceived interface dis /similarities. Altogether, our results
provide actionable guidance for understanding how users perceive
differences between interfaces and how such perceptions may in-
form or facilitate analogical transfer of knowledge from familiar to
unfamiliar interfaces.
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1 Introduction
Users frequently face unfamiliar Graphical User Interfaces (GUIs)
as software evolves across updates, platforms, and competing ap-
plications. These GUIs can differ more or less from previously en-
countered ones, in terms of layout, structure, visual representations,
and interaction styles. As a result, users may be familiar with the
intended functionality of a software, but still need to interpret a
new GUI to use it effectively [24, 55]. To do so, they often rely on
knowledge from previously used applications [87] to transfer GUI
skills and knowledge across applications [6, 12, 80, 109]. This trans-
fer relies on the ability to detect both similarities and dissimilarities
between interfaces, in what we term in this work as dis /similarities.

Situations where users have to compare two interfaces are ex-
tremely frequent: when learning a new version of a software [76],
when switching to a new platform [6], when using a new software
that resembles one they already know [80], or when both applica-
tions rely on similar interaction metaphors [48]. These comparisons
are not incidental. They directly influence how quickly users un-
derstand the software [15], which elements they recognize, and
how effectively they transfer skill between GUIs [60]. Users draw
on prior experience to perform these GUI comparisons [22, 43, 87].
They typically do this by forming analogies between the familiar
GUI (the one they already know) and the unfamiliar GUI (the one
introduced by the new software). This form of analogical reasoning
supports such inferences by aligning new GUIs with previously
learned ones based on perceived correspondences [53, 94]. When
users judge twoGUIs as similar, they aremore likely to adopt similar
strategies [39, 68]. When they judge the GUIs as different, they tend
to anticipate a greater learning cost [15]. Therefore, understanding
which GUI characteristics enable these mappings is critical, not
only for learning and onboarding, but also for redesign, migration,
and cross-application knowledge transfer.

Despite how routinely users compare GUIs in everyday com-
puting use, we still lack a clear understanding of which interface
characteristics they rely on when comparing that two interfaces
feel close or distant. The literature on consistency is extensive on the
criterion that defines it [9, 13, 39, 87, 91], yet offer little insights on
what is actually perceived by users. Computational approaches to
GUI similarity attempt to quantify distances between screenshots
[23, 30, 57] or interface hierarchies [17, 40, 96]. However, these
models rely on descriptive properties or deep features that are not
grounded in how users actually perceive similarities and differences

and lack interpretability [35]. As a result, designers lack percep-
tually meaningful tools to anticipate how different a redesigned
interface would be perceived, how disruptive changes might be, or
how easily knowledge could transfer across versions, often leaving
the burden of adaptation to users.

To close this gap, we identify the characteristics that lead users
to judge two interfaces as similar or different, and we articulate
the following research question: Which perceptual characteristics
of GUIs make them appear similar or dissimilar at first sight? We
address this question through an empirical study that uncovers and
quantifies these perceptual factors. Understanding this perceptual
layer is a necessary step toward modelling how analogical rea-
soning applies to GUIs, particularly for supporting cross-interface
knowledge transfer.

Through a mixed-methods approach, we first conduct an open
card sorting study [34, 93] to identify key internal GUI character-
istics that shape users’ perception of dis /similarities. We then use
pairwise comparisons through an online survey to explore how
contextual characteristics, such as operating systems and platforms,
influence these perceptions. Finally, we systematically generated
GUIs that vary along the identified characteristics, to evaluate the
relative impact of each characteristic on perceived dis /similarities.
Our results clarify how users compare interfaces at first sight and
yield design implications for improving knowledge transfer in in-
terface design, while laying the groundwork for the integration of
cognitive models of analogical reasoning in HCI.

2 Related work
Our work relates to how users build a mental model of a GUI,
how they interpret a novel and different GUI, and how such dis /
similarities can be characterized and estimated.

2.1 HCI research on GUI dis/similarities
Literature has proposed several approaches to estimate interface
similarity, by comparing differences in the UI hierarchical struc-
ture [17, 40], or using convolutional networks to represent inter-
faces through embeddings and compute layout [30, 57] or semantic
similarity [23, 52, 107]. While these methods quantify distances
derived from descriptive or latent properties, they remain largely
disconnected from how users themselves perceive differences be-
tween GUIs. Moreover, convolutional networks typically operate as
“black boxes” [79], producing a single similarity score without inter-
pretable insight of why two interfaces might be perceived similar
or different. In addition, these previous solutions were mostly built
on datasets restricted to websites or mobile applications, overlook-
ing the diversity of productivity GUIs [8, 36, 40, 96]. Consequently,
designers lack perceptually meaningful tools for anticipating the
impact of GUI changes or for understanding cross-application simi-
larity.

Another line of work focused instead on quantifying the impact
of these dis /similarities [76, 88] or exploring how systems could
better support the transition between two interfaces. Typically, one
approach consists in displaying a translation interface (basically the
interface from the software the user is familiar with) the user can
interact with to operate the unfamiliar software [6, 48, 80]. These
concerns are pervasive in HCI because situations in which users
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must infer the possibilities of a new interface while transferring
prior knowledge are ubiquitous. Such situations can be, but are not
limited to, when a GUI is modified following an update [104, 106],
when switching between two software with of similar domains
(e.g. transitioning from Photoshop to GIMP [80]), or simply when
downloading a software for achieving a goal for the first time (for
instance running a 3D modelling software for the first time).

As a summary, situations where users must interpret a new inter-
face while relying on prior knowledge are extremely common. Prior
work has either attempted to quantify interface differences through
computational metrics or to mitigate them through translation sys-
tems that replicate the familiar interface. Yet, these approaches do
not tell designers which differences actually matter to users, nor
when an adaptation mechanism is warranted. A principled under-
standing of how users perceive dis /similarities between a familiar
and an unfamiliar GUI is therefore needed. Our work addresses
this gap by identifying the perceptual characteristics that shape
first-sight judgments of GUI dis /similarities.

2.2 Interpreting new GUIs and recognition of
prior knowledge

When interacting with software, users progressively build a mental
image of the GUI, a visuo-spatial representation shaped by spatial
memory and salient landmarks [54]. Even when incomplete, such
images provide a concrete perception of the interface [103].

Alongside this visual representation, users develop a functional
knowledge of the interface, i.e. the domain of commands expected in
relation with achievable tasks [4] (e.g., a pen tool draws a colored
line). When encountering an unfamiliar GUI, users do not start
from scratch: they relate it to prior mental images and attempt to
map their functional knowledge onto the new context [72].

This interpretive process often relies on analogical reasoning,
where users search for correspondences between the unfamiliar
interface and previously learned ones [28, 86]. Analogies are more
easily identifiedwhen interfaces share similar visuo-spatial schemas
[67] or higher-order organizational structures [28], such as panel
hierarchies or task workflows. These analogies guide initial expec-
tations and inform early interaction attempts. They help to infer
how to interact with tools by identifying visual characteristics that
cue possible actions [42, 105]. In GUIs, such analogies activate prior
functional knowledge and support trial-and-error exploration, en-
abling users to infer how to operate unfamiliar tools or commands
even without prior experience [71].

In practice, users interpret unfamiliar GUIs by grounding them in
prior mental images and functional expectations, forming analogies
that help them infer how the new interface may work. To under-
stand this process, it is necessary to identify the specific interface
characteristics that trigger these analogies and shape early percep-
tions of similarity or difference. Because users can already infer
possible actions and meanings from visual characteristics alone,
without any manipulation [42, 105], our study focuses on experi-
ments with static interfaces to isolate the perceptual factors that
shape the perception of dis /similarities.

2.3 Other lines of research on the perception of
GUIs in HCI

Parallel lines of research have examined how users perceive and
process visual information in GUIs. Research on visual complexity
highlights how information density [5, 65], visual variety of form
and colors [70], spatial organization [103], and perceivability of de-
tails [41] shape early impressions of an interface. Gestalt principles,
such as grouping by proximity or collinearity, help users organize
screens into coherent spatial chunks [77], supporting comparisons
at multiple levels of granularity. Mental images emerge from users’
spatial memory of interfaces [89] and from characteristic compo-
nents that act as landmarks [100–102], providing a stable perception
of what the interface looks like. Recent work posited that certain
spatial arrangements may prime functional expectations, such as
interpreting a top-aligned toolbar as a text-editing environment,
but provided limited justification for why such mappings hold [82].

While previous work explains how users perceive and remember
individual GUIs, they do not describe which perceptual characteris-
tics users rely on when comparing multiple interfaces side by side.
In this work, we address this gap by identifying the interface char-
acteristics that actually lead users to form such interpretations and
that support cross-interface comparison, enabling us to understand
how users judge dis /similarities at first sight.

3 Identifying the characteristics of the
perception of interface dis/similarities

To investigate the characteristics influencing users’ perceptions of
dis /similarities between interfaces, we conduct a study consisting
of three interrelated experiments (Figure 2) approved by our local
institutional review board.

3.1 Approach
The overarching goal of this work is to explore how different
characteristics of an interface influence users’ perception of dis
/similarities between interfaces. When comparing two interfaces,
users likely construct analogies between them. To better under-
stand this, we aim to identify the specific interface characteristics
that users rely on to construct such analogies.

We therefore conducted Experiment 1, through an open card
sorting activity [34, 93], to assess which characteristics influence
users’ perception of dis /similarities.
We then conducted Experiment 2 to explore how the contextual
conditions in which an interface is displayed, such as operating
system or language, influence users’ perception of dis /similarities
between interfaces.
Finally, we combine the characteristics identified in Experiments 1
and 2 to inform the design of Experiment 3 in which we quantify
the relative importance of these characteristics in shaping users’
perceptions of GUI dis /similarities.

3.2 Type of interfaces tested
We focused on productivity software as defined by Garcia [27]. We
chose them due to their large adoption among diverse user groups,
which facilitates recruitment and ensures that feedback is based
on relevant experiences. Additionally, productivity software are
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Figure 2: Overview of the studies dependencies: we (1) identified characteristics internal to GUIs through an open card sorting
task, completed by (2) external characteristics previously identified through pairwise comparisons. This enabled to (3) quantify
the relative importance of the characteristics identified to inform how these characteristics influence the perception of dis /
similarities.

feature-rich and often customizable [61], offering a variety of in-
terface elements and configurations for a detailed analysis. The
diverse design approaches of application developers provide a com-
prehensive dataset for examining different GUI elements and their
impact on user perception. Focusing on productivity software also
aligns with real-world scenarios where users frequently transition
between different tools, highlighting the practical relevance of un-
derstanding how users perceive interface dis /similarities between
them.

4 Experiment 1: Identifying intrinsic
characteristics

Analogical mappings require identifying characteristics between
analog interfaces to establish similarities between them [10]. Be-
cause these characteristics are numerous and cannot be preselected
arbitrarily, we first conducted an open card-sorting task [34, 93] to
elicit the features users naturally rely on when comparing GUIs.

4.1 Rationale
To identify the characteristics that users rely on when comparing
GUIs, we relied on the exploratory method of card sorting [34, 93] to
reveal characteristics spontaneously. It is particularly suited for re-
vealing the latent structure underlying first-impression judgments
[2]. In our case, it is therefore suited to eliciting users’ conceptual
structures and uncovers the visual and structural cues they use
to contrast interfaces. This bottom-up approach ensures that the
characteristics identified in subsequent analyses are grounded in
users’ perception.

4.2 Experimental setup
4.2.1 Procedure. Participants joined a video call and were asked
to first open their Web browser and complete an online prelimi-
nary questionnaire, answering various demographics and 7-points
Likert-style questions on comparing software GUIs (see OSF repos-
itory 1). They were then asked to visit a collaborative whiteboard
website, shared with the experimenter. Participants first watched a
video demonstration of how to use the collaborative whiteboard
and its features. Then, the experiment moved to the characterization
phase, where participants were presented with a single interface
and instructed to depict it with attributes that characterize it. An
attribute was defined as an aspect, characteristic or property of an
interface that defines its appearance, behavior, or functionality, and
not related to the goal or type of the application (e.g. “2D map" or
“navigation"), and created by adding a text box with a name and
description for it. Each participant had to create at least 3 attributes.
This phase was intentionally framed as a scaffolding step: pilot
studies revealed that engaging directly in full categorization was
cognitively demanding without first grounding participants in at-
tribute creation. The experiment then moved to the sorting phase,
where 30 interfaces were revealed, including the interface to depict
in the first stage. Participants were instructed to group GUIs based
on the previously defined attribute they fit in. Basically, it consisted
in creating group boxes for each attribute, naming them accord-
ingly, creating a free text box in it to give a textual description
and move interfaces sharing these attributes by drag-and-dropping
them. A GUI could be duplicated to be included in several attribute
groups. Participants were allowed, and frequently chose, to revise,
1 Anonymized data, analysis scripts, materials and interface assessed by participants are
available online: https://osf.io/cxywe/?view_only=79a720f0f86d4323ae4b33969b2aa0f1
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rename, or delete their initial attributes in the following phase and
create new ones during this phase. Attributes could also be nested
and re-organized during the task. The experiment took on average
54min.

Participants were repeatedly reminded that the task was sup-
posed to reflect their subjective perception, and that there was
no “correct” or “incorrect” answer. When participants considered
having finished grouping the GUIs with similar attribute, the experi-
ment moved to the conclusion phase with a debriefing questionnaire
inquiring about their understanding of the tasks, a self-retrospective
of their sorting approach, and explicitly asking about the charac-
teristics of interfaces that help them to compare interfaces and
find similarities between them. Participants were encouraged to
“think-aloud” [21, 51] all along the experiment.

4.2.2 Materials and apparatus. Participants were presented with
a set of 30 interface screenshots drawn from a diverse range of
desktop productivity software 1, including applications for video,
photo, and audio editing; text, slide, and spreadsheet editing; as
well as vector graphics, music production, and 3D modeling. The
screenshots depicted each interface immediately after opening a
new file or project in it, and using the default GUI of a newly in-
stalled version of the software.
Participants used their own computer for the experiment. We used
FigJam 2 as web-based collaborative whiteboard for the sorting
activity, as it allows positioning elements on a 2D canvas, draw
and label rectangular sections, and adjust zoom level. Interviews
were conducted remotely using the Cisco Webex video conferenc-
ing software, and online questionnaire were implemented using
Limesurvey,

4.2.3 Participants. A total of 22 participants, aged 21 to 52 (M=31.9,
SD=10.7), were recruited through email invitations and personal
contacts for this experiment. 10 had a background in computer
science or UX design. All participants reported regularly interacting
with GUIs on different types of devices or operating systems (OS),
with 12 of them using at least three OS every month (five of them
having a background in computer science or UX design).

4.3 Data processing
4.3.1 Collected data. We recorded the interviews’ audio and cap-
tured a video of each participant’s interface on FigJam. One of the
authors transcribed the audio. Sorting data exported from FigJam in-
cluded attribute groups, descriptions, interfaces, and their hierarchy
for analysis.

4.3.2 Data analysis. We conducted an inductive, reflexive thematic
analysis [11] on participants’ verbal comments and their labeling
of groupings. Our goal was to identify recurring patterns in how
participants conceptualized dis /similarities between interfaces dur-
ing the sorting task and accompanying verbalizations. In the ini-
tial familiarization phase, one author transcribed audio recordings
and reviewed the whiteboard artifacts. During data cleaning, we
standardized attribute labels and removed any that violated the
instruction not to group interfaces by application domain (e.g.,

2FigJam is available online at https://www.figma.com/fr/figjam

“music,” “video”). Coding was conducted at a semantic level, fo-
cusing on the explicit content of participants’ descriptions. The
primary coder then generated initial codes by tagging segments of
text and sorting decisions in a spreadsheet, which allowed tracking
code frequency and co-occurrence. These codes were iteratively
reviewed and grouped into candidate themes based on conceptual
similarity, with the goal of identifying the main characteristics in-
fluencing users’ perception of dis /similarities. Although we entered
the analysis with general expectations informed by prior literature
on GUI perception (e.g., layout, complexity, semantics), we adopted
an inductive stance to remain open to unanticipated forms of inter-
face comparison. We acknowledge that the analysis was primarily
conducted by a single researcher, which may limit triangulation;
however, all themes were reviewed and discussed among the co-
authors to ensure analytic coherence and relevance. Data excerpts
provided are translated by the authors for participants whose native
language is not English. We chose to report the results according
to the logic of identification of characteristics expressed verbally
by the participants during the experiment. We elaborate on these
themes in the results in the next section of this article, and report
significant differences only.

4.4 Results
We identified seven characteristics influencing the perception of
interface dis /similarities. These characteristics were derived induc-
tively from participants’ groupings in the card sorting task. Specifi-
cally, we analyzed patterns in the labels participants assigned to
their groups, identifying recurring categories across multiple par-
ticipants. To refine and validate these categories, we examined
participants’ verbal comments, which helped contextualize and
clarify the meaning of group labels. In the following sections, we
present each characteristic, supported by illustrative excerpts from
participants’ comments. These verbatims also informed the short
textual descriptions associated with each grouping, which included
a title and a brief explanation.

4.4.1 ColorScheme: The analysis of colorimetry is carried out in

the first instance. Participants frequently first sorted based on color
schemes. Many expressed color was a primary feature, highlighting
how quickly it influenced their initial impressions: “at first sight...”
(P9), “it’s the first thing that strikes me” (P8), “first vision, [...] second
vision” (P15), “at first glance” (P17). Participants expressed a per-
ceptual division between darker and lighter GUIs. They reported
darker GUIs as complex and requiring expertise (“dark equals ex-
pert” (P8)) and lighter GUIs as accessible and inviting, which aligns
with non-expert preferences because they look “bright and wel-
coming” (P8). Some participants even ultimately reconsidered the
priority of color for comparing GUIs, and removed it from their
final categorizations. As one participant remarked, “At first, I sorted
the interfaces by the color [...], but in the end I didn’t follow through
because I think the white theme and the black theme have no place in
this exercise” (P1). This indicates a shift from first impressions to a
deeper structural understanding in the comparison process.

4.4.2 Modularity: Understanding the GUI’s level of modularity

is crucial for correct interpretation. To understand this underlying

https://www.figma.com/fr/figjam
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Figure 3: Illustration of colors scheme variations in dummy
interface layouts. Multiple participants reported perceiving
the dark themed interfaces as tailored for expert, while light
themed interfacesmore suitable for inexperienced users, and
often starting to sort interfaces accordingly, before shifting
toward deeper structural analyses.

“interface’s logic” and organization, many participants first consid-
ered the degree of modularity; whether the GUI comprises discrete,
adaptable components that can be adjusted, moved, or reconfig-
ured. Note that in this document, we will refer to a component as
any visually and functionally distinct part of the interface, such
as toolbars, windows, panels, or buttons that contributes to the
layout and can be mentally grouped by functional similarity or
spatial proximity. This was crucial to determine if spatial position-
ing could reliably guide their mental model of the GUI: “Those are
windows. I wouldn’t be surprised if there were more apps than I think
working in windows. [...] I have the impression that the sub-menu
is displayed in a certain way when in fact it’s not fixed, and it’s a
window that I could move around, [...] maybe this sub-menu can be
moved around.” (P2) Knowing whether an interface is “static”, such
as MS Word or LibreOffice Writer, allowed participants to rely on
spatial consistency, building mental models around familiar com-
ponents’ positions. Participants also associated modularity with
increased complexity, often suggesting that GUIs “which look more
static induce possibly simpler software” (P1). However, when inter-
faces appeared “with many modular windows” (P6), they noted that
spatial location alone become limited; instead, they clustered GUI
components by functionality, as P10 explained: “ When I look at the

Figure 4: Illustration of modularity variations. A: static lay-
out in which tool panels are docked and fixed within the
workspace. B: flexible layout in which tool panels become
floating, movable windows that users can freely reposition,
resize, and reorganize according to their needs.

interface, the first thing I see is the overall look. [...] There are tools
everywhere, you have to look everywhere [to access the application’s
features]. But there’s a logic to the way the tools are presented [...]
and so here I’m sorting out the way the tools are presented, and so
here tools are on both sides of the interface”.

This interpretation suggests two approaches: relying on spatial
cues for static interfaces or recognizing semantic objects like tools
or parameters for modular interfaces, highlighting how modularity
shapes comparison strategies.

4.4.3 Clustering: Ability to categorize the interface layout. Once
participants determined whether spatial cues would guide their
comparisons, they segmented GUIs into coherent functional zones.
First, they performed a visual grouping of major components, iden-
tifying key areas such as the workspace (e.g., the “main window” ),
tool panels, indirect and direct manipulation panels, or content
visualization regions as they built a mental image of each interface.
These initial groupings reflected how participants perceived the
interface "at a glance".

They then refined these groups by identifying what coherently
binds the elements within each region, distinguishing functional
units such as buttons groups (as illustrated by P5 who sorted inter-
faces based on “buttons to move in the workspace, buttons to modify
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Figure 5: Illustration of clustering variations. A: interface
with limited logical grouping of features, where tools and
controls are redistributed across the layout, weakening the
perception of distinct functional areas. B: interface showing
clearly identifiable clusters, with tools, properties, color con-
trols and workspace grouped into coherent functional zones.

object’s appearance” ), parameter windows, and property inspec-
tors like “sections to edit text” (P21), or “file explorers” (P19). The
components of these groups share structural similarities, allowing
participants to map perceived regions to meaningful roles within
the interface, as expressed by P6: “the overall layout, that big central
space, stuff on the left, stuff on the right, toolbar at the bottom, toolbar
at the top, a toolbox on the left which is fixed in my opinion”. This
approach enabled them to categorize interface regions while infer-
ring functional relationships among GUI elements, as expressed by
P4:“Here, we have panels that allow us to move around in files. And
here, those are tool palettes. I guess that’s what allows us to move the
panel. [...] It is often the same thing: we have a file explorer on one
side and an edition [tab] on the other.”

This categorization approach allowed participants to identify
shared elements, visual representations, and layout similarities
across interfaces. P13 illustrated this process: “when I analyze the
interfaces, well, broadly speaking, they always look the same [...]
there are always three zones. One where you can draw on your files or
tools [...] Then there’s another section where you can get an overview
and another section where you can work on everything [...] So when
I look at each interface, I feel like that there similar, so I want to
group them together” (P13). It describes three distinct zones for file

Figure 6: Illustration of reading flow variations. A: interface
structured in vertical blocks, with tool groups and controls
organized in separated panels indicating that they are inde-
pendent to each other, guiding to a block-based reading flow.
B: interface structured in horizontal layers, where properties,
workspace, and toolbars form stacked “floors,” supporting a
horizontal and sequential interpretation of interface regions.

access, content overview, and creation. This structural understand-
ing enabled participants to group interfaces based on consistent
functional patterns.

4.4.4 ReadingFlow: Knowing which way to "read" the interface.

Participants frequently used orientation-related adjectives, such as
“vertical” or “horizontal”, along with sequencing terms to describe
layouts, for instance “line accumulation, displaying by floors” (P3),
“linear interface” (P10), and “more organized and sequential (e.g.,
left->right->left->right) layouts” (P14). Recognizing an interface’s
reading flow helps establish a structured approach to interpret-
ing relationships between elements, creating a clear hierarchical
understanding. This understanding is pivotal for analyzing new
interfaces and relating them to familiar ones, as P3 illustrated: “The
grid display makes me think of 3D, so I know it’s 3D software. Then,
if [the interface] is in floors (ndlr: orgzanized in multiple horizontal
layers), I know it’s either video editing or music editing software.”
Such insights allow users to categorize components hierarchically
and spatially.

Orientation-based reading also aids in discerning the relation-
ships between interface regions: whether they are independent
blocks or represent “multiple views” (P8) of a single object, each
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Figure 7: Illustration of spatialization variations. Both inter-
faces presents similar arrangements but mirrored, exposing
similar controls and buttons at different locations.

with varying levels of importance. By parsing interfaces in this way,
users determine levels of similarity between layouts and evaluate
the compatibility of interface reading flows.

4.4.5 Spatialization: Spatial anchoring of interface components.

Participants showed a tendency to rely on spatial localization for
precise comparisons, often expecting features to remain in con-
sistent locations across interfaces, particularly for participants ac-
customed to "static" interfaces. This preference for spatial anchors
is illustrated by P7: “The first thing that comes to mind [...] are the
functionalities present on one software package present in the same
place as on the other? Typically in the case of Word and Office: if
I click on the top left-hand corner, will I see where I want to save
my data or save it, etc.? Doing so makes it easier to compare” (P7).
Rather than using semantic labels, participants frequently opted
for spatial anchors terms (e.g., top, bottom, left, right, corners) to
reference interface components. This reliance on spatial anchors
highlights how participants mentally reconstruct and compare in-
terfaces based on spatial cues, as exemplified by P6: “Left border
Pane, Left/Right or Right: Large, centered workspace, with side zones.”
(P6)

This is not surprising as users are known to rely on spatial
location to recall features by using landmarks like corners and edges
[103]. Given the need to retain visual information for comparison,
they segment interfaces spatially, a strategy essential for forming
mental images and facilitating efficient comparisons: “so the first

Figure 8: Illustration of feature recognition variations. A:
interface displaying icons commonly associated with vector-
graphics software, enabling users with prior experience of
this domain to readily infer the tools’ functions. B: interface
presenting a different set of icons that follow alternative
visual conventions, which reduces immediate recognizability
and increases the effort required to interpret each tool. Icons
are deliberately out of context to highlight differences in
recognizability.

section would be everything up there, the top bar, the second [...]”
(P19).

4.4.6 FeatureRecognition: Expectations based on software’s recog-

nized action capabilities. After segmenting the interface into zones,
participants focused on the purpose and expected behavior of indi-
vidual components. Feature recognition refers to users’ ability to
interpret tools, menus or widgets based on their visual represen-
tation and their similarity to components seen in other software.
Participants identified familiar features, such as tool palettes, layer
lists, or secondary menus, by interpreting iconic and textual cues
that recur across many applications. They compared widgets from
unfamiliar interfaces to those from familiar software to infer how
to interact with them: “like in Grasshopper[...] it’s parametric, but
basically, you could achieve the same result by linking blocks together
to create your final product” (P15). References such as “the list of
icons, as for example in Word” (P12) or “the secondary menu on the
left with mostly icons and text [...] that should open windows with
new options upon selection” (P2) illustrate how recognizable visual
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Figure 9: Illustration of visual complexity variations. A: in-
terface containing only a small set of essential tools and min-
imal on-screen information. B: interface with high visual
complexity, displaying numerous panels, dense parameter
lists, and layered controls. The increased information load
makes the interface harder to parse at a glance and can over-
shadow other perceptual attributes during comparison.

elements help to form analogies from prior knowledge. This capac-
ity for deduction allows users to enrich their structural analysis by
interpreting the likely functionalities of components, particularly
when comparing applications of same domain (e.g., Photoshop and
GIMP for photo editing).

This reasoning can have a cascade effect: recognizing familiar
features helps users infer the role of adjacent or unfamiliar com-
ponents, as P1 illustrated: “the interface makes me think that blocks
on the left influence the rest of the timeline on the right”. By draw-
ing from previous experiences with similar interfaces to interpret
unfamiliar ones, users also formed expectations on the features
that should be available: “in 3D software interfaces, there must be a
"control" or "management" principle in these blocks” (P0).

4.4.7 VisualComplexity: Perceived complexity impedes analysis

based on other attributes. Some interfaces were classified as “not
particularly appealing, [...] even pretty scary” (P8), because they look
“difficult to get to grips with, that don’t make you want to try them out,
that aren’t very accessible to the average user, and that are aimedmore
at professionals or experts” (P10). This perception arises from users’
interpretation skills, which are needed to understand interface
elements and their potential actions. When the information load

was especially dense and difficult to parse, participants often sorted
these interfaces into a rebuttal “overloaded” (P3) category.

The visual complexity also influenced estimations of expertise
and effort required, as reflected by comments on categories “Screen
too white. I don’t want to read what’s written” (P3) and “I don’t un-
derstand” (P17). Here, visual complexity acts as an “aggregative”
attribute, grouping interfaces that seem too complex to tackle to-
gether and overshadowing other characteristics in the evaluation
process.

5 Experiment 2: Identifying contextual
characteristics

Forming appropriate analogies may also require interpreting con-
textual information surrounding an interface. While the previous
experiment focused on intrinsic interface characteristics, this study
examines whether and how contextual factors influence users’ per-
ception of dis /similarities through an online survey with pairwise
comparisons [73]. Here, we define context as any configuration
from external factors not inherent to the software itself that affects
how the interface is displayed within the screen. This includes
system-level settings (e.g., operating system, language), window
size, or the mode of delivery (e.g., embedded in a web application
versus shown in a standalone application).

5.1 Experimental setup
5.1.1 Procedure. After giving consent, participants answered vari-
ous demographics, provided information regarding software usage
(available on OSF 1) in a preliminary questionaire, and then moved
to the experiment itself. Each trial showed participants 3 images of
interfaces: a reference screen UI and two candidate screen UI 3 (see 2
in Figure 2). For each trial, participants were instructed to specify
which candidate screen resembled the most to the reference one by
clicking on it. If participants could not decide between the candi-
date interfaces, they were instructed to select one randomly. The
experiment then progressed to the next trial. There was a 500ms
interval displaying a blank screen between each trial to minimize
change detection in the candidate screen. Participants carried on
until all pairs had been assessed. On average, the experiment took
approximately 13 minutes to complete.

A screen corresponded to a full-screen capture of macOS display-
ing a single application window under a certain configuration. The
reference screen was systematically the same: a full screen capture
of Apple Calendar running natively in English, with its window
maximized to fill a 16:10 display, and the macOS dock shown at the
bottom (see figure 10). Candidate screen each differed along one
given characteristic (see section 5.1.3).

5.1.2 Rationale. This experiment relies on a pairwise comparison,
a simple task that does not require training [59]. It is well-suited for
non-expert participants and avoids common calibration issues [98].
Paired comparison protocols offer 3 advantages over direct-rating
tasks [73]: (1) it is less cognitively demanding [14] (selecting among
two items is easier than providing an ordinal rating); (2) it avoids
normalization issues which can occur, for instance, when users
avoid extreme responses; (3) it provides higher sensitivity and lower

3In the following, we use screen to refer to screen UI
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Figure 10: The reference interface presented to participants
for all comparisons: a full-screen capture of Apple calendar
application running natively in English, displayed with its
window maximized to fill a 16:10 display, with the macOS
dock visible at the bottom of the screen

measurement error [90]. It is thus well-suited for examining the
impact of a specific set of defined characteristics on the perception
of dis /similarities between interfaces. Since this experiment focuses
exclusively on the context of display, the domain of characteristics
is well-defined, allowing us to pre-determine the conditions to be
evaluated (see 5.1.3). We excluded characteristics related to the
physical context and focused on the display context of a unique
software.

We selected a calendar application as the reference interface
because it represents a widely familiar and visually stable category
of productivity software, minimizing domain-specific biases. Its
low visual complexity allowing us to control for content-related
biases while isolating the effect of display context on perceived dis
/similarities.

5.1.3 Design. We opted for a within-subjects design, where par-
ticipants evaluated 55 unique pairs of screen with 10 candidate
interfaces plus the reference interface to assess. The order of pairs
was randomized for each participant. We added attention checks 4

comparisons to confirm that they honestly answered the question-
naire at fixed completion stages: 25%, 50% and 75%. We also added
attention checks when the option at the same on-screen location
was selected 5 times consecutively. Participants were screened out
after two failed attention checks.

Candidate interfaces were similar to the reference one, except
that they differed on one of the following characteristics, with
two levels each: OperatingSystem (Linux or Windows; instead
of macOS), ApplicationContext (running in a Web Browser or
Virtual Machine, instead of native), MaximizedMode (with visible
dock and system bar or hidden dock and visible system bar, instead
of maximized and visible dock), WindowSize (occupying 1/3 or 2/3
of the display, instead of the maximized), Language (Italian, as a
language using the latin alphabet or Korean as a language using a
different alphabet, Hangul; instead of english).
4Showing a screen of Apple Mail instead of Apple Calendar in same conditions than
the reference interface

We selected these characteristics to cover an exhaustive set of
contextual influences, focusing on variables that could be controlled
externally to the application interface and might significantly affect
users’ perception of an interface.

5.1.4 Participants. We recruited 60 participants (age 18-68, M=31.8,
SD=10.3) for this web survey using Prolific [1], all different from
Experiment 1. They conducted the experiment from their own
device, but were pre-screened to ensure they used a desktop or
laptop computer with a display of at least 1920x1080px. They were
compensated for their participation (hourly rate≈10£). Participants
who failed twice to attention checks stopped the experiment, their
data deleted, but were still compensated.

5.2 Data analysis
5.2.1 Perceived similarity score. Our analysis focuses on practical
significance, estimating what portion of the population will select
one condition as more similar to the reference interface than the
other, using Just-Objectionable-Differences (JOD) scaling. When
75% of observers select one condition over another, we assume that
the quality difference between them is 1 JOD. We scaled pairwise
comparisons results following Thurstone’s model V assumptions
[95] using a Maximum-Likelihood-Estimation method to estimates
the quality scores following recommendations from Perez-Ortiz
and Mantiuk [73] who provides a complete MatLab toolkit [58] for
extensive analysis. This approach captures the order of conditions
and the magnitudes of difference, making it more suitable than vote
counting to compare items of similar quality (here screen) and ex-
press the magnitudes of difference in terms of practical significance
using JOD [74].

To do so, we converted answers’ table to comparison matrices,
one per participant. We then performed outlier analysis to detect
potential observers who performed very differently from the rest
of the sample. For that, we set a customary threshold of 1.5 on the
inter-quartile-normalised score 𝐿𝑑𝑖𝑠𝑡 to investigate if this score is
close or above as suggested by [73]. Once we are confident there
is no outlier in our dataset, we scaled the results and compute
bootstrapped confidence intervals (𝑝 < 0.05).

5.2.2 Data filtering. In addition to attention checks that are added
to comparisons, [33] propose to evaluate the individual consistency
of each participant, by calculating the number of cyclic triads oc-
curring in their choices. A cyclic triad occurs when comparisons
are intransitive, (e.g. A is preferred to B, B is preferred to C and C is
preferred to A). The coefficient of consistency [44] is then computed
as follows for each observer: 𝜁 = 1− 24𝑐

𝑛3−𝑛 where 𝑛 is the number of
stimuli (n=10) and 𝑐 the number of cyclic triads. 𝜁 = 1 when there
is no circular triads (i.e. perfect consistency) and will decrease to
zero as the number of circular triads, and thus the inconsistency,
increases. Participants’ results were rejected if their coefficient of
consistency was inferior to 0.75 [50]. This limit was decided to allow
for some degree of input error (i.e. unintended clicking after page
refresh) whilst still removing the most inconsistent participants. In
our case, we excluded only one participant (𝜁 = 0.66).
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Figure 11: Scaling results and confidence intervals for pair-
wise comparisons. A difference of 1 JOD indicates that 75%
of observers selected one condition as most similar to the
reference screen UI than the other, 2 JOD corresponds to 91%
of observers, 3 JOD 97.8%. The threshold of 95% of observers
agreeing to select a condition over another is reached when
at 2.4 JOD of difference.

5.3 Results
The preliminary questionnaire did not reveal significant differences
in participants’ prior experience with multiple operating systems,
software, or devices that could allow use to identify subgroups
of participants, we therefore analyzed the results as a whole. We
plotted the scaling and the confidence intervals in Figure 11 illus-
trating the difference in JOD scores between each condition to the
reference’s score (calculated as 𝐽𝑂𝐷 = 𝐽𝑂𝐷𝑅𝑒𝑓 𝑒𝑟𝑒𝑛𝑐𝑒 − 𝐽𝑂𝐷). Unex-
pectedly, all the conditions tested showed significant differences of
more than one JOD from the reference, highlighting the importance
of the interface display context in the perception of dis /similarities
between two interfaces. Two groups of contextual parameters are
observed. A first of weaker effect (< 2 JOD of difference) includes
parameters related to application windowSize, and maximized-
Mode. A second of stronger effect (> 2 JOD of difference) includes
the interface display context, the OS, and the display language.

95% (> 2.4 JOD) of observers noted an objectionable difference
to the reference screen UI for the conditions OSwindows, OS linux,
language korean and context browser. Participants perceived the
Korean condition to be more dissimilar than the Italian condi-
tion. This is likely due to the significant difference between the
Hangul alphabet and the latin-based alphabet. Indeed, the major-
ity of participants (83.3%) used Latin-based alphabets while only
a small proportion were familiar with non-Latin alphabets such
as Greek, Gaj or Afrikaans (only one participant reported speak-
ing Korean). Further analysis for this participant showed that the

Language Korean was perceived slightly less different from the ref-
erence than Italian. As for context vm, it showed a screen UI of
MacOS with the window of the virtual machine also running under
MacOS, with very subtle visual indicators that may not be recogniz-
able by people who are not familiar with it. This may explain the
difference (0.80 JOD) with context browser which showed a Fire-
fox window, with easily recognizable items (search bar, navigation
buttons).

6 Experiment 3: Evaluating the relative impact
of each characteristic on the perception of
interface dis/similarities

Finally, to address our research question, Experiment 3 opera-
tionalizes intrinsic and contextual characteristics identified in Ex-
periments 1 and 2, and quantifies their relative contributions to
perceived interface dis /similarities.

6.1 Experimental setup
6.1.1 Procedure. We replicated the procedure of Experiment 2, as
it enables the results to be scaled onto a unified and interpretable
metric, with the following adjustments. The reference screen used
the same configuration as the reference in Experiment 2, presenting
a GUI interface with the minimal items to fit our conditions (see
Figure 12). Candidate screen each differed along one given char-
acteristic (see section 6.1.3). On average, the experiment took 23
minutes to complete.

6.1.2 Characteristics. Wekept the characteristics identified through
the open card-sorting activity (see Section 4) and selected the ones
that reached a threshold of 2.4 JOD (indicating that 95% of observers
perceived an objectionable difference) in Experiment 2. Given that
VisualComplexity, which overlaps with several other characteris-
tics, tends to dominate interface comparisons and complicates users’
ability to assess dis /similarities, we opted not to include this charac-
teristic in the experiment. Instead, we rely on the extensive existing
literature to address its perceived importance [5, 18, 65, 70, 81]. To
ensure balanced comparisons across characteristics, we retained the
two conditions of each characteristic identified from Experiment 2
(context, OS, and language).

6.1.3 Design. We opted for a within-subjects design, where par-
ticipants evaluated 153 unique pairs of screen with 18 candidate
interfaces plus the reference interface to assess. We excluded the
VisualComplexity characteristic from this experiment because it
appeared to overshadow participants’ evaluations of other crite-
ria, rendering it impractical to derive an accurate measure of dis /
similarities under such conditions. The same parameters for atten-
tion checks 5 and timing delays used in the previous experiment
were applied.

Candidate interfaces were similar to the reference one, except
that they differed on one of the following characteristics, with two
levels each: OperatingSystem (Linux orWindows; instead of ma-
cOS), ApplicationContext (running in a Web Browser or Virtual
Machine, instead of native), Language (Italian, as a language using

5The same screen was used for attention checks
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Figure 12: The reference interface presented for all compar-
isons was a full-screen capture of an interface application
tailored for this experiment, running natively in English,
displayed with its window maximized to fill a 16:10 display,
with the macOS dock visible at the bottom of the screen.

the Latin alphabet or Korean as a language using the Hangul alpha-
bet; instead of English), ColorScheme (Dominant Color or Back-
ground theme), Feature Recognition (explicit or not explicit icons),
Clustering (identifiable or not identifiable clusters according to
Gestalt principles), Modularity (stackable or floating windows),
Reading Flow (by blocks or by horizontal layers), Spatialization
(internal displacements of components or on opposite side of the in-
terface). The variations shown to participants reused the interfaces
introduced in Section 4.4 to illustrate the characteristics identified
from Experiment 1; for the additional contextual characteristics
identified as significant in Experiment 2, we instantiated the cor-
responding visual elements (such as the macOS dock or the browser
frame to Figure 12). All resulting stimuli are available on OSF 1.

6.1.4 Participants. We recruited a total of 85 participants (that did
not participate to experiments 1 and 2), aged from 18 to 60 (M=30.7,
SD=9.25) for this Web survey using Prolific [1], all different from Ex-
periments 1 and 2. They conducted the experiment from their own
device. Once again, we pre-screened to ensure they used a desktop
or laptop computer with a display of at least 1920x1080px. They
were compensated for their participation (hourly rate≈10£). Partici-
pants who failed twice to attention checks stopped the experiment,
their data deleted, but were still compensated. Participants had
diverse backgrounds, a summary of the demographic information
is available in the appendices.

6.2 Results
As in experiment 2, we computed JOD scores using Thurstone’s
Case Vmodel [73].We excluded two participants that were inconsis-
tent (𝜁 = 0.69 and 𝜁 = 0.62) in their answers. We also illustrated the
scaling and the confidence intervals in Figure 13, showing the dif-
ferences in JOD scores between each condition and the reference’s
score (calculated as 𝐽𝑂𝐷 = 𝐽𝑂𝐷𝑅𝑒𝑓 𝑒𝑟𝑒𝑛𝑐𝑒 − 𝐽𝑂𝐷).

Characteristic W Score

Clustering 15.8
Modularity 14.9
Feature Recognition 14.7
Reading Flow 14.7
Spatialization 12.1
Application Context 9.4
Color Scheme 8.6
Operating System 7.2
Language 2.6

Table 1: Proportional scaling scores (W) for each characteris-
tic quantifying their relative importance in the perception
of interface distance.

We found statistically significant differences between most con-
ditions within each characteristic, suggesting participants con-
sidered screens as different. Only differences between the condi-
tions of ColorScheme (0.14 JOD between ColorScheme Theme
and ColorScheme DominantColor) and Context (0.15 JOD between
Context VM and Context Browser) were not found significant, sug-
gesting that the variations chosen for these two characteristics were
minimal. ReadingFlow shows a large variability between its condi-
tions, where the Linear condition displayed the greatest difference
from to the Reference condition, a 86.5% higher difference from the
Blocs condition.

By scaling the data by characteristic (see Figure 13), we can
derive an order of importance of their influence on the percep-
tion of dis /similarities (see Table 1). The proportional score for
each characteristic was computed as: 𝑊 =

JOD∑
𝐽𝑂𝐷

. This metric
quantifies the relative influence of each characteristic on the per-
ception of dis /similarities, with higher scores indicating a lesser
alignment with the reference condition and, consequently, that it
can induce greater perceptual dissimilarity. Among the evaluated
characteristics, Clustering (3.45 JOD), Modularity (3.25 JOD),
ReadingFlow (3.20 JOD) and FeatureRecognition (3.21 JOD)
exhibited the most substantial influence on participants’ judgments
of similarity, as reflected by their consistently high JOD scores.

Notably, external characteristics, such like Context (2.05 JOD),
OS (1.58 JOD), and Language (0.56 JOD) tend to exhibit lower
JOD scores than internal interface characteristics, except for Col-
orScheme (1.86 JOD), suggesting they generate less perceived
dis /similarities. These characteristics fall below the 95% certainty
threshold (2.4 JOD relative to the reference score), suggesting a
diminished influence on the perception of dis /similarities. In con-
trast, structural interface characteristics (e.g., Clustering, Read-
ingFlow, andModularity) result in higher perceived dis /similarities.
Spatialization of components appears to have a moderate effect
on this perception of dis /similarities. These findings suggest that
users rely more heavily on overarching structural elements and rec-
ognizable functionalities rather than contextual characteristics and
color scheme when assessing dis /similarities between interfaces.
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Figure 13: On the left, scaling results and confidence intervals for pairwise comparisons by condition. On the right, scaling
results and confidence intervals for pairwise comparisons by characteristic.

7 Discussion
Our study demonstrates that the perception of interface dis /similarities
is shaped by a combination of intrinsic and contextual characteris-
tics, which collectively influence how users relate new interfaces to
known ones. By integrating findings from our empirical approach,
we show that users rely on overlapping layers of visual, structural,
and functional information to compare interfaces, a process that
plays a pivotal role in facilitating knowledge transfer across GUIs.
This study is, to our knowledge, the first to both identify and weigh
GUI characteristics identified in user studies, providing an empiri-
cally grounded account of their relative influence on perceived dis /
similarities. This enables a more precise understanding of how peo-
ple compare interfaces and offers a basis for perceptually aligned
models of cross-interface learning and similarity computing. In the
following sections, we contrast these characteristics in relation to
ones identified in prior work and discuss implications for research
and design.

7.1 How users perceive GUI Dis/similarities
7.1.1 Structural features dominate perception of interface dis/similarities.

Experiment 3 contrasts characteristics identified in Experiments 1
and 2 and shows that structural characteristics (Clustering, Read-
ingFlow, and Modularity) and FeatureRecognition exert the

most significant impact, compared to the contextual ones like Con-
text, OS, and Language. This suggests that structural properties
are prioritized to infer knowledge about the software and its inter-
face functionalities, confirming insights from Experiment 1, where
superficial cues like ColorScheme affected initial impressions but
did not support deeper comparisons. This may explain why users
are less disoriented in spatially consistent interfaces [88], or why
multiple studies focused on interface consistency found mixed re-
sults when manipulating only part of the factors variables identified
in this study [83, 87]. Experiment 1 also revealed preferences for
consistent Spatialization, yet its comparatively lower weight in
Experiment 3 suggests that spatial placement is interpreted in rela-
tion to higher-level structural organization. In other words, spatial
information is useful when the interface structure is static, but
becomes unreliable when GUIs are modular or customizable [76].
Overall, structural cues anchor semantic elements within a recog-
nizable organization, enabling users to retrieve relevant functional
knowledge, form expectations about possible operations, and con-
struct analogical mappings from familiar to unfamiliar interfaces.

Implications for research: Our findings contribute to a clari-
fication of the notion of interface consistency. Consistency, often
described as the “look and feel” of an interface [63], has long been
criticized for being too abstract [31] and missing guidelines that
describe which design elements should be help consistent [88].
Our results specify the concrete factors that give substance to this
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concept. Maintaining the relational organization of interface com-
ponents, for instance keeping a comparable degree of modularity, a
consistent clustering logic, and stable functional regions (e.g., tools
on the left, parameters on the right), is what most strongly sustains
users’ expectations. In contrast, greater variability can be tolerated
in language, visual appearance or in the precise spatial placement
of elements, as long as the underlying structural schema remains
recognizable.

7.1.2 Contextual characteristics have limited influence of the per-

ception of dis/similarities. Contextual characteristics such as OS,
Language, and ApplicationContext, while noticed, only mod-
erately alter perceived interface dis /similarities, reinforcing that
users generally expect interfaces to remain largely consistent across
contexts with only minor differences. Previous observations already
demonstrated that different Language limits user’s understanding
of interfaces [16, 32, 69, 108] and that it is challenging to main-
tain consistency across OS [6, 19] which can induce several dis /
similarities between the interfaces of a same software. However,
our study is, to our knowledge, the first to explicit the role of Appli-
cationContext as a characteristic which could induce differences
between interfaces.

Implications for research: It has been showed that a soft-
ware displayed on different platforms or devices can introduce dis /
similarities between interfaces and affect user’s perception [6, 19].
Our results extend these findings to the context of display, which
can impacts interface perception also within the same device.

7.1.3 Visual complexity can overshadow other attributes in interface

comparisons. The degree of modularity in an interface influences
users’ perception of visual complexity. Interfaces with flexible ar-
rangements, like floating windows, are often perceived as more
complex, as modularity increases cognitive load by requiring dy-
namic processing of spatial relationships while users tends to form
spatial memory [7, 103]. However, this trade-off can be necessary
in highly feature-rich software, where interface rearrangement op-
tions help mitigate the effects of software bloat [62]. High perceived
complexity, marked by dense information and intricate layouts,
can overshadow other characteristics, making it harder for users
to assess dis /similarities. Participants in our study labeled such
interfaces as “cluttered”, echoing findings that high visual complex-
ity can deter meaningful user engagement with interfaces [47, 64].
That being said, this observation should be contextualized according
to cultural differences, as Eastern and Western cultures approach
visual clutter differently [20, 26].

Implications for research: This suggests that above a certain
threshold of visual complexity, users may stop comparing interfaces
at a structural level and instead rely only on local cues. In such cases,
structural anchors that normally support analogical transfer no
longer operate as effective bridges between familiar and unfamiliar
interfaces, highlighting the need to model visual complexity as a
limiting factor on analogical reasoning in GUI learning.

7.2 Theoretical implications for HCI
7.2.1 Interface dis/similarities are processed at the mental image

stage. Three characteristics identified in our study (Spatialisation,
Clustering, VisualComplexity) align with dimensions described

in Visuo-Spatial Working Memory research [3, 41, 65, 70, 103]
(where attributes such as spatial placement, command groups, and
amount of information are evoked). This partial overlap confirms
that GUI comparison is mediated by the formation of a mental im-
age [103] bridging the visual stimulus and the mental model of the
interface built from it.

Implications for design: Our results support prior research em-
phasizing mental images in interface cognition [78, 103], enabling
users to assess similarity and transfer knowledge between familiar
and unfamiliar interfaces. As such, comparing interfaces involves
both recognition and recall processes. Designers of new software
should replicate “landmarks” [103] that are common in software of
the same domain to support comparisons during onboarding and
transfer of knowledge between them.

7.2.2 Users leverage structural mappings to trigger functional knowl-

edge. Our results extend VSWM insights by identifying four novel
characteristics (FeatureRecognition,Modularity, ReadingFlow
and ColorScheme), revealing comparison strategies consisting in
identifying layout patterns and shared features across interfaces.
They also suggest that structural characteristics, such as Read-
ingFlow or Clustering helped them to recognize broad software
categories (e.g., video editing, 3D modeling) and form expectations
about possible behaviors and key features. When such similarities
are present, they can facilitate analogical reasoning [38], allowing
users to align unfamiliar interfaces with familiar ones and, in some
cases, transfer relevant functional knowledge.

Implications for design: Users first leverage structural map-
pings to trigger functional knowledge. This means that a new produc-
tivity software that organize its interface differently from software
of same domain would probably hinder the triggering of adequate
functional knowledge. Conversely, systems that increase this per-
ceived similarity can support knowledge transfer across interfaces
and help the onboarding of an unfamiliar software by leveraging
prior knowledge of a familiar software [48, 80].

7.2.3 Users form analogical mappings based on shared structural and

functional patterns. Our findings indicate that users rely on a core
set of characteristics that function as cognitive primitives akin to
“entities” in Structure-Mapping Theory (SMT) [28]. Users grouped
interfaces together when these organizational structures aligned,
even when details varied, and such alignment triggered functional
expectations grounded in prior experience, echoing established
observations in analogical reasoning studies [10, 67, 97]. Analogical
reasoning [29] posits that an unfamiliar interface structured like
a familiar one tends to be expected to support comparable opera-
tions. Contextual cues can also act as primers, activating interaction
knowledge (such as keyboard shortcuts or gesture-based interac-
tions), echoing recent findings of Renom et al. [82]. Our findings
explain why participants in [82] interpreted a horizontal top toolbar
as “text-editing” and a vertical left toolbar as “vector-editing”: such
judgments rely on ReadingFlow that participants associated with
specific software types. When a new interface reproduces this struc-
tural pattern, it activates expectations about available tools and
corresponding interactions, supporting analogical retrieval from
previously used applications.

Implications for design: Users often rely on trial-and-error
when onboarding new software [45, 46]. Onboarding systems should
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therefore support inference during this exploratory process by high-
lighting potential analogs to prior software experience, helping
users recall relevant knowledge instead learning new one. Integrat-
ing analogical reasoning with established work on mental models
[78, 84, 92] can inform the design of onboarding mechanisms that
better align with users’ expectations.

7.2.4 Addressing the gap between computational similarity and hu-

man perception. Current computational metrics [57, 111] quantify
similarity from visual or structural representations but do not cap-
ture how users perceive dis /similarities at first sight. Our results
address this gap by identifying and weighting the specific interface
characteristics that users rely on.

Implications for research: This enables explainable similarity
computing that is aligned with users’ mental models: rather than
providing a single distance value, our approach clarifies why two
interfaces feel more or less similar. Integrating these weighted
characteristics into computational metrics would therefore provide
a path toward similarity models that are not only accurate, but also
interpretable from a perceptual and cognitive standpoint.

7.3 Limitations and future work
The first experiment of our study relied on a card-sorting task. Such
tasks can encourage participants to adopt a systemic and structural
approach, focusing on the relationships between interfaces as a
set rather than conducting an in-depth analysis of each individual
interfaces. Indeed, we wanted to expose participants to a diverse
range of software and interfaces, encompassing varied interaction
metaphors, graphic styles, for different purposes (3D, audio, video,
text, vector, etc.). Focusing on fewer interfaces might have allowed
participants to engage in more detailed analyses, but at the risk of
producing data specific to a single use case, limiting the broader ap-
plicability of our findings. Tomitigate the problem, the experiment’s
initial phase required participants to analyze a specific interface
in detail, during which they produced an analytical framework to
reference during the subsequent card-sorting activity. That being
said, some participants preferred to rely solely on this initial analy-
sis and consequently sorted the entire set of interfaces according
to the characteristics they had noted on the first interface, while
others opted to revise and adjust their categories while sorting by
identifying the characteristics that stand out from the whole set of
interfaces. The reasonable number of participants [99] (n=22) in
this card sorting study allows us to ensure a reliable structure of our
interpretation made of the data collected after reaching meaning
saturation (when researchers have "understand it all") [37].

The preliminary questionnaires (available on OSF) collected in-
formation about participants’ software usage, but these data were
insufficient to form reliable expertise groups. To mitigate expertise
effects, Experiment 1 used a broad and heterogeneous set of inter-
faces that maximized encounters with unfamiliar layouts. Familiar
and unfamiliar interfaces were therefore processed differently: fa-
miliar ones could activate deeper functional expectations, whereas
unfamiliar ones constrained participants to visual judgments. We
consider this asymmetry beneficial, as familiar interfaces helped
participants generate richer categories that they could extend or
contrast when examining unfamiliar ones. Excluding all familiar in-
terfaces would have reduced this categorization process and limited

ecological validity, since real-world onboarding typically involves
comparing a new interface with familiar ones [46, 56, 76, 85]. In
Experiment 2, we used a simple and widely known interface,
and Experiment 3 relied on a neutral, dummy interface, limiting
potential expertise biases. Across all studies, participants made
purely perceptual judgments without interacting with the GUIs,
meaning our findings primarily reflect first-impression processing.
Expertise may nonetheless modulate moderately the weighting of
characteristics, particularly for modularity [76]. Future work could
stratify participants by cross-application expertise to examine how
experience reshapes these perceptual factors.

In an effort to identify the roots of the user’s perception of inter-
face dis /similarities, our experiments were limited to visual inputs
with static screen captures of interfaces. However, real-world use
cases involve dynamic interfaces that react to user interactions.
To build on this work, future research could explore how the per-
ception of dis /similarities evolves during interface exploration, as
users tend to adopt different comparison strategies based on the dis
/similarities they encounter [76]. This would be a key step in better
understanding how analogical reasoning operates during situated
interaction, especially in exploratory scenarios, which represent a
substantial portion of users’ time with unfamiliar interfaces [46].

In terms of methodological implications, our approach demon-
strates the utility of mixed-method evaluations in uncovering the
complexity of interface perception. Combining a hierarchical clus-
tering activity and pairwise comparisons allowed us to systemati-
cally identify and compare characteristics that influence on the per-
ception of interface dis /similarities. Future research could extend
this methodology by incorporating user behavior data to assess the
efficiency and accuracy of user interface comparisons in real-time
scenarios.

Our results identify and weights the interface characteristics
that users rely on to compare interfaces. Future work could focus
on developing metrics to quantify these characteristics, enabling
the calculation of a multi-dimensional interface distance score that
estimates how dis/similar two interfaces are perceived. A first step
in this direction has been introduced in recent work on perceptual
interface distance computation [75], which proposes interpretable
metrics for comparing GUIs. Drawing on this groundwork, sub-
sequent efforts could refine these metrics and develop predictive
models of cross-interface knowledge transfer grounded in analogi-
cal reasoning.

Building on these findings, future research could explore how
analogy-based representations can inform the design of genera-
tive user interfaces (GenUIs). Recent work positions GenUIs as
AI-driven systems that adapt or synthesize interfaces dynamically
in response to user goals and context [49, 66]. By encoding GUI char-
acteristics that users perceive as making interfaces closer or more
distant, analogy-based models could guide generative UIs, enabling
adaptation via analogy (for familiarity and transfer) or deviation
(for innovation). This direction also raises questions about how
analogy-based cues can be integrated into human-AI co-creation
workflows, allowing designers and end-users to steer generative
adaptations through familiar patterns.

Finally, in LLM-powered support systems, analogy-driven in-
terface representations may mitigate users’ vocabulary limitations
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[25, 46] by enabling extrapolation from known features to unfamil-
iar ones. This offers a principled way for AI systems to align with
users’ mental models during both interface generation and inter-
active help, akin to how visual analogy models abstract relational
rules to bridge reasoning gaps [110].

8 Conclusion
In this work, we investigated how users perceive dis /similarities
across GUIs and identified the interface characteristics they rely on
when comparing unfamiliar interfaces with familiar ones. Through
a mixed-methods approach combining hierarchical clustering and
pairwise comparisons, we found that users predominantly rely on a
small set of structural and visual characteristics to perceive interface
similarity or difference. These characteristics explain how users
form rapid judgments about unfamiliar GUIs and provide a percep-
tual basis for transferring prior knowledge during initial exposure.
By clarifying which interface properties drive these perceptions,
our findings complement existing computational approaches that
quantify similarity by grounding analysis in user perception. They
also offer designers a more interpretable lens for anticipating how
interface changes or cross-application variations will be experi-
enced by users, rather than relying on users to adapt on their own.
Overall, this work provides a foundation for systems that aim to
support cross-interface learning and for future models that inte-
grate perceptual and cognitive mechanisms to predict how users
interpret novel GUIs.
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