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ABSTRACT

In design disciplines, particularly human-computer interaction (HCI)
and information visualization (VIS), researchers often need to study
qualitative material that is visual in nature, like screenshots, sketches,
photographs, videos, or images of physical objects and spaces. De-
spite an existing literature on how to analyze visual artifacts in social
science and the arts, few papers reflect on the value and the means
to support such analysis in the context of information visualization
or graphical user interface design. This is particularly intriguing, as
visual design is often the primary channel for communicating data,
and visual perception is one of humans’ main epistemic sources in
the world. Over the past 25 years, we have analyzed such visual
artifacts across dozens of our own qualitative studies and surveys.
We present six cases, reflect on four values and practical strategies
for using visual methods for analyzing visual artifacts, and introduce
an open archive of visual methods for HCI and VIS at visualmeth-
ods.pages.dev.

Keywords: Visual methods, visual data analysis, qualitative re-
search, information visualization, human-computer interaction

Index Terms: H.5.2 [Information Interfaces and Presentation (e.g.,
HCI)]: User Interfaces—Evaluation/methodology; I.3.6 [Computer
Graphics]: Methodology and Techniques—Interaction techniques

1 INTRODUCTION

Qualitative data analysis is a common method in social science [20],
human-computer interaction [49], and information visualization re-
search [47]. It can be conducted through different methodological
approaches, including grounded theory [1], open coding [8], or
thematic analysis [11]. These methods have been used to analyze
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various types of textual or oral data, such as documents, interview
records, transcripts, and interaction behaviors [47]. However, in the
literature on human-computer interaction and visualization design,
despite the work of Jacques Bertin [7], little has been written ex-
plaining the process for analyzing visual data qualitatively. What
we call visual data in this context of a qualitative study is data com-
posed of visual elements that are not only language; this includes,
but is not limited to, sketches, images, or videos of visualizations, of
interfaces, of physicalization, of interactive devices, or of behaviors.

Analyzing visual data has a rich tradition across several disci-
plines, each offering distinct methodological lenses. In the history
of art, Heinrich Wölfflin [99] defined formal analysis to study the
visual structure of an image, including composition, color, light,
perspective, texture, line, and movement, with the aim of identi-
fying the evolution of styles across art history. In anthropology,
for instance, Claude Lévi-Strauss [51] applied structural analysis
to Northwest Coast masks, including sxwó:yxwey masks. Roland
Barthes [6] later applied semiotic analysis to images, decompos-
ing them into signs and studying the interactions between those
signs. Erwin Panofsky [57] further introduced a three-level method
distinguishing (1) what is represented, (2) its cultural, mythologi-
cal, or religious meaning, and (3) its global interpretation within
the context of production. In parallel, psychology has developed
its own tradition of visual qualitative analysis [60] to support the
elicitation of personal narratives [38], unconscious ideas [79], and
gender constructions [29]. Visual ethnography has similarly built
a dedicated body of literature [5, 30, 59, 63], focusing on studying
humans in context and visual production as an elicitation of societal
constructs, including rituals, inequalities, and interactions between
objects, humans, and symbols. Similar approaches have recently
been used in HCI to elicit attitudes and beliefs, as demonstrated by
Li et al. [52]. Also, graphic elicitation through diagrams [16] and
relational maps [15] has been used as interview stimuli. Much of
this work across art history, psychology, and ethnography focuses on
analyzing polysemic artifacts, i.e., images and visual objects open to
multiple interpretations. In contrast, information visualization and
graphical user interfaces are primarily designed to be monosemic:
their visual elements are intended to carry specific, unambiguous
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meanings. For data visualization, Bertin’s Semiology of Graphics [7]
provides a foundational framework for studying the relationship be-
tween visual variables and data properties. Yet despite his central
role in analyzing and designing visual data representations, Bertin
does not formalize a methodology for qualitatively analyzing visual
data. When asked, he mentions the “painter eyes”.1 Design prin-
ciples, e.g., Tufte’s data-ink ratio [77], have also been formalized
to assess visualization design; however, these principles tend to be
more normative and prescriptive than analytical.

This raises a key question: given the multiplicity of frameworks
in art history and the human sciences, how can we draw inspiration
from these methods and adapt them to the specific requirements of
information visualization and human-computer interaction design?

Over the last 25 years, the authors of this paper have conducted
dozens of qualitative studies and surveys that involved analyzing
such visual artifacts [4,9,10,12,17–19,24,27,28,31,33–35,37,39,40,
42, 43, 45, 46, 50, 61, 62, 64, 65, 70–75, 80–88, 90–93, 95, 96, 98, 100].
In this paper, we reflect on what we have learned through the process
of analyzing visual data across six research projects, presenting
strategies developed to reduce interpretive ambiguity and to examine
the relationships between visual elements both within and across
visual data records. This work builds on an initial discussion begun
at an international workshop at ACM ISS [89], contributing:

• Four values of using visual methods. We identify that there
are at least four values: congruency keeps the analysis in the
phenomenon’s own medium; expressive reach provides access
to knowledge that verbal prompting cannot reach; synopticity
makes structure and relationships perceptible at a glance; and
spatial evidence reveals paths and traces of thought.

• Practical strategies with case studies. Drawing on six re-
search projects, we share strategies for analyzing visual data
in practice and for examining relationships between visual
elements.

• A call to action. We create a digital archive, invite the com-
munity to share and crowd-source visual methods, and point
to directions for future work.

2 BACKGROUND

Visualization and HCI research has long collected visual artifacts
as empirical material: visualizations drawn on whiteboards in the
wild [80], data sketches [82], annotations from active reading [83],
personal physicalizations [75], elicitation interviews around data
representations [32], and input visualizations [12]. Most qualitative
analysis methods, however, were developed for language-based data:
procedures such as line-by-line coding [14], in-vivo coding [68],
or grouping quotes into themes [11] work on data that can be seg-
mented, labeled, and quoted as text. Visual material is therefore often
translated early into textual descriptions so that it fits this apparatus,
and the analytic moves performed on the visuals themselves are
rarely reported in comparable detail. Only recently have researchers
begun to reflect on such visual data analysis practices, with specific
approaches such as visual annotations [69, 89] or adaptations of
grounded theory to visualization research [21].

Our perspective comes from design, HCI, and data visualization
practice, where producing intermediate artifacts such as visualiza-
tions, wireframes, sitemaps, and mockups is routine, and this back-
ground shapes how we read and analyze visual data. There is a rich
tradition of visual analysis to draw on, much of it in psychology,
which uses visual material to elicit personal narratives, constructs,
and otherwise hard-to-verbalize ideas [29, 38, 60, 79], and in vi-
sual ethnography, with its dedicated literature [5, 30], Rose’s Visual
Methodologies [63] synthesizing approaches from compositional

1https://www.youtube.com/shorts/WLKsXdDog94

Figure 2: A spatial organization sketch representing the contin-
uum of data sketches: From Numeracy to Abstractness [82], large
version available here: https://supplemental-material.github.io/Data-
Sketching/. Picture under CC BY accessible on https://osf.io/fd6v8/.

interpretation to discourse analysis and Pink’s Doing Visual Ethnog-
raphy [59] codifying the production and interpretation of visuals
in fieldwork. HCI and visualization sometimes use these elicita-
tion and ethnographic methods as well, but such methods target
polysemic material, ambiguous and open to interpretation, and the
elicitation of meaning more than the specific, largely notational arti-
facts, with clear, distinct units governed by syntactic and semantic
rules [25], that our field also produces; how to analyze those remains
comparatively undocumented.

Across this body of work, attention concentrates on how to obtain
visual data, through eliciting, creating, recording, or searching, and
on interpreting what visuals mean, while what happens between
collection and findings is far less documented. Beyond exceptions
such as visual grounded theory [44], published papers tend to com-
press the analysis of visual data into a sentence (“we open-coded
the sketches”), leaving the concrete analytic moves undocumented
and repeatedly reinvented: how a corpus is laid out and compared,
at which granularity visual elements are coded, and how interpreta-
tions are triangulated. Recent work has therefore explicitly called
on researchers to document and share their visual analysis prac-
tices [69,89]; the case studies that follow take up this call by making
those analytic moves explicit.

3 CASE STUDIES

We purposively selected six different information-rich cases from
our published studies. Our intention is to showcase variation in
visual data, spanning participant-generated sketches or annotations,
physical artifacts, interfaces, and interactive media, by illustrat-
ing diversity in how visuals support gathering, understanding, and
communicating research evidence. We chose cases where we have
first-hand access to artifacts throughout the processes, to ongoing
methodological decisions, and to the experience of discovering find-
ings through our visual analysis. The visuals in these cases vary
from participant-created to previously designed artifacts. Each of
these case studies is rich in the use of visuals and in visual method-
ologies; for each we provide a link to much fuller explanations at
the end of each description. Table 1 summarizes the six cases.

3.1 Analyzing Data Sketching
Walny et al. [82] (Fig. 2) explored the range and variation of what
participants produced when sketching data.

Study design: Participants with varying degrees of visualization
expertise were asked to manually sketch representations of a small,
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easily understandable dataset using pencils and paper, and to report
textually on what they learned or found interesting about the data.
They were explicitly told that there were no wrong responses. The
study took place in a simple classroom with ample tables, good
lighting, blank sheets of paper, and a large variety of colored pencils
(find more details here).

Analysis: The researchers collected the resulting sketches to-
gether with the participants’ written data reports, and open-coded
both the visual encodings of the sketches and the reports.

Results: The results were threefold: a data sketching representa-
tion continuum ranging from numeracy to abstraction that demon-
strated the level of expressivity offered by this approach; a data
report spectrum that included comments ranging from individual
data items to speculative data hypotheses; and a demonstration of
the correspondence between representation types and data reports.
For instance, the participants who provided more abstract representa-
tions, such as pictorial sketches, tended to produce data reports with
greater analytic potential. This observation raised deeper questions
about whether the act of creating a sketch, rather than simply viewing
a visualization, itself drove analytical thinking. These findings were
an early contribution to understanding how people spontaneously
sketch visual representations of data, with implications for visualiza-
tion design, education, and tools that support the early, exploratory
stages of visual data analysis.

Reflection and trade-offs: The data-report prompt was delib-
erately open to avoid interfering with participants’ thinking, but
this made it difficult to connect specific comments to features of
their sketches during analysis. We would also have liked to capture
the drawing process, which could have revealed how each sketch
developed. Future studies should therefore capture synchronized
explanations or drawing sequences while minimizing interference.
Despite these limitations, engaging directly with the sketches was
essential because the research question concerned a visual medium;
it enabled comparison of representational structures and levels of
abstraction that verbal reports alone could not reveal.

3.2 Analyzing How People Imagine Visualization
Auto Complete

Constructing visualizations with sketching or tangible objects can
be tedious and repetitive. To address this, Wei et al. [96] defined
the notion of visualization auto complete and designed a speculative
design study to better understand how it might be applied.

Study design: The study consisted of four speculative design
workshops, each run with groups of 3–5 participants, totaling 15 par-
ticipants. Each workshop consisted of three sessions: Construction,
Ideation, and Discussion. In the Construction session, participants
were introduced to constructive visualization by assembling physical
tokens to represent a dataset. In the Ideation session, participants
were presented with the concept of autocomplete as used in search
engines and then asked to imagine how a fictional “smart system”
with no technological limitations could help them create visualiza-
tions through autocomplete. They sketched their ideas on paper
templates (Fig. 3). Participants then presented their designs and
critiqued one another’s (find more details here).

Analysis: The researchers collected 93 pages of sketches forming
17 design ideas, and analyzed the sketches on a Miro board and a
physical wall, using thematic analysis through multiple rounds of
collaborative coding, arriving at a codebook agreed upon by all.

Results: The study proposed the first definition of visualization
autocomplete, identified three interaction design strategies, and dis-
cussed future research and design possibilities.

Reflection and trade-offs: Asking participants to present and
point to their sketches helped disambiguate them, but this probing
may also have shaped participants’ explanations. The challenge
is to elicit sufficient context without directing the interpretation.
Nevertheless, sketching used the same expressive medium through

Figure 3: Example of a graphical template used in Auto Complete:
the frame steers the participant’s sketching activity by providing a
context. Picture under CC BY accessible on https://osf.io/fd6v8/.

which interaction designers communicate intentions [26]; it enabled
participants to situate their reflections in visual material and allowed
the researchers to compare design intentions and derive interaction
strategies for a fictional technology.

3.3 Analyzing Personal Physicalization Construction
and Self Reflection

Thudt et al. [75] (Fig. 4) explored how constructive visualizations
with physical objects supported self-reflection on personal data.
Most of the prior work on constructive visualization had been limited
to controlled, laboratory settings with researcher-provided datasets.
This study moved beyond those constraints to examine how people
engaged with physicalization in their everyday lives.

Study design: The researchers conducted a qualitative study in-
vestigating the construction of personal physicalizations in people’s
domestic environments over a period of 2 to 4 weeks. Crucially,
participants chose their own personal data to collect and their own
way to represent these data. The researchers first conducted a work-
shop to explain the aim of the study and how to collect and represent
data, and then participants were invited to follow this process while
keeping a journal of what they thought. A post-study interview was
conducted (find more details here).

Analysis: The visual data in this study were the participants’
pictures and photographs of the evolving physicalizations in their
domestic contexts, as well as the final physicalizations. In addition,
the researchers also drew on non-visual data, such as the participant
journals and the interviews. The researchers open-coded the visual
data encodings and the reflections documented alongside them.

Results: The study contributed an understanding of 1) the process
of creating personal physicalizations, 2) the types of personal in-
sights facilitated, 3) the integration of self-reflection in the physical-
ization process, and 4) its benefits and challenges for self-reflection.
Observing participants’ physicalizations over several weeks revealed
the messiness, motivations, and meaning-making that arose as peo-
ple collected and physically constructed representations of their own
lives.

Reflection and trade-offs: Prioritizing ecological validity meant
asking participants to document their activities through diaries and
photographs rather than observing them continuously. Yet this doc-
umentation may itself have influenced their visual thinking, con-
struction, and reflection, so balancing data capture against inter-
ference remained difficult. Nevertheless, photographs preserved
the evolution and domestic context of the physicalizations without
obtrusive researcher presence, enabling direct analysis of visual
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Figure 4: Photograph of the nine physicalizations produced during
the Construction and Self-Reflection study. Picture made by Alice
Thudt.

mappings, structures, encoding decisions, and their relationship to
self-reflection; the artifacts also grounded the post-study interviews.

3.4 Analyzing Debate Platforms Graphical User Interface
Screenshots

Frappier et al. [24] (Fig. 5) studied the design of debate platforms
(websites that support debate between citizens), which can signif-
icantly influence the quality of debates. In this research, the re-
searchers conducted a comparative visual analysis of the graphical
user interfaces of debate platforms.

Study design: The researchers collected and screened 218 off-
the-shelf platforms from three civic technology directories; they
selected 25 that were dedicated to debate and collected screenshots
of each debate interface.

Analysis: The analysis process consisted of seven main phases
conducted over three years: identifying and classifying the types of
platforms, collecting screenshots of each debate interface, redrawing
detailed reverse wireframes on top of each screenshot in Figma,
visually coding the interfaces into blocks, abstracting the wireframes
into diagrams, assembling a mosaic of all diagrams, and finally
analyzing the mosaic collaboratively to identify similarities and
differences. The method was grounded in Gestalt principles [76] and
the grid system [55], using reverse wireframing, usually a design
method, here applied as an analytical one (find more details here).

Results: This analysis identified four types of debate platform
styles: participation, social network, skill, and encyclopedia. A
similarity in the hierarchy of blocks across the styles and the plat-
forms suggested that the graphical interface tended to prompt users
to form and express an opinion before getting to know the previously
expressed opinions in the deliberation.

Reflection and trade-offs: The analysis initially focused on the
role of visualization, but few platforms contained visualizations,
prompting us to shift toward layout. Our first coding pass was also
too detailed to support comparison, requiring multiple, progressively
coarser passes. These challenges show that analytical scope and
granularity must remain adaptable to the corpus. Ultimately, reverse
wireframing exposed blocks of information and their hierarchy, en-
abling comparison of the assumptions and design patterns embedded
across debate platforms.

3.5 Analyzing Design Patterns in Interactive Comics
Wang et al. [91] (Fig. 6) studied how to add interactivity to data
comics. As part of this work, they conducted a systematic visual
analysis of existing interactive comics to understand how interactions

Figure 5: Examples of mosaics used as analysis and communication
tools for the analysis of the graphical user interface of debate plat-
forms. Picture under CC BY made by Tallulah Frappier, accessible
on https://osf.io/fd6v8/.

were used and to inform a set of operations for interactive data
comics.

Study design: They first collected 33 traditional (non-data) inter-
active comics found online.

Analysis: They open-coded the collection through repeated view-
ing. The coding process included identifying recurrent patterns
and iteratively converging on a codebook, using visual icons (i.e.,
abstract symbolic elements) as codes to represent interactions and
visual elements in interactive comics. They categorized the inter-
actions into higher-level operations, such as adding or removing
an element and reordering a panel. Each interaction was described
along two dimensions: its trigger (how the interaction is activated,
e.g., a visual element, a widget, a panel, or the whole canvas) and its
effects (what changes in the comic). The effects were further sepa-
rated into those that affected the content within panels and those that
affected the structure and layout of panels, and each was related to
six predefined goals of interaction for storytelling (find more details
here).

Results: This analysis produced a structured design space of
low-level interaction operations, organized by trigger and effect
and mapped onto the six storytelling goals. It distinguished, for
example, changes to panel content (changing the viewport, adding
or removing elements, changing properties, inputting data) from
changes to panel layout (reordering panels, adding or removing pan-
els, changing panel properties). This design space directly informed
the formalization of a core set of operations for interactive data
comics. The visual icons used for coding were also used to commu-
nicate how those design patterns were applied in an interactive data
comic (Fig. 6).

Reflection and trade-offs: Abstracting patterns from existing
artifacts removes them from the contexts in which they were created
and used. Without access to the original design context, the creators’
intentions and the rationale connecting each pattern to its purpose
may be lost, encouraging pattern reuse that reproduces form without
achieving the same effect. Researchers therefore need to document
and triangulate links among patterns, contexts, rationales, and ob-
served effects. Despite this limitation, visual analysis exposed a
repertoire of design operations and interaction patterns embedded
in existing comics, providing concrete precedents and a structured
design space for future designs.
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Figure 6: The interactive data comic of CO2 emissions annotated
with the visual icons used as codes; those blue icons and annotations
are also used for communicating each interaction’s trigger (e.g.,
inputting data via a widget) and its effects on panel content and
layout. Picture under CC BY made by Zezhong Wang, accessible
on https://osf.io/fd6v8/.
3.6 Analyzing Reader-Drawn Reading Sequences of Data

Stories

As part of a comparison of data comics, infographics, and illustrated
texts, Wang et al. [93] (Fig. 7) examined reading sequences that
participants drew by hand after reading. Because readers drew
paths directly onto the material, each trace combined the visual
artifact with participant-generated data. This drawing technique
served a dual role: it was at once a method for collecting data about
reading behavior and a method for analyzing it, since the act of
drawing already required the reader to interpret and structure their
own reading experience.

Study design: After reading each story, participants drew lines
and arrows on the black-and-white printed material while explaining
the order in which they read text and viewed figures (find more
details here).

Analysis: Because the participants themselves decided what
counted as a meaningful step in their reading and condensed it into
a trace, the elicitation step formed a first layer of analysis by the
reader (e.g., Fig. 7 Top). The researchers then conducted a second
layer of analysis by collecting the hand-drawn traces across all
participants, stories, and formats and comparing them to identify
recurring reading patterns (e.g., Fig. 7 Bottom).

Results: This analysis revealed distinct reading patterns across
the three formats. Comic readers largely followed the predefined
panel order, often jumping back to earlier panels for comparison; in-
fographic readers typically entered through the title before following
the layout of the text boxes, with no consistent order; and readers of
illustrated texts prioritized the text, consulting figures during or after

Figure 7: Reader-drawn reading sequences of the same data story.
Top: reading orders drawn by hand by readers directly on the
printed material in three formats (annotated infographic, illustrated
text, and data comic). Bottom: typical reading paths drawn by
the researchers after analyzing individual participants’ hand-drawn
traces. Picture under CC BY made by Zezhong Wang, accessible on
https://osf.io/fd6v8/.

reading. The traces also showed that reading order was far more
consistent across readers for comics than for the other two formats.

Reflection and trade-offs: Reader-drawn traces are self-reports
rather than direct gaze records: participants may omit unnoticed
visual jumps or rationalize their paths into more linear sequences.
Triangulating them with eye tracking could help reveal these dif-
ferences. Nevertheless, the traces provide a lightweight account
of perceived reading paths and, by externalizing reading order as
a drawing, capture intentional attention and readers’ own sense-
making that gaze records alone cannot reveal.

4 THE VALUE OF VISUAL METHODS

Across the six cases, we identified four potentials of visual meth-
ods relative to text-, speech-, or number-based alternatives: what
one gains, or avoids losing, by working visually. These values
emerged through iterative discussion and draw on Rose’s account
of the sites at which the meanings of visual materials are made,
from their production and the image itself to their circulation and
audiencing [63, p. 25]. Because visual artifacts encode knowledge,
social norms [97], and individual choices in the form of design de-
cisions [2], they do not merely reflect the social world but actively
take part in constructing it [63]: cues inside visual data are therefore
evidence of a phenomenon, and visual methods expand what counts
as research evidence. Visual materials also take many forms and lev-
els of fidelity, from sketches, photographs, screenshots, and physical
artifacts to video and emerging volumetric 3D capture [56], giving
researchers a wide palette to match data collection and analysis to
the phenomenon at hand. The four values are starting points rather
than an exhaustive account.

V1 (congruency): the analysis stays in the phenomenon’s own
medium. In visualization and HCI, much of what we study exists in
the world in visual form: information visualizations, graphical user
interfaces, sketches, or traces of reading. Collecting visual data and
working with them directly as visuals is a more direct form of inquiry.
It keeps the analysis cognitively congruent with the object of study,
following the congruence principle that the form of a representation
should match the content it conveys [78], and it spares a round trip
of translation, turning the visual into words or numbers and back, in
which structures are lost during each translation, such as the levels
of abstraction in Data Sketching.

V2 (expressive reach): access to knowledge that verbal prompt-
ing cannot reach. Beyond serving as a medium of expression, the
act of creating a visual works as an elicitation device [32, 52] that
prompts participants to discover, structure, and externalize tacit
knowledge, assumptions, and imagined futures that they could not
simply state verbally if asked. Asking participants to draw their ideal
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Study Object of
analysis

Data collected Triangulation Analysis Result

Sect. 3.1: Data Sketching Visualization
sketches

Sketches Data reports Open coding of
data encoding
and report

Spectrum of data
representation and
data report

Sect. 3.2: Auto Complete Speculative
techniques

Video, sketches Oral presentation
of the sketches

Open coding of
graphical
elements

New interaction
techniques or
strategies

Sect. 3.3: Self Reflection Physicalization Participants’ and
facilitators’
photos

Interviews and
journals

Open coding of
data encoding
and reflection

Level of reflection
embedded in
construction

Sect. 3.4: Debate Platforms Website
interfaces

Screenshots About page and
website

Reverse
wireframing

Comparative visual
analysis

Sect. 3.5: Interactive Comics Interactive
comics

Interactive
(non-data) comics
found online

Texts in comics Open coding with
visual icons of
triggers and
effects

Design space and
patterns of interaction
operations

Sect. 3.6: Reading Sequences Reading of data
stories

Reader-drawn
traces on printed
stories

Interview while
drawing the
traces

Comparing traces
across
participants and
formats

Recurring reading
patterns per format

Table 1: Synthesis of studies, their object of analysis, the types of visual data collected, the triangulation strategy, the analytic method used, and
the results. Table under CC BY, by the authors of this paper.

interaction with a fictional technology surfaces design intentions
they did not know they had (Auto Complete), and tracing their own
reading path makes them reconstruct and articulate behavior that no
interview question could retrieve spatially (Reading Sequences).

V3 (synopticity): structure and relations perceptible at a
glance. A visual representation makes configuration, proportion,
hierarchy, and similarity perceptible all at once, whereas linear text
or speech would fragment them into a sequence; this is why a dia-
gram can support inferences that an equivalent verbal description
cannot [48]. This synoptic quality lets researchers grasp the whole,
compare many instances side by side, and recognize structure that
would otherwise stay hidden. Redrawing debate interfaces as reverse
wireframes and assembling them into a single mosaic exposed shared
layout hierarchies across platforms (Debate Platforms); arranging
data sketches in space allowed us to identify a potential continuum
of representations (Data Sketching); and coding interactions with
visual icons laid out the design space of interactive comics as an
inspectable whole (Interactive Comics).

V4 (spatial evidence): visuals can reveal paths and traces of
thought. Because visuals are not neutral mirrors but are actively
constructed [63], they carry the choices, norms, and interpretations
of those who made them [2, 97]; the artifact itself becomes evi-
dence of the cognitive and social world that produced it, regardless
of whether the maker is a participant, designer, or visualizer. A
reader-drawn trace is not a raw behavioral record but the reader’s
own condensed account of what they intentionally express about
their experience (Reading Sequences), and the encoding decisions
in a personal physicalization reveal what its maker considered worth
collecting and representing (Self Reflection); likewise, the layouts
of existing debate platforms expose the assumptions the platforms’
designers held about how deliberation should unfold (Debate Plat-
forms). Analyzing such visuals therefore includes reading them
as interpretations, not merely transcribing them as records. For in-
stance, the sketches in a previous work [10] reveal evidence (trace)
of internally held thoughts, allowing researchers to identify shared
gender stereotypes behind commonly used CHI terms that refer to
people such as the term user.

These values do not come for free: visual data can be more
ambiguous than text and demand deliberate strategies for collecting,
framing, and analyzing them, which we discuss in the next section.

5 CONSIDERATIONS ON VISUAL METHODOLOGIES

Working with visual data raises practical questions at every stage
of a study. In this section, we discuss considerations for framing
the production of visual data, collecting and triangulating them, and
analyzing them.

5.1 Framing the Data Collection:
Template, Workshop, Look-up Sheets, etc.

When the visual data are generated by a group of participants, as in
any generative action, participants may interpret the task in many
different ways, which makes providing a frame important. Research
on creativity in psychology [94] and design framing [22] has also
shown that providing a specific framework eases the creative process.

To ensure that participants were guided toward the expected task
in most of our studies, we provided an appropriate frame of refer-
ence. For that, we used multiple strategies: organizing a workshop
(Self Reflection) to introduce notions (like data, visual mappings,
or other concepts) or tools and reduce the difficulty of the task, or
providing templates (Auto Complete) to focus the sketching ac-
tivity in a certain context with a certain perspective. In Reading
Sequences, the printed stories themselves provided the frame: ask-
ing readers to draw directly on the material anchored the traces to
the story layout and made them directly comparable across partici-
pants. During study design, providing this frame of reference always
requires considering the trade-off between guiding the activity in
the expected direction and stifling free creativity and spontaneity
by over-constraining or biasing the participant with too much in-
struction. This frame of reference could be provided by a formal
graphical template, as in Auto Complete, or by more complex ma-
terials such as a presentation, a toolkit, or look-up sheets to remind
participants of the instructions, as in Self Reflection.

5.2 Collecting Data:
Triangulation and Disambiguation Strategies

Triangulation reduces the ambiguity of visual data and enriches the
analysis by combining several sources or methods to understand
a phenomenon [13], either to disambiguate the visual data or to
test whether the sources converge or diverge. Here, unlike in V2
(expressive reach), where new data are generated by creating new



visuals, elicitation also serves to disambiguate: participants explain
their visuals so that their accounts support the interpretation.

Collecting the explanation of the visual together with the visual
itself helps with interpretation. Asking participants to describe,
annotate, or talk through their sketch on video or audio, ideally
while pointing at specific elements, gives the analyst a guide for
interpreting it later. Capturing this metadata (e.g., annotations and
descriptions) at collection time both prompts participants to make
the meaning of their signs explicit and aids the work of the analyst; in
our studies, the times we skipped this created interpretive difficulties.
It is often worth planning triangulation in the study design.

Several of our cases illustrate the use of triangulation and disam-
biguation strategies. In Self Reflection, interviewing participants as
they introduced and described their physicalization was instrumental,
since the mapping was hard to read alone and the legends were not
always consistent. In Auto Complete, participants presented their
sketches orally while pointing at them, which was especially useful
for the non-notational sketches. In Reading Sequences, the concur-
rent interview, drawing, and resulting trace helped disambiguate one
another (Fig. 7).

Triangulation also reveals whether sources agree. Data Sketch-
ing is a case of convergence: comparing the sketches with their
accompanying data reports, we found that more abstract representa-
tions align with more complex reports (Fig. 2). Debate Platforms is
a case of divergence: comparing 25 platform screenshots with their
self-descriptions, the layout hierarchy contradicts both the platforms’
stated purpose and the way the literature suggests debate should
occur. When the visual data come from a survey or an existing col-
lection, their creators are often unavailable to describe the artifacts,
so only a partial triangulation against contextual data is possible.
In Interactive Comics, the comics collected online carried no ac-
companying author explanation, so the analysis relied on repeated
viewing, on the textual elements within the comics that corrobo-
rated or contrasted with the visuals to support understanding of
the narrative, and on describing their dynamic behavior with visual
content.

5.3 Choosing a Level of Analysis

Visual analysis can operate at different levels depending on the
research question and the type of visual data, from the concrete,
such as visual primitives (marks, lines, points) and channels (color,
hue, density, position, saturation, texture), to the abstract, such as
the semantic elements (signs, symbols, icons), and a composition of
elements within a visual structure. A visual structure is an assembly
of these primitives, and analyzing it means examining relationships
between signs, characterizing types of signs, and identifying systems
of signs [33]. These relations may be simple, such as juxtaposition
or superimposition [52], or more elaborate, such as visualization
idioms [54] or interface layouts. Finding the right granularity is
difficult, since the same data can be read at many levels. As a rule
of thumb, the appropriate level follows from the research question
together with the primitives that constitute the artifact. Across our
cases we grounded the choice in existing practice or frameworks:
in Debate Platforms we deconstructed each interface into its main
GUI layout blocks, “coherent visual and interactive units within
the layout” [24], and their hierarchy; in Data Sketching we drew
on the idiom [54] and the properties, scales, and visual variables
of the data [7]; for Auto Complete we analyzed the sequence of
screens; for Interactive Comics we worked at the level of panels
and their layout, and for Reading Sequences at the level of the
drawn path relative to that layout. Once a granularity is fixed, the
resulting elements can be related to one another: as in grounded
theory [67], codes can be grouped into themes, categories, and
higher-level abstractions.

(a) Physical whiteboard (b) Digital board in Miro

Figure 8: Example of the use of an affinity diagram to organize and
analyze a corpus of collected artifacts from [12]. Picture under CC
BY accessible on https://osf.io/fd6v8/.

5.4 Methods for Analyzing Visual Data
The methods we used divide by scope: some are applied within a
single visual, while others work across many visuals at once, the
latter being where the synopticity of Sect. 4 pays off and is specific
to visual data.

Annotating means analyzing directly on top of the visual (Fig. 1),
an established analytic practice in HCI [69]. In Reading Sequences,
both readers and researchers worked inside the visual: readers drew
their reading order onto the stories, and we redrew typical paths over
the same layouts to compare and communicate recurring patterns
(Fig. 7). In Interactive Comics, each comic’s dynamic behavior
was annotated with visual icons on the panels it affects, turning inter-
actions into static, codable elements (Fig. 6). In Debate Platforms,
reverse wireframes were drawn over each screenshot to expose the
underlying blocks and their hierarchy. First, text, image, and graphi-
cal elements were abstracted into blocks that remained close to the
screenshots; these were then redrawn as overall functional blocks.
These layers differ in who makes them and when: in Debate Plat-
forms they are an analysis layer added by us, whereas in Reading
Sequences the marks are made by participants during collection and
are themselves the data. The same gesture, drawing on top of an
artifact, can serve either collection or analysis.

When many visuals are of the same kind, laying them out together
exposes their differences and similarities. We use the term mosaic
(a contact sheet in photography, comprising thumbnails produced
from negatives) for such a layout, since it can be reordered along
whatever dimension the analysis requires. We used mosaics in
Debate Platforms to compare interface layouts (Fig. 5) and in
Auto Complete, both physically and digitally, to code sketches of
speculative interaction techniques. A mosaic is our “overview first”
in Shneiderman’s sense [66]: a quick structure to browse, annotate,
and discuss, typically with participants as columns and tasks as
rows. Mosaics often feed into affinity diagramming, “a technique
used to externalize, make sense of, and organize large amounts
of unstructured, far-ranging, and seemingly dissimilar qualitative
data” [53], which we used across Data Sketching, Auto Complete,
and Debate Platforms, on raw data or after a first pass such as
reverse wireframing. In practice we tokenize the data into a movable
form, physical cards or tiles in a tool such as Miro, and reorganize
them into clusters, trees, or matrices to test categorizations as a
group (Fig. 8).

6 TOWARD FORMALIZING VISUAL METHODS

Formalizing visual methods calls for two complementary efforts: a
shared vocabulary for describing visual data, and a shared collection
of methods for working with them.

6.1 Vocabulary to Describe Levels of Visual Analysis
Visual data are harder to code than text because they are not always
organized as symbols or sign systems. Goodman distinguishes nota-
tional systems, with clear, distinct units governed by syntactic and

https://osf.io/fd6v8/


Figure 9: This diagram illustrates examples of various types of
visual data and levels of coding, including samples of ways to use
visual primitives (e.g., visual variables [7]), semantic coding [3, 58],
and visual structures [33] (such as visualization idioms [54] and
graphical user interface layout design). These levels and types can
be combined and recombined in many possible configurations and
are neither exhaustive nor mutually exclusive. Figure drawn by
Samuel Huron under CC BY accessible on https://osf.io/fd6v8/.

semantic rules, from non-notational ones, which are ambiguous and
open to interpretation [25]. Visualizations and interfaces tend toward
the notational, and most of the visual data in our cases are partially
notational; reader-drawn reading traces sit in between, since their
freehand lines follow a shared convention for indicating order. A
first step toward identifying the different levels of analysis is to name
the primitives that define each type of visual data (Fig. 9): sketches
are assemblies of strokes and points, screenshots are graphical user
interface elements in a layout, visualizations are visual variables
forming an idiom and other elements [41], physicalizations are as-
semblies of physical variables [36], interactive comics are panels
linked by trigger–effect pairs, and reading traces are lines and ar-
rows overlaid on a document. All of these visual structures embed
different encodings [33]. These primitives and visual structures are
not exhaustive, but they define their types and shape how each is
analyzed: a monosemic visualization is read differently from a pol-
ysemic speculative sketch, and primitives can be embedded in one
another. Being explicit about these types matters for study design,
since non-notational elements typically require additional data to
interpret.

6.2 A Call to Action: An Open Archive of Visual Methods
The methods we drew on across the six cases, from sketching and
trace elicitation to reverse wireframing, design space coding, mo-
saicking, and affinity diagramming, were assembled ad hoc, partly
from our own practice and partly borrowed from neighboring fields.
They are neither named consistently nor collected anywhere a new-
comer could find them. We see this as a central obstacle to vi-
sual methods maturing into a shared methodology: unlike the well-
documented repertoire for analyzing text, the repertoire for visual
data is largely tacit, scattered, and reinvented study by study.

As a first step toward formalizing this repertoire, we have built
an open archive of visual methods2 and seeded it with six methods
extracted from the cases in this paper. The archive organizes methods

2https://visualmethods.pages.dev

by the stage of inquiry they support: gathering visual data (for
example, eliciting data by asking participants to sketch a dataset
or to draw their reading order), understanding them (for example,
reverse wireframing an interface or coding interactions with visual
icons), and communicating them (for example, assembling a mosaic
of cases or an annotated exemplar).

Each method is documented along three questions: what it is,
why and when to use it, and how to carry it out, so that a researcher
from any field can apply it without prior exposure to visual methods.
A submission template lets others contribute their own methods in
the same format, so the collection can grow beyond what any single
group practices. Organized this way, the archive operationalizes
the values of Sect. 4: it is a practical route to the congruency, ex-
pressive reach, synopticity, and spatial evidence that visual methods
provide. Over time, such a collection could do for visual data what
methodological handbooks did for textual analysis, giving the field
a common vocabulary, making methods teachable, and turning iso-
lated techniques into a cumulative, citable body of practice. We
invite the community to contribute.

6.3 Future Work

We recognize that this paper is merely a beginning. Several chal-
lenges remain open. Future research can explore variations in the
use of visuals in empirical work, including variations in the details
of the processes used. While many researchers have made use of
visuals to better understand their work, we, as a community, are still
missing the details of how to actually go about many of these pro-
cesses. Such details, including many variations, are readily available
to help us learn about and understand how to analyze verbal data.
We hope the many members of the research community will respond
to our call. We envision the archive as a collaborative platform for
the community to accumulate, compare, and iteratively refine these
methods, fostering long-term advancements in the field.

7 CONCLUSION

Visual data convey meanings and encode knowledges [23]. The qual-
itative analysis of visual data can be powerful for studying a diversity
of aspects, including expressiveness, visual structures, reading paths,
design patterns, construction processes, and designers’ assumptions,
to mention just a few. All these aspects are important for informing
research on information visualization and interaction phenomena.
However, the qualitative analysis of visual data also has its own
challenges and techniques. We identified and formalized four values
of using visual methods: congruency, expressive reach, synopticity,
and spatial evidence. We also shared practical considerations for
collecting, framing, and analyzing visual data. We propose that as a
first step toward developing this practice, we explicitly expand our
repertoire through a shared vocabulary of levels of visual elements.
We hope our reflections on visual methods help the community bet-
ter understand, appreciate, and use visual methods as part of our
own research and teaching practices. To further this direction, we
invite you to be part of creating a cumulative assemblage of visual
methodologies that can enrich visualization and interaction research
at visualmethods.pages.dev.
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