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Abstract

The internet is becoming increasingly visual, but social computing
research and methodological training has relied heavily on textual
methods. Methodological innovation is needed to study visual social
data, including problematic information (mis- and disinformation,
propaganda, hate, Al slop, etc). Contending with this, we present a
framework for conducting grounded, interpretive, computationally
supported, mixed-method research on collections of visual social
media data. We developed this framework while grappling with
the ethical, logistical, and methodological challenges of conducting
in-depth analysis of potentially harmful visual content while caring
for our research team. We document our framework components of
visual grammars, human analysis, and computationally supported
analysis with an umbrella commitment to care and its use in three
empirical case studies. We also provide recommendations and im-
plications for the HCI community in embracing training in and the
advancing of visual methods and research, including a sensitizing
concept of visual integrity.

CCS Concepts

« Human-centered computing — HCI design and evaluation
methods; Collaborative and social computing design and
evaluation methods.
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1 Introduction

As the internet becomes increasingly visual, so does the content peo-
ple see and interact with the most [97, 155], including "problematic
information" [78] like propaganda, scams, mis- and dis-information,
violent imagery, online hate, and more. However, social media re-
search has largely relied upon textual analysis [132], leaving a
methodological gap in equipping researchers to rigorously study
the visual content shaping our on and offline lives.

Past work has examined how visual data is "unwieldy" [132]
compared to textual, requiring greater computational bandwidth
and novel analytical frameworks [69, 132]. Closing this gap (which
pre-dates modern social media research [114, 126, 157]), has been
identified as an imperative priority for studying how humans are
communicating and meaning-making in digital environments [19,
69, 132, 172]. Scholars have surfaced this gap in researching prob-
lematic information [78] where the visual is increasingly prominent
and often intertwines extreme and mundane content in ways that
often necessitate detailed, human analysis [17, 39, 109, 132]. This fi-
nal point poses challenging tradeoffs given handling and analyzing
problematic visual content can harm researchers seeking to study
it [1, 72, 175].

Bridging this gap will take new methods, frameworks, and train-
ing in visually-centered ways of conducting research. The open
questions and challenges in doing so are multi-dimensional and
numerous: computational, methodological, logistical, and ethical.
Our contribution — a framework for conducting visual research on
social media and other digital trace data — wrestles with this.

Influenced by our positionality as researchers of problematic in-
formation [78], we provide a flexible but systematic framework for
conducting investigations on visual social data, including emotion-
ally salient events and contexts that could harm researchers [3]. Our
epistemological orientation leans heavily on interpretivist perspec-
tives [146] and we share a belief that deep, qualitative engagement
with data by humans is of tremendous value for deriving insights
from social data. We seek to contend with how researchers like
ourselves may balance preserving deep qualitative analyses while
conducting cognitively and emotionally taxing inquiries, offering
recommendations for making efficient use of our labor and pro-
tecting ourselves. Additionally, as our research is collaborative and
we also identify as mentors and educators invested in the training
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and sustaining of future researchers, our framework also provides
pedagogical insights.

The framework this paper describes was developed through
our experiences grappling with many ethical, methodological, and
logistical challenges while conducting a year long study of visual
anti-immigrant rhetoric. Unable to find a framework that suited
our needs, we designed and developed the technological, human,
and methodological research infrastructure we needed to support
our analysis.

As that research project evolved, we realized our approaches
could be applied to other studies. We have now adapted this frame-
work in two additional studies of problematic visual information in
different domains: Jesus Al Slop images on Facebook and Telegram
imagery of the Russia-Ukraine war. This paper aims to facilitate a
translation of our approach for researchers contending with similar
challenges in studying big visual social data, both in and outside of
problematic information. We ground our contributions in relevant
literature (Sec 2), document our framework (Sec 3), illustrate that
framework across three empirical case studies (Sec 4), and provide
implications for researchers (Sec 5).

In total, we contribute:

o Our novel framework for computationally supported, human-
centered research on visual social data.

e Pragmatic advice and best practices for conducting this type
of work, particularly in teams mentoring junior researchers.

By doing so, we aim to empower HCI (and other) researchers
to study increasingly visual digital spaces, and inform discoveries
about and interventions to improving human experiences in them.

2 Related work

In this section we first provide a review of visual research in its
formations in art and media studies and how it applies to HCI
(2.1). Next, we examine limitations of “big” social data analyses
in visual contexts (2.2). Lastly, we examine recent methodological
innovations and criteria for a methodological contribution in HCI
(2.3).

2.1 Visual research and methods

There is no one definition of “visual research”. For our work we
employ definitions from visual sociology (e.g. [67, 128, 145]) and
media studies (e.g. [25, 135]). These definitions position visual ob-
jects as socially constructed and focus on centering the visual form
across the research project [68, 127]. This commitment is agnostic
to methods and, as such, several are employed in visual research.

A prominent line of qualitative visual research (e.g. [26, 107, 147])
applies systematic coding and qualitative analysis via "close read-
ing" of visual content. We draw upon this practice as a foundation
of our work. Other qualitative methods that have been applied to
HCI studies of visual content include design-based methodologies
(e.g. [41, 51, 60]), photovoice methods where participants create vi-
suals (e.g. [27, 98, 120]), visual elicitations where researchers show
participants media (e.g. [99, 167]), and various sketching activities
(e.g. [115, 160]).

Quantitative methods may involve large scale analysis of im-
agery via computer vision, machine learning, and Al techniques to
surface trends (e.g. [71, 102, 156]). Increasingly, with the advent of
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Visual-Language Models (VLMs), these quantitative methods may
be mediated by Al systems having a role in [92] or fully analyzing
visual data (e.g. [76, 181]). Some scholars argue VLMs fall short
in visual analysis, both by transforming the visual to textual rep-
resentations and lacking frameworks informed by visual studies,
resulting in documented shortcomings in purely visual analytical
tasks [154, 178]. Aligned with those arguments, our work positions
computational methods in service of a human-centered analytical
process and centers deep reading of visual content by researchers.

Such readings require visually literate researchers. Visual lit-
eracy, related to other relevant literacies invoked in HCI such as
media [28, 70], digital [142, 176], and algorithmic [42], seeks to
empower a viewer to critically engage with and understand the
visual as a sociotechnically produced artifact [126, 127].

Modern visual literacy research focuses on the democratization
of image production and the participatory nature of (highly online)
visual culture [133]. This is particularly salient in online social data
where both user participation and platform algorithms shape visual
culture [156]. Researchers have also called for an increase in visual
literacies in both the public and for researchers towards adopting
more visual methods [68, 127, 129].

In our framework, we seek to foster visual literacy in our re-
search teams via a participatory, pedagogical approach. We largely
focus on training students in visual methods through active en-
gagement in research, adapting a pedagogical innovation (“directed
research groups”) introduced by Turns and Ramey [165]. In improv-
ing a researcher’s visual literacy, we borrow from Berger’s notion
of “active seeing” [16] and Braun and Clarke’s concept of a “know-
ing researcher” [23]. In doing so, we hope our work helps train
researchers who are aware of how their active, situated experience
of viewing and analyzing content is shaping and being shaped by
conducting (visual) research.

2.2 Limits of Big Data analyses on social data

Though we draw upon qualitative methodological traditions, our
methods are mixed; integrating human close readings with com-
putational analyses. Computational analyses are often needed to
address the scale of big social data, but they may also miss key
nuances and contexts.

We therefore respond to boyd and Crawford’s “critical questions
for big data”, which stresses how the scale of big data decontex-
tualizes the social nuances of the human traces it represents [22].
Scholars have contended with such limitations via a variety of
mixed methods approaches to solicit insights, often combining
computational zoomed out approaches with qualitative zoomed in
ones [4, 94, 156]. Bolibar explicitly contends with this in advocating
for a strong integration of qualitative and quantitative methods
for effective social network analysis that recontextualizes human
social connections across the micro, meso, and macro levels [21].

In the methodological approach of cultural analytics, Manovich
critiques what quantitative and macro-level approaches may miss
[104-106]. He explicitly seeks a combination approach of close and
distant readings: “How can we combine computational analysis
and visualization of large cultural data with qualitative methods,
including “close reading”? (In other words, how to combine analysis
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of larger patterns with the analysis of individual artifacts and their
details?)” [105, pg 1-2].

We explicitly build upon Manovich’s view of leveraging both
computation and human close reading in mixed methods work.

2.3 Methodological contributions and
innovations in HCI

Our primary contribution is methodological. Anchored in interpre-
tivist, mixed methods research, our framework does not focus on
deriving statistical inferences, though aspects of our methods could
be adapted to hypothesis-driven work. We instead draw upon HCI
literature evaluating methodological contributions with specific
focus on qualitative, grounded, and mixed methods.

Wobbrock and Kientz emphasize methodological contributions
in HCI should: (1) “create new knowledge”, (2) inform best prac-
tices, (3) be evaluated by the “utility, reproducibility, reliability, and
validity of the new method or method enhancement,” and (4) be
validated by repeated application [177]. Our framework enables
researchers to generate insights from visual data (creating new
knowledge), and provides best practices for performing human
visual analysis sustainably with careful integration of computation.
Towards reproducibility and repeated validation, we provide three
empirical case studies of our framework in action.

Van Berkel and Hornbaek extended Wobbrock and Kientz’s work,
detailing implications of HCI contributions [168]. They expound
that methodological implications shape how researchers study
emergent phenomena and shift norms across the field. Our work
aims to do so by increasing capacity and shaping norms towards vi-
sual research within HCL. Aligned with Oulasvirta and Hornbaek’s
call to consider HCI research as problem solving at its core, our
framework — developed to contend with emergent dilemmas in our
work — is meant to help navigate complexities of how to effectively
and safely integrate computational and human analysis [123].

In examining HCI methodological frameworks, we find several
examples across history and contexts: “cooperative inquiry” [47],
“feminist HCI” [10], “trauma informed computing” [37], “Conflict
Sensitive Design” [122], and several others [86, 139, 152]. These
methodological frameworks provide guidance, based in empirical
work and bringing in outside theories and literatures, as we seek
to do with a visually-informed lens (see 2.1).

We are motivated by a paucity of visual methodological innova-
tions. Most methodological innovations in social computing focus
on textual data, offering new measures (e.g., metrics, signals) or
research instruments (e.g., interactive graphs, dashboards, coding
schemas) [36, 59, 101, 158, 182]. This includes framework-level con-
tributions [180], with visual methodological contributions often
focusing on individual methods or measures [71, 100].

Methodological contributions have underlying commitments to
theories, epistemologies, methods, and lineages they invoke [24].
Our framework draws from interpretivist, constructivist, and visual
epistemologies stemming from a commitment to a “grounded” ap-
proach to research in the style of Charmaz and colleagues [32, 33,
35]. We emphasize collecting primarily visual data and analyzing
it iteratively through various tools and methods to reach satura-
tion, building both empirical insights and theoretical contributions
[33]. When quantitative methods are used, we, like Charmaz and
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contemporaries, insist on human interpretation and involvement
to construct results [32, 33, 35].

Although we combine computational and qualitative methods
in a grounded style, we do not posit our work as “computational
grounded theory”. That body of work often leverages computational
analysis to automate and assist stages of human analysis (particu-
larly coding) and finding emergent themes to iterate upon [117, 119].
Instead, our methodology centers careful, involved human analysis,
where computation with humans in the loop facilitates insights via
interpretation of computational analyses or extension of human
analysis to more data, aligning with the approach of Carlsen and
Ralund [31].

We seek to extend methodological innovation literature with a
grounded, visually-informed framework that combines grounded
theory’s iterative nature with computationally assisted, human-in-
the-loop analysis of visual social data. We do so by developing our
framework as a design problem, solving our own emergent needs as
researchers, documenting the framework with clear success criteria,
and illustrating its application across three case studies.

3 Components and commitment of our
framework

In this section, we detail our research framework, which supports
a grounded, interpretivist approach to analyzing “big” visual so-
cial data that deeply integrates mixed (qualitative and quantitative)
analyses. This approach incorporates multiple, often iterative, anal-
yses that build upon one another (although we present them in a
more linear style here). We posit three components (summarized
in Figure 1): visual grammars (3.1), human analysis (3.2), and com-
putationally supported analysis (3.3).

Across these components, we instill a commitment to practices
of care. This is informed by our positionality as problematic infor-
mation researchers, where data may expose researchers to harms.
We care for researchers’ time and wellbeing by limiting exposure
to harmful content and using computation to route only the most
salient material to humans and extend their analytical insights.
Although our framework could be adapted for an individual in-
vestigator, we argue it benefits from a collaborative team. In our
work, these teams often integrate students (both undergraduate
and graduate) from different fields and lived experiences, along
with senior researchers. This informs our methodology, approaches
to care, and embeds pedagogy in our framework as a way to train
researchers as they conduct the work.
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Figure 1: Summary diagram of our framework, showing our three components: visual grammars, human analysis, and compu-
tationally supported analysis, along with procedures that will vary across projects. Each project starts with a visual grammar
which informs development of a coding schema and codebook applied to trace data. This dovetails with additional iterative
human analysis, which may incorporate other qualitative methods. Human analysis generates inquires for computationally
supported analysis to quantify and investigate, for final human interpretation of the results. Importantly, computation may
also support sampling and filtering of data for initial human analysis.

3.1 Visual grammars allow researchers to
systematically analyze images

Visual grammars are instruments of fields that systematically study
visual media, such as formalism (study of visual form via attributes
like color or layout) [173], semiotics (study of how meaning arises
from imagery) [170], and meme studies (systematic studies of online
memes) [153]. We draw from Kress and van Leeuwen’s definition of
visual grammars as systematic structures and rules that guide how
humans examine and construct meaning from imagery — providing
an underlying framework for how to look at media, like how linguis-
tic grammars provide rules for constructing meaningful sentences
[88]. Grammars may encompass observational (i.e. color) or inter-
pretable (i.e. affect) traits via an agreed upon system [153, 169, 173].
Figure 2 displays composition, an example of a human-interpretable
visual grammar from formalism [131].

Figure 2: Composition, a visual grammar in formalism, where
human interpreters match artworks to agreed upon cate-
gories of spatial arrangements of objects. From: [131].

Our framework positions the development and application of
a visual grammar as a core component of visual research. This
grammar should be contextual to the project, steering researchers
to systematically read imagery based on their research questions.
We explicitly note systematic instead of formal or measurable.
These grammars do not have to be fully reproducible, absolute, or
even quantifiable. Instead, visual grammars must be grounded in
research questions and data, be able to be rigorously defined, and
be reliably applicable by human analysts. This approach to visual
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grammars, drawn from semiotics where they originate [88, 170],
further embodies principles of rigorous qualitative research, such
as transferability [54, 65].

In our work, we borrow and adapt visual grammars from exist-
ing literature (e.g. formalism) or construct our own to serve as the
underlying structure for developing a coding schema. This may
occur deductively, such as by applying a visual grammar related
to formalism and constructing a context-relevant coding schema
inspired by formalistic dimensions (i.e. colors, composition). Cod-
ing schema development can also occur inductively, such as by
using a visual grammar to guide how researchers examine sam-
ples of images to construct salient code dimensions. Regardless
of approach, a visual grammar provides a foundation for how to
actively look at media [16, 88], offering conceptual grounding and
constraints to increase a researcher’s visual literacy [127] and make
visual knowledge actionable to developing a coding schema. This
coding schema — separate from, but anchored upon and emerging
through application of the visual grammar — is subsequently oper-
ationalized into a codebook, the research instrument applied to the
data.

We propose three success criteria for visual grammars in our
framework:

(1) Grounded in the data and generative towards developing
a coding schema and steering inquiries to answer research
questions.

(2) Transferable across other contexts, in the spirit of rigorous
qualitative research.

(3) Increasing the visual literacy of the researcher via becoming
a knowing and active viewer.

We describe these dimensions below.

3.1.1  Grounded and generative to developing a coding schema and
answering research questions. We borrow from Charmaz’s defini-
tions [33] to "ground" visual grammars. Grammars can inductively
emerge from data or be informed by external priors, as long as
those priors are iteratively in dialogue with the data so they, as
Charmaz notes, “earn their way” into an analysis [34, pg 64]. For
example, a known grammar as a starting point would be iterated
upon by applying and adjusting it to small data samples to finalize
a grammar that meets specific project needs. In other instances,
inductively developing the grammar may be more appropriate, with
researchers iteratively testing new ways of looking at data until
finding one salient for their needs and generative for a coding
schema. In grounded qualitative research, such decision points vary
between projects, but may be centered in concepts like theoretical
saturation when iterations are no longer producing new insights
[33]. To this end, the iterative development of a visual grammar
is generative, providing a basis to fully develop a coding schema.
Through this development process and subsequent coding, new
hypotheses for computational and human analysis are generated
and build to answer the study’s original research questions.

3.1.2 Transferable across other contexts. In the spirit of qualitative
rigor [65, 159], a visual grammar may not be fully reproducible
between studies but transferable. In past work, other visual gram-
mars, like formalism between different artistic mediums [169, 173]
and Shifman’s grammar across different meme genres and contexts

CHI *26, April 13-17, 2026, Barcelona, Spain

[6, 58, 153] have demonstrated transferability. We stress that, like
all qualitative work, transferability will not be seamless and gram-
mars will necessitate adjustment between projects and contexts,
but should provide a systematic foundation for other research.

3.1.3 Increasing the visual literacy of the researcher. Visual gram-
mars provide sufficient structure to help the researcher become an
active and knowing viewer (a la Berger’s notions of active seeing
[16]), fostering their visual literacy [127]. Effective grammar design
centers on structuring image analysis so researchers can focus their
efforts on the most nuanced, active viewings — making the best
use of their labor. Grammars should avoid unnecessary complexity,
leveraging thoughtful groupings or layered approaches to reduce
friction and cognitive load. This may involve testing different ver-
sions of their translations and looking to existing grammars in
literature. In Sec 4, we describe how our coders (primarily students)
experienced this increase of visual literacy and becoming more
active viewers. This development was not only mediated by the
grammar, but also from our participatory learning approach (in
style of [165]) and process of human analysis.

3.2 Human analysis adds depth and expertise

The application of some visual grammars could be automated, such
as the case of “computational formalism” [173]. But our framework
centers human analysis instead, drawing from interpretivist [146]
and grounded [33] research approaches. Via thorough qualitative
analysis, human researchers develop “thick” [62] and contextualized
insights from visual social data. In doing so, salient and grounded
theories are developed to be tested with other analyses — including
computational.

In our work, this occurs by taking qualitative coding and in-
dividual researcher memos and surfacing themes via recurring
thematic analysis meetings, ending with collaboratively written
memos. These group and individual memos are analyzed across
coding sets and analysis meetings to elicit the most salient findings
(in the style of Charmaz [33]). Some projects may use other analyt-
ical approaches (i.e. discourse analysis over thematic). Regardless,
such analyses shape and are shaped by the human researchers, a
central tenet of qualitative work [23, 32, 38].

Human impacts on analysis start at the onset of a project with
what (and how) questions are being posed, along with the precon-
ceptions and goals researchers bring to their work. In the spirit of
qualitative research, we don’t seek to remove these human biases,
nor do we believe such biases can be fully removed [46]. Rather,
we believe the “thick” analyses we seek are made possible by how
researchers’ lived experience and expertise as participants and con-
sumers of visual culture color qualitative analysis [38, 62, 127].

To navigate human influence on research, we leverage reflexive
practices that ask researchers to reflect upon and acknowledge
how their experiences, beliefs, and biases shape the work [23, 46].
We have incorporated ongoing memoing [111, 140] with reflexive
prompts [5] and collaborative analyses in diverse teams [11, 33,
174] as our key reflexive practices. Such practices highlight that
knowledge produced is socially constructed from the researcher’s
standpoint [10, 66], enabling them to surface assumptions, check
for blind spots, and ultimately strengthen their analyses.
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Along with reflexivity, evaluative measures such as inter-rater
reliability (IRR) can help analyze code transferability and expose
areas of human disagreement for further investigation, even when
IRR is not meant to be reported or the goal of coding [110]. This
internal checking and engagement with coder disagreements can
also improve transparency, promoting helpful dialogue and trust in
the research process, and increase depth of findings [124].

Other best practices may include training in coding and memoing
in parallel and recognizing humans shape other research methods,
from interviews to computational analyses. Although computa-
tional analysis may be seen as objective, we embrace and deeply
account for the reality that human researchers shape the questions
asked and tools used in such analyses — and that these tools are
products of human designers [30, 81].

We find reflexivity has unique ramifications in visual projects.
For example, it is a viscerally different experience to see someone
who looks like you depicted in a certain way (particularly neg-
atively) compared to reading about it [72]. Simultaneously, this
experience may provide additional analytical depth — which can
be scaled up and further iterated upon through computationally
supported analysis.

3.3 Computationally supported analysis
extends and aids human analysis

Computational analysis will vary by project, but we position it in
service of — and informed by — human analysis. We lay out three
success criteria for computational analysis in our framework:

(1) Aiding the sustainability of human analysis
(2) Extending human analysis to test grounded hypotheses
(3) Maintaining visual integrity

3.3.1 Aiding the sustainability of human analysis. Computation can
save qualitative coder time and support their wellbeing, making
human analysis more sustainable overall.

In the processing and acquisition of visual social data, compu-
tation can protect researchers by filtering out violent or sexual
imagery. It may also help filter emergent categories and features
of content that researchers identify as harmful or not worth anal-
ysis. This filtering helps surface the most contextually relevant
samples, ensuring human analytical labor is reserved for only the
most salient data, particularly important in projects with potenitally
distressing content.

Questions of sampling and cleaning visual data differ signifi-
cantly from text. Concepts of redundancy in text, like character
differences (i.e. “dogs" vs. “d0gs"), are quantifiable and aligned in
human and machine perceptions. However, analogous quantitative
differences between image pixels may be misaligned — for example,
a cropping of 5 pixels may be less observable to a human than a
machine. Such nuances complicate what it means to pull a “diverse”
sample of visual media compared to text, and thus need human
steering. When these samples are analyzed by humans, computa-
tion can also make for an analysis environment that prioritizes
safety and reduces cognitive load to avoid fatigue.

3.3.2 Extending human analysis to test grounded hypotheses. Com-
putation can help extend human analysis by “zooming out” to apply
close human readings to a larger dataset and surface macro level
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trends. In doing so, computation can enable testing human-led hy-
potheses across a larger dataset, embodying a grounded theory
approach [33].

Applying human readings to a larger dataset may encompass
providing labels of subjects from codes for finetuning VLMs or clas-
sifiers. Human analysis can also provide meaningful and grounded
associations of these labels, like the significance of subjects occur-
ring together. Human insights may also surface trends like prove-
nance (i.e. seeing screenshots tend to be from news websites) which
can be extrapolated to a computational analysis. Meanwhile, sur-
facing macro level trends, like clustering images or quantifying the
amount of image text or color palettes, can grant researchers an
understanding of their larger dataset to help interpret and contex-
tualize their close readings.

3.3.3  Maintaining visual integrity. Our last success criterion is vi-
sual integrity, which we define as centering inquiry around the
visual, preserving both the visual form and human context of data
across a research project.

When designing computational analysis, our framework uplifts
visual integrity as a central design value and criteria. In practice,
this commitment to visual integrity means that we:

(1) preserve the visual modality as much as possible,
(2) do not remove visual data from its social context,
(3) prioritize human interpretation and steering of analysis

First, preserving visual modality may come from the use of well-
designed, modular scripts for specific visual tasks (i.e. logo extrac-
tion, color quantization), an argument made by Lutz et al. [100].
Methods that transform images into textual embeddings like VLMs
are employed to answer precise visual and human inquiries over
open-ended labeling (i.e. “tell me about this picture”), particularly
given recent work on VLMs’ visual task limitations [154].

Second, to avoid removing social context, non-visual information
about media, such as engagement or metadata, are collected to con-
textualize the social and visual production of that data. This could
mean focusing on what metadata tells us about participatory actions
behind related images, enabling a human-centric approach to prove-
nance. Or using project-relevant symbols for machine identification
that are gathered and informed by human insights via qualitative
analysis, literature, or interviews. Such measures support compu-
tational analysis and insights that remain situated in the social,
cultural, and production context behind the visual, aligned with the
notion that visuals are active, situated objects [16, 127, 128, 145].

Third, our framework encourages researchers to center human
interpretation and steering of computational analysis, rather than
allowing computational results to displace or supercede human
knowledge and experience. This means leveraging computational
methods to answer human-driven, visual-centric inquiries, rather
than retro-fitting inquiries to a particular computational method
before engaging with data. Our "grounded" (as per Charmaz [33])
approach to research, where human interpretation of ongoing, iter-
ative results and analyses (including computational ones) spur new
hypotheses for investigation drives this prioritization of human
centering. In our case, we apply this to visual contexts and explicitly
extend and aid human steering via computation.
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We illustrate how we balance visual integrity in computational
analysis across our case studies (Sec 4), and discuss its broader
implications as a sensitizing concept for visual research in Sec 5.1.

3.4 Commitment to practices to care

Our framework and its components were designed with a commit-
ment to care for researchers (in our case, often more junior ones),
drawing from a growing body of literature [3, 13, 55, 141, 163]. We
explicitly draw from a “safety-as-enablement” approach [163] that
leverages reduction of exposure while maintaining the contextual
need of researchers to analyze potentially distressing content as
part of their research. This commitment centers on systematically
deciding what content truly warrants close human reading, and the
practices used to read it. Though this does not remove all potential
harm, it seeks to minimize harm by ensuring any content the re-
searchers witness — whether it’s distressing or not — truly benefits
from their labor. To support this, we incorporate human and cyber
infrastructures (as per Lee et al’s definitions of the computational
and human infrastructure that empowers research [95]) to support
care.

Our framework’s human infrastructures are largely informed by
our positionality as mentors and instructors. Although university
institutional review boards (IRBs) review our studies for procedural,
legal, and ethical compliance, this is only a first — and often insuffi-
cient [44, 53, 75, 171] — step to caring for researchers. Therefore,
we implement several additional measures of care, beginning with
training — especially important as much of our work uses an active-
learning model with junior scholars [165]. We train researchers
not just in visual literacy [16, 127], but also in best practices for
reviewing traumatic media from psychology [72, 175] and journal-
ism [77, 143]. We also design projects with extra capacity on the
research team, such that coders can take a week off and perform
other tasks like literature review. Our work uses a harm reduc-
tion approach — minimizing exposure of content to more junior
researchers by having a senior or lead researcher as a stop gap.
Other projects may benefit from harm distribution, with several
researchers reviewing small samples [163].

These human infrastructures influence how care intersects with
our framework components. The grammar, outlining how to look
at an image, should help reduce cognitive load and serve as a struc-
ture to help researchers systematically look at imagery that could
otherwise be overwhelming. The codebook offers another place
to embed care and safety-as-enablement [163], such as grouping
related codes to reduce friction and providing small image previews
before full-size viewing in coding environments. Reflexive memos
may help researchers stay in tune with their wellbeing and emo-
tions during analysis [83]. Additionally, analysis meetings can offer
an opportunity to check in with coders alongside the usual focuses
on arbitration and collaborative thematic analysis. We have found
other practices, like coding while being co-present and during the
day instead of evening, to also be helpful for teams when analyzing
difficult content.

We also leverage computational infrastructure for care via our
third framework component, computationally-assisted analysis. In
particular, we focus on caring for researchers with computation by
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filtering out the “worst of the worst” content (i.e. CSAM!, extreme
gore, or slurs) before humans see data. We also care for researchers
by ensuring that any analysis of troubling content focuses only
on the most salient and contextually meaningful samples, filtering
out redundant images and those lacking substantive details (i.e.
out-of-context hate symbols).

4 Case studies

Next, we walk through three case studies of problematic informa-
tion where we have applied this framework:

(1) Anti-immigrant visual propaganda (4.1): Contemporane-
ous, weekly analysis of visual anti-immigrant propaganda on
X and TikTok in the US across 2024, a Presidential Election
year.

(2) Jesus AI Slop Imagery on Facebook (4.2): Studying a
phenomenon of “Al slop” (low quality, mass-produced Al
imagery) featuring Jesus, which led to user frustration and
concerns around scams and misinformation.

(3) Telegram Visual Identity and Disinformation of Russian-
Ukraine War (4.3): Examining how different visual tactics
manifest national identity and propaganda during the occu-
pation of Ukraine by Russian forces.

The first two case studies were led by this paper’s first author,
with Case Study 1 serving as the initial development site for the
framework. Case Study 1 involved the second, third, and senior
authors, along with additional collaborators. Case Study 2 involved
the second and senior authors and additional colleagues. Case Study
3 was led by the fourth author and their collaborators, with the first
author contributing this framework. All case studies received IRB
approval at their respective institutions (Case Studies 1 and 2 at
the first author’s institution; Case Study 3 via the fourth author’s).
Each case study has resulted in published, forthcoming, in-review,
or in-preparation work. Table 1 summarizes how the framework’s
components — visual grammars, human analysis, computationally
supported analysis, and commitments to care — were applied and
varied across the case studies.

1CSAM stands for child sexual abuse materials
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Framework Component

Case Study 1

Case Study 2

Case Study 3

Visual grammar in all
case studies

Developed and applied visual grammar as a formative structure for examining media and
steering subsequent coding schema development.

Visual grammar
development per case study

Started with prior literature
and iterated with inductive
open coding to finalize layered
grammar.

Interviewed religious experts
and users to develop a
grammar to examine subject
arrangements.

Inductive open coding followed
by prior literature and Case
Study 1 grammars to finalize a
layered grammar featuring
stance.

Human analysis in all
case studies

Human analysis in collaborative teams, involving qualitative coding and iterative thematic

analysis across several meetings.

Analysis surfaces hypotheses for

computational testing.

Performing human analysis
per case study

50 weeks of weekly content
analysis meetings.

6 weeks of interviews and
analysis meetings. Followed by
4 weeks of content analysis
meetings.

7 weeks of weekly content
analysis meetings.

Computationally
supported analysis in all
case studies

Designed to answer exact human inquiries, extending human analysis via quantification of
identified visual traits. Results interpreted by researchers. Supports human analysis via filtering

and sampling.

Conducting computational
analysis per case study

Filtering for saliency,
redundancy, and safety of
coding samples. Modular
scripts to test emergent

Constructing a diverse image
sample. Quantifying
participant-identified subjects
of interest and discrepancies
across skin tones.

Quantifying human-identified
visual-traits (i.e. logos) and
tendencies in stance across a
larger dataset and reusable

hypotheses, such as
provenance and image editing.
Constructing human-in-loop
analyses of related images.

pipeline.

Commitment to care in
all case studies

Harm reduction and safety-as-enablement approach to limit researcher exposure to the most
harmful content. Screening of samples by senior or lead researcher(s). Coders received traumatic
image training and performed reflexive memoing. Coders could take breaks and switch to
different tasks. Leveraging image previews for image-by-image opt-out.

Table 1: Summary of core framework components and their implementations in each case study.

4.1 Case Study 1: Anti-immigrant visual
propaganda

This project followed visual US-based anti-immigrant propaganda
on TikTok and X from January to December 2024, a year when immi-
gration was central to US presidential election discourse. We sought
to identify the tactics and trends of this propaganda across time
and formats, studying the phenomenon in real time. This included
qualitative analysis of ~1,500 media elements and computational
analysis of ~50,000 elements conducted contemporaneously across
50 study weeks (see Figure 3 for an overview). This project also
led to a sub-case study on how data visualizations in this rhetoric,
co-led by the first and third author [43].

Given our study’s often troubling content, we took care to protect
our research team, which consisted of eight coders at a time, with
at least six coding at any given time. Since this project was the
catalyst for the development of our initial framework, it informed
many of its core components and principles.

4.1.1  Visual grammar. Coming into this work, we knew we needed
to develop a systematic but flexible way to qualitatively analyze
large amounts of changing, and often upsetting, imagery each week.

We also knew that our qualitative approach would need to embrace
the active nature of this real-time, changing rhetoric and help an-
swer our research questions focused on what tactics and depictions
were building anti-immigrant propaganda.

We spent nine weeks inductively developing a visual grammar
to help orient and structure our qualitative analysis. This involved
open coding and thematically analyzing 200 media elements. We
began by iterating on a layered schema that we titled “Subjects,
Actions, Background", drawing from alt text captioning’s “object,
action, context” frameworks [48, 90, 179]; systematic art analyses
like Sutil’s approach to analyzing motion and formalism [161, 173];
and Kress and Van Leeuwen’s notions of participants, processes, and
circumstances [87]. This layered approach allowed and trained
us to systematically review content even as it (and its emotional
valences) fluctuated over the course of our study. We combined
this formalistic layering with analyzing visual traits and depicted
claims of an image. This satisfied our goal of surfacing both high
level traits and tactics that appeared across time (i.e. formats of
media) and prominent subjects and valences within this propaganda
(i.e. aligning subjects with actions taken to or around them). During
this iterative process, we also developed a coding schema, steered
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Figure 3: Summary of methods used in Case Study 1, starting with the development of the visual grammar and coding schema,
which was applied to and iterated upon by human analysis in weekly qualitative coding and meetings across 50 study weeks.
This analysis provided key observations for testing and quantification in computationally supported analysis, which also

assisted with overall data filtering.

by the visual grammar, with more specific emergent codes such as
post-production edits, provenance of images, and how an image
depicted a rhetorical frame from our thematic analysis. Figure 4
shows how we developed and refined the visual grammar and
the qualitative coding schema through this iterative and, at times,
entangled process.

Coders reflected on how the grammar’s structure taught them
about visual analysis and helped them “slow down” and become
more active viewers who could step outside of how they felt about
this content (often, deeply negatively) to apply a coding schema
and understand participatory dynamics and tactics shaping this
sociopolitical issue. Building out the grammar and coding schema
also generated new insights to explore and test via human and
computational analysis, such as the role of data visualizations in
anti-immigrant propaganda [43]. We initially developed this gram-
mar to meet the specific needs of this project, but later found it to
be generative of new questions and transferable to other contexts,
inspiring reflection of the broader framework presented here.

4.1.2  Human analysis. In weekly meetings, the team constructed
a thematic analysis of that week’s media set and discussed codes,
collaboratively writing a weekly group memo. These memos were
analyzed across one another to understand the evolving tactics and
trends of the propaganda.

Coders also wrote individual weekly, reflexive memos about their
insights and how the imagery impacted them. We provide examples
of these memos in Appendix A. Overall, this project was emotion-
ally difficult, as many of our team members were undergraduate
students from immigrant backgrounds, making our care practices
(detailed in 4.1.4) critical. In one written reflection, a coder reflected
on his experience coding several images of men who looked like
him depicted as criminals:

“People have [always] called Mexican men gang bangers and
rapists and b**n*rs and w*tb*cks and whatever. I got called a sp*c and

b**n’r as recently as last week. But it was still harder than I thought
it would be to see photos of people that looked like me and my little
brother and dad portrayed as rapists and gangsters.” - student memo

However, researchers felt drawn to this work to understand how
their communities were being framed in this propaganda. In addi-
tion to learning propaganda tactics, researchers reflected on how
this work made them more critical and engaged with political con-
tent they saw online both in and outside of immigration contexts.
Reflexive memoing and systematic thematic analysis helped us to
maintain analytical rigor informed by lived experience and knowl-
edge of the subject matter, while also accounting for our (often
deeply personal) disagreements with (and in many cases outright
disgust for) anti-immigrant content. This human analysis added
“thick" descriptions [62] to our empirical findings and facilitated
organic discovery of key findings, such as the unique role of data
visualizations in this rhetoric or how the certain image aesthetics
showed provenance (such as a presence of memes made on Face-
book). These insights were later extended by computation but may
have been missed without initial human surfacing.

4.1.3 Computationally supported analysis. In this work, computa-
tion aided researchers in identifying and removing both the “worst
of the worst” content (gore and sexually-explicit imagery) and also
contextually harmful content we deem hatespam, which was repet-
itive slurs or hate symbols lacking additional meaningful content to
analyze. We used computation, via identifying keywords and colors
(see Figure 7) to filter out this content. In doing so, we preserved
the visual modality of our data and filtered out content deemed not
worth close human reading, aligning with our commitment to vi-
sual integrity as described in Sec 3.3.3. We also used computational
measures of similarity [7] to quantify “image families” (see Figure
5) in our dataset to avoid the analysis of redundant images. This
allowed us to keep track of participatory dynamics across remixed
images without having to apply valuable coder bandwidth and risk



CHI 26, April 13-17, 2026, Barcelona, Spain Lutz et al.

y Visual Grammar - how to look
]
LN 1 Subject, Action, Background 1

Subject(s): Identify the human subjects in imagery Subject(s):
1.lllegal alien men (3)
2.Young girls (3)

Coding schema - labeling what is seen

Subject, Action, Background

Action: Action that the subject is performing and if the
action is depicted or implied

Action (in format of subject performing)
Background: Where the whole image Is taking place, but 1.lllegal alien men murdering young girls
also different depicted or implied settings within the 2.Young girls doing school activities
image 3.Implied or explicit? Implied
4.Depicted In Image? No

Background (in format of background by subject):
1.Location: Texas
2.lllegal alien men: “Mug shots” “Security footage”
3.Girls: “School activities”

2 Visual elements

Visual elements:
1.Format: Collage of photos
2.Post-production edits? Yes
3.Post production type: Added text, Added stamps.
4.Labeled source of Image? No

3 Claims and decscription

Claim:
1.Level of Implication? Heavily Implied
2.Claim description: “lllegal alien men are killing young
girls.”
3.Depicted claim: “The man depicted below the girl
killed her.”

i

Visual elements

Visual elements: Examining evident visual elements,
starting with format and then for visual traits about the
production of an image.

3 Claims and decscription

|

Claim: Examining what claims this image could support
and how subjects and actions align with the claim.

Description: Describing an image’s appearance from top
to down in order of subjects and how they are depicted.

Descriptive memo:

“On the top are three pictures of young girls, displaying
their names their age, and the date and location of their
murder below them are pictures of men with a red
stamp font labeling each man an illegal alien.”

Figure 4: Sample image, annotated for publication, based on our visual grammar and the subsequent coding schema applied.
Coders first go through (1) “Subject, Action, Background”, in codes and annotations. Then, they focus on (2) "Visual elements"
such as formats, post-production, and provenance. Finally, they focused on (3) "Claims and description" memoing about an
image’s claims and holistic description. Blue text based on closed code prompting instructions from the coding environment
and quoted text is copied student written descriptions. Figure is summary, not entire reproduction.

repeated exposure to redundant data, further preserving the social
and production context of our data in line with visual integrity.
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Figure 5: An example of a family of visually similar images
identified via our computational analysis. Figure 6: An example DVL, where similar images became the

center of detailed investigation. Source: [43].

In the case of our data visualization sub-case we extended these
image families into "data visualization lineages" (DVLs) [43] by

providing a chronological account for related media (a lineage).

We used computational similarity to locate similar images in our
dataset and OSINT techniques to find related content online and
interpret metadata. These lineages were manually analyzed for
details of the participatory dynamics that formed it. This illustrates
how definitions of visual redundancy and what warrants human
analysis can vary across projects and how similar computational
methods can support different goals.

Throughout the study, we used computation to extend human
observations (see Figure 7). We leveraged several computer vision
techniques, particularly optical character recognition (OCR) and

color quantization [100]) to quantify keywords (see A in Figure 7),
logos (see B in Figure 7), and match sources of screenshots that
human coders created test images for (see D in Figure 7). We also
ran error level analysis to detect image editing (see C in Figure 7).

Due to the real time nature of our analysis (tracking new anti-
immigrant content weekly) and constraints on time and compute,
we relied on small, modular scripts using a variety of computer
vision techniques to test human hypotheses across our dataset.
This also gave us more control over steering our computation, and
allowed us to develop the notion and priorities of visual integrity (as
this was the case study from which our framework first emerged).
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Figure 7: Four key tactics used in this project. (A) OCR ex-
tracting text, to isolate images with particular key words and
quantify popular words in a dataset. (B) logo identification
via a database of emergent logos. (C) Error level analysis
showing post production image manipulation. (D) Showing
font and emoji matching to detect a post is from Facebook,
based on a test image.

4.1.4 Commitment to care. Given the distressing content and our
coders’ intimacy with it, we implemented several practices of care.

We ran this project as a series of for-credit research groups (as
described by [165]) from January to December 2024. Each week,
analysis meetings served as a time to discuss findings and how the
research impacted us. During these meetings, two PhD students
(first and second authors on this paper) supervised and facilitated
these conversations, modeling the behavior of sharing how this
imagery and other content they studied had impacted them. Ad-
ditionally, at the start of the academic term, a university mental
health professional spoke to the team and covered well-being re-
sources specific to this work and each coder reviewed resources
about traumatic imagery [77, 143].

These measures served as human infrastructures of care and
that helped us iterate on computational ones. Computation helped
filter out the “worst of the worst” content and hatespam, and also
provided the most salient samples for human analysis by filtering
out redundant imagery. In our coding environments, we enabled
small previews of images instead of defaulting to large screen views
to allow coders to opt-out of imagery as needed. Logistically, we
instilled a policy to allow coders to switch off for a week or two
if they needed a break and do other research tasks (i.e. literature
review) that would still fulfill course credit. This switching was
made possible by having at least two extra research assistants on
the team who could rotate into the coding.

These practices worked together to support our coders and in-
form care practices in future case studies.

4.2 Case Study 2: Jesus Al Slop on Facebook

Al Slop is mass produced Al-generated content (in this case, often
surreal or even disturbing images) that has been tied to engagement
monetization efforts of spammers and scammers [45, 85]. In 2024,
large quantities of Al Slop imagery appeared on Facebook, and we
investigated a popular subgenre: Jesus imagery.
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This study explored user experiences and folk theories about
pages behind AI Jesus Slop, and examines visual trends within
the imagery. We integrated 20 interviews with users and religious
experts into our visual research framework alongside qualitative
and computational analysis of Al Jesus Slop (see Figure 9).

4.2.1  Visual grammar. We knew our visual grammar needed to
identify visual trends most culturally and contextually significant
to users. We inductively developed our grammar, interviewing
religious experts and users using visual elicitation (as per [99,
167]) with a visually diverse sample of images. This sample was
constructed by our open coding of images during data gathering
through deep immersion [94] (see Figure 9) and interpreting results
of computational clustering of 6,000 images (see 4.2.3).

These interviews helped us identify theologically (from religious
experts) and culturally (from users) significant symbols and de-
pictions of Jesus (see Figure 8 for examples), and showed us how
participants read and looked at these images. This allowed us to
ground our grammar around their viewing — focusing on identify-
ing subjects, actions, and the arrangement of subjects with respect
to one another. We structured and populated a coding schema
around visual subjects (i.e. women, children), depicted actions
(i.e. Jesus praying, being saved), and stylistic choices (i.e. Jesus as
a cartoon, Jesus as a fruit). We operationalized this into a codebook
and applied it across a visually diverse set of 600 images. Through
coding, we quantified visual trends across images and generated a
final list of subjects for computational analysis.

Figure 8: Examples of key subjects occurring with Jesus that
stood out to participants such as appearing with pregnant
women, the military, and injured children.

4.2.2  Human analysis. This research was conducted by a team of
four PhD students, all with prior research experience with problem-
atic information. Two had religious backgrounds, which provided
contextual knowledge for the interviews and analysis. Notably,
human analysis of imagery included perspectives from interview
participants as well as researchers through active co-viewing of
Al Jesus Slop, shaping the analysis with observations and theories
about the images’ socio-religious context and production. These
collaborative interpretations iteratively informed the grammar of
how to look and the subsequent qualitative coding schema. But
they also colored overall memos, interview analysis, and the design
of computational analysis — keeping our analyses grounded the
human experience and meaning making from the visual.

4.2.3 Computationally supported analysis. We used CLIP (a zero-
shot classifier) with human verification [156] to detect subjects of
interest (i.e., women and animals occurring with Jesus) from our
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Figure 9: Summary of methods in Case Study 2, starting with detailed human analysis and exploration of our phenomenon,
which computation helped facilitate sampling of for interviews that informed the development of visual grammar. Grammar
was then applied to a sample via qualitative coding. Human analysis and interpretation of coding and interviews were then
explored and quantified with computationally supported analysis regarding subjects of interest and skintone.

coding and interviews — extending human observations across the
6,000-image dataset. We chose CLIP to leverage CLIP embeddings
present in many text-to-image generator outputs [63]. This resulted
in subsets of data with subjects co-occurring with Jesus for human
interpretation, driven by human collected inputs and a carefully
chosen visual method, in sticking with visual integrity.

Human inspection of CLIP-derived subsets — especially women,
children, and participants’ noted disparities in depictions of people
of color — spurred further analysis. To attain subsets of depicted
children (a particularly interesting subject) separated by skin tone,
we used color quantization and the Monk Skintone scale [100, 156]
to quantify distributions of skin tones of children co-occurring with
Jesus and, via human inspection, derive qualitative details of how
children with different skin tones were depicted.

This case study’s computational analysis focused on testing re-
searcher and participant hypotheses on 6,000 images, revealing
how these observations did or did not scale. For instance, several
subjects frequently mentioned by interview participants did not
map to the most frequent subjects in the quantitative analysis. In
other words, the experiences of people who engaged in this visual
discourse and the things they found most salient were not perfectly
aligned with the most prevalent content in the data. Without the
human visual experience (via our coding and interviews), we may
have missed these subjects which resulted in rich insights about
the social production and user experiences of this imagery.

4.24 Commitment to care. Our research team of PhD students all
had experience with problematic information and received relevant
training. We kept running memos regarding the imagery, reflecting
asynchronously and synchronously in analysis meetings. Addition-
ally, in line with our harm reduction approach, the lead researcher,
being the most experienced with visual analysis, still served in a
review role of the samples. We also made an active effort to point
out what could be humorous images, trying to not overly focus our
experience on disorienting or disturbing (i.e. sexual, gory) images.
But still, looking at hundreds of these images was disorienting and
we used computation, where we could, to reduce human effort and
limit unnecessary exposure.

We also took measures to care for interview participants seeing
this imagery. We practiced continuous, informed consent — repeat-
edly reminding participants they could skip any image(s). We also
gave participants zoomed out previews of images first, and only
later zoomed in after consent and for more detailed conversations.

4.3 Case Study 3: Russian-Ukrainian war
imagery on Telegram

Telegram is a key platform for news and discourse across de-occupied,

occupied, and frontline regions of Ukraine in the war with Rus-

sia, with regional channels differing in content and vulnerability

to information operations [118, 121]. This case study focused on
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prevalence and tactics of national and social identity in pro-Russian
and pro-Ukrainian visual content. In particular, we sought to (1) un-
derstand how known frameworks of hostility/solidarity (previously
applied to Ukrainian textual data) [91] manifest in visual media and
(2) inform the design of a reusable, multimodal VLM data pipeline
for analysis of large corpuses of conflict zone data.

Over twelve weeks (summarized in Figure 10), undergraduate
researchers mentored by more senior researchers (including the
first and fourth authors) qualitatively analyzed Telegram 200 image-
post pairs and prototyped components of the data pipeline.

4.3.1 Visual grammar. Via visual analysis, we sought to surface
trends and tactics of how solidarity/hostility was depicted in pro-
Russian and pro-Ukrainian content and to inform the design of
a multi-modal data pipeline. The aim for our grammar thus was
reading images for 1) depicted stance and how this stance was
supported by visual traits and tactics and 2) how to parse this into
machine-digestible features.

We inductively developed our grammar over four weeks of fine-
tuning our initial understanding (pro-Russian vs pro-Ukrainian vs
neutral vs none) of depicted stances via open coding small data
samples, and eventually deductively incorporating definitions of
solidarity and hostility from previous work [91]. Our grammar first
had coders identify observable features for machine translation and
then more interpretative features for human analysis — first stance,
then solidarity and hostility, and finally how different visual ele-
ments supported these traits. This layered approach allowed coders,
as in Case Study 1, to slow down and systematically analyze often
difficult images of active conflict that impacted their communities
(as multiple were Ukrainian).

We subsequently built a coding schema using this underlying
grammar, focusing on depicted stance and hostility/solidarity
(i.e. pro-Ukrainian, meant to build in-group solidarity), visual traits
(i.e. format of image), and visual tactics (i.e. infographics normal-
izing Russian infrastructure in occupied Ukraine). We populated
visual traits as subjects of interest (i.e. tanks), types of imagery (i.e.
screenshots), image provenance (i.e. different government websites)
and modification actions (i.e. annotations). These visual trait codes
were inspired by Case Study 1 and expanded inductively to fit our
data. Meanwhile, visual tactics were fully inductive to our study
— starting with open codes and ending in closed codes of common
tactics like depicted non-war cultural symbols (i.e. sports, beauty
pageants) or occupational normalization via infrastructure (i.e. calls
for Ukrainians to add their homes to the Russian registry).

Because we wanted to transfer solidarity/hostility metrics of
prior work on text to visuals in a VLM, interrater reliability (IRR)
was critical for these codes. We found Krippendorf’s Alphas [89]
of a = 0.7041 for solidarity and « = 0.8109 for hostility, which
was consistent with agreement in previous work [91]. Other codes
contributed to a broader thematic and human analysis.

4.3.2  Human analysis. Across seven weeks, students became in-
creasingly “knowing viewers” in analyzing 200 total images.
Students, all first-time qualitative coders from quantitative back-
grounds, were trained by the first author through an overview of
qualitative coding and practice on sample images, preparing them
to code asynchronously and write weekly reflexive memos. Weekly
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analysis meetings, facilitated by three senior researchers?, synthe-
sized codes and student memos into thematic analyses and weekly
memos of pro-Russian and pro-Ukrainian narratives and tactics.
This built to a cumulative qualitative analysis (see Figure 11).

Pro-
Russian

Pro-
Ukrainian

Reiterating national identity
through symbols and
people of honor, pride, and
supporting the cause:
Expressing hostility towards
Russian occupation with
humor and belittlement.

Normalization via
infrastructure and the
installation of cultural
symbols

Figure 11: Slides from students’ presentation at end of their
summer research experience, highlighting key findings from
the visual qualitative analysis.

Coding also provided human-labeled data to fine-tune the pipeline,
such as logos and symbols, which students could systematically
collect while coding. Qualitative analysis provided contextual sig-
nificance of visual traits like logo locations (i.e. on weapons vs
fundraising ads). These insights and themes, surfaced in analysis
meetings and memos, facilitated the design of human-informed
tasks for the pipeline. For example, instead of the pipeline just find-
ing patriotic colors, our analysis also scoped the success of this task
to include if patriotic colors were showing up in public infrastruc-
ture (i.e. illuminating buildings) — an important visual tactic that
emerged during our analysis and may not have been captured by
VLM-centric approaches. Team decisions in these meetings helped
facilitate this translation and iterative pipeline design to make the
best use of both compute and developer resources.

At times, open source intelligence (OSINT) investigations were
needed to verify and contextualize findings. This was done with the
research supervisor, who has professional experience with security,
defense, and information operations. Such investigations, combined
with human analysis, helped guide pipeline design and contextual
data sources for the VLM.

Half of the research team were Ukrainians based outside of
Ukraine, granting them key linguistic, cultural, and personal knowl-
edge to inform and shape analysis. Member checking of transla-
tions and cultural cues was performed to assist non-Ukrainian
researchers. This added cultural and lived expertise to our analysis,
but also necessitated a commitment to care (see 4.3.4).

4.3.3 Computationally supported analysis. Human insights steered
the design of the multimodal data pipeline which sought to auto-
mate and scale analysis to a larger corpus. In particular, human
analysis translated to cascading tasks for the data pipeline (see
Figure 13). These tasks occurred across a spectrum of high level
semantic tasks (leveraging online context/meaning) to more de-
tailed syntactic tasks (focusing on structure and form) (see Figure
12) [49, 130]. High level tasks included assessing stance and context
of the image, structured and informed by our visual grammar —
guiding both humans and machines in the systematic examination
of the imagery. Meanwhile, more detailed tasks focused on observ-
able, finetuned (via human data) identifications of objects like flags,

2The first author of this paper, one co-author who led the project and summer learning
program, and a Ukrainian PhD student
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Development of the visual grammar and coding schemes over 4
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| Success criteria
i : for pipleine
Visual > Coding Codebook \
Grammar schema
Qualitative 4| Cleaning and | Labels (finetuning data,
- ( ) Coding - IRR “| screenshots of logos, etc)
Case Research Prior work
Study 1 Questions on textual
Grammar data ¥
Memos, 3 .
7 total cycles SR | Prompting Multimodal Data
across 200 observations, SIS (g Pipeline
Legend Image-pairs interpretations \ P
Visual grammar and subsequent coding % VLM Tasks )
schema
. Informs
Weekly Analysis | il OSINT (
Human analysis Meetings analysis Research
Human interpretations
( of outputs
Computationally supported analysis
v
i Weeki, P q
mSpeCt.'on v Synthesis of interpretations
by senior = Geographically into findi
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Figure 10: Summary of methods in Case Study 3, showing how iterative development of a visual grammar from prior literature
and Case Study 1 resulted in a coding schema and codebook that we iteratively applied to not only surface insights for
computational investigation but also to generate human labeled data for finetuning a VLM multimodal data pipeline, which
provided further computationally supported analysis. We provide more details about the data pipeline in 4.3.4

logos, and patriotic colors. These tasks combined to automate and
scale our detailed human insights into a reusable data pipeline de-
sign, while also focusing on preserving the visual nature of our
data and on modular, visual centric tasks.

Semantic implicit messages =
Analysis g
settings & scenes T
explicit messages
captions
Ed ()
ST £
symbols (insignia, logos, ... etc.) S
Syntactic objects & placements g
Analysis styles (color, medium, layout, ... etc. )

Priors Object Context

Figure 12: Identified tasks are broadly placed between syntac-
tic (observational, such as visual traits coded by humans) and
semantic (interpretable, such as visual tactics) on vertical
axis, corresponding to prior literature of VLM tasks and our
pipeline observations. Horizontal axis highlights the role
of information such as priors for provenance analysis and
auxiliary information for contextual insights.

To measure success and accuracy, VLM outputs are compared
against human insights on stance, visual traits, and visual tactics
to iteratively inform and train the pipeline. This fine-tuning relies

on extensive human involvement to preserve analytic detail and
cultural nuance via researcher lived expertise, and reliance on vi-
sual syntactic data which could be lost if not explicitly prioritized
via fine-tuning [49]. This validation was critical given the research
context of an ongoing conflict and the team’s personal connec-
tions, maintaining visual integrity via preserving social context and
forefronting human interpretation of computational analysis.

4.3.4 Commitment to care. Given half of the research team’s inti-
mate relationship with the conflict (by virtue of being from Ukraine),
this project exposed them to potential harm via imagery depicting
the very real impacts on their friends, families, neighbors, and coun-
trymen back home. It was critical to balance leveraging their deep,
contextual knowledge with care for their wellbeing throughout
this work. This motivated the team to manually analyze only a
small portion of data and use the pipeline to scale analysis while
minimizing human exposure.

“T thought the images as a whole would be more explicitly violent,
but surprisingly, I was most struck by the infographics from DNR and
Mariupol that were advising people about medical care etc. They felt
insidious in a way that outright violence does not.” - student memo
from project (more memos in Appendix A)

We also took other measures of care before and during human
analysis. First, weekly samples were screened by more senior re-
searchers to avoid the worst content, like extensive gore. When
training coders, we leveraged wellbeing resources from Case Study
1 (4.1.4) for handling traumatic imagery and alerted coders to key
wellness signs (i.e. trouble sleeping). Coders coded only during
work hours and while being co-located with each other and the
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Figure 13: Based on tasks in Figure 10 and mapping in Figure 11, this pipeline diagram provides an operationalized view of the
"Multimodal Data Pipeline" box from Figure 10. Data sources of priors like fact-checked information about the conflict and
symbols (including those added by our human analysis) help to contextualize VLM and shape prompting structure informed by
human analysis and visual grammar. Telegram data (objects) are analyzed first by syntactical analyses to explicitly represent
visually observable features according to the schema. This provides an intermediate structured output, usable not just as
semantic metadata for asset cataloguing, but also as a form of human-interpretable input passed on for downstream usage.
The holistic analysis process leverages multimodal and reasoning foundation models to respond to specific semantic queries
informed by these schemas and prompting structuring. The output of the “holistic analysis” then goes through human
evaluation, leading to two critical applications that improve the visual pipeline: 1) potential modification feedback to the input
prompt used by foundation models; 2) as a dataset, after filtering for quality, that can be used to finetune the same model
deployed to perform the analysis

research manager. Additionally, as in Case 1, if coders were not
able to conduct qualitative analysis or needed a break from it, they
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Coders also filled out reflexive journal prompts provided by the
first author (based again on Case Study 1) about their observations
and their affective experiences analyzing this imagery. These were
covered during the analysis meetings and not seen as a limitation,
but a guiding force towards traits and tactics to be prioritized in
the data pipeline.

Bl Hapyuwenvie pexima npexpalLienis: orsi Violation of the ceasefire is recorded in the southern
B sacbkciposano Ha 10XHOM yvacTke hpoHTa. section of the front

1
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Figure 14: Coders could see previews of images before open-
ing the image URL for detailed analysis and also have post
context in original language and English.
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5 Discussion and implications

This paper lays out a research framework for building computationally-

supported, human-centered pipelines for studying visual social data.
We outlined three core framework features: visual grammars, hu-
man analysis, and computationally supported analysis situated
in visual research methodologies. We detailed our framework’s
commitment to care, informed by our positionality as researchers
of problematic information and drawing from a growing body of
work around researcher protection. We illustrated this framework
in three empirical case studies of problematic information: anti-
immigrant visual propaganda, Al Slop, and war-time imagery.

In doing so, we have shown how our framework supports grounded,
interpretivist mixed-methods research on visual social data. Below,
we detail the principles and implications of adopting our framework
and provide pragmatic advice for researchers. We start with ex-
plaining how researchers can maintain visual integrity, particularly
when negotiating boundaries between human and computational
analysis (5.1). We then describe computational and human infras-
tructures, and tensions, in caring for researchers (5.2). We end with
implications for what it means to become, and to train, visually
literate researchers in HCI and beyond (5.3).

5.1 Maintaining visual integrity in
computationally supported analysis

Our methodological framework maintains a commitment to pri-
oritizing and centering the visual. We offer visual integrity as a
sensitizing concept for designing computationally-assisted, human-
centered pipelines for analyzing visual social data, hoping it may
help researchers negotiate boundaries between computational and
human analysis. Sensitizing concepts, defined by Blumer [20], are
theoretical tools used by researchers as guiding directions, not pre-
scriptive definitions. In grounded theory, sensitizing concepts can
be applied as priors to guide the researcher [33, 64]. We define
visual integrity as centering inquiry around the visual, preserving
both the visual form and human context of data across a research
project. Other scholars have engaged with similar concepts, such
as Manovich’s “direct visualizations”, in which:

“..data is reorganized into a new visual representation that pre-
serves its original form. Usually, this does involve some data trans-
formation such as changing data size...However, this is a reduction
that is quantitative rather than qualitative. We don’t substitute media
objects by new objects...” [103, pg 12]

"Direct visualizations" preserve visual data’s original form [103],
as visual integrity seeks to. Other research approaches like metapic-
tures [144] and visual rhythm representations [71] also preserve
visual modality. These artifacts allow researchers to observe large
amounts of visual social data with minimal or no transformations.
However, these approaches remain agnostic to the social interpre-
tation and meaning of data. With visual integrity, we seek to bridge
how these approaches preserve visual modality and also consider
the social context behind the data.

In practice, embodying visual integrity in research encompasses:
1) preserving visual modality as much as possible, 2) preserving the
social context of visual data, and 3) prioritizing human interpreta-
tion and steering of analysis. We uphold this commitment across

Lutz et al.

our case studies through how we chose to implement and apply
our methods to visual social data and interpretation of results.

Towards the first point, Case Study 1 leveraged modular scripts
to answer targeted visual inquiries, like trends in logos or fonts. In
Case Study 2, computation focused on quantifying visual features
like skintones and depicted subjects of interest across our dataset. In
Case Study 3, we incorporated both visual-first, modular approaches
and VLMs, which did transform visuals to textual representations
for semantic analysis. However, VLMs were only utilized after ex-
tensive human reading of visual content and bounded by these
interpretations. This brings us to our second point — preserving the
social context of visual data. In Case Study 1, when computation
surfaced non-visual data like metadata and provenance, it was in
service of studying the social, participatory production and evolu-
tion of visual content, including data visualizations. In Case Study
2, many of the most culturally significant visual subjects to partici-
pants were not the highest engagement drivers, and may have been
lost in a "big data" approach. By prioritizing visual integrity, we
maintained these insights. And in Case Study 3, the lived expertise
of researchers grounded the study in considering the most salient
symbols and tasks for analysis. Regarding the third point, across
all case studies, we focused on preserving an active, human view-
ing of the visual to steer and inform computationally supported
analysis, which was then interpreted by researchers in dialogue
with insights from human analysis. Visual integrity allowed us to
negotiate boundaries between computational and human analysis
and uplift human interpretation.

This guided negotiation is particularly beneficial when a re-
searcher is tempted to adopt the trendiest new tool, a predicament
faced across time and fields. In the 1960s, as computational tools
spread in economics, Paarlberg noted some researchers became
so computationally enamored that they sought problems to fit the
tools, rather than tools that fit research questions, writing: “Here
is a prestigious tool. Where can I find a problem or some data on
which to use it?” [125, pg 1387]. A similar concern now preoccu-
pies HCI, particularly with generative Al tools being increasingly
applied in research [80, 82, 150]. Without careful human guidance,
scholars note applying computational approaches (including Al) to
social data can strip away the social from findings [18, 22, 31, 79].
In sensitive research contexts (i.e. trauma-related topics), deep hu-
man involvement can provide situated expertise for preserving the
social in social data, yet may also benefit the most from machine
support to protect researchers [37, 163]. At the same time, in some
contexts particular computational tools may be severely limited.
For example, GenAI models lack real-time context windows [74]
for providing accurate responses regarding unfolding events perti-
nent to problematic information like active conflict and evolving
propaganda. Additionally, models are targets of and susceptible to
information operations [50], which is why we leveraged our own
human labeled data for the VLM instance in Case Study 3, where
we were studying discourse around an active conflict.

Bounding and steering computation, particularly Al in research
requires complex, situational decisions which depend on evolving
technologies and field norms [82]. In defining norms, researchers
must weigh risks of adding biases and invalidating lived experience,
consent, privacy, and qualitative epistemologies [18, 52, 79, 80, 150].
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Such norms are developing at a time of “Al hype” [14] and an in-
creasingly competitive research landscape that may push scholars
to rapidly integrate Al tooling without sufficient study design con-
siderations to account for machine limitations to interpreting rich
social data [80, 112, 154].

Our commitment to visual integrity and the methods used in
service of it were influenced by the nature of our case studies
and our interpretivist epistemologies. Our context surfaced a need
to limit what human researchers saw and make best use of their
labor, motivating the use of computational methods to carefully
filter and select salient visual content to put in front of coders.
Additionally, our interpretivist epistemology motivated us to center
human analysis, leveraging the lived experience and expertise of
researchers who were often closely tied to emotionally charged
and pressing topics. Had this framework been developed in other
contexts, this emphasis on human close reading, reflexivity, and
care in bounding computation might not have been as central.

5.2 Computational and Human Infrastructures
of Care for Visual Qualitative Research

As researchers of problematic information, our case studies involve
distressing content that could be harmful. Hence, we center care
in our framework, integrating care practices into the human and
computational infrastructures supporting our work [95]. Drawing
from Tseng et al’s concepts of “care infrastructures” and “safety-as-
enablement” focused on enabling contextual safety via computation
in qualitative research [163, 164], we contribute to a growing body
of work that seeks to protect researchers working with emotionally
difficult or traumatic material [55, 57, 84, 108, 141, 163, 166]. Our
conceptualization of care focuses on minimizing exposure to the
“worst of the worst” and carefully selecting what content (includ-
ing troubling content) warrants deep human analysis to answer
research questions. This commitment, like visual integrity, emerges
from the nature of our studies and our positionality. Nevertheless,
we believe that considerations of care and optimal use of analytical
labor is resonant to the broader research community, particularly
given mounting researcher mental health concerns in HCI and
other fields [96, 113, 136, 151].

5.2.1 Computation as a cyberinfrastructure of care. Computational
infrastructures like PhotoDNA (for CSAM detection) or Azure-
GoreDetection (for extreme violence) can be leveraged as a first,
necessary step to protect researchers. Additional computational
infrastructures, we argue, should be contextualized to the research
project and isolate content that is possibly harmful and does not
warrant human analysis. In Case Study 1, this was formalized with
an emergent content category hatespam: hateful, repetitive content
not salient enough to warrant human analysis. By filtering for slurs
and known hate group logos, computational tools allowed us to
quantify hatespam across our dataset without extensive researcher
labor.

In our work, care often manifests by leveraging computation
to reduce exposure to distressing content, both at individual and
project levels. In coding environments, computation can enable
small previews to allow coders to opt out of imagery particularly
troubling to them, a practice we use throughout our case studies.
Coding environments also support other best practices informed by
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psychology and journalism, like viewing content in grayscale [175].
Ataprojectlevel, as in Case Studies 2 and 3, we chose to code a small
sample of data due to its distressing nature, and leveraged compu-
tation to extend our insights (such as key subjects in Case Study
2 or the context of where logos appears in Case Study 3) across
the larger dataset. In this extrapolation of human insights to larger
datasets we build upon Tseng et al’s trauma-informed qualitative
analysis (TIQA) principles [163]. We bring a safety-as-enablement
approach to visual data in qualitative coding environments and
extending human hypotheses via computational analysis — lever-
aging computation to best utilize analytical labor, a mentally taxing
but often rewarding task our coders experience.

5.2.2  Human infrastructure of care. We implemented several hu-
man infrastructures of care throughout our work, which we have
distilled into pragmatic recommendations for researchers.

We adopted an ethos of safety-as-enablement and harm reduc-
tion in line with previous work [13, 163, 164], often via having a
more senior or lead researcher as a stop gap. This was appropriate
in our work, given these researchers had more access to resources
and experience in handling this content. However, this may not
always be the case, and teams may benefit from other care models
like harm distribution (having team members review a little bit
of content each) or more machine filtering of content [163]. We
recommend documenting these assumptions as a foundational step
in making a reporting and handling plan for particularly difficult
content. We also recommend allocation of mental health support,
such as university health services or mental health reimbursement,
as valid and important research expenditures in grants and insti-
tutions. However, we understand many institutions and research
teams will not be positioned to offer this support.

In this absence, we hope lead researchers will take the time to
onboard team members thoroughly and leverage available wellness
resources. In Case Study 1, we utilized free online resources from
journalistic organizations [61, 77, 143]. We also had a mental health
professional come to speak to our team about how this content
could impact researchers and warning signs to be conscious of, such
as trouble sleeping, irritability, and intense focus on the study topic
outside of research tasks. These resources informed Case Studies 2
and 3. Other measures, such as one-on-one or team briefings about
content and early teamed coding sessions of samples to assess risks,
can help a team prepare.

When planning projects, considerations about coder burnout
should be taken into account, such as incorporating “off weeks”
and instilling flexibility to adjust coding loads and timing based on
researcher wellbeing. During a project, analysis meetings should
focus on the emotional impact of content as a core part of reflexiv-
ity and as valid, emergent knowledge produced by the study. As
data analysis concludes, we recommend hosting closing interviews,
follow-up check-ins, and thoughtful sharing of findings with quali-
tative coders to provide closure and context for their contributions
and labor.

Developing proactive practices of care, both human and compu-
tational, is essential for long-term sustainability of research, partic-
ularly when studying content that can be emotionally charged or
even harmful.
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5.2.3 Tensions and tradeoffs in care and research. Some research
topics, even with robust care infrastructures, will be inherently
harmful to researchers and require additional caution. Our frame-
work may not be appropriate in such cases. For example, in study-
ing non-consensual intimate imagery (often called “revenge porn”)
[138], interviewing case workers and survivors would be more ap-
propriate than using our framework to focus on the visual imagery
itself. In projects suited for our framework where visual content
is difficult but still tenable to study, there are additional considera-
tions to human and cyber infrastructures of care — and grappling
with what happens when caring for researchers and conducting
analysis becomes irreconcilable. One additional consideration is
that care needs can change over the course of a project, particularly
when data is collected in real time, potentially introducing new
risks. As researchers, we are responsible for managing and clearly
communicating such shifts, as per best practices in scientific trans-
parency [65, 116]. However, in some cases, adjusting care may be
insufficient and a study may need to pivot to other methods or stop.
In our context, this could emerge in studying conspiratorial content,
where repeated exposure (even in carefully conducted research)
could destabilize one’s sense of reality and have lasting personal,
professional, and mental health impacts [12, 40, 56, 72, 149, 162]. In
Case Study 1 and 3 on US immigration and the Russian-Ukrainian
war, both active sites of information operations and conspiracy
theories, this was a possibility. Had we run Case Study 1 in 2025 —
amid active ICE raids and chaotic information spaces about immi-
gration — the potential harms to researchers who identified with
targeted groups may have been too high to continue.

But examining content is a central commitment of this frame-
work. In challenging cases like the ones mentioned above, researchers
must assess when research benefits do not justify harms to them-
selves and their peers. This is a highly contextual and difficult deci-
sion. We encourage researchers to design and adopt exit plans prior
to embarking upon studies to help navigate this choice. Exit plans
could help researchers pre-identify scenarios when they would
stop a study. If a study is stopped, exit plans can help facilitate
handling data and in-progress findings or pivots to other methods.
In corporate settings, exit plans from terminated ventures include
knowledge transfers [2]. We encourage the HCI, and other research
communities, to develop practices to value such knowledge trans-
fers as empirical and methodological contributions that can inform
best practices when a study has to pivot for safety reasons.

5.3 Implications of visual methods and visually
literate researchers

AKkin to research frameworks like trauma-informed computing or
feminist HCI [9, 37], our work is not fully prescriptive. Rather, we
provide a framework and best practices informed by our empirical
work for adaptation in pursuit of visually informed, safe, and rigor-
ous mixed methods research. We have outlined how our framework
helps researchers conduct visual research that generates timely
insights and new knowledge in an increasingly visual world, while
prioritizing visual integrity (5.1) and researcher wellbeing (5.2). But
are there implications for visual research, literacy, and methods
that extend beyond how we do research? We think yes, and that it
starts with researchers and research trainees.
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Part of becoming a “knowing” visual researcher [23] is becoming
more visually literate. Pauwels defines visual literacy as interlinking
competencies of engaging with and understanding the production
and artifacts of visual culture as a participatory, sociotechnical
process [127]. This posits visual literacy as a learnable and valu-
able competence for scientific discovery and communication across
several fields [126, 129] and as an engaged citizen in participatory
culture where the visual looms large [127]. As such, visually lit-
erate researchers stand to produce knowledge more translatable
to solving problems [123] in visual spaces and influencing visual
cultures that are becoming increasingly mediated by digital systems
[99, 137, 156].

We hope this framework not only empowers researchers to de-
sign and execute visual research, but also helps in training future re-
searchers. This framework demands a human infrastructure, which
we have largely implemented via pedagogical participatory prac-
tices with students as per [165]. At a time where scholars call for
visual literacy to be taught across several levels of education to
prepare students for a visually mediated world [8, 73, 127], we see
an important opportunity, as we have demonstrated in our work,
to further integrate visual research education into HCI programs
and training. Additionally, outputs from our framework could be
integrated into HCI research toolkits that include components like
visual grammar templates, coding schemas, and ready to use analy-
sis scripts to empower researchers to conduct visual research [93].

6 Limitations and Future Work

Our framework does not have quantifiable or fully generalizable
metrics. We follow traditions of qualitative and interpretivist re-
search focusing on transferability over generalizability [38, 54] but
acknowledge this could make our framework inappropriate for
some research questions.

We draw from a growing body of work centering caring for
researchers who study harmful content. Other important research
examines how to responsibly study and present such material with-
out amplifying fringe narratives or causing downstream harm to
populations depicted in it [15, 29, 57, 134, 148]. Although we do not
directly engage this second body of work, we see bridging care for
both represented populations and researchers as a rich direction
for future research.

Although Case Study 1 adapted this framework to short form
video, more work is needed to streamline and contend with the nu-
ances of video compared to still imagery. Our case studies, although
varied and encompassing multiple languages, focus on Global North
contexts and are conducted by English-speaking researchers in
American and European universities. Adjustments will be needed
to adapt this framework to other cultural contexts. Additionally,
other methods of human analysis, such as crowdsourced labeling
of visual data or design activities with participants, have yet to
be explored. We hope this framework is adapted in future case
studies beyond problematic information to generate new insights
and implications.

Future work on this framework may involve more extensive
analysis, such as pedagogical research of curriculum development
and formalized measuring of visual literacies in students before
and after being trained in this methodology. This contribution
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also did not focus on developing and packaging components of
our framework into an HCI research toolkit [93], which presents
another avenue for future work. And, as more and more Al tools
and architectures become multimodal, we hope that future work
explores how to incorporate these techniques and tools into visual
research while maintaining visual integrity and human insights.

7 Conclusion

We presented a research framework for conducting computationally-
supported, human-centered research on visual social data that cen-
ters caring for researchers. Across three empirical case studies,
we showed its effectiveness and the types of insights enabled by
three core framework componenets: visual grammars, human anal-
ysis, and computationally supported analysis. To this end, we offer
our framework, a sensitizing concept of visual integrity, and best
practices for caring for researchers and their labor to the research
community. We hope by doing so that researchers may feel more
empowered to approach research challenges and opportunities
while studying visual social data.
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A Memos

We provide selected memos from 2 projects which featured first
time coders (Case Study 1 and 3). This is because these projects
were particularly emotional and involved coders (particularly un-
dergraduates) very close to the often distressing content. Memo
excerpts have been edited for clarity and anonymization purposes,
as well as for language. In some cases, we describe the media as
students often memoed referencing media by file name.

A.1 Border memos

Memo 1: I've always said it’s better to know than not, and after this
experience, I feel less ignorant about a lot of topics. I'm not sure if
that’s a good or bad thing..When I say "I feel less ignorant,’ I mean
it on purpose — because there were times I felt like I was missing
so much context. I was honestly amazed by how much the other
members of the team knew! It was awesome hearing everyone’s
insights.

Memo 2: This [image] also sparked a lot of reflection for me
because I'm Mexican, and thinking about what the next presidency
could mean is really personal.

Memo 3: People online will make light of pretty much every
situation they can using different forms of media like memes and
textposts.

Memo 4: I was really sad that my first reaction [to a video of a
woman using cardboard to get her daughter through barbed wire]
was that I thought it was staged.

Memo 5: ...there was definitely a shift in the ways memes were
presented [this week]. Initially, there was a lot of content towards
victory celebrations for Republicans on Trump’s win. This was a
challenging time for me to code as I was just so sad about this news.

Memo 6: I found myself making connections between the im-
ages we were coding...and the images I was encountering on social
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media. .. which was a striking (and depressing) realization...I real-
ized that what we were doing...is quite similar to what moderators
or data annotators for machine learning systems go through — we
were all exposed to this increasingly dehumanizing content and
were getting desensitized to them.

Memo 7: People have [always] called Mexican men gang bangers
and rapists and b**n"rs and w*tb*cks and whatever. I got called a
sp*c and b**n’r as recently as last week. But it was still harder than
I thought it would be to see photos of people that looked like me
and my little brother and dad portrayed as rapists and gangsters.
My dad crossed the border so we could have a better life and he’s
worked so hard to do that. I wish people would see our community
as hard working and not freeloaders like most of these pictures
make us out to be. I was especially mad to see so many Mexicans
posting media mocking Venezuelans for being bad Latinos, because
white people don’t know the difference.

A.2 Ukraine memos

Memo 1: The image (see Figure 15) that affected me most was this
one (reproduced for paper, student linked it). Something about seeing
the splintering and burned rooms up close.

Figure 15: Image of a destroyed building from the Ukraine
project

Lutz et al.

Memo 2: It feels that Russian occupiers of Ukrainian land (DNR,
Mariupol) act as if they belong there and have always belonged
there. This is both propaganda for Russians and greatly discourag-
ing for Ukrainians.

Memo 3: It was less heavy on me than I thought it would be,
perhaps because I am not typically deeply affected by still images. I
thought the images as a whole would be more explicitly violent, but
surprisingly, I was most struck by the infographics from DNR and
Mariupol that were advising people about medical care etc. They
felt insidious in a way that outright violence does not.

Memo 4: I was really struck by the flyer for the pro-Ukraine
march being run by extremist groups. It made me internalize that
even in a cause that I deeply support (independence and peace for
Ukraine) there will be unsavory and dangerous viewpoints

Memo 5: it’s hard because without context there’s a very small
chance that those ornaments were genuinely made by someone
with those beliefs but the more likely conclusion is that they are
Russian ragebait

Memo 6: It was surprising to me that I felt more emotional about
the map of frontline moved back than the photo of a dead body. I
think consuming so much about the war has made me a little numb
sometimes but also seeing the line move makes me sad that maybe
we can’t win.
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