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ABSTRACT

Data Humanism is a human-centered design approach that empha-
sizes the personal, contextual, and imperfect nature of data. Despite
its growing influence among practitioners, the 13 principles out-
lined in Giorgia Lupi’s visual manifesto remain loosely defined in
research contexts, creating a gap between design practice and sys-
tematic application. Through a mixed-methods approach, includ-
ing a systematic literature review, multimedia analysis, and expert
interviews, we present a characterization of Data Humanism prin-
ciples for visualization researchers. Our characterization provides
concrete definitions that maintain interpretive flexibility in opera-
tionalizing design choices. We validate our work through direct
consultation with Lupi. Moreover, we leverage the characterization
to decode a visualization work, mapping Data Humanism principles
to specific visual design choices. Our work creates a common lan-
guage for human-centered visualization, bridging the gap between
practice and research for future applications and evaluations.

Index Terms: Data Humanism, Critical Data Visualization,
Human-Centered Visualization

1 INTRODUCTION

Data Humanism has attracted increasing attention within the prac-
tice and research visualization community, as exemplified by
projects like “Data Garden” [38], “Data Selfie” [24], and “Dear
Nature” [17]. Perhaps the best-known exemplar is Giorgia Lupi’s
“Dear Data” project [32], where she and Stefanie Posavec ex-
changed hand-drawn postcards visualizing personal data for a year.
More recently, with her award-winning work “1374 Days - My
Journey with Long Covid” for The New York Times, Lupi demon-
strated how personal, nuanced approaches to data representation
can effectively communicate complex health experiences. These
projects embody Data Humanism’s core principles: emphasize the
human aspects of data, embrace imperfection, and prioritize per-
sonal connection over standardization [31]. The growing popularity
of Data Humanism introduces a more personalized and emotionally
resonant approach to data experiences [42, 21], presenting design
considerations that challenge conventional practice. Critical visual-
ization research has similarly gained momentum, challenging foun-
dational assumptions in standard visualization approaches through
frameworks such as feminist theory and critical theory [13, 12].

Despite these interests, a considerable gap exists between
design-driven examples like From My Terrace, Mapping Diversity
or Story Behind a Line and research implementation guidance for
those without formal design or humanist training. Computer scien-
tists, researchers, and data practitioners often struggle to adapt these
humanistic principles to their work [43]. While Data Humanism’s
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poetic nature inspires creativity, researchers need concrete guid-
ance for systematic application, evaluation, and comparison across
projects. Without clear definitions, researchers often struggle to
consistently apply these principles or assess their effectiveness. Ad-
ditionally, the visualization research community increasingly val-
ues affect and engagement alongside traditional insight goals [3],
still frameworks and guidance for use are minimal [35].

Data Humanism’s principles offer potential pathways to bridge
these gaps, yet their characterization remains ill-defined. This
raises an important question: “How can the Data Humanism prin-
ciples be operationalized for the visualization community?”

To address this question, we contribute by characterizing the
13 Data Humanism principles through a mixed-methods approach
combining systematic literature review, multimedia analysis, and
expert interviews. We validate our characterization through direct
exchange with Lupi. Lastly, we demonstrate its practical applica-
tion by decoding a visualization project. Our work bridges Data
Humanism’s design origins with visualization research, creating a
common language for human-centered visualization that enables
researchers and practitioners to operationalize these principles in
future applications and evaluations.

2 DATA HUMANISM AS PRACTICE-DRIVEN LENS TO CRITI-
CAL DATA VISUALIZATION

Data Visualization Evolution – Data visualization has evolved
multiple times to reflect changes in technological capabilities, soci-
etal needs, and epistemologies for reasoning about and represent-
ing data. In his Tapestry 2018 keynote, Meeks [33] speaks of
contemporary visualization approaches occurring in three waves.
The first wave (1980s) focused on clarity and basic visualization
types within the constraints of early software tools. This wave em-
phasized fundamental principles, including data-to-ink ratio and
minimizing chart junk, and was heavily influenced by statistical
approaches [44]. The second wave (1990s–2010s) was marked
by structured approaches to visualization specifications and gram-
mars [45]. This period saw the emergence of tools and libraries [6]
that enabled the systematic binding of data attributes to visual el-
ements and interaction. The third wave (late 2010s) represents a
synthesis of technical capability and human-centered approaches
to emphasize long-term engagement, personalization, and integra-
tion within larger contexts. Data Humanism emerged within this
third wave as a design-driven and practitioner-focused perspective
on human-centered visualization [31]. Data Humanism’s concepts
closely relate to theories and concepts in critical data visualization.

Critical Data Visualization – Data visualization has experi-
enced a critical turn in recent years, with scholars and practitioners
increasingly questioning fundamental assumptions about data ob-
jectivity, neutrality, and the politics embedded in visualization prac-
tices. Johanna Drucker’s concept of “capta”, which posits that data
are not merely given but are actively taken and interpreted, chal-
lenges the notion of data objectivity [14]. Similarly, the broader
field of Critical Data Studies asserts that “raw data is an oxy-
moron” [19], underscoring data as constructed and contextual [8].
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We see a clear through-line of these assertions in Data Humanism
through the principles imperfect and subjective data.

Within visualization, Dörk et al. [13] first formulated a set of
“Critical InfoVis” design principles that explored the politics of vi-
sualization and power structures between visualization authors and
their readers. Kennedy [23] further develops this critical perspec-
tive, analyzing how visualization conventions embed authority and
objectivity through design choices, while Hill et al. [20] explore
how gender-, class-, and age-related judgments influence percep-
tions of visualizations. Correll and Garrison [10]’s examination of
historical anatomical illustrations explore the power dynamics and
sociocultural norms encoded within scientific visualization prac-
tices. Such power structures and their entanglements have also been
examined through the lens of feminist theories [12], which empha-
size data, visualizations, and insights as inseparable from history,
society, and the material world. We see these critical perspectives
as the bedrock of the practitioner-centric principles of Data Human-
ism, in particular principles such as depict complexity and data is
people. While sharing many critical concerns about objectivity and
power, Data Humanism qualitative point of view and emphasis on
artistic expression, imperfection, narrative, and data as design ma-
terial offers practical, high-level guidance for visualization design-
ers that are not immediately evident through theory. However, this
guidance is non-specific, leaving many design choices open-ended
and difficult to operationalize.

The formal conceptualization of tacit knowledge has recently
been tackled through an iceberg sensemaking process model [4].
We are similarly interested in systematically characterizing the
tacit knowledge behind Data Humanism. This motivates our work
in characterizing Data Humanism’s principles, enabling other re-
searchers to operationalize these principles when developing or ex-
amining human-centered visualization.

Data Humanism – Proposed by Italian information designer
Giorgia Lupi in 2017, Data Humanism synthesizes several exist-
ing ideas about human-centered design [26] and critical approaches
to data visualization [28]. It offers a design- and practice-driven
perspective that reframes our conversations about data by advocat-
ing for engaging, personalized, design-driven data narratives that
reconnect numbers to their underlying contexts, knowledge, and
human experiences. Lupi’s approach challenges the notion of data
as objective and impersonal, or solely a source to be mined and
exploited to augment human intelligence and insights. The four
overarching principles (Embrace complexity, Move beyond stan-
dards, Sneak context in, and Remember that data is imperfect) il-
lustrate the core ideas of Data Humanism. In the accompanying
visual manifesto1, Lupi elaborates on 13 principles of traditional
big data analytics with their humanistic counterparts. She aims to
inspire practitioners to reimagine their relationship with data and
foster a more thoughtful, nuanced, and human-centered visualiza-
tion approach. To this end, the manifesto juxtaposes handwriting
against a monospace, code-like font to reinforce its human-centered
message. Despite its growing interest in visualization research,
our community lacks a systematic characterization of its principles,
seeing Data Humanism instead primarily as a call to action for alter-
native visualization design methods. We see value in a systematic
characterization to enable targeted and widespread operationaliza-
tion of these principles for the visualization community.

3 CHARACTERIZATION OF DATA HUMANISM PRINCIPLES

Our work to bridge design practice and research applications of
Data Humanism required a balanced approach. We wanted to main-
tain the interpretive flexibility valued by designers while providing
concrete definitions useful to researchers. This section presents our
method for characterizing the principles (first column in Table 1)

1
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and the resulting definitions (second column in Table 1), offering
clear characterizations that visualization researchers and practition-
ers can apply in their work.

3.1 Methodology

We used a mixed-methods approach with four distinct phases to
characterize Data Humanism principles. Ideation: We began with
a comprehensive review of Data Humanism works from academic
literature and multimedia sources, including podcasts and blog
posts. This phase allowed us to ideate and form an initial char-
acterization of the 13 Data Humanism principles. Refinement:
We then conducted semi-structured interviews with data visualiza-
tion researchers and practitioners to gather insights into their in-
terpretation of these principles and feedback on our characteriza-
tion. Validation: We validated our interpretations with Lupi to
ensure our characterization accurately represented the conceptual
underpinnings of her visual manifesto. Case Study: Finally, we
leveraged our characterization to decode whether and which Data
Humanism principles are applied in a visualization project. The
results are presented in Section 3.2.

Ideation – We started by examining visualization research pub-
lications citing the manifesto to establish a foundation for Data Hu-
manism principles. Given limited academic coverage, our research
expanded to include a broader media content analysis [9]. This al-
lowed us to explore Lupi’s perspectives through various formats,
including podcasts, magazine articles, and blog posts, where she
discusses themes related to the manifesto. For podcast content, we
listened to and transcribed key segments addressing the Data Hu-
manism manifesto, its principles, and Lupi’s underlying design phi-
losophy. For written media, we collected articles explicitly focused
on Data Humanism, multi-layer storytelling, and materials from
Lupi’s former design studio, Accurat. At the end of the ideation
phase, we had a working set of the Data Humanism principles char-
acterizations.

Refinement – To refine our characterization, we conducted nine
semi-structured interviews with data visualization researchers and
practitioners who have used or explored Data Humanism in their
work. This deliberate mix ensured diverse perspectives represent-
ing theoretical and applied data visualization approaches. It recog-
nizes that an idea, once released to the world, may take on a life
of its own in the hands of different data designers. The interview
protocol focused on gathering feedback on our preliminary char-
acterization of the Data Humanism principles. Of the nine partici-
pants, four could not join oral interviews and participated through
an adapted protocol for email responses. This protocol maintained
the original structure and qualitative elements and allowed us to
collect their insights in written form. This phase provided a plural-
istic and nuanced characterization of each principle sourced from
research, media, and visualization experts with lived experience en-
gaging with Data Humanism.

Validation – We validated our interpretations with Lupi to en-
sure our characterization accurately represented the conceptual un-
derpinnings of her visual manifesto. Through email exchanges, we
sought clarification on specific terminology and confirmation about
our characterization of the principles for visualization researchers.

Case Study – To demonstrate how Data Humanism princi-
ples can be effectively combined in practice, we analyze ’Tied
in Knots’ [15]. We selected this visualization project because it
explicitly incorporates multiple Data Humanism principles while
addressing a sensitive social issue. Through this illustrative case
study, we deconstruct this project into key elements, mapping each
to our characterized Data Humanism principles.

http://giorgialupi.com/data-humanism-my-manifesto-for-a-new-data-wold


Data Humanism Principle Characterization Source(s) Example
Small data Focus on individual stories within big data – Prioritizes human-scale narratives across any

dataset size, enriched with qualitative and contextual elements. Most relevant for narrative-
driven projects and exploratory analysis.

[40] [24]

Data quality Accept data as a lens, not a mirror – Values quantitative accuracy alongside qualitative
richness, with transparency in in data practices and how data reflects human complexity.
Essential when building trust with audiences.

[11, 27] [39]

Imperfect data Embrace flaws as a path to deeper meaning – Recognizes data as shaped by human decisions
and cultural contexts, accepting and leveraging imperfection as integral to interpretation.
Valuable for revealing systemic biases and uncertainties.

[7] [36]

Subjective data Recognize multiple valid perspectives – Views data as situated perspectives shaped by cul-
tural lived experience. Critical for community-engaged projects and social justice contexts.

[40, 18] [10]

Inspiring data Start conversations, not conclusions – Treats data as an entry point for creative exploration
that generates narratives and encourages critical reflection. Ideal for public engagement and
educational contexts.

[25] [47]

Serendipitous data Allow for unexpected discoveries – Embraces unpredictability (as in human experiences) by
valuing unexpected connections rather than forcing predetermined patterns. Powerful for
exploratory analysis and research.

[31] [22]

Data possibilities Experiment beyond conventions – Promotes novel analysis, visualization, and interpretative
approaches beyond conventional paradigms. Encourages innovation in research and artistic
contexts it may require audience openness to unconventional formats.

[31] [2]

Data to depict complexity Layer information for multiple audiences – Balances complexity representation with ac-
cessibility through layered approaches allowing varied engagement levels. Effective when
audiences can engage deeply.

[5, 29] [46]

Data drawing Sketch to see and think through data – Uses hand drawing to draft custom visual represen-
tations and a starting point to explore data in unique, tailored ways. Valuable for initial
exploration and custom metaphor development.

[30, 31] [38]

Design-driven data Design with people, not just for them – Integrates design thinking throughout the data pro-
cess, prioritizing human needs at each stage. Essential for participatory and community-
centered projects it can require additional time and resources.

[40] [41]

Spend time with data Slow down the analytical process – Encourages thoughtful engagement and deeper under-
standing while remaining sensitive to audience context. Applicable in exploratory research
and reflection-oriented projects.

[29, 31] [37]

Data is people Remember the humans behind every point – Recall data as a representation of real lives and
experiences, requiring ethical consideration throughout. Critical for any human-subjects
data and fundamental for maintaining ethical standards in sensitive contexts.

[31, 40] [34]

Data will make us more human Use data to connect, not just to compute – Envisions ethical data use that deepens human un-
derstanding, empathy, and connection. Essential for public-facing communication projects.

[31] [15]

Table 1: Characterizing Data Humanism: conceptual foundations and example visualizations. Sources shows key references used to define the
principles; Examples points to visualizations that the principle aligns with.

3.2 Analysis

We present our characterization of Data Humanism principles in Ta-
ble 1, developed through an iterative process synthesizing insights
from systematic reviews and expert interviews, and validated with
Giorgia Lupi. Each principle is supported by foundational sources
that shaped our understanding, alongside exemplar visualizations
demonstrating these principles in practice. The complete evolution
from initial to final characterizations is documented on OSF2. Our
work provides the visualization community with a characterization
for discussing human-centered approaches, enabling researchers to
explicitly position their work within Data Humanism.

Ideation – Our reviews identified 50 works referencing Data Hu-
manism across academic papers (35), books (4), theses (3), and
other sources (8). While frequently appearing alongside ideas like
Data Feminism [12] (65% of citations) and in digital humanities
contexts (31%), most citations (48%) reference Data Humanism
in introductory and conclusion sections without active implemen-
tation, revealing a critical gap in operationalizing the manifesto.
While applications focused on participatory design and social jus-
tice show promise [16], the lack of clearly defined principles mo-
tivated our work to provide a detailed characterization of Data Hu-
manism to bridge theory and implementation.

Our media analysis of 18 podcasts and four articles (2014–2024)
traced Data Humanism’s evolution from a design philosophy to a
visual manifesto challenging automated, big data-oriented visual-
ization approaches. Our analysis extracted key features of the man-
ifesto, detailed below, that supported our characterization of the in-

2
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dividual principles. Lupi describes Data Humanism as “connecting
numbers to what they stand for: our imperfect, messy human lives,”
challenging data objectivity by noting that “even sensor data reflects
human choices about what to measure and ignore” [11]. She
emphasizes manual processes, particularly sketching, for a deeper
engagement with data and critical questioning of their assumptions.
Her analog approach explores “categories of data...possible corre-
lations...to shape the story,” demonstrating how physical engage-
ment enhances understanding [5]. Lupi’s methodology employs
multi-layered storytelling with manual exploration and draw-
ing [29, 30]. Her former studio, Accurat, describes a distinc-
tive Data Humanist strategy for visualizing data that preserves
data complexity while ensuring accessibility through thoughtful de-
sign [1]. Their process begins with manual sketches to understand
data structure, develops custom visual metaphors tailored to each
dataset, and creates multi-layered visualizations balancing immedi-
ate narratives with deeper exploratory details.

Refinement – Participants in our refinement phase came from
visualization, computer science, biomedical sciences, architecture,
and information design, with experience ranging from theoretical
research to commercial applications. They reported high familiar-
ity with Data Humanism on a 5-point Likert scale (M = 4.54, SD
= 0.634). Their feedback revealed consensus and constructive cri-
tique, leading to a more comprehensive characterization. While all
13 principles received input, six emerged as particularly challeng-
ing and were discussed in greater depth. The others required mini-
mal revision, with general agreement on their initial framing.

The small data principle generated significant discussion. Mul-
tiple participants (P01, P09, P10, P13) questioned the apparent di-
chotomy between small and big data approaches. P09 and P13
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emphasized that thoughtful data handling, rather than dataset size
alone, determines whether visualizations embody humanistic val-
ues. P13 noted that small data’s value lies in its transparency and
“situatedness”, while P09, P10, and P13 connected small data ap-
proaches with qualitative research methodologies. This led us to
frame the principle to emphasize thoughtful handling, transparency,
and situatedness rather than as a size-based opposition.

Regarding data quality, participants (P09, P11, P13) argued that
quality considerations should extend beyond qualitative data. P13
emphasized that quality should be measured by how accurately
data reflects reality, regardless of data type. Moreover, P10 and
P13 highlighted the intrinsic connection between quality and trans-
parency in data representation. We expanded our characterization
to include all data types and their accuracy in reflecting reality.

The subjective data principle prompted several suggestions for
refinement. P08 recommended explicitly referencing “positional-
ity statements” and “cultural lived experience” in its characteriza-
tion. P13 proposed reframing subjectivity as “situated perspectives
of reality” rather than filtered representations. Multiple participants
(P07, P08, P10) emphasized the crucial role of context in shap-
ing both data collection and interpretation processes. We refined
our characterization to acknowledge data as embodied viewpoints
shaped by context, experience, and cultural understanding.

While participants broadly supported the data to depict complex-
ity principle, they suggested important nuances. P08 noted this
principle should not be universally applied, while others (P06, P12)
stressed balancing complexity with accessibility to ensure visual-
izations remain approachable. We refined our characterization to
recognize that complexity should be balanced with accessibility.

The data drawing principle was well received, with P12 high-
lighting its pedagogical value. Some participants (P08, P13) sug-
gested this principle relates more to the process and relationship
with data than literal hand-drawing. P07 emphasized the value of
sketching during data exploration and avoiding limitations imposed
by software tools. We broadened our characterization to focus on
creative, exploratory engagement with data through hand-drawing.

Perspectives on spending time with data varied. While P09, P10,
and P12 strongly supported this principle, P08 questioned whether
“slowness” should be a defining characteristic. P12 suggested in-
corporating interaction as an essential aspect of engagement, and
multiple participants (P08, P09, P12) noted its context-dependent
nature. Our characterization emphasizes meaningful engagement
and interaction while recognizing context-dependent application to
reflect these points. We include participants’ refinement sugges-
tions in our final characterization in Table 1.

Validation – Lupi expressed general agreement with our charac-
terization, noting that our work effectively captured the fundamen-
tal essence of Data Humanism and her manifesto. During our ex-
change, we clarified two terms that generated discussion among our
interviewees: ‘small‘ and ‘serendipitous‘. The term ‘small‘ in small
data extends beyond personal-level data. In Lupi’s view, small data
encompasses “any data that transcends cold aggregated numbers,
incorporating granular stories enriched with qualitative and anecdo-
tal elements.” This broader interpretation reinforces Data Human-
ism’s emphasis on narrative and contextual richness. Regarding the
term ‘serendipitous,‘ Lupi explained that this concept stems from a
fundamental observation about human experience: “There is hardly
anything predictable in life.” This terminology underscores Data
Humanism’s embrace of uncertainty and complexity in data rep-
resentation, positioning visualization as an exploratory rather than
purely predictive endeavor.

These insights from Lupi helped us validate our final character-
ization, ensuring that it reflects the design philosophy’s core tenets
while acknowledging the intentionally interpretive nature.

Case Study – ’Tied in Knots’ [15] expresses individual narra-
tives as distinct “knot” structures that preserve the context of a
given experience, embracing the small data principle. Its spatial
layout and interaction design encourage thoughtful navigation and
organic discovery of human stories, exemplifying the spend time
with data and serendipitous data principles. By crafting animations
that progressively reveal the knot structures of the creators’ harass-
ment metaphor, it fulfills data to depict complexity. By integrating
multimodal testimony, including text and audio components, it fa-
cilitates an empathetic connection, embracing subjective data, data
possibilities, and data will make us more human.

4 DISCUSSION AND FUTURE WORK

Our characterization bridges design-driven approaches with visu-
alization research methodologies, complementing scholarly criti-
cal theories with practical implementation insights. A key tension
emerged between systematic frameworks favored by researchers
and the interpretive flexibility valued by design practitioners—a
potential conflict acknowledged by interviewees and Lupi herself.
Rather than providing rigid rules, we propose using our character-
ization as a guiding definition for operationalizing design choices
while maintaining methodological flexibility.

Reflecting on existing visualization research through the lens of
our characterization reveals how Data Humanism principles are al-
ready influencing the field, both explicitly and implicitly (Exam-
ple column in Table 1). For instance, we can see how Nowak et
al. [36]’s research on avalanche decision-making tools resonates
with the imperfect data principle by treating imperfection not as
noise to eliminate but as a meaningful signal requiring thought-
ful design—effectively transforming a perceived limitation into a
design opportunity. Similarly, Kim et al. [24]’s DataSelfie system
embodies the small data principle by prioritizing qualitative dimen-
sions over aggregation, demonstrating a pathway toward more per-
sonalized visualization tools. In Windhager [46]’s work, we can
recognize elements of the data to depict complexity principle as
complexity is treated as a design material to be strategically dis-
tributed rather than minimized.

These reflections point toward promising research directions: de-
veloping heuristic evaluation metrics that capture qualitative goals
beyond efficiency and accuracy; applying Data Humanism to ex-
plainable AI through contextual understanding; and creating ed-
ucational materials that teach data literacy through personal data
collection. These possibilities suggest pathways toward human-
centered visualizations that reconcile systematic approaches with
contextual sensitivity.

5 CONCLUSION

We present the first comprehensive characterization of Data Hu-
manism principles, bridging a gap between design practice and vi-
sualization research. Our mixed-methods approach helps us charac-
terize all 13 Data Humanism principles, connecting Lupi’s design-
driven approach with visualization research methodologies and crit-
ical perspectives. In doing so, we introduce a common language for
researchers and practitioners to discuss human-centered visualiza-
tion strategies. We demonstrate how Data Humanism principles in-
fluence visualization research, revealing an implicit alignment be-
tween practitioner-led innovation and academic exploration. Our
characterization opens new research directions for developing and
evaluating visualizations beyond traditional efficiency metrics, in-
corporating qualitative goals like engagement, personal connection,
and ethical information representation.

ACKNOWLEDGMENTS

We thank the University of Zurich and the Digital Society Initiative
for supporting the research. Moreover, we thank Mennatallah El-
Assady for her insighful discussions and feedback.



REFERENCES

[1] Accurat. The architecture of a data visualization, 2016. 3
[2] S. S. Bae, C. Zheng, M. E. West, E. Y.-L. Do, S. Huron, and D. A.

Szafir. Making data tangible: A cross-disciplinary design space for
data physicalization. In ACM Conf. Human Factors in Computing
Systems (CHI), pp. 1–18, 2022. doi: 10.1145/3491102.3501939 3

[3] S. Bateman, R. L. Mandryk, C. Gutwin, A. Genest, D. McDine, and
C. Brooks. Useful junk? the effects of visual embellishment on com-
prehension and memorability of charts. In ACM Conf. Human Factors
in Computing Systems (CHI), pp. 2573–2582, 2010. doi: 10.1145/
1753326.1753716 1

[4] C. Berret and T. Munzner. Iceberg sensemaking: A process model for
critical data analysis. 2022. doi: 10.48550/ARXIV.2204.04758 2

[5] E. Bertini and M. Stefaner. 032 - high density infographics and data
drawing with giorgia lupi. Podcast, 2014. Data Stories. 3

[6] M. Bostock, V. Ogievetsky, and J. Heer. D3 data-driven docu-
ments. IEEE Trans. Visualization & Computer Graphics (TVCG),
17(12):2301–2309, 2011. doi: 10.1109/TVCG.2011.185 1

[7] Z. Bowders. Design, humanism, and connections with giorgia lupi.
Podcast, 2024. Data+Love. 3

[8] D. Boyd and K. Crawford. Critical questions for big data: Provoca-
tions for a cultural, technological, and scholarly phenomenon. Infor-
mation, communication & society, 15(5):662–679, 2012. 1

[9] V. Braun. Collecting qualitative data: A practical guide to textual,
media and virtual techniques. Cambridge University Press, 2016. 2

[10] M. Correll and L. Garrison. When the body became data: Histori-
cal data cultures and anatomical illustration. In ACM Conf. Human
Factors in Computing Systems (CHI), pp. 1–18, 2024. doi: 10.1145/
3613904.3642056 2, 3

[11] A. Devers. Ep. 158: Bringing data to life with information designer
giorgia lupi. Podcast, 2023. Clever Podcast. 3

[12] C. D’ignazio and L. F. Klein. Data feminism. MIT press, 2023. 1, 2,
3

[13] M. Dörk, P. Feng, C. Collins, and S. Carpendale. Critical infovis:
exploring the politics of visualization. In CHI, Extended Abstracts,
pp. 2189–2198. 2013. doi: 10.1145/2468356.2468739 1, 2

[14] J. Drucker. Graphical approaches to the digital humanities. A new
companion to digital humanities, pp. 238–250, 2015. 1

[15] T. Elli, A. Bradley, U. Hinrichs, and C. Collins. Visualizing sto-
ries of sexual harassment in the academy: Community empowerment
through qualitative data. 2022. 2, 3, 4

[16] M. Ferreira, V. Nisi, and N. Nunes. Interactions with climate change:
a data humanism design approach. In ACM Designing Interactive Sys-
tems Conference (DIS), pp. 1325–1338, 2023. doi: 10.1145/3563657.
3596003 3

[17] M. G. Ferreira and S. Hsi. Dear nature: Using data drawings to pro-
mote sensemaking in human-nature relations. In ACM Designing In-
teractive Systems Conference (DIS), pp. 1426–1438, 2024. doi: 10.
1145/3643834.3660732 1

[18] N. George and C. Purcell. Data visualisation with giorgia lupi. Super-
women in Science, 2019. 3

[19] L. Gitelman. Raw data is an oxymoron. MIT press, 2013. 1
[20] R. L. Hill, H. Kennedy, and Y. Gerrard. Visualizing junk: Big data

visualizations and the need for feminist data studies. Journal of Com-
munication Inquiry, 40(4):331–350, 2016. 2

[21] J. Hullman and N. Diakopoulos. Visualization rhetoric: Framing ef-
fects in narrative visualization. IEEE Trans. Visualization & Computer
Graphics (TVCG), 17(12):2231–2240, 2011. doi: 10.1109/TVCG.
2011.255 1

[22] M. Jasim, M. Fatima, S. R. Sonni, and N. Mahyar. Bridging the divide:
Promoting serendipitous discovery of opposing viewpoints with visual
analytics in social media. In IEEE VIS4Good VIS Workshop, pp. 26–
30. IEEE, 2023. doi: 10.1109/VIS4Good60218.2023.00012 3

[23] H. Kennedy, R. L. Hill, G. Aiello, and W. Allen. The work that vi-
sualisation conventions do. Information, Communication & Society,
19(6):715–735, 2016. 2

[24] N. W. Kim, H. Im, N. Henry Riche, A. Wang, K. Gajos, and H. Pfister.
Dataselfie: Empowering people to design personalized visuals to rep-

resent their data. In ACM Conf. Human Factors in Computing Systems
(CHI), pp. 1–12, 2019. doi: 10.1145/3290605.3300309 1, 3, 4

[25] A. Kirk. S2e5 - giorgia lupi. Podcast, 2020. Explore Explain. 3
[26] O. Kulyk, R. Kosara, J. Urquiza, and I. Wassink. Human-centered as-

pects. In Human-Centered Visualization Environments: GI-Dagstuhl
Research Seminar, Revised Lectures, pp. 13–75. Springer, 2007. 2

[27] S. Lamott. Not so hidden truth with giorgia lupi. Podcast, 2018. How
to Human. 3

[28] Y. A. Loukissas. All data are local: Thinking critically in a data-
driven society. MIT press, 2019. 2

[29] G. Lupi. The new aesthetic of data narrative. In New challenges for
data design, pp. 57–88. Springer, 2014. 3

[30] G. Lupi. Sketching with data opens the mind’s eye. National Geo-
graphic, July, 2015. 3

[31] G. Lupi. Data humanism: the revolutionary future of data visualiza-
tion. Print Magazine, 30(3), 2017. 1, 3

[32] G. Lupi and S. Posavec. Dear data. Chronicle books, 2016. 1
[33] E. Meeks. Keynote at tapestry 2018: Third wave data visualization,

2018. 1
[34] S. Mittenentzwei, V. Weiß, S. Schreiber, L. A. Garrison, S. Bruckner,

M. Pfister, B. Preim, and M. Meuschke. Do disease stories need a
hero? effects of human protagonists on a narrative visualization about
cerebral small vessel disease. In Computer Graphics Forum (CGF),
vol. 42, pp. 123–135. Wiley Online Library, 2023. doi: 10.1111/CGF
.14817 3

[35] A. V. Moere and H. Purchase. On the role of design in information
visualization. Information Visualization, 10(4):356–371, 2011. doi:
10.1177/1473871611415996 1

[36] S. Nowak, L. Bartram, and P. Haegeli. Designing for ambiguity: Vi-
sual analytics in avalanche forecasting. In IEEE Visualization Confer-
ence (VIS), pp. 81–85. IEEE, 2020. doi: 10.1145/3290605.3300309
3, 4

[37] W. Odom, R. Wakkary, J. Hol, B. Naus, P. Verburg, T. Amram, and
A. Y. S. Chen. Investigating slowness as a frame to design longer-term
experiences with personal data: A field study of olly. In ACM Conf.
Human Factors in Computing Systems (CHI), pp. 1–16, 2019. doi: 10
.1145/3290605.3300264 3

[38] A. Offenwanger, T. Tsandilas, and F. Chevalier. Datagarden: Formal-
izing personal sketches into structured visualization templates. IEEE
Trans. Visualization & Computer Graphics (TVCG), 2024. doi: 10.
1109/TVCG.2024.3456336 1, 3
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