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 What new visualization research opportunities could
emerge at this intersection?

« How could visualization research contextualize its work
to address broader challenges in journalism?

Motivation i
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Visualization

|
|
|
|
| Publication Venue Count Publication Venue Count
|
| Digital Journalism 11 [EEE TVCG -
|
: Journalism Practice 4 ACM CHI 16
|
| New Media & Society 3 ACM UIST 4
Methodology | Y
: : | 3 l 2 IEEE CGA =
(scoping review) | ournafism

: Journalism Studies 2 ACM BELIV 4
|
: Book Chapters/others 72 Others 28
| Total 94 Total 93
|
|
|+ What recent shifts and challenges has « What value does visualization provide?
| journalism faced? » How can we contextualize visualization
| * How is journalism integrating research to support journalism?

computational technology? o
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Journalistic Transformations and Challenges

Transformations Challenges

New Media & ¢ Requires skills not traditionally acquired by journalists
Interactive Journalism » Audience may not be aware or utilize interactivity
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Journalistic Transformations and Challenges

Transformations

Participatory Environment

-V1S2024%

Challenges

Weakens journalism’s gatekeeping role
Lowers barriers, enabling misinformation
Challenges in fostering coherent online discussion
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Journalistic Transformations and Challenges

Transformations Challenges

» Public sphere flooded with skepticism

Loaded & Polluted Infosphere Audiences struggle to discern trustworthy info
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Journalistic Transformations and Challenges

Transformations Challenges

News Personalization  Filtering and biases can worsen the "filter bubble" effect
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Journalistic Transformations and Challenges

Transformations Challenges

Generative Al ?27?
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Journalism’s Computational Turn

Forms Perspectives

« Leverages investigative techniques, scientific
methods, and data management to enhance
credibility and analysis.

« Places data at the core of storytelling,
Data Journalism empowering public access, exploration, and
participation in data-driven analysis.

Tz ein:=zs  Computer-assisted
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Reporting (CAR)

« Automates journalistic tasks
* Focuses on transparency and accountability in
journalism's algorithms

Computational
Journalism
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Six Roles of in

Roles Definitions

Communicator \l Digital artifacts that communicate insights or narratives to audiences

o N\ O Tools that support news production tasks, such as content creation, news gathering,
Facilitator o\ 51 fact-checking.

A
Analyzer ,Q Tools that help analyze information and uncover insights or narratives

Public Forum @ Platforms that foster dialogue and the exchange of ideas among the public.

Computational technology (e.g., algorithms, AI) that automates journalistic tasks, such

Automator as content creation and news delivery

Fle

. (8} Technology that uncovers the effect of computing artifacts and audits their accuracy,
Auditor credibility, and biases.



How can support or be strengthened by these roles?

\ 3’0 _—

Comm unicator Facnlltator
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Public Forum
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What values does Visualization provide in this context?
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CourtVision: NBA Visual and Spatial Analytics (2012)
I:II:I Kirk Goldsberry

: an introduction to
information graphics

and visualization

1

Stephen Curry

visualization

2,974 Career Made 3-Pointers | Most In NBA History

7/ X alberto cairo

“Welcome to Alberto's world. Cairo has done it all in The Functional Art:
theory, practice, examples. And he's done it brilliantly. It is the most
comprehensive and sensible book yet on real-world information
graphics: we won't need another one for a long time."

Nigel Holmes, former graphics director for Time magazine
and founder of Explanation Graphics

M Includes a complete introductory

Tom= information graphics video course

Kirk Goldsberry (2022)



Analytical
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Data Informatlon 5
/ Public Forum
/ Ana Analytical
Analytical Insights
Insights TAnaIytic Engagement
Creators Recipients
Casual Insights
f Casual
Engagement
NEWS
Auditor

Automator

Casual



Analytical

Where The Top 30 Scorers Like or Dislike Shooting From (Relatively)
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Agendas for

Communicator

Automator Public Forum



Agendas for

« The design of visualization
artifacts and their impacts
on broader audiences

Data is Personal: Attitudes and Perceptions
of Data Visualization in Rural Pennsylvania

Evan M. Peck Sofia E. Ayuso Omar EL-Etr
Bucknell University Bucknell University Bucknell University
evan d lLedu edu

ABSTRACT

Many of the guidelines that inform how designers create data
visualizations originate in studies that unintentionally ex-
clude populations that are most likely to be among the “data
poor”. In this paper, we explore which factors may drive at-
tention and trust in rural populations with diverse economic
and educational backgrounds - a segment that is largely un.

derrepresented in the data visualization literature. In 42 semi-
structured interviews in rural Pennsylvania (USA), we find
that a complex set of factors intermix to inform attitudes
and perceptions about data visualization - including educa-
tional background, political affiliation, and personal experi-
ence. The data and materials for this research can be found
at hitps://osf.io/uxwis/

CCS CONCEPTS
“H ing —» Vi theory, con-
cepts and paradigms;

. Figure 1: We interviewed 42 community members in rural
KEYWORDS PA about their perceptions of data visualization. Above:
information visualization, data, information literacy, rural Lewisburg Farmers market - one of our interview sites

Peck et al. 2019

What Do We Talk About When We Talk About Dashboards?

Alper Sarikaya, Michael Correll, Lyn Bartram, Melanie Tory, and Danyel Fisher
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Klipfolio's Social Media Manager Dashboard (DB06S from our example corpus, left) is a traditional dashboard, with
ge numbers representing key metrics, and tiled graphs of real-time data. The UNCHR Refugees/Migrants Emergency Response
dashboard (DB 117, right) also is a juxtaposition of key metrics and simple visualizations, but includes annotations and guided
namative clements. Are both dashboards? Do design principles meant for onc transfer to the other?

Abstract—Dashboards are one of the most common use cases for data visualization, and their design and contexts of use are
considerably different from exploratory visualization tools. In this paper, we look at the broad scope of how dashboards are used
in practice through an analysis of dashboard examples and documentation about their use. We systematically review the iterature
surrounding dashboard , construct a design space for dashboards, and identify major dashboard types. We characterize dashboards
by their design goals, levels of interaction, and the practices asound them. Our framework and lterature review suggest a number of
fruitful research directions to better support dashboard design, implementation, and use.

Index Terms—Dashboards, terature review, survey, design space, open coding

Sarikaya et al. 2019
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Agendas for

Facilitator

Facilitate Data-driven
Story Authoring

CrossData: Leveraging Text-Data Connections for Authoring

Data Documents

Zhutian Chen
University of California San Diego
La Jolla, CA, USA
zhutian@ucsd.edu

The mean score of all users is
as500ts® Toa's scose is |
nax g

“ABEES
, Bab's sesee has

Haijun Xia

University of California San Diego

La Jolla, CA, USA
haijunxia@ucsd.edu

New¥pck reports a decline in new
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Figure 1: CrossData leverages text-data ions to enable users

(a), explore

data (a, b, c), and adjust tables (a, b) and charts (c} during their writing processes, while also automatically maintaining data

cansistency between their text, data, tables, and charts.

Leveraging Text-Chart Links to Support Authoring of

Data-Driven Articles with VizFlow

Chen and Xia. 2022

DataParticles: Block-based and Language-oriented Authoring of
Animated Unit Visualizations

Nicole Sultanum
Fanny Chevalier
University of Toronto

Zoya Bylinskii
Adobe Research

bylinsk

Cambridge, MA. USA

{nicolebs,fanny}@es. 1

Narly throe quarters (72%) of Brits expoct to find 3
ke of presents from Santa o they beteve they are
5 ‘on his‘nice” s this your.

Source article: htps:/ yougov.ca

2720/14-bris- théak: they

Zhicheng Liu
University of Maryland
College Park, MD, USA

leozeliu@umd.edu

Yining Cao
University of California, San Diego
La Jolla, California, USA
yic069@uesd.edu

Zhutian Chen
Harvard University
Cambridge, Massachusetts, USA
ztchen@seas.harvard

1 #inten )

Jane L. E
University of California, San Diego
La Jolla, California, USA
je@ucsd.edu

Haijun Xia
University of California, San Diego
La Jolla, California, USA

hajjunxia@ucsd.edu
%

Sultanum et al. 2021

Cao et al. 2023




Agendas for

Facilitator

Bridge the gap between
exploration and presentation

Supporting Story Synthesis: Bridging the Gap
between Visual Analytics and Storytelling

Siming Chen, Jie Li", Gennady Andrienko ", Natalia Andrienko™, Yun Wang,
Phong H. Nguyen, and Cagatay Turkay

Abstract—Visual analytics usually deals with complex data and uses sophisticated algorithmic, visual, and interactive techniques
supporting the analysis. Findings and results of the analysis often need 1o be communicated to an audience that lacks visual analytics
expertise. This requires analysis outcomes to be presented in simpler ways than that are typically used in visual analytics systems.
However, not only analytical may be lex for target also the that needs to be
presented. Analysis resulls may consist of multiple components, which may invalve muliple heterogeneous facets. Hence, there exists
agap on the path from obtaining analysis findings to communicating them, within which two main challenges lie: Information complexity
and display complexity. We address this problem by proposing a general framawork analysis and result p vare
linked by story synthesis, in which the analyst creates and organises story contents. Unlike previous research, where analytic findings
are represented by stored display states, we treat findings as data constructs. We focus on selecting, assembling and organizing
findings for further presentation rather than on tracking analysis history and anabling dual (le., nicative) use of
data displays. In story synthesis, findings are selected, assembled, and aranged in meaningful layouts that take into account the

sty of ? i ries of its We propase a warkflow for applying the proposed conceptual
framework in designing visual analytics systems and the generality of th applying it to two di domains,
social media and movement analysis

Chen et al. 2020




Agendas for

- Facilitate data-driven
storytelling in new media
(e.g., Video, immersive, live

\

¢ streaming)
Facilitator ‘ k=
T

Fig. 3. ROSLINGIFIER automatically generates animated data stories from temporally changing data using animated bubbles, a natural language
narrative, visual effects, and temporal branching techniques.

Roslingifier (Shin et al. 2021)

Data Player: Automatic Generation of Data Videos
with Narration-Animation Interplay

Leixian Shen, Yizhi Zhang, Haidong Zhang, and Yun Wang
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Data Player (Shen et al. 2023)
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« Support document investigation
through visual analytics

Analyzer




Agendas for

« Support Journalists’ Analytical
Tasks through Visual Analytics

A
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Analyzer




Agendas for

Content, Context, and Critique: Commenting on a Data
Visualization Blog

Jessica Hullman', Nicholas Diakopoulosz, Elaheh Mnmenis, Eytan Adar?
'University of Washington, Seattle, WA, USA. jhullman@uw.edu

2University of Maryland, College Park, MD, USA. nad@umd.edu
3University of Vienna, Vienna, Austria. elaheh.momeni.roochi@univie.ac.at
#University of Michigan, Ann Arbor, MI USA. eadar@umich.edu
Hullman et al. (2015)

Public Forum + Understand, Enable, and
facilitate data-driven
commenting
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DataShot (Wang et al. 2019)

Calliope: Automatic Visual Data Story Generation
from a Spreadsheet

Danging Shi, Xinyue Xu, Fuling Sun, Yang Shi and Nan Cao

datesis "'l | deathvalmoverdates | deathoverdifferent |0 ] of the total

trend @ extr

Calliope (Shi et al. 2020)

Automate visual data story
creation

Agendas for
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Agendas for

Visualization for Journalistic Translucence

Make news personalization “visible”

Raise news consumption awareness
Hold news production accountable

Theruddng | WSSO AT RO AT

WHEN —
WOMEN

MAKE

HEADLINES

The Pudding (2022)




Combat Data-driven Misinformation Agendas fOI‘

» Detect visual deception
» Detect vis-text misalignment
« Communicate data evidence

Annotating Line Charts for Addressing Deception

Arlen Fan Yuxin Ma’ Michelle Mancenido Ross Maciejewski
Arizona State University Department of Computer Arizona State University Arizona State University
Tempe, Arizona, USA Science and Engineering, Phoenix, Arizona, USA Tempe, Arizona, USA
arlen.fan@asu.edu Southern University of mickey.mancenido@asu.edu rmacieje@asu.edu

Science and Technology
Shenzhen, China
mayx@sustech.edu.cn

Fan et al. (2022)

EMPHASISCHECKER: A Tool for Guiding Chart and Caption
Emphasis

Dae Hyun Kim (&, Seulgi Choi (), Juho Kim (), Vidya Setlur (), and Maneesh Agrawala L]

Abstract— Recent work has shown that when both the chart and caption emphasize the same aspects of the data, readers tend to
remember the doubly-emphasized features as takeaways; when there is a mismatch, readers rely on the chart to form takeaways and
can miss information in the caption text. Through a survey of 280 chart-caption pairs in real-world sources (e.g., news media, poll
reports, government reports, academic articles, and Tableau Public), we find that captions often do not emphasize the same information
in practice, which could limit how effectively readers take away the authors’ intended messages. Motivated by the survey findings, we
present EMPHASISCHECKER, an interactive tool that highlights visually prominent chart features as well as the features emphasized by
the caption text along with any mismatches in the emphasis. The tool implements a time-series prominent feature detector based on
the Ramer-Douglas-Peucker algorithm and a text reference extractor that identifies time references and data descriptions in the caption
and matches them with chart data. This information enables authors to compare features emphasized by these two modalities, quickly
see mismatches, and make necessary revisions. A user study confirms that our tool is both useful and easy to use when authoring
charts and captions.

Index Terms—Chart and text takeaways, visual prominence, authoring, captions

EmphasisChecker (Kim et al. 2023)

“The Data Says Otherwise” - Towards Automated Fact-checking
and Communication of Data Claims

Yu Fu Shunan Guo Victor S.Bursztyn
fuyu@gatech.edu sguo@adobe.com soaresbu@adobe.com
Georgia Tech Adobe Research Adobe Research

Atlanta, United States San Jose, United States San Jose, United States
Jane Hoffswell Ryan Rossi John Stasko
jhoffs@adobe.com ryrossi@adobe.com john.stasko@cc.gatech.edu

Adobe Research Adobe Research Georgia Tech
San Jose, United States San Jose, United States Atlanta, GA, United States

__ _Metheia (Fu etal. 2024) _ ‘
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JOURNALISM

-
§3.1 Salient Transformations

1. Interactive Journalism

2. Participatory Environment

3. Loaded and Polluted Infosphere
4. News Personalization Algorithms

& Emerging Challenges (Table 2)
\_

>
§3.2 Computational Practices

Data Journalism

Computer- & different
assisted perspectives
Reporting (Table 3)
Computational
Journalism
\-

( )
\ < A §4 Contextualizing The Value Of Visualization
MG Y ==
Facilitator ~ Analyzer Communicator
©
RE ™
G
Public Forum  Automator Auditor —
4 )
85 Seven Research Topics And Agendas
Propositions for visualization research
1. Facilitating Data Communication to assist journalism(Figure 2)
2. Understand Visualization Dashboards on News >
Websites =
3. Integrate Interactive Visualization with New Media f{'\L
4. Support Journalists' Analytical Tasks through Visual e Y]
Analytics y
5. Visualization for Journalistic Translucence &E
6. Combating Misinformation cological model for mapping computing’s roles
7. Automated Visual Stories and Insights in contemporary journalism (Figure 3)
\ J .

Six Roles
Of Computing In Journalism

VISUALIZATION




Yu Fu John Stasko
Georgia Tech Georgia Tech

- Thank you!
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