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VII.6 Stream of Scientific Collaborations Between World Cities - Olivier H. Beauchesne - 2012



3I.10 The Structure of Science - Kevin W. Boyack and Richard Klavans - 2005



4II.8 Taxonomy Visualization of Patent Data - Katy Börner, Elisha F. Hardy, Bruce W. Herr II, Todd Holloway, and W. Bradford Paley - 2006



5V.7 A Topic Map of NIH Grants 2007 - Bruce W. Herr II, Gully A.P.C. Burns, David Newman, and Edmund Talley - 2009



III.8 Science-Related Wikipedian Activity - Bruce W. Herr II, Todd M. Holloway, Elisha F. Hardy, Katy Börner, and Kevin Boyack - 2007



7VII.10 History of Science Fiction - Ward Shelley - 2011





Smelly Maps – Daniele Quercia, Rossano Schifanella, and Luca Maria Aiello – 2015



Megaregions of the US –Garrett Dash Nelson and Alasdair Rae – 2016



http://scimaps.org

http://scimaps.org/
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Government, academic, and industry leaders discussed 
challenges and opportunities associated with using big 
data, visual analytics, and computational models in STI 
decision-making.

Conference slides, recordings, and report are available at 
http://modsti.cns.iu.edu/report

http://modsti.cns.iu.edu/report
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https://www.pnas.org/modeling

https://www.pnas.org/modeling


Study the (mis)match and temporal dynamics of S&T progress, 
education and workforce development options, and job 
requirements.

Challenges:

• Rapid change of STEM knowledge

• Increase in tools, AI, robotics

• Social skills (project management, team leadership) become 
ever more important

• Increasing team size

Börner, Katy, Olga Scrivner, Mike Gallant, Shutian Ma, Xiaozhong Liu, 
Keith Chewning, Lingfei Wue, and James A. Evans. 2018. “Skill 
Discrepancies Between Research, Education, and Jobs Reveal the 
Critical Need to Supply Soft Skills for the Data Economy.” PNAS 115(50): 
12630-12637. 
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Skill Discrepancies Between Research, Education, and Jobs Reveal the Critical 
Need to Supply Soft Skills for the Data Economy



Stakeholders and Insight Needs
• Students: What jobs will exist in 1-4 years? What program/learning trajectory is best to get/keep my 

dream job? 

• Teachers: What course updates are needed? What balance of timely and timeless knowledge (to get a 
job vs. learn how to learn) should I teach? How to innovate in teaching and maintain job security or 
tenure? 

• Universities: What programs should be created? What is my competition doing? How do I tailor 
programs to fit local needs? 

• Science Funders: How can S&T investments improve short- and long-term prosperity? Where will 
advances in knowledge also yield advances in skills and technology?  

• Employers: What skills are needed next year and in 5 and 10 years? Which institutions produce the right 
talent? What skills does my competition list in job advertisements?

• Economic Developers: What critical skills are needed to improve business retention, expansion, and 
recruitment in a region? 

What is the ROI of my time, money, compassion?
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Urgency

• 35% of UK jobs, and 30% in London, are at high risk from automation over the coming  
20 years. https://www2.deloitte.com/content/dam/Deloitte/uk/Documents/uk-futures/london-futures-
agiletown.pdf

• The aerospace industry and NASA have a disproportionately large percentage of 
workers aged 50 and older compared to the national average, and up to half of the 
current workforce will be eligible for retirement within the coming five years. 
Astronautics AIAA (2012) Recruiting, retaining, and developing a world-class aerospace workforce. 
https://www.aiaa.org/uploadedFiles/Issues_and_Advocacy/Education_and_Workforce/Aerospace%20Wo
rkforce-%20030112.pdf

• The rise of artificial intelligence will lead to the displacement of millions of blue-collar 
as well as white-collar jobs in the coming decade. Beyer D (2016) The future of machine 
intelligence: Perspectives from leading practitioners ; Brynjolfsson E, McAfee A (2014) The second 
machine age: Work, progress, and prosperity in a time of brilliant technologies; Ford M (2015) Rise of the 
Robots: Technology and the Threat of a Jobless Future.

• COVID-19 economic freeze could cost 47 million jobs and send the unemployment 
rate past 32%, according to St. Louis Fed projections.
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https://www2.deloitte.com/content/dam/Deloitte/uk/Documents/uk-futures/london-futures-agiletown.pdf
https://www.aiaa.org/uploadedFiles/Issues_and_Advocacy/Education_and_Workforce/Aerospace%20Workforce-%20030112.pdf
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NSF RAISE: C-Accel Pilot: Analytics-Driven Accessible 
Pathways To Impacts-Validated Education (ADAPTIVE)

Goal: Development of data-driven tools to support the tens of millions of US workers whose 
jobs are being transformed by Artificial Intelligence (AI), automation, COVID-19, and other 
developments. 

The project will demonstrate how labor market and course syllabi data, learning analytics, and 
insights on transferability of learned skills can be combined and visualized in novel ways to 
support a learner's decision-making about, sustained engagement in, and application to their job 
of professional skills acquired through education and job-related training. 

Team B-6656: Katy Börner, Indiana University, Ariel Anbar, Arizona State University, Kemi Jona, 
Northeastern University, Martin Storksdieck and Heather Fischer, Oregon State University 

https://www.nsf.gov/od/oia/convergence-accelerator/

https://www.nsf.gov/od/oia/convergence-accelerator/
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Develop and deploy socio-technical systems that encourage US workers to explore the evolving landscape of 
new jobs and re/up-skilling opportunities—to not only recover from current risks/crisis but to leap forward 
into more resilient and more desirable futures.



Data Visualization Literacy

Börner, Katy, Andreas Bueckle, and Michael Ginda. 2019. Data visualization literacy: Definitions, 
conceptual frameworks, exercises, and assessments. PNAS, 116 (6) 1857-1864.



Data Visualization Literacy (DVL)

Data visualization literacy (ability to read, make, and explain data visualizations) requires:

• literacy (ability to read and write text in titles, axis labels, legends, etc.), 

• visual literacy (ability to find, interpret, evaluate, use, and create images and visual media), and

• mathematical literacy (ability to formulate, employ, and interpret math in a variety of contexts). 

Being able to “read and write” data visualizations is becoming as important as being able to read and 
write text. Understanding, measuring, and improving data and visualization literacy is important to 
strategically approach local and global issues.

Börner, Katy, Andreas Bueckle, and Michael Ginda. 2019. Data visualization literacy: Definitions, conceptual frameworks, 
exercises, and assessments. PNAS, 116 (6) 1857-1864.
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Data Visualization Literacy Framework (DVL-FW)

Consists of two parts:
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1 2 3 4 5 6 7

DVL Typology
Defines 7 types with 4-17 
members each.

DVL Workflow Process
Defines 5 steps required to 
render data into insights.



Typology of the Data Visualization Literacy Framework

Börner, Katy. 2015. Atlas of Knowledge: Anyone Can Map. Cambridge, MA: The MIT Press. 25.
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1 2 3 4 5 6 7

http://scimaps.org/atlas2


Data Visualization Literacy Framework (DVL-FW)
Consists of two parts that are interlinked:
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DVL Typology +  
DVL Workflow Process 



Data Visualization Literacy Framework (DVL-FW)
Implemented in Make-A-Vis (MAV) to support learning via horizontal transfer, scaffolding, 
hands-on learning, etc.
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Graphic Variable Types 

Position: x, y; possibly z Quantitative

Form:

• Size Quantitative

• Shape Qualitative

• Rotation (Orientation) Quantitative

Color:

• Value (Lightness) Quantitative

• Hue (Tint) Qualitative

• Saturation (Intensity) Quantitative

Optics: Blur, Transparency, Shading, Stereoscopic Depth

Texture: Spacing, Granularity, Pattern, Orientation, Gradient

Motion: Speed, Velocity, Rhythm 
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See Atlas of Knowledge 
pages 36-39 for 
complete table.

Qualitative

Also called:

Categorical Attributes
Identity Channels

Quantitative

Also called:

Ordered Attributes
Magnitude Channels
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See Atlas of Knowledge 
pages 36-39 for 
complete table.
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https://visanalytics.cns.iu.edu Next course starts Sept 7, 2020

https://visanalytics.cns.iu.edu/
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