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Overview
Modeling and Visualizing Education, Science and Technology

• https://www.pnas.org/modeling

Skill Discrepancies
• Börner, Katy, Olga Scrivner, Michael Gallant, Shutian Ma, Xiaozhong Liu, Keith Chewning, Lingfei Wu, and James 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. doi: 10.1073/pnas.1804247115. 

Needed: Increase Data Visualization Literacy (https://visanalytics.cns.iu.edu) 

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

• Börner, Katy. 2015. Atlas of Knowledge: Anyone Can Map. Cambridge, MA: The MIT Press.

• Börner, Katy. 2010. Atlas of Science: Visualizing What We Know. Cambridge, MA: The MIT Press. 

Places & Spaces: Mapping Science  exhibit (http://scimaps.org)  
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https://www.pnas.org/modeling
https://visanalytics.cns.iu.edu/
https://www.pnas.org/content/116/6/1857
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Modelling and Visualizing Education, 
Science and Technology, 

Börner, Katy, William Rouse, Paul Trunfio, and H. Eugene Stanley. 2018. "Forecasting Innovations in Science, 
Technology, and Education". PNAS 115 (50): 12573-12581. doi: 10.1073/pnas.1818750115.

See also https://www.pnas.org/modeling

https://www.pnas.org/modeling


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




https://www.pnas.org/modeling

https://www.pnas.org/modeling
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and more …



Skill Discrepancies Between Research, Education, and Jobs 
Reveal the Critical Need to Supply Soft Skills for the Data 
Economy

• Data and Crosswalks

• MaxMatch for NLP

• Causal Analyses

• Visualizations

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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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

• Social skills (project management, team 
leadership)

• Increasing team size
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Programming
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Leadership
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Biotechnology
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Biotechnology



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 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%20Workforce-
%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. Auerswald PE (2017) The Code Economy: A 
Forty-thousand-year History; 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.
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Skill Discrepancies Between Research, Education, and Jobs 
Reveal the Critical Need to Supply Soft Skills for the Data 
Economy

• Data and Crosswalks

• MaxMatch for NLP

• Causal Analyses

• Visualizations

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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Datasets Used
Job advertisements by Burning 
Glass posted between 
Jan 2010-Dec 2016. 

Web of Science publications 
published Jan 2010-Dec 2016.

Course descriptions from the Open 
Syllabus Project acquired in June 
2018 for courses offered in 2010-
2016.
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Fig. 2. Basemap of 13,218 skills. 
In this map, each dot is a skill, 
triangles identify skill clusters, and 
squares represent skill families from 
the Burning Glass (BG) taxonomy. 
Labels are given for all skill family 
nodes and for the largest skill cluster 
(NA) to indicate placement of 
relevant subtrees. Additionally, hard 
and soft skills are overlaid using 
purple and orange nodes, 
respectively; node area size coding 
indicates base 10 log of skill 
frequency in DS/DE jobs. Skill area 
computation uses Voronoi
tessellation.
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Fig. 3. Basemap of 13,218 skills 
with overlays of skill frequency in 
jobs, courses, and publications. 
This figure substantiates the 
conceptual drawing in Fig. 1 using 
millions of data records. Jobs skills 
are plotted in blue, courses are in 
red, and publications are in green. 
Node area size coding indicates 
base 10 log of skills frequency. The 
top 20 most frequent skills are 
labeled, and label sizes denote skill 
frequency.
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Kullback-
Leibler
divergence
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Fig. 7. Multivariate Hawkes 
Process influence network of 
DS/DE skills within job 
advertisements 2010–2016. Each 
of the 45 nodes represents a 
top-frequency skill (29 soft and 
16 hard skills) with a strong 
influence edge from/to other 
skill(s) in job advertisements 
between 2010 and 2016. Node 
and label size correspond to the 
number of times that the skill 
appeared in a job advertisement. 
Thickness of the 75 directed 
edges indicates influence 
strength.
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Results
• Novel cross-walk for mapping publications, course offerings, and job via skills.

• Timing and strength of burst of activity for skills (e.g., Oracle, Customer Service) in publications, 
course offerings, and job advertisements.

• Uniquely human skills such as communication, negotiation, and complex service provision are 
currently underexamined in research and undersupplied through education for the labor market 
in an increasingly automated and AI economy. 

• The same pattern manifests in the domain of DS/DE where teamwork and communication skills 
increase in value with greater demand for data analytics skills and tools. 

• Skill demands from industry are as likely to drive skill attention in research as the converse.
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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.
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DVL Framework: Desirable Properties
• Most existing frameworks focus on READING. We believe that much expertise is gained from also 

CONSTRUCTING data visualizations.

• Reading and constructing data visualizations needs to take human perception and cognition into 
account.

• Frameworks should build on and consolidate prior work in cartography, psychology, cognitive 
science, statistics, scientific visualization, data visualization, learning sciences, etc. in support of a 
de facto standard.

• Theoretically grounded + practically useful + easy to learn/use.

• Highly modular and extendable.

29



DVL Framework: Development Process
• The initial DVL-FW was developed via an extensive literature review. 

• The resulting DVL-FW typology, process model, exercises, and assessments were then tested in the 
Information Visualization course taught for more than 17 years at Indiana University. More than 
8,500 students enrolled in the IVMOOC version (http://ivmooc.cns.iu.edu) over the last six years.

• The FW was further refined using feedback gained from constructing and interpreting data 
visualizations for 100+ real-world client projects.

• Data on student engagement, performance, and feedback guided the continuous improvement of 
the DVL-FW typology, process model, and exercises for defining, teaching, and assessing DVL. 

• The DVL-FW used in this course supports the systematic construction and interpretation of data 
visualizations.  

30

http://ivmooc.cns.iu.edu/


Data Visualization Literacy Framework (DVL-FW)

Consists of two parts:

31

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.



Data Visualization Literacy Framework (DVL-FW)
Consists of two parts that are interlinked:
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7

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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Typology of the Data Visualization Literacy Framework

Börner, Katy. 2015. Atlas of Knowledge: Anyone Can Map. Cambridge, MA: The MIT Press. 25.

34
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http://scimaps.org/atlas2


Typology of the Data Visualization Literacy Framework

Börner, Katy. 2015. Atlas of Knowledge: Anyone Can Map. Cambridge, MA: The MIT Press. 26-27.
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Typology of the Data Visualization Literacy Framework

37

Börner, Katy. 2015. Atlas of Knowledge: Anyone Can Map. Cambridge, MA: The MIT Press. 34-35.
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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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Graphic Symbol Types 
Gr

ap
hi

c
Va

ria
bl

e 
Ty

pe
s 



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/


Places & Spaces: Mapping Science Exhibit
http://scimaps.org

http://scimaps.org/
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Places & Spaces: Mapping Science Exhibit
1st Decade (2005-2014) 2nd Decade (2015-2024)

Maps Macroscopes

http://scimaps.org
44

354

248100 

43 20 

382 

http://scimaps.org/


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



46V.7 A Topic Map of NIH Grants 2007 - Bruce W. Herr II, Gully A.P.C. Burns, David Newman, and Edmund Talley - 2009



47I.10 The Structure of Science - Kevin W. Boyack and Richard Klavans - 2005



48II.8 Taxonomy Visualization of Patent Data - Katy Börner, Elisha F. Hardy, Bruce W. Herr II, Todd Holloway, and W. Bradford Paley - 2006



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



50VII.10 History of Science Fiction - Ward Shelley - 2011







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



Smelly Maps – Daniele Quercia, Rossano Schifanella, and Luca Maria Aiello – 2015
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Indiana University Bloomington will host the
International Society of  Scientometrics & Informetrics
Conference (ISSI)
in Summer 2023
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