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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



7VI.3 Diseasome: The Human Disease Network - Mathieu Bastian and Sébastien Heymann - 2009



8VII.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



http://idemo.cns.iu.edu/macroscope-kiosk 

http://idemo.cns.iu.edu/macroscope-kiosk
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Identify and Overcome Skill 
Discrepancies

Börner, Katy, Olga Scrivner, Michael Gallant, Shutian Ma, Xiaozhong Liu, Keith Chewning, Lingfei 
Wu, and James Evans. 2018. 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.  

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

https://cns.iu.edu/docs/publications/2018-borner-skill-discrepancies.pdf
https://cns.iu.edu/docs/publications/2018-borner-skill-discrepancies.pdf
https://www.pnas.org/modeling


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 science and technology (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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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-agilet
own.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.

•The pandemic is speeding up automation, and 85 million jobs are on the 
line. 
https://www.cnn.com/2020/10/20/business/wef-future-of-jobs-report/index.html 
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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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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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Fig. 7. Hawkes 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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