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Map of Scientific Collaborations from 2005-2009

Computed Using Data from Elsevier's Scopus

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

The Social Sciences are the smallest and
most diffuse of all the sciences

serves as the link between Medical Sciences
(Psychiatry) and the Social Sciences

serves as the link with Computer Science
and Mathematics.

Psychiatry Neuroscience

*_~Radiology

General
Medicine

-~ Oncology

Medical Treatments

The Medical Sciences include broad therapeutic
studies and targeted areas of Treatment (e.g. central
nervous system, cardiology, gastroenterology, etc.)
Unlike Physics and Chemistry, the medical disciplines
are more spread out, suggesting a more multi-
disciplinary approach to research. The transition into
Life Sciences (via Animal Science and Biochemistry)
is gradual

is our starting point, the uuvesl ol all sciences. It lies at the outer edge of the map.
applied sciences that draw upon
knowledge in Mathematics and Physics. Thcsc three msclphnes provide a good example of a
linear progression from one pure science (Mathematics) to another (Physics) through multiple
disciplines. Although applied, these disciplines are highly concentrated with distinct bands of
research communities that link them. Bands indicate interdisciplinary research.

Research is highly concentrated in
ese disciplines have few, but very
distinct, bands of research that link

i amilar with traditionl maps that show the relationships between countries,provinces,
exist between the v: plines and research topics in
science. This allows us to map the structure of science.

One of the first maps of science was developed at the Institute for Scientific Information over 30
years ago. It identified 41 areas of science from the citation patterns in 17,000 scientific papers.
That early map was intriguing, but it didn’t cover enough of science to accurately define s structure.

Things are different today. We have enormous computing power and advanced visualization

software that make mapping of the structure of science possible. This galaxy-like map of science
(left) was generated at Sandia National Laboratories using an advanced graph layout routine (VxOrd)
from the citation patterns in 800,000 scientific papers published in 2002. Each dot in the galaxy
represents one of the 96,000 research communities active in science in 2002. A research community
isa group of papers (9 on average) that are written on the same research topic in a given year. Over
time, communities can be born, continue, split, merge, or die.

The map of science can be used asa tool for science strategy. Thisis the terrain in which

them, The thickness of these bands indicates an
extensive amount of interdisciplinary research,
which suggests that the boundaries between
Physics and Chemistry are not s distinct as one
might assume.

The Life Sciences, including and
are less concentrated than
immunology Chemistry or Physics. Bands of linking
research can be seen between the larger
* areas in the Life Sciences; for instance
Infectious Disease between Biology and ) and
between Biology and
Biochemistry is very interesting in that it
is a large discipline that has visible links
to disciplines in many areas of the map,
including Biology, Chemistry, Neuroscience,
and General Medicine. It is perhaps the
most interdisciplinary of the sciences

andi ions locate their scientific capabilities. Additional information about the
scientific and economic impact of each research community allows policy makers to decide which
areas to explore, exploit, abandon, or ignore.

Wealso envision the map as an educational tool. For children, the theoretical relationship between
areas of science can be replaced with a concrete map showing how math, physics, chemistry, biology
and social studics interact. For advanced students, areas of interest can be located and neighboring
areas can be explored.

Most research communities in
nanotechnology are concentrated in
and

However, many disciplines
in the Life and Medical Sciences also
have nanotechnology applications.

Proteom

Research communities in proteomics

are centered in vistry. In addition,
there is a heavy focus in the tools section
of chemistry, such as

The balance of the proteomics
communities are widely dispersed among
the Life and Medical Sciences

nacogenomics

Pharmacogenomics s a relatively new
field with most of s activity in Medicine
It also has many communities in

and two communities in
the Social Sciences

1.10 The Structure of Science - Kevin W. Boyack and Richard Klavans - 2005
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‘A Topic Map of NIH Grants 2007

Bruce W. Herr Il (Chalklabs & IU), Gully Burns (1SI), David Newman (UCI), Edmund Talley (NIH)
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An area of the map focused on cardio-
vascular function and dysfunction.
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circuits, which shows the diversity of
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NHLBI) is topically clustered next to
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V.7 A Topic Map of NIH Grants 2007 - Bruce W. Herr II, Gully A.P.C. Burns, David Newman, and Edmund Talley - 2009

National Cancer Institute (NCI)
TOP 10TOPICS

Oncology Clinical Trials
2 CancerTreatment
3 Cancer Therapy
4 Carcinogenesis

Risk Factor Analysis.

6 Cancer Chemotherapy
Metastasis.

8 Leukemia
Prediction/Prognosis

0 Cancer Chemoprevention

National Institute of General
Medical Sciences (NIGMS)
TOP 10 TOPICS
Bioactive Organic Synthesis
2 Xeray Crystallography
3 Protein NMR
+ Computational Models
5 Yeast Biology
& Metalloproteases
7 Enzymatic Mechanisms
9 Protein Complexes
9 Invertebrate/Zebrafish Genetics
Cell Division

National Heart, Lung,

and Blood Institute (NHLBI)
TOP 10 TOPICS

Cardiac Failure
2 Pulmonary Injury
3 Genetic Linkage Analysis
4 Cardiovascular Disease
5 Atherosclerosis
& Hemostasis
7 Blood Pressure
Asthma Allergic Airway Disease
7 Gene Association

0 Lipoproteins

National Institute of
Mental Health (NIMH)

TOP 10TOPICS.

Mood Disorders ?

2 Schizophrenia

3 Behavioral Intervention Studies

4 Mental Health

4 Cognitive-Behavior Therapy
7 AIDS Prevention

Depression

Genetic Linkage Analysis
Adolescence
Childhood




2007 Major Edits
Articles are size coded based on how many
major edits they received from January
1st, 2007 to April 6th, 2007. Larger
circles have received more edits
maller circles. |
highest numbe
edits w
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“This visualization explores the
activity of science, math, and
technology (SMT) related
articles in the English-
language Wikipedia
(hetp://en.wikipedia.org).
‘The central image shows
659,388 articles (circles).
Overlaid is a 37 x 37 grid

of relevant half-inch sized
images. Al five images are color
coded based on type.

Blue, green, and yellow Transparency is used for

circles represent the 3,599 legibility, and creates
math, 6,474 science, and different colors when
3,164 technology relared nodes overlap.
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111.8 Science-Related Wikipedian Activity - Bruce W. Herr II, Todd M. Holloway, Elisha F. Hardy, Katy Borner, and Kevin Boyack - 2007



The Human Disease Network
B Explore online at http://tiseasomeeu

VL3 Diseasome: The Human Disease Network - Mathieu Bastian and Sébastien Heymann - 2009
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VIL.10 History of Science Fiction - Ward Shelley




Check out our Zoom Maps online!
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Visit scimaps.org and check out all our maps in stunning detail!



@ MACROSCOPES FOR INTERACTING WITH SCIENCE

Earth AcademyScope Mapping Global Society Charting Culture

Weather on a worldwide scale Exploring the scientific land: Local news from a global perspective 2,600 years of human history in & minutes
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4 > Play with Scale » Megaregions of the US -

THE M E GA RE G | o N s o F THE U s Explore the new geography of commuter connections in the US.

Tap to identify regions. Tap and hold to see a single location’s commuteshed.

Leaflet | Nelson & Rae CC BY 3.0

B = This is the Roanoke (Raleigh) megaregion.

-

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



4 » Make Sense of Science » Smelly Maps
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Iteration XI (2015) Iteration X1 (2016)

Macroscopes for Interacting with Science Macroscopes for Making Sense of Science

Iteration XIII (2017) Iteration XIV (2018)

Macroscopes for Playing with Scale Macroscopes for Ensuring our Well-being

Iteration XVI (2020)

Macroscopes for Harnessing the Power of Data

http://idemo.cns.iu.edu/macroscope-kiosk
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Skills for the Data Economy.” PNAS 115(50): 12630-12637.

Cyberinfrastructure for
Network Science Center

Skill discrepancies between research, education, and
jobs reveal the critical need to supply soft skills

for the data economy

Katy Borner®??, Olga Scrivner?, Mike Gallant?, Shutian Ma®<, Xiaozhong Liu?, Keith Chewning?, Lingfei Wu

and James A. Evans"%''

efah

2School of Informatics, Computing, and Engineering, Indiana University, Bloomington, IN 47408; “Educational Technology/Media Centre, Dresden
University of Technology, 01062 Dresden, Germany; ‘Department of Information Managerment, Nanjing University of Science and Technology, 210094
Nanjing, China; “Burning Glass Technologies, Boston, MA 02110; *School of Journalism and Communication, Nanjing University, 210008 Nanjing, China;
Department of Sociology, Unlverslty of Chicago, Chicago, IL 60637; 9Knowledge Lab, University of Chicago, Chicago, IL 60637; "Tencent Research Institute,

100080 Beijing, China; and 'Santa Fe Institute, Santa Fe, NM 87501

Edited by William B. Rouse, Stevens Institute of Technology, Hoboken, NJ, and accepted by Editorial Board Member Pablo G. Debenedetti September 12, 2018
8)

(received for review March 14, 201

Rapid research progress in science and technology (S&T) and con-
tinuously shifting workforce needs exert pressure on each other
and on the educational and training systems that link them. Higher
education institutions aim to equip new generations of students
with skills and expertise relevant to workforce participation for
decades to come, but their offerings sometimes misalign with
commercial needs and new techniques forged at the frontiers of
research. Here, we analyze and visualize the dynamic skill (mis-)
alignment between academic push, industry pull, and educational
offerings, paying special attention to the rapidly emerging areas
of data science and data engineering (DS/DE). The visualizations
and computational models presented here can help key decision
makers understand the evolving structure of skills so that they can
craft educational programs that serve workforce needs. Our study
uses millions of publications, course syllabi, and job advertise-
ments published between 2010 and 2016. We show how courses
mediate between research and jobs. We also discover responsive-
ness in the academic, educational, and industrial system in how
skill demands from industry are as likely to drive skill attention in
research as the converse. Finally, we reveal the increasing impor-
tance of uniquely human skills, such as communication, negotia-
tion, and persuasion. These skills are currently underexamined in
research and undersupplied through education for the labor mar-
ket. In an increasingly data-driven economy, the demand for “soft”
social skills, like teamwork and communication, increase with
greater demand for “hard” technical skills and tools.

science of science | job market | data mining | visualization |
market gap analysis

Educ.m\)n has been a critical vehicle of economic growth and
i s throughout the modern Higeher education

doors. Some predictions say hundreds or even thousands of col-
leges and universities will close or merge in the coming years (4).
em to be major discrepancies and delays
between leading scientific rescarch, job market needs, and edu-
cational content. This has bu.n particularly expressed with re-
spect to science, technology, engineering, and mathematics job:
where scientific and technological progress is rapid. Strategic
decision making on what to teach, whom to hire, and what new
research to fund benefits from a systematic analysis of the in-
terplay between science and technology (S&T) developments,
courses and degrees offered, and job market needs. Specifically,
stakcholders in US higher education urgcmly need answers to
the following questions. (i) Students: what jobs might exist in 5-
10 years? What educational trajectories will best achieve my dream
job? What core and specialized skills are required for what jobs
and offered by what schools and programs? (ii) Teachers: what
course updates are most needed? What balance of timely vs.
timeless knowledge should T teach? How can I innovate in
teaching and maintain job security or tenure? (ifi) Universities:
what programs should be created? What is my competition do-
ing? How do I tailor programs to fit workforce needs? (iv) Sci-
ence funders: how can S&T investments improve short- and
long-term prosperity? Where will advances in knowledge
also yield advances in skills and technology (5)? (v) Employers:
what skills are needed next year and in 5 and 10 years? Which
institutions produce the right talent? What skills are listed in job
advertisements by my competition? How do T hire and train

E‘
2
:i
g
=]
2

This paper resuits from the Arthur M. Sackler Colloquium of the National Academy of Sci-
ences, “Modeling and Visualizing Science and Technology Developments,” held Decem-
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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:

Network Science Center

Rapid change of STEM knowledge
Increase in tools, Al

Social skills (project management, team
leadership)

Increasing team size

Biotechnology

Jobs

/ﬂ\ 121,073,950
advertisements
from Burning

,"‘\ Glass Technologies

Courses
ik G 2,744,311 syllabi
L from Open
m Syllabus Project

Publications
1,048,575 from
A —"4 Web of Science

Fig. 1. The interplay of job market demands, educational course offerings,
and progress in S&T as captured in publications. Color-coded mountains (+)
and valleys (=) indicate different skill clusters. For example, skills related to
Biotechnology might be mentioned frequently in job descriptions and
taught in many courses, but they may not be as prevalent in academic
publications. In other words, there are papers that mention these skills, but
labor demand and commercial activity might be outstripping publication
activity in this area. The numbers of jobs, courses, and publications that have
skills associated and are used in this study are given on the right. 17
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.
Stakeholders and Insight Needs

e 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
jobvs. learn how to learn) should | teach? How to innovate in teaching and maintain job security or
tenure?

e Universities: What programs should be created? What is my competition doing? How do | 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?

e 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 aregion?

What is ROl of my time, money, compassion?

22



Urgency

* 35% of UK jobs, and 30% in London, are at high risk from automation

over the coming 20 years.
https://www?2.deloitte.com/content/dam/Deloitte/uk/Documents/uk-futures/london-futures-agilet

own.pdf
* Therise 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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Rapid research progress in science and technology (S&T) and con-
tinuously shifting workforce needs exert pressure on each other
and on the educational and training systems that link them. Higher
education institutions aim to equip new generations of students
with skills and expertise relevant to workforce participation for
decades to come, but their offerings sometimes misalign with
commercial needs and new techniques forged at the frontiers of
research. Here, we analyze and visualize the dynamic skill (mis-)
alignment between academic push, industry pull, and educational
offerings, paying special attention to the rapidly emerging areas
of data science and data engineering (DS/DE). The visualizations
and computational models presented here can help key decision
makers understand the evolving structure of skills so that they can
craft educational programs that serve workforce needs. Our study
uses millions of publications, course syllabi, and job advertise-
ments published between 2010 and 2016. We show how courses
mediate between research and jobs. We also discover responsive-
ness in the academic, educational, and industrial system in how
skill demands from industry are as likely to drive skill attention in
research as the converse. Finally, we reveal the increasing impor-
tance of uniquely human skills, such as communication, negotia-
tion, and persuasion. These skills are currently underexamined in
research and undersupplied through education for the labor mar-
ket. In an increasingly data-driven economy, the demand for “soft”
social skills, like teamwork and communication, increase with
greater demand for “hard” technical skills and tools.

science of science | job market | data mining | visualization |
market gap analysis

Educ.m\)n has been a critical vehicle of economic growth and
i s throughout the modern Higeher education

doors. Some predictions say hundreds or even thousands of col-
leges and universities will close or merge in the coming years (4).
em to be major discrepancies and delays
between leading scientific rescarch, job market needs, and edu-
cational content. This has bu.n particularly expressed with re-
spect to science, technology, engineering, and mathematics job:
where scientific and technological progress is rapid. Strategic
decision making on what to teach, whom to hire, and what new
research to fund benefits from a systematic analysis of the in-
terplay between science and technology (S&T) developments,
courses and degrees offered, and job market needs. Specifically,
stakcholders in US higher education urgcmly need answers to
the following questions. (i) Students: what jobs might exist in 5-
10 years? What educational trajectories will best achieve my dream
job? What core and specialized skills are required for what jobs
and offered by what schools and programs? (ii) Teachers: what
course updates are most needed? What balance of timely vs.
timeless knowledge should T teach? How can I innovate in
teaching and maintain job security or tenure? (ifi) Universities:
what programs should be created? What is my competition do-
ing? How do I tailor programs to fit workforce needs? (iv) Sci-
ence funders: how can S&T investments improve short- and
long-term prosperity? Where will advances in knowledge
also yield advances in skills and technology (5)? (v) Employers:
what skills are needed next year and in 5 and 10 years? Which
institutions produce the right talent? What skills are listed in job
advertisements by my competition? How do T hire and train

E‘
2
:i
g
=]
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This paper resuits from the Arthur M. Sackler Colloquium of the National Academy of Sci-
ences, “Modeling and Visualizing Science and Technology Developments,” held Decem-
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Fig. 2. Basemap of 13,218 skills.
In this map, each dot is a skill,
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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
drawingin Fig. 1 using millions
of data records. Jobs skills are
plotted in blue, courses arein
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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Android Skill burstsin Jobs [
Apache Hadoop Skill bursts in Publications |G Skill co-bursts
Document Management
Electrical Engineering
Energy Engineering
Environmental Science
Facebook
HRMS
Industrial Engineering
Marketing Analytics
Maximo
Social Gaming
Social Media
Storage Systems
Web Analytics

2010 2011 2012 2013 2014 2015 2016

Fig. 4. Burst of activity in DS/DE skills in jobs and publications. Each burst is rendered as a horizontal bar with a start and an end date; skill term is shown on
the left. Skills that burst in jobs are blue; skills bursting in publications are green. Seven skills burst in both datasets during the same years and are shown in
gray. HRMS stands for human resources management system, and Maximo is an IBM system for managing physical assets.
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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 inajob
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 Al 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.

33



References

Borner, Katy, Chen, Chaomei, and Boyack, Kevin. (2003). Visualizing
Knowledge Domains. In Blaise Cronin (Ed.), ARIST, Medford, NJ:
Information Today, Volume 37, Chapter 5, pp. 179-255.
http://ivl.slis.indiana.edu/km/pub/2003-borner-arist.pdf

Shiffrin, Richard M. and Borner, Katy (Eds.) (2004). Mapping
Knowledge Domains. Proceedings of the National Academy of
Sciences of the United States of America, 101(Suppl_1).
http://www.pnas.org/content/vol101/suppl 1

Borner, Katy (2010) Atlas of Science: Visualizing What We Know. The
MIT Press. http://scimaps.org/atlas

Scharnhorst, Andrea, Borner, Katy, van den Besselaar, Peter (2012)
Models of Science Dynamics. Springer Verlag.

Katy Borner, Michael Conlon, Jon Corson-Rikert, Cornell, Ying Ding
(2012) VIVO: A Semantic Approach to Scholarly Networking and
Discovery. Morgan & Claypool.

Katy Borner and David E Polley (2014) Visual Insights: A Practical
Guide to Making Sense of Data. The MIT Press.

Borner, Katy (2015) Atlas of Knowledge: Anyone Can Map. The MIT
Press. http://scimaps.org/atlas2

Borner, Katy (2021) Atlas of Forecasts: Modeling and Mapping
Desirable Futures. The MIT Press.

Atlas of

Anyone Can Map

Understanding Complex Systems

Andrea Schamharst
Katy Borner

Petervan den Besselaar £ditors

Models of Science Dynamics

Encounters Between Complexity Theory
and Information Sciences

‘@ Springer

Knowledge

VISUAL
NSIGHTS

A Practical Guide to Making Sense of Data

AR\ Cyberinlrastructur e fc
CHONS e

\tlas of Forecasts

I.l]‘]'ii\)



http://ivl.slis.indiana.edu/km/pub/2003-borner-arist.pdf
http://www.pnas.org/content/vol101/suppl_1/
http://scimaps.org/atlas
http://scimaps.org/atlas2

