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From Insight to Impact: 
Combining Human and Machine Intelligence
to Invent and Implement Desirable Futures

Four Options:
• Maps and Macroscopes
• Data Visualization Literacy
• Models and Maps of STI
• Embracing Human and Machine Intelligence Synergies



I.3 A New Map of the Whole World with Trade Winds According to the Latest and Most Exact Observations - Herman Moll - 1736



I.2 Nova Anglia, Novvm Belgivm et Virginia – Johannes Janssonius - 1642



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



V.5 Death and Taxes 2009 - Jess Bachman - 2009



IX.4 Pulse of the Nation - Alan Mislove, Sune Lehmann, Yong-Yeol Ahn, Jukka-Pekka Onnela, and James Niels Rosenquist - 2010



VI.8 The Emergence of Nanoscience & Technology - Loet Leydesdorff - 2010



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





Earth – Cameron Beccario



AcademyScope – National Academy of the Sciences & CNS



Mapping Global Society –Kalev Leetaru



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



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



Maps of  Science & Technology 
http://scimaps.org

100 maps and 12 macroscopes by 215 experts on display at 354 venues in 28 countries. 

http://scimaps.org/


Data Visualization Literacy: 
Research and Tools that Advance Public Understanding of 

Scientific Data



Problem: Data Visualization Literacy is Low 

Most science museum visitors in the US cannot name, read, or interpret 
common data visualizations.
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Börner, Katy, Joe E. Heimlich, Russell Balliet, and Adam V. Maltese. 2015. Investigating aspects of 
data visualization literacy using 20 information visualizations and 273 science museum visitors. 
Information Visualization 1-16. http://cns.iu.edu/docs/publications/2015-borner-investigating.pdf

http://cns.iu.edu/docs/publications/2015-borner-investigating.pdf


Data Visualization Literacy 

Data visualization literacy (ability to read, make, and explain data 
visualizations) requires 
• literacy (ability to read and write text, e.g., in titles, axis labels, 

legend), 
• visual literacy (ability to find, interpret, evaluate, use, and 

create images and visual media), and
• data literacy (ability to read, create, and communicate data).

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 for understanding STEAM 
developments and to strategically approach global issues.

19
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How to Classify (Name & Make) Different Visualizations?

By
• User insight needs?
• User task types?

• Data to be visualized? 
• Data transformation?

• Visualization technique?
• Visual mapping transformation?
• Interaction techniques?

• Or ?
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Find your way

Find collaborators, friends

Identify trends

Terabytes of data

Descriptive &
Predictive

Models

Different Question Types
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Different Levels of Abstraction/Analysis

Macro/Global
Population Level

Meso/Local
Group Level

Micro
Individual Level



Tasks

23See Atlas of Science: Anyone Can Map, page 5



Needs-Driven Workflow Design

Stakeholders

Data

READ ANALYZE VISUALIZE

DEPLOY

Validation

Interpretation

Visually 
encode 

data

Overlay 
data

Select 
visualiz. 

type

Types and levels of analysis determine
data, algorithms & parameters, and 
deployment
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Visualization Framework

See Atlas of Science: Anyone Can Map, page 24
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Visualization Framework



Visualization Framework

See Atlas of Science: Anyone Can Map, page 24
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Data Visualization Literacy: 
Research and Tools that Advance Public Understanding of 

Scientific Data
+ Methods



Register for free: http://ivmooc.cns.iu.edu. Class restarted Jan 9, 2018.

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


The Information Visualization MOOC
ivmooc.cns.iu.edu

Students from more than 100 countries
350+ faculty members

#ivmooc



Course Schedule
Part 1: Theory and Hands-On
• Session 1 – Workflow Design and Visualization Framework
• Session 2 – “When:” Temporal Data
• Session 3 – “Where:” Geospatial Data
• Session 4 – “What:” Topical Data
Mid-Term
• Session 5 – “With Whom:” Trees
• Session 6 – “With Whom:” Networks
• Session 7 – Dynamic Visualizations and Deployment
Final Exam

Part 2: Students work in teams on client projects.

Final grade is based on Homework and Quizzes (10%), Midterm (20%), Final 
(30%), Client Project (30%), and Class Participation (10%).
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http://ivmooc.cns.iu.edu

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


IVMOOC App

The “IVMOOC Flashcards” app can be downloaded from Google 
Play and Apple iOS stores.



Sci2 Tool Interface Components Implement Vis Framework
Download tool for free at http://sci2.cns.iu.edu
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http://sci2.cns.iu.edu/


Load One File and Run Many Analyses and Visualizations

38

Times 
Cited

Publication 
Year

City of Publisher Country Journal Title 
(Full)

Title Subject Category Authors

12 2011 NEW YORK USA COMMUNICATI
ONS OF THE 
ACM

Plug-and-Play Macroscopes Computer Science Borner, K

18 2010 MALDEN USA CTS-CLINICAL 
AND 
TRANSLATIONA
L SCIENCE

Advancing the Science of 
Team Science

Research & 
Experimental 
Medicine

Falk-Krzesinski, HJ|Borner, 
K|Contractor, N|Fiore, SM|Hall, 
KL|Keyton, J|Spring, B|Stokols, 
D|Trochim, W|Uzzi, B

13 2010 WASHINGTON USA SCIENCE 
TRANSLATIONA
L MEDICINE

A Multi-Level Systems 
Perspective for the Science 
of Team Science

Cell Biology 
|Research & 
Experimental 
Medicine

Borner, K|Contractor, N|Falk-
Krzesinski, HJ|Fiore, SM|Hall, 
KL|Keyton, J|Spring, B|Stokols, 
D|Trochim, W|Uzzi, B



Load One File and Run Many Analyses and Visualizations
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Co-author and 
many other 
bi-modal networks.



http://visanalytics.cns.iu.edu



Visual Analytics Certificate
Instructor: Victor H. Yngve Distinguished 
Professor Katy Börner & CNS Team, ISE, SICE, IUB
Duration: 6 weeks x 5 hours = 30 hours (3 CEUs)
Format: Online | Theory and Hands-on 
Instruction, Concept Questions, Graded 
Assignments, Case Studies, Discussions 
Start: Sept 15, 2018 

Covers:
Temporal, geospatial, topical (linguistic), network 
analyses and 60+ visualization types 

Tools: Tableau, Gephi, BI 

Real world case studies such as 
• Acting on customer complaints data. 
• Improving communication/traffic flows.
• Understanding web page usage. 
• Visualizing online shopping behavior.
• Optimizing supply chains.
• Reducing customer/supplier churn.
• Monitoring emerging R&D areas.
• Workforce development planning.

http://visanalytics.cns.iu.edu



http://visanalytics.cns.iu.edu



Model and Maps of Science: 
Informing Data-Driven Decision Making



Models of Science, 
Technology, and Innovation

STI models use qualitative and quantitative data 
about scholars, papers, patents, grants, jobs, 
news, etc. to describe and predict the probable 
structure and/or dynamics of STI itself. 

They are developed in economics, science policy, 
social science, scientometrics and bibliometrics, 
information science, physics, and other domains.



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 via 
http://modsti.cns.iu.edu/report

http://modsti.cns.iu.edu/report


#SacklerModVisST



http://www.nasonline.org/programs/sackler-colloquia/completed_colloquia/modeling-and-visualizing.html

http://www.nasonline.org/programs/sackler-colloquia/completed_colloquia/modeling-and-visualizing.html


Modeling Advantage

Models are widely used in the construction of 
scientific theories as they help
• Make assumptions explicit
• Describe the structure and dynamics of systems
• Communicate and explain systems
• Suggest possible interventions
• Identify new questions 



Modeling Approaches

• Qualitative and quantitative models 
• Deductive, abductive, and inductive models 
• Analytic and predictive models 
• Universal and domain specific models 
• Multi-level (micro-macro) and multi-

perspective models



Model Types

• Deterministic models
• Stochastic models  
• Epidemic models
• Game-theoretic models
• Network models
• Agent-based models 



III.5 Science & Technology Outlook: 2005-2055 – Marina Gorbis, Jean Hagan, Alex Soojung-Kim Pang, and David Pescovitz - 2006



III.5 Science & Technology Outlook: 2005-2055 – Marina Gorbis, Jean Hagan, Alex Soojung-Kim Pang, and David Pescovitz - 2006



III.6 113 Years of Physical Review - Bruce W. Herr II, Russell J. Duhon, Elisha F. Hardy, Shashikant Penumarthy, and Katy Börner - 2006



http://stateofinnovation.com/2016-citation-laureates

http://stateofinnovation.com/2016-citation-laureates


V.6 Chemical R&D Powers the U.S. Innovation Engine - The Council for Chemical Research - 2009



From funding agencies to scientific agency: Collective allocation of 
science funding as an alternative to peer review

Bollen, Johan, David Crandall, Damion Junk, Ying Ding, and Katy Börner. 2014. EMBO Reports 15 (1): 1-121. 

Existing (left) and proposed (right) funding systems. Reviewers in blue; investigators in red. 
In the proposed system, all scientists are both investigators and reviewers: every scientist receives a fixed 
amount of funding from the government and discretionary distributions from other scientists, but each is 
required in turn to redistribute some fraction of the total they received to other investigators. 56



Assume
Total funding budget in year y is ty

Number of qualified scientists is n

Each year,
the funding agency deposits a fixed amount into 
each account, equal to the total funding budget 
divided by the total number of scientists: ty/n.
Each scientist must distribute a fixed fraction of  
received funding to other scientists (no self-
funding, COIs respected).

Result
Scientists collectively assess each others’ merit 
based on different criteria; they “fund-rank” 
scientists; highly ranked scientists have to 
distribute more money.
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Example:
Total funding budget in year is 2012 NSF budget
Given the number of NSF funded scientists, each 
receives a  $100,000 basic grant.
Fraction is set to 50%

In 2013, scientist S receives a basic grant of $100,000 
plus $200,000 from her peers, i.e., a total of 
$300,000. 

In 2013, S can spend 50% of that total sum, 
$150,000, on her own research program, but must 
donate 50% to other scientists for their 2014 budget. 

Rather than submitting and reviewing project 
proposals, S donates directly to other scientists by 
logging into a centralized website and entering the 
names of the scientists to donate to and how much 
each should receive.

58



Model Run and Validation:
Model is presented in http://arxiv.org/abs/1304.1067
It uses citations as a proxy for how each scientist might 
distribute funds in the proposed system.
Using 37M articles from TR 1992 to 2010 Web of Science 
(WoS) database, we extracted 770M citations. From the 
same WoS data, we also determined 4,195,734 unique 
author names and we took the 867,872 names who had 
authored at least one paper per year in any five years of 
the period 2000–2010.
For each pair of authors we determined the number of 
times one had cited the other in each year of our citation 
data (1992–2010). 
NIH and NSF funding records from IU’s Scholarly 
Database provided 347,364 grant amounts for 109,919 
unique scientists for that time period.
Simulation run begins in year 2000, in which every 
scientist was given a fixed budget of B = $100k. In 
subsequent years, scientists distribute their funding in 
proportion to their citations over the prior 5 years. 
The model yields funding patterns similar to existing NIH 
and NSF distributions.
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http://arxiv.org/abs/1304.1067


Model Efficiency:
Using data from the Taulbee Survey of Salaries 
Computer Science (http://cra.org/resources/taulbee ) 
and the National Science Foundation (NSF) the following 
calculation is illuminating:
If four professors work four weeks full-time on a 
proposal submission, labor costs are about $35k.  With 
success rates in CS around 20%, about five submission-
review cycles might be needed resulting in a total 
expected labor cost of $175k. 
The average NSF grant is $165k per year.
U.S. universities charge about 50% overhead (ca. $55k), 
leaving about $110k. 
In other words, average success results in a net loss for 
faculty in terms of paid research time. 
That is, U.S. universities should forbid professors to 
apply for grants—if they can afford to forgo the indirect 
dollars. 
To add: Time spent by researchers to review proposals. 
In 2015 alone, NSF commissioned more than 231,000 
reviews to evaluate 49,600 proposals.
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http://cra.org/resources/taulbee


Science & Technology vs. Education/Training vs. Jobs

Need to 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

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

Programming
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Science & Technology vs. Education/Training vs. Jobs

Study results are needed by:
• 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 curriculum design is best? 
What is my competition doing? How much 
timely knowledge (to get a job) vs. forever 
knowledge (to be prepared for 80 
productive years) should I teach? How to 
innovate in teaching and get tenure?

• Employers: What skills are needed next 
year, in 5 years? Who trains the best? What 
skills does my competition list in job 
advertisements? How to hire/train 
productive teams?

What is ROI of my time, money, compassion?

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



Science Forecast 
S1:E1 



Science Forecast 
S1:E1 

https://www.youtube.com/watch?v=lByX2_eb_QQ

https://www.youtube.com/watch?v=lByX2_eb_QQ





Modelling Challenges

Comprise among others:
• Model utility and usability
• Model credibility and validation
• Model extendibility and reproducibility
• Model sharing and retrieval 



Modelling Opportunities

Now available:
• High-quality, high coverage, interlinked data 
• Cost-effective storage and computation
• Validated, scalable algorithms
• Visualization and animations capabilities



Inventing and Implementing Desirable Futures:
Embracing Human and Machine Intelligence Synergies



Visualizing the Internet of Things (IoT)

Using large scale datasets, advanced data mining and visualization 
techniques, and substantial computing resources. 

Work by Philip Beesley | www.philipbeesley.ca | www.lasg.ca

http://www.philipbeesley.ca/
http://www.lasg.ca/


Sentient Chamber, National Academy of Sciences, Washington, D.C. (2016) 
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Amatria Unveiled by Andreas Bueckle et al. Data visualizations of sensor/actuator positions and types, 
energy and communication flows, and emergent behavior of smart environments.   
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All papers, maps, tools, talks, press are linked from http://cns.iu.edu
These slides are at http://cns.iu.edu/presentations.html

CNS Facebook: http://www.facebook.com/cnscenter
Mapping Science Exhibit Facebook: http://www.facebook.com/mappingscience
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