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__MOBILE' LANDSCAPES
Using Location Data from Cell Phones for UrbanAnalysis

‘This research shows,how geo-referencing cell phone activity data can allow 161 Hourly SSUTatES ol
ion flows within urban environments. An the movement of peoplé on this scalehad never
westigated in depith before this project and the results allow researchers ta investigate how people:

7 navigate and use urban systems. Understanding these flows will allow us 1o plan betfer cities.

The maps below show cell phane

—imagine at rush hour's p .

moves further away from this traqsl [

different parts of the city. While thig analysis highlights wh closer inspection of the

data not only shows filgh volumes: of.people at the train station during rush hour, but also the smaller

urban plazas that are activated at dusk, The contrast between day and night helps 10 illustrate how
~—Milan’s population uses its urban enviropment and what parts of the ity are important to their daily flow.
Italso illustrates the potential of cell phone data to tell us-about the pulse of the city.
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INSTITUTE FOR THE FUTURE

Science & Technology Outlook: 2005-2055

A s g cbreian )

20

peoel el "
.-—a s envict o

et | CTCTT—
b T Pt

MUty s ot o i Ao CATXT

2055

Technclogy Warson Pregeam
Instide fo i Future

VRSB 31 1450 1547850 e

¢ soaes
W urdersand,cose,

et Wt pat -t o b 0 g ot b, T ane rsed e v

o b st o f vt phdan

b ien

Vs B 2srot bid i d, Tovegh st

5 tenca ts medcra 1 sraady we-urdersiscd. Theve Freh, Somtaloniry g o urmaniy
= SENTIIISATIANG e
e | e e g e —
' — e Snaet ek
i
= pa b
e i =
= e e T L
S IS o -
r o
ol : i
e e
=t Bt e e
= bt e
g PRkttt sl
— | CrTmTTT— CerTTeTr T e e L s i e P B
- PRl b o

Oni g, s am e g s

prcat ot saces. i e e

10450 e o, e resiieg et
ekt

by b,

T venan, enrvand, gt wpen

el e el s bereriart
. emerecce—mil

.v..r..,,w,..._»._.»..u.um..»,-w

ooy

et it e o e et
0V rd probie o i 4 o ¢ ok 1

s20ut he oy, ol

ik o, o st o sence Py | oo 1checiogs mpan o el o 6 mecgg e
S st w1 para 8 mcim Wiy o The vt wih b & foinns of e et mbten. th
oo Gonspers jermTe——

e s ey S s i gt a9
e e ity it nbertyng cacests.

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

| 13Years of Physical Review

et s ey

Nobel Prizes in Physical Review

0708 o | Camae o et oo Vet

@300 o e
sooy i b b
e ,

03008 Ay g

82000 s D . Moo e s e Gicons
183001 A Cormet g Bemar, s Cat E i
Rotert 8 augin 114

© 1943 o s e

198 ML
81990 e L]

Bar Grapl
Piyscal Ree}
Pl Revve)

1 P ]

1893 1900

e

1910

“1920

s

114 Years of Physical Review - Bruce W. Herr Il, Russell Duhon, Katy Borner, Elisha Hardy, Shashikant Penumarthy - 2007

5/12/2015



Forecasting Large Trends in Science

MAPS OF SCIENCE

Chemistry

Medical

Infectious
Specialties

Diseases

Maps of Science: Forecasting Large Trends in Science - Richard Klavans, Kevin Boyack - 2007

Modelling Science
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Part I: Foundations [RO—
1 An Introduction to Modeling Science: Basic Model Types, Key Jaes Schanbot

Y] . (aty Bomer
Definitions, and a General Framework for the Comparison of Process Models Petervan den Besselaar  iitors

Borner, Boyack, Milojevic & Morris Maodels of Science Dynamics

Encounters Between Complexity Theory
and Information Sciences

2 Mathematical Approaches to Modeling Science from an Algorithmic-
Historiography Perspective by Lucio-Arias & Scharnhorst

Part Il: Exemplary Model Types

3 Knowledge Epidemics and Population Dynamics Models for Describing
Idea Diffusion by Vitanov & Ausloos

4 Agent-Based Models of Science by Payette

5 Evolutionary Game Theory and Complex Networks of Scientific Information by Hanauske
Part lll: Exemplary Model Applications

6 Dynamic Scientific Co-Authorship Networks by Mali, Kronegger, Doreian & Ferligoj

7 Citation Networks by Radicchi, Fortunato & Vespignani

Part IV: Outlook

8 Science Policy and the Challenges for Modeling Science by van den Besselaar, Borner &
Scharnhorst

An introduction to modeling science: Basic model types, key definitions,

and a general framework for the comparison of process models
Katy Birmer, Kevin W. Boyack, Stasa Milojevié, Steven Morris. (2011) In Scharnborst, Andrea, Borner, van den
Besselaar (Eds) Models of Science Dynamics. Springer 1 erlag.

Modeling Process

1. Formulation of a scientific hypothesis about the identification of a specific structure or
dynamics. Often, this hypothesis is based on analysis of patterns found in empirical data.

2. Algorithm design and implementation using either tools (e.g., NetL.ogo, RePast) or
custom codes that attempt to mathematically describe the structure or dynamics of
interest.

3. Simulated data ate calculated by running the algorithm and validated by comparison with
empirical data.

4. Resulting insights frequently inspire new scientific hypotheses, and the model is iteratively
refined or new models are developed.

Model
Computer code
and parameters

Model Validation
Comparison of empirical
and simulated data

Simulated Data

Calculated model
result

Empirical Data

e.g., all publications
for one nation

A 3

Iterative model refinement
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Sample Model #1

Modelling Co-Evolving Author-Paper Networks
(MESO)

Approx. Age  Med. Diameter  Approx. Number

(in Years) (ine Meters) on Earth

racrorcont i lalall
Supranational System 4,500 >10¢ 1-100
MESO / LOCAL ﬁ;;ﬁ ﬂ
Organization B %ﬂm E 10,000 10°-10° 10,000,000

s Me o & Y Y- »
MICRO / INDIVIDUAL w ’mwmw
500,000,000 0.5 7,000,000,000

Human

Modeling the Co-Evolving Author-Paper Networks
Barner, Katy, Maru, Jeegar & Goldstone, Robert. (2004). The Simultaneons Evolution of
Author and Paper Networks. PNAS. Vol. 101Suppl. 1), 5266-5273.

The TARL Model (Topics, Aging, and Recursive Linking) incorporates
» A partitioning of authors and papers into topics,
» Aging, i.c., a bias for authors to cite recent papers, and

» A tendency for authors to cite papers cited by papers that they have read resulting in a rich get richer
effect.

The model attempts to capture the roles of authors and papers in the production, storage, and
dissemination of knowledge.

Model Assumptions

»  Co-author and paper-citation networks co-evolve.

» Authors come and go.

»  Papers are forever.

> Only authors that are 'alive’ are able to co-author.

» Al existing (but no future) papers can be cited.

> Information diffusion occurs directly via co-authorships and indirectly via the consumption of other

authors’ papers.

»  Preferential attachment is modeled as an emergent property of the elementary, local networking activity of
authors reading and citing papers, but also the references listed in papers.
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Modeling the Co-Evolving Author-Paper Networks
Birner, Katy, Maru, Jeegar & Goldstone, Robert. (2004). The Simultaneons Evolution of
Author and Paper Networks. PNAS. Vol 101Suppl. 1), 5266-5273.

/1 Initialization
generate #_papers papers and assign a random topic to each paper;
generate #_authors authors and assign a random topic to each author;
randomly assign #_co-authors+1 authors to papers of the same topic;
/1 Simulation
for each year do {
add #_new_authors new authors, deactivate authors older than #_author_age;
for each topic do {
randomly partition set of authors into author_groups of size #_co-authors+1;
for each author_group do {
for each new_paper to be produced, do {
generate new_paper;
randomly select #_read_ papers from existing papers;
get all references of read_ papers up to #_reference_path_length;
for each new_paper_reference do {
select a time_slice from (start year to curr_year-1) with probability given in aging_function;
randomly select a paper published or cited in this time_slice; as a new_paper_reference;
add the new_paper_reference to new_paper;

}
add all new papers to the set of existing papers;
add new links to author and paper information;

15
Table 3 Statistics for SIM data
ahen
i niiazation B30
Senerate #_pagers e and a5 3 anceen tooe 1o ¢h Sapers -
Generat 2 augnors B B 85000 3 andern it £3Ch alehr
Sy 3550 4. Co-dors+ 1 AN 5 DO o the SR '
'
4
Model Parameters (O=without, 1=with) 768 4
T60 42960 L S
0/1 Topica 7550 w6 4
0/1 Co-authars T3 n
0/1 Consider References 83 185, ¢
0 Aging Punstion 72 fost
9120 Wi
as10 et 4
Model Initislization Values
9905 [T
"""" 10295 W
Z # Years 10685 62
5 % Authers in Start Yesr 1nso 22
5 % Papers in Stert Year 11470 w4
2 # Papers Consumed (Refsrenced) per Paper 11865 w5 4
N per mee Simulated - "
1 # papers Produced per Author esch ¥Year Nebworks 12255 [ '
5 # Topics 12615 o
1 # Co-Author(s) per Author 1070760 173853
1

Simple Statistics

# Levels Refersnces are Considersd Model

N, <k>,1C, 7 Year T
o T T S0
Aging function PNAS Data Set 1611 s

[V Network Properties  rapie 2. pNAS Sttistics

140000

120000
é 100000 = o 93 oo
E so0m0 . Model Validation :z" :;;:
5 e T The properties of the networks generated by this 1990 o019
2 . . . o
i L) model are validated against a 20-year data set (1982~ o o
e 2001) of documents of type article published in the 2 oRtH
0 2
T4 7 101316 1922 25 20 31 34 37 40 &3 45 Proceedings of the National Academy of Science -
g y 1 ,:
Toars Since Publicston (PNAS) — about 106,000 unique authors, 472,000 co- -
T
author links, 45,120 papers cited within the set, and s
114,000 citation references within the set. e .
2001 2575 13038 16387
T st s2ien
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20-Year PNAS Dataset (1982-2001)

Coverage in terms of time span, total number of papers, and complete author’s work

Papers citing
papers in X

|

Papers in X

Papers cited by
papers in X l
Other

Publications

# papers

1982 2001

The TARL Model: The Effect of Parameters

(0000) w0 . (1000) Topics N
A % \

—

(0100) Co-Authors

-

Co-authoring leads to fewer papers.

5/12/2015



Model Parameters (0=without, l=with)

0/1 Topics
0/1 Co-authors

0/1 consider References

o

Aging Puncetion

Model Initislization Values

B

R R

vears

Authers in Stare Yesr

Papers in Start Yesr

Papers Consumed (Referenced) per Paper
Papers Produced per Author ssch Year
wopics

Co-Author(s) per Author

Levels References sre Considered

Aging function

Humber of Cltations

140000
120000
100000 —
80000
60000

40000 I
20000 Y

[}

14 7 101310 1822 25 20 21 34 37 40 43 4g|
Years Since Publication

11 Inaiization
gEncate 4_QApEYS Epess B 4K B o
chos suthars ard s randor

scshor s

Counts for Papers and Authors

pr i 14000
12000 sqat
s 10000 —
) a
5 8000 4 ——#a S
S 000 #PhAS
4000 ——

Simulated
Networks

Input _|

Seript

Simple Statistics
Network Properties
N, <k>LC,7

Model
Validation

PNAS Data Set

12000

10000 1

8000 +

£ 000
o

4000 +

2000 1

1981

1990 2000 010
Year

Counts for Citations

—e—d#c_win PNAS

—o—#c_win SIM

1926 1991 1996 2001

Year

Model Parameters (0=without, l=with)

0/1 Topics

0/1 co-authors

0/1 Consider References

)

Aging Function

Model Initislization Values

B

R EE

Years
Authors in Start Vear

Papers in Start Year

Papers Consumed (Referenced) per Papst
papers Produced per Author sach Year
Topics

Co-Author(z) per Author

Levels Refersnces sre Considered

Aging function

Humber of Citations

140000
120000
100000 —
80000
50000
40000

20000

0

14 T 101316 18 22 25 20 31 34 37 4D 43 4f|
Years Since Publication

Table 2. Propertics of co-author & paper cHation fetworks compris

= numiber of Nodes N, average node de;

path length I, cluster coeficient C, and power law exponent 7. Sours are given in the left column.
T inisston Network w < T 3 P Reference
Co-authorship networks
TAND 2900 0 [XH - Newnman,
MEDLINE 1520251 16 0.066 (2001a:
2001b: 2001¢)
SPIRES 56627 10 0.726 I
NCSTRL 11994 97 0.496 -
Math. 0975 95 0.59 Barabasi
Neurosci. 209,293 6 0.76 (2002)
PNAS 105915 5.89 0.399
Paper—citation nctworks
5] - - 3 Redner,
Physkev . 3 (1998)
PNAS - 0.081 229
SIM 0.074 205

Simulated
Networks

Simple Statistics
Network Properties
N, <k>,1,C 7

Model
Validation

PNAS Data Set

Co-Author and Paper-Citation

Network Properties

Power Law Distributions

Citation Distribution of PNAS Article Data Chation Distribution of Simulated Data
[ ° - . > < SIM PHAS 3 refs
n ) ; 100 topics
.
N
s . N
: ) "Ry
o
3 \“"
2 \ o
a, 2, T lhen
T S S S S [ S N T S
Inncited) In{ncited)
mag dof. F omiaf b0 b1 Baq At P ooasge b0 b1
(877 70 457.88 .000 10,2251 -2,2998 852 114 1572.51 000 9.5155 -2.054
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Model Parameters (0=without, l=with)

0/1 Topics
0/1 Co-authors

0/1 consider References

o

Aging Puncetion

Model Initislization Values

B

# vears
¥ Authers in Start vear

¥ papers in start Year

# Papers Consumed (Referenced) per Paper
# Papers Produced per Author ssch Year
# wopics

# Co-Author(s) per Author

# Levels Refersnces ars Considered

Aging function

140000

120000

100000 b=l

Humber of Cltations

b3
—
——b=7

80000
60000
40000

20000
[}

Y

14 7 101310 1822 25 20 21 34 37 40 43 4g|
Years Since Publication

Simulated
Networks

Input _ AR
Seript

PNAS Data Set

Simple Statistics
Network Properties
N, <k>LC,7

Model
Validation

Topics: The number of topics
is linearly correlated with the
clustering coefficient of the
resulting network: C=
0.000073 * #topics. Increasing
the number of topics increases
the power law exponent as
authors are now restricted to
cite papets in their own topics
area.

Aging: With increasing b, and
hence increasing the number of
older papers cited as
references, the clustering
coefficient decreases. Papers
are not only clustered by topic,
but also in time, and as a
community becomes
increasingly nearsighted in
terms of their citation
practices, the degree of
temporal clustering increases.

References/Recursive
Linking: The length of the
chain of paper citation links
that is followed to select
references for a new paper also
influences the clustering
coefficient. Temporal
clustering is ameliorated by the
practice of citing (and
hopefully reading!) the papers
that were the earlier
inspirations for read papers a”

Sample Model #2

Collective allocation of science funding as an

MACRO / GLOBAL

Supranational System

MESO / LOCAL
Organization

MICRO / INDIVIDUAL
Human

alternative to peer review

(MESO)

miendaiall
e Y

i it

on Earth

Approx. Age  Med. Diameter  Approx. Number
(in Meters)

fin Years)

4,500 >

10,000 10° -

500,000,000

10 1-100

10 10,000,000

0.5 7,000,000,000

22
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I NEWSFOCUS

Making Every Scientist a Research Funder

When it comes to using peer review to distribute research dollars, Johan Bollen
favors radical simplicity.

Qver the years, many scientists have suggested that the current system
could be improved by changing the com position of the review panels, tweaking
the interactions among reviewers, or revising how the proposals are scored. But
Bollen, a computer sdientist at Indiana University, Bloomington, would simply
award all eligible researchers a block grant—and then require them to give
some of it away to colleagues they judge most deserving.

That radical step, described in a paper Bollen and four Indiana colleagues
recently posted on EMBO Reports, retains peer review's core concept of tap-
ping into the views of the most knowledgeable researchers. But itwould elimi-
nate the huge investment in time and money required to submit proposalsand
assemble panels to judge them.

Bollen's process would be almost instantaneous: In a version of expert-
directed crowdsourcing, scientists would fill out a form once a year listing

Others are skeptical. “I've known Johan for a long time and have the high-
est regard for his ability as an out-of-the-box thinker,” says Stephen Griffin, a
retired National Science Foundation (NSF) program manager who's now a vis-
iting professor of information sciences at the University of Pittsburgh in Penn-
sylvania. “But there are a number of issues he doesn't address.”

Those sticking points include the likely mismatch between what research-
ers need and what their colleagues give them; the absence of any replacement
for the overhead payments in today's grants, which support infrastructure at
host institutions; and the dearth of public accountability for the billions of dol-
lars that would flow from public coffers to individuals. “Scientists aren't really
equipped to be a funding agency,” Griffin notes.

Bollen acknowledges that the process would need safeguards to ensure
that scientists don't reward their friends or punish their enemies. But his analy-
sis suggests that the U.S. research landscape would not look all that different
if his radical proposal were adopted.

Drawing upon citation data in 37 million papers over 20 years, the Indiana

s conducted a il tion p on the idea that scientists would =
their favored researchers, and a predetermined portion of their annual grant  reallocate their federal dollars according to how often they cited their peers. <]
money—a total of, say, 50%—would then be transferred to their choices. The simulation, he says, yielded a funding pattern “similar in shape to the ~

“So many scientists spend so much time on peer review, and there’s a high  actual distribution” at NSF and the National Institutes of Health for the past >
level of frustration,” Bollen explains. “We already knowwho the best people are.  decade—at a fraction of the overhead required by the current system. o
And if you're doing good work, then you deserve to receive support.” -Jom _CE,
[
w
Science 7 February 2014: Vol. 343 no. 6171 p. 598
DOI: 10.1126/science.343.6171.598
http://www.sciencemag.org/content/343/6171/598.full ?sid=4f40a7f0-6ba2-4ad8-a181-7ab394fe2178
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 Birner. 2014. EMBO Reports 15 (1): 1-121.
| _Congress | | _Congress |
Funding agencies PrusaE SRR e o
i dh " ch " dh
Awards ; 5 g .
% ey S 15
Reviewers
t \JL/*b*l’ &'t
WP 2 B}
uu Ry
Investigators
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.
24
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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 Birner. 2014. EMBO Reports 15 (1): 1-121.

Assume
Total funding budget in year y is ,

Number of qualified scientists is #

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: tj/ 7

Each scientist must disttibute 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.

[ Corgres |
®
v

 A-d-d

Py NI
RN S e 1
P B 5s !

Scientific community

25
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 Birner. 2014. EMBO Reports 15 (1): 1-121.
Example:
Total funding budget in year is 2012 NSF budget | Congress |
Given the number of NSF funded scientists, each receives a C sj
$100,000 basic grant. *
Fraction is set to 50%
Y S 3.
In 2013, scientist S receives a basic grant of $100,000 plus ! 7 { \ 1 \
$200,000 from her peers, i.c., a total of $300,000. ‘ *‘\L — i‘ —*‘L
In 2013, § can spend 50% of that total sum, $150,000, on her own \ \ f
research program, but must donate 50% to other scientists for T ‘L{_.p L S \L/ 1‘
their 2014 budget. T d
_ ,_i{*\‘LJ\‘L,‘HL
Rather than submitting and reviewing project proposals, § donates
directly to other scientists by logging into a centralized website and \ § f__' [ /_+ i f
entering the names of the scientists to donate to and how much i ‘L * ‘L
each should receive. i
H Scientific community
26
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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 Birner. 2014. EMBO Reports 15 (1): 1-121.

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 tecords from IU’s Scholatly 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.

®
v

Y S S

P SN IS |
RN S LD
st S e

Scientific community

27
10%8 i
§ pr ‘
g g
g0 e
- Simulated, F=0.01 2
=10 Simulated, F=0.25 2
= &~ Simulated, F=0.5 2
= Simulated, F=0.75 P
Simulated, F=0.99
de'D \d“ 102 1043 10% 10*5 .l 10%8 1
Rank Actual NSF+NIH funding (total of 2000-2008)
Fig. 2: Results of the distributed funding system simulation for 2000-2010. (a): The general shape
of the funding distribution is similar to that of actual historical NSF and NIH funding distribution.
The shape of the distribution can be controlled by adjusting F', the fraction of funds that scien-
tists must give away each year. (b): On a per-scientist basis, simulated funding from our system
(with F'=0.5) is correlated with actual NSF and NIH funding (Pearson R = 0.2683 and Spearman
p = 0.2999).
28
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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 Birner. 2014. EMBO Reports 15 (1): 1-121.

Model Efficiency:

Using data from the Taulbee Survey of Salaries Computer Science e
(bttp:/ [ cra.ors/ resonrces/ tanlbee ) and the National Science ’s)
Foundation (NSF) the following calculation is illuminating: \*

If four professors work four weeks full-time on a proposal ;

submission, labor costs are about $30k. With typical funding rates - s

below 20%, about five submission-review cycles might be needed ﬂ‘ 4 ﬂ‘
resulting in a total expected labor cost of $150k. 5 1

; pee I S TR}
The average NSF grant is $128k per year. ‘ = o
U.S. universities charge about 50% overhead (ca. $42k), leavi Na/Xag”
universities charge abou 0 overhead (ca. $42k), leaving T [ J_* 9/ JT

about $86k. i d = d

In oth 150k- =$64k id '
n other vt/ords, the ﬂ?u'r professors lose $150k-$86k=$64k of paid /_*\ . _5 (13N
research time by obtaining a grant to perform the research. | P - &

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 2012 BT COpNTOnY
alone, NSF convened more than 17,000 scientists to review 53,556

proposals.
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Sample Model #3

Monitoring, Modeling, and Forecasting Tools for
Fostering an Innovative S&T Workforce
(MICRO ... MACRO)

Approx. Age  Med. Diameter  Approx. Number
fin Years)  (in Meters) on Earth

racroron! ol el
Supranational System 4,500 >10° 1-100
MESO / LOCAL ﬁ
Organization E % m ﬁ 10,000 10° - 10¢ 10,000,000

. L] [ o 8

> Me 2 e

MICRO / INDIVIDUAL wmwm
500,000,000 0.5 7,000,000,000

Human
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Monitoring, Modeling, and Forecasting Tools for Fostering an Innovative
S&T Workforce
With Nicolas Payette. Work in progress.

Th]s project aims to develop airport-model - Hetioga {C:\Users |Katy\Desktop |A-Papers 1P-14-ModSW-knowbedge-diffusion-payette lairport-modek Hovd }
Fe Edt Tods Zoom Tabs Hep
monitoring, modeling, and et |
: P 0| o o | ———————| et =
forecasting approaches and JJ QL | = ey

tools for fostering an innovative
science and technology
workforce.

Cilsen ot Do P s B Lo drodae

Large-scale datasets of scholatly
activity including funding,
publications, patents, and job
openings among others are
analyzed and modeled.

NetLogo is used to study the
impact of transportation
pathways (here airport traffic
data) on co-authorships formed.
We also model the diffusion of
ideas via transportation and
collaboration networks.

Broadcasting STI Model Results

5/12/2015
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MAP OF SCIENCE: FORECASTING
LARGE TRENDS IN SCIENCE

~ MEDICAL SPECIALTIES
- =7

/
SUBDISCIPLINES
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 APractical Guide to Making Sense of Data

5/12/2015

17



LEVELS

WHEN:
Temporal Analysis
page 48

Geospatial Analysis
page 52

WHAT:
Topical Analysis
page 56

Technoloi
5" Research &
WITH WHOM:

Network Analysis
page 60

Sy

{ See page 5

MICRO: Individual Level
about 1-1,000 records
page 6

Knowiedge

cartogr:
page 135

visualizing
decision-

making
processes
page 95

MESO: Local Level
about 1,001-100,000 records
page 8

Efpe

§
E
E

MACRO: Global Level
more than 100,000 records
page 10

Product space.
.

co-export
pamerns of

World-wide
scholarly
collaboration
networks
page 157

Micro: Individual Level

e
Iocresing it of s geetat gkl i, ch s e sk ks,

Gt I oy

- i, ha sy

uent scts o specsc name. et sy, e cald ke
g, v ey ppbed e deraning b e s e
Tt e et Sl e T

P e e b i

& | v S by e

{ See pages 6-7

B st Ty Pz
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Insight Need Types DataScale Types | Visualization Types| Graphic Symbol Types | Graphic Variable Types | Interaction Types

page 26 page 28 page30 page 32 page34 page26

+ categerize/cluster « nominal « table « geometric symbols | - spatial « overview

- order/rank/sort - ordinal - chart point position - zoom

- distributions - interval - graph line - retinal - search and locate
(also outliers, gaps) - ratio - map area form - filter

- comparisons - network layout surface color - details-on-demand

- trends ) VO!U’T‘G optics « history
(process and time) - linguistic symbols motion - extract

- geospatial R - linkand brush

numerals

= compositions - projection

punctuation marks

(also of text) 1 - distortion
- correlations/relationships p‘i:ﬁ:;:ymbds
icons
statistical glyphs
See page 24 37
Graphic Variable Types Versus Graphic Symbol Types
T — — —
- L£| = ) - 3 - == - = - — . -
H — Skl - ' ~ ‘ e
== - . . k . . : . k . .
i RN N [l Bl el s
—
= = RO |-
consililenie) T T ITTE EHRE
™= =ﬂ : N I 22 ) R 33 A B N
. :'* [ HEE e L
= P TNy VY
1" B EERRERENNIC Y T X 1 ) Sttt el
= =i eeeed|---- wesss
= :i..........|\||||||||‘.‘ e N N N 000
= FF Flee o e —|ooow8|ocooo 000000
[ [ T R | P e =Y T |
See pages 36-39 o
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B Research

Open Data and Open
Code for Big Sclence
of Science Studies

B Development

Behind the scenes of
the design and
development of
AcadermyScope

B Videos

- B Watch Katy Borer's
full presentation from
TeDxBloomingtan

We work closely with
clients to provide
custom-made data,
visualization, and
software solutions

B Latest News
TSR . your money

» where your citations
are:a proposal for a
new funding system
(website accessed
9/05/13)

B Outreach

5 See some of the most
~ fascinating data
visualizations

inthe world.

B Teaching

Successful VMOOC
will be offered again
== in January of 2014

I3 Upcoming Events
FYe] Koty Borner attends
[l Pus 2013 Northeast
Conference

1013 Katy Baener prasents Magping
Science Exhibit at WSSF

1015 Ted Polley & Google Team
present NMOOC at

1022 Katy Barner presents at the
SGELD 15 Years Conference.

B Our Products

We work closely with

{ \ clients o provice
custom-made data.
visualization. and

software solutions.

All papers, maps, tools, talks, press are linked from http://cns.iu.edu
These slides will soon be at http://cns.iu.edu/docs/presentations

CNS Facebook: http://www.facebook.com/cnscenter

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

5/12/2015
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