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1. Science of Science Research 15t Week

. Information Visualization
3. CIShell Powered Tools: Network Workbench and Science of Science Tool

4. Temporal Analysis—Burst Detection 2nd Week
5. Geospatial Analysis and Mapping
6. Topical Analysis & Mapping

7. Tree Analysis and Visualization 3rd Week
8. Network Analysis
9. Large Network Analysis

10. Using the Scholarly Database at IU 4th Week
11. VIVO National Researcher Networking
12.  Future Developments
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12 Tutorials in 12 Days at NIH—Overview
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[#09] Large Network Analysis and Visualization

»  General Overview

»  Designing Effective Network Visualizations

»  Sci2-Reading and Modeling Networks

> Sci2-Analysing Large Networks

> Sci2-Visualizing Large Networks and Distributions

»  Outlook

»  Exercise: Identify Promising Large Network Analyses of NIH Data

Recommended Reading

»  NWB Team (2009) Network Workbench Tool, User Manual 1.0.0,
http://nwb.slis.indiana.edu/Docs/NWBTool-Manual.pdf

»  Borner, Katy, Sanyal, Soma and Vespignani, Alessandro (2007). Network Science. In
Blaise Cronin (Ed.), ARIST, Information Today, Inc./American Society for
Information Science and Technology, Medford, NJ, Volume 41, Chapter 12, pp. 537-
607. http://ivl.slis.indiana.edu/km/pub/2007-borner-arist.pdf

[#09] Large Network Analysis and Visualization

General Overview
Designing Effective Network Visualizations
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"1";_@: E@;;@“ﬁ Large Networks

» More than 10,000 nodes.

> Neither all nodes nor all edges can be shown at once. Sometimes, there are more
nodes than pixels.

Examples of large networks
» Communication networks:

Internet, telephone network, wireless network.
» Network applications:

The World Wide Web, Email interactions

Transportation network/road maps

\/4

Relationships between objects in a data base:
Function/module dependency graphs
Knowledge bases
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; % ';;_“’5' s Direct Manipulation

Modify focusing parameters while continuously provide visual feedback and update
display (fast computer response).

» Conditioning: filter, set background variables and display foreground parameters
» Identification: highlight, colot, shape code

» Parameter control: line thickness, length, color legend, time slider, and animation
control

Y

Navigation: Bird’s Eye view, zoom, and pan

A\

Information requests: Mouse over or click on a node to retrieve more details or
collapse/expand a subnetwork

See NIH Awards Viewer at http://scimaps.org/maps/nih/2007

PHE-ACT VxInsight Tool

o

VxInsight is a general purpose i 61,
-

knowledge visualization software > ol V,Insight™ Software Capabilities

package developed at Sandia

isualize and navigate
large data sats = =

National Laboratories. e B
detailed information
onsingle data objects

Viewfinder — el | Lol T
Choica of land
It enables researchers, analysts, oS E M
[ Peak labaling, updated
and decision-makers to accelerate Hymamicaly upon.

Zoom

their understanding of large databases. Lnkagas between data

Mouse buttons control
zooming in or out

Show Insight demo.exe Limit dieplayed data "

with date slidar =
S—"
S0L query to database™™ | ErESET—
lights up matching
data objects
Sandit
hixtanal
Laboratovies

Davidson, G.S., Hendrickson, B., Johnson, D.K., Meyers, C.E., Wylie, B.IN., Novenber/ Decenber 1998.
"Knowledge Mining with V' xInsight: Discovery through Interaction," 1 olume 11, Number 3, Journal of

Intelligent Information Systems, Special Issue on Integrating Artificial Intelligence and Database Technologies.
pp.259-285.)




Tool Year | Domain Description Open Operating | References
Source | System

S&T 1985 | Scientom. Tools from Loet Leydesdorff for No Windows (Levdesdorff

Dynam. organization analysis, and . 2008)

Toolbox visualization of scholarly data.

In Flow 1987 | SocSca Social network analysis software No Windows (Krebs,
for organizations with support for 2008)
what-if analysis.

Pajek 1996 SocSci A network analysis and No Windows (Batagelj &
visualization program with many Mrvar,
analysis algonithms, particularly 1998)
for social network analysis.

BibExcel 2000 | Scientom Transforms bibliographic data into | No Windows (Persson,
forms usable in Excel. Pajek. 2008)
NetDraw. and other programs.

Boost 2000 | Cs Extremely efficient and flexible Yes All Major (Siek etal.,

Graph C++ library for extremely large 2002)

Library networks.

UCINet 2000 | SocSci Social network analysis software No Windows (Borgatt1 et
particularly useful for exploratory al.. 2002)
analysis.

Visone 2001 SocSci Social network analysis tool for No All Major (Brandes &
research and teaching, with a focus Wagner,
on innovative and advanced visual 2008)
methods

Cytoscape 2002 | Bio Network visualization and analysis | Yes All Major (Cytoscape-
tool focusing on biological Consortium,
networks, with particularly nice 2008)
visualizations.

See bttp:/ [ ivlslis.indiana.edn/ km/ pub/ 2010-borner-et-al-nwb.pdf for references. 9
Y i Other Tools cont.
Tool Year | Domain Description Open Operating | References
Source | Svstem

GeoVISTA | 2002 | Geo GIS software that can be used to Yes All Major (Takatsuka
lay out networks on geospatial & Gahegan,
substrates 2002)

1Graph 2003 | Cs A library for classic and cutting Yes All Major (Csards &
edge network analysis usable with Nepusz,
many programming languages. 2006)

Tulip 2003 | Cs Graph visualization software for Yes All Major (Auber,
networks over 2003)
1.000, 000 elements.

CiteSpace 2004 | Scientom A tool to analyze and visualize Yes All Major (Chen,
scientific literature, particularly co- 2006)
citation structures.

GraphViz 2004 | Networks Flexible graph visualization Yes All Major (AT&T-
software. Research-

Group.
2008)

Hittite 2004 | Scientom Analysis and visualization tool for | No Windows (Garfield,
data from the Web of Science. 2008)

R 2004 | Statistics A statistical computing language Yes All Major (Thaka &
with many libraries for Gentleman.
sophisticated network analyses. 1996)

Prefuse 2005 | Visualiz. A general visualization framework | Yes All Major (Heer et al.,
with many capabilities to support 2005)
network visualization and analysis.

NWB Tool | 2006 Bio. IS, Network analysis & visualization Yes All Major (Huang.

SocSc1, tool conducive to new algorithms 2007)
Scientom supportive of many data formats.
See bttp:/ [ ivlslis.indiana.edn/ km/ pub/ 2010-borner-et-al-nwb.pdf for references. 10




[#09] Large Network Analysis and Visualization

Sci2-Reading

-4 QVR Dataset Provided by Robert F. Moore, Deepshikha

-j:,g;: = Roychowdhury, Emilee Pressman, and Matthew Eblen

All NIH projects that received funding in 1998-2009 (Oct 1, 1997-Sept 30, 2009) and their
associated publications (max 100 per project so that SAS can handle the data. Note that
some projects had 5000+ publications! We do miss much data here.)

168,764 grant records collapsed by base project.
119,230 grants have a linked publications (pubid).
There are 157,376 unique publications.

pubid proj projl ADMII first_year ACTIVITY_ last_year
9485464;95096302 CO6CAO58690 CCAO58690 CA 1994 CO6 1985
20527532;8858722;20427856;2( CO6CAQ59267 CCA059267 CA 1992 Co6 1995
16913728;16362150 CO06RR011192 CRRO11192 RR 1996 CO6 1998
16698792;16534782;17518562;1 CO6RR012088 CRRO12088 RR 1996 CO6 1996

9714740 CO6RRO12176 CRRO12176 RR 1996 CO6 1996
192483166;18071382;18338156;1 CO6RR012463 CRR012463 RR 1397 COG 19597
15345738;11994348;12586855;1 CO6RR012488 CRRO12488 RR 1997 Co6 1997

Three (planned) analyses:

1. Large network visualization of 119k grants to 157k pubs network to show the scalability.
2. Horizontal Bar Graph visualization of all NIH grants. (need § amounts)

3. UCSD science map of publications for different institutes. (need journal name)

12




QVR Dataset — Large network visualization of 119k grants
to 157k pubs network to show the scalability of the tool.

Number of Publications by Institute

1. In original data file, delete all grants that have no associated Based on NIH awards receiving

. . funding betwee FY 1998 and FY 2009

publications. —
IC IC_ABBR | publications
2. Load resulting using ‘File > Load > QVR-Bob- M 347,903
Tota

119239Grants.csv SAS-grants-pubs-simplified.csv’ as csv file AR NIAAA 17,773

fofmat AG NIA 47,087

: Al NIAID 100,092

3. Extract author bipartite grant to publications network using AR NIAMS 30,354

. . . AT NCCAM 3,291

‘Data Preparation > Text Files > Extract Directed Network’ Py eI 155,132

using parameters: DA NIDA 37,851

DC NIDCD 19,130

DE NIDCR 18,625

Ml Extract Directed Network @ DK NIDDK 96,295

Given a table, this algorithm creates a directed network by placing a EB NIBIB 10,744

d?rected edge between the values in a given column ko the walues of a ES NIEHS 24,472

different column. ey NEI 38,960

First colurnn praj e GM NIGMS 152,378

HD NICHD 55,104

Second colurmn pubid hd HG NHGRI 6,140

HL NHLBI 130,150

Texk Delimiter H LM NLM 3,771

MD NCMHD 1,430

Agaregate Function File | C:/Documents and Settings/bornerk/Deskiop/sciz e MH NIMH 63,363

NR NINR 4,736

NS NINDS 84,075

oD QD 261

-—11 =
=3 E“»,

SAS Dataset Provided by Lindsey Pool

62,864 records, one per publication.
Replace missing values by NULL to load into Sci2 Tool

Load using ‘File > Load > SAS-grants-pubs-simplified.csv’ as csv file format.

A | B € 8] | E | F | G | H | | | J | K| L M M | Q
Appl_ld Inst_Fip Grant_Sta Grant_EniGrant_Titl Grant_Ab:RCDC_Categories  Pub_Yr Pub_Auth Pub_Jour PMID Pub_title Pub_abst All_MeSH

FE27025 11203 1-Aug-79 31-Jul-13 Brain Dysf DESCRIP1Alcoholism; Behaviora 1992 Zaninelli, FAlcoholisre 1558305 The Tridim Cloninger FAdult; Alcohalism
FE27025 11203- | 1-Aug-79) 31-Jul-13 Brain Dysf DESCRIP1AIcoholism; Behaviora 1991 Cohen, H [Alcohalisry 1755520 EEG charzBaseline EAdult; Alcoholism
FO27025 11203- | 1-Aug-79 31-Jul-13 Brain Dysf DESCRIP1AICohalism; Behaviora 1990 Parjesz, BlAlcohol (F 2222850 Event-relat Wisual ever Adult; Alcohalism
FEZ7025 11203 | 1-Aug-79) 31-Jul-13 Brain Dysf DESCRIP1AIcoholism; Behaviora 1987 Porjesz, B Electroenc 2431876 The N2 coiThe latenc Adult; Alcoholism
TH27025 11203- | 1-Aug-79 31-Jul-13 Brain Dysf DESCRIP1Alcohalism; Behaviora 1987 Brecher, v Electroenc 2435516 The M2 coiEvent-relat Adult; Brain, Elect
FEZ7025 11203 | 1-Aug-79) 31-Jul-13 Brain Dysf DESCRIP1AIcoholism; Behaviora 1985 Begleiter, | Alcoholisr 3056089 Potential biological m Alcoholism, Biolos
FEZ7025 11203- | 1-Aug-79) 31-Jul-13 Brain Dysf DESCRIP1Alcoholism; Behaviora 1987 Brecher, i Biological | 3607113 Late positicAbstinent : Adult; Alcoholism
FEZ7025 11203- | 1-Aug-79) 31-Jul-13 Brain Dysf DESCRIP1AIcoholism; Behaviora 1987 Begleiter, |Alcohol [F: 3620101 Auditory reiWe have p Adolescent;Alcot
FEZ7025 11203- | 1-Aug-79) 31-Jul-13 Brain Dysf DESCRIP1Alcohalism; Behaviora 1982 Porjesz, B Alcoholisry B280509 Evoked brain patentia Adult Aged, Aging
FEZ7025 11203- | 1-Aug-79| 31-Jul-13 Brain Dysf DESCRIP1AIcoholism; Behaviora 1983 Begleiter, IPsychophy B328618 P3 and stimulus incer Adult; Brain; Elect

If you run out of Java heap space: Load using ‘File > Load > SAS-grants-pubs-4columns.csv’

A B \ C [ b ]
L1 [Appl_ld  Pub_Authors_All Pub_Journal PMID
| 2 | 7827025 Zaninelli, R M; Parjesz, B; Begleiter, H Alcoholism, clinical and experimental research 1568305
| 3 | 7527025 Cohen, HL; Porjesz, B, Begleiter, H Alcohaolism, clinical and experimental research 1755520
| 4 | 7527025 Parjesz, B; Begleiter, H Alcohol (Fayetteville, N.Y.) 2222850
| & | 7827026 Ponesz, B; Begleiter, H; Bihan, B; Kissin, B Electraencephalography and clinical neurophysiology 2431578
| B | 7527025 Brecher, M; Parjesz, B; Begleiter, H Electroencephalography and clinical neurophysiology 2435516
| 7 | 7527025 Begleiter, H; Parjesz, B Alcoholism, clinical and experimental research 3056069
| 8 | 7527025 Brecher, M; Porjesz, B; Begleiter, H Biological psychiatry 3607113
| 9 | 7527025 Begleiter, H; Parjesz, B; Rawlings, R; Eckardt, M Alcohal (Fayetteville, MY 3620101
| 10| 7527025 Paorjesz, B; Begleiter, H Alcoholism, clinical and experimental research 6280509
|11 7827025 Begleiter, H; Parjesz, B; Chou, C L; Aunan, J | Psychophysiology B828618
| 12 | 7527025 Brecher, M; Begleiter, H Biological psychiatry 6871300
| 13| 7527025 Begleiter, H; Parjesz, B; Tenner, M Acta psychiatrica Scandinavica. Supplementum B935521 14




SAS Dataset — Extract Co-Author Network

Extract author co-occurrence network using ‘Data Preparation > Text Files > Extract

Co-Occurrence Network’
Data Preparation | Preprocessing  Analysis  Modeling  Wisualization

Database [ =5
Text Files 3

itii Data banager
Remowe IS Duplicate Records

Delirniter: : Rernowve Rows with Multitudinous Fields

n Mame: Pub_futhars |
Extract Directed Metwork

Extract Bipartite Metwork

cheduler
Extract Paper Citation Metwork
owe From List | [C] Rem Extract Author Paper Metwork
J Extract Co-Occurrence Metwork
] Extract W ord Co-Occurrence Metwork

With parameters: (ignore the Aggregate Function File but note the space after ;)

5| Extract Metwork from Table
Extracts a network from a delimited table

==

Column Name IPub_Authors_AII

Text Delimiter ;|

Agagregation Function File  CifUsersfUser/Desktop/MIH-12/Cadefsci2-with-scimaps

@ @ @

Browyse

[yl
i
=1
o
o
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SAS Dataset — Extract Co-Author Network cont.

Nodes: 127,879 authors
Edges: 640,861 co-author relationships

A% Sci2 Taal

El Consale

Metuvork &nalysis Toolkit (NAT) was selected.
Irnplementer(s): Timothy Kelley
Integrator(sh Timothy Kelley

Algarithrns, Addison-\Wesley, 2002, I3BM 0-201-31663-3, Section 19.8, pp.203

Reference: Robert Sedgewick, Algorithms in Java, Third Edition, Part 3 - Graph

=lEEE

File Data Preparation Preprocessing  Analysis  Modeling  Wisualization Help

= O || 14 Data Manager =0

- E‘_‘ C3 file: CUsers\User\DesktoptNIH-12%Datah 385-Linds
";', Extracted Metwark an Colurmn Pub_fiuthors_All

_‘ Graph and Metwark Analysis Log

E_-_‘ Merge Table: based on Pub_suthors_All

Documentation:

olkit
This graph claims to be undirected,

Modes: 127879
Lolated nodes: 106
Mode attributes present: label

Edges: 640861
Mo self loops were discovered,
Mo parallel edges were discovered,

Fa sl

EJ Scheduler

Rernowve Fram List | [ Rermove completed automatically | Remave all ¢

| ! Algorithm Marme Date Tirne

https://nwh.slis.indiana.edufcom munity."?n=.‘\nalyzeData.Net\n\mrk.‘\nal;lN0 self loops were discovered.,

Mo parallel edges were discovered,
Edge attributes:
Did not detect any nonnumeric attributes
Murneric attributes:
rain rnax rmean
weight 1 124 138995

This network seems to be valued,

Awerage degree: 10,0229

This graph is notweakly connected,

There are 1387 weakly connected components, (106 isolates)

The largest connected component consists of 119532 nodes,

Did not calculate strong connectedness because this graph was not directed,

Density (disregarding weights): 0.0001
Additional Densities by Nurneric &ttribute
densities fweighted against standard rmax)
weeight: 0,0001

densities fweighted against observed ma)
weeight: 0

16




[#09] Large Network Analysis and Visualization

Modeling Networks

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

The TARL Model (Topics, Aging, and Recursive Linking) incorporates
» A partitioning of authors and papers into topics,
» Aging, i.e., 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 ate "alive' are able to co-author.

> All existing (but no future) papers can be cited.

» Information diffusion occuts 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.

18




Table 3 Sttistics for SIM data

Vear #p #a #r 3 aea
981 1624 s 1] T56 %21
1952 WG S200 11200 12161 1
1983 s 5590 1350 21397 1
g 1w xS 15910 [l ] 1
T 198s 1273 6373 w0 ik 1
Model Parameters (0=without, 1=with} 1984 1353 hT6aS 1590 KT ]
T 1987 32 TI60 12060 1573 1
0/1 Topics 1988 1510 Tis0 14300 K6 1
0/1 co-Authors 1949 1589 TS 17670 219 1
0/1 consider References W 1667 8338 Se0l0 1843 '
0 Aging Function 19491 1745 X728 §2350 1634 1
. LI T = TR T TR 3 11 (FET I
T 995 1902 9S10 ST0e0 1067 4
Model Initislization Values
LTS L] LR 0430 1 1
R 1995 W59 (0295 &1770 T67 1
2 # Years 199 2137 1068S (SR hil 1
5 # Authors in Start Year 1997 216 11080 [EE R $22 1
3 # Papers in Jtart Year 1998 264 14T HRE20 10 i
2 # Papers Consumed (Referenced) per Paper Simulated 199 2373 1IR6S 7100 i 1
1 # papers Produced per Author each Year < Model T\IEtw.orl;s 2000 251 12255 TSI 125 i
5 - TDpiCS - 2o 252 12645 TSRO 0 1
1 # Co-Author(s) per Author . N Towal 37316 17760 173853
1 # Levels References are Considered Simple Statistics
Network Properties a2, puas Sutistics
/// M, <k>1,C,7 Year ] a W 3 abica
. M : [TTH] j ERIT] Tl 18N} a2
Aging function PNAS Data Set WE Ml SH2 s ol s
- (L) | [ £4x1 19K34 1740061 412
140000 [T TS 34602 az 3
120000 'T 1986 o42 e 64379
£ 100000 ] b=1 1987 1924 61 9110
& . . 5 3 ur 3
1 o0 .|| b2 Model Validation o s
b ——bh . . 1980 KK 7089 [TE)
% o000 e The properties of the networks generated by this Y TR
E 8 — H ; 1) 2182 eee) el 1]
g oo e model are validated against a 20-year data set (1982- S hay e el
0000 43 . . . W £ i
: AT 2001) of documents of type article published in the I AT T
o s . . . 199 0 10656 8176
14 7101316 19 22 35 28 31 3 37 40 43 46 Proceedings of the National Academy of Science R BRe 106w
¥ Since Publicati M a T ) .
eare Snee Publleation (PNAS) — about 106,000 unique authors, 472,000 co- W, I gm )
-7 L 11258 W TRE 22
author links, 45,120 papers cited within the set, and WS I EE e 10Tl e
> 4, >
114,000 citation references within the set. il s R
2001 2575 13003 YTASH 16357 LR
Tatal AS120 1509558 ALY ’19

The TARL Model: Pseudo Code

// 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-suthors+1 authors to papers of the same topic;
// Simulation
for each pear do {
add # new authors new authors, deactivate authors older than # author age,
for each fopicdo {
randomly partition set of authors into author groups of size # co-authors+1,
for each author group do §
for each new paperto be produced, do {
generate new_paper;
randomly select # read papers from existing papers;
get all references of read papers up to £ reference path lengtfh,
for each new paper reference do
select a time _sfice 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 referenceto new paper;

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

20




The TARL Model: The Effect of Parameters

. 1 e

(0000) . s NN

(1000) Topics

ring leads to fewer pape

Co-suthor (s) psr Author

21
) ) o Counts for Papers and Authors
Model Parameters (0=without, 1=with)
T 14000 4
0/1 Topics
0/1 Corsutnors 12000 e
0/1 consider References 10000 4 _ »"’
0 aging Function ’/" #3 FNAS
g 0000 g ——#a2 3N
Model Initislization values 8 5000 ";ﬂ’ #p PNAS
o —+—3#p SiM
z # vears 4DDD p
5 # Authors in Start Year 2000 e P L L
5 # Papers in Start Year
2 # Papers Consumed (Referenced) per Paper g T T 1
1 # papers Produced per Author each Year § Model 1880 18490 2000 2010
5 # Topies Year
1 #
1 # \

Levels References are Considered

Aging function

PNAS Data Set

140000

120000 -T
|

100000

BO00D ¢ |

BOODO

40000 +h

Humber of Citations:

i
0000

14 71012

kLR 1

Years Sinte Publication

Simple Statistics

Network Properties

M LC,7

Count

Counts for Citations

12000 ;
—e—c_win FHAS

10000 1 | —e—#c_win SIM

1981 1986 1991 1966 2001

Year
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Model Paremeters {(0=without, l=with)

0/1 Topics
0/1 co-Authors
0/1 consider References

0 Aging Function

Model Initiaelization values

Years
Authors in Start Year

Papers in Jtart Year

Papers Produced per Author each Year

#
#
#
# Papers Consumed (Referenced) per Paper
#
# Topics

#

Co-author (s} per Author

Rtk RGN

# Levels References are Considered

Aging function

140000
120000 §

"

5 100000 bel

£ 60000 1 il
E—

% &

K 80000 11 v =1

E 40000 —o— b

5

=

| - I
10000 T
0 hm =5
14 710 1316 19 32 25 28 31 34 37 40 43 48
Years Since Publication

11 Tnitialization

11 Simutation

Table 2, Propertics of co-author & paper citation networks comprising number of nodes n, avernge node degree <k=)
path length 1. cluster cocfficient C. and power law exponent y. Source references are given in the left column.
Network " 1 [ ¥ Refercnce
Co-authorship netwarks
LANL 52909 59 0.43 Newman,
MEDLINI 1,520,251 1.6 .066 (20013;
2001b; 2001¢)
SPIRES 56,627 0 0.726 1.2
NOSTRI 11,994 2.7 4% i
Math. 70.975 39 95 0.59 25 Barabasi
Newrosci 209,293 11.5 o 0,76 21 ctal., (2002)
PNAS 105,915 897 589 03949 254
Paper-citation networks
151 781,330 Redner,
PhysRev 24,296 (1998)
PNAS 120 0081 229
SIM 114 0.074 2,05

Simulated
Networks

Simple Statistics

Model

Validation

Network Properties

PNAS Data Set

Co-Author and Paper-Citation
Network Properties

Power Law Distributions

Citation Distribution of PNAS Adicle Data
[ i
8
n{frequ)
"
a
Inincited)
Tag d.E Fogigt b0 b1
JETT 70 4%T.BE 000 10,2251 -2.2970

Cation Distribution of Simulated Data

5 . SIM PNAS 3 refs
. With 100 topics

o 1 2 3 4 L]
Inincited)
hag d. £, P omdaf B 21
B4z 114 157z.81 .000 9.51%& -2_0’,,‘,23

Model Parameters (0=without, 1=with)

0/1 Topics
0/1 co-Authors
0/1 consider References

o Aging Function

Model Initiaelization values

Years
Authors in Start Year

Papers in Start Year

Papers Produced per Author each Year

#
#
#
# Papers Consumed (Referenced) per Paper
#
# Topics

#

Co-suthor (s) psr Author

B Rtk N L oLoN

# Levels References are Considered

Aging function

140000
120000 T
. — |
£ 100000 b1
kl | b=3
£ 60000 1 il
—— b5
S ool
g 0000 T v =1
€ 000 |,; —o— b=
5 %
= |
20000

0 hm =5
|4 71013161922 35 28 31 34 37 40 43 4§
Years Since Publication

11 Tnitialization

B Model

Simulated
Networks

Simple Statistics

Model

Validation

Network Properties
M,

k> 1LC,r

PNAS Data Set

Topics: The number of topics
is lineatly 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 papers 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 eatlier
inspirations for read papers.




[#09] Large Network Analysis and Visualization

Sci2-Analyzing Large Networks

f"'lmﬁd’!};
£ A . L
== E Network Analysis and Visualization — General Workflow
2T
Original Data Calculate Node Attributes
A B *Nodes
1 Source Node  Target Nodes id*int label*string bipartitetype¥*string indegree*int cutdegree¥int
2 A 1,2:3 1 "A" "Source Nede" O 3
3 B 3 2 "3" "Target Nedes" 3 0
: 3 "2" "Target Nedes" 2 0O
g ¢ %3 4 "1l" "Target Nedes" 2 0
5 D 1 5 "B" "Scurce Nede" 0 2
6 "4" "Target Nedes" 1 @
7 "C" "Spurce Nede" 0 2
& B 8 "D" "Scurce Nede" 0 1 . D
1 Source Node Target Nodes “Dirsctededges
2 A 1 source¥int target¥int
3 A 2 1 2
a A 3 1 4
- : o Q.
6 B 4 5 2
7 C 2 7 2
8 c 3 7 3
9 D 1 8 4 . A
Extract Network Visualization/Layout O 2
Extract Bipartite Network was selected. O %
Input Parameters: ® @
First column: Source Node &
Text Delimiter: ;
O.

Second column: Target Nodes
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£ )
= Large Network Analysis & Visualization — General Workflow
t‘;—/ R

R

Original Data Derived Statistics
Millions of records, in 100s of Degree distributions
columns. ' Number of components and their sizes
SAS and Excel might not be able Extract giant component, subnetworks for

to handle these files.

Files are shared between DB and
tools as delimited text files
(.csv).

further analysis

[l

hierarchy

Extract Network m

VR
local
. . . ﬁ % reduction
It might take several hours to Visualizations - L=

. text
extract a network on a cut-out contex
laptop or even on a parallel
cluster.

It is typically not possible to layout the network.
DzL scales to 10 million nodes.

27

[#09] Large Network Analysis and Visualization

Sci2-Visualizing Large Networks and Distributions




é . %- DrL Large Network Layout

See Section 4.9.4.2 in Sci2 Tutorial,

e

DrL is a force - directed graph layout toolbox for real - world large - scale graphs up to
2 million nodes. It includes:

» Standard force - directed layout of graphs using algorithm based on the popular
VxOrd routine (used in the VxInsight program).

Parallel version of force - directed layout algorithm.

Recursive multilevel version for obtaining better layouts of very large graphs.

Y V V

Ability to add new vertices to a previously drawn graph.
The version of DrL. included in Sci2 only does the standard force - directed layout (no

recursive or parallel computation).

Davidson, G. S., B. N. Wylie and K. W. Boyack (2001). ""Cluster stability and the use of noise in
interpretation of clustering.” Proc. IEEE Information 1 isualization 2001: 23-30.
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£ . %- DrL Large Network Layout
- z See Section 4.9.4.2 in Sci2 Tutorial,
: ’tww http://sci.slis.indiana.edu/registration/docs /Sci2 Tutorial. pdf

How to use: DrL expects the edges to be weighted and undirected where the non - zero
weight denotes how similar the two nodes are (higher is more similar). Parameters are as
follows:

» The edge cutting parameter expresses how much automatic edge cutting should be
done. 0 means as little as possible, 1 as much as possible. Around .8 is a good value to
use.

» 'The weight attribute parameter lets you choose which edge attribute in the network
corresponds to the similarity weight. The X and Y parameters let you choose the
attribute names to be used in the returned network which corresponds to the X and Y
coordinates computed by the layout algorithm for the nodes.

DrL is commonly used to layout large networks, e.g., those derived in co - citation and
co - word analyses. In the Sci2 Tool, the results can be viewed in either GUESS or
Visualization > Specified (prefuse alpha)’.

See also https://nwb.slis.indiana.edu/community/?n=VisualizeData.DrL
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File Options

— CPU Usage

Memary

Phrysical Memory (ME)
Total

Cached

Free

Kernel Memory {MB)
Total

Paged

Monpaged

Processes: 101

T Windaws Task Manager
Wiewr  Help

System
2045 Handles 104411
413 Threads 1125
3 Processes 101
Up Tirne 21:21:48
Page File 2704M | 4460M
255
134
123 4 "'Resource Monitor ... ]

CPU Usage: 100%

Applications | Processes | Services Performance Metworking | Users

CPU Usage History

e

f

|
FWM w

)
4] "H

Physical Memory Usage History

"
[=|[E J§#“undirectededges

1

Pww e

source¥int

[ R N S PYRPY N ]

1
42

R e

target¥int

weight®int

MW Help

General 3
Temporal ¥
Geospatial ¥

= 0

A

ear, colorize Fix)
or Graph Explorati

¥/ ?n=VYisualize

- wisualization, ple.

Radial Tree/Graph

GLESS

Radial Treejaraph
Tree Wiew (prefusd
Tree [Map (prefuse
Faorce Directed wit
Fruchterman-Rein

5] Dl Qe

This algorithrm lays out nodes based on the VxOrd force-directed

layout algorithm,

Edge Weight Attribute

Mewy ¥-Pasition Attribute Name  xpos

Mewy ¥-Pasition Attribute Name  ypos

Do not cut edges

Edge Cutting Strength

-)[@)
)
)
)
04 @

Physical bernory: 93%

SAS Dataset — Extract Co-Author Network

Extract author co-occurrence network using ‘Data Preparation > Text Files > Extract
Co-Occurrence Network’

Database 3
Text Files 3
Delimiter: ;

n Mame: Pub_futhars |

cheduler

owve From List Rem

Data Preparation | Preprocessing  Analysis  Modeling  Wisualization

=
B 11383} Data Mananer

Remowe IS Duplicate Records

Rernowve Rows with Multitudinous Fields

Extract Directed Metwork
Extract Bipartite Metwork
Extract Paper Citation Metwork
Extract Author Paper Metwork

Extract Co-Occurrence Metwaork
Extract W ord Co-Occurrence Metwork

With parameters: (zgnore the Aggregate Function File but note the space after ;)

Column Mame

Text Delimiter

Aggregation Function File

5| Extract Metwork from Table

Extracts a network from a delimited table

[Pub_twthors_all

CifUsers/User/Desktop/MIH-12/Caode/sci2-with-scimaps

sl

] (@]

)

| Browvse | |§|
Eancel|
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- %; S Dyl Run & Output

DrL (VxOrd) was selected.

Author(s): S. Martin, W. M. Brown, K. Boyack
Implementer(s): S. Martin, W. M. Brown, K. Boyack
Integrator(s): Bruce Herr

Reference: S. Martin, W. M. Brown, K. Boyack, "Dr. L: Distributed Recursive (Graph) Layout," in preparation for Journal of Graph Algorithms
and Applications. (http://citeseer.ist.psu.edu/davidsonOlcluster.html)
Documentation: https:/ /nwb.slis.indiana.edu/community /?n=VisualizeData.DrL

Input Parameters: aiti Data Manager - o
Edge Cutting Strength: 0.8

; o i - a E‘ CEV file: ClUsers\User\DesktopiMIH-12\Datah SA5-Lindsey-PoohS45-grants_pubs-4columns.csw
New X-Position Attribute Name: Xpos a “;" Extracted Metwork on Colurnn Pub_futhors_All

Edge Weight Attribute: weight = Graph and Metwork Analysis Log
Do not cut leigcs: fa]éc 2, Laid out with Drl
New Y-Position Attribute Name: ypos 7] Merge Table: based on Pub_Authors_All

Entering liquid stage
Liquid stage completed in 317 seconds, total energy = 9.55681e+013.
Entering expansion stage
Finished expansion stage in 324 seconds, total energy = 4.29353e+009.

Entering cool-down stage “Nodes

Completed cool-down stage in 321 seconds, total energy = 1.33472¢+009. id¥int  label*string = xpos*real ypos¥real
. 1 Begleiter, H 252,803 385.732

Entering crunch stage 2 "zaninelli, R M"P59.4%1 394.488

Finished crunch stage in 79 seconds, total energy = 1.49297¢+009. 3 Jporjesz, B 233.600 383.524
. . i 4 cohen, H L 252,678 3BY.528

Entering simmer stage ] "kissin, B 259,513 381.00%

Finished simmer stage in 98 seconds, total energy = 22.5252. 6§ "gihari, B" 255,578 392,540

Lav alculati leted in 1139 d including /O 7 "Brecher, m" 253.478 3B0.95

ayout calculation completed in 1139 seconds (not including ). 3 "Eckardt, m" 360,747 376,350

Writing out solution to inFile.icoord ...
Total Energy: 22.4969.
Program terminated successfully.
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% Dyl Output Visualization

I saved file as SAS-Co-Author-DrL-Layout.nwb. Visualize network using GUESS by
selecting the network file, running ‘Network > Visualizing > GUESS’, then run the
following commands in the GUESS Interpreter:

= for node in g.nodes:
node.x = node.xpos
node.y = node.ypos

> for node in g.nodes:

... node.x = node.xpos

... node.y = node.ypos

i Interpreter | Graph Modifier ]

to position the nodes at the x and y position calculated by DrL.
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7S DrL Output Visualization

Visualize SAS-Co-Author-DrL-Layout.nwb using ‘T Zsualization > Specified (prefuse
V\sualizatiu‘n ’Help -

General r | =0
Temporal Y ttop\NIH-n\Data\&t\s-Lindsey-Pao\\SAS-grants,
Geospatial ¥ blumn Pub Suthars All
Metworks 3 GUESS
L o] ' Radial Tree/Graph (prefuse alpha) 1| Pre-defined Positions {prefuse beta) @
. Enmmaaaa
Radial Tree/Graph with Annotation (prefuse beta) Enter the parameter labels,

Tree View (prefuse beta)

Tree Map (prefuse beta) X [XPDS v]

Force Directed with Annotation {prefuse beta)

Fruchterman-Reingold with Annotation (prefuse beta) ¥ ’ypos v]

Drl (wOrd)

Specified {prefuse beta)

7% DrL Output — Plot Node Degree Distribution

Calculate degree distribution using and plot using ‘Visualization > General > Gnuplot’

Analysis | Modeling  Visualization  Help
Temparal 3 =8

7| Degree Distribution B

1010
noi Data Manager Undirected degree distribution

espatal b pmemon, prease ana [ B oS file: CUsers\LlseADesktopiMIH-12\Dats\54S- Lindsey-P ool SAS-g
Taopical L3 4 %, Extracted Metwork an Column Pub_Authors_All T ]
R Murmber of bins = 100
Metwarks » Network Analysis Taolkit (NAT) E and Netwark Analysis Log
TSI e T sk sasidle Dl
ITHRIguesslog.bd Urweighted & Undirected 3 Mode Degree

Weighted & Undirected 3 Degree Distribution - -
Help |

General 3 GhuPlot
- ﬁ gnuplot graph EI@
Temparal b Irnage Viewer User\DesktapyNIH-12\Ca

Geospatial 4 4 [} 361 Unigue ISI Records EDQEQI'é?@ALGORITHM\\degree_distrihution_hinned.dat vt
MNetworks 3 4 ";', Extracted Co-Authorship Metwork 0.09
22, Laid out with DrL

E‘ Author information

4 ﬁ C3W file: Cihlsers\User\Desktop\NIH-12\Daff  0.07
lirectedDegreeDistribut a 5%, Extracted Metwark on Column Pub_aut
4 0, Metwork with degree attribute added
) Distribution of degree for netwear| 0,05 -

[ia Distribution of degree for networ|

Topical 3 0.os
E— I

0.06

- E‘ Merge Table: based on Pub_Authors_All 0.04
0.03
Or Excel (right click file and ‘View’). 0.2

+
+
+
H
I
+

0.01 -F%

0 HHHHH
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7S D1 Output — Plot Node Degree Distribution

Calculate degree distribution using and plot using “Visualization > General > Gnuplot’

Analysis | Modeling  Visualization  Help | By e
T | = 1010
e ' gl [P XINLS Undirected degree distribution
Gz b pemon, prease i a - [ B oS file: CUsers\LlseADesktopiMIH-124Dats\S4S- Lindsey-Po ol SAS-g
Topical 4 4 %7, Edtracted Metwork on Column Pub_Authors_4ll .
. MNumber of bins | 100
Tetworks » Network Analysis Toolkit (MAT) E and Netwark Analysis Log
e N
ITHRIguesslog.bd Urweighted & Undirected 3 Mode Degree
Weighted & Undirected 3 Degree Distribution
—
A B c D E F G H
G | 3 GnuPlot
S nuret | 1 |Center of [ Probability
e ' L ] \WserDes| 2 | 0.960871 0.010532
Geospatial 4 4 [} 361 Unigque IS Records | 3 | 2| 0.048585 Probability
Metworks 3 a4 07, Extracted Co-Autha 4 | 3 007475
; %%, Laid outwith Dl 5| 4 0094277
Tapical » ey 0.12
P E‘ Author informationi 56/ 0.037154
4 5] v file: C:\Users\User\DesL 6 D0.092502 01 3
firectedDegreeDistribut a ";" Extracted Metwork on C% ; ggslggi 008 Ja
4 ', Metwork with degre 0 9 0.053529 ’ P
fiaf* Distribution of dT 10 0.048548 005 +*
Bl Distribution of d—— : o
_ i 12| 11 0.041086 0.04 I
- E‘ Merge Table: based an [3 12| 0.034251 E
[14] 13 0.034517 00z 42
. . ) 15| 14 0.038067 & N
Or Excel (right click file and “View’). [15] 15 0.022975 o srseerees —
117 16 0.014726 0 100 200 300 400
18 | 17| 0.011683
1 18 0.010838
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Outlook




Planned Work

» Add (scalable) clustering algorithms to Sci2 Tool.
» Advanced network reduction algorithms.

> Visual language that helps communicate patterns, trends, activity bursts, etc.

» More interactivity, e.g., by opening networks in Cytoscape
http://www.cytoscape.org.

File DataPreparation Preprocessing  Analysis  Modeling [RUEREEEREGE Help
3
IE CDniﬂ_lﬁl S = O || ¥ Data Manager|
Temporal ¥ |
!Cytoscape was selected. Geospatial * S| 151 Data: C:\Documents and Settingsiborne
(Inkegratoris): TexTrend Consortium (http:/ /www.textrend  Metworks  # npis (TexTrend, 361 Unique ISI Records
-]

\Universitas Press)

"« Extracted Co-Authorship Network
Reference: Cytoscape Consortium (htbp:/ /www.cytoscap

Authar information

(CADOCUME~1 bornerkiLOCALS~1 TemplCIShel-Session-685524 7 7855002667991 StaticExecutable
';Runner-2068?182?14888?03??'|,alg0rithm>echo off

\cytoscape . CytoscapeInit[ INFO]: Cytoscapelnit skatic initialization

‘cytoscape. Cytoscapelnit[IMFO]: Parent_Dir: C:\Documents and Settingsibornerk), cvtoscape
created.
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& Cytoscape Deskitop (New Session)
File Edit Wiew Select Lavout Plugins Help

Contral Panel

Metwork
'fg Hetwark. |VizMapper"‘ Editor || Filters

Network, Nodes

Data Panel
0O
jis]

Munoz, Ma

Mode Attribute Browser | Edge Attribube Browser | Metwork Attribute Browser
‘Welcome to Cyboscape 2.6.2 Right-click + drag to ZOOM Middle-click + drag to PAN




& Cyioscape Deskiop (New Session)

Fle Edit View Select QEFGES Plugins Help

: Rotate
& H Q @ Scale
Contral Panel Align and Distribute Network ['_|[E|&|

& IS U Settings...

Network,
.B yFiles
g pe ts Attribute Cirde Layout

Jaraph Layouts Edge-weighted Spring Embedded

Hierarchical Layouk

Circular Layout

Inverted Self-Organizing Map Layout

Group Attributes Layout

Grid Layout

Force-Directed Layout

Degree Sorted Circle Layout

Spring Embedded

Edge-weighted Force directed (BioLayout) k

Data Panel
0O
jis} |

Mode Attribute Browser | Edge Attribube Browser | Metwork Attribute Browser
‘Welcome to Cyboscape 2.6.2 Right-click + drag to ZOOM Middle-click + drag to PAR

@ Wikipedia Visualizations - Windows Internet Explorer El@
'\_/“\_/’ |U httpi/fscimaps.orgfmapsfnikipedial v| @ | €’| » .‘l Google 0 '|
File  Edit ‘iew Favorites Tools  Help b 4 %Cnnuert - @Select

¢ Favorites | 95 w Atlas Online Demo @ Suggested Sites v @] Web Slice Gallery v

3

€3 Wikipedia Visualizations M~ B v [ @ v Pagev Safetyv Tools~ @~

| »

Wikipedia Visualizations

This site links to several visualizations created by Bruce Herr, Todd Holloway,
and Eaty Borner at the Cyberinfrastructure for Network Science Center, See E
Todd's blog post for some initial information. More information to come.

This iz an updated visualization using an
English Wikipedia dump from Jan, 3rd, 2008, In
addition to a new layout, it adds some
interactivity, like a bounding box search
interface and multiple views, Note these
features are alpha quality and will not work on
certain platforms/browsers (it seems to work
better in firefosx).

http://scimaps.org/maps/wikipedia

@ Internet | Protected Mode: On dhov w0 v




[#09] Large Network Analysis and Visualization

Exercise: Identify Promising LLarge Network Analyses of NIH Data

T
S

o T,
I

q

Exercise

: ‘;"ﬂ'fﬂq(t AW

Please identify a promising large network analysis of NIH data.

Document it by listing

V V V YV V V

Project title

User, i.e., who would be most interested in the result?

Insight need addressed, i.e., what would you/user like to understand?
Data used, be as specific as possible.

Analysis algorithms used.

Visualization generated. Please make a sketch with legend.
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cyberinfrastructure for
ETVWORK SCIENCE CENTER

School of Library and Information Science | Indiana University Bloomington

Cyberinfrastructures Qutreach

All papers, maps, cyberinfrastructures, talks, press are linked
from http://cns.slis.indiana.edu
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