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Overview

1. What's a graph and why are they hard to visualize?
2. Visualizing graphs based on what we want to learn through some examples:
« Who's close and who's opposite?
e Did these people meet?
« Who's connected to me and my competition?
e What's are the characteristics of this big graph?
3. | have some graph data: now what?
e Point and click
e Programming and open source tools

4. What next?
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Graph 101

Seven Bridges of Koénigsberg problem (1735 — Leonhard Euler)
o Find a walk through the city that crosses each bridge once and only once.

KONINGSBERGA

© 2013 Oculus Info Inc  Imaae from wikipedia



Graph 101
A tree is not the same as a graph. A

ROYAL FAMILY of STUART.—Q somugn tree branches but does not have

loops. Family trees are trees, usually
(except in this family tree from the house of
Stuart when Mary Queen of Scots marries her
cousin Henry Stuart.)

A Complete Genealogical, Historical, Chronological, And Geographical Atlas; Being A General Guide To History, Both Ancient And
Modern According To The Plan Of Le Sage, Greatly Improved. The Whole Forming A Complete System Of History And Geography.
By M. Lavoisne. Published By M. Carey And Son. 1820. Image from the David Rumsey Map Collection.

http://www.davidrumsey.com/luna/servlet/detail/RUMSEY~8~1~35452~1200370:Genealogical, -Historical,-and-
Chron?sort=Pub List No InitialSort%2CPub Date%2CPub List No%2CSeries No&gvq=q: ;
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MmeThenardier

Javert Thenardier

Graph 101

Characters in Les
Miserables who appear

with one another. There
are many connections so
interaction helps show who's
connected to Cosette.

from Gephi: open-source point-and
click graph visualization. Download
it after this talk! www.gephi.org



http://www.gephi.org/

Graph 101

Same graph of
Les Miserable —
but shown as a
matrix.

In @ matrix, nodes
are listed along
the side and top;
and a dot occurs
in the matrix for
two characters
that appear with
one another.

The row for Cosette
has been highlighted
with the
corresponding
connections to other
nodes highlighted.

From: http://bost.ocks.org/
mike/miserables/

3 Oculus Info Inc

Child2

Child1
hotherPlutarch
Ame Hucheloup
Courfeyrac
Feuilly
Frouvaire
Combefemre
Enjolras
Mabeuf

Marius
Gawvroche
Bossuet

Joly
Grantaire
Bahorel

Mme. Burgon
Jondrette
Boulstruelle
Mlle Vaubois
Woman2
Tousssint
Coszette
_t.Gillenocrmand
Gillenocrmand
Magnon
e.Gillencrmand
ume. Pontmercy
BaronessT
Pontmercy
Babet
Gueulemer
Javert
Ame.Thenardier
Maontparnasse
Claguesous
Brujon
Thenardier
Eponine
Anzelma
Listelier
Tholomyes
Fantine
Marguerite
Fameuil
Blacheville
Favourite
Ferpetue
Cahlis
Zephine

revet
Chenildieu
Cochepaille
Mme.deR
lzabeau
Gervais
Labame
Bamatabois
Valjsan
Simplice
Scaufflsire
Woman1
Judge
Champmathieu
Cravstte

Myrigl
Mapoleon

Ille. Baptistine
CldMan

Count
Mme.Magloire
Champtercier
Geborand
Countessdelo
Maotherinnocent
Fauchelevent
Gribier

3 =
2ga = @ G
"EEQ z o g-_g E
=O0m o . o = [7] -—
L35 S8p. = E_SEsSFWE =
M- pLop=ET0 03,0 wEmw--:;meE
ST EsEZ2ES9323 ToanB i elEs
==Ep3SgE22cElegcp e 2 G0
EcbtoglocBEmo g -mE o= 20 ol
CUEECLiOWEEoas0oESaEE~ ol
] ]
] ] |
]
] | |
L | ] | |
O |
L
| |
| |
|
|| I |
||
|
]
||
||
| | HOE H

Mme. Fontmerc

Mlle. Gillenorm:
EBaronessT

Fontmearcy

=
T o
- =R -
5 223 &
= :EE =
= TS
m:l\m@.-EU.o::
o5zEs=T22
mESEESm W
|
on
u
] | 1]
| 1 HER
n [
] [
|
[ 1 H =
[ 1 [ |
HEREE EEEE
]
[
[ 1] ||

o (L)
2 2 = 2. %
m"?‘m.gz.;’gg = "Em“’:oum-g
E2SE33 855 ucg = npth
DO ED-GonTEL oo Do @
HEBECEQSSCEageoroiank
cRe s B it mg?coEoogm
A0 e Su Ot ORm)O0S 00 Jm
| |
EEE EEE EER
EEE EEE EER
EEENEEE ER
|
]
R
[ | ]
l..l
ENE EEE EE
| |
n
| |
n
[ |
[ | |

3
= S
= =
g B 2
= o
:3;‘“: En Sm
w::;:mm‘:'“"‘:—_m
=ESExEIZEa
=ZEB0SEEEE=
>mnESCOEZE
| |
]
|
u
[ ||
|
| 1] BN N
E
| |
|| [ 1]
| | ]|
] "N
| I |
| HE N
|

T
. og
e do
=5 @o
e s
o c
E_=222F
=EcgEocE =
-U:Ew-ﬂzl--
—_ —mg 2
QoZo0oX=
||
| |
||
||
]
L

Fauchelevant

Gribiar


http://bost.ocks.org/mike/miserables/

Graph 101

LinkedIn Graph

for me

Label your

Professional Networks
® Oculus Info

®VDI

®ASI

@ Alias

SNYC
eTO

®CRM
®Etc

LinkedInLabs.com
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from Gephi: open-source point-and-click
graph visualization. www.gephi.org




The Challenge

When graphs get big,
how do you make sense of them?




Making Sense of Big Graphs #1

Who's close?
Who's opposite?

—> correlation graph




Visualizing a Correlation Graph

Step 1. Timeseries Correlation
Any two timeseries of data may have similar movement:

Google (GOOG) and Exxon (XOM) Stock Price (1 year)

650.00

600.00

550.00

500.00 f

450.00

400.00

76.00
74.00
72.00
70.00
68.00
66.00
64.00
62.00
60.00
58.00
56.00
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Visualizing a Correlation Graph

Step 2. We can calculate this relationship as a correlation.
a. Plot the daily percent change as a scatterplot.
b. The linear regression shows the relationship as slope:

Google (GOOG) and Exxon (XOM) Daily Percent Change
5
4 .
() 3 ’_-"-
S ) -
<
!
€
8 D [ T T <) 1
e -1 -
- c. A positive slope,
2 . e
2 _ like this, indicates
4 | strong correlation.
5 |
110 8 6 4 2 0 2 4 6 8 10 12
GOOG Percent Change
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Visualizing a Correlation Graph

Step 3. We can express this correlation as a single number and do
this for all the items of interest.

Ticker XOM GOOG CvX IBM PG AAPL MSFT

XOM 0.892 0.700 0.639 0.677 0.268 0.640 1 indicates a strong
GOOG  0.892 0.667 0.688 0.672 0.301 0.512 relationship - both
CVX  0.700 0.667 0.867 0.436 0.751 0.117 s v KegEtrer
IBM  0.639 0.688 0.867 0.516 0.843 -0.075 0 indicates no

PG 0.677 0.672 0.436 0.516 0.283 0.476 relationship.

AAPL 0.268 0.301 0.751 0.843 0.283

- 1 indicates an inverse
relationship.
MSFT 0.640 0.512 0.117 -0.075 0.476

Correlations are important to financial portfolio managers:
A diversified portfolio should have holdings that are not correlated (i.e. correlations close to zero).
A hedged portfolio may have holdings with inverse correlations (i.e. negative correlations).

© 2013 Oculus Info Inc CUIUS



Visualizing a Correlation Graph

© 2013 Oculus Info Inc
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easily discernable



Instead: Draw it as a node + link graph:

o 200 stocks
around
perimeter

o Every
correlation
shown as a
line

o Too many
lines to gain
any insight

© 2013 Oculus Info Inc



These are the strong connections...

o Remove most of — i
the lines - only P R L
correlations NS s NN
between .85 - 1.0. VA LS s o S e SR LBk A
o Still too many b7 O SR TN
lines to gain S s W e e
insight. b s s S GBI e

- H
K:‘ < >
3 = = - =
- = => aTen's
P - =k
2 B L

7 Sz
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So pull together the strong connections,
push everything else apart

A (S

Exxon (XOM) and
Google (GOOG) are

highly correlated and F‘@’w\w
very close together.

This group of stocks
down here are all
highly correlated.

Eculus

© 2013 Oculus Info Inc



But wait - turn on .75-.85 correlation links.

REEP |
i ’;““Q,::ina BB A \

ot -'qloi P

o .
.f/";t;t‘,zg 5 .

."&4,
M

Some of these items
) ol
are far apart but still |

have a fairly strong > “%; :
. ; /;/ l?n
connection. ’ ’
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How about putting it on a 3D sphere?

Clustering on a sphere
design premise —

e For a given point:

0 1. Strong correlations
are close by.

2. Negative
‘ correlations are
opposite.

O 3. Non-correlations
are orthogonal.

© 2013 Oculus Info Inc



Sphere Correlation

Answers real questions that financial managers are interested in e.q.:
o What else trades similar to this stock?
« Is it all alone?
o What's opposite to this stock?
o What can | get that has no connection to this stock?

€ MSFT

Ss

) O 7 \ LG oy
" AMT OFv
0 M(D @PL;
"4 “\ R
O o ==

Exxon (XOM) and GoogIeC(GOOG) Apple (AA’F;L). ich)p,posite df
are near each other Microsoft (MSFT)




By the way, you can correlate other kinds of timeseries data in the

same way, for example - Twitter:

['_::I O @Lthnn}r Weiner

O * Meil P@trick Harriz
0 © instant Netfl ® _ 0

Chris Hardiviek ,”_N\ {Patton O=walt

l .lus.th Bieber
|Whrt§%ﬁ'ublems € Harvard_ Business Review

| I::elt:-c Salmon

O "@,ﬂureen Johnson (Arin Curr:.r‘}

O
@

0 @

S o
O
Justin Bieber is on the opposite side from the Harvard Business Review
(i.e. he Tweet timing pattern is opposite that of HBR' S).
Demo:


http://www.oculusinfo.com/assets/demos/SphereTreeDemo/index.html

Correlation Graph Summary

1. The actual links didn't need to be visible —

proximity sufficiently answered the investment
guestions.

2. Use a layout that is both:
+ effective (in this case proximity)
+ intuitive (sphere works well for “opposite”)

© 2013 Oculus Info Inc



Making Sense of Big Graphs #2

Did these people meet?

- graphs in time and space




Graph on a map

5 TT-SAN RAFAEL BRIDGE Kicnmond
o
%
% El Cerrito
oS
N3
B
=
(‘ nda
Berkeley -
i . :
One taxi starting
in San Francisco
then driving

=N around Oakland.

Oakland

q

2
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Graph on a map

“T"SAN RAFAEL BRIDGE

Kichmona

El Cerrito

Orinda

Two taxis starting in
San Francisco then
. driving around

e 2 RN Oakland.

oY dfa Did they meet?

AVMH £ )
A M g oS

Berkeley @

Mg T
T
Hayward

o e
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Graph on a map + time in third dimension

_14:30

_14:45

Two taxis, again.
Vertical axis
represents time.
Now potential

| crossings are more
visually discernable.

|
_16:15 \
16:30 . \
Y\ ll 5
- = 1 \
-840 3 km > LS
B = Rk !
-1’.1,#:.,,9_)"' RAFAEL ammcE Richmond
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Find crossings/meetings/...

=
s
=
&
«*
4
s
e“» 3
;:
e
o = 3
=
o 3 ‘?‘ = 4
=
; “rH B oo’ -
-5 - & \:

= . S taay = 3
<o St =

e &

Way NiMiTE FREEWAY-aen 5

Analytic “pattern finders”
" can identify patterns such as
potential locations where
many taxis may have met.

e
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Scale up: 100,000 nodes

_Fri 0

_Sat 11

_Mov 12

_Mon 13

_Tue 14
_Wed 15
_Thu 16
_Fri17

_Sat 18

84.6 km ->

&
S
N
v

Many more taxis,
many more points.
Again, analytics can
be used to find

= Fremont

q

patterns. u i-i-l
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Time and Space Graph Summary

1. Pull a dense graph apart to see what's going on:
+ zoom/pan
+ filtering
+ 3D

2. Use graph analytics to identify patterns of
Interest:
+ proximity
+ number of connections
+ density of nodes

© 2013 Oculus Info Inc



Making Sense of Big Graphs #3

follow the money?

- flow graph




Money Flow: Charity Network

5,000 charities. 2,000,000 donors. 5,000,000 donations.

Charities by # of Donors Charities by Total Donations Donors

9% only 1 donor 29% less than $10,000 67% gave to 1 charity
63% 1—100 donors 38% $10,000 - S100K 32% gave from 2-10
23% 100 - 1000 donors 26% S$100K - S1M 1% gaveto 11-100

4% 1000 — 10000 donors 6% S1IM-10M <1% 21 gave to 100+
<1% 18 charities have 10000+ <1% 30 received S10M+

Anonymized, public, open data.

3 weeks to design and build an exploratory web-based tool.
For any charity:

Who are my donors?
Who are my prospective donors?

© 2013 Oculus Info Inc



My

1 & +

Mckee, Lulu
Crtiz, Sadie

Bauer, Isla
Mitchell, Isla
Qrtega, Frances

Aquilar, Lila

Kline, Sebastian
Dickerson, Elvis
Holden, Isla

Garza, Piper

Horton, Poppy e

Morris, Dexter

Leach, Junes?

Raoss, August

Madden, Pearl

Donors

Bearson, Gus

Shaffer-Iris

Williams,-Hudson

Knight.-Romy
Singleton-Eis 2

Workman, Duke

IFeach-Scarlett
Sanford—Theo
Eields=Hopper

Burgess;-Hudson

Parsons;-Romy

/

Biggest
donations to me.

1

Woods: Liorel

Lucas: levi

Wolf Piper

Belacuz, Lionel

Byers, Sadics!,

Ball Leopold

Vaughan, Ray y

Clarke, Matilda

Ed
Donors :

$0+ | $5k+ | 10K+

Porter, Dashiell

Donations (links): to $10K Charities™:

Base of support in
Pacific North-West.

Donations were mostly
in the summer of 2012.

Adventurous Weasel Trust

All Viewed Donations by State

¥ W

All Viewed Donations Over Time

Jan  Mar May Jul Sep MNow Jan Mar May Jul Sep MNow Jan
2011 2012

*Trends are normalized for comparison against a global seasonal baseline,

Charity
easel Trust Leach, June
el Trust Byers, Sadie
SAguilar, Lila

Vaughan, Ray

dw

Wonds=. |innel

1.191.94 Adwventurons Weasel Trust
] [T

$0+ | $5mM+ | s10M+ | $15M+

Cluster Member
"Donors and charities are shown by the total of ALL donations given or received, giving a sense of the financial resources and giving level of donors, and the size of charities. Size Distribution

© 2013 Oculus Info Inc
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My Competition?

Selected Charity Donations by State

Belacruz, Lionel Charming Yak-Trust

Woods, Lionel Considerate Toad Fund

2l LEapadl Bickerson, EIvis 3

Pearson, Gus

Woll-Biper

Holden, Isla

..and its support is mostly
national, with strength in
CA and the South...

Byers, SadieoM e

Rodriguez, Annabel Byrd.lsla

Nolan_-Lionel

ALY e Dennis;.Mamie
—

KMerrill -Butch

..but mostly in the
Winter of 2011 / 2012....

p

Aguilar, Lila

Townsend, Qrson

Macias Duke/’{/,__————\_\
Ross, August

Morris - Dexter : p
— Adventurous Weasel Trust

Vaughan, Ray B Hud
W92 Jan Mar Ma Jul Se| MNov Jan Mar Ma Jul Se| Mov Jan
Alford, Kai & P ¥ p
Alfor: al 2011 2012
axch di Jenkins-Sadie *Trends are normalized for comparison against a global seasonal baseline,
Ochoa, Sadie
Sanford; Theo Selected Charities

Leach, Scarlett / Charity
Mckee, Lulu MODUYE Il Gregarious Trust

e
WilliamsZHudseon up

Horton, Poppy ¥y :
Shatfer s

Leach, Junes :
Workman. Duke Creative Seahorse Fund

Ortega, Frances S5 e - Dl |

(e Careful Sea Foundation
o . | - P g .
Kling, Sebastians Rational Worm Gmup.gGregarlous Swan Trust

Clarke, Matilda

Careful Sea Foundation

This cluster took in the greatest

1 number of large donations...

Donors : | $0+ | $5K+ | $10k+ Donations (links): < to $10K Charities: | $0+ | $5M+ | $10M+ | $15M+ Cluster Y- Member
Size Distribution

"Donors and charities are shown by the total of ALL donations given or received, giving a sense of the financial resources and giving level of donors, and the size of charities.
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My Competition

Selected Charity Donations by State

Belacruz, Lionel Charming Yak-Trust

Woods, Lionel Considerate Toad Fund

Ball, Leopold

L SR LECL ..Is drawing from the
Woll-Biper

Pearson, Gus X
same donor region...

p.

Holden, Isla

Byers, Sadie.Bauer. ISla

Selected Charity Donations Over Time

Rodriguez, Annabel Byrd.lsla

Nolan_-Lionel
ALY e Dennis;.Mamie
—

KMerrill -Butch

_..at the same time...

3

Aguilar, Lila

Townsend, Qrson

Macias Duke/’{/,__————\_\
Ross, August

g, LS e Adventurous Weasel Trust

Vaughan, Ray
) : Burgess-Hudson Jan  Mar May Jul Sep MNow Jan Mar May Jul Sep MNow Jan
Alford, Kai 2011 2012

Jenkins - Sadie *Trends are normalized for comparison against a global seasonal baseline,

Ochoa, Sadie

Sanford..Fheo Selected Charities

Leach, Scarlett / Charity
Moody#Stellan Creati 2

Mckee, Lulu This charity...

"""II'/ Hud
Horem Poppyﬂg%' |;armsl -u son
Leach, Junes’ S
Workman: Duke Creative Seahorse Fund

Ortega, Frances Poner‘.‘Dashiell/—_—"—___‘*“—\\\\
<= L

. Careful Sea Foundation
Ladie iy

Kline . ’ w® GredgaNQls>-<aan Trust
: . Rational Worm Group

...and has the biggest

donor overlap. 4

We want these $!

* ) ) L.

Donors™: | $0+ | $5k+ | $10Kk+ Donations (links): <0 to $10K  Charities™: | $0+ | $5M+ | s10M+ ]| $15M+ Cluster e— Member
"Donors and charities are shown by the total of ALL donations given or received, giving a sense of the financial resources and giving level of donors, and the size of charities. Size Distribution
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Untapped Donors?

+

b Organic layout
draws communities
together 1

Pacheco; Violete

Dyer, Sebastian
Garrison, Stellan’®
Rich, Iris

Hudson, Elvis ey

Adventurous

Goodman, Mosese N

s e Creative-Seahorse Fund

<

Hopper, Kaie

Cervantes, Hugo

Carlson, Romane

Can see some Edies
big donations  jstian

here orgiae e lloyd, Annabel

3

Dickerson, Ray

Donors " : | $0+ | $20k+ | $40k+ | $60Kk+ | $80K+

*Donors and charities are shovn by the total of ALL donations given or received, giving a sense of the financial resources and giving level of donors, and the size of charities. Size

Veasel Trust

Colon, Dashiell

But interconnected
nodes create “hairball”
problem.

Bowers

Duran, L

owens, Georgia
Galloway, Dexter 9

dacobs®Butch

Hanson! Bukes s llara: Ray

JosephiBuke Woodard, Stella

Rational Woerm Group o Scarlett
- erry, Scarle

Beasley..Rufuss @domiMamiel

e Gregarious;Swan Trust
Randalls®live

Haney, Hazels

YoungXEeonota Wilkinson, Sadie

e Atkinsindia
Estes, Butch

»Callahan’tjune Hughes, Annabel

Hoover, Georgiae Guthrie; Sullivan

Sykes e Martin, Dixie

Fuentes, Sadie
Ruby

Considerate To4

Adaptive labeling tags
most important of the
2000 nodes

p.

Ellis, Stella

Donations (links): ~ to $50K Charities:

4

Jan Mar May Jul Sep Nov Jan Mar May Jul Sep Nov Jan
2011 2012

Distribution

$0+ | $5M+ | $10M+ | $15M+ Cluster ‘Q— Member
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Untapped Donors: Community Aggregation

All Viewed Donations by State

Pittman, Minnie +13 )carison, Roman +17

Crane, Scarleft +6
Careful Sea Foundation +1
Creative Seahorse Fund

Koch, Rufus +11
Pacheco, Violet +8(
Adventurous Weasel Trust

Rational Worm Group

Considerate Toad Fund dan  Mar  May Jul

Sep MNowv Jan Mar May Jul Sep Mov Jan
2011 2012
*Trends are normalized for comparison against a global seasonal baseline,
- Fulton, August +6
Hanson, Duke: +93)

Careful Reindeer Coop

Gregarious Swan_Truste Charity

1
Callahan, Jur /+116

orse Fund

c LlD! | | - Fund

orse Fund

O Lioyd, Annabel +7

Pennington, Dixie

Money flow is Aggregatlon'markzrs

summarize size an
o Clearly et SR makeup of communities
summarized. o

Donors : | $0+ | $20K+ | $40k+ | $60Kk+ | $80K+  Donations (links): = to $5M  Charities™: || $0+ | $5M+ | $10M+ | $15M+

Cluster e— Member
"Donors and charities are shown by the total of ALL donations given or received, giving a sense of the financial resources and giving level of donors, and the size of charities. Size Distribution

Eculus

© 2013 Oculus Info Inc 36



Export Target Donors

+
@

Crane, Scarleft +6

& Creative Seahorse Fund

Carison, Roman +1 726}

My competitor has a high
percentage of large

caren, 2 k4 Untapped donors.
| want these too!

Fulton, August +6

Pennington, Dixie

Considerate Toad Fund
Lioyd, Annabel +7(

Garrett, Silas +712 Adventurous Weasel Trust

Gregarious Swan Truste

Hanson, Duke +93

Callahan, June +116
Rational Worm-Group

Koch, Rufus +11

Pacheco, Vioket +8

Left to right layout improves
reading of flow direction.

L

Careful Sea Foundation +1
Pittman, Minnie +13

Selected Donations by State

Selected Donations Over Time

Jan  Mar May Jul Sep MNow Jan Mar May Jul Sep MNow Jan
2011 2012

*Trends are normalized for comparison against a global seasonal baseline,

e Fund
e Fund

Fund
e Fund
e Fund

e Fund

Fund

£.401.68| Creative Seahorse Fund Cervantes. Hunn
m

Donors : | $0+ | $20K+ | $40k+ | $60Kk+ | $80K+  Donations (links): = to $5M  Charities™: || $0+ | $5M+ | $10M+ | $15M+ Cluster Y- Member
"Donors and charities are shown by the total of ALL donations given or received, giving a sense of the financial resources and giving level of donors, and the size of charities. Size Distribution
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Charity Network: Summary

[1] Louvain Clustering for Big Data Graph Visual Analytics (Gauldie, 2013)

o Adaptive labeling using fast label deconfliction[?! can be used to label most important
of many nodes in available display space without obscuring valuable data.

o Clustering and aggregation of communities, with visual aggregation markers, can
more effectively communicate big graphs without information loss.

Pioneering Duck!Eund

. i s : Unassuming Gnu Group

Amusing Mole Coop#Patient Human Trust Garrett; Silas +18013
Self-disciplined Dolphin Group; Pioneering Panther Fund X

Tough Heron Foundation Helpful lguana Foundation
Frigndly Red et Courageous Cormorant Coop

Discreet Wasp Fund -/0

Gregarious Swan Trust
Unassuming Iguana Coop seErse

. - Sensible Echidna Foundation
Creative Silverback Fund

HEL Helpful Shark Foundation
i SandEac ventive:Seahorse Coc = Pt
Extroverted Turlle Foundation FersistentiSand Cjap Inventive;Seahorse Coop Modest Reindeer Trust A/ A
M doehoaiS ot oty e Sociable!Woodpecken,Socied'Quiet Chamois Fund
Modest Hedgehog'Saociety Gentle'MAgpieTrust e
Imaginative Dinosaur Sgciety Witty Stinkbug Coop +1
LoyallErowlEoop, ® BravesTurkey Society 'Y grnor Agreeable! Antelope Foundation +1
ResourcefullBison Society®,
otional Armadillc d
Fearessilialsisoqels Rationally/omiGroup Emotional Armadillo Fund
- Walter, Hugo
Fair-mindedEeafowllEoundation
ate Silverback Group

Wnderstanding MNewt Fund

Pioneering Panther Fund +39
Gregarious Jay, Society Gregarious Swan Trust

Tough Heron Foundatid Brave Turkey Society +11.(
e BINN o HDecker Sociaty Warmhearted Komodo Group +2
Flore s WAL CUS SociablelWoodpecker Society .
Casey, Ruby Persistent Sand Coop +6
Conscientious'Gopherhrust ( MeatIn Coop +5
Antelope Foundatic Jones, Kai i
G O Pioneering Kudu Fund Decisive Meerkat Coop +7
raong Lionel Fearless Mole Society+35

: . Sensitive Dogfish Society +54 . .
burteous Panda Foundation MccoyMViolet g r Nice Baboon Society +1
Philoshopical Gnat Fund Beleon, Edie

Modest Reindeer Trust befo re after

Beasley, Rufus +26
Placid Ox Foundation #* Eunny Prairie Foundation Hlansomibukepd

Helpful Chinchilla Trust

Sensible Pony Trust Reliable Gull Foundation

Careful Sea Foundation +5
Thoughtful Turkey Coop +2

20,000 nodes with LouvainB! clustering and aggregation markers

[2] Fast Point-Feature Label Placement for Dynamic Visualizations (Mote, 2007) . [3] Fast unfolding of communities in large networks (Blondel, 2008)

© 2013 Oculus Info Inc 38 EC U I us




Money Flow ll: Influent -@influent

3 months to design and build a tool for financial forensics:
o Use similar clustering and aggregation techniques for scalability.

AND

o See temporal and geopolitical patterns across clusters simultaneously.
o "Follow the money” through any number of steps.

o Interactive drill down into interesting clusters.

o Easily integrated with, and tailored for, different data sets.

Test using public, open data sets:

XivA

o 2,000,000 accounts. 4,000,000 transactions.

Obitcoin
o 6,000,000 accounts. 16,000,000 transactions.
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Example: Kiva Partner Transactions Xiva

Transaction Flow: 16 months[¥] Jun1, 2012 to Oct 1, 2013 ...) microloans
Oe/@ x
r:a z% % % 6 VisionFund Indonesia Aster Hankam 5 Group. ... /% %3 60
M(Ts)' 2 ﬁi 8 (@) r e ® x2 VisionFund Tndonesia (.
U DN
VisionFund Indonesia Began by Searc}’nng for a D

H . 'Illauﬂ"
211 thilm, partner of interest. Found
-2Kto +2K i 5 1
B8 1 | L3aKo +33K 1 — follow money left to right.
Evind eSS a8 Incoming from microloan
visionfund indonesia a Search A RS -
4 i lenders, outgoing to
a2 . borrowers.
-2Kto +2K VisionFund Mexico
Be
USA CA e e amrmr
David (+2847) !!;IPFJII+36_V m ﬁg ) i
LU L (O RS T?nbu—hl(embang 3G.
mﬁml ki THA
-2Mto +2M VisicnFund Cambeodia SRR
/‘T’h”i ;@s \;,)ZL \:?I)I 518 -6K to +7K
. I =
-345K to +364K 3 I%a 54
_______ L : Sadar Jaya Group (+53)
I lcons summarize cluster
— characteristics such as
K== LAY
'.h_i..%’ .s,@Gp Im‘i?« g COUNtry of origin. 7Kto 48K
david (+293) e 100K to +111K ==
SEoSR s é 30
IDN

__________ - 8 I\% Altho 3 Group (+23)
"““!l VisionFund AzerCredit ...
-270K to +206K

= Q@ I
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Example: Kiva Partner Transactions

XivA

Transaction Flow: 16 months[¥] Jun1, 2012 to Oct 1, 2013 ...> microloans
—
Oe/@ x
m 6 VisionFund Indonesia Aster Hankam 5 Group. ... (‘—'—gi @ 60
ZAF TZA KEN IDN

| Adil (+5) m X0P
W IDN
VisionFund Indonesia
thin,
-2Kto +2K $9 II“IIII
("’{ﬁ & ol VA -34K to +33K
‘ BVT

Eivind

\visionfund indonesia

2K to +2K
(== . .
R YK 20 by clicking paper
David (+2847 . .
e clips to drill down
Selslcni
||||||||I
_2Mto +2M VisicnFund Cambeodia
& & sis
AUS NZL Fil
| david (+517) """"
-345Kto +364K
[l
VisionFund Albania
222K to +181K
=
“8 QO 204
AD pisep N I"""I
david (+293) 109K te +111K
________ 8 (@)
o Az
""I"I VisionFund AzerCredit ...
270K to +206K
= Q 1 T
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x2 VisionFund Indenesia (...

e
(’ & IDN D

Aster Hankam 5 Grou...

H

[
-17Kto +16K

-160to +2K

Aster Hankam 8 Grou...

Histograms summarize payments
over time, highlighting transactions
involving entity of interest

30

Ar‘.
é IDN

Altho 3 Group (+29)



Example ll: Bitcoin Transactions

© 2013 Oculus Info Inc

T

—
153199

22

=

319

-112K to +69K

— p
® is
3089015
-17to +17
®
3486998
-122to +122
%3
21

1250837 (+20)

® A

—
3699915 (+14)

-2Mto +2M

= %2
a 199
—

2134341 (+198)

[1]
. -33Kto +23K
— 3
©
—
10476 (+429)

| -112Kto +65K

3784864 (+20)

-607 to +607

©—
G-i?’ 150"03‘
Dyb

bulk (+1493)

-122ta+122
D o 2
—

m

cmoneyzack (+243)

42

Obitcoin

virtual currency

wikiLeaks  |Q|[e>/ (x| |

i

WikiLeaks

b| | -335Kto +292K

Example
Question:
Where do
WikiLeaks
Donation Funds
Originate?

Eculus



Example ll: Bitcoin Transactions

Obitcoin

@ influent

virtual currency

Transaction Flow: 4 vears E Jul 1, 2009 to Jul1, 2013 Workspace v | =liview =
—
~
(5 Case ABc (5 O (5 H
3344149 ﬂ 0 3340692 215845 758383
| | 7584860 I
) I o I
-20k+a|CHle @ x I -G5K to +35K S27K o +21K -95K to +35K
( I
0 -96K 1o +83K 0 0
WikiLeaks 745704 3340670
i : |
-335K to +292K -6K to +6K -95K to +95K
© 0

—

759895 (+1) 758574

786 t0 +1K “S4to 84

i
< [ ] +
+ Details
Obitcoil
’ co,n # Date Comment Inflowing ¢ Outflowing 4

wikileaks 1 2011-03-26 2763.68 BTC to 758460 2,363.50
uid: 5104 2 2011-04-16 1925.92 BTC to 758460 2,022.02
tra”imm”;w”t’ . 23215 3 2011-04-16 1000.0 BTC to 758460 1,049.90
Vg FrEnsacton amount 4 2011-04-17 100.0 BTC to 758460 111.23
max transaction amount: 50000
total traneaction amount: 1906758 5 2011-04-18 2003.2 BTC to 758460 2,327.70
first transaction date: 26 Apr 2010 5 2011-04-18 217.0 BTC to 758460 252.15
last transaction date: 10 Apr 2013 Showing 1 to 6 of 6 entries Previous Next
degree: 82523
userTag: WikiLeaks
LABEL: WikiLeaks
TYPE: ACCOUNT

..and where do they go?
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Example: Bitcoin Transactions Obitcoin

virtual currency

Workspace = | =M view ~

@ influent

Transaction Flow: 4 vears E Jul 1, 2009 to Jul 1, 2013 ---)

Account is emptied of o s 0

Case ABC

m |»

almost $TO0,000 one ] 3340692 215846 758328
day later. I
. -95Kto +95K 27Kt +21K -95K to +35K
(z) | sskeo +ezk (5 O
WikiLeaks 745704 3340670
B ] _
-95K 0 +95K

|_-333Kto +292K -6k to +6K

Six transactions to this

® )

759895 (+1)

account

Equivalent amount moves

786 t0 +1K “S4to+a4

4 [ m

+ Details

through accounts on
same day.

B Obitcoin . bate o

WikiLeaks

uid:

transaction count:

avg transaction amount:
max transaction amount:
total transaction amount:
first transaction date:
last transaction date:
degree:

userTag:

LABEL:

TYPE:

5104

98216

34

50000
1506758

26 Apr 2010
10 Apr 2013
82523
WikiLeaks
WikiLeaks
ACCCUNT

2011-03-26
2011-04-16
2011-04-16
2011-04-17
2011-04-18
2011-04-18

[ IR SRV S

Showing 1 to 6 of & entries

2763.68 BTC to 758460
925.92 BTC to 758460
00.0 BTC to 758460
00.0 BTC to 758460
2003.2 BTC to 758460
217.0 BTC to 758460

Previous Next

Inflowing ¢

Outflowing 4

2,363.50
2,022.02
1,049.90
111.23
2,327.70
252.15

orly
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Example: Bitcoin Transactions

Obitcoin

virtual currency

@ influent

Transaction Flow: 4 vears

[zl Juli, 2009 to Jul1, 2013

)

Workspace = | =lfview ~

] "
0 [JCase ABC \ 0 9 0
3344149 ﬂ r 9 3340692 215845 758383
L 758460 I 1 I
-2DKtn|@|EHQHE| I -95Kto +35K -27K to +21K -95Kto +35K
bl
9 || -oskta+a3K 9 9
WikiLeaks ! § 745704 3340670
5 |
WikiLeaks ]1
i i' |
-335Kto +292K | -6K to +6K -95K to +95K
© 2 0O
759895 (+1) 758574
Equivalent amount moves
-786t0 +1K -94to +94
. through accounts on .
- Detais same day.
Date L] Inflowing ¢ Outflowing 4
il 2,363.50
uid: 2,022.02
transa 1,049.90
avg b 111.23
:;ta; 2,327.70
firel 438460 252.15
las rrevious MNext
de
u
|
é | —
[:] " o o o o o o o o o o o
- io - - o - - -
5@ | . s i . -
o, [ o 9 o,
e § X
L.
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Example: Bitcoin Transactions

Obitcoin

virtual currency

—@ influ@nf Transaction Flow: 4 years E Jul 1, 2009 to Jul 1, 2013 Workspace » | =laview =
o ) o o o i
3344149 3340602 215845 753388
) I o I
L -ZGKtnlﬁ:ll;”_gH;l | -95Kto +35K | -27Kto+21K | -95Kto +95K
(5 Q (5 (5
Wikileaks ) 745704 3340670
|:| WikiLeaks l
i |
-335Kto +292K -BKto +6K -35Kto+95K
) 2 0
759835 (+1) TR
) ) B )
758386 758382 758380
-95K to +95K -95K to +95K -95K to +95K -95K to +9
| +similar account ids. wl Y/
LABEL: WikiLeaks
TYPE: ACCOUNT
o P o o [:] o o o o o
" 1 [ ] I ui - o - | - '_| | | _|
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Money Flow Graph Summary

1. Focus on the flow
+ search to start
+ expand

2. Analytics to handle complexity e.g.
+ clustering
+ similarity

© 2013 Oculus Info Inc



Making Sense of Big Graphs #4

What's in this graph?

—> any graph
e.g. every bitcoin transaction
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Aperture Tile Based Visual Analytics

"Plot Data” results on @bitcoin data.

Technology stack for scalable, zoomable 2D and 1D plots.

Destination ID

Source ID

U S I n . B - Tile Set Storage: Aperture
g . A - Tile Generation: Oculus Bin-Count Analytic (Spark) View Interface
01223 || Avio"DataTiles"  Tite fat Metadeta
3 2.1
ke Emaa  Emia pEpp N |
(serpn) <" e ] ! i A
‘ b 13 AR TS “manscoen 0.
Location Reproject Cakulate pric  Apply Sumerary Statistic(s) | AR -
Duta, raw g Web positions of (.. (OuUM, mean, varance | !
atflon Mercator) projected  Raduce points 19 sammany ;
by dotapolats  staiti(s)loreach bin) | | (SRS Aw Olject) (mson)
A P ACHE R | Hese i

D= Aperture Web App C ~ Tile Rendering Service: Aperture Server H8ase Query

g TXY

the key
13 w

0021,

of)erfure)s” || 8 e e« &

[aperturejs.com] T e e e
TMS Consumers . TMS Provider

Acknowledgements: These studies were supported by the Defense Advanced Research Projects Agency (DARPA) under Contract Number FA8750-12-C-0317. The views, opinions, and
findings contained in this report are those of the authors and should not be construed as an official Department of Defense position, policy, or decision.
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Matrix Graph Summary

Use a matrix graph for exploratory analysis:
1. does it look right:

+ gaps/errors
2. look for patterns:

+ horizontal/vertical lines

+ diagonal lines

+ bright clusters
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Many more techniques exist

Edge Bundling

.. 8 y:

http://mbostock.github.io/d3/talk/
20111116/bundle.html

Sankey Diagrams

Hm
[ istams i Temlgrsic: HH
a n
g
.

vt s
S Ly St e

Ceremraitter =

http://bost.ocks.org/mike/sankey/

© 2013 Oculus Info Inc

http://bost.ocks.org/mike/hive/

Hive Plot HierarchicaI/EuIer

J

http://www.csse.monash.edu.au/~td

http://egweb.bcgsc.ca/ wyer/

Circos

http://circos.ca

52


http://mbostock.github.io/d3/talk/20111116/bundle.html
http://bost.ocks.org/mike/hive/
http://egweb.bcgsc.ca/
http://circos.ca/
http://bost.ocks.org/mike/sankey/
http://www.csse.monash.edu.au/~tdwyer/

Where next?

Want to point and click through some graphs?

o Gephi (for node and link graphs) www.gephi.org

o Cytoscape (another for node and link graphs) www.cytoscape.org/
o Excel (for matrix graphs)

Want to program using some toolkits?
o D3jJs d3js.org

.

o Coming soon to github.com/oculusinfo:

eg)erfure s @ influent
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http://www.gephi.org/
http://www.cytoscape.org/
http://www.d3js.org/
github.com/oculusinfo

Some nice reference books

See some really nice looking graph pictures for
Inspiration?

- Visual Complexity:

Mapping Patterns of Information
by Manuel Lima

See some code for drawing nice looking graphs
so | can start programming!

- Graph Drawing:
Algorithms for the Visualization of Graphs

loannis G. Tollis (Author), Giuseppe Di Battista (Author), Peter
Eades (Author), Roberto Tamassia (Author)

© 2013 Oculus Info Inc
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http://www.amazon.com/Visual-Complexity-Mapping-Patterns-Information/dp/1568989369/ref=sr_1_1?s=books&ie=UTF8&qid=1382920923&sr=1-1&keywords=visual+complexity+mapping+patterns+of+information
http://www.amazon.com/gp/product/0133016153/ref=s9_simh_gw_p14_d2_i3?pf_rd_m=ATVPDKIKX0DER&pf_rd_s=center-2&pf_rd_r=05XV04DCPR9V9CYNPHBW&pf_rd_t=101&pf_rd_p=1630072222&pf_rd_i=507846

Summary

Key takeaways

o Graphs are challenging to perceive patterns when big

o Start with your analytic question — what are you trying to find
e Format: e.g. node and link, 3D, flow, matrix
 Interactions: e.g. pan/zoom, filter, etc
« Analytics: clustering, connections

o Many possibilities and variants

More info

o Richard Brath
richard <dot> brath (at) oculusinfo <dot> com

o David Jonker
david <dot> jonker (at) oculusinfo <dot> com
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