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Biomedical Data
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OBSERVING SURVEILLANCE

bhd

Supermarket scanners
Credit card transactions
Direct mail response
Call center records

ATM machines

Web server logs
Customer web site trails
Podcasts

Blogs

*Print, film, optical, and magnetic storage: 5 Exabytes (EB) of
new information in 2002, doubled in the last three years
[How much Information 2003, UC Berkeley]

Scientific experiments
Sensors
Cameras

Interactions in social
networks

Newswires
Speech-to-text translation
Email

Closed caption

Google
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Data-Data Everywhere

mPump sites
s Deaths from cholera

Information Assurance
Network Intrusion Detection

E
atat
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“Data intensive” vs "Data Driven”

Data Intensive (DI) Data Driven (DD)

° Depends on the e Operations are driven (and

_ defined) by data
perspective - Massive transactions

— Processor, memory, - BIG analytics |
applicati £ 5 e Top-down query (well-defined
Pplication, storage: operations)
L e Bott di

e An application can be (unpredictable time-to-result)
data intensive without - BIG data processing
| bei — Predictive computing
(nec_essarl_y) €ing e Usage model further

I/0 intensive differentiates these

- Single App, users

- Large number, sharing,
historical/temporal

Very few large-scale applications of practical importance are NOT Data Intensive



The Data Driven Discovery Ecosystem

reduction

| Data
Act, Refine Management
Feedback
S Data Query

. 4

Relational:
Discovery/Predictive
Modeling

Learning Models Trigger/questions




Supercomputers (Current):
Illustration of Simulation Dataset Sizes

Application On-Line Data  Off-Line Data

FLASH: Buoyancy-Driven Turbulent Nuclear Burning 75TB 300TB
Reactor Core Hydrodynamics 2TB 5TB
Computational Nuclear Structure 4TB 40TB
Computational Protein Structure 1TB 2TB
Performance Evaluation and Analysis 1TB 1TB

Climate Science 10TB 345TB

Parkinson's Disease 2.5TB 50TB

Plasma Microturbulence 2TB 10TB

Lattice QCD 1TB 44TB
Thermal Striping in Sodium Cooled Reactors 4TB 8TB
Gating Mechanisms of Membrane Proteins 10TB 10TB
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Climate Change: The defining issue of our era

o The planet is Warming rAlmosphe'ricCO:atrMaunaLo'aObservarlory“. 75”3
° Multiple lines of evidence R L = 1
® Credible link to human GHG 7 .
(green house gas) emissions
®* Consequences can be dire e g I

YEAR

® Extreme weather events, regional
climate and ecosystem shifts, abrupt
climate change, stress on key
resources and critical infrastructures

®* There is an urgency to act
® Adaptation: “"Manage the

unavoidable”
® Mitigation: “Avoid the
unmanageable” Russia Burns, Moscow
Chokes :
o The SOCietaI cost of both NATIONAL GEOGRAPHIC, 2010 The Van|Sh|ng Of the
action and inaction is large Arctic Ice cap

} laYaYaVa
CLUILYY.CUIT, 2UUO0

Key outstanding science challenge:

Actionable predictive insights to credibly inform policy



http://www.google.com/imgres?imgurl=http://www.healthjockey.com/images/northwestern-university-logo.jpg&imgrefurl=http://www.healthjockey.com/2009/11/20/can-sound-enter-deep-sleep-and-improve-connected-memories-upon-waking/&usg=__wjc-aMCrJIms7YsTj0L7MW011N0=&h=320&w=320&sz=16&hl=en&start=2&sig2=R0cVqmPxqOpTtL93NGlQIw&itbs=1&tbnid=t9WJwYRJBtu9hM:&tbnh=118&tbnw=118&prev=/images?q=North+Western+University+logo&hl=en&gbv=2&tbs=isch:1&ei=YdQOTO-GNpXMNdbRyNgM

Understanding Climate Change - Physics based Approach

. . . Temperature increases are human-induced
General Circulation Models: Mathematical The anthropogenic climate change “fingerprint”

models with physical equations based on

Globally averaged surface air temperature

. . 1.2
ﬂu'd dynamlcs Ce” — Observations
08 |- | — Naturalforcings
. . — Allforcings
Parameterization ;

. . 0.4
and non-linearity cjouds :

of differential
equations are
sources for

uncertainty!

0.0

Land

Simulations carried out using NCAR, ORML,
0.4 — and NERSC computing platforms
| | | | |

1880 1900 1920 1940 1960 1980 2000

In the absence of human-induced changes to the
atmosphere, the earth would be in a cooling trend

Figure Courtesy: ORNL
Physics-based models are essential but not adequate Disagrezment between IPCC models

- Relatively reliable predictions at global scale for ancillary variables such as
temperature

- Least reliable predictions for variables that are crucial for impact assessment
such as regional precipitation

Anomalies from 1880-1919 (K)

© 2002 Brooks/Cole - Thomson Learning

"The sad truth of climate science
is that the most crucial
information is the least reliable”

(Natu re, 2010) Regional hydrology exhibits large variations among
major IPCC model projections




Example Use Cases: Extreme Events Prediction

NH Tropical Cyclone (TC) Activity Climate-Meningitis Outlook

Northern Indian North Pacific North Atlantic West Sahel Mali Nig East Sahel
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Modeling a Climate System as a Network

=]

Climate Data
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an subtracted anomaly (hPa)
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xc > . time series Stat. significant
£ correlations
5. . .
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Anomaly time series at each node
Extreme Normal
Phase Phase

Climate Network

AR

Edge weights: significant correlations

Nodes in the graph: grid points on the globe

Multivariate Networks

Multiphase Networks



Towards Predictive Insights: Hurricane Frequency

Steps for Discovery of Multivariate Non-linear Interactions

IPCC AR4 Models: CMIP3 datasets

Monthly mean sea surface temperature
Monthly mean atmospheric temperature
Daily horizontal wind at 250/850 hPa

1. Pre-process ancillary climate
model outputs

ys & T o e w0 “ -
S i = 18015012080 60 30 0 3

2. Construct multivariate

nonlinear climate network

Steps for Predictive Modeling of Hurricanes

3. Detect & track
communities
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SAT: Africa, 1951-1960 (Stable)

Latitude
0 20 40
1

-20
|

-40

Surface Air Temperature |

Decadal Trends Discovery via Community Dynamics

Characterize the evolution of network 500000
communities that are: " 500000
— Recurring/stable or gomooo
— Exhibiting significant shifts 2 300000
— With long distance connections g 200000
£ 100000

SAT: 1964-1973 (Stable) SAT: 1974-1983 (Stable)

=)
B

o

Latitude

2
®

® Evidence of modulation in
| SAT: Africa, 1959-1968 (Stable) planetary-scale climatic pattern

® Stable teleconnections between
Africa, 1967-1976 (Stable) Nino-3 region and Indian Ocean

I ® Realignment of Sahel region to
northern Africa

— Indirect evidence of desertification

o
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A Closer Look: Desertification in the
Sahel

Sahel: Pre-1963 Sahel: 1954-1972 Sahel: Post-1963

Latitude
0 50

-50

-150 -100 -50 50 100 150 -150 -100 -50 50 100 150 -150 -100 -50 50 100 150

Longnude Longnude Longnude



Forecasting Hurricane Tracks

Improving but have mean error (>185km) beyond 48 h

NHC Official Average Track Errors
Atlantic Basin Tropical Storms and Hurricanes

What if the error gets interpolated to 10-
15 day in advance forecast?

~500 km

500 T
Physics-based Models
400
1970-1979
T 1980-1989
£ 300
'é |
LI /
@ |
8 e
§ 200 o
£ /{
- 000-2009 |,
-
-
100
0
60 72 84 96
Forecast Period (h)

Src: NOAA/NHC: http://www.nhc.noaa.gov/verification/index.shtml




Hurricane End-game Track Forecast

Forecast 10-15 days in advance the end-game of a North
Atlantic since hurricane embryonic formation in Western Africa.

® Nearly east-oriented SLP edges suggest
horizontal pressure gradient configuration in the
same direction.

® Based on Buys Ballot’s law, this pressure
gradient would be associated with wind flow in
the north-south direction.

® Onshore wind anomaly flow would promote
favorable conditions for landfall; opposite flow
anomaly would be more favorable for hurricanes
tracks in no-landfall.

SLP (yellow/dashed) and SST

(red/solid) (+)correlated Performance of Land-hitting vs. Offshore
teleconnections; LOO 10-FOLD
L—biased toward land-hitting SLP SST SLP+SST SLP SST
tracks; Accuracy 0.88 0.90 0.92 0.90 0.90
O—biased toward offshore |Sensitivity 0.91 0.96 0.97 0.95 0.97
tracks. Specificity 0.77 0.76 0.81 0.80 0.74
Precision 0.90 0.90 0.92 0.92 0.90
F1-meas. 0.90 0.93 0.94 0.93 0.93




CMIP3 - CMIP5 => BIG DATA and Computing

® Coupled Model Inter comparison Project
Spatial resolution: 1 — 0.25 degrees

Temporal resolution: 6 hours — 3 hours

Models: 24 - 37

Simulation experiments: 10s - 100s

— Control runs & hindcast

— Decadal & centennial-scale
forecasts

Covers 1000s of simulation years
100+ variables
10s of TBs to 10s of PBs

ensembles:
AMIP & 20 C

E-driven

control & 20 C

1%/yr CO, (140 yrs)
abrupt 4XCO, (150 yrs)
fixed SST with 1x &

Summary of CMIP5 model
experiments, grouped into three tiers

Slide 18



Transformative Computer Science Research

Enabling large-scale data-driven science for complex, multivariate,
spatio-temporal, non-linear, and dynamic systems:

End-to-end demonstration of this

discovery process.

major paradigm for future knowledge Enable studying of collective

Complex Networks

behavior of interacting eco-

Relationship Mining
Enable discovery of complex
dependence structures such as non
linear associations or long range spatial
dependencies

Nonlinear, spatio-temporal, multi-
variate, persistence, long memory

A
1
l

v

climate systems

Nonlinear, space-time lag,
geographical, multi-scale

1
I
I
! function-dynamics
S CEEETEEEETEEE S ———————————— >
kernels , feature's, dependencies
1

Y G

Fusion plasma
Combustion
Astrophysics

Predictive Modeling
Enable predictive modeling of
typical and extreme behavior
from multivariate spatio-
temporal data

Nonlinear, spatio-temporal,
multivariate

A
1
1

\4

future generation exascale HPC

High Performance Computing

Enable efficient large-scale spatio-temporal analytics on
latforms with complex memory hierarchies

Large scale, spatio-temporal, unstructured, dynamic




* Similarity of interests defines communities
e Communication across globes defines networks

Monthy mean subtracted anomaly (hPa)
-

Linked [}
|Google+

(i1 Tube

Broadcast Yourself™

subtracted anomaly (hPa)
B

Monthy mean

qob——i i
1993 94 95 96 97 98 99 00 01

02 03 ‘

From Science to Social

* People/Customers/fans are interacting points in space-time

Activity/interaction based

Network

A

20
1

Years

993 94 95 96 97 98 99 00 01 0z 03

Massive Data and
Social Networks
Mining

Influence Tracking
and Analysis

"

(Scalable Analytic W

|

Multi-language
Sentiment Analytics

AN

Learning and
Predictive Modeling

Interast .

/

Edge weights: significant interactions/influence

Nodes in the graph: people/brands/...

Action-Based Connections

l inigrasi

(c) ANC



About Twitter

v Twitter: a micro blogging social network

v" Millions of users —
Ewittend
v Short messages of up to e e

140 characters called
’ tweetsl Realtime results for “lron Man 2"

Iron Man 2

. . ™ o | M . ToryAnd: @Bigmitch2001 Try Googling this exact line if you
= Ihe sequel 1o lron Vian opens in | 5 would like to see Iron Man 2, "MoviePoint"
~100 million tweets per di et e, g e o ron an2
7).

v News, Politics, Sports,

Top Trending Topics

E n te rta i n m e nt Caenmm Happy Mothers Day H BartArao: Iron Man 2 Extra Scene (Thor) and Viral Vids!ll

pybjohn’ iron man 2 wazzz gewdlll

less than 20 seconds ago from MySpace

_ _ e
Camp Rock 3
v' Trending topics on
- Betty White
TW I tte r #nowplaying

#HappyMothersDay

bizmanicblogs: LG Puts McGruber Into lron Man 2
http:/is. gdfcﬂyvx
less than 20 seconds ago from API

JonAkwue: |&apos;m about to watch lron Man 2. Hoping
|t&apos s as much fun as the 1st one..
ninute ago from TweetDeck

#mymomma

7/27/2012 21 21


http://twitter.com/
http://www.pulseofthetweeters.com/

Social Network Pulse and (Soft)
Real-time Sentiment Analysis

Static (Slowly Changing) Dynamic Topic based
Social Network(1000 users) response network
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Identifying Influencers

“ W, (U,,U
R,= 1-d) + d*3> R, — .Y

=1 > W, (U, U))

25



Social Media
Evolution of
the Egyptian

BY ALOK CHOUDHARY, WILLIAM HENDRIX,
KATHY LEE, DIANA PALSETIA. AND WEIKENG LIAD

Revolution

Td COMMURICATIONS OF THE ADH MATY JOLT I WOL. 55 1 WO E

e The 2011 Egyptian
revolution resulted in the

removal of longtime leader
Hosni Mubarak

J By most accounts, social

] Z media played
\ HO\DOFQ’ an integral role
Q‘&R\-’D\-\TEK?' In organizing

| and building
support for the
revolution

Ousted President Hosni Mubarak
26



The Twitter Revolution

M Al Jazeera H CNN

Mona Eltahawy B Reuters

The Nation
11%

16%

Over 800,000 tweets in six trending topics on Egyptian revolution

Topics: egypt, cairo, tahrir, egyptians, hosni_mubarak, and omar_suleiman

Influencer
Al Jazeera

CNN

Mona
Eltahawy
Reuters

The Nation

Description

Arabic news channel
based in Doha, Qatar;
name translates to “the
island”

American news network
founded by Ted Turner

Egyptian journalist and
public speaker

News agency
headquartered in
London

Left-leaning weekly
magazine
headquartered in New
York City

Leaders

Twitter user names
AJEnglish, Dima_AlJazeera,
AJGaza, AlanFisher, FatimaNaib,
mohamed, SherineT

bencnn, cnnbrk, CNNLive,
natlsecuritycnn, vhernandezcnn
monaeltahawy

Reuters, JimPathokoukis

jeremyscahill, thenation

Measured influence based
on how often followers
started discussing topics
the influencer tweeted
about

Most influential
organizations: Al Jazeera
and CNN

Most influential individual:
independent journalist
Mona Eltahawy

27



The Evolution of the Revolution

Date Major events Twitter activit

"Day of Rage" protests in Cairo
Jan. 25  signal the start of major changes in

Egypt.

Topic cairo is only trending topic related to Egypt
Negative tweets outnumber positive tweets four to one

The Egyptian government begins Jille ety ol

Bl 27 limiting internet access in E t Uepic Gyt e Uismeing
9 gypt. Topic egyptians (the most positive topic) begins trending Jan. 28
President Hosni Mubarak dismjgses All Egypt-related topics trend
Jan. 29 his cabinet and appoints Om ingle-day volume of tweets on revolution
' Suleiman as Vice President Af egyptians peaks in sentiment, with almost 3 positive tweets for
Egypt.
Blockage of internet acdss b tahrir (about 1500% as many tweets)
Feb. 2 9 Y on Feb. 3 with more positive tweets than
Egyptian government£nds.
Egypt-related topicg stop tre nt on topic hosni_mXarak decreased progressively throughout
Feb. 6 on Twitter. Mubaygk resigngFeb. volution, with about six Nmes as many negative tweets as positive
11.
Tweel voly/me
) ) ) ) Homar_suleiman Mhosni_mufgrak Megypt Niro mtahrir  Megyptians
momar_suleiman W egyptians hosni_mujfBrak mtahrir MWc
Y A 23
100000 / —— BB Ti\ )
80000 \ ' i TR — e N
60000 + R ™ e o
40000 [ ’ -_|. ™ | n
20000 - - 1 B -
0 L"L\\\x .. 1
8 :\“\\!\.\\ .
QY & & N — -
S A \’1«0 ) S =
AR A A GO RN SRR
MR R g




Activity Signature: Not Just
Another #superbowl

Compared with twenty other
trending topics from the same
time period

Four categories of topics
« Politics
 Entertainment

« Sports
 Tech/business

Comparison based on tweets,
sentiment, and network
structure of Twitter followers

M Egypt M Politics Entertainment

M Sports ® Tech/business

Significant differences

Followers tweeting on topic Tweets per user

0.8

0.6

0.4 -

0.2 -

-0.2

Large percentage of retweets,
more tweets overall

Tweets significantly more
negative

Followers more likely to be
engaged

Follower network less tightly
knit

H Egypt | Politics Entertainment

M Sports m Tech/business

Negative User 29
sentiment

Retweet Clustering
percentage  coefficient tweets per
user



Interest based Community
Extraction in Social Networks:
Facebook and Twitter
Data with 150M+ users

30
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Barack Obama

o]

25,469,380 likes « 339,731 talking about this

Politician

This page is run by Obama for America, President
Obama's 2012 campaign. To visit the White
House Facebook page, go to

® -

1 STORE

About Photos

Videos

Store

See All

l_ Barack Obama ' Likes

\ﬂ February 26
Veterans for Obama
Politician
Obama for America - Ohio
Political Organization
Ceneration Forty Four (Gend4)
Political Organization

() Democratic Party

This phote has been making the rounds. What's your #1
reason for supporting President Obama?

Why [ Suppor Obama—
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Mitt Romney

Le~|
1,515,030 likes - 90,167 talking about this

z o
2012 ™
WELCOME OFFICAL GEAR

Welcome Store

58 were here

ebsite:
com/ or follow me on
n/mittromney or

UPLOAD
YOUR PHOTO

Stand With Mitt

Photos

Mitt Romney
S7 minutes ago via Romney for President

.ﬁ =

MITT ROMNEY ON FACEBOOK

| Facebook Theme canvas

Select a period: [ 7| Past Week Past Month Past Quarter

Click on a phrase or word to see user comments. Right click for more options. IEI
Filter by sentiment Filter by comment count | 7|
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Network Effect and Precise Interest Targeting
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Community Hierarchy: Twitter

Republican politicians N
and news media O CNNPolitics
O GovGaryJohnson

O RepRonPaul

O AmbJohnBolton
(O HaleyBarbour
O johnthune

(O marcorubio
O SenRandPaul

Republican Presidential

Candidates

O foxnews
O GovMikeHuckabee
O MittRomney

O newtgingrich

c1®)

O papajohns
O SarahPalinUSA
O TheHermanCain
O timpawlenty
E.g. U.S. Politics 37



Top Associations by Fans For
Bing, Google & Yahoo on FB

3.75% of

Windows Phone

users
/ 5.30% of

Google Chrome

0.98% of users
George 2.58% of
Foreman Microsoft users

Cooking users

2.48% of

TechCrunch 3.83% of

Logitech users

users

OING

0.99% of 1.44% of
Chillclock users Dentyne Users

\ / 2.58% of

1% of Chex Mix Crest Users

Go ugle'

2.49% of 2.53% of Adobe
Microsoft users Flash Users

users
2.49% of
/ Internet
Explorer users
2.15% of 2.425% of
1 Chex Mix Pepto-Bismol
users users

YaHO\

2.20% of
TridentA 2.37% of
Chewing Gum Dentyne users
users

2.32% of /

Yahoo! Sports
users All data for 16-34 age group only 38




A different way of thinking?

A "DATA DRIVEN DISCOVERY"”
WORTH A THOUSAND
SIMULATIONS?



Discovering Materials : Simulations -2
Analytics

Construction of FE Predictive Modeling Model Evaluation
prediction database
-
*Consists of compounds with known *Construct data mining models to *Test model on unseen data
formation energy (FE) predict formation energy using +10-fold cross validation (data divided
«Empiric periodic table information chemical formula and derivable into 10 segments, model built on 9
added (e.g. electro negatjvity, mass, empirical information segments and tested on remaining 1
atomic radii, # valence s, p, d, f segment; process repeated 10 times
electrons) with different test segment)
V]

(a)

Large scale FE Validation

prediction

* Run combinatorial list
of compounds through
the FE model

e Structure prediction

¢ Quantum mechanical
modeling

* Thermodynamic
stability and heuristics

) )

. . Shortlisted
Combinatorial . . Stable
. List of high- 5
list of ternary . . . discovered
predictions potential
compounds structures

candidates

& / —

(b)



Summary: Discovering Knowledge from

Massive Data

Business

| = facebook
o Google atat -

High-End Analytics, Data
Mining, and Network Mining

< - Lh
S Knowledge Discovery a ﬂﬂl

Massive >4 “‘"‘_ Zs,
datasets e

-&} Observations Large-Scale i
‘:::/ i Instruments Scientific !
= Experiments Simulation
-Cray X



http://www.amazon.com/Understanding-Hedge-Funds-Scott-Frush/dp/0071485937/ref=si3_rdr_bb_product
http://buybox.amazon.com/ref=topnav_gw_/102-5907709-6319326
http://images.google.com/imgres?imgurl=http://blogs.zdnet.com/open-source/images/new att logo.jpg&imgrefurl=http://blogs.zdnet.com/open-source/index.php?cat=41&paged=2&h=407&w=300&sz=22&tbnid=51MQ9p4ulG7-5M:&tbnh=125&tbnw=92&prev=/images?q=at&t+picture&um=1&start=1&sa=X&oi=images&ct=image&cd=1
http://images.google.com/imgres?imgurl=http://target-stores-online.uv.ro/target-stores-online.jpg&imgrefurl=http://target-stores-online.uv.ro/&h=480&w=640&sz=67&tbnid=kOKHSPO3bymINM:&tbnh=103&tbnw=137&prev=/images?q=target+store+picture&um=1&start=1&sa=X&oi=images&ct=image&cd=1
http://www.facebook.com/r.php

Thank You.

Alok Choudhary, John G. Searle Professor
Dept. of Electrical Engineering and Computer Science
and Professor, Kellogg School of Management
Director of the Center for Ultra-Scale Computing and Security
Northwestern University
choudhar@eecs.northwestern.edu
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