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Big Hype or Big Change?




The Big Data Phenomenon




Expanding Big Data Applications in Business

Human Resources

Predictive analytics
to attract, engage,
and retain talent

CAESARS

Agile

Product Development

Text mining to analyze
customers’ comments
on features and use
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Solutions, Onshore and On-Target

Big Data
Transformation

Source: How Big Data is changing the whole Equation for Business: WSJ
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Operations

Real-time sensing
and responding to

Marketing

Real-time promotions,
targeted marketing,
cross-channel
coordination



http://online.wsj.com/articles/SB10001424127887324178904578340071261396666

Energy

Predictive analytics to
predict granular
demand and adjust

supply

Government

Predictive analytics to
detect taxpayer fraud

Expanding Big Data Applications in Soclety

Vs Sranio®
nnn1e$po1tin9

Schools

Big Data
Transformation

Adaptive learning
platforms to
predict student
progress &
interventions

Healthcare

Collect and analyze
hefty datasets to
depict early
infection signs

Source: Big Data Makes Big Inroads into Schools: Scientific American, How Big Data and Analytics will Change Society, FACT SHEET: Big Data

and Privacy Working Group Review



http://www.scientificamerican.com/article/big-data-make-big-inroads-into-schools/
http://www.applieddatalabs.com/content/how-big-data-and-analytics-will-change-society
http://www.whitehouse.gov/the-press-office/2014/05/01/fact-sheet-big-data-and-privacy-working-group-review

Combining IOT x Mobile x Social x Cloud x Analytics for
Prediction and Action:

The Case of Coca-Cola Freestyle

Gty freestyle.

the fountain of

“Biggest invention from
Coca-Colain 20 years"—
Senior Coca-Cola IT Executive
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Coca-Cola Freestyle—A Machine That
Tweets!

iPhone Screenshots
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Coca-Cola Freestyle for Supply Chain
Execution

(eael Frosstyle.

the fountain of

Coca-Cola Freestyle™ s all about you
Your choice, your taste, your drink, If's
u




Nurturing Consumer Experience &

SEE'HOW UPS MY CHOICE
CAN WORK FOR YOU.
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Tired of missed deliveries?

Get alerts before packages arrive.
Can't be home?
Electronically authorize packages for
drop-off.
Change of plans?
Reroute to another location.

Integrated with FB to
leverage the social nature of FB

Customer Listening

Phone, E-mail, Chat

Social Media Team

IVR Surveys

Quality Monitoring of Call Centers

Enhancing Operational Excellence

[Zoor ] Gl

An optimized route map using ORION. (Credit: UPS)

On-Road Integrated Optimization and
Navigation (ORION) uses connected car-
like telematics with data crunching about
package info, user preferences and routes.

Secure and Private

Capalbility to interrogate every transaction
Listen to social media for potential hackers



The Major Big Data Shifts

_ Pre Big Data Big Data

Culture Highest Paid Person’s Evidence-based
Opinion (HIPPO) management, discovery and
driving decisions learning orientation

Data Transactions Transactions + Interactions +

Observations

Analytics Descriptive and Cycle of description,
Explanatory explanation, prediction, and
prescription
Human- Machine substitutes =~ Machine substitutes and
Machine human for transaction complements human for

Relationship automation learning and discovery
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The Big Data Platform
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Scope of Data Generation

Big Data = Transactions + Interactions + Observations

BIG DATA Mobile

Sensors / RFID / Devices — User Generated Content Computing
3

Mobile Web - Sentiment o ial Interactions & Feeds
User Click Stream

Spatial & GPS Coordinates

Web ogs SYVEB AB estng
' / External Demographics
Te R Oferhistory Dynamic Pricing e Social
e et Business Data Feeds Networking
Gigabytes sgmentatio Search Marketing HD Video, Audio, Images
Uier gelz Speech to Text
e Behavioral Targeting
; Product/Service Logs
Megabytes P ord pport Conta Dynamic Funnels
; , SMSIMMS
Internet-Of-

Things

Increasing Data Variety and Com
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ARGHP LS

Source: Contents of above graphic created in partnership with Teradata, Inc.

Source: 7 Key Drivers for the Big Data Market



http://hortonworks.com/blog/7-key-drivers-for-the-big-data-market/

The 4V's of Big Data

It's estimated that

2.5 QUINTILLION BYTES

40 ZETTABYTES
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2020, an Increase of 300
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http://www.ibmbigdatahub.com/infographic/four-vs-big-data

Big Data Platform

Emergent Requirements

High throughput data
Monitoring access control
Encrypting

Securing the data

Tracing the lineage of data from
source to destination

Scaling computations
Executing real-time analytics
Provisioning dynamic
dashboards

AIAZON ESHT




Big Data: A Flow Perspective

Visualization

Y

o0

?3 Verbalization

- Summarization

% Statistics & Econometrics
4 Text Mining

;3 Natural Language Processing

Machine Learning

Extract-Transform-Load (ETL) + Curate

Variety Velocity Volume

Veracity




Big Data Platform:

Understanding the Co-Evolution of Capabilities
and Governance

1. What are the capabilities of an enterprise-ready
Big Data platform?

2. How should firms develop these capabilities?
3. How should the Big Data platform be governed?




Generating Insight from Text Analytics and

Natural Language Processing
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Progress in National Language Processing

e Spam detection
e Speech Tagging
e Named Entity Recognition

e Sentiment analysis

e Coreference resolution
INEINEEIEIE o \WWord sense disambiguation

e Text summarization
e Machine dialog system




Using Text Analytics to Discover Themes and

Derive (Valid) Measures

18 Sofware

« Examine whether revenue

recognition complexity | B —
increases the probability of | = oI .:&i”'"l_m'."aﬁm. =
restating reported revenue [ & Hg B E 8-
* Measure revenue Linguistic Text Mining i / = i li i
recognition complexity 2 s Jf= B8

USIﬂg (1) the number Of | frequencies, & patterns / l“:::'::::mw

WO rd S an d r e C O g n iti O n fus [ Children g Es(ét;f?:oggg: Car_Owner Uffég Concepl_change_address 1 Concepl_change_rate gf
methods from the revenue o —— 1 :
re C O g n Itl O n d I S C I O S u re I n th e . Ir:fzg:liijt:j:l:r:d and unstructured data ready for Predictive Text Analytics o

10K reports and (2) a factor
score based on the number
of words and methods

Peterson, Review of Accounting Studies, 2012



Using Speech Analytics to Generate
Consonance/Dissonance Markers

- Examine whether vocal
markers of cognitive
dissonance are useful for
detecting financial
misreporting

Use speech samples of
CEOs during earnings
conference calls, and
generate vocal dissonance
markers using automated
vocal emotion analysis
software

Hobson, Mayew, & Venkatachalam, Journal of Accounting Research, 2012



Research Opportunities

1. How can statistical and econometric methods that
are used across a variety of IS problem domains

be combined with a) text mining and b) speech
analysis?

. What additional insights are realized from this
combination?




How Machine Learning Is Changing the Human-

Machine Relationship
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Medical Practice (Not Science):
State of Affairs

Misdiagnosis, conflicting

diagnoses, general diagnostic

error

ICU misdiagnhoses cause as

many deaths as breast cancer

Adverse drug interactions cause

as many deaths as automobile

accidents TR ,

Preventable medical errors |)|:|gnu..s'hc lrrors .\'Ifn'v(o!nmun
_ . an ! [n Medical Malpractice Claims

often with clinical findings Than Surgical, Medication Errors:

already in the medical record, Study

are common. |




Medical Practice (Not Science):
State of Affairs

“Today’s diagnostic error rate is the
equivalent of Google’s driverless car

having one accident per week; while this
would be unacceptable for self-driving
cars; this failure rate is permissible in
healthcare.”

Vinod Khosla

Khosla Ventures, Founder
Sun Microsystems, Co-
Founder

General Partner, Kleiner-
Perkins Caufield & Byers

Source: http://techcrunch.com/2014/09/22/the-reinvention-of-
medicine-dr-algorithm-version-0-7-and-beyond/



Will Machine Learning Lead to a Much
Better Dr. House than Dr. House

* Becoming more accurate at
diagnosing

* Will create broad-scale access
to wellness and sickness care

* Inexpensive data-gathering;
continual monitoring and
ubiquitous information leading
to personalized, precise and

consistent insights

?
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Diagnostic errors due
to premature
closure, recency bias
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Facebook’s DeepFace

Verification

« Are two photos the same?
* DeepFace: 97.25%
accuracy

* Humans: 97.53% accuracy

Progress in recognition: looking at a new photo
and connecting it to the name of an existing user




IBM’s Watson

THE RIGHT WAy
THE

TO SOLVE
LOOMING
DEBT CRISIS.




“I'm Googling to the Grocery Store”

A processor

“Tests of Google’s I

Alaser sensor scans and requlates

autonomous vehicles in i
California and Nevada : ?
suggests they already
outperform human drivers.”

Radar Measles - e—
the speed of
vehicles ahead.

Breakdowns: | n
. C SR R A vheeHhub sensor
® Heavy rain and SNOW- An origntaton sensor ‘4 BRI cetcs e numer

st il of rotations to help

fracks the car's ‘
cove red rOadS —— | ?ete{minethe car's
ocafion.
* Encountering stalled vehicle
over the CreSt Of a hl” Chris Urmson, Director of the Google car
* |dentifying debris In the eam-

http://www.forbes.com/sites/joannmuller/2013/03

mlddle Of the road /21/no-hands-no-feet-my-unnerving-ride-in-

googles-driverless-car/

Source: Google Raoul Rarioa / @latimesgraphics




Human Expertise: ‘Miracle on the Hudson’

How Sullenberger Really Saved US
Airways Flight 1549




|S Research Issues

ow is the human-machine relationship
changing? How is the change to be managed?

. How can causality-oriented IS research be
combined with prediction-oriented machine
learning?

. What added insights result from this
combination in different IS problem domains?

. What are the templates for manuscripts that
employ this combination?




Pitfalls with Big Data Analytics:

Insights from the Google Flu Tracker Parable
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FLU MiGHT Sound Miﬁoﬂlh
iT'S ACTUALLY A BiG DEAL. IT
It aw @ e ions o wmests | * “Tracking 45 flu-related
ROROWIPY RUERY TEAW ¢ search terms over
SHREED - billions of searches,
WiTH... monitoring trends and
71\ ﬁ réu making c_orrelations
— would win out. Google
B sl i e Reitn Searen nemums o cosee mewe|  could tap the “collective
Gooste weLh ? REFLECT THE PATTERN OF ACTUAL FLU ACTIVITY. inte”igence” of Society
iale tadie, oy “/ in real time, free of the
human bias and
hypotheses of
i traditional methods.”
o L New York Times
nature S Vol 457|19 February 2009 |doi:10.1038/nature07634

LETTERS

Detecting influenza epidemics using search engine
query data

Jeremy Ginsberg!, Matthew H. Mohebbi', Rajan S. Patel’, Lynnette Brammer?, Mark S. Smolinski' & Larry Brilliant!



BIG DATA

The Parable of Google Flu:
Traps 1in Big Data Analysis

David Lazer."?* Ryan Kennedy.'3? Gary King.® Alessandro Vespignani>35°¢

“The problems we identify are not limited to GFT.
Research on whether search or social media can
oredict X has become common-place and is often
out in sharp with traditional methods and
nypotheses. Although these studies have shown
the value of these data, we are far from a place
where they can supplant more traditional
methods or theories.” (emphasis added)




Initial version part flu detector, part
winter detector—high odds of FEVER PEAKS

A comparison of three different methods of

ﬁndings SearCh terms that matCh ﬂu m.easuri.ngthe propodion of the US population
propensity but structurally unrelated [ --——"

- Google Flu Trends
= CDC data
Flu Near You

Completely missed 2009 H1IN1
nonseasonal pandaemic

Google's algorithms
overestimated peak HESE
flu levels this year

Algorithm updated in 2009, largely
unchanged with few changes
announced in October 2013

Missed high for 100 out of 108
weeks since Aug 2011
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Errors are not random — seasonality
and temporal autocorrelation




10— Google Flu Lagged CDC
Google Flu + CDC  ——— (DC
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than double CDC estimates
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Big Data Hubris



Algorithm Dynamics & Research Implications

Red Team Dynamics:
Users (research
subjects) manipulate
the data- generating
process to meet their
own goals

Blue Team Dynamics:
Algorithm producing the
data (and hence user
utilization) modified by the
service provider

* |s the theoretical construct of interest captured?
* |s measurement comparable & stable across cases

and time?
* Are measurement errors systematic?




“Blue Team”™ Dynamics

Google Flu Tracker
Assumption: Relative
search volume for
certain terms statically
related to external
events (exogenously

determined)

Platforms such as
Twitter and Facebook
are always being re-
engineered

But: Google changes the
data-generating process
by providing users useful
Information quickly and, in
part, to promote
advertising revenue

Can studies conducted
even a year ago on data
collected from these
platforms be replicated?




“‘Red Team” Dynamics

Campaigns and
companies, aware that
news media are
monitoring Twitter, use
tactics to ensure their
candidate or product is
trending

Economic or political gain
motivators to manipulate
the data-generation
process

“Ironically, the more successful we become at
monitoring the behavior of people using these open
sources of information, the more tempting it will be to
manipulate those signals.”




|S Research Issues

1. Evaluate user-generated online content for “blue
team” and “red team” dynamics

. Complement Big Data (especially when
measurement quality is unclear) with traditional
data collection/analysis that are based on
reliable and valid instruments

3. Report on the measurement quality of Big Data




Randomized Online Experiments: Lessons from

Facebook
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Expanding ability to run
field experiments in
online contexts and vary
interventions on a grand
scale

Substantially expanding
the causal inferences we
can derive in IS research




The Experiment By Facebook

Determine whether the mood
of users could be manipulated

Manipulated 689,000 users'
home feeds: Some people
shown content with a
preponderance of
happy/positive content; some
shown content sadder than
average.

Manipulated users were

more likely to post either »
especially positive or
negative words themselves.

Secret study in which people's
Facebook posts were moved
to influence moods has
angered users. Have you lost
trust in the network?



Visualizing in Context

* Representing tidal wave of data in a relevant
and understandable fashion

 Visualization decisions:

— Web: once a week, graph
— Augmented Reality: real-time, real-place

* How should visualization decisions be made
given characteristics of the user and the usage

context?
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