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Agenda

"Big Data
"Predictive Analytics

"How Have They Been Applied?

"How Can They Be Applied to Improve Pipeline Risk
Assessment?
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Big Data — Making The World Go Around

Data is moving in from a variety of sources — are you keeping up? .,
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How Big is Big Data?

2%9 Ehe New Pork Times  April 14, 2013
® (578

billion pieces
of data
are added to

Facebook

each month

of the world's
data was created
in the past 2 years

TRILLION GIGABYTES
Size of digital universe by
2020, up from 130
billion in 2005.

Source: IDC/EMC

mwestor

g Data: This is just the beginning

—

000

Percentage of uncertain data

You are here

Volume in Exabytes
EJEP UIELEIUN J0 JUsased

VolP

Enterprise
Data

2010 —" 20‘15 - [:IEItE]-
0 IO brserrustersd Dunereeo fdasteress Loemoe o i I—I S i g I—It -
discovery.

COPYRIGHT 2015 DATA INSIGHT DISCOVERY, INC.



Big Data Definition
Wikipedia

Big data is the term for a collection of data sets so large and complex that it becomes difficult to
process using traditional database management tools or data processing applications

Definition of BIG DATA (Merriam-Webster):

an accumulation of data that is too large and complex for processing by traditional database management
tools
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Big Data Growth

Data Volume

» 1 Terabyte=1024Gigabytes
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Tip of the Iceberg

“84% Of Enterprises See Big Data Analytics
Changing Their Industries' Competitive
Landscapes In The Next Year”

Forbes, 2014
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4 V’s of Big Data

Data at Rest

Terabytes to
exabytes of existing
data to process

—=0==0 =0=0

=@ =0 =0=0
=0 =0=90 —®
—0=0 —0 =0

Data in Motion

Streaming data,
milliseconds to
seconds to respond

Data in Many
Forms

Structured,
unstructured, text,
multimedia

Data in Doubt

Uncertainty due to
data inconsistency
& incompleteness,
ambiguities, latency,
deception, model
approximations

IBM, 2012
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Growing Internet of Things Data

Today data scientist uses " 0tt=20v12= to describe how
much government data the N5A or FBI have on people
altogether.

In the near future, Brontobyte will be the measurement

to describe the type of sensor data that will be generated
from the loT {Internet of Things)

® Brontobyte

This will be our digital
universe tomorrow...

Yottabyte @

This is our digital universe today

= 250 trillion of DVDs

@ Zettabyte

1.3 ZB of network traffic
by 2016

Exabyte @
1 EB of data is created on the internet each day = 250 million DVDs s . FIEta I:"S-rtr:'
Tﬂﬁ The CERN Large Hadron Collider
= l}':\-.- L S
TEI’EIL'I],."IIE- @ | 1[}9 generates 1PEB per seco

Gigabyte

Megabyte
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Why Predictive Analytics?

]Ic3qlild upon the strength of index-based models by defining relationships that reflect increasing risk and ultimately
ailure

° Increase the value of “system condition” data
> Reduce (or eliminate) confounding and bias of multiple parameters
° |dentify relationships not otherwise discernable

Build upon the “certainty” of probabilistic models by defining the relationships that lead to failure
° Increase the value of quantification
o Enable threats to be viewed on a common basis

Use Expert Knowledge to test and refine analyses

Consider a broad slate of analytical tools
> Not just Monte Carlo Simulations
o Draw upon analogous situations from other industries
o Box Jenkins — managing sensor data sets in Finance, Environmental and Energy
°  Probabilistic based models
o Artificial Neural Networks
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From Data to Smart Decisions

Employee data? Consumer data? Sensor Data? Inspection Data? Third party data?

With so much raw data available today, every organization must harness the most relevant data
to drive real-time

° Insightful decision-making
° Maximizing investment

Enterprise

Business Units:

- |Fra
O G
Predictive\\

Models 1
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Predictive Analytics SkKills

Sensor and
Graph analytics

Visualization

Essential Tools
AND Skills for

Predictive
Analytics

Computational
Skills

Machine
Learning Tools

Time Series
Analysis

Applied
Multivariate
Analysis Probierm
Solving
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By Bremdan Tierney, 2002

Business ~ Domain

Strategy

Knowledge

\ Inguisitiveness
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Predictive Analytics Case Study: Netflix

»NETFLIX, a US movie delivery company

» Competition: improve Netflix's ability to
predict what movies users would like by
10%

»From S5 million revenue in 1999 reached
S3.2 billion revenue in 2011 as a result of
analytics

»Analyzing customer behavior and buying
patterns created a recommendation engine
optimizing both customer preferences and

Credit: Paul Sakuma, associated Press invento ry

» Predictive Analytics: Collaborative Filtering
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Classification Example

e Data defined in terms of attributes, one of which is the class

 Find a model for class attribute as a function of the values of
other(predictor) attributes, such that previously unseen
records can be assigned a class as accurately as possible

* Training Data: used to build the model

e Test data: used to validate the model (determine accuracy of the
model)

e Given data is usually divided into training and test sets.
data.
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Classification Example

Tid Refund Marital Taxable Refund Marital Taxable
Status  Income Status Income Cheat

1 |Yes Single |125K No No Single [75K ?

2 |No Married |100K No Yes Married |50K w0

3 |No Single 70K No No Married | 150K ¢

4 |Yes Married |120K No Yes Divorced | 90K ? \

5 No Divorced |95K Yes _ No Single 40K ? )

6 |No Married |60K No No Married |80K ? Test

7 |ves |Divorced [220k  [No Set

8 |No |Single |85k |Yes l

9 No Married |75K No (= Leam

T!'all‘llng = =i
10 |No Single 90K Yes
= Classifie
data.
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Risk Analysis

If you have several risks at once, are their impacts additive?

Can we integrate qualitative and quantitative methods to see the
issue from a joint perspective?

How important is the qualitative information about a process and
how it fits in a quantitative analysis?

How can you use historical data to predict future behavior?
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Risk Modelling in Other Industries?

» Marketing — Uplift modelling, churn
» Finance - Credit Card

»Insurance — Fraudulent claims

» Transportation - Accidents

» Utilities — Blackouts/Events

» Hospitality - Airbnb
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Transportation

DRIVING DOWN
ACCIDENTS 15%
20%

DECREASE

in cell phone
usage

DROP

in coachable
events

4 50%|
DECREASE

in severity
of events
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Electric Power Transmission
PMU Monitoring

Power outages tripled from the mid to late 2000s — publics’ tolerance for
outages is zero

Challenges of scale and interconnectedness of transmission grid
Phasor measurement units (PMUs) provide a measure of system stability

Predictive analytics provide tools to identify trends towards instability

Event
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FFT Frequency Correlation Matrix
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Raw dala time-series
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Potential Applications -
Risk Assessment of Stress Corrosion Cracking

Combine diverse data sources
o Sensor—networks

o Databases

CCCCCCECCT C

> Expert information ) il
> Inspection data —ok S\
> Diverse assessment methods N
Utilize Machine Learning methods
Feature reduction and selection - parameters affecting pipeline failure, quantify uncertain data
Quantify expert knowledge and combine with statistical data
Predicts events by including probabilistic distributions of data
Ensemble Approach -multiple risk modelling methods combined in one unified method
data.
insight.
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Possible Applications —
Interacting Threats

Historical methods have relied on experts to define potential interactions and apply index-based
modeling approaches

GRI considered interactions using combinations of threats and probabilities of failures

Predictive analytics can be used to identify relationships among parameters that increase risk
and lead to failure
o Example: Weather and ground movement — what are the conditions that contribute to increased
ground movement
o Pipeline operators core business is not monitoring weather
o Aggregate precipitation, soils, and location data to identify potential of increased risk of ground movement
° Example: Weather and loss of cover on pipeline water crossings

o Recognize that it is impossible to sample during periods of high flow — sensor data set
o Use precipitation, river levels and velocity, location data among others to identify periods of increased risk of loss of cover

data.
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Questions?

Natasha Balac

natasha@datainsightdiscovery.com
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