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Introduction to data preparation

The chart below shows that
3 out of every 5 data
scientists spend most time
during their working day
cleaning and organizing
data.

A New York Times article reported
that data scientists spend from 50%
to 80% of their time mired in the
more mundane task of collecting and
preparing unruly digital data before it
can be explored for useful nuggets.
For Big-Data Scientists, ‘Janitor Work’
Is Key Hurdle to Insights.

New York Times. STEVE LOHR
AUG. 17, 2014

What data scientists spend most time doing

3% Building training sets
5% Other
4% Refining algorithms

9% Mining data for patterns

ne 19% Collecting datasets

60% Cleaning and organizing
data

CrowdFlower Data Science Report 2016
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Introduction

Sense & Respond Predict & Act

Optimization
Predictive . What is the best
Modeling that could happen?

Generic
Predictive
Analytics
Ad Hoc ' What will happen?
Reports &
Standard OLAP
Cleaned Reports g i Why did it happen?

Q Q Predicting is harder than explaining &
_ | What happened?| explaining is harder than reporting. The

value with predictive is usually > reporting.

v
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haf Use predii:tive analytics to solve a variety of business challenges N

SALES &
MARKETING

* Churn Reduction

~+ Customer Acquisition

+ Lead Scoring

'.'--Product
Recommendation

- * Campaign
~ Optimization

— Customer
~ Segmentation

| = NextBest Offer/Action

* Price Optimization
* Manufacturing Process ~ Modeling

FRAUD
OPERATIONS & RISK

* Predictive Maintenance ~ * Fraud and Abuse
* Load Forecasting Detection
* Inventory/Demand

+ Claims Analysis
Optimization * Collection and

* Product Delinquency

Recommendation + Credit Scoring
* Operational Risk

Optimization + Crime Threat

* Quality Management * Revenue and Loss

Viald I Analvsis

-
~-

-

FINANACE
&HR

Cash Flow and
Forecasting
Budgeting Simulation
Profitability and
Margin Analysis
Financial Risk
Modeling

Employee Retention
Modeing
Succession Planning

OTHER
SECTORS

+ Life Sciences
* Healthcare
* Media

* Higher Education
* Public Sector/Social

Sciences

* Construction and

Mining

 Travel and Hospitality i
* BigDataandloT |
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1 ! | ! !
Building the model - Training phase

Analytical
Dataset, Historic Data

Key Explanatory Target
\7 ariables When training a model, the “target” |

Name |City  |Age | Churner

Known
Outcome

Classification algorithm
to predict probability of
churner = yes

l

Train the Model

Mike Miami 42

is a flag indicating the known

outcome in the past.

Jemry New York 32

Yes
No

Byan Ordando 18  No
- ‘Yes

No

| “classification”
Patricia =~ Miami 45
Elodie  Phoenix 35
} Remy  Chicago 72 | Yes
PREDICTIVE MODEL EQUATION

This example has a target that is
binary - yes orno-so thisisa

model.

Probability of Churn = (Weight, x City) + (Weight, x Age)

Weight, and Weight, are automatically calculated by the
algorithm process to give the most accurate prediction of

the known target

p/l/\l Ia's -;-._-Pr"{

Li

utm 6‘3&&5 65&&;_&? fl/!nu(c, C,Eo{ C,é‘u éﬁé\ sLlrn o r}u,.g,;\asf r@

Using the model - Applying phase

Key | Explanatory Variables | Target |

Name | City Age Churn

W}bm we.

Recent data, with ) ‘ol
Marine Miami 45 ? customers who have rt Y ﬁ
Recent Data i Miami 52 1 2 not yet made a
Jullen | Miami | | decision to chum or '
Fred Orlando 20 . ? remain. VaVe e Oa/.&/
Michelle  Boston 34 ?
Nicolas  Phoenix 90 ? '
an TLO N
Apply the Model PREDICTIVE MODEL EQUATION
--------- Probabilty of Chur = i
(Weignt, x City) + (Weight, x Age) Jﬁﬁﬁ' ‘é‘ L WE
Name | City | Age | Probabily |ERNSRRRSRIN Cb Y
Marine Miami 45 08 new data to calculate B
Jilien  Mem 52 09 the overal “score” or
“probabiity” for each '
Fred  Orando 20 06 i O\ {jh z {5 .
Michelle  Boston M 0.5
Nicolas Phoenix 90 04 {C t'
% /4 \'/rw;g

.{'




Example moving data through time - Training phase

Imagine a Telco company on July 1%* that wants to predict customer churn using a classification model
Training Phase - Build (Train) Model

Historical Data Target
ClientID Age Region Jan#Trans Feb#Trans Mar# Trans m _ -
6571001 28 | CA 3 p 3 Yes Train the model on historical data
: - - - N where the outcome is known (target).
0540112 42 1L 0 5 5 . i
480613 24 MO 7 8 10 No Sei a Reference Dgte tp April 15 and
s | 8 1 A | 2 5 5 Yes train on 3 months historical data to
T 1 t e T predict what happens in the following
N a
4465785 37  GA 16 14 i Moot rerl o month (April).
1,000s of Variables t+x
April 1st Today / July 1
* Note that the target data time frame (April) occurs AFTER the
historical data time frame (January to March)
* The model is trained to identify patterns in the data in the past
to predict the target in the following or later months
Example moving data through time - Applying phase
Imagine a Telco company on July 15t that wants to predict customer churn using a classification model
Training Phase - Build (Train) Model
Target
Cient D Age Regon Jon & Traes Feb & Trans Mar 8 Trans
: f
8 10 N The Apply dataset will need a new
: ' i D Reference Date so it contains the
o - 3 ce Da latest 3 months of data.
1,000s of Variables * t+x
April 1st T Today / July 1
. Data
* Note that applying Current Data Pnschooy O Apply the model on
the model on the ClientlD Age Regon ApraTrans May#Trans  June# Trens o current data where the
001333 | 55 | KY 0 0 8 - outcome is unknawn.
latest3monthsof ol s o s ; . 0125 . .
data (April—=June) o2 2 w0 m - . 0782 he model predicts the
: t outcome probability for
provides the 8581441 | 28 CA 5 3 [ 0288 each client ID.
probability of churn = 479%613| 2 | w4 o L 8 e
in the future (July) Applying Phase

© M SAP SE o an SAP Mam comeg

gre A bt nesanae | PUBLC
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Latency

Sometimes when you design a model, you might want to build in a “latency” period.
Many datasets used for predictive modeling have the following structure:

Historic Data: (in the past, compared to the reference date) with dynamic data computed in relation to the
reference date. Usually short-term, mid-term, and long-term indicators.

Latency Period: (starting after the reference state) a period where no data is collected. This is used to
represent the time required by the business to collect new data, apply the model, produce the scores, and
define the campaign. Not all predictive models require a latency period, although many churn models will.
Target: (starting after the reference state + latency period) a period where the targeted behavior is
observed.

Time
—t———t—F+—F+—1+— ’
M6 M5 M4 M3 M2 M
History Latency  Target




Why is latency needed?

".'.Il dlf

] Mar  Apr  May Jun Jul Time
| | | |
I | | | |

M3 M2 M1 M3 M2 M1 Today

History Target
> —

Reference Date

(May 31)

] J Mar AFr May Jun Jul Ay Time
| 1
T I I I T

M3 M2 M1 M3 M2 M1 Today

History | Latency Targel

Reference Date

(May 31)

Modél fitting

Over-Fit Model/Low Robustness
(No Training Error, High Test Error)

! Robust Model
(Low Training Error ~ Low Test Error)

Under-Fit Model/High Robustness
(High Training Error = High Test Error)

(o bemey
fx1005 Can
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Cime Lo
Comvimee e,
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to Ster

~V Model Built
+ Known Data
4 NewData
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Hold-out sample

During the Model Build phase, a “hold-out” sample is created.

This is a sample of observations withheld from the model leaming, so that the model's ability to predict future
probabilities can be estimated by its ability to predict the data in the hold-out sample.

—— m

| s
Sub-set

bt
b

=

————
Analytical (=]
Data Set
I
—_
Validation
Sub-set
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Binning |

Binning is one of the fundamental feature engineering techniques.
The original data values which fall into a given small interval, a bin, are replaced by a value representative

of that interval, often the central value.

Binning illustration of numerical data
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Continuous variable binning - variable "AGE’

Customer Value by Age Customer Value by Age Customer Value by Age
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Merge tables

.........

T

Table 1A NUMBER FACT

4

Table 2: CUSTOMER_ID_LOOKUP o N
T Merged Table

v

B seni o 2w _ To learn more about merging tables, see:
Table 3: CUSTOMER hitps://365datascience.com/what-are-joins
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— There are a'range of aggrégation functions YOu can corisider, for éxamplé:

Bl Functions Description Returned Values

4 Count computes the number of occurrences number of occurrences
—{|Sum compute the sum sum
—H Average compute the mean mean
|| Min identifies the minimum value minimum value
| Max identifies the maximum value maximum value
g | |Exists checks if at least one event exists for the current |0 if no event has been found
T reference 1if at least one event has been found
|| NotExists checks if no event exists for the current reference |0 if at least one event has been found
1if no event has been found
. |First identifies the first occurrence value of the first chronological occurrence for the
< note that this function needs a date column current reference
_||Last identifies the last occurrence value of the last chronological occurrence for the

note that this function needs a date column current reference
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Modern approaches to variable selection
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