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FAQ's
e |sthis session being recorded? Yes

 Canlgeta copy of the slides? Yes, we'll email links to download materials after

the session has ended.
 Can we arrange a re-run for colleagues? Yes, just ask us.

* How can | ask questions? All lines are muted so please use the chat panel —if we

run out of time we will follow up with you.

'Q A .‘ A ;+ :.n 3 III

Unmute Stop Video Invite Manage Participants Polling Share Screen
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DataRobot

 Deep experience of applied advanced

* Gold accredited partner to IBM, Predictive Solutions and

analytics applications across sectors

DataRobot specialising in advanced analytics & big data

technologies

*  Work with open-source technologies (R, Python, Spark etc.) -

Team each have 15 to 30+ years of experience working in

the advanced and predictive analytics industry
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Retail

Gaming

Utilities

Insurance
Telecommunications
Media

FMCG
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Types of Predictive Analytics

» Classification / Propensity

|
|
[ — Who is most likely to respond / upgrade/recommend/defect based on the
: historical behavioural data we have about them?

* Clustering

— How can | divide my customers into meaningful and usable groups as a
framework for marketing communications?

* Association & Sequence

— What combinations of product purchases or events co-occur more often than
normal? What natural affinities exist within the data?

* Time Series

— What will product demand/revenue/website hits/visitor numbers look like in
the next hour/day/month/quarter/ year?
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Where do Decision Trees fit within Predictive Analytics?

e Decision trees are used extensively and widely within Predictive Analytics
e Decision trees can be used to

— Build profiles of customers/employees/clients

— Find key behavioural segments

— Generate predictive models

e Decision Trees can be expressed as a series of hierarchical rules which means that
they can be converted in languages like SQL for database scoring

* Decision Trees are especially popular because
— they are fairly visual representations of models
— relatively easy to understand
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Understanding Decision Trees — a worked example

*  What were the most important factors determining Gender?
survival during the sinking of the RMS Titanic?
Survival on the RMS Titanic
Coumt Percent %
survive  Did not sunvive
Survived
Total
Class?
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Statistical Tests Like Chi Square help to answer this
Survival on the RMS Titanic

female male
Column Column
Count Percent % Count Percent %

SUrvive Did not sunvive

Sunvived
Total

Pearson Chi-Square Tests

SUMVIvE Chi-square

df

Sig.
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Statistical Tests Like Chi Square help to answer this

sunaval on the RMS Titanic

aduht child
Column Column
Count Percent % Count Percent %

SUrvive Oid not survive

Survived
Total

Pearson Chi-Square Tests

age

Zhi-sguare 20.956
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Statistical Tests Like Chi Square help to answer this

Survival on the RMS Titanic

1st 2nd 3rd crew

Column Column Column Column
Count Percent % Count Percent % Count Percent % Count Percent %

SUnvive Did not sunvive

Survived
Total

Pearson Chi-Square Tests

class

Chi-square 180401
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Gender is most important

...and a CHAID Decision tree will reflect this....

<———— Dependent/Target Field

SUMie
| Mode 0 '
i Category %, n |
—————————— 18 Did not surive 677 1490 ) ; ;
= Dot e | s | < Baseline proportions
| R suneR | Total 100.0 2201 !
____________1__________EJ
SE¥ . .
ad]. P-value=0.000, Chi-square=456.874 o=t < Independent/Predictor Field
ms||le female
MNaode 1 <—1}+—— Node Number Maode 2
Category % h Category % h
B Did not survive  78.8 1364 . . B Did notsurvive 268 126
B Supived 71.2 367 Predicted Survival ——— |a 5ynived 732 344
Total 786 1731 Outcome Tatal 214 470
= =
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Full CHAID Decision Tree

: ® Did not sunive !
| W Survived :

Sunvive
Mode O
Categony % n

B Sunrived 323 TN

100.0 2204

: :
B '
! 1
| ™ Did notsunive 67.7 1480 |:
! H
! H

Adj. P-value=0,000, Chi-square=458.874, df=1

mTIe female
Hode 1 Hode 2
Categony % n Categony % n
® Dpid notsunive 788 1364 B Dpid notsunive 2638 126
B Suniivad 21.2 367 B Sunrived 732 344
Total Ta.6 1731 Total 214 470
| Cl | Cl
age class
Adj. P-value=0.000, CTi-square=23.125. df=1 Adj. P-value=0.000, Chi-square=130.686, df=2
adult chlild 1|st 2nd; crew 3r|d
MNode 3 MHode 4 Mode & MHode & Mode 7
Categony % n Categony % n Categony % n Categony % n Categony % n
B Did notsurive 79.7 1329 B Did notsurvive 547 35 B Did notsurvive 2.8 4 B Did notsurvive 124 16 B Did notsurvive 541 106
B Suniived 203 338 B Sundived 462 20 B Sunvived o972 1M B Sunvived 276 112 B Survived 459 00
Total 757 1667 Total 29 69 Total 66 145 Total 59 129 Total 29 106
=
class
Adj. P-value=0.000, Chi-square=37.983, df=3
T Terminal nodes
Node 8 Node 8 Node 10 Node 11
Category W% n Category W% n Category W% n Category W% n generate
B Did not sunvive 674 118 B Did not survive 947 154 B Did not sunvive 838 387 B Did not survive 777 670 <
B Survived 326 57 B Survived 83 14 B Survived 162 75 B Survived 223 192 ofe
Total 80 175 Total 7E 168 Total 21.0 462 Total 302 862 p ro bab | I |ty scores
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Merging/Splitting in CHAID Trees

Decision Trees can
merge values of numeric
and categorical

Buy financial service

predictors together om0
F===  No 436 697

| mNo | B Yes 56.4 802

| e Total 1000 1569
=

Amount in savings or investment
Adj. P-value=0.000, Chi-square=208.

This makes the tree 198, of=3
. . . |
more efficient and easier | |
<= 4395 000 (4395000, 6150.000] (B150.000, B000.000] > 000,000
to read i p— — - i
Node 1 Node 2 Node 3 : Node 4
Category % n Category % n | Category % n i Category % n
= No 712 227 | [®no 516 248 | (™o 362 119 [ [®No 218 103
W yes 288 92| |®ves 484 233 | | ®ves B8 210 [1 ™ ves 781 387
Total 19.9 319 Total 301 481 | i Total 206 329 [ | Toral 294 470

G [+ & T &)
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Let’s see a demonstration...
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1 Leave within 2 vears
W 2 Leave after 2 - 5 years
3 Remain at least 5 yvears

Drivers of Satisfaction

When will
employvee leave

Mode 0

I:I-D
|

Attituce of
Senior staff
Addj. P-value=0.
aoa, Chi-
square=443.
543, df=2

== 3 Fair

(3 Fair, 4 Good]

Mode 1

i

Mode 2

1

= 4 Good,
=missing=

Zen admin & ality of
organization Equipment
Adj. P-value=0. Adj. P-value=0.
aoo, Chi- aaa, Chi-
sQuare=55.795, square=55.439,
df=1 df=2
== 3 Fair = 3 Fair; == 3 Fair (3 Fair, 4 Good] = 4 Good;
=missing= | =missing=
Mode 4 Made 5 Mode & Mode 5

L

o
&

]

(]
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Demographic Profiling

Bthic hiinority

Haode 0

Category % n
Mo = T
= Yes 21.9 104

Total 1000 474

Employment Category

Adj. P-walue=0.000, Chi-square=26.
172, df=2

Clercal Manalger Custodial

Hode 1 Hode 2 Hode 3
Category % n Category % n Category % n
Mo V6.0 276 Mo a5.2 &0 Mo 1.9 14
HWes = 240 &7 HWes 48 4 H¥es W d8.1 13
Total TE.G 363 Total 7.7 84 Total 87 2T

loyee Sge

Empl
#dj. P-walue=0.000, Chi-s=quare=24.

azg, df=2

= 27

horths
Adj. P-walue=0.0

=

zince Hire

a00, df=1

11, Chi-s=quare=10.

Mode 4

Category % n
Mo 24.1 164
= Yes 159 31

Total 41.1 195

=45, <missingr <= 74 > i"4
Mode & Mode 7 Mode &
Category % n Category % n Category % n
Mo FF.A 60 Mo 833 20 Mo 100.0 &0
= Yes 221 17 = Yes 16.7 4 = Yes 0.0 1]
Total 16.2 77 Total 5.1 24 Total 1z.¥ &0
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Interpreting Clusters

Cluster Group

| 1000 0 |
| = z.000 ) '
1 Z.000 !
: = 4000 | !
_____ 1 I
Beer
Adj. P-walue=0.000,
Chi-square=492.041,
df=3
Mot Bought Bought
Mode 1 Mode 2
ine Canned wvegetables
Adj. P-value=0.000, Adj. P-walue=0.000,
Chi-square=3G2.174, Chi-square=212.432,
df=3 df==
Mot Bought Bought Mot Ellought EloLight
Hode 32 Hode 4 Hode S Hode 6
Confectioneny Canned vegetables homeown
Adj. P-value=0.000, Adj. P-value=0.000, Adj. Powalue=0.005,
Chi-square=242.120, Chi-square=97.228, Chi-square=12.579,
df=32 df=z d=32
Mot Bought Bought Mot Bought Bought Nllj ES
Hode 7 Hode & Hode 9 Hode 10 Hode 11 Hode 12

e || e | [

‘ M,

‘I_|I_||—|- ‘|_|.—.|_|—
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Before we go
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Introducing ChatSPSS: https://chatspss.com/

O & Cchatspss x  + — (] X

& O | O nhttpsy//chatspss.com 99 1= @ ':.Chat

Al
4+ NEW CONVERSATION EXPORT PDF LOG OUT PRIVACY SMARTVISION

CONVERSATIONS

. . . How can | recode a string variable called region to create a numeric equivalent?
Haow can | recode a string variable called region to g 8 eq

create a numeric equivalent?

How can | recode a string variable called region To recode a string variable called region to create a numeric equivalent, you can use the RECODE command with the INTO
to create a numeric equivalent keyword.

Steps to Recode the Variable

ChatSPSS is a free
. ¢ Use the RECODE command to specify the original values and the new values.

ge n e rat | Ve AI C h a tbo t « Use the INTO keyword to specify the target numeric variable.
¢ Ensure that the target variable is declared before using it.

developed by Smart

Vision Europe Ltd - Example Syntax

. . DOCUMENT REFERENCES

based O n OffICIal IB M IBM_SPSS_Statistics_Algorithms.pdf RECODE region ('North'=1) ('South'=2) ('East'=3) ('West'=4) INTO region_num.

d OC u m e ntat io n Of 7IBM78PSSfStatiSUcstommandeyntaxﬁRe... « In this example, the string variable region is recoded into the numeric variable region_num.
* The original values 'North', 'South’, 'East’, and "West' are replaced with the numeric values 1, 2, 3, and 4, respectively.

SPSS procedures

Alternative Method

Alternatively, you riable.

AUTORECODE VAI

/JINTO region_num
~ ] /PRINT. o
|

SMARTVISION A SELECT INTERNATIONAL COMPANY
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https://chatspss.com/

Working with Smart Vision Europe

* Sourcing Software
— You can buy your analytical software from us often with discounts
— http://www.sv-europe.com/buy-spss-online/

— We can also help with the development of customised analytical tools
* Training
— Formal classroom/virtual training
— Online self-paced training resources
* Advice and Support
— ‘No strings attached’ technical and business advice relating to analytics
— Tracked technical support services around the IBM SPSS product line
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Smart Vision Europe: Services and Expertise

We have decades of experience providing guidance, training and
consultancy in the delivery of effective data science initiatives.

SMARTVISION A SELECT INTERNATIONAL COMPANY
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Contact us:

+44 (0)207 786 3568
info@sv-europe.com
Follow us on Linked In (@)
Sign up for our Newsletter

Thank you

WWW.SV-europe.com
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