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Getting started with Decision Trees in SPSS Statistics

Jarlath Quinn
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Infroduction 1o Decision Trees

Jarlath Quinn Just waiting for all attendees to join...
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FAQ's
* |sthis session being recorded? Yes

 Can | getacopy of the slides? Yes, we'll email links to download materials after

the session has ended.
 Can we arrange are-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.

L . W & &3 i L2 (]

Unmute Stop Video Invite Manage Participants Polling Share Screen eactions More
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SMART VISION
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predictive
SOLUTIONS

x &

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

SMARTVISION

D P =

Retail

Gaming

Utilities

Insurance
Telecommunications
Media

FMCG
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Types of Predictive Analytics

» Classification / Propensity

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

e 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?

e Time Series

— What will product demand/revenue/website hits/visitor numbers look like in
the next hour/day/month/quarter/ year?

SMARTVISION A SELECT INTERNATIONAL COMPANY



Where do Decision Trees fit within Predictive Analytics?

* 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

* 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

SMARTVISION A SELECT INTERNATIONAL COMPANY



Understanding Decision Trees — a worked example

* What were the most important factors determining
survival during the sinking of the RMS Titanic?

Sunvival on the RMS Titanic

Count Percemt %

SLUMvive Did not survive

Sunived
Total

SMARTVISION A SELECT INTERNATIONAL COMPANY



Statistical Tests Like Chi Square help to answer this
Survival on the RMS Titanic

female male
Column Column
Count Percemt % Count Percent %

SLUvive Did not survive

Survived
Taotal

Pearson Chi-Square Tests

Sex

survive  Chi-square 456.874

df
Sig.

SMARTVISION A SELECT INTERNATIONAL COMPANY



Statistical Tests Like Chi Square help to answer this

Survival on the BMS Titanic

acdult child

Column Column
Count Percent % Count Percent %

sLUMVive Did not survive

Sunvived
Tatal

Pearson Chi-Square Tests

age

Chi-sguare 20956/

SMARTVISION A SELECT INTERNATIONAL COMPANY



Statistical Tests Like Chi Square help to answer this

Survival on the RMS Titanic

1st 2nd 3rd crew

Column Column Column Column
Count Percem % Count Percemt % Count Percemt % Count Percem %

SUmnVive Did not sunvive

Survived
Total

Pearson Chi-Square Tests

class

Chi-square 1480401

SMARTVISION A SELECT INTERNATIONAL COMPANY
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Gender is most important

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

<———— Dependent/Target Field

SUMive
y Mode 0 '
i Categaory % n |
—————————— ™ Did not survive 677 1490 ; ;
: ®m Did r.'II:ItSUI"l.I'i'I.I'E | : = Survived 171 711 : % Basel'ne prOpOFtIOnS
| = Sunived 1 Total 100.0 2201
____________1_-___-____|:J
sEX . .
Ad). P-valus=0.000, Chi-square=456.874, s=1 < Independent/Predictor Field
ms||le female
Mode 1 <—1+— Node Number Mode 2
Category % h Category % h
B Did not survive  78.8 1364 . . B Did not survive 268 126
B Survived 1.2 367 Predicted Survival ———— | gynived 73.2 344
Total FEE 1731 Outcome Total 214 470
= =

SMARTVISION
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Full CHAID Decision Tree

sunvive

Lid notsurvive 67.7 1490
Survived 2.3 TN

Adj. P-value=0.000, Chi-square=455.874, df=1

C.H.A.l1.D o]
Chi-Square |

Mode 1 Mode 2
b Category % n Categony % n
¥ Did not sunive 758 1364 B Did notsunive 263 126
B Sunived 212 367 B Sunsivad 73z 344
Taotal TEE 173 Taotal 214 470
= =
age class

Adj. P-value=0.000, Chi-square=23.125, df=1 Adj. P-value=0.000, Chi-zquare=130626, d=2

Interaction | | | | 1

adult child ‘1|st
Hode 2 MNode 4 Mode 5 Mode & Mode 7
e e ‘ O r Categony k3 n Categony k) n Categony % n Categony % n Categony W n
Did not survive 707 1320 ¥ Did notsurvive 547 35 B Did notsundive 2.8 4 B Did notsunive 124 16 ¥ Did not sunive 541 106
B Sunsived 203 338 B Survived 453 20 B Suniived 972 1M B Sunvived 276 112 B Survived 450 90
Total 757 1667 Total 29 64 Total 66 145 Total 59 129 Total 29 196
class

Adj. P-value=0.000, Chi-square=37 953, df=3

¥ ot i ie Terminal nodes

Node 8 Node 8 Hode 10 MHode 11
Categony i n Categony % n Categony % n Categony % n gen erate
B Did not sunvive 674 112 B Did not survive 9417 154 B Did notsurvive 838 387 B Did notsurvive 77.7 670 <
B Survived 326 &7 B Survived g3 14 B Survived 62 75 B Survived 223 192 ape
Total 20 175 Tatal 76 163 Total 210 482 Total 39.2 862 p ro ba b| | |ty scores

SMARTVISION A SELECT INTERNATIONAL COMPANY
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Merging/Splitting in CHAID Trees

Decision Trees can
merge values of numeric
and categorical

Euy financial service

. Mode 0
predictors together Cateqory %
r———1 B Mo 43 6 £97
I M ho : B yes 56 4 802
| ves Total 1000 1599
=]

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

This makes the tree 198, df=3

more efficient and easier | | ' |

<= 4395 000 {4355.000, 6150.000] (6150.000, 8000 .000] = B000.000
to read | T — , |
Node 1 Node 2 Node 3 : Node 4
Category % n Category . % n W Category % n i Category % n
= Mo 712 227 Mo 516 248 sl 362 18|} |®™ Mo 2189 103
W g 288 92 H veg 484 233 | ™ Yes 3.8 210 [ |®™¥eg 78.1 367
Total 198 319 Total 301 481 | Total 206 328 E Total 294 470

6 [+ ] T &y
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Let’s see a demonstration...
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SMARTVIE
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1 Leawve within 2 years
W 2 Leave after 2 - 5 years
3 Remain at least 5 vears

Drivers of Satisfaction

When will
employes leave

Adtitucle of

Senior staff
Adj. P-value=0.
ooa, Chi-
square=443.
543, df=2

== 3 Fair

(3 Fair, 4 Good]

Made 1

L

Made 2

1

= 4 Good,
=missing=

Zen admin & Gwality of
organisation Equiprment
Adj. P-walue=0. Adj. P-walue=0.
aao, Chi- aoo, Chi-
square=85 795, square=83 439,
cf=1 cf=2
== 3 Fair = 3 Fair; == 3 Fair (3 Fair, 4 Gaood] = 4 Good,
=missing= | =missing=
Moce 4 Made 5 Mode & Mode 5

L

o
=

]

[+]
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Demographic Profiling

Ethic Minorty

Mode 0

Cateqory % n

Mo
= Yes

Tatal

1000 474

e 3F0
1.9 104

Employment Category

E

j. P-walue=0.000, Chi-square=26.

172, df=2

Clerical

Mode 1

Cateqory % n
Ha TE.0 ZVE
= Yes 24.0 a7
Total V6.6 363

loyes

Emp S
Adj. P-walue=0.000, Chi-square=24.

934, df=2

<= 27

=45, <missing >

hlanager

Custodial

Mo
= Ves
Tatal

Hode 2
Cateqory % n

252 &0 Ha
438 3 = Yes
177 84

Months since Hire
Adj. P-walue=0.011, Chi-zquare=10.
500, df=1

=74

Hode 4
Category % n
Mo 241 164
= Yes 159 21
Total 41.1 195

Hode &
Category % n
Mo ¥7.8 60

= Yes 221 A7
Total 16.2 77

I S—

Hoda 7
Category % n

Mo 833 20

5 Yes 16.7 <4

Hode &
Category E n

Mo 1000 &0

5 Yes 0.0 1]

Total 51 24

Total 12,7 60O

Hode 3

519
42 .1

Cateqory % n

14
13




Interpreting Clusters

Cluster Group

Beer
Adj. P-walue=0.000,
Chi-square=492.0<1,

df=32
Mot Bought Bought
MHode 1 Hode 2
| & =
Mine Canned wegetables
Adj. P-walue=0.000, Adj. Powalue=0.000,

Chi-square=362.174,

Chi-square=212.49282,

df=3 df=3
Mot Bought Bought Mot Bought Bought
Mode 2 Mode 4 Mode & Mode G
=
Confectioneny Canned wegetables homee aven
Adj. P-value=0.000, Adj. P-walue=0.000, Adj. P-value=0.008,
Chi-square=242 130, Chi-square=27 8258, Chi-=quare=12.5749,
df=3 df=2 df=3
Mot Bought Bought Mot Bought Bought Nllj YllES
Hode 7 Hode S Hode 9 Hode 10 Hode 11 Hode 12
SMART VISION -m | ‘ [] | m | | IATIONAL COMPANY
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Online training materials
free to Smart Vision
customers or available for
purchase

lm,{,m%

Ly
1B
SRR

@

Factor and Cluster Analysis with

IBM SPSS Statistics

£75.00

Jarlath Quinn

Understanding and Applying

Linear Regression Techniques in

SPSS Statistics

£75.00

Jarlath Quinn

Working with decision trees in
SPSS Statistics

SMARTVISION

gy
IBM SP§§

STATISTICS

< o

Introduction to Time Series
Forecasting with IBM SPSS

Statistics

£75.00

Jarlath Quinn

BUILDING PhEpee
MOOELS iy

IBM S
MOUEE%

Building predictive models in

SPSS Modeler

£75.00
Jarlath Quinn

Introduction to SPSS Modeler
course

P
B
STRRRT

Understanding and applying
logistic regression techniques in
SPSS Statistics

£75.00

Jarlath Quinn

e T
IBM"‘spses
STATISTICS

o8

Statistical and significance
testing in SPSS Statistics

£75.00

Jarlath Quinn

INTRoy
IBM SPSS
STATISTICS

Introduction to IBM SPSS
Statistics course
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Working with Smart Vision Europe

We can help with processing and analysing your data.

e Self-paced, virtual and in-person training courses in
how to use SPSS products and appropriate statistical
techniques

* A mix of consultancy and training whereby we do the
initial work and then teach you how to replicate it

SMARTVISION A SELECT INTERNATIONAL COMPANY



Working with Smart Vision Europe

e Sourcing Software
— You can buy your analytical software from us often with discounts
— Assist with selection, pilot, implementation & support of analytical tools
— http://www.sv-europe.com/buy-spss-online/

* Training
— Formal classroom/virtual training
— Custom course development
— Informal ‘bite-size’ training split over time
* Advice and Support
— ‘No strings attached’ technical and business advice relating to analytics
— Tracked technical support services around the IBM SPSS product line

SMARTVISION A SELECT INTERNATIONAL COMPANY
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Contact us:

+44 (0)207 786 3568
info@sv-europe.com

SMART VISION Twitter: @sveurope o
E o r & p o Follow us on Linked In @

Sign up for our Newsletter

Thank you
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