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Toepassing: marketing

Colruyt
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reclamefolder
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Toepassing: eHealth — intensieve zorgen

Nierfalen binnen de
3 dagen?

Kans op ontsteking?

Hoe lang op de
afdeling blijven?

UZ Gasthuisberg [Ramon et al.]
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Toepassing: landbouw

November — December 2011

Slacht de dieren die
volgend jaar het
minste melk zullen
geven

[Witten et al.]
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In deze Infosessie...

Wat is predictive analytics?
Deel 1 i Courante predictieve modellen

Toepassingen van deze modellen

. Predictive analytics tools
Deel 2 Predictive analytics cases
. Wat hebben we geleerd?
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Data mining

K.

| :fu

"He said his first buzz
word today!" o
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Descriptive analytics
/ P Y

. Data
Mining Predictive analytics
4 Statistiek, R

Database & DW,
Machine learning
& Al
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Descriptive analytics
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Descriptive analytics: verklaar het verleden

Frequency Table
Housing Count Count% Housing
for free 96 10.67% o forfree
own 641 71.22% H own
rent 163 18.11% wrent
Housing
F00
00
500
400
300
e pre-presbyopic presbyopic young
| - aae
‘ ' ' ' contactdenses: . none . hard soft
for free own rent
Taart diagram & histogram Kolom diagram
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Descriptive analytics: verklaar het verleden

Weight Oxygen RunTime sepal length
=] o (-] o
BO
° o 7.0
E o ° ‘//‘t
° 2 22 " = 60
2 g
& 8 g 50
a -] E. 4.0
° ] g
E 3.0
-]
& = 20
5 == oo
g 2 o o 10
o & od, o 9 é’ o
0.0
o
°l | | M e Iris-setosa Iris-versicolor Iris-virginica

Line chart

Gemiddelde, ANOVA,
t-test, standaard afwijking, ...

RunTime
g
&
=]
o
o
(-]
g
oog °O
o -3
o
o
@o
2o

Beschrijvende statistiek
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Predictive analytics
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Predictive analytics: voorspel de toekomst

Typische dataset:

X, Xp Xz X4 Xe

N J\ J

Onafhankelijke variabele(n) Afhankelijke variabele(n)

(Predictor variabelen(n)) (Target variabele(n))
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Predictive analytics: voorspel de toekomst

Fraude met aanrijdingsformulieren:

Datum Schad Plaats Fraude?

= YES
YES
NO

N J\_ J

- - b e 2 - - s
L] " f - . A
vy g = oy 4 o Tax
-« TR e L =
+ o S LF= T ' mee
i w " & ! i
- Pl o e

L e —
SE=ae P e
T N

A 4

Onafhankelijke variabele(n) Afhankelijke variabele(n)

(Predictor variabelen(n)) (Target variabele(n))

16




Sma IS November — December 2011

-~
' ICT for society

Predictive analytics: voorspel de toekomst

Predictief
........ MOdel T S

f(x1,..,x5) =y

\ y

Bv. model bij fraude met aanrijdingsformulieren:
f(datum,schade,plaats,...) = YES/NO

= B
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Predictive analytics vs. expert knowlegde

Predictief model Business rules

Model wordt uit de data Model wordt door
gehaald expert gemaakt

18
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Expert driven business rules

Eenvoudige regel Complexere regel
Amt A . _Amt A ,
0 ] X ) X
3 X 0 : 0 X X X
3000 — ° o 0 ° X: . 3000 - o) : o)
"ox X : x X
3 X i X
0 o X : o} b X
2000 Hessmmpuunnns pEEESEEEEEEEEEEEEEEE :IIIIIIIIIIIIII 2000 [ - Y= mm———— 0--% ........................ E. ........................
0 = X 0 . 0 : X o}
0 s e e bomemeeemmeeeeeeoeaes
. X : :
1000 — o 0 o o . © 1000 X i o o d o
0 0 . 0 X ) : o)
. X '
0 0 o) X X o) 0
T T T T | T T T T | T > I I I i | T I i T I T -
0 N_Trans 0
50 100 _ 50 100 N_Trans
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Expert driven rules opstellen vaak onmogelijk

e Data zeer complex

e Meer dan twee
dimensies

e Moeilijk om patronen
manueel te definieren

Wordt opgelost met predictive analytics!

20
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Predictive analytics project aanpak

4. Feedback

:  Kennis over
/ de toekomst

D2 D3 D4 D5

Predictief
| model

Dataset

21
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Data voorbereiding

Analyseren
‘ Welke variabelen?
, lD e Verdeling data?
:L h Betekenis data?

_ Data kwaliteit?
E[H_LJ__

Extraheren en omvormen

!
-9

Data Dataset

ﬁ

ood
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Predictive analytics project aanpak

4. Feedback

:  Kennis over
/ de toekomst

D2 D3 D4 D5

Predictief
| model

Dataset

ZES
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Predmfl\ln model. onbhbhoionnen. (— frglnlng)

Input Output
A 0,1 |3 |Yes |200 |—— |2 ) .
1B 0,4 |5 |Yes |[150 |—— |4 -
et | D)
R - O
\._/ .. . O 0
5 Trainingsalgoritme | __ = O
vh predictief model 0 £
N—_ al
Trainingsdataset 0O J

f(input) = output 0
Accuraatheid % |

“
*
.
*
.
*
.
.
*
*

24
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Accuraatheid van het predictief model

Confusion matrix:

Predicted Predicted
TRUE FALSE
Actually 0% o 70 FELEE
~aative
TRUE m® C =
Actually %6 Ealse e =
aaative
FALSE e C -

Accuraatheild = TP + TN

25
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Interpretatie confusion matrix is belangrijk!

Predicted Predicted
CANCER NO CANCER
Actually 0% o 70 FELEE
AP -
CANCER a® S -
Actually %6 Ealse Ve =
AC15 -
NO CANCER me® < -

Moet zo laag mogelijk zijn!
26
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Is een predictief model generaliseerbaar?

Hoe gedraagt het model zich bij
data # trainingsdata

7 model accuraatheid

e Gaat enkel over trainingsdata

e Te optimistisch over performantie
van het model

27
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Nalve oplossing: trainingsdata opsplitsen

Data
ﬁ
Train: Test: |
model leren generaliseerbaarheid
berekenen

Probleem:
. 50% training, 50% test reduceert training set enorm '
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Oplossing: "cross validation”

e Data opslitsen in k delen (folds)

e k-1 trainingssets, 1 testset
Train

)
0
~+

1S9l

1SO |
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Predictive analytics project aanpak

4. Feedback

:  Kennis over
/ de toekomst

D2 D3 D4 D5

Predictief
| model

Dataset
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Interpretatie en evaluatie model output

Interpretatie

X, X, Xg X, Xg Y
A 0,1 |2 Yes (200 |?
B 0,7 |6 Yes (150 |?
A 0,2 |8 No 300 |?
@)
-
N~ = O
Ug
®) —_— % —_—
o &
N~ E
Nieuwe data

|

Waarde van
variabele Y

31
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Predictive analytics project aanpak

4. Feedback

:  Kennis over
/ de toekomst

D2 D3 D4 D5

Predictief
| model

Dataset
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Feedback

Output
correct?

Y

O —

=T

(& 18 Waarde van

8 = variabele Y

| - <

o

s | Model update

Correct: JA/NEE

S
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Feedback

Fraude
onderzoek

q-_
9
)
=
©
Q
-
al

E
© | —— |Fraude
e |

L s | Model update

Fraude: Ja/Nee
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Predictive analytics project aanpak

4. Feedback

:  Kennis over
/ de toekomst

D2 D3 D4 D5

Predictief
| model

Dataset
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s

1
0.9
0.83
0.7
0.6
053
043
033
.

029 b |
0ideg” e,
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f ) f Hidden )
Input
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Expen:i;e"'_ %“':éheap
,@E") Standard r\;_:,g;je"?r:—:e :—pﬁ ~,
aw . o .

Decision trees

Neural networks
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Statistics
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Statistische modellen

Geen beschrijvende statistiek zoals
gemiddelde, standaard afwijking, histogrammen,

Wel voorspellende statistiek:
Regressie analyse 15| o

10

[
.
L - *
o[ o 2"
L]
- - - L]
* e ' e "
L L L . L]
L . - . L
- - L
. I

26 10 | 10 20 30 40 50 60}
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Regressie analyse

Simpele lineare regressie:
‘yiz a + b.x +r

Multiple lineaire regressie:
‘yi: bo+b; X, +b,. X, +...4b X ..+

Non-lineaire regressie:
polynomiale regressie, logistische regressie

39
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Simpele lineare regressie met R

| R Graphics: Device 2 (ACTIVE) =10l
Temp Pres
194.5 131.79 o
194.3 131.79 S o
197.9 135.02 O
198.4 135.55 o
199.4 136.46 7 O
r
200.9 136.83 o 7
201.1 137.82 o’
=7 4
T ' '
135 140 145
Temp
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Simpele lineare regressie met R
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Prassure
205 210

200

195

145

Prassure

210

205

200

185

/9’0/
e ,
/g,
[
O
/O/f
o
&
/9/
| | |
135 140 145
Temp
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Simpele lineare regressie met R
=10l x|

ol
ml <— lm(Temp~Lpres,data=forhes] —I
> plot (Temp~Lpres, data=forbhes,xlab="Tewmp",vlab="Prezszsure') @
abline (coefiml) ,col="red", lty="dashed"™)

@ Fitten lineaire functie
@ Plotten Temp—Lpres

@ Lijn weergeven van functie m1l

42
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Simpele lineare regressie met R

Substrate

/@

Enzyme

. Q Q.

‘(33‘@:»@’

Lage concentratie Hoge concentratie

43
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Simpele lineare regressie met R

Concentration | Velocity . o o
0.3330 3.636 ) .
0.1670 3.636 .
0.0833 3.236 _ ©
0.0416 2.666 g o
0.0208 2.114 i o
0.0104 1.466
0.0052 0.866 1
IO I I I I I I
0.00 005 010 015 020 025 030
concentration
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Non-Lineare Regressie in R

|F R Graphics: Device 2 (ACTIVE) -0l x| |F* R Graphics: Device 2 (ACTIVE) 10| x|
= =T
I o ] a 5]
o]
1 oy — o —
C o]
[
= =
3 [w]} [}
L] i — o o —
(o @
= =
i o
j u— u—
E o O -
c
£ O — =
| | | | | | | T | T
N 0.0 0.1 0.2 0.3 04 0.0 0.1 0.2 0.3 04
Concentration Concentration
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5 predictieve modellen

0.9

0.84

-

3 . <

07 v L MY,
0.6 : o o

. R e ®

0.5

0.49

034
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Clustering
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Clustering

g B
l.|..
's

1
_
ol |

November — December 2011
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Clustering: K-Means algoritme

Input: aantal clusters N )

November — December 2011
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Clustering: K-Means algoritme

Input: aantal clusters N

1. Kies N random
cluster centra

g & | ll.
....ll . o |-
N = N
g _ .
_ |
_ [
| .ll
| 1
N |

50
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Clustering: K-Means algoritme

Input: aantal clusters N

1. Kies N random
cluster centra
2. Verdeel In clusters

51
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Clustering: K-Means algoritme

Input: aantal clusters N )
| O .l :.
1. Kies N random - |
cluster centra 5
2. Verdeel in clusters n O
B g B

52
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Clustering: K-Means algoritme

Input: aantal clusters N

1. Kies N random
cluster centra

. Verdeel In clusters

. Bepaal N nieuwe
cluster centra

W N

_j -
——— .

53
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Clustering: K-Means algoritme

Input: aantal clusters N ¢
| O .l :.
1. Kies N random m - |
cluster centra 0
2. Verdeel in clusters \L
3. Bepaal N nieuwe j '.'.
cluster centra :.l _ -
4. N clusters gevonden .

54
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Clustering voorbeeld: IRIS dataset

Iris setosa Iris versicolor Iris virginica

55
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Clustering voorbeeld:-

Sepal- Se_pal— Petal- Pe_tal— Class

length width length width
4.6 3.6 1.0 0.2 Setosa
4.3 3.0 1.1 0.1 Setosa
5.1 2.5 3.0 1.1 Versicolor
5.7 2.6 3.5 1.0 Versicolor
5.8 2.8 5.1 2.4 Viriginica
6.3 2.8 5.1 2.4 Virginica
6.9 3.1 5.1 2.3 Virginica

November — December 2011

IRIS dataset

56
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Voorspellen met Clustering

Weka Clusterer Yisualize: 16:10:56 - SimpleKMeans (iris)
:petallengthifium} V:sepallengthibium) =
ICU\Uur:CIustEr(NUm) Select Inskance -
Reset Clear Open Save | Titker J
Plot:iris_clustered
7.9
B.

0.1

Class colour
llllllll cl
3 - O 1 - 1

cccccccc
4-3

3.0 1.1

2.5

5.1




Preprocess  Classify I Clusterl .ﬁ.ssnciatel Seleck attril:uutesl '-.-'isualizel

—Classifier

Choose IElassiﬁcatiun?ia[lustering -ty weka, clusterers, SimplekMeans -- -M 3 -4 "weka core, EuclideanDistance -R first-last” -1 500 -5 10

~Tesk options

" Ise training sek

" Supplied test set Seto, |

¥ Cross-validation  Folds IIEI
" Percentage split i |E-6

Mare aptions, .. |

{Mom) class ll

Skart |

—Result list {right-click for options)

—Classifier outpuk

Stakus
’7 Ik
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Association rules
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Assoclation Rules

ID milk bread butter beer \A/OOmet'eld:t

1 1 > o 0 azacl)(((:)lselr?s ussen
2 0 0 1 0

3 0 0 0 1

4 q 1 1> 0

5 0 1 0 0

{Butter, Bread} == {Milk} | | IF (Butter AND Bread) THEN Milk
{Milk} == {Bread} IF Milk THEN Bread

61
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Assoclation Rules

{Butter, Bread}

November — December 2011

1

Antecedent

Support:

Hoeveel keer (in %)
komt het antecedent
VOOor?

{Milk}

~

Consequent

Confidence:
Hoeveel keer (in %)
volgt de consequent
op de antecedent ?

62
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{Bread} => {Milk}

ID milk bread butter beer

B

o ~ W N P

1 0
0 1
1 0
0 0

Support: 3/5 = 60%
Confidence: 2/3 = 66,7%

63
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Associaties met het Apriori Algoritme

Input: minimum support N

@ Bepaal support van elk element

ID Support
{Milk} 0,4
{Bread} 0,6
{Butter} 0,4

@ Schrap elementen met support < N

64
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Associaties met het Apriori Algoritme

Input: minimum support N

Breid associaties uit met 1 element
en bepaal support

ID Support
£MilK} 0.4 ID Support
(Bread} 0’6 {Milk,Bread?} 0,4
{Butter} 0,4
{Brea 0,2

@ Schrap elementen met support < N

Herhaal tot er geen associaties met

support >= N gevonden worden...
65
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Association rules in bankgegevens met SPSS

Kinderen Auto Spaa_lr Lopen_de Hypotheek PEP
rekening rekening
N
Leef'“j d 4_‘ age Lsex d region inn:u:nme) martiecd | childrerd | car | Eave_sctll current_a ortgagd | pep
E | 246.000 1 |
40/MaL T 30035 YE= IYES MO YE= YEZ MO
51 ERUALE IMRE 16 400 YES 0 YES YES YES ] MO
G es I aCht FEMALE 0375400 YES G Y L YES ] MO
RURAL 20576 300 YES O YES MO MO MO
T ATEE9 B00 YES 2N YWES YES ] “ES
Reg iO AL aav .00 MO 0N NI:"‘:"ES YES ] YE=
T 24346 600 YES OYESYE= YES MO MO
AT ERMALE SUBURBAM 25304 300 YES 2N%ES NO MO ] MO
Inkomen MSLE  TOWM 24212100 YES 2[YES|YES YES s MO
GG FEMALE TOWWR 298035 900 YES 0K YES YES ] MO
22 FEMALE IMMER_CITY 26653.800 MO OYEZ|YES YE= YEZ MO
Getrouwd 44 FEMALE  TOWYMN 15735500 YES 1MO YES  YES YES  YES
GG FEMALE TOWWR 25204 YOO YES 1 ¥ES YES YES YES YES
36 MALE FURAL 19474 GO0 YES OMD YES YE= YEZ MO
38 FEMALE INMER_CITY 22342100 YES 0 YES YES YES YES MO
37 FEMALE TOWWR 17729800 YES 2N MO MO YES MO
46 FEMALE SUBUREBAM 41016.000 %ES O YES MO YES MO
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File Edit Inzet “iew Toolz  SuperMode  Window  Help

Hl X e xRz k200, (B |
%‘

15 fields
16 fields
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CRISP-DM

@ [unzaved
E Busir,
L[] Data L
[ DataF
- [ Model
'IE Evalul

© @@6 6 ® .@@@
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Decision trees
Outlook |Temp. |Hum. |Wind |Play?

Sunny 85 85 F N
Sunny 80 90 T N
Overcast | 83 86 F Y
Flay g
Don't Play 5
OUTLOOK ?
sunn / ove;:ast rain
Flay 2 Play 4 Play 3
Don't Play 3 Don't Play 0 Don't Play 2
HUMIDITY 2 WINDY'Z
== 70 \ \> 70 TRUE iLSE
Play 2 Play 0 Play 0 Play 3
Don't Play 0 Don't Play 3 Don't Play 2 Don't Play 0
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Decision trees met Weka

Sepal- Se_pal— Petal- Pe_tal— Class

length width length width
4.6 3.6 1.0 0.2 Setosa
4.3 3.0 1.1 0.1 Setosa
5.1 2.5 3.0 1.1 Versicolor
5.7 2.6 3.5 1.0 Versicolor
5.8 2.8 5.1 2.4 Viriginica
6.3 2.8 5.1 2.4 Virginica
6.9 3.1 5.1 2.3 Virginica

November — December 2011
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Preprocess I Classif';.-'l CIuster' .stu:uciate' Select attril:uutesl '-.l'isualizel

Cpen file. .. | Cpen URL. .. | Cpen DE. .. | Generate... [Undo Edit... | Save. .. |
~Filker
Choose INDI‘IE | Apply |
—Current relation Selected attribute
Relation: iris Mame: class Type: Mominal
Instances: 150 Attributes; 5 Missing: 0 {0%%) Diskinck: 3 Unique: 0{0%:)
Ir.ﬁ.ttril:uutes Mo, Label| Zounk
i . L - 11 Tric-zrtnsa 18N
2 | Iris-versicolor 50
3| Iris-wirginica S0

Remove

|c'|;as'§.:' tlass (M)

ll Wisualize Al |

50

50 50

Log #, x 0

sepallength

sepalwidth

petallength

petalwideh

(
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Decision trees iIn R

November — December 2011

> Iris <- read.table(''c:/Ziris.csv'' header=T,sep=

)

@ Inlezen data

72
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Decision trees iIn R

> fit <- rpart(class—sepallength+sepalwidth+petallength+petalwidth
, data=iris,method=""class")

@ Fitten decision tree
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Decision trees iIn R

= plot(fit, uniform=TRUE, main=""Iris tree"")
> text(fit, use.n=TRUE, all=TRUE, cex=.8)

@ Plotten resultaat

74




N ber — D ber 2011
-~ Smals ovember ecembe

. ICT for society

Decision trees iIn R

> pred <- predict(fit, newData=data,type="class™)
> mc <-table(iris$class,pred)
= print(mc)

Iris-setosa Iris-versicolor Iris-virginica

Iris-setosa 50 0] 0]
Iris-versicolor 0] 49 1
Iris-virginica @) 5 45

> err <- mc[1,2]+mc[1,3]+mc[2,1]+mc[2,3]+mc[3,1]+mc[3,2]
> 1 - err/length(iris$class)
Ll] 0.96

75
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Decision trees iIn R

/’ " Iris-setosa _ ___""'\
_ S

petallength>=2.45

~ Iris=versicolor “\

Iris—setosa
50/0/0

petalwidth< 1.75
petalwidth>=1.75

IFIS=Versicolor Iris=yirginica
0/49/5 0/1/45
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5 predictieve modellen

0.6

0.4

3

T T T T T
1] 20 40 60 80 100 120

Hidden

Output

| Neural networks;
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Biologische vs. artificiele neurale netwerken

v
n—H4CUUv4H4CO

v
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Input layer

Y

|

Hidden layers
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v
wW—H4CUT-HCO

v

1

Output layer __
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Multi-Layer Perceptron (MLP)

X3
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Neurale netwerken in SPSS

Sepal- Se_pal— Petal- Pe_tal— Class

length width length width
4.6 3.6 1.0 0.2 Setosa
4.3 3.0 1.1 0.1 Setosa
5.1 2.5 3.0 1.1 Versicolor
5.7 2.6 3.5 1.0 Versicolor
5.8 2.8 5.1 2.4 Viriginica
6.3 2.8 5.1 2.4 Virginica
6.9 3.1 5.1 2.3 Virginica

November — December 2011
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Decisio(u/ ' Neural networks

Moelilijke
Interpretatie

>
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Welk model i1s het beste: ROC Curve

A>B=>C

Sensitivity: true positive rate
1-Specifity: false negative rate

“A

0.8

0.6
2z
2
E Predicted | Predicted
0. TRUE FALSE
03] Actually o = . o -
TRUE -
0. 04 = - 04 -
Actually
0.0 0.2 0.4 0.6 0.8 1.0 =Ye e caative
FALSE -
1-Specificity
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Welk model i1s het beste: ROC Curve

Oata Rale = TRAIM Data Role = WVALIDATE Data Role = TEST
104 1.0+
0E 0.5
0.6 0.6+
£ £
= =
0 7]
= c
ar -3
D044 D44
0.2 0.2
e 0.0+
aa 0.2 D4 15| 0E 1.0 00 a2 04 na 0E 1.0 ] 02 04 DB 0 10
1 - Specificity 1 - Specificity 1 - Specificity
[— _Rasslina_ — DmineRag? — WMER2

— Maural+ — Ragh ——Rula4

—Tisad |
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In deze Infosessie...

Wat is predictive analytics?
Deel 1 i Courante predictieve modellen

Toepassingen van deze modellen

. Predictive analytics tools
Deel 2 Predictive analytics cases
. Wat hebben we geleerd?
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In deze Infosessie...

Wat is predictive analytics?
Deel 1 i Courante predictieve modellen

Toepassingen van deze modellen

. Predictive analytics tools
Deel 2 Predictive analytics cases
. Wat hebben we geleerd?
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yse methode

Octave

Scripting |Form-based |Visual programming
S+ WEKA SPSS Modeler
“ SAS Enterprise Miner
Matlab Oracle Data Miner

TIBCO Spotfire Miner

Open source

. 3 o
-~
¥ i i : ha
v
>

Commercial
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Scripting |Form-based |Visual programming

S+ WEKA SPS639 5 OMQ.C |nSC
“ SAS Enterprise Miner

Matlab
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S+ R

Implementaties van de statistische programmeertaal "S"

e Commercieel e Open source
e Command shell e Command shell
e Biedt ook forms aan

die de shell

afschermen
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Tree fitten In R vs. S+

—oix]

Model | Results I Plat I Frune,Shrink I Fredict |I
—Data — Fitting Optionz
[J" RGui - [Untitled - R Editor] Data Set: IiriS j Min. Mo. of Obs. Befare Split:
R File Edit Packages MWindows Help ‘Wights: | j |5

ﬁ'"“ ﬂ"ﬂj == Subset Rows with | Min. Mode Size: 10

: 1 | ¥ Omit Fows with Missing Values Min. Node Deviance:
fit <- rpart(class~sepallength4+sepalwi |I:I.I:I1I:I

, data=iris,method="claszs"™)
plot (fit, uniform=TEUE, main="Iris tre

— Save Model Object

. Save bz I
text(fit, use.n=TRUE, all=TRUE, cex=.8 ,
—Wariables

Dependent;

Independent:;

Formula: In:laﬂ”petalwidth+$epaIIength+3&palwidth+petalIength

Create Formula |
S + Ok, Cancel | Apply | |<| =i current Help

(e
iy
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Matlab

Mathworks
Wiskundige omgeving

Sterk in data
visualisatie!

Functionaliteit verpakt in
"toolboxes™

Toolboxes voor neurale
netwerken, databases,
statistics, ...

Command line en forms
Octave = OS alternatief

Training: Levenberg-Marquardt (trainln
"%erfnrmanct: tean Squared Error (mse)
B TDerivative: Default (defaultderiv)
Progress
Epach: | 11 iterations | 1000
|| Time: | 0:00:11 |
1 Perfarmance: 26.7 [ 0221 | 0.00
R i 1 4 i

November — December 2011
= '_I—ah

——

d\ Neural Network Training (nntraintool)

Meural Metwork

. Hidden Cutput
Input -. & ! o | 5 ﬂ |
_ .|y ﬁ} ]
4 sl
20 1

34

ﬂulpu’l
5
1

Algorithms

Data Division: Random  (driderand)
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Tools per analyse methode

Scripting | Form-based

November — December 2011

Visual programming

Matlab

Octave

Open source

S+ WEKA

SPSS Modeler

SAS Enterprise Miner

Oracle Data Miner

TIBCO Spotfire Miner

Commercial

S)E
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Weka

Waikato Environment for
Knowledge Analysis

Open source tool van de
Universiteit van Waikato

Java

Zeer veel algoritmes ter
beschikking

November — December 2011

an0n Weka GUI Chooser

Program Visualization Tools Help
Applications
& SWEKA [ cone |
/ The University
L of Waikato l Experimenter J

Waikate Envircnment for Knowledge Analysis l KnowledgeFlow J
Version 3.6.0
{c) 1933 - 2008
The University of Waikato l Simple CLI J
Hamilton, New Zealand

Welka Explorer

—}—Pmproces:—* Classify ] Cluster l Associate ' Select attributes ' Visualize l

¢ Open file... B o Open URL... L E o Open DB... L E o Undo L E o Save... L}
Filter
’7 Choose ‘None | Apply ‘.‘
rCurrent relation Selected attribute
Relation: iris Name: sepallength Type: Numeric
Instances: 150 Attributes: 5 Missing: 0 (0%) Distinct: 35 Unique: 9 (6%)
rAltribute: Statistic Value
No. Name Minimum 4.3
1 sepallength Maximum 7.9
2 sepalwidth Mean 5.843
3 petallength StdDev 0.828
4 petalwidth
5class
[ Colour: class (Nom) 13 (visualize Al
Stat
(ox Clog ) g > 0/
4

94



\“, Smals

ICT for society

Tools per ana
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yse methode

Octave

Scripting |Form-based | Visual programming
S+ WEKA SPSS Modeler
“ SAS Enterprise Miner
Matlab Oracle Data Miner

TIBCO Spotfire Miner

O]l EYe]VIgelsl | Commercial

95



Smals

ICT for society

v

Visual programming

P

plrcs-

Logiglic Regrassio

Tibco Spotfire Miner

16
ales ]
-'_'l\..
feecs-
Classification
Maural Mabaor |
Gl
Lees ] Q0 e ] -
. = [ 5/
Q . :E '\ :"J':E; : Clazsiflcation Tree
Read Tex File Creata Columns ClassMcation Tree )
T1 . dal, blood Binary high blood )]
pressura shidy pressuna indicalor
g ] Lol
—s i
Fifler Columns (3) Fartiion (T}
[

IBM SPSS Modeler

Drug

-® —®

Define Typ&\

@

Ma_to_k

Dizcard Fields

Cirug
—— 13
..,aa
— — B —
CUSTOMERS Join Data FAST_TABLE Predict Gender

1,

8- \%\

SALES

agaregate saes Olacle Data Miner

o | :

4%,%“

. ﬂm - i.
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Gevolgd traject met deze tools

November — December 2011

Eerste stappen met predictive analytics

800 Weka GUI Chooser

Program \Visualization Tools Help
Applications
WEKA [ ooew |
e University
) alkato Experimenter
Waikate Environment for Knowledge Analysis KnowledgeFlow
Version 3.6.0

(c) 1399 - 2008

The University of Waikato Simple CLI
Hamilton, New Zealand

Algoritmes leren kennen
Parameters tunen
Kleine datasets

Lage instap (free)
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Gevolgd traject met deze tools

Eerste stappen met predictive analytics

Eerste projecten met meer data

—e-0—@
Ma_to_k Di i

Visual programming

Methodes om data te
filteren, cleanen,
combineren,...

Lage leercurve om
algoritmes en data
te koppelen

Kunnen veel data
formaten aan
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Gevolgd traject met deze tools

Eerste stappen met predictive analytics ‘

Eerste projecten met meer data ‘

Geavanceerd gebruik

fit <- rparticlass~sepallength+sepalwidth+petallength+petalwidth
, data=iris,method="clazss™")

plot (fit, uniform=TRUE, main="Irizs tree)

text (fit, use.n=TRUE, all=TRUE, cex=.8)

Scripting

e Scripts zijn makkelijker uitbreidbaar ivgl met
visual programming

— < De nodige extra functionaliteit kan

geprogrammeerd worden

« Blijft een persoonlijke keuze: programmeren
vs. modelleren

November — December 2011
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Predictive analytics initiatieven SMALS

CASE 1: Strijd tegen de CASE 2: Traceerbaarheid
socilale fraude

lmg
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Predictive analytics initiatieven SMALS

~

-
CASE 1: Strijd tegen de | CASE 2: Traceerbaarheid
socilale fraude

!mg
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Strijd tegen de sociale fraude:
verhogen van de efficientie van de inspecties!

predictive | potentiele
analytics fraude gevallen
| 7
confirmed l
fraud?

Inspectiediensten RSZ
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Predictive modeling bij sociale fraude

Fraud
No fraud

Bl Failliet

Doel:
frauduleuze associaties

tussen bedrijven
herkennen.

Oplossing:
Association rules met
het apriori algoritme
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Assocliation rules?

{Butter, Bread}

November — December 2011

1

Antecedent

Support:

Hoeveel keer (in %)
komt het antecedent
VOOor?

{Milk}

~

Consequent

Confidence:
Hoeveel keer (in %)
volgt de consequent
op de antecedent ?
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Association rules met Apriori

N—
Dimona

)
N—

N—
Repertorium

N
e

Dataset

November — December 2011

> ‘ Apriori ‘

Rules: 1

{

BRIl = {~

{3 == {\F}

Support % / Confidence %
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Fraude opsporen met deze association rules
ol
s ~
d
Mogelijke
/ fraude

Nieuwe data

Confidence

(| Iy => {F} 100%
IRy == {F} 99.8%

{13} == {F} 95%

Association rules geordend volgens confidence
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Geimplementeerd in SPSS

f
: 8@ -6 @
DiMONA ADM FEELATICON fgenersted) Date Filter \@

/\mrge
SQL ——

wiamA_ADM EMPLOYER
- ﬁ / Merge Select
SaL

DEADMIMN.DO Supeande

e @

Merge EmMPL_MOSS

CEADMIMN A

Documentatie noodzakelijk!
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Status case "sociale fraudebestrijding”

e Eerste resultaten veel
belovend!

e Fraude = zoeken naar §
uitzonderingen
— Alle data is nodig
— = 50 miljoen records

e Performantie problemen
op "gewone Pc"

e Migreren naar zwaardere 9, B
servers
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Predictive analytics initiatieven SMALS

é )
CASE 1: Strijd tegen de |CASE 2: Traceerbaarheid
socilale fraude

!mg
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Traceerbaarheid
Wat is de impact van een beleidsmaatregel
op variabele Y?

Resultaat na invoering maatregel (Y)

— Resultaat als maatregel niet ingevoerd was (y')

Impact van een maatregel Y -vy")
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Traceerbaarheid
Wat is de impact van een beleidsmaatregel
op variabele Y? .

R Invoeren nieuwe

y maatregel

y tijd

y' berekenen we met [ — ) _
Predictive Analytics Zon_der INVOering maatregel
==Na invoering maatregel

" Impact maatregel
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Traceerbaarheid
Wat Iis de impact van ee el
op variabele Y?

[
X
N
><_
w
><_
I
o<
Q

1 Data voor maatregel

Y b Invoering nieuwe maatregel !

o (o [ x| |

oo [x || [|&

® |® |X [[|E||E
NS

Chronologische dataset

Data na maatregel 112
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Berekenen Y' zonder invoering maatregel

1. Bereken predictief model bij data voor maatregel

Xy [ X [ X3 [ X, o Yoid
= O

a lalcld] 153 [

d |[e |e |d D E 2
x

2. Pas model toe op data na de maatregel om Y' te bekomen

X, | X, | X5 [ X, - %
a |a |c |e =l 1
........ = Q|
a |a |c |e El= 2
-
o

113




Sma Is November — December 2011

-~
' ICT for society

Berekenen impact maatregel

Resultaat na invoering maatregel (y)

Resultaat als maatregel niet ingevoerd Was@

Impact van een maatregel Y -vy")

Gevonden dmyv "Predictive Analytics"'!
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Wat hebben we
analytics cases?
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geleerd van deze predictive

Voorbereiden van data neemt
veel tijd in beslag
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Predictive analytics project aanpak

4. Feedback

:  Kennis over
/ de toekomst

D2 D3 D4 D5

Predictief
| model

Dataset
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Data voorbereiding is een interdisciplinair
proces

e Verschillende rollen
nemen deel

e Business expert(s)

e Data quality expert(s)

e Database expert(s)

e Predictive analytics
expert(s)

e Data warehouse
expert(s)
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Wat hebben we geleerd van deze predictive

analytics cases?
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Predictive analytics is geen
"black box"
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Predictive Analytics als een ""black box"

) —

Data

é )

Beste predictief
model

= PR ™

Predictive
Analytics
tool
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Mogelijk In tools als SPSS en SAS

‘Q Auto Classifier Xl
& e Kan zeer lang duren
ﬁ;ﬁed numkber of madn|3l3 ta he e>|<|ecuted: ] | (m e e rd e r-e d ag e n)
o e Trage feedback loop
ze? |h-1u:del type |r-.|1|:|del parameters Mo of models | .
El h o Defaut ! e Betere optie:
@ L£ Logistic regres ... Default 1 - . -
¥ ;5 Decizion List ~ Defaut 1 o P re d ICt |Ve an alytl CS
m iﬁf) EBavesian Metw... Default 1 ke n n IS I nte rn
[+ Bd Discriminart Detault 1 O p b O uwe n
= o
= % — Zelf meeredeneren
(v ﬁ'fﬁr CaR Tree Defautt 1
¥ ﬁ Guest Default 1
[ ﬁﬁm} CHAID Default 1
[V ﬁ Meural Met Defautt 1
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Wat hebben we geleerd van deze predictive
analytics cases?

Bouw predictive analytics
projecten gradueel uit

121



Sma Is November — December 2011

-~
' ICT for society

Predictive analytics is geen magische
oplossing

e Start met kleinschalige
predictive analytics
experimenten

e Bouw groter project uit

e Gradueel interesse
wekken van potentiele
stakeholders
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Wat hebben we geleerd van deze predictive
analytics cases?

My name iIs ...
Predictive Analyst
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Specifieke rol nodig voor predictive analytics!

> Analytics kennis

» Business kennis

» 1T kennis

» Communicatiel!!
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Aanbevolen literatuur

Predictive Analytics
White Paper

Charles Nyce, PhD, CPCU, API

Senior Director of Knowledge Resources
American Institute for CPCU/

Insurance Institute of America
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Aanbevolen literatuur

http://chem-eng.utoronto.ca/—datamining/dmc/data_mining_map.htm

Interactief overzicht van meest
courante datamining
technieken!
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. Predictive analytics aanpak
Deel 1 i Courante predictieve modellen

Toepassingen van deze modellen

Predictive analytics tools
Deel 2 Predictive analytics cases
. Wat hebben we geleerd?
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