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Decision Tree algorithms in
Rapidminer

= Dataset: playtennis and risk
week 08 — datasets.xls
s Algorithms: |D3, CHAID, CART, C4.5



play tennis nominal example

parameters

File Edit Process Tools Yiew Help

el T 9@& PIE YEZDR

p [S=T =T

53:'

- E-E

B

| & Repositories
. Operators

T L

[C] Process Contral (34)

[ ILiility (38)

2] Repository Access (29

£ Irnpart (25

] Export (173

(2] Data Transformation (111}

i Modeling (248)

= ’Ej Classification and Fegression {16

(] Lazy Madeling (2)
7 Bayesian Modeling (21
4 Tree Induction (3)
f Decision Tree
f Randam Forest
§ Decision Tree (Multivay)
([j Demsmn Tree (Meight-Bas

O

&; CHAID
§ Decision Stump
& Random Tree
] Rule Induction (5)
3 Meural et Training (3
(] Functian Fitting (7)

-

5-9 Process
R R |

Proce

S5 b

@d-0EH S~

Read Excel

L]

[ ot |7
lE

T

L?—I

res

/A Problems

™ & Mo problems found

& Log

Message

Fixes

Location

@ Parameters
I3 2pm B~
D3

criterion gain_ratio v|

minimal size f... |2

minimal leaf si...| 2

minimal gain 0.1

o

= Comment

Q Help

@] ® @
B

narminal attributes anly.
Decision trees are powerful
classification methods which
often can alsa easily be
understood. This decision tree
learner warks similarto
Qinlan's 103

Input
& training set: expects:
ExampleSet

Output




== Result Cverview

(@) Graph View | Text Wiew -'_'__-Annl:ltatil:lns

£oam-

2 2

Mode

H &

| Tree (Tioht)

)

Mode Labels

Edge Labels

I Save Image...

l

[ Help

I

|_§J ExampleSet (Set Role {27 ,, Tree D3
| Outlook |
= Cvercast = Rain = Sunny
—-L.-.'r. .t-..' _:"
‘“’_3 | Wind | | Humiclity
= Light = Strong = High = Marmal
d 4
[ Yes No | Yes
=== o] ==




E Fesult Cveriew I__I ExampleSet (Set Role (20

iGraph Wieww ifl'e:-:Wiew’: Annotations

Tree

Cutlook = Cnwrercast: ¥Yes {Ho=0, Yes=4}
outlook = Rain

| Wind = Light: ¥es {No=0, ¥es=3}

I Wind = S3trong: No {No=Z, Yes=0}
Dutlook = Sunny

I Hurnidity = High: No {No=3, ¥Yesz=0}

I Huridity = Normal: Tes {No=0, Tes=Z}

w TIE



play tennis numeric example

f o
L

RapidMiner@feup-i023

= El

File Edit Process Tools Miew Help

GHEHEY »2a plIlB VTR

}j e rviem

I e e e &

® B

&

| & Repositories
B Cperators

- AL E

] Process Contral (347 120
(0 Utility (380

] Repositary Access (2

1 Impart (28)

£ Export (173

] Data Transformation (17

i Modeling (248)

B & Classification and R
(23 Lazy Modeling (2,
(] Bayesian Modeli
) Tree Induction (&

o8 ccision Tre

§ Random For|

&) Decision Tre,

&) Decision Tre,

& D3

) CHAaID

6 Decision Sty

¢ Random Tre
(23 Rule Induction (8
(23 Meural Met Trair
(23 Function Fitting (
2] Logistic Regress
3 support Wector v
I‘_:_] Discririnant Ansg

B

[T

- -

5-9 Process |=] 3L
@~ -~ 0 Hirrocess » -~ H @ & ~
inp
Read Excel -

J_; out
L

-

L&)

/1 Problems

% Mo problems found

'1
miod
| Q e‘r'iE
| @
Yes
¢ Log ==
1]
I .
| Yes |
I_i

ID3 does not
support numerical
attributes

| Outlook |
= Qwercas= Rain = Sunny
i .
e 4
| Wind | Humidity |
= Strong = ¥r.500
= Light d &
No = 77.500 Yes
i | c—
Y
Ho

res

res

[E? Parameters

I RneDm B~

{4’ Decision Tree

- . A |
criterion gain_ra.. ¥
minimalsize...|4 |

rminirmal leaf .. |2

rminirmal gain |IZI.1

maximal dep.. |20

0.1

confidence

humber of gr. | 3

[ nopre pruning

[ no pruning v
= Cormrnent
& Help
[e] B @
()] gy
'y Decision Tree

Synopsis

Generates decision trees to

i classifi nominal data.
Mhm mm i ko ‘ﬁ
Qs B
|
5




- EH S- 8 B8 rx -~

£y i

Decision Tree

{tra miod

\* -

=)

res

res

res

Q Decision Tree

ctiterion “gain_ratin ] hd
minimal size far split l4
inimal leaf size 3>
minirmal gain lEI.1
maximal depth lEIZI
confidence lIZI.1

humber of prepruning aitern. l3

[ ] no pre pruning

[ ] no pruning

|Tree

A

Mode Labels

Edge Lahels

I Save Image...

| ExamplesSet (Set Hale (2))

Annotations

'y lreeillecision |I’EE,.'I

| Outlook |
= Owvercast = Sunny
= Rain
A
Yes
=
'
S, -
| Yes
L




risk example

I
100756
100663
100413
100416
100550
100657
100702
100218
100666
100389
100758
100655
100693
100769
100276
100796
100414
100354
100452
100567

AGE
44

34
34
35
41
42
31
28
30
38
26
42
44
33
45
34

35
38

INCOME
559944
59632
59508
594E3
59383
59276
59201
5918z
5917g
59036
58914
5EE7E
58735
58529
58505
58381
58026
57718
57e28
57633

GEMDER

MARITAL
married
married
married
married
married
married
married
married
married
married
married
married
married
married
married
married
married
married
married

married

NUMEIDE

o = T T = T = T - T SR T Sy T Ty SO S = T SR S

NUMCARDS

[ T R~ R % R R o IR R R T R o R R - I R N e

HOWPAID  MORTGAGE

manthly
manthly
monthly
monthly
manthly
manthly
monthly
monthly
manthly
manthly
manthly
manthly
manthly
monthly
monthly
manthly
manthly
monthly
monthly

manthly

e

LR R TR - - A I A - N T S A

STORECAR
2

= [ N T = e

[EE

LOANS
o

RN R =

= e @

[y

=T = R = R = B = B =

RISK
good risk
bad loss
good risk
bad loss
good risk
sood risk
good risk
good risk
bad loss
good risk
bad profit
bad profit
sood risk
bad lozs
good risk
good risk
sood risk
bad profit
good risk

bad lo=s



0= €

ﬁ;ﬁp{d Miner@feup-i023

File Edit Process Tools Miew Help

yel Overview

s Operatﬁrs I} Repositories

m

£ Import 13
] Expart (1)
) Evaluation (13)
= 1‘__;, Performance Measurement {19}
&= \L,, Classification and Regression (6)
‘% Performance (Regressmn)

55| Sﬁi}%ﬂ

'% Perrormance (anmmal Classification)

9, Performance (Costs)
9, Performance (Ranking

'% FPerformance (Support Yector Count)

- Attributes (3)

J Clustering (5)
Performance

i Extract Performance
Combine Perfarmances
FPerfarmance (Jser-Based)
Ferformance (min-fdaxy

E-

(€]

~ Pracess
R |

QIﬁﬁ > pbllB YUTOR

ML

Process b

w |performan l@ P g'u

Read Excel

[% aut [l

Sp_lit Data

? |.m| 3

exa

minimal size for 5...

minimal leaf size

Qmed  —

5]

Apply Model

( unl @ mod

number of preprud. .

L]

Performance

@ a0 @ er [}

@ per \_-'jé) axa [
@

£y Prablems _-\ Log
% Mo problems found
hMessage

[E4 Parameters

I nepm B~

{y Decision Tree

criterion infarmatian_.

minimal gain A

maximal depth 1]

confidence 0.25

I

[ no pre praning

[ no pruning

= Comment

QHeIp
[@] B8 e

Q Decision Tree

T
L

Synopsis
Generates decision trees to
classify nominal data.

Description
This operator learns decision trees
frorm both nominal and numetrical &

T




AGE

= 26.500

= 26.500
! [
accuracy: 58.22%
true bad loss
pred. good risk ] 1]
pred. bad loss 0 1]
pred. bad profit 253 263
class recall 0.00% 0.00%

true bad profit
1]

1]

714

100.00%

class precision
0.00%

0.00%

58.22%



&% RapidMiner@feup-i023

Eile Edit

_‘;D Cryepyi ey : 2]

- 5
- Ft =4

18 Repositories
O Operators

@ ~ [peroman | @ | |8

] Impart (1)
] Expart (13
=l %) Evaluation (19)

E Eﬁ Perfaormance Measurement

B ) Classification and Reare
% Perfarmance (Redre
§Ferformance (G

% Perfarmance (Binaom
% Perfarmance {Costs]
% FPerformance (Rankit
% Performance [(Suppo
Aftributes (3
Clustering (8
Ferformance

2
%
% Extract Ferformance
b

Combine Ferformances

Ferformance (User-Bas:
% Ferformance (Min-tlasg

0

Brocess Tools Wiew Help

T9EHRY »a pIE YZOR

res

res

B

7 Process =| ML
- - f i Process »
{
|Decision Tree q
@tm miod - G
Read Excel Split Data @ 2 Apply Madel
Lg out { exa par o C miad — Iah3
B 1 1
[2) ? par [ @unt g mod P
# par o {
e
Performance
+{f lab o per [
( per % Exd }
e
<|
/% Problems & Log
& Mo problems found
Messange Fixes Location

£1

o

T
Bz Parameters

-2 IE $-|C 8 > B~

Q Decision Tree

criterion

minimal size fo...

minirmal gain

maximal depth

canfidence

number of pre.

[ no pre pruning

= Comment

e Help

[e]

®

Q Decision Tree

: .
informatio... | |

1> e

a\;nnnqie )

~
a

[

o8




accuracy: 56.68%

pred. good risk
pred. had loss
pred. bad profit
class recall

true good risk
162

33

58

64.03%

true bad loss
195

17

a1

B.46%

true bad profit
190

g

521

72.46%

class precision
29.62%
28.31%
82.70%

11



_-——--—ss—sses seYZ"—., e eee!tl!l'neerenrnnsr e e e Ve e e e ey
"
=%
i B
i " : o W=
] = | 4 5 & =
E - -
g - - - - -
= -
= =
e

i

- M ] -
- - - III | -
z . ol a S Ao S
| ! ! '] B sl | MY S &4 419
i - - -
SpE N = £ 8 - - BY Hi = .
)~ - g : 18 BN
£ B - - 5 E
pre 1 -
] "
-
=

-




~ Pracess =] L
@~ - & Process »
inp [} q
Read Excel Set Role Set Role (2) d
'g out [ (] exa — E)- (] exa exa [ 1 E
= B o A o
a a8 ]
/1 Spiit Data Decision Tree
] exa par 3 { tra mod 9
? par [ Q exa [y
: par ;’j )
o
Apphy Model
ﬂ i I:H:I lak ;} -
Qg med - Performance
e € Iab o pir
{: per % exa
5

- EHE $-(8 e x 8-

' _[%“Parameters 3% B

Q Decision Tree

criterion

minimal size far split

rminimal leaf size

minimal aain

maximal depth

confidence

number of prepruning afternativ,
[ ] no pre pruning

[ ] nopruning

[{infnrmatiun_gain

13



accuracy: 60.00%

pred. good risk

true good risk
227

true bad loss
205

true bad profit
204

class precision
35 64%

pred. bad loss 0 0 0 0.00%
pred. bad profit 26 a8 a14 85.895%
class recall 89.72% 0.00% 71.49%

14



» 20852
Loans |

= 1.50C= 1.500
| y

|had profit ‘ good risk
[ |

| AGE |

= 26.500

M
[INCOME |

= 28652

¥
| NUMCARDS |

= 4 500= 4.500

|
.|

'MaRITAL |

=7

N
| NUMCARDS |

=2.6500 <2500

4

= 26.500

=single
-
[Loans |

= 0.50C= 0.500

4

__\,,_i.

INCGME |

» 28504= 25042.500

|

good ri-sk—‘

bad profit

bad profit
[ & ]

bad profit | | good risk

bad profit
W

bad loss
—=

15



|'|NCDru'IE | (/ Decision Tree
> 30028.500 = 30028.500 criterion [gam_ratm
| good risk i —N___ o ; ;
(g | STORECAR | minimal size for split
| E— ey —
= 3,500 = 3.500 minimal leaf size
e 3 -
bad loss (INcomE | minimal gain
[ m—
» 265046 = 25046 maximal depth
=
[ HUMKIDS | Hid pradt confidence
= 1.500= 1.500 humber of prepruning alternativ)
b N
bad profit ood risk )
! R 5 [ ] nopre pruning
[ | mo pruning

accuracy: 74.98%
true good risk true bad loss true bad profit class precision
pred. good risk 171 27 43 T0.95%
pred. had loss 43 156 i a6.52%
pred. bad profit 39 an 599 33.43%
class recall BY.59% A9.32% 2331%




accuracy: 75.79%

pred. good risk
pred. bad loss
nred. bad profit
class recall

[ INCOME |

= 30028.500 = 20028.500

_.___ '.' _€
'good "“"—I | TOTCARDS |
| — e
= §.500 = @500
E 4
[ MARITAL | [ IMCOME |

= divsep= married

» 2804= 25045

S | ; ~
ibﬂd profit | |had loss | igund risk | |bad profit
[ | — — | |

true good risk
171

3

T

B7.59%

true had loss
27

101

135

38.40%

true bad profit
43

12

Fiki4

92.359%

class precision
T0.95%
85.50%
TEH.80%

17



