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1. Decision Tree

« CART (Classification and Regression Tree)
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. By Leo Breiman, Jerome H. Friedman, Richard A. Olshen,
L ] ™
gnun Charles J. Stone
Edition 1st Edition
First Published 1984

eBook Published 25 October 2017

Pub. Location New York

Imprint Routledge

Doy https://doi.org/10.1201/9781315139470
Pages 368

eBook ISBN 9781315139470

Subjects Mathematics & Statistics
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Entropy
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Information Entropy
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Decision Tree
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scikit-learn Decision Tree Regressor

Tor@t
» pipeline with DecisionTreeRegressor

Dream
/N
Biscoe
° | from sklearn.preprocessing inport OneHotEncoder

2 from sklearn.preprocessing import StandardScaler

3 from sklearn.compose import ColumnTransformer =

4 from sklearn.pipeline import Pipeline IEI)I;L'—' A-Ikﬁlx =} 37|'X|, ACSIHE:'
| 5 from sklearn.tree import DecisionTreeRegressor |

G

T def get_model(cat_features=["species”, "island”, "sex"],

o mgfii_feasures=["bill_length_mm”, "bill_depth_mm”™, "flipper_length_mm™]l, . e,

3 : - Pipel ine

10 # 1-1.catedurical featuredl] one-hot encoding &8 L reprocasor- ColumnTransfasf

11 cat_transformer = OneHotEncoder() P i
E " cat " num P
13 # 1-2.numerical feature= standard scaler SE |~ DneHntEncnder§| » StandardScaler |

14 num_transformer = StandardScaler( ] P S : +| |
:g 40 ORI E=E Mz M= |h DecisinnTreeHegreaaurg
17 preprocessor = ColumnTransformer{[{"cat”, cat_transformer, cat_features), L
15 {"num”, num_transformer, num_features)])

19

20 # 3. B2l = Decision Tree PFearessor EE

21 pipeline = Pipeline(steps=[("preprocessor”, preprncessur)m

22 [ ("ml", DecisionTreePearessor(+kkwarasipl) |

23 \_/ = _____._-.,
24 return pipeline _—




scikit-learn Decision Tree Regressor
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scikit-learn Decision Tree Regressor
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flipper_length_mm <= 0.5
squared_error=647887.812
samples = 266
value = 4202.632

[ [ ([
True
- island_Biscoe <= 0.5
squared_error = 183772.101

samples =171
value = 3709.357

° O| El_‘l Tree7|- ELI‘%O‘I ﬁﬁ L_| L—_l‘ squsa?:d_f:rrrnoarlggzg?l’?lii’d-

samples = 86
value = 3421.221

N

sex_Male <= -0.385 island_Targersen <= 0.345
squared_error = 74051.556 squared_error = 51942.149
samples = 75 samples = 11
value = 3381.333 value = 3693.182
‘ \
sex_Male == -0.099 species_Adelie <= 0.5 sex_Female == 0.837
squared_error = 43740.234 squared_errar|= 35972.222 squared_error = 35156.25
samples = 8 samples = 9 samples = 2
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\ - island_Torgersen <=-1.253 sex_Male == -0.779 - -
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flipper_length_mm <= 0.5
squared_error = 647887.812
samples = 266

SCikit-Iea rn/ value = 4202.632

False
e Z|CH 210|= &0l C}: island_Dream <= 0.5
""| H " | = =4 | |- squared_error = 256962.881
samples = 95 o
o value = 5090.526
I # pinl
2 dt_ma l
J sex_Male <= 0.688
4§ & squared_error = 82190.749
S samples = 46
o dt _ma value = 4670.109
6| /
A E
Oy pre sex_Female <=-1.636
squared_error = 72923.875
5 v_pre

samples = 17
value = 4457.353

l

island Torgersen <=-0.172 sex_Male <=0.473
squared error = 18877.551 squared error = 56006.25
samples =7 samples = 10
value = 4242.857 value = 4607.5

l N
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scikit-learn Decision Tree Regressor
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flipper length mm<=0.5
squared_error = 647887.812
samples = 266
value =4202.632
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scikit-learn Decision Tree Regressor

rediction

 Trainset 852 22 O A5t, validation set 452 22 4 &4 > 0| 22 ¢ 77t 4
train valid
5500 .2?:‘." . n“:. ..'
5000 o oL
4500 f . :;'
S 4000 ..T... :-.-.-.: train valid
3500_.:..—.- amse - 238680 | | ::.-:' RMSE = 309980 e ®
3000 4000 5000 6000 3000 4000 5000 6000 5500 - arre ® ¢ o0 © o
true true .- “. m .
5000 - °
c L odle ¢
= ®
3 L - 1
= 4000 X X X
oo AWC v o
C ) R2 = 0.902 o © ahase R2 = 0.855
| | | | | | | |
3000 4000 5000 6000 3000 4000 5000 6000
rue true
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« Bagging : & G|O|E
« Random Forest

« Boosting : 5tLE2| modelOf|A] A2}, model&
* Gradient Boosting - LightGBM, XGBoost

Bagging

Parallel

https://buggyprogrammer.com/difference-between-bagging-and-boosting/
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DT vs RF vs XGBoost

I from sklearn.ensenble inport RandomForestRedaressor
¢ from lightabm import LGBMRegressor

« 7tH D& Pipeline 1

Pipeline :

| | » preprocessor: ColumnTransformer! |

-

cat s num

55 s OneHotEncoder‘

> StandardScalerl EE
I e

- DecisionTreeRegressor}

Pipeline i

| | » preprocessor: ColumnTransformer! |

.

cat - num

___________

____________

B OneHotEncoder‘

. StandardScaIer‘ i

| | i
...................... R R B

B RandomForestRegressor}

Pipeline :

_________________________________________________________

i i = preprocessor: ColumnTransformer; |

»

cat > num

EE [ OneHotEncoder‘

» StandardScaler | EE
T S

P e—

- XGBRegressor|

d from xghoost import XGERegressor

4

5 def aet_mnodelfnethod="dt",
cat _features=["species", "island", "sex"],

B

.

8

g
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
a0
a1
32

nun_features=["bill_length_mm",
++lepargs):

"bill_depth_nm”,

# 1-1.categorical featuredl one-hot encoding EZ

cat _transformer = OneHotEncoder()

# 1-2.numerical feature= standard scaler
nui_transformer = StandardScaler()

#2z2 i ESRE dA2 HE

M=

- =

"flipper_length_nn"],

preprocessor = ColunnTransformer([("cat”, cat_transformer, cat_features),
("num", num_transformer, num_features)])

#3. dA2 & 28 HHEE HE
if method == "dt":

ml o= {"ml", DecisionTreeRearessor(++kwargs))
elif mnethod == "rf":

mlo= ("ml", RandonForestRearessor(++kwaras))
glif method == "labn":

mlo= {"ml", LGBMRegressor(++kwaras))
elif nethod == "wxgh":

mlo= ("ml", %XGBRearessor(++kwargs))

pipeline = Pipelinelsteps=[{"preprocessor

mill

return pipeline

', Dreprocessor)



DT vs RF vs XGBoost
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Tree model

2|4 . Extrapolation
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Standard Scaler 242

f\ bill_length_mm
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Scaling 22
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AutoML : PyCaret
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AutoML : PyCaret

« Step 1. setup

1 from copy import deepcopy
2 data_pvcaret = deepcopy(¥_train)

3 data_pycaret ["body_mass_a"] = y_train

° 1 from pycaret.regression import +
Z2 = = setupldata_pycaret, target="hody_nass_q')

10
11
12
13

14
https://pycaret.gitbook.io/docs/

Description
session_id

Target

Original Data

Missing Values

MNumeric Features
Categorical Features
Ordinal Features

High Cardinality Features
High Cardinality Method
Transformed Train Set
Transformed Test Set
Shuffle Train-Test
Stratify Train-Test

Fold Generator

Fold Number

Yalue
7351
body_mass_g
(266, 7)
False

3

3

False
False
MNone
(186, 10)
(80, 10)
True
False
KFold

10

» Step 2. compare_models

o | best =

compare_nodel ()

i e -

Hodel HAE HSE RHSE R2 RHSLE HAPE TT (Sec)

lasso Lasso Regression 247.5016  96188.5188 306.4862 0.8448 0.0757 0.0610 0.014
Ir Linear Regression 247.2969  96329.0867 306.7353 0.8445 0.0758 0.0610 0.757

2 lar Least Angle Regression 247.2862 96326.7976 306.7316 0.8445 0.0758 0.0610 0.014
ridge Ridge Regression 249.0347 97004.0398 307.6309 0.8438 0.0760 0.0614 0.012
br Bayesian Ridge 248.8887 96936.6859 307.5623 0.8438 0.0760 0.0614 0.013
llar Lasso Least Angle Regression 253.2021  98480.0116 310.0893 0.8422 0.0766 0.0625 0.014
huber Huber Regressor 247.8342  98608.8259 310.1308 08418 0.0767 0.0610 0.037
ada AdaBoost Regressor 247.0875 1011244603 3134655 0.8382 0.0771 0.08609 0.067
lightgbm Light Gradient Boosting Machine 259.4533 105001.3610 321.7189 0.8330 0.0798 0.0639 0.054
rf Random Forest Regressor 259.2117 107942.8235 326.1563 0.8276 0.0813 0.0641 0.409
gbr Gradient Boosting Regressor 262.3502 110425.7252 329.1704 0.8227 0.0815 0.0644 0.050
et Extra Trees Regressor 262.3006 113926.3309 334.8787 0.8187 0.0842 0.0653 0.390

en Elastic Net 291.7242 139113.2867 366.8851 0.7760 0.0901 0.0715 0.014
knn K Neighbors Regressor 296.6944 141985.5773 373.1102 0.7682 0.0908 0.0726 0.062
dt Decision Tree Regressor 326.4620 165929.0936 404.3962 0.7365 0.1010 0.0802 0.015
omp Orthogonal Matching Pursuit  326.4182 171511.1888 408.0774 0.7244 0.1008 0.0803 0.012
par Passive Aggressive Regressor 654.4641 629168.3378 765.3411 -0.0147 0.1825 0.1688 0.013
dummy Dummy Regressor 695.2393 681039.0562 821.8434 -0.0803 0.1925 0.1681 0.011




AutoML : PyCaret

« Step 3. Evaluate
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