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species
Adelie
Adelie
Adelie
Adelie

Adelie

island

Torgersen
Torgersen
Torgersen
Torgersen

Torgersen

Al

r =

bill_length_mm bill_depth_mm flipper_length_mm

39.1
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36.7

39.3

18.7
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sex
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body mass g
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3650.0
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« Random split (3:1), Random forest (7|2 D7)
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train set

train + validation
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train set
train + validation

train set
species island bill_length_mm bill_ depth_mm | flipper_length_mm sex
170 Chinstrap Dream 46.4 18.6 190.0 | Female
239 Gentoo Biscoe 48.7 15.1 222.0 Male
214  Chinstrap Dream 457 17.0 195.0 | Female
6 Adelie Torgersen 389 17.8 181.0 | Female
38 Adelie Dream 376 19.3 181.0 | Female

test set
species island | flipper_length_mm | bill depth_mm bill_length_mm sex
62 Adelie Biscoe 185.0 17.0 37.6 Female
60 Adelie Biscoe 185.0 16.9 357 Female
283 Gentoo Biscoe 231.0 15.7 54.3 Male
107 Adelie Biscoe 190.0 20.0 38.2 Male
65 Adelie Biscoe 192.0 18.0 416 Male
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column name column index
train Set 1 X_train[["bill_length_mm", "bill_depth_mm"]].head() 1 X_train.iloc[:, 2:4].head()
bill_length mm bill_depth_mm bill_length mm bill_depth_ mm
170 16.4 18.6 170 46.4 18.6
239 487 151 239 48.7 15.1
214 45.7 17.0 214 457 17.0
6 389 17.8 6 389 17.8
38 376 19.3 38 37.6 19.3
train Set 1 X_test[["bill_length_mm", "bill depth_mm"]].head() 1 X_test.iloc[:, 2:4].head()
bill_length_mm bill_depth_mm flipper_length_mm bill_length_mm
62 376 17.0 62 185.0 376
60 35.7 16.9 60 185.0 35.7
283 54.3 15.7 283 231.0 543
107 38.2 20.0 107 190.0 38.2

65 416 18.0 65 192.0 41.6
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1. “H=3=3 ¢|0|E{= one-hot QIZEE SIC}

2 . “pa N daS ] get_d umm ieS ()% A |'-g-6|_|' |:|'.” How to create a linear regression

model using Scikit-Learn

|2 Practical Data Science Datascience Machine Learning Data Engineering Courses Search... m

Home / Machine learning / How to create a linear regression model using Scikit-Learn

1 1 X_train_d = pd.get_dummies(X_train)
train set :

X_train_d.head()

bill_length_mm bill_depth_mm flipper_length_mm |species_Adelie species_Chinstrap species_Gentoo Iisland_Biscae island_Dream island_Torgersen [|sex_Female sex_Male

170 40.4 18.6 190.0 0 1 0 0 1 0 1 Q

239 43,7 15.1 222.0 0 0 1 1 0 0 0 1

214 457 17.0 195.0 0 1 0 0 1 0 1 0

6 389 17.8 181.0 1 0 0 0 0 1 1 0

38 376 19.3 181.0 1 0 0 0 1 0 1 0

test Set f X test d = pd.get _dummies(X test)
2 X _test_d.head()

bill_length_mm bill_depth_mm flipper_length_mm |species_Adelie species_Gentoo ||island_Biscoe island_Torgersen ||sex_Female sex_Male
62 376 17.0 185.0 1 0 1 0 1 0
60 357 16.9 185.0 1 o 1 0 1 o
283 534.3 15.7 231.0 4] 1 1 0 0 1
107 38.2 20.0 190.0 1 0 1 0 0 1
65 418 18.0 182.0 1 0 1 0 0 1
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model using Scikit-Learn

Want to get started with sklearn linear regression? Learn to use Python, Pandas, and scikit-

5 . (44 . p r e d i Ct () %:' EC=>| 2 E _%_ %8H A_l learn to create a linear regression model to predict hause prices.

E&%IEE-“&E 1 rf = RandomForestRegressor()

I.A 2 rf fit(X¥X_train_d, y_train)
. —-—

° —

traln Set | RandomForestRegressor()

test set %7" 1 y pred test d = rf.predict(X_test_d)

ValueError Traceback (m
<ipython-input-338-54d945a%aeb4> in <module>
----» 1 y pred_test_d = rf.predict(X_test_d)

fopt/fconda/lib/python3.7/site-packages/sklearn/ensembl

781 check is fitted(self)
782 # Check data

--> 783 X = self. walidate_X predict(X)
784
785 # Ac-ign chunk of trees to jobs
4
481 return x

ValueError: Mumber of features of the model must match wne inpuc. muuer n_tezwures 1s 11 anu wnpuc n_features is 9
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* pd.get_dummies()= 24| 27| 2 |

* sklearn.preprocessing2| OneHotEncoderg 2A|2

train Set l )(_tr*a::m_d = pd.get_dummies(X train)
2 ¥_train_d.head()
bill_length_mm bill_depth_mm flipper_length_mm |species_Adelie species_Chinstrap species_Gentoo Iisland_Biscoe island_Dream island_Torgersen fsex_Female sex_Male
170 454 18.6 150.0 0 1 o] 0 1 0 1 0
239 43.7 15.1 222.0 0 0 1 1 0 0 0 1
214 457 17.0 195.0 0 1 0 0 1 0 1 0
& 389 17.8 181.0 1 0 0 0 0 1 1 0
38 376 19.3 181.0 1 0 0] 0 1 0 1 0

1 X test d = pd.get dummies(X test)
teSt set 2 X _test d.head()

£

kill_length_mm bill_depth_mm flipper_length_mm |species_Adelie species_Gentoo ||island_Biscoe island_Torgersen ||sex_Female sex_Male

62 376 17.0 185.0 1 0 1 0 1 0
60 35.7 16.9 185.0 1 0 1 0 1 0
283 54.3 15.7 231.0 0 1 1 0 0 1
107 8.2 20.0 190.0 1 0 1 0 0 1
65 41.6 18.0 192.0 1 0 1 0 0 1
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* Permutation importance

Permutation Importances (test set)

Height at age 20 (cm) Height at age 10 (cm) Socks owned at age 10 SeX 7 O'—{ }4

182 55 20 pclass H TH
175 - 147 10 | age - 7]
| embarked - }—{ }—{
156 142 8
3 130

15 24 parch 1 HH

. . fare O}—{ }-1
https://www.kaggle.com/dansbecker/permutation-importance

random_cat - }—{D
random_num 4 © &-ﬂ}—‘
sibspq © #—ﬂ}&

-0.05 0.00 0.05 0.10 0.15 0.20 0.25

https://scikit-learn.org/stable/auto_examples/inspection/plot_permutation_importance.html
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Random Forest

Linear Regression
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Random Forest Linear Regression
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bill_length_mm - fo < ol
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“S k | earn.prep rOceSSi ng / | %% A f-g—él_l' |:|' . ? Howtocreatea l;:;ar regression

model using Scikit-Learn

Want to get started with sklearn linear regression? Learn se Python, Pandas, and scikit-

3 . (14 I\/I in I\/l a XS C a | e r_, learntocreateal|nearregressmn modelto predlcthouse prlces
StandardScaler,
RobustScaler & A&3| AFZSIC}H”

Walking Through a Linear
Regression
A full breakdown of the machine learning process
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before std. scaling after std. scaling
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23| ¢|0|Eq AA|YE T train/test £&t train/test 2¢& train22 AA| Yzl
total train set test set train set test set

" o

hote phbes

I I I I | I | 1 | I | I | 1 |
bill_length bill_depth flipper_length bill_length bill_depth flipper_length bill_length bill_depth flipper_length bill_length bill_depth flipper_length bill_length bill_depth flipper_length
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* G[O|E{7} =274l BetE|= g 0| Bl A4 2=
- Y81 =4 X H02HH[08E E0{FH &
x1 (input) X2 {irl*lput}
1
PowerTransform
'
PCA y_t (target)
+ vy v
ExtraTreesClassifier RandomForest LogisticRegression
I e |
Stack
v
SWC
}
y (output)

https://greekreporter.com/2015/04/09/greece-will-have-huge-benefits-from-the-construction-of-russian-natural-gas-pipeline/
https://www . reddit.com/r/MachineLearning/comments/dxgr40/p_baikal_a_graphbased_functional_api_for building/
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Pipeline EE Pipeline EE Pipeline

-------------------------------------------------------------------------------

preprocessor: ColumnTransformer ! |/ preprocessor: ColumnTransformer | || preprocessor: ColumnTransformer !

num cat ﬂ 1 num cat 1 num cat
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! ! = A ) L P | j { P
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e 1
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Random Forest Linear Regression

species_Gentoo or—{T1+— o— T}
flipper_length_mm Hho

o
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Random Forest Linear Regression
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