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Hfl'animal '] . value_counts()
executed in 21ms, finished 15:40:30 2021-02-18
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df["animal'] = df['animal '] .replace(['dolphin', 'snake', 'bear'], wvalue='etc')

df['animal'] . value_counts()
executed in 10ms, finished 15:44:27 2021-02-18
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(1) &= 28 (Interaction term)
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CtetAl (Polynomial term)

Simple linear model
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(2) CtetA (Polynomial term)
1 ABRE" & 2 CHRAl F71817)

from sklearn.preprocessing import PolynomialFeatures
poly = PolynomialFeatures(2)
X_poly = poly.fit_transform(X)
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Skewed Data
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Log Transformation
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"I O|E{ 7} BC}" = not only ROW but also COLUMN (features)
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Dimension reduction (X} =4)... ex) PCA
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2) D 7|d MEH ( Model-based Selection )
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3) HEE2X™ MEH ( |terative Selection )
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CHEX Rl 7|= : F-score

( Classification2| 4<% ) ( Regression2| &%)
Source df Sum of Squares Mean Sum of Squares F-test p-value
- (SS) (MmsS) .
of Variation CDI‘I‘Z
Treatment k-1 SSTr MSTr=SSTr/(k-1) F=MSTr/MSE ( 1— Cm"r2
Error N-k SSE MSE=SSE/(N-k) d f
Total N-1 SSTo




Classification
select = SelectPercentile(percentile=50,score_func=f classif) PHe| Bl & F-score? &2
select fit(¥X train,v_train)
executed in 7ms. finished 16:47-51 2021-02-18 AL n%el HEDHE AFE
SelectPercentile(percentile=50)
select? = SelectkBest(k=5,score_func=f_classif) P7Ho| B~ = F-scoreZ} =2
select?. fitlX train,y_train)
executed in 14ms, finished 16:48:35 2021-02-18 A2l n7he| BHH=BI= ALE!

SelectkBest(k=5h)



select = SelectPercentile(percentile=50,score_func=f regression)
select. fit(¥X train,yv_train)

executed in Tms, finished 16:47:51 2021-02-18

SelectPercentile{percenti le=50)

select? = SelectKBest( k=5, score_func=f_regression)
select? fit(X_train,y_train)

executed in 14ms, finished 16:48:35 2021-02-18
SelectkBest(k=5)

Regression



Example) Random Forest

Decision Tree-1 Decision Tree-2 Decision Tree-N

Result-1 Result-2 Result-N

L»{ Majority \Voting / Averaging F—J

Final Result




Training dataset
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Random Forest Feature Importances (MDI)
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threshold : string or float, default=None

tq A A E H The threshold value to use for feature selection. Features whose importance is greater or equal are kept while
4) I_ _I_ I_ _I the others are discarded. If “median” (resp. “mean”), then the threshold value is the median (resp. the mean)
of the feature importances. A scaling factor (e.g., “1.25*mean”) may also be used. If None and if the estimator
has a parameter penalty set to |1, either explicitly or implicitly (e.g, Lasso), the threshold used is Te-5.
Otherwise, "mean” is used by default.

select = SelectFromMode | (RandomForestClassifiectrest imators=100, random_state=42)

[(hreshold="median =~
executed in 17ms, finished 16:58:43 2021-02-18

select fit(X_train,y_train)
executed in 183ms, finished 16:58:55 2021-02-18

SelectFromMode | (est imator=RandomForestClassifier (random_state=42),
threshold="med ian")

X train_ |1 = select . transform(X_train)
executed in 30ms, finished 16:59:08 2021-02-18

_train_I1. shape
executed in 20ms, finished 16:59:14 2021-02-18

(455, 40)
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Recursive Feature Elimination

s M
%

X EA‘l A1 EH least important features are pruned(=eliminated)
DL =1 from current set of features

select = RFE(RandomForestClassifier({n_estimators=100, random_state=42),
n_features_to_select=40]
select . fit(¥_ train,y_train]

executed in 11ms, finished 17:06:49 2021-02-18

mask = select.get_support()

executed in 10ms, finished 17:07:06 2021-02-18

mask
executed in 12ms, finished 17:07:06 2021-02-18

arrayl[ True, True, True, True, True, True, True, True, True,
True, True, True, True, True, True, False, True, True,
True, True, True, True, True, True, True, True, True,
True, True, True, False, False, False, False, True, True,
False, False, True, False, True, False, False, False, True,
False, True, False, False, False, False, False, True, False,
True, False, True, False, True, Falzse, False, False, False,
False, False, True, False, False, False, False, False, Falsze,
False, False, False, False, False, False, False, False])
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plt .matshow(mask .reshape(i,—1) ,cmap="gray_r')
plt .xlabel{ 'Used Target ']

executed in 77ms, finished 17:08:28 2021-02-18
Text{0.5, 0, '"Used Target')

0 10 20 30

40

L

70

Used Target




Ridge & Lasso
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Ridge & Lasso

AHI™ Ol MG 3|
(Linear Regression)

Ridge

Lasso

N N M -
Cost (W) = RSS(W) = Z{}’i -9 = Z {}’i - Z w; xij}
i=1 i=1 j=0

Cost (W) = RSS(W) + A * (sum of squares of weights)

N M £ M
=1 j=0 j=0

Cost (W) = RSS(W) + A * (sum of absolute value of weights)

S-S 11

i=1




Ridge & Lasso

Ridge®t Lasso 25 E7 feature2| weight(parameter)?} HF AHX|= ZAS X O{BHCH
Xo[H -
- Ridge?| A 20|= 1 weight?} 00| & = 4X|3H

- Lassol| A20|l= 1 weightZ} 00] & = QC}

[[t2} A, Lasso= feature selection® {IiM SF At =ICH



Ridge & Lasso

contours of RSS as
it move away from
the minimum

B

RSS (Least Square)
coefficients
The lasso coefficients

The ridge regression
coefficients

B,

The penalty term (budget)
shown as a constraint region

LASSO RIDGE REGRESSION



Ridge & Lasso

Ridge

Lasso
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Cross Validation

Full dataset

Training set Testing set
/\ *
Training set Val. set | | Testing set




Cross Validation
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use Cross Validation!



Cross Validation
K-fold CV

K lterations (K-Folds)

Validation Training
Fod - —Fou (1) A HOIEHE K S&
1st — Performance1—
(2) For k in (1:K):
2nd — Performance , o ) )
kKW 228 validation data®
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