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R

library(glmnet)

# glmnet O2 ZX|AE 3|7 + A

X <- scale(as.matrix(X train)); y <- y train

cv_fit <- cv.glmnet(x, y, family='binomial', alpha=0, nfolds=5) # L2
best lambda <- cv fit$lambda.min

coef(cv_fit, s='lambda.min')

Python

from sklearn.linear model import LogisticRegression

# C = 1/A. penalty='11'E Lassok 75

lr = LogisticRegression(C=1.0, penalty='12', max_iter=1000)
lr.fit(X train_s, y train)

print(lr.coef ) # A=

print(lr.intercept ) # ®EH
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library(nnet)




# nnet O2 Ctat EX|AEl 3|9
wine df <- data.frame(X train s, target=factor(y train))

lr multi <- multinom(target ~ ., data=wine df, maxit=1000)
pred <- predict(lr_multi, data.frame(X test s))
mean(pred == y test) # Accuracy

Python

from sklearn.linear model import LogisticRegression
from sklearn.metrics import accuracy score

# sklearn2 XI=OZ CIEEE Mt MEY
1r multi = LogisticRegression(max_iter=1000, random_ state=42)
lr multi.fit(X train s, y train)

print('Accuracy:', accuracy score(y test, lr multi.predict(X test s)))
# predict proba: (ME £, 2zA 5) Hefo o5 A

print('2& HeH:', lr multi.predict proba(X test s).shape)
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library(pROC) # glm()=2 R 7|2 &=

# Cllo|g| &H

# X_train, X test, y train, y test: Pythoni Z2 2% (y: 9M=1)
Xs <- scale(X train) # =@ HO|HZCt W  EFEMX} ALt

df train <- data.frame(xs, target=y train)

xt <- scale(X test, center=attr(xs,'scaled:center'),
scale=attr(xs, 'scaled:scale'))

df test <- data.frame(xt, target=y test) # EHAEE ¥ J|Z0Z ot
=

lr fit <- glm(target ~ ., data=df train, family=binomial)

# 0l 2 "ot

prob <- predict(lr_fit, df test, type='response')
pred <- ifelse(prob > 0.5, 1, 0)

cat('Accuracy:', mean(pred == df test$target), ' ')
roc_obj <- roc(df test$target, prob)
cat('AUC: ', auc(roc_obj), ' ')

Python

from sklearn.datasets import load breast cancer

from sklearn.model selection import train test split
from sklearn.preprocessing import StandardScaler

from sklearn.linear model import LogisticRegression

from sklearn.metrics import accuracy score, roc_auc_score

bc = load breast cancer(as_frame=True)

X, y = bc.data, 1 - bc.target # 24Md=12 FHES

X train, X test, y train, y test = train test split(
X, y, test size=0.2, random state=42, stratify=y)

scaler = StandardScaler()
X train s = scaler.fit transform(X train)

X test s = scaler.transform(X test) # fit 80| transform?@t

lr = LogisticRegression(C=1.0, max_iter=1000, random_ state=42)
lr.fit(X train_s, y train)

prob = lr.predict proba(X test s)[:, 1]

pred = lr.predict(X test s)

print('Accuracy:', accuracy score(y test, pred))
print('AUC:', roc_auc score(y test, prob))
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