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2-5. R/ Python 2 E
R

library(stats)

# 1. EE3t 5 PCA
X scaled <- scale(X train)
pca fit <- prcomp(X scaled, center=FALSE, scale.=FALSE)

# 2. MYE 24 HE
var_ratio <- pca fit$sdev”2 / sum(pca fit$sdev”"2)
cumsum(var_ratio) # £& 24

-

# 3. AT PC = MEH S H3
n_comp <- 10
X train pca <- as.matrix(X scaled) %*% pca fit$rotation[, 1:n_comp]

# EH|AE O|o|H He (2 7|& rotation JE ALE)
X test scaled <- scale(X test, center=attr(X scaled, 'scaled:center'),
scale=attr(X scaled, 'scaled:scale'))




X test pca <- as.matrix(X test scaled) %*% pca fit$rotation[, 1:n_comp]

Python

from sklearn.decomposition import PCA
from sklearn.preprocessing import StandardScaler

# 1. BZES (28 HO|H=T fit)
scaler = StandardScaler()
X train s = scaler.fit transform(X train)

X test s scaler.transform(X test)
# 2. =X B 20l = pC 4 ZH
pca_full = PCA().fit(X train_s)

import numpy as np
cumvar = np.cumsum(pca_full.explained variance ratio )

n_comp = np.argmax(cumvar >= 0.95) + 1 # 95% 7|& Xtz MEH
print(f'MeiEl PC 2: {n_comp}')

# 3. PCA M8

pca = PCA(n_components=n_comp)

X train pca = pca.fit transform(X train s)

X test pca = pca.transform(X test s) # fit £0| transform@t
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UMAP A %]

UMAP 2 scikit-learn Off LYZE|0 QUX| gfof HE MX|7F HegtL|Ct.
pip install umap-learn == conda install -c conda-forge umap-learn
R: install.packages('uwot) = install.packages('umap’)

3-4. R | Python 2 E
R

# t-SNE
library(Rtsne)




set.seed(42)
# PCAZ X £l T t-SNE #Z (cHg2F HIo|H)
tsne fit <- Rtsne(X scaled, dims=2, perplexity=30,
verbose=FALSE, max_iter=1000)
plot(tsne fit$Y, col=y train+l, pch=19, cex=0.6,
main='t-SNE 2D £g"')

# UMAP

library(uwot)

umap_fit <- umap(X scaled, n_components=2)

plot(umap fit, col=y train+l, pch=19, cex=0.6,
main='UMAP 2D §£&')

Python

from sklearn.manifold import TSNE

# t-SNE (CHEZO0|H PCA WX HE HZE)

tsne = TSNE(n_components=2, perplexity=30,
random state=42, max_iter=1000)

X tsne = tsne.fit transform(X train_s)

import matplotlib.pyplot as plt
plt.scatter(X tsne[:,0], X tsne[:,1], c=y train, cmap='RdYlGn', s=10)
plt.title('t-SNE 2D £&'); plt.show()

# UMAP (B MX| ZQ: pip install umap-learn)

import umap

reducer = umap.UMAP(n_components=2, random state=42)
X umap = reducer.fit transform(X train s)

# M Hlo|E] £& 7t (t-SNE2 CHE)

X test umap = reducer.transform(X test s)
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