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sklearn.datasets LH& = Ol K| T OB ME
sklearn.preprocessing CHASHOOIH N2l 7|8 H& (e sl AHLY 8)
sklearn.feature_selection 7% (feature)E MEHY = U&= 7|5 HS
sklearn.feature_extraction S 7%(feature) F=0]| AtHE

sklearn.decomposition Al = 23 202|E X2 (PCA, NMF, Truncated SVD &)
sklearn.mode!l_selection X HE5E A HIo|HE et5/HAER = 22|, (A ni2t0|HE
sklearn.metrics =&, 27, S AHE, Pairwiseol| i CHYSH 5 5 &8 XS
sklearn.pipeline Ed Nl Sol gt ML Z2[E &5, 015 2 FOAM dde
sklearn. | inear_model M 2|9, HX|(Ridge), 2t*A(Lasso), EX|AEl 3| S 2| 2+H &
sklearn.svm MEE HH HMLIZE NS

sklearn.neighbors F2F o2 &2[FE M-I (kNN &

sklearn.naive_bayes LIO|E Ho|= ¥ n2[&E M-S (7FR*AI2ENB, CHet X NB )
sklearn.tree OAtEE ER| Z1EE MS

sklearn.ensemble o= Ln2[F X3S (Random Forest, AdaBoost, GradientBoost &)
sklearn.cluster HIX|= 22{AHY ¢02|F M-S (k-Means, A58 2{AEHZ, DBSCAN &)

v estimator API

t= API M| 5 (GridSearct
(Accuracy, Precision, Recall, RO!
= SEIE HS

12| &1 SGD(Stochastic Gradie
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scikit-learn
algorithm cheat-sheet

@ regression

predictinga -
category
Es
NO,
<100K few features Nor
— should be WORKING
important

classification

YES

YES

categories
known

samples. NOT
'WORKING

ot
L WORKING
YES

10K . . q
/ = dimensionality
redicting .
@ reduction

v API AL Ol A

import numpy as np
import matplotlib.pyplot as plt
plt.style.use(['seaborn-whitegrid'l])

x = 10 * np.random.rand(50)
y =2 * x + np.random.rand(50)
plt.scatter(x, y);
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# 1. H&ES estimator 2HAE LYEZEGNAN ZEO SeA A&

from sklearn. |inear_model import LinearRegression



#2. 2AHLE 3o

= HO2 OIAEAS

Stofd 222 SHOIIHIHOIE & EH

model = LinearRegression(fit_intercept=True)

mode |

LinearRegression(copy_X=True,

# 3. OIOIE
X = x[:
X

s S& i

, np.newaxis]

21

array([[4.61034553],
[6.44487273],
[1.46984046] ,
[0.49352057],

(3.
(6.
(8.
(3.

16977189],
74337995]
02147322],
25829698] ,

[4.52430905],

(8.8490915

51,
[4.43080995] ,

[7.93061092],
[4.00616424],
[4.23668778],
[1.74460893],

[2.

89708882]

[4.88903762] ,
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0101701

1080991
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[7.4790058
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[7.9384558

[3.0941904

[7.88537167],
[1.07334597],
[1.97640888],
[7.87369839],

[9.2995591
[0.4418047

[1.63388869],
[6.25188701],
[2.89970748] ,
[3.88544976] ,

[4.1232166

[6.57717785],

[7.8786091
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]

[1.47078438]

fit_intercept=True, n_jobs=None,

HIHE X

normal ize=False)



[4.90638523],
[1.68696803]1)

#4. 22 QABAO fit() HNEES S50 22S HOIEN Hat

model . fit(X, y)

LinearRegression(copy_X=True, fit_intercept=True, n_jobs=None, normalize=False)

model .coef_

array([1.98875012])

model .intercept_

0.4828069631628722

#5. DS M CIOIE0 CHol A =2
xfit = np.linspace(-1, 11)
Xfit = xfit[:, np.newaxis]
yfit = model.predict(Xfit)

plt.scatter(x, y)
plt.plot(xfit, yfit, '=—r');
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API 29
datasets. |oad_boston() Oj= EAEO Zoj et E- 744 HIO|H (2| HE&)
datasets. load_iris() X0t EXZ 71T HIOIH (EF8)
datasets. load_diabetes() B OO|H (2|H8)
datasets. load_wine() efelof tiet EX2 7IT HIOIH (27 8)



API 2%
datasets. load_breast_cancer() {IAZ4A FEHA EYE1AE/28 20/= HOIH (EF8)
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fetch_california_housing()

fetch_covtype()
fetch_20newsgroups()
fetch_olivetti_faces()
fetch_| fw_people()
fetch_Ifw_paris()
fetch_revi()

fetch_mldata()
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. YBHE O EL{2| HEfE 7Y
. data: 57 G0 &} A=

e target 2R
* target_names: 7f & 2{|0|&2| O
o feature_names: £7%! 0|

 DESCR: OB M EO]| Tt 2

from sklearn.datasets import load_diabetes

diabetes = load_diabetes()
print(diabetes.keys())

dict_keys(['data', 'target', 'DESCR',

print(diabetes.data)

[[ 0.03807591
-0.01764613]

[-0.00188202 —0.04464164 -0.05147406 ...

-0.09220405]
[ 0.08529891
-0.02593034]

2 20l= &, =2 HE2 <At 2!
=
=

'feature_names',

0.05068012 0.06169621 ...

0.05068012 0.04445121 ...

H[OlH

'data_filename', 'target_filename'])

-0.00259226  0.01990842
-0.03949338 -0.06832974

-0.00259226 0.00286377



[ 6.04170844 0.05068012 -0.01590626 ... -0.01107952 -0.04687948

0.01549073]
[-0.04547248 —0.04464164 0.03906215 ... 0.02655962 0.04452837
-0.02593034]
[-0.04547248 -0.04464164 -0.0730303 ... —0.03949338 -0.00421986
0.00306441]]

print(diabetes.target)

[151. 75. 141. 206. 135. 97. 138. 63. 110. 310. 101. 69. 179. 185.
118. 171. 166. 144. 97. 168. 68. 49. 68. 245. 184. 202. 137. 85.
131. 283. 129. 59. 341. 87. 65. 102. 265. 276. 252. 90. 100. 55.
61. 92. 259. 53. 190. 142. 75. 142. 155. 225. 59. 104. 182. 128.
52. 37. 170. 170. 61. 144. 52. 128. 71. 163. 150. 97. 160. 17/8.
48. 270. 202. 111. 85. 42. 170. 200. 252. 113. 143. 51. 52. 210.
65. 141. 55. 134. 42. 111. 98. 164. 48. 96. 90. 162. 150. 279.
92. 83. 128. 102. 302. 198. 95. 53. 134. 144. 232. 81. 104. 59.
246. 297. 258. 229. 275. 281. 179. 200. 200. 173. 180. 84. 121. 161.
99. 109. 115. 268. 274. 158. 107. 83. 103. 272. 85. 280. 336. 281.
118. 317. 235. 60. 174. 259. 178. 128. 96. 126. 288. 88. 292. 71.
197. 186. 25. 84. 96. 195. 53. 217. 172. 131. 214. 59. 70. 220.
268. 152. 47. 74. 295. 101. 151. 127. 237. 225. 81. 151. 107. 64.

138. 185. 265. 101. 137. 143. 141. 79. 292. 178. 91. 116. 86. 122.
72.129. 142, 90. 158. 39. 196. 222. 277. 99. 196. 202. 155. 77.
191. 70. 73. 49. 65. 263. 248. 296. 214. 185. 78. 93. 252. 150.
77.208. 77. 108. 160. 53. 220. 154. 259. 90. 246. 124. 67. 72.

257. 262. 275. 177. 71, 47.187. 125. 78. 51. 258. 215. 303. 243.
91. 150. 310. 153. 346. 63. 89. 50. 39. 103. 308. 116. 145. 74.
45. 115. 264. 87. 202. 127. 182. 241. 66. 94. 283. 64. 102. 200.

265. 94. 230. 181. 156. 233. 60. 219. 80. 68. 332. 248. 84. 200.
55. 85. 89. 31. 129. 83. 275. 65. 198. 236. 253. 124. 44. 172.
114. 142. 109. 180. 144. 163. 147. 97. 220. 190. 109. 191. 122. 230.

242. 248. 249. 192. 131. 237. 78. 135. 244. 199. 270. 164. 72. 096.

306. 91. 214. 95. 216. 263. 178. 113. 200. 139. 139. 88. 148. 88.

243. 71. 77. 109. 272. 60. 54. 221. 90. 311. 281. 182. 321. 58.

262. 206. 233. 242. 123. 167. 63. 197. 71. 168. 140. 217. 121. 235.

245. 40. 52. 104. 132. 88. 69. 219. 72. 201. 110. 51. 277. 63.
118. 69. 273. 258. 43. 198. 242. 232. 175. 93. 168. 275. 293. 281.
72. 140. 189. 181. 209. 136. 261. 113. 131. 174. 257. 55. 84. 42.
146. 212. 233. 91. 111. 152. 120. 67. 310. 94. 183. 66. 173. 72.
49. 64. 48. 178. 104. 132. 220. 57.]

print(diabetes.DESCR)

.. _diabetes_dataset:

Diabetes dataset

Ten baseline variables, age, sex, body mass index, average blood
pressure, and six blood serum measurements were obtained for each of n =
442 diabetes patients, as well as the response of interest, a
guantitative measure of disease progression one year after baseline.

x*Data Set Characteristics: =

‘Number of Instances: 442



‘Number of Attributes: First 10 columns are numeric predictive values
:Target: Column 11 is a quantitative measure of disease progression one year after baseline

‘Attribute Information:
- Age
- Sex
- Body mass index
— Average blood pressure
- 31
- 32
- S8
- 34
- S5
- S6

Note: Each of these 10 feature variables have been mean centered and scaled by the standard c

Source URL:
https://wwwé.stat.ncsu.edu/~boos/var .select/diabetes.html

For more information see:
Bradley Efron, Trevor Hastie, lain Johnstone and Robert Tibshirani (2004) "Least Angle Regres
(https://web.stanford.edu/~hastie/Papers/LARS/l eastAngle 2002.pdf)

print(diabetes.feature_names)

['age', 'sex', 'bmi', 'bp', 's1', 's2', 's3', 's4', 's5', 's6']
print(diabetes.data_filename)
print(diabetes.target_filename)

/usr/local/lib/python3.6/dist—packages/sklearn/datasets/data/diabetes_data.csv.gz
/usr/local/lib/python3.6/dist—packages/sklearn/datasets/data/diabetes_target.csv.gz

v model_selection BE=

. &8 HO|E{Qt Bl AE HlO|H 2 22
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e Estimator?| StO|o mt2td|H F 2 @[ot Crdot et EefA XS
v train_test_split(): St5/HAE HO|H M E 22|

from sklearn. |inear_model import LinearRegression
from sklearn.model_selection import train_test_split
from sklearn.datasets import load_diabetes

diabetes = load_diabetes()
X_train, X_test, y_train, y_test = train_test_split(diabetes.data, diabetes.target, test_size=0.3)

model = LinearRegression()


https://www4.stat.ncsu.edu/~boos/var.select/diabetes.html
https://web.stanford.edu/~hastie/Papers/LARS/LeastAngle_2002.pdf

model . frt(X_train, y_train)

print("&& OIOIE &2=: {}".format(model.score(X_train, y_train)))
print("Z2JF GI0IE &==: {}".format(model.score(X_test, y_test)))

stg OIoIE &E=%=: 0.5066329772801276
Ot G0l E==: 0.518254941974408

import matplotlib.pyplot as plt

predicted = model.predict(X_test)
expected = y_test
plt.figure(figsize=(8, 4))
plt.scatter (expected, predicted)
plt.plot([30, 350], [30, 350], '—-r')
plt.tight_layout()
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v cross_val_score(): WAt A4S

from sklearn.model_selection import cross_val_score, cross_validate
scores = cross_val_score(model, diabetes.data, diabetes.target, cv=5)

Hstc: {}". format(scores))
HEe: {

print(" = }+/- {}".format(np.mean(scores), np.std(scores)))
WX 2= Hete: [0.42955643 0.52259828 0.4826784 (0.42650827 0.55024923]
WIx A= AE T 0.48231812211149394 +/- 0.049266197765632194

v GridSearchCV: WA} AZ 1 =X 5}0| I mp2f0[E &7



from sklearn.model_selection import GridSearchCV
from sklearn. |inear_model import Ridge
import pandas as pd

alpha = [0.001, 0.01, 0.1, 1, 10, 100, 1000]
param_grid = dict(alpha=alpha)

gs = GridSearchCV(estimator=Ridge(), param_grid=param_grid, cv=10)
result = gs.fit(diabetes.data, diabetes.target)

print("=& &H<4=: {}". format(result.best_score_))
print("=& IMmet0lE: {}".format(result.best_params_))

print(gs.best_estimator_)
pd.DataFrame(result.cv_results_)

AN H=+: 0.4633240541517593

XM m2tojE: {'alpha': 0.1}

Ridge(alpha=0.1, copy X=True, fit intercept=True, max_iter=None,
normalize=False, random_state=None, solver='auto', to0l=0.001)

mean_fit_time std_fit_time mean_score_time std_score_time param_alpha

0 0.001146 0.000855 0.000783 0.000387
1 0.000549 0.000074 0.000504 0.000031
2 0.000501 0.000023 0.000488 0.000017
3 0.000535 0.000031 0.000537 0.000087
4 0.000564 0.000049 0.000529 0.000071
5 0.000538 0.000033 0.000502 0.000033
6 0.000581 0.000072 0.000537 0.000091

e multiprocessing = O| &%t GridSearchCV

import multiprocessing
from sklearn.datasets import load_iris
from sklearn. |inear_model import LogisticRegression

iris = load_iris()

param_grid = [ { 'penalty': ["I1', "I2'],
'c': [1.5, 2.0, 2.5, 3.0, 3.5] } ]

gs = GridSearchCV(estimator=LogisticRegression(), param_grid=param_grid,
scoring="accuracy', cv=10, n_jobs=multiprocessing.cpu_count())

0.001

0.01

0.1

10

100

1000

par
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result = gs.fit(iris.data, iris.target)

print("== &Hz=: {}".format(result.best_score_))

AN Thetolel: {}".format(result.best_params_))
print(gs.best_estimator_)
pd.DataFrame(result.cv_results_)



X F=: 0.9800000000000001

XA m2tole: {'c': 2.5, 'penalty': '12'}

LogisticRegression(C=2.5, class_weight=None, dual=False, fit_intercept=True,
intercent scaline=1. 11 ratio=None. max iter=100.

v preprocessing OOl M2 2=

o HO|ES] EA AH L (feature scaling)S ¢Iet & S 2 B F3}(Standardization)2t A 7

zl(Normalization) AH&

3

of

M

e H

, x; —mean(x)
T, =
‘ stdev(x)

: z; — min(z)

T, =

mazx(x) — min(x)

o scikit-learnO| M= 7 HIE 37| 2 Y3 = FEfZE 3t

v StandardScaler : EE3} A

iris = load_iris()
iris_df = pd.DataFrame(data=iris.data, columns=iris.feature_names)
iris_df.describe()

sepal length (cm) sepal width (cm) petal length (cm) petal width (cm)

count 150.000000 150.000000 150.000000 150.000000
mean 5.843333 3.057333 3.758000 1.199333
std 0.828066 0.435866 1.765298 0.762238
min 4.300000 2.000000 1.000000 0.100000
25% 5.100000 2.800000 1.600000 0.300000
50% 5.800000 3.000000 4.350000 1.300000
75% 6.400000 3.300000 5.100000 1.800000
max 7.900000 4.400000 6.900000 2.500000

from sklearn.preprocessing import StandardScaler

scaler = StandardScaler ()

iris_scaled = scaler.fit_transform(iris_df)

iris_df_scaled = pd.DataFrame(data=iris_scaled, columns=iris.feature_names)
iris_df_scaled.describe()


https://scikit-learn.org/stable/modules/preprocessing.html
https://scikit-learn.org/stable/modules/linear_model.html#logistic-regression

sepal length (cm)

sepal width (cm)

petal length (cm)

petal width (cm)

count 1.500000e+02 1.500000e+02 1.500000e+02 1.500000e+02
mean -1.690315e-15 -1.842970e-15 -1.698641e-15 -1.409243e-15
std 1.003350e+00 1.003350e+00 1.003350e+00 1.003350e+00
min -1.870024e+00 -2.433947e+00 -1.567576e+00 -1.447076e+00
25% -9.006812e-01 -5.923730e-01 -1.226552e+00 -1.183812e+00
50% -5.250608e-02 -1.319795e-01 3.364776e-01 1.325097e-01
75% 6.745011e-01 5.586108e-01 7.627583e-01 7.906707e-01

A AAANAAAN_ . AN A AAATIF_ . AN A TArAann_ . AN A FANANAAAN_ . AN

X_train, X_test, y_train, y_test = train_test_split(iris_df_scaled, iris.target, test_size=0.3)

model = LogisticRegression()
model.fit(X_train, y_train)

print("E& OIOIE &Z: {}".format(model.score(X_train, y_train)))
print("ZOF GIOIE &<4: {}".format(model.score(X_test, y_test)))

28 oIy E==: 0.9809523809523809
Ot diole E==: 0.911111111111111

MinMaxScaler : D2t A

from sklearn.preprocessing import MinMaxScaler

scaler = MinMaxScaler ()
iris_scaled = scaler.fit_transform(iris_df)

iris_df_scaled = pd.DataFrame(data=iris_scaled, columns=iris.feature_names)

iris_df_scaled.describe()

sepal length (cm)

sepal width (cm)

petal length (cm) petal width (cm)

count 150.000000 150.000000 150.000000 150.000000
mean 0.428704 0.440556 0.467458 0.458056
std 0.230018 0.181611 0.299203 0.317599
min 0.000000 0.000000 0.000000 0.000000
25% 0.222222 0.333333 0.101695 0.083333
50% 0.416667 0.416667 0.567797 0.500000
75% 0.583333 0.541667 0.694915 0.708333
max 1.000000 1.000000 1.000000 1.000000

X_train, X_test,

y_train, y_test = train_test_split(iris_df_scaled, iris.target, test_size=0.3)



mode| = LogisticRegression()
model.fit(X_train, y_train)

print("&& OIOIE &Z=: {}".format(model.score(X_train, y_train)))
print("ZE2JF GOI0IE H==: {}".format(model.score(X_test, y_test)))

E¢ Olole &= 0.9333333333333333
Ot G0l H==: 0.9555555555555556
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v ™M= (Accuracy)

o = TH OS5 HolH de F 05 207t 2 HO[H d= Al

e scikit-learnO| Al = accuracy_score &+E MH&

from sklearn.datasets import make_classification
from sklearn. |inear_model import LogisticRegression
from sklearn.metrics import accuracy_score

X, v = make_classification(n_samples=1000, n_features=2, n_informative=2,
n_redundant=0, n_clusters_per_class=1)

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.3)

model = LogisticRegression()
model.fit(X_train, y_train)

print("&& OIO0IEH Hz=: {}".format(model.score(X_train, y_train)))
print("ZEoF OOl &==: {}".format(model.score(X_test, y_test)))

predict = model .predict(X_test)
print("A&%: {}". format(accuracy_score(y_test, predict)))

E¢ OI0Ie E==: 0.9485714285714286

ZOt Ol &= 0.9533333333333334
Z & 0.9533333333333334

v QX+ HEH(Confusion Matrix)

 True Negative: 0| 57}2 Negative 2f 022 0| =30, MK 7*5 Negative %f 0
* False Positive: 0| 54t 2 Positive 2f 12 0| & §”._EI, *'Xﬂ 2 Negative 24 0

=
e False Negative: 0| 52} S Negative 2t 022 0|=3H =0, A K| 2t Positive 3f 1
e True Positive: 0| =Z}2 Positive 2f 12 0|3 10, M X ZHE Positive Zf 1

from sklearn.metrics import confusion_matrix

confmat = confusion_matrix(y_true=y_test, y_pred=predict)
nrint(confmat)



v

]
[ 2 165]]

fig, ax = plt.subplots(figsize=(2.5, 2.5))
ax.matshow(confmat, cmap=plt.cm.Blues, alpha=0.3)
for i in range(confmat.shape[0]):

for j in range(confmat.shape[1]):

ax.text(x=j, y=i, s=confmat[i, j], va='center', ha='center')

plt.xlabel('Predicted label')
plt.ylabel('True label")
plt.tight_layout()

plt.show()
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MY = (Precision) 2t X ¥ & (Recall)

e §UZ =TP/(FP+TP)

Melg =TP/(FN +TP)
. §§H£=UN+TH/GN+FP+FN+TW
o LFE=(FN+FP)/(TN+FP+FN+TP)

from sklearn.metrics import precision_score, recall_score

precision = precision_score(y_test, predict)
recall = recall_score(y_test, predict)

< {}".format(precision))
print("XM&=: {}".format(recall))

= T 0.9322033898305084
Me&&: 0.9880239520958084
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Pl — 9w precision X recall

precision + recall

from sklearn.metrics import fl1_score
f1 = f1_score(y_test, predict)
print("F1 Score: {}".format(f1))

F1 Score: 0.9593023255813954

e ROC =12 FPR(False Positive Rate)O| & [f TPR(True Positive Rate)O| O & H| HSt=X|
LtEtL = =M

o TPR(True Positive Rate): TP / (FN + TP), M3 &
o TNR(True Negative Rate): TN / (FP + TN)
o FPR(False Positive Rate): FP / (FP + TN), 1- TNR

e AUC(Area Under Curve) 2= ROC =41 20| HXZ 3t gf (10| 7HIt2

0H>|
rlo

from sklearn.metrics import roc_curve

pred_proba_classt = model.predict_proba(X_test)[:, 1]
fprs, tprs, thresholds = roc_curve(y_test, pred_proba_classi)

plt.plot(fprs, tprs, label="ROC")

plt.plot([0, 1], [0, 1], '==k', label='Random")
start, end = plt.xlim()
plt.xticks(np.round(np.arange(start, end, 0.1), 2))
plt.xlim(0, 1)

plt.ylim(0, 1)

plt.xlabel ('FPR(1-Sensitivity)")

plt.ylabel ('TPR(Recall)")

plt.legend();
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from sklearn.metrics import roc_auc_score
roc_auc = roc_auc_score(y_test, predict)

print("ROC AUC Score: {}".format(roc_auc))

ROC AUC Score: 0.948899194093017
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« scikit-learn A}O| E: https:/scikit-learn.org/
e Jake VanderPlas, "Python Data Science Handbook", O'Reilly
e Sebastian Raschka, Vahid Mirjalili, "Python Machine Learning", Packt

e Giuseppe Bonaccorso, "Machine Learning Algorithm", Packt
e Aurelien Geron, "Hands-On Machine Learning with Scikit-Learn, Keras, and TensorFlow:
Concepts, Tools, and Techniques to Build Intelligent Systems", O'Reilly


https://scikit-learn.org/

