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NHIXEE N %, #BE% 2] (Learning scikit-learn: Machine Learning in Python) XAPHICMEM—LLinfE, SEWHW. Scikit-learniX /MU &iE
T2, KRR R TR VAT, LB TS

XFT AL ST SR, GEARN TR A5, [N B RIS S0, Rtz ia i i, AN, WERAENS LLBOWAR SR Scikit-learn ] ()% FILA
B AL LU 2 5. (RSO S5/ TR M E 2 |, A Raggle® B 5 38 KK I A H] LU A Top25%.

R P RAIG R H AT A A, stk & Lt F|eITHUB L.
LT, AR 200 A T, A REAE S R, R R X S RO R A B SR IR (AR, AR BATREH 10

Figh, SRR PR, JF H Y A& fERagglesn S8 2 R IBL AL, LUl Xgboost, gensim¥. Tensorflow’iid & 75 AEH /i Ragglest 38113444, &
34 T HEN ) 2

R, ®AAENHE 5T (Deep Learning) AMIH 155/ B FMRAERE, 5 =0l % T HIZCH IR K. WS SR ST LA A A, JF— 2
% 5 CE BRI

FERRI AT ACE T IR, I At

FHER: A ANEEXALEF S Anacondaill 174 > https : //www.continuum. io/downloads
o FIEHT I AL B AT IR T & Bk, LR F R RGBT LLZeds, —RVEMR LR 2 e & i) .
BIEZ G, T REANMREBGS R RS NES, BRE—/IMAC 27" "fiF —FEHC:)  GEINE .

KA Ji T AR #R & 7E Ipy thon A BE R, [H A — St )7 S A printiX AN A i, 151 W& . In[*]/0ut[*1 X Fitricth
& Ipythonkif .

»

XA 2Bl Py thon I I g 2 o) SLEk— SEPRAF PUAN ST HG 28 W2 >) . ol Bee o) i
B e B A T ANRAT Y 5i8 S AR R A A T

FRF X J VAR S L AR P A B 45, X TRagglefffE5s, A NS KA T B 4 JUAE & FINLES 5 ST ke A HE e v
M, IEE XA, KHscikit-learn & pandasfilffifi, i#l<: it Top25%:

1) pandas i csvili#F tsv (Kaggle I f{JHHEIE AHR b & 8k )

2) FHEDIIE, #M2%dE, feature extraction (DictVec, tfidfVec® 4%, MRIEHIEAA MR, OK, EBUE, &4, xees
7 AEA) feature_selection, grid _searching the best hyperparameters (model_ selection), ensemble
learning (EFELGEUF L5 I3 NLEHE) |, predict B proba_predict (HURTATRFHIRACER, REESRLER, LR

TRBEE, ZAKHMRAK) .

3) FHEZ MG, #h2%dl, feature extraction (DictVec, tfidfVec® %%, MMM ISAIM 5, CA, EUE, &4, xitih

BT AHAR) , B4 (Pca, RBMASE) , feature selection (WIRMF4EE 2 56 H LE), ensemble learning
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1.1 MR E
ff I scikit-learn$ o Tl 22 2R fu A AV AL, BEATZRME 7 JSshik. ZeME 4> 2488, Logistic RegressionltEi#H,
EA R AT, RIS AL AN KA — M TR . XN ERagglen A H HE,

http://localhost:8888/notebooks/PythonNotebook/Scikit-learn/linear classifier.ipynb

In [1]:

from sklearn.datasets import load iris
from sklearn.cross_validation import train test split
from sklearn import preprocessing

# I

iris = load iris()

# IEHURFILE S bRAE

X iris, y _iris = iris.data, iris.target

# LIRS B 1 N RAE
X

, Yy = X iris[:, :2], y_iris

# I EEOY, 258N ZREUE A el kAR

X train, X test, y train, y test = train test split(X, y, test size=0.25, random state = 33)

# WA IERORE AT AR AL UL B, XSRS B, (E R R B Lk T g
scaler = preprocessing.StandardScaler ()

X train = scaler.fit transform(X_ train)

X test = scaler.transform(X test)

from sklearn.linear model import SGDClassifier

# LI AISGDAr 28 %%, A RMUBIEE, BENURR LT BRIkl T 24
clf = SGDClassifier ()

clf.fit(X train, y_train)

# AR

from sklearn import metrics
y_train predict = clf.predict(X train)

# PO, A U GRAE A HEAT AT 1 fE PP A

print metrics.accuracy score(y_train, y train predict)

# ARAESNIN, A N AR A HEAT HE R L REITAh
y_predict = clf.predict(X_ test)

print metrics.accuracy score(y_test, y predict)

0.660714285714
0.684210526316

In [2]:

# WORTEEEINVEM LAY, L lllprecision, recall, accuracy, A UMEUITF 4L

print metrics.classification report(y_test, y predict, target names = iris.target names)

precision recall fl-score support


http://localhost:8888/notebooks/PythonNotebook/Scikit-learn/linear_classifier.ipynb

setosa 1.00 1.00 1.00 8

versicolor 0.43 0.27 0.33 11

virginica 0.65 0.79 0.71 19

avg / total 0.66 0.68 0.66 38
In [4]:

# WRA AR AT SGDClassifierl)/r KL AL, FAIH E AN FIFIEE, BULT ZHEHAE U 2 9N 82, R0 T It — R A Ak

from sklearn.cross validation import cross_val_score, KFold

from sklearn.pipeline import Pipeline

from sklearn.preprocessing import StandardScaler

# X I Pipeline, { THREMIMIEIPEEE, —Miis, BIAIEELIZ BT, X % feature_extraction, preprocessing, W EILIE.
# X REAVEAENN S HILE

clf = Pipeline([('scaler',6 StandardScaler()), ('sgd classifier',6 SGDClassifier())])

# 577 XIE A HIR RS
cv = KFold(X.shape[0], 5, shuffle=True, random state = 33)

scores = cross_val score(clf, X, y, cv=cv)

print scores

# PR TSRS TERE, PR RS 22

print scores.mean(), scores.std()

from scipy.stats import sem
import numpy as np

# X R ZE T RBOEA AR, SRR
http://www.graphpad.com/guides/prism/6/statistics/index.htm?stat_semandsdnotsame.htm

print np.mean (scores), sem(scores)
[ 0.56666667 0.73333333 0.83333333 0.76666667 0.8 1

0.74 0.0928559218479
0.74 0.0464279609239

MEE—T: RS RBEILM, Logistic_regressionffscikit-learnT A I, HLSGDIX AR T, I 41 FH ¥ A
fif, (HE SE DRERT I FRATT AR . SGD Y 2885 1] LA MAR SRR LB 25 ML 73 R AR I PR RS, (FU2 (T IE UMb T 24, PRI B P Re 2 A 2
IRFSE, & EE RS SRR 1 VR R .
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1.2 sSVvM /s

Ry, BAVRFSCFFENL, KRS, VEREZ B M K g k28, —BmE, TR giEmst. ELHT
A UAGI N — 264245007 (kernel trick), AJUUKPRFAEMSS 2SN m 4L, S ARLe i 2 m) b, AT s =2 (AR 13 S ml 7. F3 0
FsvmrA B R 2 i U BRI SCRR IR AR 9 e 20 RAs T I E S, R, RUEECR RS M e L, JRLRMEm, AL SHRZM
WAEE R, R TR SR A R I cPUI BB /. 734k, XA REIE G T EEM K, A& A BRI M.

http://localhost:8888/notebooks/PythonNotebook/Scikit-learn/SVM classifier.ipynb
XHEBAEH ATeT 4005k A, XA MBHRERNH :

In [1]:

from sklearn.datasets import fetch olivetti_ faces

# X BRI AR B B, HOR R I SRR R 2 T
faces = fetch olivetti faces()

In [2]:

# XHUER], BE R UDictMAAF MG, S 2 B AR ik 50—

faces.keys ()
Out[2]:
['images', 'data', 'target', 'DESCR']

In [3]:


http://www.graphpad.com/guides/prism/6/statistics/index.htm?stat_semandsdnotsame.htm
http://localhost:8888/notebooks/PythonNotebook/Scikit-learn/SVM_classifier.ipynb

# {3 1] shape /s 145 36 Kl dis MU
print faces.data.shape

print faces.target.shape

(400L, 4096L)
(400L,)

In [4]:

from sklearn.cross validation import train test_split
from sklearn.svm import SVC

# [FIFER SR 259 Tk
X train, X test, y train, y test = train test split(faces.data, faces.target, test size=0.25, random state=0)
In [5]:

from sklearn.cross_validation import cross_val score, KFold
from scipy.stats import sem

# 3 —AME T2 SRR B PR R 1) R A (REHD
def evaluate cross_validation(clf, X, y, K):
# KFold MM(FEZE M T2 4. Mk, XIS, REWHM
cv = KFold(len(y), K, shuffle=True, random state = 0)

# R IR 28R 77 2 AT 2 IR, MBRBE YRR, X TS m , IX L6455 BRI Sk accuracy, AT DMEHCN I
scores = cross_val_score(clf, X, y, cv=cv)

print scores

print 'Mean score: %.3f (+/-%.3f)' % (scores.mean(), sem(scores))

# LM Nsve (SRR F M, 2RTHERAHIED
svc_linear = SVC(kernel='linear')
# I XIRIE K = 5

evaluate cross validation(svc_linear, X train, y_train, 5)

[ 0.93333333 0.86666667 0.91666667 0.93333333 0.91666667]
Mean score: 0.913 (+/-0.012)

LV VR VR VR VR VR R VR VR VYV VR VR VR VR VR VR VRV VRV VY VR VR T VT VL VR VR VR VTR VR VT VR VR VR VR VR VR YR VT VR VY VR VR VT VT VT VT VY VIR

1.3 R NHH4r3EE (Naive Bayes)
X ARG AN 28 DU 343288, RESEIGIEN, XA RBBITE S SUAR S R BRI R 1P SRR, 25t F kit pEix
FATLS, BATH T X 5 20 W SCARF AEAE SE ST 5, I AR 2R PRI O A A R AiE 5T

http://localhost:8888/notebooks/PythonNotebook/Scikit-learn/NB classifier.ipynb

In [1]:

from sklearn.datasets import fetch 20newsgroups

In [2]:

# 5T NIEROE SR e, 2085 I 2o 1R RE 75 2 I 2 e Hor T
news = fetch 20newsgroups (subset='all')

In [9]:

# EIMIE, RAFMdicttt, J18846% A
print len(news.data), len(news.target)
print news.target

18846 18846
[10 317 ..., 3 1 7]

In [4]:

# I T I S AR
print news.target names
print news.target names._ len ()

['alt.atheism', 'comp.graphics', 'comp.os.ms-windows.misc', 'comp.sys.ibm.pc.hardware', 'comp.sys.mac.hardware', 'comp.windows.x', 'mis
20

In [5]:

# [FIRE, FRATIEI25% M Hc FI R DA B 2L 1 e

from sklearn.cross_validation import train test split
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X train, X test, y train, y test = train test split(news.data, news.target, test size=0.25)
In [6]:

print X train._len_ ()
print y_train._ len ()
print X test._ len ()

14134

14134

4712

In [13]:

# VFZRUGHURE TE I E AR KA, R U E R pixe 5 B, SCA NI 2t — 0 A B AR AUE AL 115 B

from sklearn.feature_extraction.text import CountVectorizer, HashingVectorizer, TfidfVectorizer
from sklearn.naive bayes import MultinomialNB

from sklearn.pipeline import Pipeline

from sklearn.cross_validation import *

from scipy.stats import sem

# FAITENB_Classifier((JEfili b, HURAFAEAEC it fe . JF B Piplinefijfb i 22 I 2 72

clf 1 = Pipeline([('count vec', CountVectorizer()), ('mnb', MultinomialNB())])

clf 2 = Pipeline([('hash _vec', HashingVectorizer (non_negative=True)), ('mnb', MultinomialNB())])
clf 3 = Pipeline([('tfidf vec', TfidfVectorizer()), ('mnb', MultinomialNB())])

# 3 —AME 28 IR IR R B R 1) R (RO
def evaluate cross_validation(clf, X, y, K):
# KFold HMFHFZEMTSH, H¥is, K, Z2HUEM
cv = KFold(len(y), K, shuffle=True, random state = 0)
# KA BRI 73 B8 757 AT A IR, N, R T R, X845 BRIN Sk accuracy, AT LMEECN AT
scores = cross_val_score(clf, X, y, cv=cv)
print scores
print 'Mean score: %.3f (+/-%.3f)' % (scores.mean(), sem(scores))

In [14]:

clfs = [clf 1, clf 2, clf 3]
for clf in clfs:

evaluate cross_validation(clf, X train, y train, 5)

[ 0.83516095 0.83374602 0.84471171 0.83622214 0.83227176]
Mean score: 0.836 (+/-0.002)
[ 0.76052352 0.72727273 0.77538026 0.74778918 0.75194621]
Mean score: 0.753 (+/-0.008)
[ 0.84435798 0.83409975 0.85496993 0.84082066 0.83227176]
Mean score: 0.841 (+/-0.004)

In [15]:

# RS R, RATRIUE AR RO AR B MEREAR 2. IR p 2 —, b — B SRR ARE A0 kS T 1 A
clf 4 = Pipeline([('tfidf vec adv', TfidfVectorizer (stop words='english')), ('mnb', MultinomialNB())])
evaluate cross_validation(clf 4, X train, y_train, 5)

[ 0.87053414 0.86664308 0.887867 0.87371772 0.86553432]
Mean score: 0.873 (+/-0.004)

In [16]:

# R ESOU r RER R 2L WA b B
clf 5 = Pipeline([('tfidf vec adv', TfidfVectorizer (stop_words='english')), ('mnb', MultinomialNB(alpha=0.01))])

evaluate cross_validation(clf 5, X train, y train, 5)

[ 0.90060134 0.89741776 0.91651928 0.90909091 0.90410474]
Mean score: 0.906 (+/-0.003)

LV R VR VR VR VR VR R R R VR VT VR VR VR VR VR VR VT VR VR VR VR VR VR R VR R VT VR VR VR VR VT T T VT VR VR VR VR VR VR R R VL VT VR VR VR VR VL VT VX VIR

1.4 RRM S (Decision Tree) / HFHi4r34% (Ensemble Tree)

ZHIM YRR ZH —F L sbf:

a) B RN TRIE S R BB R R VR, WHEBFEE MR, BURMEPHR, inTitanicidid, WRESE
e G AR R IEA G, B AR, A FTREAAT: (R HSTE, XAMEBRAEIRD, AREIEMSR, MR e NS/ N EE



MELPAFEFIN = EFEOL, LR A TR, B, &EARRIER K.
b) BI{E A RS VMR 73 2 8%, BRATTARAER 2 W 70 S8R 7 B0 Ui, Jodh e 7 7 eas 2 W] TAR (Y, el ik MOS8 11 B2
B RYESE . AW MRREESE, X LR R B

RS 3 R AR 7 LR AU . RAVE A Titanic (FRIEJEW T HIRIRICT) XA KO SR S — /N TH0II 3 e 25 2 75 3R R 43 26
o
http://localhost:8888/notebooks/PythonNotebook/Scikit-learn/DecisionTree_classifier.ipynb

In [1]:

# XY T ARG T, ATSIN—AHi 10 T A fipandas

import pandas as pd

import numpy as np

titanic = pd.read csv('http://biostat.mc.vanderbilt.edu/wiki/pub/Main/DataSets/titanic.txt')
In [2]:

IEMEROE, A2 BURRHERIAAE, AEERR . JONBR, FrrE8, EREH SR IEIR S,
titanic.head()

Out[2]:
row.names pclass survived name age embarked home.dest room ticket boat sex
0 1 1st 1 Allen, Miss Elisabeth 29.0000 Southampton St Louis, MO B-5 24160 2 female
Walton L221
1 2 1st 0 Allison, Miss Helen 2.0000 Southampton Montreal, PQ / C26 NaN NaN female
Loraine Chesterville,
ON
2 3 1st 0 Allison, Mr Hudson 30.0000 Southampton Montreal, PQ / C26 NaN (135) male
Joshua Creighton Chesterville,
ON
3 4 1st 0 Allison, Mrs Hudson 25.0000 Southampton Montreal, PQ / C26 NaN NaN female
J.C. (Bessie Waldo Chesterville,
Daniels) ON
4 5 1st 1 Allison, Master 0.9167 Southampton Montreal, PQ / C22 NaN 11 male
Hudson Trevor Chesterville,
ON
In [3]:

# fli/lpandas, %4 #i%% A\pandasiifj[f/dataframel =\ (T 4EHE LMD , HIEM Hinfo (), EELBIRMILARE

titanic.info()

<class 'pandas.core.frame.DataFrame'>
Int64Index: 1313 entries, 0 to 1312
Data columns (total 11 columns):

row.names 1313 non-null inté64
pclass 1313 non-null object
survived 1313 non-null inté64
name 1313 non-null object
age 633 non-null floaté64
embarked 821 non-null object
home.dest 754 non-null object
room 77 non-null object
ticket 69 non-null object
boat 347 non-null object
sex 1313 non-null object

dtypes: float64(1l), int64(2), object(8)
memory usage: 123.1+ KB

In [4]:
# X AR TR S BN ANMBAE R, A BT IRATHINAE Lo e e i T 5

# —IL1313%HdE, AUEHIER S (thil pelass, survived, name) , FUEATEUKN; HLEHEAMNEE (age: float6d) , LTI,
# WU — AR H B, JF BRER, R B —IF, RHEMESE, XAFERET 85l RIERITX N T, sex, age, pclassixit)

I*

we keep pclass, age, sex.

X

titanic[['pclass', 'age', 'sex']]
y = titanic['survived']

In [5]:

X.info ()

<class 'pandas.core.frame.DataFrame'>


http://localhost:8888/notebooks/PythonNotebook/Scikit-learn/DecisionTree_classifier.ipynb

Int64Index: 1313 entries, 0 to 1312
Data columns (total 3 columns):
pclass 1313 non-null object

age 633 non-null floaté64

sex 1313 non-null object
dtypes: float64(l), object(2)
memory usage: 41.0+ KB

In [6]:

# NI LA HE A HT AT 5%

# 1) agelX M, HAT6334

# 2) sex Y pclassPiAMEURF LA, HEHEANBERE, Ho/tE

# HETAIAN T age B AR, A F T3 Bl vh A KR A o A TR {1 36 Bt /N S 4 SR

X['age'] .fillna(X['age'] .mean (), inplace=True)

C:\Anaconda2\lib\site-packages\pandas\core\generic.py:2748: SettingWithCopyWarning:
A value is trying to be set on a copy of a slice from a DataFrame

See the caveats in the documentation: http://pandas.pydata.org/pandas-docs/stable/indexing.html#indexing-view-versus-copy
self. update_ inplace (new_data)
In [7]:

X.info()

<class 'pandas.core.frame.DataFrame'>
Int64Index: 1313 entries, 0 to 1312
Data columns (total 3 columns):
pclass 1313 non-null object

age 1313 non-null float64

sex 1313 non-null object
dtypes: float64 (1), object(2)

memory usage: 41.0+ KB

In [8]:

from sklearn.cross validation import train test split
X train, X test, y train, y test = train test split(X, y, test size=0.25, random state = 33)

# A Hscikit-learnff/feature_extraction

from sklearn.feature extraction import DictVectorizer

vec = DictVectorizer (sparse=False)

X train = vec.fit transform(X train.to dict(orient='record'))
print vec.feature names_

# WAVKIL, UG AR AEAT SRR B ok, s — FURHIE, (T U AR R AN AR

['age', 'pclass=1lst', 'pclass=2nd', 'pclass=3rd', 'sex=female', 'sex=male']
In [9]:
X test = vec.transform(X test.to_dict(orient='record'))

from sklearn.tree import DecisionTreeClassifier

dtc = DecisionTreeClassifier (criterion='entropy', max depth=3, min_samples leaf=5)
dtc.fit (X train, y_train)
dtc.score (X_test, y_ test)

Out[9]:

0.79331306990881456

In [10]:

from sklearn.ensemble import RandomForestClassifier

rfc = RandomForestClassifier (max depth=3, min samples leaf=5)

rfc.fit (X train, y_train)
rfc.score(X_test, y_test)

Out[10]:
0.77203647416413379
In [11]:

from sklearn.ensemble import GradientBoostingClassifier
gbc = GradientBoostingClassifier (max depth=3, min samples_leaf=5)

gbc.fit (X train, y_train)



gbc.score (X_test, y_ test)

Out[11]:

0.79027355623100304

In [13]:

from sklearn.metrics import classification_report
y_predict = gbc.predict (X_test)

print classification report(y_predict, y_test)
# X L RR BT DAE T AR A R AR PR R IR Y (precision, recall) XSS TE —Ar T R R A H I dEAT .

precision recall fl-score support

0 0.93 0.78 0.84 241

1 0.57 0.83 0.68 88

avg / total 0.83 0.79 0.80 329

B0 A0 0 0 b a0 a0 P P i Pt 0 N0 a0 a0 a0 a0 a0 Pt Pt a0 a0 a0 a0 a0 P Pt Pt It a0 a0 a0 a0 a0 P Pt b 0 a0 a0 a0 a0 a0 Pt Pt 0 N0 P2 a0 P2 P9 P9 o Ao Ao P P9 *

1.5 [HJ9/] @ (Regressions)

[ 5 i) R RN 23 24 i) RUHR ) T M B 2 S VW, ME— R RIRR, B )RR T H AR R TE T IR I AR S, P W S A A A A
G SN BRYE B JUAN A GBS0 AT I, SR E A RA —E'IE S, el UG, i, F—A
SRR E TN, KA N10%6%, EREREATMEFR, 2L, BlKER, TRFE (0-10] X [AES: (EIAW
D, AL B0 E R FEAME (KD .

X B PRATT 2 — A TR0 5 18] g b X 55 A0 ) 1) R, XN S B I R, BT R A SRR T R R R IR R, — PP
AR THEE R [ ) 1 R

In [1]:

# SR O B

from sklearn.datasets import load boston
boston = load boston()
# U HE L

print boston.data.shape

(506L, 13L)
In [2]:

# 2 2 TR HR R 35 SO R — g )15
print boston.feature names
print boston.DESCR

['CRIM' 'ZN' 'INDUS' 'CHAS' 'NOX' 'RM' 'AGE' 'DIS' 'RAD' 'TAX' 'PTRATIO'
'B' 'LSTAT']
Boston House Prices dataset

;;;;_;et Characteristics:
:Number of Instances: 506
:Number of Attributes: 13 numeric/categorical predictive
:Median Value (attribute 14) is usually the target

:Attribute Information (in order):

- CRIM per capita crime rate by town

- ZN proportion of residential land zoned for lots over 25,000 sq.ft.

- INDUS proportion of non-retail business acres per town

- CHAS Charles River dummy variable (= 1 if tract bounds river; 0 otherwise)
- NOX nitric oxides concentration (parts per 10 million)

- RM average number of rooms per dwelling

- AGE proportion of owner-occupied units built prior to 1940

- DIS weighted distances to five Boston employment centres



- RAD index of accessibility to radial highways

- TAX full-value property-tax rate per $10,000

- PTRATIO pupil-teacher ratio by town

- B 1000 (Bk - 0.63)72 where Bk is the proportion of blacks by town
- LSTAT % lower status of the population

- MEDV Median value of owner-occupied homes in $1000's

:Missing Attribute Values: None
:Creator: Harrison, D. and Rubinfeld, D.L.

This is a copy of UCI ML housing dataset.
http://archive.ics.uci.edu/ml/datasets/Housing

This dataset was taken from the StatLib library which is maintained at Carnegie Mellon University.

The Boston house-price data of Harrison, D. and Rubinfeld, D.L. 'Hedonic
prices and the demand for clean air', J. Environ. Economics & Management,
vol.5, 81-102, 1978. Used in Belsley, Kuh & Welsch, 'Regression diagnostics

.', Wiley, 1980. N.B. Various transformations are used in the table on
pages 244-261 of the latter.

The Boston house-price data has been used in many machine learning papers that address regression
problems.

**References**

- Belsley, Kuh & Welsch, 'Regression diagnostics: Identifying Influential Data and Sources of Collinearity', Wiley, 1980. 244-261.
- Quinlan,R. (1993). Combining Instance-Based and Model-Based Learning. In Proceedings on the Tenth International Conference of Mact
- many more! (see http://archive.ics.uci.edu/ml/datasets/Housing)

In [3]:

# XEZ AP, BRI, —EHERA
import numpy as np

print np.max (boston.target)
print np.min(boston.target)
print np.mean (boston.target)

50.0
5.0
22.5328063241

In [4]:

from sklearn.cross_validation import train test split
# AROR T, FRATR B AT 4R
X train, X test, y train, y test = train test split(boston.data, boston.target, test size = 0.25, random state=33)

from sklearn.preprocessing import StandardScaler

# IERULIY B E T8 R R EE Z il ok, SE0IGA R S EEAR —
scalerX = StandardScaler().fit(X train)
X train = scalerX.transform(X train)

X test = scalerX.transform(X_test)

scalery = StandardScaler().fit(y_train)
y_train = scalery.transform(y_train)

y_test = scalery.transform(y_test)
In [5]:

# SRACTFMEER S IE, AR BRINSHT A SIIE, FORX BN SRR A TR R, TR 5 — AR, KRR L, XAMF 2 AERA 2 K 4 LR 25 R AT DA I 2R as

from sklearn.cross validation import *

def train and evaluate(clf, X train, y train):
cv = KFold (X train.shape[0], 5, shuffle=True, random state=33)
scores = cross_val_score(clf, X train, y_train, cv=cv)
print 'Average coefficient of determination using 5-fold cross validation:', np.mean (scores)

#ETERATESR A 2 DM R AT LA A LS L) .
# LB AR A 3
In [7]:

# JMLMERI22K, SGD_Regressor
from sklearn import linear_model

# XBA-ADIENL L ipenalty, H 1448 RHE R VF AN 2H KK



clf sgd = linear model.SGDRegressor (loss='squared loss', penalty=None, random state=42)
train and evaluate(clf_sgd, X train, y_train)

Average coefficient of determination using 5-fold cross validation: 0.710809853468
In [8]:

# T4/ SGD_RegressorlffipenaltyZ#{ 12, 45 BRI A K, FIARERD, IEMAE SCAKR
clf sgd 12 = linear model.SGDRegressor (loss='squared loss', penalty='l2', random state=42)
train and evaluate(clf_sgd 12, X train, y train)

Average coefficient of determination using 5-fold cross validation: 0.71081206667
In [9]:

# HEASVMiregressorE AR (HEEINSED

from sklearn.svm import SVR

# SRR A TFRIE, (ARBUNRHED, AR UL ST e
clf svr = SVR(kernel='linear')

train and evaluate(clf svr, X train, y_train)

Average coefficient of determination using 5-fold cross validation: 0.707838419194
In [11]:

clf svr_poly = SVR(kernel='poly')
# THEdEg, MCRWIE, (R ee, RHMEMMIUE, CPULREZAT, WARERR /NG, KB T IR, RN E O BMNE BRI SRR AR S T

train and evaluate(clf_svr_poly, X train, y train)

Average coefficient of determination using 5-fold cross validation: 0.779288545488
In [12]:

clf_svr_rbf = SVR(kernel='rbf')
# RBF (f2IAJERZE/REFE! )
train and evaluate(clf_ svr_rbf, X train, y_ train)

Average coefficient of determination using 5-fold cross validation: 0.833662221567
In [14]:

# OFERASEARAT Y MR ENARRAR, BORFH T !
from sklearn import ensemble

clf et = ensemble.ExtraTreesRegressor ()
train_and evaluate(clf et, X train, y train)

Average coefficient of determination using 5-fold cross validation: 0.853006383633
In [15]:

# RIEEEENRE LR
clf et.fit(X train, y_ train)
clf et.score(X test, y test)

out[15]:

0.83781467779895469

AR, AT LGS XA A B LGS SRR BRI PR L — PR AR, O HL, BRI B S B A I e
PR SR TR Ao 1 HAX RO 5 SR VR R, MR GE R  SES R T ARZE .

LV R VR VR VR VR R R R YRV R VR VY VR R VR VR VR VR VR VR VR VR VR VR VR VR R VT VL VR VR VT VT T VR VT VR VR VR VR VR VR VR VR VR VT VR VR VT YT VT VT VY VIR
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3.1 $HEi%E#E (feature selection)

XA S I Ti tanic B, XN T XA K X 73 BE 0 0T ik B5e K ) ) LA RS HE e B il A

AN R HPRFIE 2 R BRSPS R 75 TUAR IR AR MR (RS 2, Aidcpuit B4 7 BT,

A NEE, XARRAELE £ 5 PCAIX FFAE IR 4 16 £ 5 B FIE A X . PCAEE 2 J5 IRFIEFRATT C 22 To i e AL

http://localhost:8888/notebooks/PythonNotebook/Scikit-learn/Feature_ selection.ipynb

In [1]:

# X ARG G A 3 IO 54 A AR A RCR (B2 7870 Il pandas 2 FA I TE N il
import pandas as pd
import numpy as np

PRI B 5T 4 551 S AT 77 i PO AR

titanic = pd.read csv('http://biostat.mc.vanderbilt.edu/wiki/pub/Main/DataSets/titanic.txt')

print titanic.info()
# IR I A KR
titanic.head()

<class 'pandas.core.frame.DataFrame'>
Int64Index: 1313 entries, 0 to 1312
Data columns (total 11 columns):

row.names 1313 non-null inté64
pclass 1313 non-null object
survived 1313 non-null inté64
name 1313 non-null object
age 633 non-null floaté64
embarked 821 non-null object
home.dest 754 non-null object
room 77 non-null object
ticket 69 non-null object
boat 347 non-null object
sex 1313 non-null object

dtypes: float64(l), int64(2), object(8)
memory usage: 123.1+ KB

None
Out[1]:
row.names pclass survived name age

0 1 1st 1 Allen, Miss Elisabeth 29.0000
Walton

1 2 1st 0 Allison, Miss Helen 2.0000
Loraine

2 3 1st 0 Allison, Mr Hudson 30.0000
Joshua Creighton

3 4 1st 0 Allison, Mrs Hudson 25.0000
J.C. (Bessie Waldo
Daniels)

4 5 1st 1 Allison, Master 0.9167
Hudson Trevor

In [2]:

embarked
Southampton

Southampton

Southampton

Southampton

Southampton

# BMOEW L8 TRRN, AR THREILE LMY, row.names, name, [FINZE TS,

y = titanic['survived']

X = titanic.drop(['row.names', 'name', 'survived'], axis = 1)
In [3]:

# N TR EUERAE, BATRAH 2R X

X['age'] .fillna(X['age'] .mean (), inplace=True)

home.dest
St Louis, MO

Montreal, PQ/

Chesterville,
ON

Montreal, PQ/
Chesterville,
ON

Montreal, PQ/
Chesterville,
ON

Montreal, PQ/
Chesterville,
ON

room

B-5

C26

C26

C26

c22

ticket
24160

L221
NaN

NaN

NaN

NaN

X7

boat

NaN

(135)

NaN

11

sex

female

female

male

female

male


http://localhost:8888/notebooks/PythonNotebook/Scikit-learn/Feature_selection.ipynb

X.fillna ('UNKNOWN', inplace=True)
In [4]:
# BT MRHRTEEE, RATEE RS, ZFEME, N TEZARERS], AT AAE — A RHE

from sklearn.cross_validation import train test split
X train, X test, y_train, y test = train test split(X, y, test_size=0.25, random state=33)

from sklearn.feature extraction import DictVectorizer

vec = DictVectorizer()

X train = vec.fit transform(X train.to dict(orient='record'))
X test = vec.transform(X test.to_dict(orient='record'))

In [5]:

print len(vec.feature_names_ )

474
In [6]:

X train.toarray ()

Out[6]:
array ([[ 31.19418104, 0. , 0 , ’ 0 ,
0. , 1. 1,
[ 31.19418104, 0. ’ 0 , p 0 ’
0. , 0. 1,
[ 31.19418104, O. , 0 , , 0 ,
0. , 1. 1,
[ 12. , 0. ’ 0 , ’ 0 ’
0. , 1. 1,
[ 18. , 0. , 0 , ..., O ,
0. , 1. 1,
[ 31.19418104, 0. , 0 , . 0 ’
0. , 1. 11)

In [71:

from sklearn.tree import DecisionTreeClassifier

dt = DecisionTreeClassifier (criterion='entropy')
dt.fit(X train, y train)

dt.score (X_test, y test)

# KRB A AR ARG

Out[7]:
0.81762917933130697
In [8]:

from sklearn import feature_selection
fs = feature_selection.SelectPercentile (feature_selection.chi2, percentile=20)

X train fs = fs.fit transform(X train, y_ train)
dt.fit(X train_fs, y train)

X test fs = fs.transform(X test)

dt.score (X test fs, y test)

# SR HI 208 5 T AARFAE F) 0 RS 2

Out[8]:
0.82370820668693012
In [9]:

from sklearn.cross_validation import cross_val_score
percentiles = range(l, 100, 2)

results = []

for i in percentiles:
fs = feature_selection.SelectPercentile (feature_selection.chi2, percentile = i)
X train fs = fs.fit transform(X train, y train)
scores = cross_val_score(dt, X train fs, y_ train, cv=5)
results = np.append (results, scores.mean())
print results

opt = np.where (results == results.max()) [0]
print 'Optimal number of features %d' $percentiles[opt]
import pylab as pl



pl.plot(percentiles, results)

pl.show()
[ 0.85063904 0.85673057 0.87501546 0.88622964 0.86590394 0.87097506
0.87303649 0.86997526 0.87097506 0.87300557 0.86997526 0.86893424
0.87098536 0.86490414 0.86385281 0.86791383 0.86488353 0.86892393
0.86791383 0.86284271 0.86487322 0.86792414 0.86894455 0.87303649
0.86892393 0.86998557 0.86689342 0.86488353 0.86895485 0.86689342
0.87198516 0.8638322 0.86488353 0.87402597 0.87299526 0.87098536
0.86997526 0.86892393 0.86794475 0.86486291 0.87096475 0.86587302
0.86387343 0.86083282 0.86589363 0.8608019 0.86492476 0.85774067
0.8608122 0.85779221]
Optimal number of features 7
0.890 T T T T
0.885 .
0.880 | §
0.875 R
0.870 .
0.865 |- s
0.860 .
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0.850 : : : :
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In [10]:

from sklearn import feature_selection
fs = feature_selection.SelectPercentile (feature_selection.chi2, percentile=7)

X train fs = fs.fit transform(X train, y_train)
dt.fit(X train fs, y_train)

X test fs = fs.transform(X test)
dt.score(X_test fs, y_test)

# IR TR B R SR A AT LA RS

Out[10]:

0.8571428571428571

In[]:
# UL, XABRXS T LR LRI S R AR E A BN .

3.2 MM GESHD ®#F

HT @SR TRN, REESHNAAE Rfee B i, BamIiE. BEELT, RIMKEMEE

%" (GridSearch) X [l E S KBS AT R IR, W THABSHHAGRANRZEIRE , WAFE., 57 B
Z I RE, BMERE S TEAR FE IR JFR B TRHT IR, @ RALR AR IR, Ft, XAIFEIEE FEny, (22— B3k
WL AT IS4, WA DR — BRI, AR — 357k 077E, BT SASHAR Y 1 22 BE 2 (A& BARASI Y, Rk, Arbiss
SR 2RSSR TR B IERIF1T# % (Parallel Grid Search) .

http://localhost:8888/notebooks/PythonNotebook/Scikit-learn/Model selection.ipynb
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4. 5m7) GRAT) BARARZEE GRgaiE)

IXANE A JUAN AL ER 4y, Xt T XgboostflTensorflowlitde:, 7 ZLinux¥fiE. £F[H[EH 5 HIMACIAIR:) .

AR — 1 P — s INLPAR G 1 9 8] DURTS . Hohgt i Raggle iR flWord2vect 1 &4 T4 B 2 U H o FATTIX %G
RAH—Fe

https://www.kaggle.com/c/word2vec-nlp-tutorial
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