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b o A B Scikit-learn X Z JE 8t S & A RATHES 2 2 h A2 19 #5048 JL
T2 ad T B AR AL B T AR A R 2 RUESR A T BN MR E L E . S 2 O RE R
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UL EALFE . T HRIE S AR NLTK B8 A ; il [ 5 5 A& Word2Vec; REfE 45 {1t
5 K HU AR 7 (1) XGBoost #EH, DL} Google & i i) F T IR FE 2% > 1) Tensorflow HE4L4E
AL EINA AIRBT B . BRI SR O AT R R R AN AL, R{E AL T Python ) 4 2
11 APL 1 HAG 225 Python A2 HEF A T B E B T HRAG LR F D AL,
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e Y 0 T A A — R T 0 S 0 BB B TR 55 £ 4 (5 1
95 2 %P R T 2 2 HLAR S IR R B R B — ELRATT B s T S



A A5 A Y AR P A0 T A B FATT DA AR o 1 U1 5 A s R RN Y TE 2 T B A
Jirits B 2B (Parameters) s 3 T 2k FEATTAE FT LU AT IX 445 2 59 2 80hs 5450 1 I 1K %80
Y b AEAT TN 2 iR ) R Bk REREAT PRAY

HR X E I EIFAREIRIE : (1D BT A T I 9 B0d 5 AR AR J2 fe 4 1Y 5 (2) 7 ) 1%
BB R ALY 5 (3) BOATC BT ABRL SR i . a2 it Fe ATl L Z A4
FF1 R 08 A T I A P S AR AT P RE B T o AT R 1] RS 4 2 Rl 4R TSR BE Y 5
2o A 35 T T4k B0 42 1) 2 BN 2 L e A A A 2 I 5 4 T v

3.1.1 fFaERETE

I HL &~ 958 55 B 52 AR R 2 Az B RE T IO BRI . DR ke SR 0 ik e N R
2 (R 7 e X K50 0 Tt Ak B L o AV S B e X RS AT 1 el R A O A 3k B
PR THEERIVERE R H A o T IR R A il S0 8 A K D a4 D R AR 1) 9 R 5L XA
Ao TR [ I 9 %ok 540 AR 0 1) ek AL 3R 5 T Rp IR B e U B gk — 20 v AR B L AR A AR AR
li] 2 P B PR 48 E AT 5 AT R E L i — R TR PR BE

3.1.1.1  454FHhER

JE R K B AR S A IR Z Fh L B T RBCF AL IS 5 Bl G 0 B30 e A R AT S
SO . SR AT TGk ELAHOR AT 5 A B SCF A B T H ST 55 T 7 280 o 56 46 4k 2
B 1o s SOA AR D FRAE 1) 4

A7 B8 FIAT 5 278 9 B i AE L 28 A0 X S5 4 A L 9 HL DL S5 Fof K508k 45 4 AT A7
XL F AT DictVectorizer XF4FAEBEAT O 1 B 4L . Ho At 17 A9 AUAS 55,

X %5 55. DictVectorizer 31 & A F HFEH B R ITHMEHBR SR EN
>>> 4 2 L — 2 F LB 3R, R /R 2 A Bl AR AR (A IR R — A EE A

>>>measurements= [{'city': 'Dubai', 'temperature': 33.}, {'city': 'London', '
temperature': 12.}, {'city': 'San Fransisco', 'temperature': 18.}]

>>># M sklearn.feature extraction T A DictVectorizer

>>>from sklearn.feature extraction import DictVectorizer

>>> #H]4HfL DictVectorizer FrAEJH B AR

>>>vec=DictVectorizer ()

>>> 4 i % A0 2 SR 10 RE AR R R

>>>print vec.fit transform(measurements) .toarray ()

>>> 4 iy A A4 BE B RAAIE & S

>>>print vec.get feature names ()
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[ 0. 0. 1. 18.]]

MARES 55 Y fi 7T LAE 2 76 FRAE ] & AL 19 3 72 P, DictVectorizer X 28 i £
(Categorical) 5 4{H A (NumericaD) F#AiE B9 40 3 7 sCH R K 22 7. T2 5 BURRAE TG i
BB RN R AR B JEURRAE (9 44 B 4B 77 AR B B RRAE L JF SR T 0/1 A 5 3K
HEAT 5 AR 5 T SCTEL R RR A 1 2 A DO AR O (6, — B 00 T s 22 4 e LR AR AR (B B T

T3 A S SO A HG Ml W) 2 IR TR S TL P A 0 RR R A A B A AT AR A U2
— R FAF R FAT AR BX SE S . b BCH A SCAS RE AR 36 7 O vk D Rl 48 1% (Bag of
Words) : 44 S A28 Fgia] 1 1 B0 AT » HR 4 I 25 SO oh 9 4 1 B et A ] Y B
MAAE— PR IE . FRATFRIX Lo 5 4 1Y 3a30 4 & S 1) 38 (Vocabulary) » 02 B 45 911 45 3C
AHR T DAFE 5 4 B IR 26 b SR S — AR AR L R A SO B H L O X B R
4392 . CountVectorizer #1 Tfidf Vectorizer, Xt T % — 5514 34, CountVectorizer H
% & B M R L (Term) £F 3% &% Il 25 SC A i B A9 450 % ( Term Frequency). Tfi
Tlid{Vectorizer B T 2 & F— a1 76 24 [ SCA H H BLAY H 3R (Term Frequency) Z 4b ., A
R G A  3X A BAD B9 SO 25 B 818 (Inverse Document Frequency) . #HHZ T Y125
XA H B £, Thid{ Vectorizer 3% FRe A &t Ak 7 U T8 A P 5. B Fe AT 31 530 1) it
(Term Frequency) B H @75 T4 6 Pr 76 SCA 19 & SCHA DTk i) B 2236070, 4R, an )
— A ANE LT AR g A SCA B U8 B 3 — > IR S A 2 5 B S B SCAS 1
KRG SCAR BB L2 Bt g, B Tfidf Vectorizer [ il 3% 86 FHiRIC A9 X 0 2K e 3 B
T A AT AT DR B B AR R RE B9 AR .

F AT R 3k L 7 B 2% SCAS A L B ) R R A 45 T R) (Stop Wordss) , i3 S
1) the.a 5, 33X 2245 IR TE SCA R AE Sl BCrp 22 DL SR 44 i O 20 w4, 0T BLHIR 48
PRI PEREF I . T T AR AR L FR AT B X 20 25 ) SCAR 43 287 [R) R AT 4 A Ab 3L L X
— KA TR T8 28 F 3R PR SCACRRAIE B AR BB A 0 O 125 L O Fe BT o M 22 =

BY#b 2= DLt Hr 4 250 g ik
>>># M\ sklearn.datasets H 5 A 20 25 [H SCAREIEINALAS .

>>>from sklearn.datasets import fetch 20newsgroups

5> # IR 1 B F BT R, subset'all' SHNE FRAMIE 2 1 % CATAHLE



>>>news=fetch 20newsgroups (subset="'all"')

>>># M) sklearn.cross validation ® A train test split BEHA T HIHHHELE.
>>>from sklearn.cross validation import train test split

>>> # X} news LG data #EATIrE], 25% B SCA AR R4 5 75% 16 Ml 24 .

>>>X train, X test, y train, y test=train test split (news.data, news.target,

test size=0.25, random state=33)

>>># M)\ sklearn.feature extraction.text B A CountVectorizer

>>>from sklearn.feature extraction.text import CountVectorizer

>>> 4 % HIBRIN M BL B X CountVectorizer HEATH) IR 1 CGERIABE B A 2 Bk 35 S5 F D #am
{EQ AR count _Vec,

>>>count_vec=CountVectorizer ()

>>> 4 PG BRI 45 T 9 75 20 D5 IR0 B8 SCAS B A DAy AR A 1
>>>X count train=count vec.fit transform (X train)

>>>X count test=count vec.transform(X test)

>>># M) sklearn.naive bayes H 5 AFRE N iHH 32525,

>>>from sklearn.naive bayes import MultinomialNB

>>> 4 fifT FH BROA ) e 8 % 43 5 28 A TR0 4R 4k

>>>mnb _count=MultinomialNB ()
>>> #ff F FD 2 D 0 37 43 25 88 . X CountVectorizer (A 2 [k 5 HiAD J& 19 Il 4k A A #E 17 2 %L
%3, ‘

>>>mnb count.fit (X count train, y train)

>>> 4 Fi AR AL A A 1k 45 2R

>> > print ' The accuracy of classifying 20newsgroups using Naive Bayes§
(CountVectorizer without filtering stopwords):', mnb count. score (Xicounti‘
test, y test)

>>> # 4 A AT W 45 R EME A & v count predict 1,

>>>y count predict=mnb count.predict (X count test)

>>># M\ sklearn.metrics ¢ A classification_report.

>>>from sklearn.metrics import classification report

>>> 4 Hi 1 B3 40 F) A T 43 26 P RE A 46 A ‘
>>>print classification report (y test, y count predict, target names=news.

target names)
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The accuracy of classifying 20newsgroups using Naive Bayes (CountVectorizeri
without filtering stopwords): 0.839770797963 ;

precision recall fl-score support

alt.atheism 0.86 0.86 0.86 201
comp.graphics 0.59 0.86 0.70 250
comp.os.ms-windows.misc 0.89 0.10 0.17 248
comp.sys.ibm.pc.hardware 0.60 0.88 0.72 240
comp.sys.mac.hardware 0.93 0.78 0.85 242
comp .windows.x 0.82 0.84 0.83 263
misc.forsale 0.91 0.70 0.79 257

rec.autos 0.89 0.89 0.89 238
rec.motorcycles 0.98 0.92 0.95 276
rec.sport.baseball 0.98 0.91 0.95 251
rec.sport.hockey 0.93 0.99 0.96 233
sci.crypt 0.86 0.98 0.91 238
sci.electronics 0.85 0.88 0.86 249
sci.med 0.92 0.94 0.93 245

sci.space 0.89 0.96 0.92 221
soc.religion.christian 0.78 0.96 0.86 232
talk.politics.guns 0.88 0.96 0.92 251
talk.politics.mideast 0.90 0.98 0.94 231
talk.politics.misc 0.79 0.89 0.84 188
talk.religion.misc 0.93 0.44 0.60 158

avg / total 0.86 0.84 0.82 4712 I

PN E TEARAS ) i s, FRATT AT LARE ] CountVectorizer 7EAN 25 fi 45 8] (9 2544 °F
Xof I 25 RN SCAR AT REAE A6, IR A BROATC & 9 AR 38 DLt 7 43 2 2%, ZE M SO -]
DAAFE) 83. 977 00 Wy W0 IN AE G M . T ELL ST YRS BE A ISR FL O AR, 435I 0. 86.,0. 84
LI 0.82,

FER R EFRATE AT S AR 56 AR [F] A4 U1 Al B 7R R 25 d s F R B 25 T R
HH TfidfVectorizer FEATHFE & Ak . I HIPAL BEAIPERE

I Fh 3= DU B 5 38 14 e I

>>># M)\ sklearn.feature extraction.text B34 F A TfidfVectorizer,



>>>from sklearn.feature extraction. text.lmport TfidfVectorizer
>>> 4 % I BRIN O L B X TfidfVectorizer HEATH0 A 1L CER I B A 25 Bk 9 32 R 3A) BfFHmiEt
L5 7E & t£idf vec,

>>>tfidf vec=TfidfVectorizer ()

>>> ] e £idf BYT7 30K S ah I 2RI SO B A A i)
>>>X tfidf train=tfidf vec.fit transform(X train)
>>>X tfidf test=tfidf vec.transform(X test)

>>> 4 ACAR A8 PR DA TEC 8 19 4D 3R L i JBy 43 288 g 78 AR ] B )1 25 A 3 B aR b o %R B R AR AR T
AT RE T A |
>>>mnb tfidf=MultinomialNB ()

>>>mnb tfidf.fit (X tfidf train, y train)

> > > print ' The accuracy of classifying 20newsgroups with Naive Bayes%
(TfidfVectorizer without filtering stopwords): ', mnb_tfidf.score(X_tfidf_‘
test, y test)

>>>y tfidf predict=mnb tfidf.predict (X _tfidf test)

>>>print classification report (y test, y_ tfidf predict, tarqet_names=news.§
target names)

The accuracy of classifying 20newsgroups with Naive Bayes (Tfideectorizer%

without filtering stopwords): 0.846349745331

precision recall fl-score support

alt.atheism 0.84 0.67 0.75 201

comp .graphics 0.85 0.74 0.79 250
comp.os.ms-windows.misc 0.82 0.85 0.83 248
comp.sys.ibm.pc.hardware 0.76 0.88 0.82 240
comp.sys .mac.hardware 0.94 0.84 0.89 242
comp .windows.x 0.96 0.84 0.89 263
misc.forsale 0.93 0.69 0.79 257

rec.autos 0.84 0.92 0.88 238
rec.motorcycles 0.98 0.92 0.95 276
rec.sport.baseball 0.96 0.91 0.94 251
rec.sport.hockey 0.88 0.99 0.93 233
sci.crypt 0.73 0.98 0.83 238
sci.electronics 0.91 0.83 0.87 249
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sci.med 0.97 0.92 0.95 245

sci.space 0.89 0.96 0.93 221
soc.religion.christian 0.51 0.97 0.67 232
talk.politics.guns 0.83 0.96 0.89 251
talk.politics.mideast 0.92 0.97 0.95 231
talk.politics.misc 0.98 0.62 0.76 188
talk.religion.misc 0.93 0.16 0.28 158

i avg / total 0.87 0.85 0.84 4712 I

L R A A i i 25 2R, T A5 2598 . #E il Tfidf Vectorizer i A 25 451455 F i) i 4%
PR X IR RN 3 SC A HE AT HREAE f2t A, I A BR DA BC 0 4D 3R D i r 43 25 48 76 T 3¢
A% | n] A4S 3 e CountVectorizer B Iy ¢ T AE i 1 BPAN 83. 977 %0 #2751 84. 635%
i H B R A IR FL 4 bR a4 242 7, 43 512 0. 87.,0. 85 DL J 0. 84, AT diF B
TR EAGAR UL AU GRS A 2 1 B A THidf Vectorizer F il i 28 & F 1] i1
B X o P 1 T AR AR T DR 2 3 TR R RE I AE .

B Je o AR FRATT A R T A AR Ak 2 B TIE 5T — A WA . ik 2845 F 3R] (Stop Words) 7 3L
AR REAE Fl B 285 L PR 44 B 3G R A, O FLR R 4 R AR Y R e

I {78 58. 4 RI{#E A CountVectorizer 5 TfidfVectorizer, H B XEEHANEZET,
Xt SCAHFAE 31T = L B0 FD = DUt Er & s gE ik |
>>> # 4RV RS 56 5065 57 v § A M T 2 A (FE 6] — 03 PR AR A5 v 5 25 R 56 BA i B 2 2R 58D
A3 e B 455 R oo g TC B W iR 4k CountVectorizer 5 TfidfVectorizer, :

>>>count filter vec, tfidf filter vec=CountVectorizer (analyzer='word', stopii

words="'english'), TfidfVectorizer (analyzer="'word', stop words='english')

>>> # fi 7 A 45 H iR) 3 I Y CountVectorizer X il 25 A i SCAS 435l i 47 2 fb Ab 3
>>>X count filter train=count filter vec.fit transform(X train)

>>>X count filter test=count filter vec.transform(X test)

>>> # 4 A 5 R U8 Y TEidfVectorizer XU AN SC AR 2y 5l R 47 & AL AL B
>>>X tfidf filter train=tfidf filter vec.fit transform(X train)

>>>X tfidf filter test=tfidf filter vec.transform(X test)

>>> # W1 06 Ak BRI B A AR 28 DL 3 4 25 8% L 9T XF CountVectorizer Ji WA U847 BUM 55 e



>>>mnb _count filter=MultinomialNB ()

>>>mnb_count filter.fit (X count filter train, y train)

>>>print ' The accuracy of classifying 20newsgroups using Naive Bayes§
(CountVectorizer by filtering stopwords): "', mnb_count_filter.score(X_count_‘
filter test, y test)

>>>y count filter predict=mnb count filter.predict (X count filter test)

>>> $ WA 53— BRI B (AR 38 DU 05 43 56 9% OF X TEidEVectorizer J ) BOHEHEAT B
5 A |
>>>mnb tfidf filter=MultinomialNB ()

>>>mnb tfidf filter.fit (X tfidf filter train, y train)

>>>print ' The accuracy of classifying 20newsgroups with Naive Bayesi
(TfidfVectorizer by filtering stopwords): ', mnb_tfidf_filter.score(X_tfidf_;
filter test, y test)

>>>y tfidf filter predict=mnb tfidf filter.predict (X tfidf filter test)

>>> 4 X | 7R P AN BT AT T 0 440 0 P R ST A

>>>from sklearn.metrics import classification report

>>>print classification report (y test, y count filter predict, target names=
news.target names)

>>>print classification report(y test, y tfidf filter predict, target names=

news.target names)

The accuracy of classifying 20newsgroups using Naive Bayes (CountVectorizer byi
filtering stopwords): 0.863752122241
The accuracy of classifying 20newsgroups with Naive Bayes (TfidfVectorizer by§

filtering stopwords): 0.882640067912

precision recall fl-score support

alt.atheism 0.85 0.89 0.87 201

comp .graphics 0.62 0.88 0.73 250
comp.os.ms-windows.misc 0.93 0.22 0.36 248
comp.sys.ibm.pc.hardware 0.62 0.88 0.73 240
comp.sys.mac.hardware 0.93 0.85 0.89 242
comp .windows.x 0.82 0.85 0.84 263
misc.forsale 0.90 0.79 0.84 257

rec.autos 0.91 0.91 0.91 238
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rec.motorcycles 0.98 0.94 0.96 276
rec.sport.baseball 0.98 0.92 0.95 251
rec.sport.hockey 0.92 0.99 0.95 233
sci.crypt 0.91 0.97 0.93 238
sci.electronics 0.87 0.89 0.88 249
sci.med 0.94 0.95 0.95 245

sci.space 0.91 0.96 0.93 221
soc.religion.christian 0.87 0.94 0.90 232
talk.politics.guns 0.89 0.96 0.93 251
talk.politics.mideast 0.95 0.98 0.97 231
talk.politics.misc 0.84 0.90 0.87 188
talk.religion.misc 0.91 0.53 0.67 158

avg / total 0.88 0.86 0.85 4712

precision recall fl-score support

alt.atheism 0.86 0.81 0.83 201
comp.graphics 0.85 0.81 0.83 250
comp.os.ms-windows.misc 0.84 0.87 0.86 248
comp.sys.ibm.pc.hardware 0.78 0.88 0.83 240
comp.sys.mac.hardware 0.92 0.90 0.91 242
comp .windows.x 0.95 0.88 0.91 263
misc.forsale 0.90 0.80 0.85 257

rec.autos 0.89 0.92 0.90 238
rec.motorcycles 0.98 0.94 0.96 276
rec.sport.baseball 0.97 0.93 0.95 251
rec.sport.hockey 0.88 0.99 0.93 233
sci.crypt 0.85 0.98 0.91 238
sci.electronics 0.93 0.86 0.89 249
sci.med 0.96 0.93 0.95 245

sci.space 0.90 0.97 0.93 221
soc.religion.christian 0.70 0.96 0.81 232
talk.politics.guns 0.84 0.98 0.90 251
talk.politics.mideast 0.92 0.99 0.95 231
talk.politics.misc 0.97 0.74 0.84 188
talk.religion.misc 0.96 0.29 0.45 158

avg / total 0.89 0.88 0.88 4712 I



FRA% 58 Ay AR THUE W] THidfVectorizer B4 AE il BORT & 16 J7 2k 55 0 B4 08 35 7]
I3 o S 56 AU 57 B PERE LB FRATA BL . X5 AT IR R AT ik i B SCAS R AT i
Jr ¥k A U A5 R R A R B 2R S e R e il 300 ~4 00

3.1.1.2 %F1EfRi%

A SE B T AS A5 B — SE B R 1) 2 i+ — X A el A 00 A T R R AR A Y
DR 2. BHAORTE. RAFBBURRHEH S AT R 2 AT DU A R i PERE R B T .
P FATAESE 1 B A9 R/ ZU R R T R AU T A 8 e R 2 Y
REAEAE AT AR AR w5 B9 R 58 TUAR B9 R AIE RAR O 23 52 i A A ) P R L R S A A
CPU Wi+t 7 JE . Fetn, 32 alon 0 A 32 2 0 T 25 BR 22 4% B IS 26 2 P A1 5C A9 45 fiF 41
B JEAE Tk L8 A MR AE L5 R A 2 0B RI oA E 2 5Tik . A BB RHAE A AR 2
Wi AL A 2 R K

FRAE G 26 15 PCA 33 208 3 52 16 45 32 70 % 4 A0 2 47 3 1) 7 6 s A DO F 1 PCA
T FRATT 28 0k il R Tl 22 AR 5 L R I 0 35 A A7 7 X 45 A1 1L A 468 ke o T 5
B - RS S R A TR ) P BE 4R TH K 8 D R A

X BFATAEACHS 59 R4k ST AT Titanic Ko 48 - 1 U 14D 18 o 4 AiE 0 156 ok 5 44 d
4 250 A AL I L T8 300 488 o S0 o 8 P 1) A

55 59. {EH Titanic BB E . BT FAETFIE M 7 % — D TR F R R R AT 14 68
>>># 5 A pandas 3 H¥E 4N pd.

>>>import pandas as pd

>>> ¢ WEH BRI EEI titanic £ . ‘
>>> titanic=pd. read csv ('http://biostat.mc. vanderbilt. edu/wiki/pub/Main/
DataSets/titanic.txt") :

>>> 4 43 BRUHE FRAE 5 T E AR
>>>y=titanic['survived']

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

>>> # X % i 2 B HE HE AT TR
>>>X['age'].fillna(X['age'].mean (), inplace=True)

>>>X.fillna ('UNKNOWN', inplace=True)

>>> 4 73 B AKAR R AE 255 T I,

>>>from sklearn.cross validation import train test split
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>>>X train, X test, y train, y test=train test split (X, y, test_size=0.25,§

random state=33)

>>> 4 2 I R AEAE ) 4K

>>>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'))

>>> 4 4y 4 Ab BHS REAE ) 4 A 2
>>>print len(vec.feature names )

474

>>> 4 {7 P R SRR A5 LR BT A R0 AE R AT T O A 4 RE A
>>>from sklearn.tree import DecisionTreeClassifier
>>>dt=DecisionTreeClassifier (criterion="entropy"')
>>>dt.fit (X train, y train)

>>>dt.score (X _test, y test)

0.81762917933130697

>>># M sklearn 5 ARRE G BE 2% .

>>>from sklearn import feature selection

>>> 4 i PEHT 20% B 4FAE , fd FH AH [R) TC B 10 e SRR AR B 9 47 F00 , O EL TP 1 6 .

>>>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)

0.82370820668693012

>>> 4 38 1o 58 SIS UE CT — 154 TR AN A 28D 1 7 o« 32 18 [0 5 1) B #) BUO 8 A OF 18 18T J 7
P Bl A A 07 356 L 51 R 2 4k
>>>from sklearn.cross validation import cross val score

>>>import numpy as np



>>>percentiles=range (1, 100, 2)

>>>results=[]

>>>for i in percentiles:

>> > fs = feature selection. SelectPercentile (feature selection. chi2,

percentile=1i)

>>> 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

>>> # 4% 21| $2 B Az AL 1 BE A9 RR AE 575 28 19 40 1
>>>opt=np.where (results ==results.max()) [0]

>>>print 'Optimal number of features $d' $Spercentiles[opt]

[ 0.85063904 0.85673057 0.87501546 0.88622964 0.86692435 0.86693465
0.86690373 0.87100598 0.87097506 0.86996496 0.87200577 0.86995465
0.86997526 0.86183261 0.86690373 0.858792 0.86386312 0.8648423
0.86283241 0.86286333 0.86384251 0.86384251 0.86895485 0.86488353
0.86386312 0.86895485 0.86995465 0.87199546 0.86489384 0.86892393
0.87302618 0.86589363 0.87504638 0.86791383 0.86993403 0.86589363
0.86590394 0.87404659 0.86487322 0.86895485 0.87301587 0.86285302
0.8608122 0.86286333 0.86590394 0.86589363 0.86287363 0.8597918

0.8608122 0.86284271]
Optimal number of features 7

>>>import pylab as pl

>>>pl.plot (percentiles, results)
>>>pl.xlabel ('percentiles of features')
>>>pl.ylabel ('accuracy')

>>>pl.show ()

>>> {1 FH S5 B 07 256 i P A A ) A () ¢ 0 0 A AR b ATk RE DR A
>>>from sklearn import feature selection

>>>fs=feature selection.SelectPercentile (feature selection.chi2, percentile
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>>>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)

0.8571428571428571 I

i ACRS 59 R A JLAS B L FRATT AT LB ST

(1) i 08 B R AR AL B B 2 B9 2 5 P 0RO e A 474 A 4E B9 ARAIE 5

(2) 2R FL A P i 474 A2 B A9 Ak T U1 G ple SRR A 2R 0t Ay 23 2 T L IR 4,
RREALLE DN AR b A e PR 20 81,76 005

(3) AR ORFBE AT 20 V0 2k B 0 R AE 78 AR [R] A B g T HEAT B0, IR 4 A AR 1 3R
WA HERPELY Ry 82,3704 5

(4D G SR T AT $ I8 I 7 ) ] B >R AN [R] 23 e B Re A A 31 5 55 03K 8 4t T 3-1
P a3, 1. 3. 2 38 SCERERT Y B AR VA 3 AR SR I 8l O HL AR 4 i AR R e R B A
TR IBCHT 7 /0 4 BE 9 RF A 10 A 5

(5) Un SR AR 7 20 2k 2 A FRAE IR 4 e 26 R SRR A AR AT L7 32 70 28 F00 4 55 44 00k
S LRI 85. 7100 R 1 . bk e i P 4 A A E AR AL B g R 4 AN R

0.890

0.885+ E

0.880 1

0.875 E

0.870 1

accuracy

0.865 E

0.860 E

0.855 1

0.850 v . L v
0 20 40 60 80 100
percentiles of features

B 3-1 A5 59 d B NI AERIERESERET S LT M



3.1.2 BRLENIfE

A AT — BHAET T F AT U] — A H U AR AT L AR 2 S BRI 2R 8 b PR R
B, RS REAE Ay HGT oA Jn i 18 4 0 8 0 AL . R B IRAITNER TR 4R 1. 1 Bl e ) 25
A R 1) A 53 3 R ik B AR A (437 Ak 1 (Generalization) , HUR WA i £ )R T8
X FRATTRE T A i R A 2 R BB iz AL T Al SRIERE RS vz Ak . 3.1, 2.1 R
WA S AN e AR B S A S A RO R B 3. 1. 2.2 Ly ERGENE S
3. 1. 2.3 L, JEECE WAL K 43 51 A 24 4o o] {8 A 53X 75 Fb 1E ) 4k (Regularization) B4 5 20 % i
AR ()72 Ak 7 L B SR B S B0 LA (Overfitting) .

3.1.2.1 RMASEMUE

FIRR LA L SR AR L a2 S BEASTE I 4 1 o 2 v G0 ok BT 2 8, 1 45 B AR S T 32 45 T
AL IR A R o AT, FRATHEAE FH — A~ L §% DA 4 5000 4 491 5ok U B .
# 3-1 s, 36 B — K LB ORI A AN R RCE 9 LE B, H b B b B4R (Diameter) #f40  —
AN o FRATT T AR L S BT A2 ST B AT LUA RSO AR R 3-2 L EE Y HAR AR
fIE R T A 0

F 31 EZEERLFEGESMIISEE

Training Instance Diameter (in inches) Price(in U. S. dollars)
1 6 7
2 8 9
3 10 13
4 14 17.5
5 18 18

x 32 EEFEILFEGERMULEE

Testing Instance Diameter (in inches) Price(in U. S. dollars)
1 6 ?
2 8 ?
3 11 ?

4 16 ?




7112 Python B2 IR SR

HG B AT, 2 5 A 2B 4 2008 O B A il i 84l 10 FE % 41 i R
Ao ARHEFRATTHY 2R A SR I 8 g A RS S A5G AR IR A (T e [l VA AR R L A
EOWL, A 60 s

G 60. fE AL mFRB L Fl A E#ITINE

>>> § 5 AN G E A B ARAE LA S B AE , 70 A A7 R AL B X_train 5 y_train ZH.
>>>X train=[[6], [8], [10], [14], [18]]
>>>y train=[[7], [9], [13], [17.5], [18]]

>>># M) sklearn.linear model H'' A LinearRegression,
>>>from sklearn.linear model import LinearRegression
>>> 4 i F BRI TC T2 400 4 A 4 i ] A A AL
>>>regressor=LinearRegression ()

>>> 4 B UL HUB% 9 ELAR AR R R AE I R 2

>>>regressor.fit (X train, y train)

>>># 5 A numpy 3 HFE M4 A np.

>>>import numpy as np

S>> #AE x 4l E AR 0 % 25 B 5RFE 100 A EHE .
>>>xx=np.linspace (0, 26, 100)
>>>xx=xx.reshape (xx.shape[0], 1)

>>> 4 LL B3R 100 A EClE S AF o S e, T W9 B 2.

>>>yy=regressor.predict (xx)

>>> 4 5% [ 5 F i 8 /Y 5 L AT AR
>>>import matplotlib.pyplot as plt

>>>plt.scatter (X train, y train)
>>>pltl,=plt.plot(xx, yy, label="Degree=1")

>>>plt.axis ([0, 25, 0, 25])
>>>plt.xlabel ('Diameter of Pizza')
>>>plt.ylabel ('Price of Pizza')
>>>plt.legend (handles= [pltl])
>>>plt.show ()

>>> 4 i H 26 [ 3 AR A 7R I R AE AR [ R- squared fH.



>>>print 'The R- squared value of Linear Regressor performing on the training§

data is', regressor.score(X train, y train)

The R- squared value of Linear Regressor performing on the training data is§
0.910001596424

MG ACHS 60 Fir i i (% &1 3-2., LA K > | A B A5 I 2k B B ) 3R B (R-squared 4y
0. 9100) , FRATHE— 25 A5 , A L B R A 1 AR B AR S RO 2. Rk, FRAT
X BB R AR T v — A (2 ¥k 251 5K B 5 (Polynominal Regression) X il 4k k:
ARPEATHE kL AR 61 FR .

25 T T
— Degree=1

Price of Pizza

L
0 3 10 15 20 25

Diameter of Pizza

3-2 SEEORAEBERFEINSER EROUMSERLRFEED

KiB61:. EFA2 XM EEAEMELFINEHER EHITIE
>>># M sklearn.preproessing H1 5 A £ I UEFE 7= A 4%

>>>from sklearn.preprocessing import PolynomialFeatures :
>>># i | PolynominalFeatures (degree=2) Wit i 2 IR 2T X FFE, A AEAS & X_train |
poly2 Hi, ‘

O RN 23 RAGRATIEATS 61 th i SR (8 F L2 101 9 85 4 o A BBl L AH 2 ol T FRAT DR R A L T 30 22 00 X022 i IR Ot 3 o 3%
IFR X 24 A0 Sl 22 301 5 1] )9 (Polynomial Regression ),
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>>>poly2=PolynomialFeatures (degree=2)

>>>X train poly2=poly2.fit transform(X train)

5> AL P 51128 JE Y 00 8 0 1 0 R0 R 0 4 D A7 41 7 (LA ORI B 1 48 R
250 |

>>>regressor poly2=LinearRegression ()

>>> 4 ] 2 Y 2 U [0 A A7 ) 2

>>>regressor poly2.fit (X train poly2, y train)

>>> f DT W S5 225 TR s Bl R A 0l

>>>xx poly2=poly2.transform (xx)

>>>#fi F 2 YR 2 30X ] U A TR X6 1 = A SR A A5 A AT Tl 03 )
>>>yy poly2=regressor poly2.predict (xx poly2)

>>> 4 43 5l XY 2R 0dE 2 IR H 2 2 Yk £ 3 ] 0 il AT AR

>>>plt.scatter (X train, y train)

>>>pltl,=plt.plot(xx, yy, label="'Degree=1")
>>>plt2,=plt.plot (xx, yy poly2, label="'Degree=2")

>>>plt.axis ([0, 25, 0, 25])
>>>plt.xlabel ('Diameter of Pizza')
>>>plt.ylabel ('Price of Pizza')
>>>plt.legend (handles=[pltl, plt2])
>>>plt.show ()

>>># 5 2 IR Z W2 B A AE Y ZiAE AR ) R- squared fH .

>>>print 'The R-squared value of Polynominal Regressor (Degree=2) performing on
the training data is', regressor poly2.score (X train poly2, y train)
The R - squared value of Polynominal Regressor (Degree=2) performing on the%
training data is 0.98164216396

FIRAETE R TR AR SRR 2 )5 2 R I ] DR R e I SRR A A 1 B 2 BB N 2
i, R-squared A 0. 910 EF+-5] 0. 982, JF HARHEACHS 61 Bk th /9 3-3 o, 2 IRZ
T 2] 0T 2 (e () L R 2 P [l 0 T 4 Ol ) o o 3 2 0 4k ) 4005 R B 3 1R 22



25 T T
— Degree=1
— Degree=2

20

Price of Pizza
-
u

=
(=}

0 5 10 15 20 25
Diameter of Pizza

B33 2 REMAMASEKMEMEAFEMELLFISER EHUSERERRFED

P T AT SN ORI s 0 — 2 T e R AR 4 B AR 62 B LS E] 4 k2 i

KRB 62: ER 4 RSIMAEAEBELLFIGHEAR L#HITUE

>>>4# M sklearn.preprocessing § A LR AFE A AL AR .
>>>from sklearn.preprocessing import PolynomialFeatures
>>> 4 WIIR AL 4 2 T URHE 2R %
>>>poly4=PolynomialFeatures (degree=4)

>>>X train poly4=polyd.fit transform(X train)

>>> 4 fifi BN BC B A 4R Ak 4 Y 2 T =X 4
>>>regressor poly4=LinearRegression ()

S>> 4 X 4 IR Z 2 [ 5 A A AT ) 25

>>>regressor poly4.fit (X train poly4, y train)

>>> 4 DAHT I 55 22 P < Al R A B8l

>>>xx polyd=polyd.transform (xx)

S>> 48 4 Y £ 302X [0 U A Y S 07 s il SR AR S a0 A I 0 T
>>>yy polyd=regressor poly4d.predict (xx poly4)
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>>> 4 43 Bl XY ZR B A B R 2R 2 IR T A K 4 £ I L il 26 0 A7 4 AT
>>>plt.scatter (X train, y train)

>>>pltl,=plt.plot (xx, yy, label="'Degree=1")

>>>plt2,=plt.plot (xx, yy poly2, label="'Degree=2")

>>>pltd,=plt.plot (xx, yy poly4, label="'Degree=4")
>>>plt.axis ([0, 25, 0, 25])

>>>plt.xlabel ('Diameter of Pizza')

>>>plt.ylabel ('Price of Pizza')

>>>plt.legend (handles=[pltl, plt2, plt4d])
>>>plt.show ()

>>>print 'The R-squared value of Polynominal Regressor (Degree=4) performing on
the training data is',regressor polyé4.score(X train poly4, y train) |

The R- squared value of Polynominal Regressor (Degree= 4) performing on the!

training data is 1.0

WA 3-4 Pron. 4 W 2 WA 2L P58 A T T A R IR B K 0 R
R-squared fEAL4 1. 0, {HJ2 . QR I 58 13 © 2240 2 1 58 S MR AL JIR 2 2 4K 02 v 24l
BT,

;

25

20

Price of Pizza
™
(9,]

=
o

o L L L L
0 5 10 15 20 25

Diameter of Pizza

34 ARSGAEPSEMERELFNSEHERLHBSHERILER



R 3-3 fa7n TR LB Y BN AS
#33 EERLFEWEEXNRLE

Testing Instance Diameter (in inches) Price(in U. S. dollars)
1 6 8
2 8 12
3 11 15
4 16 18

K5 63 Ml 3 FEIAEBAENXBIESE Loy ErERI

>>> 4 & M HdE
>>>X test=[[6], [8], [11], [16]]
>>>y test=[[8], [12], [15], [18]]

>>> 4 ff I T 0 e 5 A [ R G 4 AT VA
>>>regressor.score (X test, y test)

0.80972683246686095

>>> 4 fet FH 0 35 HR A X 2 Yk 22 2K ] A AR ) e i AT ST A
>>>X test poly2=poly2.transform(X test)
>>>regressor poly2.score (X test poly2, y test)
0.86754436563450543

>>> 4 feft FH I 3o R X 4 vk 22 2K ] A AR ) e i AT T A
>>>X test polyéd=poly4d.transform(X test)

>>>regressor poly4.score (X test poly4, y test) 3
0.8095880795781909 I

MR I AT HIACAS 63 PPAL F ik 3 FhBTAYAE 4R B % 2 B, I i 1 % Lo 22 mirAE Il
GRBE LI 1 O i BUER 345 e A A A A ANVET - B & 2% FEAR MK (Degree =
D) I B RA B A X U R4 B A R4 i S5 PR 25 g L 78 I 3 4 1l 3R 7 OF
IXFE B Y i R 8L (Underfitting) s (B2, 3 ATT— 0GB SR AR i B AL & 2% i (Degree =
O JLE B E A T A W0 ZREE AR an &l 3-4 prs o A58 78 4 AR 453 5 % 3l L L
- 26 T SR VB B TR RE 7, 3 R 0 Y At A (Overfitting) o 3 P R A% B0 #1502

B2 Rz AL TR R B



