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TET AT 722 A R B B ST MR | A 2 24
(TH0R A AR REE ST B0, 45 6 ZPRR AGHE Ves No
SR A BN, JTERIGE, RIS M A
AFEFB AN S . T2 AR, @ ;
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strength index, RSI) 45, SCSLHFGERRIT LGRS HBRAL, T 11100 %018 B ik 2
XTUES A Gy AR R A .

W — RPN GHENFHEE, WURA BRI, FEING DTS, FHeEm
PERE, RIGUERBETEIAR, H T IR AR R L 5 W 20K, HERE R
FRIRHE . — M (5 FH WRLE R AE B A R i T A AL, (B IX AR R AR R,
ANELRE G, PRI E TR = TR RE R R T, (H2 AR B R G — NI GR i AR AT .
ARBIIEEER — DR BRAE, EATSRA 4 MR E T 5 2 35000 25 R 1 STk Y &
Zrt—8gk, FFXPRHEFT 20 DAIWR R B2, X SO BOn] AT B MR AR AR R A

H e B A AE DAL A BIFE— AU 5 ST 80% ~ 90% a4t 1]

BERAI Gt — g, U IR ER e R N R R IR & 1F o — 1
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Rblger Bk (WABHAR L), EHUIZ 100 ~ 5000 AR, KI5 M
HORE I — MR RPEAT RS . PR AN 2 2 RO Y R R SR R [ S 2R RO BT, I
FERTABRIE tH— 5 R, R i PRCAIA R, A RANIE R ) B SR E T FRIERE, A
TR AR B G R, AR AR MRS A BEAIAR e — MM B i Y

1.5.3 WEINZGERERERE

— MR G55 A 2 IR R AR AR SR B R Bk R E R . XA B AR A L
Wi, ARAEEEEN—P, FEHEB W0 8EE, AHTUIZ%, AT,
TENGE M Z G, FX 2 B s S M AR ERE . ABTHE T 8 X AR 7 A g
W75k, ARBTTESAEMLS, EERBT NSRRI, wg 7 i B84
B, AT SR & M R 2R i 7 SRR B B A7 I gRd . EAL P AR
8 i b B, PR R — A FE, WRSARBUEE, P AR RER BT . FEX AR
PRATRETR B N BB A PEAY S AL, XA (AR IR & R EUBRAE N — BRI R R A2 fL .

1.6 FEABFTREKBXE

MO B AR A A I TR TR A R, 3238 ] DASR AN [R] B9 75 208 B 1A
o B 17 AP ELZEPRBICR.

£1=

» BB RE 15

x T EA SR ERETS S
Ao i AT

A

woEm &

B BoE RS N—

*TRIAE P, ghi

3%

TR 3

T, B3

LR KRR

B 1-7 BEWRHXFR

o 2 AT LS MRS . X BRE A TA BRI RESES], H A BIRA
H, PABAS FEIR Z A BT PERE A HAR AR AR R LA TG — ST B ML =% ) 1) R it
ERA LIRS, RABRMEIRE, THENREMEER, 2 2 ZRED NESUE R
71 Python W] U] TRHRER KRR — L T HE, al AWYEE 2 B Ryal 6l 1, A=
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Bl e AR T LA T AR, SRS SRR IR B R B SE B, AT AR ] 25
2 FEEA AR Y o

5 3 EEE GRS P R EAR . AP RS, — st
e TR )R fig , AW e JEMElH R ZER] . 5 3 JW A T A
41 (out-of-sample) %dfs (MIXZLHE) HKIPMATAMBR I PERE . FEASN IR 2 a2
R AR R N EAR A dE . — DAL 22 > 52 B AE BRI — A~ 52 Br w28 14 11 0 452 20
P BB 2 B A A A Tl o Xt SR P I R Sl £ DA B Y 00 e B 40U A 200
53 BRI AR MY IR SEBLAY T IR DA B BE T IR Z [ ARl By . S5 b AN EE R
AR 2 R ERER TR TR, 26 3 BRI LT ik AR E T Z R A B . X AL
o ) IR RS AT AN B A, PR S AR SE 0], 7 AN 5 AT 40 B 52 A0 2%
ERE A =

% 4 B AYIGRETT AR OB, AREAES RAEIRRRR, 5 3 &ESIA
[ — LSBT 2 T AR A AR = A 5 4 BRI T RO ERTT S R U Ik R A Y
LR, PARENERIETTAA LAY, — My 2R N R R (factor variable)
G R SR, PR H] DABE R AR A T3k SNk el A T vk R BE R AE T (6 R R A 1
LT, Rl U Z M E AT R A 172 5% b ) B B2 0 B0 AL B R X R T K
L BISEERT 5, XFRERIMMIINRRAR IR, WRESI AR MR
(A H, categorical variables) F|—/NEANERITRIA, FRE T EBT— 07 R
RANERIFAR S THL R, B4 BN AR TR, 4 HL N HMERY E (basis
expansion) 7535, BLITIRMARLIE R R RAGAR LR R, A ITEY RN T2 —2 M
SAERIAH CBEAET LRI

555 TRFA 4 BRG] RIHBIAN T 2 ER AN REh, ARl TR
TR Python T AA, X4 T HARMR IS, AZ=RHA R RERR
Z A IR A, XA 2 BB B — A, W ARSI — R i 1) A i
B TR URHIRITERE, 26 5 St B A SRR AR AE . BRRHIE RS 4R
A ZNE i A TN AR AT ) RARTEERY, ML RE 77 T DANIBR I 8 17 AR Y
TFR R

6 EREHEMTTIE, WNERBOTIRAERZEIT LN BT outkki, H—2uia
RN AN ] oo AW B JE . SR ROT IR AR S R R 2 B AR T e e, BT
AR, AT 3 AEEIEINTTIE : Bagging, $27F (boosting) ANEEHLARMK, ik
NEIEENE TR EAREN . ORI, SRS TR X SR,

5 7 BN ST ORI 2 BRI, ARSI AR EA ST XS e A . X e
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Preg e . BINRITERE. IZRFr@R e RIFITERESE . AT A B RS A R IER 2
PEFTOr o X T4RF A Y )RR 22X B AT R ALE A AS (] B S0 mpoxl FoT i 4 SR A 2 24

AEEFEZE, MR RATT AR KB, LRI BT Her a5
XHURA B IR AR A SRt — SRR A R TR R AR SRR RS S B R 5 B Rk
Mo . AT R LT BrA B REAE ] AFEAS 5 il AR 2R, X A M4 2
e ib B BENE R HIaFT (URH A ke T i P 552 s 1) A

INGS

AREESGE T A A EAE B A DA S F TN AR B A AL B . AR 45 R 2R IR
FRAE T R AR R, T DALEFRAT) S B A AR X LU B Y 8 S R DA Sk S B s
IR, AFE S PEREXT LR TN AR X R BIR . ThE T IX SRR R R AT
FEBLS, FHRAHE T4 B E Ak e,

REENGE T D TERARD TR, B P IRAAS PO, X5t 458
HE . ARALYIZRI s AR T AR SR DAL T AR A

A H B R L g 2 B DR FoB A RS2, RESIEAE R L AR~ 5
ARFIATHAPTAE, ABHFARERBERFRIE, MR, RAREBE—RPREE, LRk
DA R XPPERE . RIGHEFIVE 2K, — B T ENT2EALERN, FEMATHEHNE
MA—gl, MW ENRES LT XEEIRA MR Z A, AT EIEM
RERIIZ, X RSB B B SE s AR 1 SR A

Sk

1. Caruana, Rich, and Alexandru Niculescu - Mizil. “An Empirical Comparison of
Supervised Learning Algorithms.” Proceedings of the 23rd International Conference on Machine
Learning. ACM, 2006.

2. Caruana, Rich, Nikos Karampatziakis, and Ainur Yessenalina. “An Empirical Evaluation
of Supervised Learning in High Dimensions.” Proceedings of the 25th International Conference
on Machine Learning. ACM, 2008.
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BrEdEE () St — e ALY, el TRIENA R, — BREERRE,
R 750, B2 EFRTIFE, B —ERREEM ., AEPRSIFRESL 4T
R sE, B EEEAA A, MBI EX R, T HIT U6 A X sk
KR AR W R

AEAMANHE . — AR, X BIRREPUT RAE A oA Ah S 2 7 T
By, EBZMMAE 4 FME 6 EARMAIL 55— HIEZER Python H /A i
WL HEA,

A EL A1 B 0] R B R IR A 280 . ORI, WLas A ) BRI Rk . ey
IMARIARERIEABFEET AT, £ T TEHRARES, AFEFSMKRNHAILER
(7] B PR RCE AT ), X 2 1) A ) B 1 L ke ) MV RE A A A, IR Al R A R 31X 2
A, I HAEWAALEEEN] (AR SEE) .

2.1 “fEFR” —AEhiEE

ABAANEREF RN DT TR, TEERAE (RR) WA (85K JT
M. 3% 2-1 R T YRR, R T AU 4L ) BdR g . IURIRIE T —
MEHREREARN G, XX “PIRBIERFAL, f7ACREG” SF4EM RAGE., X4
B DR TN T — A AR S B A P G AE 2R Y 0

* 21 — A HLERF 3] AR B iR
ARid B B2 B3 RE
001 6.5 Male 12 120 70
004 4.2 Female 17 270 76
007 5.7 Male 3 75 T
008 5.8 Female 8 600 350
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Bm Rk AT, BATAR—AEG (BEEM BT, WE), FEE 2-1
TR SR EM P4, RRIGIIE— I Las ) MU ATERE M . B “miE” 1y
SRS L A3 EFAERI P . A “hes8” 981, W] AR S| A AR R A 45
ErtEk.

M F IR EBEF B~ T3 B—ANIR, A2 AHISh, Flde, AL RIS
A AEHEERE T BN R: SIS RE—AILIR, AT E—ANE T,

e 21, —ATRE IR, HATIEIRE-S BB G, 55—k UserlD (H
JUID), REATHEAIRBIRT, SEhr Al REA IR AT AT RSO . BN, Rk
OB T RS — A P 1D, I HAERCR U5 I R e, P R B AT
FS M ID G5 . AR AR Rl R TR, U P AR RS R AR R AR — AN
FF A ID, NS S — 1 ID, XA e HARX 5, 5 2 ~5 4 41
MOMIEIE, MU RMRZ T, bm, MHaE, XEER TR AT AR
EFNWIERM . RIERURTER RSB R R EdE

PREE R T B e, FEX AT, T ID R — AR AR, Rk
S, JEE2 2R, JEE 3 R RF RN BENE, 28 LT R E
NEFHELE BT AN R R EE AR 2R A @l 2 — M lds 2]
SRR A A R ID, SRR 25 A UE 7 A A W] E g2 . BEEH 1D, fi
JEVEAR T AREE o

ME— B ID JUREENCIKE H A, 7ERLeHE 00T AT DAMRYE I ID A= 2 Y
HAt Kl @R BT AEIR BN 7 1D, JE R P ok T I, BRas
EMEARENNEER, Plas ] BT MR B A,

wEMEE ARRA S IDELR, FVERFERT . E— BT %6, —Mlis
TR B2 AL RE T (RIVRT DARRROBT B S2 6, AU SIS R 5
#IETR) . N TIRBXAEE, FROARES KRN L — 1T, — D rTRERY Bl
Sh, WSRAID B2, ORI PR SR R AT R . X R
TR A, AWM ID BT, SRR T PR 7 BRI iy i 1) _E g
SRH, ARBEA A AT ATE PR AR R 4L

PR S R AR SR, BARRY AT Bk, JRgk
RABEBRA T, AR BE B Z A B <R, W
IE, RIGEE IR EFIRG— R AL, BRI 55
A,

Tatrs, [HEAE
MR OL, M2
i

vt
=
£23
= , XHEHENH

71
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BEREN:

BUHMTERRENET. NRFINPNEFETTERILZEFER, FENEETESXAREN
2F, BEE-RXENRESBEZRBERXARRNEF.

B ( BRETHNNEE ) BHERA:

& AT

* R

* MMIUEE

® A

PRI B AR
¢ #ZR

¢ B

* KHETE

* L

211 BEEMRENARREAEEE R

2 2-1 SRR DA A 2 26 BB AR R 260 (REE . BT i, B (5)
BB R, SRR LB, B 2 B, WL B, XA
TR S e O 2 A e R A R, S AR R — A R S B 2 R T 5 &
W < VR (B, RERLAME GRS bIE ), S RIA5 8 aT DU 2 {5, 0
PERIPE, WATLARSMER, WEEMM (AL, AK, AR, WY), % TREIELE Hib
25 (AVEEECT IR A, HIX 822 BRI 285 ) B0 1 BN HE S A B A B A2 1) o
Mok, FEFEFEMRESHLIEY T EE R ROTIEEA S, RAR IR & {24
& (factor variable), I, ZE[EI9% Y HARA FRACEAS B, SVM, Bk, K Rairéh
HRFRE, 55 4 2N G0 LR B BB R vk . X S0 R A 2 S
FRIBERE DA B IF K — ORS8RI 2 M T — A L, A%
EHEEZ—,

R AN VE RIS TARZE . 3 2-1 FRIOPRE R EUE N . FEERW T LRI S
B, SRTIFERCAR I, FRASHERI ARG, BIaN, A 2-1 (IR 552 Bl mhee AR
— SR IE B AR T 200 FETE, AR FEERAE T, Ak B Oy VR RE 2 A T, I R e
LT S 1T 200 3£ TCHYHT 4 7 LR BORRZS . XSRS SAEFAME e — A, % 2-1
PR SR G “IETE >200 T FIUPIRE Z 0106 R I0FE 2-2 fifs, %22
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PR BT HUE R . HEE,

x2-2 HERESKAFE
®2-117% >200 %3¢ ?
120 3578 False
270 7T True
GESH False
600 5T True

SRR BER, WUAE R, SRR IR, B AR SR, ARy SEE
REEC2 AME, #E e R, WEPRREAME, SR 2R,

FEARZAGOUT, BRI 8 e A . 190 R 31— 32 A — A [ U
P — e AR, R B AR MR R A AL e X SR B E R T — I 1R AR BT MY —
AU, BIAN, 7328 B AR T DA AP STy 2 FhAT o i SR M R

G2 IR n] BE LG ] U DR B, (I AN5 8 2 ME R R E R, — B R
A—EEms (0305 RWERL), MH—DHBEERE3.05 Kith — 1S5k, B
A5 1 L M R 1 P 43 5 T 30.5 DR DA T 30.5 SR I, UG 5
—MHEREAEEDHGER, — DRSS T RE R - ERA, MAREIESXK
O SR I B 2 SR IR, T [V YA 2 T B D R R

212 FEEENIEE

VIR BRI, RS BRI AR, TR — Mgy, BRTH
BRI — R F, XA R T IIH S S FER T & R, X R
FIR RS, (LR EEE TR, XA AR DA T RS MR

3 Z AR A I .

& T8 S

& IR RAEH . NI BUE T
& BRE

& EIEARZER SR

BN R BRI, FFRR B A TR, T S IR AL A 4 B R A TR
BRI ZE B SR, TR SRR X 3 — R 4 I L 75 3R SR LR

T B E BITA 2 D RAE . XA AT AT A B B i PR A B kR A
& B T YRR BRI A SR B BT (B T —AMERTT) . FERZET, X
P FEE R WZE, BERFITAZHRIT, A ELRENES, @diTE
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HASRBIRATEC O ERAR BRI , T DARIE A0 SRR S i SRR 73k, ISk
G ) T A C R

WARARA KRR, BIAIEAENCE IR ERRdE, IBA =R B BE AR TR A
s S Y %R WO B Y. (HARAC B R A RS, XA R S S, A
ZRENE, XTSRRI EIRR T . EXAEOL T, FEREI A ERMNE
HE, BCE RS AL B R B AR . T8 R A REEIH LAY T vk — e A i R (R A
#b - (imputation) , 35 2 {4 4 N1 5 ] 2R 75 YA 02 AT BT A L0 0 (L~ S5 (R AR i 2%
WM, HEEIRMIAZM RIS 4 A 6 EALRTINEAL, LR, FF&A ik
ERARS R IE L EAREE , B IRTEIATIX D 2 1 B PRI 0 4 DR A AR AR 3k o

BRIV NIREMCK B BN G TR R R S B AR, I 5 A Z E B S — 271K,
X LEHRRE T B VR R U] A R R ) ) R

22 HFEEB: AFNEKIKREERKE

BO/NTTREAERAE T S )RR SRR A, B B . Bammpies, %
PR, BRIEIRS . EERAARIGETTRRIE. RIEZ R R ., R SRS ] K
Ao AWHESEEK H UC Irvine HlaaE (WSHICHR 1), BdkET % . MAEH
e Al A AR 1 ATl e B ORI ARBAERIKER . RSSO ETR (5 5
(chirped signal), Bl S7E— A ki S [R]IA S0 Il ek, e St ) ) 2 (LA 0
FAESHEA R REN IR S, HARTFERA— M0 5, IR B NE S S
ea AR, myn—FReRmEERER OKE). TIOMA A vs. KRE" R
XA EESR .

221 “HAvs. KE” HIBEBENEFHE

Ko B B s £ I 0 25— 2 8 BRI, ARASIE B 2-1 SR “A A vs.
KEE” FHREMBR AL, ERENFEZENE, K2R EHEE, FERRIEANH
BRI, HEHRSERYET UC Irvine B3R GE, FESLHIH, W EIRERNITE. F15K
FIACRS o R ER . BRSE SCH 2 HAE S HIR, —IREEIBEE S S U —17, XA EE
T . AT, XEEE S TR, RS AR SR,

REDFHE 2-1 WHEMBIBENIE -rockVmineSummaries.py
(% : outputRocksVMinesSummaries.txt )

~_author = 'mike bowles'

import urllib2
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import sys

#read data from uci data repository
target url = ("https://archive.ics.uci.edu/ml/machine-learning-"

"databases/undocumented/connectionist-bench/sonar/sonar.all-data")

data = urllib2.urlopen (target url)

#arrange data into list for labels and list of lists for attributes
xList = []
labels = []
for line in data:
#split on comma
row = line.strip () .split(",")

xList.append (row)

sys.stdout.write ("Number of Rows of Data = " + str(len(xList)) + '\n')
sys.stdout.write ("Number of Columns of Data = " + str(len(xList[1l])))
Output:

Number of Rows of Data = 208

Number of Columns of Data = 61

A s B, ILEdRSE N 208 47, 61 81 (BT 61 7B XA A IIng?
Bmer e (T8 0% ZAFELUT LA i SRR i i ab 2. B, R4
ol AL AT AR BCHI W ZRBr G Y b a] . X T8 A vs. KT X R/ EEESE, I
SRl F 18l XA FITAEUIZRE AR s AW B AE A, SR e UL i 3]
1 000 1 000, FEFT LA B IR RPREAE — 05, W8 SO IR IR R 75 2L L8
RBARSER AT SIS T SO, AETT 2 R B I 2R )RR 2 3 ~ 4 /N, 1l
ST EMAIE 12 ~ 24 /N, SR EY USRI [R)RF & S AR IT R B, Dl
BRI LURX BRI T A

F A= EERES R AR EAR R RS B R TATHL, B4R AR 2L R A 7
WA RK A AT RESRAT BAER TN, SCZ IR, TE5H 3 B EERIEI T, XS XA
SRR,

RAE M F IR, N — BRI s 2 R AL, RS2 S AL
RIGE R 2-2 B “H A vs. KERT BRESE Lt s, AR 51,
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BERER (BRAMEGE AR MR BHE, R FRASmRENE, WEAEAREE.
SIS . 1l 60 FIRRERUAR, RIa—FIER T, XU PAFRERRE. @RI
BB TARION, WGIFTR, FERENILT, —(EISERE R AFIRM 0 F 1,

RIBFER 2-2 HEBSNBMHEMEFHE -rockVmineContents.py
( #id - outputRocksVMinesContents.txt )

~_author = 'mike bowles'
import urllib2

import sys

#read data from uci data repository
target url = ("https://archive.ics.uci.edu/ml/machine-learning-"

"databases/undocumented/connectionist-bench/sonar/sonar.all-data")

data = urllib2.urlopen(target url)

#arrange data into list for labels and list of lists for attributes
xList = []
labels = []
for line in data:
#split on comma
row = line.strip() .split(",")

xList.append (row)

nrow = len(xList)
ncol = len(xList[1])
type = [0]*3
colCounts = []

for col in range(ncol):
for row in xList:
try:
a = float (row[col])
if isinstance (a, float):
typel[0] += 1
except ValueError:

if len(row[col]) > O:
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typel[l] += 1
else:

typel[2] += 1

colCounts.append (type)
type = [0]*3

sys.stdout.write ("Col#"™ + '\t' + "Number" + '\t' +
"Strings" + '\t ' + "Other\n")
iCol = 0
for types in colCounts:
sys.stdout.write(str(iCol) + '\t\t' + str(types[0]) + '\t\t' +
str(types[1l]) + '"\t\t' + str(types[2]) + "\n")

iCol += 1

Output:

Col# Number Strings Other
0 208 0 0
1 208 0 0
2 208 0 0
3 208 0 0
4 208 0 0
5 208 0 0
6 208 0 0
7 208 0 0
8 208 0 0
9 208 0 0

10 208 0 0

11 208 0 0

54 208 0 0

55 208 0 0

56 208 0 0

57 208 0 0

58 208 0 0

59 208 0 0

60 0 208 0
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222 “Fhvs. KE” BIREGITHHE
WML RIER AR, MR RAER Y R, TSR B R A R PG
THE R BRI R R BB 5. (ORI 2 2-3 3k P A TR AR A 5 1R

KEgiER 2-3 HEMEFNBEEENSITER -r'VMSummaryStats.py
(% : outputSummaryStats.txt )

__author = 'mike bowles'
import urllib2
import sys

import numpy as np

#read data from uci data repository
target url = ("https://archive.ics.uci.edu/ml/machine-learning-"
"databases/undocumented/connectionist-bench/sonar/sonar.all-data")

data = urllib2.urlopen (target url)

#arrange data into list for labels and list of lists for attributes
xList = []
labels = []

for line in data:
#split on comma
row = line.strip() .split(",")

xList.append (row)

nrow = len(xList)
ncol = len(xList[1])
type = [0]*3
colCounts = []

#generate summary statistics for column 3 (e.g.)
col = 3

colData = []

for row in xList:

colData.append (float (row[col]))

colArray = np.array(colData)
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colMean = np.mean (colArray)
colsd = np.std(colArray)
sys.stdout.write ("Mean = " + '\t' + str(colMean) + '\t\t' +

"Standard Deviation = " + '\t ' + str(colsd) + "\n")

#calculate quantile boundaries

ntiles = 4

percentBdry = []

for i in range(ntiles+l):

percentBdry.append (np.percentile (colArray, i*(100)/ntiles))

sys.stdout.write ("\nBoundaries for 4 Equal Percentiles \n")
print (percentBdry)

sys.stdout.write (" \n")

#run again with 10 equal intervals

ntiles = 10

percentBdry = []

for 1 in range(ntiles+l):

percentBdry.append (np.percentile (colArray, 1*(100)/ntiles))

sys.stdout.write ("Boundaries for 10 Equal Percentiles \n")
print (percentBdry)

sys.stdout.write (" \n")

#The last column contains categorical variables

col = 60
colData = []
for row in xList:

colData.append (row[col])

unique = set(colData)
sys.stdout.write ("Unique Label Values \n")

print (unique)
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#count up the number of elements having each value

catDict = dict(zip(list (unique),range(len(unique))))

catCount = [0]*2

for elt in colData:

catCount[catDict[elt]] += 1
sys.stdout.write ("\nCounts for Each Value of Categorical Label \n")
print (list (unique))

print (catCount)

Output:
Mean = 0.053892307 Standard Deviation = 0.046415983

Boundaries for 4 Equal Percentiles
[0.0057999999999999996, 0.024375000000000001, 0.044049999999999999,
0.064500000000000002, 0.4264]

Boundaries for 10 Equal Percentiles

[0.00579999999999, 0.0141, 0.022740000000, 0.0278699999999,
0.0362200000000, 0.0440499999999, 0.050719999999, 0.0599599999999,
0.0779400000000, 0.10836, 0.4264]

Unique Label Values

set (['R', "M'])

Counts for Each Value of Categorical Label
['R', IM']
[97, 111]

R — i BB E R IR R 51, R AENEIMER. F—2irHEE
MEANTT 22, T X EEGET R B T AT S e S AR R I ) EL R 32

AU E RN T HE A, %Zliﬂﬁiln?-f?xuf?ﬁﬁﬁﬂ% [0.1,0.15,
0.2, 0.25, 0.3, 035, 04, 4] HHIERTHEREME, BREE I ‘47 2R¥EME.

KX PR EER— R IA R R HRCF R IR T B T . Biln, 525 |
IHRUR B /Y 25% ORL, 5 S0 H A RLEUR B B/ 50% RO EL. AT A4 ET
WAL B ] B 7 VA R (BB X SRR U HES . LR Bl E A PR, XA ml
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MR Z) ¥ 2 F o 8 i 5, — 205 1 2000 B o 2 808 B WU PR IR 2 5, R
BRI /4, U5, 110 K430 F 2 A0 EGE 5 23 59 AR 3624 (quartiles, %157 HES1)
(1) — LR 53R 4 ASAHSEER 7 i 20 H R EE) . Tar 2%k (quintiles) F1-H40 74K
(deciles),

FIRBEHAR A 5 SCH U gL, BRI ECH E 4P HEL, A 8 NMTE,
AU ECE A 0.1 #1015, PATFRYLAMZEHE, WTLAEEFX ey R B 85 5, sH—1
72 0.05 (0.15 ~0.1), 55 AU 40 (7 50 5 BE R B ], SR 5 Jg — A~ IO 43 0 3R 5
FEANE 3.6, X2 H A U B0 FE R LT

FAEE B 2-3 WU B AT R AR 5 2 2, BT Rk, AR i
Ja— VU AR s R M TEAR 2 . T RIS, SO T gk, [RIREIER
TEJE AT N E  FE EEe K T H A A AL R e B
SE BTN, B IR T R S MG

223 RASUHERTRER

HAABMAI R RS (CGRREE) DI Rst2m B r - m A, K550 RER)
ST ECRE, HIWTAH SRR 2 A PLfE ., ARSI B 2-4 J7s el i 7] Python ff) probplot
PRACRTT RIS R S R R R B s 1R A L B s i A B [
FEE LA AR o AR R AR A i 0 010, O I R ) Y e — SR L. R EH A
£ vs. REE” BIREME 451 (56 4 J8 k) m—LmimepX AL, WK 2-1 froR, X
W L die S R AR B 2 22 1 i oA R RO Kl o

RIGFEER 2-4 “FER vs. KE” BIEENE 4 JIH D EE -qgplotAttribute.py

~__author = 'mike bowles'
import numpy as np

import pylab

import scipy.stats as stats
import urllib2

import sys

target url = ("https://archive.ics.uci.edu/ml/machine-learning-"

"databases/undocumented/connectionist-bench/sonar/sonar.all-data")

data = urllib2.urlopen (target url)
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#arrange data into list for labels and list of lists for attributes
xList = []
labels = []

for line in data:
#split on comma
row = line.strip () .split(",")

xList.append (row)

nrow = len(xList)
ncol = len(xList[1])
type = [0]*3
colCounts = []

#generate summary statistics for column 3 (e.g.)
col = 3

colData = []

for row in xList:

colData.append (float (row[col]))

stats.probplot (colData, dist="norm", plot=pylab)
pylab.show ()
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AR 20T i X S8 45 27 S R R B U R i R R AT, T e B
s — MRS, W AR R U A5 SR A1 0L, RIS BA LSS IR 2 | S X e 7
TR K. WURA SRR, AT AR BUE BRIEATICIE . BN, R] DASE i3 L8 30
ERRIAL G T, DAINSEX LB e R e R A LL L m] A S8 AR 4 1 1) 1
SrEgiiok, SRS BRI . A0 SR S T AR AR AR 5 IE 0 N & 8 B 2R S A dE
D), 7 DA X LB 5] - HE R R R S . — Dl AT IR R A B SR AT RSB B, e
T ARG T, SR G R R TR R S 8 U BB I S A L T W] RE RSP . XA
FES MR RIS, W DAE IE 20 (72K 1&] (quantile-quantile, Q-Q) i Wif L& 414 ] LAFR Ay
SRR

224 ZEAEMRSITFIE

bR AT TR R TR R, B BE IR VR AT AR AR — SR T RAS R L
% BPEEAROBE ., BREXEEEFERETUTERERA . EEamAE (5. %),
(AR R R L E R, A 50 ASTTRERIE. FEEEMEECE roRen, AbBERE 2
TERINN, 4K 5 IO EE (SRR YRR X AT AR FRAG 25 BB G BR
¥, 1 Breiman 1 Cutler (WBVEMIABIN) S HIRATHIBENLAR ARG 156308 32 201,
RN E R 32 K], WEE LI,

A IE Gt A h SRR R — T4, SRSTEI T4 B — Ry,
G, SRR EE RN, Ho B AN H I T K. — A BERLIIER 1125
BlR T2 PR T RE R & B b N HOREAR . (RTS8 ) 50 4 A Rk 790 DL 7T 4t 30
SRERTENL, RISFEE FHATALBE, VARIANE SR NIIREA B, AT ABE 558 R g
PRI G 3, U Bl BAMREAS (BRABIEC I S ), sl 42 il B LIRS AR A i 2]
GATBRPINIOREA, AR MRS AL (stratified sampling) ,

225 FIf Python Pandas 5 “&7 vs. KE” BURSHHTSE ST

Python Pandas T Bt 0] DAY By B S (L B Se it o AT iS4, gk se /e 8 ik
HBrBerr A . Pandas TR AT DARFEORIE A — PR E RO BB ESH , IHARRRAE (data
frame), FHEHERMKHE CRAN-R Bin &5 Y

Pandas T AL L# R THAABANE, TERALCH RGN, FMALMEE EHY
WA, mEANEZ A RICE, 3 Hhe b R, SEid b R AT GG — AN SR04 7 ikak o AL
43 Anaconda Python Distribution 4% €L, 4K LTV A A Continuum Analytics ( http://
continuum.io) A TF#H, ZRFTE+H ML, RBEIGARAIATHRTAEFIFHIE M. M
BFIFHRTHRM O,
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PRAT PAFE R AE 24 B — A8 5O R UE MR B R 4548, 3k 2-1 R, BURAE E X
FTRF—ALF (—KER., —ADOIT. —RWESE), FIRER-DFEEWEE, egH
BHERE, (HIURRHERE, FHABMMTRERMR R AFERN, X FEMERY G TR
Rk H A (e, ZakHIg, BEEE) . (EXF Tk UL, AR AR R
T, FAGT N — MR AR Z AR R BENTRA .

F2-1 BB EEE | ANEHEFR S, BSWAEMRIGIERE (B, 31k
TR, PN, TACRMBUEE F 2R3, ERF 552 AR, #Eid
BRAE, nTLGEA RG] (index) (977 =5 ) AAEEAICE, Z40L Python H1ijj i) —~ Numpy
BAH S T AEEA T CE (element), 25U, RAZESIVIF (index slicing) A AT F] AT
BRE5), [ HAE Pandas $EHES, WIRAES A FRVTAFTES, 30T/ NI al SR
B2 (#% “Pandas introduction” 2xF8F KT ] Pandas A [ 148 2AVEERE )

WAl L UC Irvine FHRGEE v 52 H “ 6 vs. /KT BURRY CSV ST i B 2-5
PR, X B % H R s i —Eh sy . BATB TSR] AR SE R

R#g;ER 2-5 F Python Pandas IENEE. 4 - pandasReadSummarizer.py

__author = 'mike bowles'

import pandas as pd

from pandas import DataFrame

import matplotlib.pyplot as plot

target url = ("https://archive.ics.uci.edu/ml/machine-learning-"

"databases/undocumented/connectionist-bench/sonar/sonar.all-data")

#read rocks versus mines data into pandas data frame

rocksVMines = pd.read csv(target url,header=None, prefix="V")
#print head and tail of data frame

print (rocksVMines.head())

print (rocksVMines.tail())

#print summary of data frame

summary = rocksVMines.describe ()

print (summary)

Output (truncated):

VO V1 V2 . v57 v58 V59 V60
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0 0.0200 0.0371 0.0428 0.0084 0.0090 0.0032 R
1 0.0453 0.0523 0.0843 0.0049 0.0052 0.0044 R
2 0.0262 0.0582 0.1099 0.0164 0.0095 0.0078 R
3 0.0100 0.0171 0.0623 0.0044 0.0040 0.0117 R
4 0.0762 0.0666 0.0481 0.0048 0.0107 0.0094 R
[5 rows x 61 columns]
V0 V1 V2 e V57 V58 V59 V60
203 0.0187 0.0346 0.0168 . 0.0115 0.0193 0.0157 M
204 0.0323 0.0101 0.0298 . 0.0032 0.0062 0.0067 M
205 0.0522 0.0437 0.0180 . 0.0138 0.0077 0.0031 M
206 0.0303 0.0353 0.0490 . 0.0079 0.0036 0.0048 M
207 0.0260 0.0363 0.0136 . 0.0036 0.0061 0.0115 M
[5 rows x 61 columns]
VO V1 R V58 V59
count 208.000000 208.000000 ... 208.000000 208.000000
mean 0.029164 0.038437 0.007941 0.006507
std 0.022991 0.032960 0.006181 0.005031
min 0.001500 0.000600 0.000100 0.000600
25% 0.013350 0.016450 0.003675 0.003100
50% 0.022800 0.030800 0.006400 0.005300
75% 0.035550 0.047950 0.010325 0.008525
max 0.137100 0.233900 0.036400 0.043900

BARIR)E, P BT HR B B . R R A SRR R AR
%, PrArREIRAE MinsE . XX EdRESE, S RSN Cafn), 5
rRMARZER OKE). BRI EREE BRI EFE., FREsETHSF,
SERR L2 I 75 2O BRI AT R . IR A BURE RS B 5 B BN AR R (P i 5 . e i
AT Bt SE BB S ST R B .

Pandas W[ LA ST HRHIE, T, %, HT describe s h ) B4E (SETHF
B AERUR—AEIEE, H el LB st E R S R AL B R 5 A AR
AR R ZE SR . ST R—EEES, MRAAERE R E R T HMESR, Wi
TFESH AL AR — PR e R U L 8 2 TR, R S MR
Wulrgee/ bRy, XLAHEAT A,
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23 Xt “SAvs. KE” BEEBRUENTALET

AL AT DASR BT HCR 0 EVUER 2 , 3547 i AR i e TR AR . IS
A G TR TTRAL 7. 526 LA A ML T U 2 BT R A i 2L
Bl G T B [ ARG T 7

231 FIRFTLREREITAIRLETR
Xt BA A B R — Rl AL T A /4T 445 1E] (parallel coordinates plot),
B 2-2 J-PATAEAR A AR S, R ([1 3 2 4]) RERBEE AT RIER

SCAS ] B 1 S A7 AA A -
o BAMBOTALFENE 225 0l mw,  mws e

KRR, RAFERRBRIENE 4 P s

SRR HE A A, MRS

TR EH TR R

AR AT, BT \
K

PR R, SR T )
HSEZ A KR, (78 Wikipedia
A “parallel coordinates” 23462 H ¥ £ 17

BEE

1T

FOT 6. 2-6 R TINS5 — —
11 vs. KA BB FATALRAL, [ 23 %
iR, TANER AR T R 22 FousE

WEiE: R Caf) 2R, M OKE)

L, AR RIS (25]) ZIRI DMREAZHIX 7> ik, 20 “SREAEK
Pase” B Z AT MRS X7y ok, X plans > At T 0 RV B ROR o
XY “Ef vs. KR BAREMNE AR R0, (HRA K O MG s
TPy, WE KRR, EOMRERE—rIL, TERIERT] 30 ~40 2, HENEL
DAL ER R L, © XSS B T AR R B A SE T A 45

RLFR2-6 SSHEBRENTRWL: FITLHRE - linePlots.py

__author = 'mike bowles'
import pandas as pd

from pandas import DataFrame

COEWERE HATBITES, WG A G AR, kT LA B SO R AR M RCR . T Y PE 61 A [ R Y )
o\, —FE,
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import matplotlib.pyplot as plot
target url = ("https://archive.ics.uci.edu/ml/machine-learning-"

"databases/undocumented/connectionist-bench/sonar/sonar.all-data")

#read rocks versus mines data into pandas data frame

rocksVMines = pd.read csv(target url,header=None, prefix="V")

for 1 in range (208):

#assign color based on "M" or "R" labels

if rocksVMines.iat[i,60] == "M":
pcolor = "red"

else:
pcolor = "blue"

#plot rows of data as if they were series data
dataRow = rocksVMines.iloc[i,0:60]

dataRow.plot (color=pcolor)

plot.xlabel ("Attribute Index")
plot.ylabel (("Attribute Values"))
plot.show ()

08L .. }”‘ ) 1 Q“ .............. % .................

06k \ i “f J ””; ..................

0.2 : e i : SR

0.0 H H H Vi s -
VO V10 V20 V30 V40 V50

BRI

B 2-3 "ERvs. KE" BIEERMNFTLIRE
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232 BEMUMRZERNXREFIL

FAMATRE T R R R M E R R . PAFIX MRS K R AP 22
il JEPE SRR 2 E (cross-plots), LHGiE B 2-7 /R T anfr p= AE AR R M B T R 22 2
K, iXsexzos ] (XY VERUS A, scatter plots) J7R T ik SEJEMXT 2 [B] R R A VIFE R,

KEGFR 2-7 BHXAIZSE -corrPlot.py

__author = 'mike bowles'

import pandas as pd

from pandas import DataFrame

import matplotlib.pyplot as plot

target url = ("https://archive.ics.uci.edu/ml/machine-learning-"

"databases/undocumented/connectionist-bench/sonar/sonar.all-data")

#read rocks versus mines data into pandas data frame

rocksVMines = pd.read csv(target url,header=None, prefix="V")
#calculate correlations between real-valued attributes
dataRow2 = rocksVMines.iloc[1l,0:60]

dataRow3 = rocksVMines.iloc[2,0:60]

plot.scatter (dataRow2, dataRow3)

plot.xlabel ("2nd Attribute")

plot.ylabel (("3rd Attribute"))

plot.show()

dataRow21l = rocksVMines.iloc[20,0:60]

plot.scatter (dataRow2, dataRow2l)

plot.xlabel ("2nd Attribute")

plot.ylabel (("21st Attribute"))
plot.show()

2.4 FIPE 2-5 JK B 0 vs. kTR SRR PIR REERIBUS I, 6 vs. k™
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BARFEN B AR B R B, PR ANR [ R (55 IR IS S, BB R — kb
55, THATEMRI, AR5 BT, X DR B PR 7 I BOK RO [k
P8 1) L P BBURE o 3 B[] PRy P A S O IR [R) S5 R B 6 R 5 R 1R 52— Y,
HARSER 60 @ MERRR [ A ESHE 60 AR AR AU (K2 60 S AFERISIR ).,
PRATRE S AT IR A JE A & FURs — ISR PSR 3¢, R O e AR <1 I [R]_E Y BUREFE AR 11

ZERZA K.
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X UL 37 A ] 2-4 FH P 2-5 WP AR R THUESE, [ 2-4 Y B LA 2-5 H o s
ST —FHL, WREHE D THEEEM X MRS E IR R E Z AR KR, ETE
wikipedia ##2% “correlation (#H)” fHX UM, FA b, WERECRE ERAEE—45 %7
HZHED, DRI AN AS B SR A O s AR L ST A — BRI 2 RO K

N ERER I, AT A AR — N EE S R HIR (%) MU E, BFRPE Z ()
PR KM, X R H A2 Se g (IR |, 0 R 1 2 5 1 2-4 R 2-5 4041,
‘Bt vs. KET BoRSER A ENE, B TE, HE2EEFRENETE,

A5 B 2-8 JE R AT AR ZEFIEE 35 D@t EUR B, A AIE 5 35 AN E AR
FER R SRS R B, RIECRHE TFATARIRE 2-3, EXA-FATAL bR B s A a4
IS KEHIRTEEERGIME 35 A5G . WARZ SR 1MAE 35 MHER R X Rl
WAZ BRI A, IR 2-6 A 2-7 iR,

REZFR 2-8 HROTIRZEFIHER 4 2 B HIHE X4 -targetCorr.py

__author = 'mike bowles'

import pandas as pd

from pandas import DataFrame

import matplotlib.pyplot as plot

from random import uniform

target url = ("https://archive.ics.uci.edu/ml/machine-learning-"

"databases/undocumented/connectionist-bench/sonar/sonar.all-data")

#read rocks versus mines data into pandas data frame

rocksVMines = pd.read csv(target url,header=None, prefix="V")

#change the targets to numeric values
target = []
for i in range(208):
#assign 0 or 1 target value based on "M" or "R" labels
if rocksVMines.iat[i,60] == "M":
target.append(1.0)
else:

target.append(0.0)

#plot 35th attribute
dataRow = rocksVMines.iloc[0:208,35]
plot.scatter (dataRow, target)
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plot.xlabel ("Attribute Value")
plot.ylabel ("Target Value")
plot.show ()

#

#To improve the visualization, this version dithers the points a little
# and makes them somewhat transparent

target = []

for i in range(208):

#assign 0 or 1 target value based on "M" or "R" labels

# and add some dither

if rocksVMines.iat[i,60] == "M":
target.append (1.0 + uniform(-0.1, 0.1))
else:

target.append (0.0 + uniform(-0.1, 0.1))

#plot 35th attribute with semi-opagque points
dataRow = rocksVMines.iloc[0:208,35]
plot.scatter (dataRow, target, alpha=0.5, s=120)

plot.xlabel ("Attribute Value")
plot.ylabel ("Target Value")
plot.show ()

WAREMA T AER, RAOMREER, BiaBGE A 2-6 FraRmils . EE 2-6 |
AR LSRR A, AR A R L MER, REASE
B, WREAMAMRE, WAREEIMMEMN 4%, 20PN X8 mU2 i 2
AR

R 2-8 A T A, dlid 2 A/INCES SR 7 LR i R, A SR e —A
/NREALER, Fi?&“g%%jﬁ*ﬁlﬁ (LEEXTTT/WQ{E:& TUAEH) . PREEERAIE 0 5 1,
R ATAE S, FRZEM BT —A7E —0.1 1 0.1 Z [ 51 43 i BEALEL, X FEaiE
XL RN HOT, (HEORETHEX 2 2408, MAh, XL S22 6 R alpha=0.5, XA
XL R B . IR AAERUR B 8 24 R TE— DML B S T — R A X,
X 7 B R — LA (VR BE R B AR 2.




23 X “FHHAvs. KE” SHREEERMENTIOLETR
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2-6 5% - BUXZE

X PRI IRBIRCR AN 2-7 FiR . AT AR RIS 35 @A Ze B B R E S —
BB SR T T B RE A B e AR N 21 58, B 07 BORAR RS BOK R Y EE . T
RN A T BB . i RIS R 1, l DARR S, — o e, FIWSR 35 etk 2
HRTENT 0.5, WRKF 0.5, WA A, WRNT 0.5, AW AHKE. FEH 35
ANEPEE/NT 0.5 sEf, IRERY MRS, 1 BAEEIEE/ DT 0.5 BSEBl, &
AR EMGUSZ . XAERUA] DAIRAS— A EUREALAS T i 2B O 2521
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42\%2% BT AR T A E

B c4 53487 53285 2 200 SR B0k, ©NARBAGEL, fRIE
— DB, BEBCHR A TR A, TR kA A ATt A T A 2SNk
BRWE,

PR (g, — D R2E) BRI W] A BRIEAH < R % (Pearson” s
correlation coefficient) k&AL, Z37E 2 MEERAYEER u M v (WAK 2-1 T4 2-2 Fir),
HIC u MR TTRAEIRZE w B39E (WA2-3), X v W FEFNFE.

u
uZ
u= .
uﬂ
2R 21 mMBUNTE
u=avg(u)
~X2-2 MU HYE
u, —u
u, ~u
Au= .
u, —u

2R 2-3 BEuPEITEMAEIE
PAI R Aw ARG SE O30, RERCEE AN B v, 8 I Av,
W) A v Z TRTR) BEZRARAR R R BN 24 50 2-4 FR

Au" * Ay
\/(Aur *Au)* (AV' * Av)

corr(u,v) =

AR 2-4 FRIRFHEXREEENX
R 2-9 s T MR B0 50 2-3 AE 2-5 s PR AR R R 8, M 5 R 4R
P R YA R — 8, R T MELRE 8 FU RGP TR AT ¢ R it U v

RKIEER29 MNEH2FMEH3. BE2FEMH21 AT EZRBNERHFEHEHXR
# -corrCalc.py

~_author = 'mike bowles'

import pandas as pd
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from pandas import DataFrame

from math import sqgrt

import sys

target url = ("https://archive.ics.uci.edu/ml/machine-learning-"

"databases/undocumented/connectionist-bench/sonar/sonar.all-data")

#read rocks versus mines data into pandas data frame

rocksVMines = pd.read csv(target url,header=None, prefix="V")

#calculate correlations between real-valued attributes
dataRow2 = rocksVMines.iloc[1l,0:60]

dataRow3 = rocksVMines.iloc[2,0:60]

dataRow21l = rocksVMines.iloc[20,0:60]

mean2 = 0.0; mean3 = 0.0; mean2l = 0.0
numElt = len (dataRow?2)
for i in range (numElt) :

mean?2 += dataRow2[i]/numElt

mean3 += dataRow3[i]/numElt

mean2l += dataRow2l[i]/numElt

var2 = 0.0; var3 = 0.0; var2l = 0.0

for i in range (numElt) :

var?2 += (dataRow2[i] - mean2) * (dataRow2[i] - mean?2)/numElt
var3 += (dataRow3[i] - mean3) * (dataRow3[i] - mean3)/numElt
var2l += (dataRow21l[i] - mean2l) * (dataRow2l1[i] - mean2l)/numElt

corr23 = 0.0; corr221 = 0.0

for i in range (numElt) :

corr23 += (dataRow2[i] - mean2) * \
(dataRow3[i] - mean3) / (sqgrt(var2*var3) * numElt)
corr221 += (dataRow2[i] - mean2) * \
(dataRow21[i] - mean2l) / (sqgrt(var2*var2l) * numElt)

sys.stdout.write ("Correlation between attribute 2 and 3 \n")
print (corr23)

sys.stdout.write (" \n")

sys.stdout.write ("Correlation between attribute 2 and 21 \n")

print (corr221l)

43
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sys.stdout.write (" \n")

Output:
Correlation between attribute 2 and 3
0.770938121191

Correlation between attribute 2 and 21
0.466548080789

2.3.3 H#E (heat map ) B REEMIRZRHEXME

XTI /D R WA M, SRR MRS SR T B B ] R R AR 2 T DAY . (E2 X
TREESE, SR XM R AR M, WA 100 DAL EE, WAR
MEAEHOR B R4 2 — T,

IRIE K& B2 [ e M i —Fh 5 et B 0 B e B IR B A ¢ 2505, B
KRB — AR, HREREE ij-th DNITEX IR | NEES S ) NEERHE X R, 5
J A SE R T 2 2 A E b, ARASIE L 2-10 AR RS SEEE, [ 2-8 w2 X FhIAA
T RO A 20 DOIEIE R 22 5 [ME AR B @ A e MR s . IR B33y, X 580
Fzétﬂﬁﬁfﬁﬂéo R I FHIT U B2 E AR SR B 1] [B] R N ERURE G, TR LR 05 5 B R 1

i, MR E AR (AR%) W2,

KHBiER 2-10 BHEHEXREATML -sampleCorrHeatMap.py

__author = 'mike bowles'

import pandas as pd

from pandas import DataFrame

import matplotlib.pyplot as plot

target url = ("https://archive.ics.uci.edu/ml/machine-learning-"

"databases/undocumented/connectionist-bench/sonar/sonar.all-data")

#read rocks versus mines data into pandas data frame

rocksVMines = pd.read csv(target url,header=None, prefix="V")

#calculate correlations between real-valued attributes

corMat = DataFrame (rocksVMines.corr ())

#visualize correlations using heatmap
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plot.pcolor (corMat)
plot.show ()

0 10 20 30 40 50 60

B 2-8 REEMNEXMENAE

JEMEZ AR FEEA K (X AE=1) BWRERE A REAHR, WRFEREERA
Pik. ZA BRI ERR (HXRE>0.7), BIZHEILLH (multicollinearity), i
HLFEBMEERATE . BIESARERIENIAE, AR BRI
R W (8] B A Al H A R AR

234 Xt “BRvs. KE” HIRERTTENG

TERTY A vs. K™ BOREMER D, AWART R TE, PANEX IR
SE R EEESZ . AW ER AT, XS T AR, L%, T R T
FLRAMT G SEHL 82 =) Bk B A BgE . B s T B BN g, F—T 2N
PR R A R, i TR A S

24 ETHRTERSIZHERN . wEFR

PR AR 1) 7K B R A ) TR [V RT DA T [ U TR, 7 2 ) B R (L L T
T 0 ) A W R B S AR ) — S, Bt R R T RS R R, T R R
A HRENE S LA AR,

{0 £ R S 1 )R AR LE I B TN B R AR i . MR TT DA B AT D0 1, ARG
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AR RS H A S REIRE, BE I B ARG RN R, (RS
R, #E0t (FFETE R TR ) . BRIy (R 0T VA 2 e 7 B I
MEER KR, SR, EEERR, REEE MR AR SO T, P
IR RERREANV L, 285> B N AT AR B — RS R R [ |,

fifd £8 550 P5 B2 ] DA UC Irvine B0 5 HH #5415, H URL J2 http:/archive.ics.uci.edu/ml/
machine-learning-database/abalone/abalone.data, M EIEEETE AIES TR, A Yk,
NN B FAEAE T I —A S0 b, ARASIE L 2-11 F bl B R S 32 A Pandas $EHE, A5
BEAT AT, XL OSSR AR R BRI K ST i —E. B EdER
PERTOUER), A vs. KE™ HUREMNSI4 (JBHES) EEM. AT RSN E S EH
W H ) I AR R R a2, PR A A AR S (BHES) ME ST E
2y, Bk, RBP4 (EHY) BEEEINEIRE S, SHXNERI EE—E,
W H RS2 T8 S BRI % E AT, S A i 35 A B L 4E . K
E. BE, @, BhEE, AREERE, ERERE SWERE, . 850 W0
BT FER RGN, TEET, RETERME WSS, X2 F e
B E RS TE, AT OIS R EAEIEAY, SR 5 H X AT
R AN HTE 2 R .

FASTE B 2-11 AMURR T g s B Ry RS, 1 H /R 1747 B i g5 B,
BTN BRI L MR, AT A EERERT k., SR E iz e, Bay
PAE B it . 2R 288 HE Y s 207 k. SRR, AiccA M (i
). F (M) T ORERER) . B pHERITE B AE B 2 ARTRE R, BE—L Y J5 46
B o PRI T /0N A el e HC PR IR N Y. AR R R R — S SRR, 2R
SEMET R AN R, — AR R RS BE R @ (SR # L (support vector
machines) . K 4P, & MERIE, XEGLESE 4 BNH), F 4 BX0NRIERGE
PR B S BUE B R 3T . ANREIE R 2-11 iR R T S 8B B 1 o S it 5 B

REFR 2-11 & HIEERILENS 5747 -abaloneSummary.py

~_author = 'mike bowles'
import pandas as pd

from pandas import DataFrame
from pylab import *

import matplotlib.pyplot as plot

target url = ("http://archive.ics.uci.edu/ml/machine-"

"learning-databases/abalone/abalone.data")
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#read abalone data

abalone = pd.read csv(target url,header=None, prefix="V")

abalone.columns = ['Sex', 'Length', 'Diameter', 'Height',
'Whole weight', 'Shucked weight', 'Viscera weight',
'Shell weight', 'Rings']

print (abalone.head())
print (abalone.tail())

#print summary of data frame
summary = abalone.describe ()

print (summary)

#box plot the real-valued attributes
#convert to array for plot routine
array = abalone.iloc[:,1:9].values
boxplot (array)

plot.xlabel ("Attribute Index")
plot.ylabel (("Quartile Ranges"))

show ()

#the last column (rings) 1is out of scale with the rest
# - remove and replot

array2 = abalone.iloc[:,1:8].values

boxplot (array?2)

plot.xlabel ("Attribute Index")

plot.ylabel (("Quartile Ranges"))

show ()

#removing is okay but renormalizing the variables generalizes better.
#renormalize columns to zero mean and unit standard deviation

#this is a common normalization and desirable for other operations

# (like k-means clustering or k-nearest neighbors

abaloneNormalized = abalone.iloc[:,1:9]

for i in range(8):
mean = summary.iloc[l, 1i]

sd = summary.iloc[2, 1i]
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abaloneNormalized.iloc[:,i:(i + 1)] = (

abaloneNormalized.iloc[:,i: (1 + 1)] - mean) / sd

array3 = abaloneNormalized.values

boxplot (array3)

plot.xlabel ("Attribute Index")

plot.ylabel (("Quartile Ranges - Normalized "))

show ()

Printed Output: (partial)
Sex Length Diameter Height Whole wt Shucked wt Viscera wt

0 M 0.455 0.365 0.095 0.5140 0.2245 0.1010
1 M 0.350 0.265 0.090 0.2255 0.0995 0.0485
2 F 0.530 0.420 0.135 0.6770 0.2565 0.1415
3 M 0.440 0.365 0.125 0.5160 0.2155 0.1140
4 I 0.330 0.255 0.080 0.2050 0.0895 0.0395

Shell weight Rings

0 0.150 15
1 0.070 7
2 0.210 9
3 0.155 10
4 0.055 7

Sex Length Diameter Height Whole weight Shucked weight
4172 F 0.565 0.450 0.165 0.8870 0.3700
4173 M 0.590 0.440 0.135 0.9660 0.4390
4174 M 0.600 0.475 0.205 1.1760 0.5255
4175 F 0.625 0.485 0.150 1.0945 0.5310
4176 M 0.710 0.555 0.195 1.9485 0.9455

Viscera weight Shell weight Rings
4172 0.2390 0.2490 11
4173 0.2145 0.2605 10
4174 0.2875 0.3080 9
4175 0.2610 0.2960 10
4176 0.3765 0.4950 12

Length Diameter Height Whole wt Shucked wt

count 4177.000000 4177.000000 4177.000000 4177.000000 4177.000000
mean 0.523992 0.407881 0.139516 0.828742 0.359367
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std 0.120093 0.099240 0.041827 0.490389 0.221963
min 0.075000 0.055000 0.000000 0.002000 0.001000
25% 0.450000 0.350000 0.115000 0.441500 0.186000
50% 0.545000 0.425000 0.140000 0.799500 0.336000
75% 0.615000 0.480000 0.165000 1.153000 0.502000
max 0.815000 0.650000 1.130000 2.825500 1.488000
Viscera weight Shell weight Rings
count 4177.000000 4177.000000 4177.000000
mean 0.180594 0.238831 9.933684
std 0.109614 0.139203 3.224169
min 0.000500 0.001500 1.000000
25% 0.093500 0.130000 8.000000
50% 0.171000 0.234000 9.000000
75% 0.253000 0.329000 11.000000
max 0.760000 1.005000 29.000000

AT ATV BT E B, B0 AR AR DTS B 2-11 FRFE = A AN LB @ v (B1)) 1)
fEZkE (box plots), 55— FEZEIWE 2-9 Frn., LB XUIEEZIE (box and whisker
plots), &xE. &RE, XEEERT —ANNKEE, F—AMaLgdE. A% R0FERIk
TR E AL (58 50 A MiE) ., KRBT/ AR R 5 25 B A5 es 75 |
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SR (BCE S — Uik, 55 =PUIr %) . AT PALCEAT BN DRI ST B AAE L e v
ML BORIESEX — R, FEETHY LRI/ NRK-F 4, mfE&20 (whisker), B4
LG p e 1 w1 A 3 8 i T E1 0 O = P A TR P SR E I v G S
I RS, BALR A E TR TR & TR R R . Rt a1 LT &R
BETTAIRMEERE TRER L4, XNEAH 14 G n] AR, 1EIELR
AR RSO . FEALEIROLT, S LA MR R, XU R E SR 3 R e T
FHORM B E, XML, SASTEEImI R B, TER I —LEH T, %
Py BEL A T A A S AL E (L4 e TRERHE), XA e 7w a.
Bl 2-9 Fros AL e — PR ELFT BB B s B, S ER A B R H S T, (H2 R
FE—AWEENE (RAiiaT) WIELE SEA R 47 T (SBURME
BIEHE) o — bl B R ER T YRR AT U Y B S R AR B PR B . &5 3R A1 2-10 frrs,
XAIEIAL N, B BA SR IEIETEE B shgii (HERM).
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A B 2-11 1A — 0 AR e 145 26 B 2 i K5 JB P4 ()9 — 1K (normalization),
BEAL A — A $5 T & B2 BAER O, RIEXTEUEIE T4, R 1 M— N RAE SR
P2 B — B EAH R . FERE A T A S R Y SRR 20X A H —1k. BN, K-means
BRI RRIEAT R Z 18] 5 e S P B OR AT SRR . BERS X B AL AR _E A AR IBUR J5
FI5 . BRI, SHDRAIE A AR, Bl — DI GRS DASEEU B2 | Je
PASE R B2 5 280 R, AR5 R 2-11 i A — (02 1B JE MR B AR S 4 A 39 (B O,
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PRUEZES 1 A, X Rl I —AL, H—fCiT S 2 T e summary() B945R, 15
—ERIRCR I 2-11 FR,

25 .
20 |
15}

==

o

S10F

g 5 - T “ %' 'i i 3' i
W BB BB BB e

Povod :

= 2 3 '

B 2-11 Pt B nELE

HEREH—EEIIRMEZE 1.0 HABWE I B BERARE —1.0 M1 +1.0 Z 18], &7 Ay Tk
RN Z PHEAAE —1.0 F1+1.0 fififr, (HR20ARELARAEX L FI,

241 [EFEERFTLIRE: HfEEERTEXRATRL

TS REBEREZE, BESHEZEB R, XT YA v KE” ik, ME
AT AR B ABEAL T 3RS TIXPIAR G R . BERF AR 8T, AT AT B L 12
1Eo A vs. AKERRIRIE, FATARRRIER T IR, iR T —A1r8dE, Irem
PR T H TR IS XA AT R AL R AT R I Z B R AR . B A R —
ANTELS (A, AN [ Y B € R S AR B (B A R ARt S B v 28 4 S K 3 B
EAERIBLE , F 2RSS RUE R4 2 [0.0,1.0] IXJA), FCHSE B2 2-12 F PR X summary()
ISR, F/IMEEIX R, ZPR A 2-12 fR,

RAGER 2-12 & HIER F 17445 E -abalonParallelPlot.py

__author = 'mike bowles'
import pandas as pd

from pandas import DataFrame
import matplotlib.pyplot as plot

from math import exp
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target url = ("http://archive.ics.uci.edu/ml/machine-"
"learning-databases/abalone/abalone.data")
#read abalone data
abalone = pd.read csv(target url,header=None, prefix="V")
abalone.columns = ['Sex', 'Length', 'Diameter', 'Height',
'Whole Wt', 'Shucked Wt',
'Viscera Wt', 'Shell Wt', 'Rings']
#get summary to use for scaling

summary = abalone.describe ()

minRings = summary.iloc[3,7]
maxRings = summary.iloc[7,7]
nrows = len (abalone.index)

for i in range(nrows) :
#plot rows of data as if they were series data
dataRow = abalone.iloc[i,1:8]
labelColor = (abalone.iloc[i,8] - minRings) / (maxRings - minRings)

dataRow.plot (color=plot.cm.RdY1Bu (labelColor), alpha=0.5)

plot.xlabel ("Attribute Index")
plot.ylabel (("Attribute Values"))
plot.show ()

#renormalize using mean and standard variation, then compress
# with logit function
meanRings = summary.iloc[1l,7]

sdRings = summary.iloc[2,7]

for i in range(nrows) :
#plot rows of data as if they were series data
dataRow = abalone.iloc[i, 1:8]
normTarget = (abalone.iloc[i,8] - meanRings)/sdRings
labelColor = 1.0/(1.0 + exp(-normTarget))
dataRow.plot (color=plot.cm.RdY1Bu (labelColor), alpha=0.5)

plot.xlabel ("Attribute Index")
plot.ylabel (("Attribute Values"))
plot.show ()
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Pl 2-12 B)-PAT AR b I S SR AR i (SR ERER) A T T0000 4F I 1 J8 1 2 TRT Y K &R
PFrEMAPI O RMRLIRE, ®E, REC—BERHFER. K 2-11 LA RRE
MR BRMEM R/ MED )z, B 2-12 FIRGERCR, SEd R 2 BBk
AL BT AR R B &R o . UL, [ 2-12 382 REW Won BB PR H ARER 2
MR, R EMTR T, rRrB O e R, WaEhE R, XLHxXE
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3.0

%% BE  BE SHEE ASEE HSEE AWES
RiZ3

B 2-12 & EURENF G TITLIRR
U B K F ] A R JZ DR AT B VS BARZ [\ R &, R R 2-11
W e — 8B 3 TR E A E— . BIH— A RAE A REEE R 0 F1 1 Z (4],
HEEBAE R EE S BUE AR BIREA E—H2 . UG 2-11 T 0 %8s 4 (logit
transform) SCHAL(E ] (0,1) AYMRGT, 70X EOBIRAN 5 2-5 FR , 23R £ &l 2-13 s,
logit transform(x)=1/(1+¢e™)
AR 2-5 ARNEFEBR AR
A 2-13 7R, 230 EeR BCR AR R B OB S i 0 (23 ) , R RAYIEZOMR S il 1 (42

), 0BRSS 0.5, 1E5H 4 L XA F 0 R EeR A, MERFAIER A SRR A EREER
BT REEMTER .
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2.4.2  [B]YA o) ANA {8 P 2K Bk A Bl —— & £ ()3 1 R M X 5K R R AT AL

B R AR R 2 IR S HERUR ML S B4R Z A et RS B 2-13
o K7 A ST LR RS . AR IR A vs. KR B
B L R, R EEER . FOh A PR ST SO E B, BT ATE T
B K AR T LAELAE B AR

RuQiER 2-13 & HIRNIEXMEITHE -abaloneCorrHeat.py

___author = 'mike bowles'
import pandas as pd
from pandas import DataFrame

import matplotlib.pyplot as plot

target url = ("http://archive.ics.uci.edu/ml/machine-"
"learning-databases/abalone/abalone.data")
#read abalone data
abalone = pd.read csv(target url,header=None, prefix="V")
abalone.columns = ['Sex', 'Length', 'Diameter', 'Height',
'Whole weight', 'Shucked weight',
'Viscera weight', 'Shell weight', 'Rings']

#calculate correlation matrix
corMat = DataFrame (abalone.iloc[:,1:9].corr())
#print correlation matrix

print (corMat)

#visualize correlations using heatmap

plot.pcolor (corMat)

plot.show ()

Length Diameter Height Whole Wt Shucked Wt
Length 1.000000 0.986812 0.827554 0.925261 0.897914
Diameter 0.986812 1.000000 0.833684 0.925452 0.893162
Height 0.827554 0.833684 1.000000 0.819221 0.774972
Whole weight 0.925261 0.925452 0.819221 1.000000 0.969405
Shucked weight 0.897914 0.893162 0.774972 0.969405 1.000000
Viscera weight 0.903018 0.899724 0.798319 0.966375 0.931961
Shell weight 0.897706 0.905330 0.817338 0.955355 0.882617
Rings 0.556720 0.574660 0.557467 0.540390 0.420884
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Viscera weight Shell

Length 0.903018
Diameter 0.899724
Height 0.798319
Whole weight 0.966375
Shucked weight 0.931961
Viscera weight 1.000000
Shell weight 0.907656
Rings 0.503819

O B O O O O O O

weight

.897706
.905330
.817338
.955355
.882617
.907656
.000000
.627574

= O O O O O O O

Rings

.556720
.574660
.557467
.540390
.420884
.503819
.627574
.000000

Bl 2-15 Jy R ECHRE, TR 2-15 H, L@ ARFRMBAHKE, WEARFEMHX, Hir (&
EHB) R, RIS — T MEa 8, U X E S B AR K,
PAEXTR B AR 572 ER A R, XGRS AT AR E B B — 2, Al 2-15 Fy
N, TR ER A LRI, AR ORI EARE LR LR MK, X258
R EE A LT E, BT, B SR — B R M A Ee . AEE

BL2-13 J7R 1R RIRAE
8

7

2-15  BRaEEN KRB AR

FE BN R B T 2608 (A vs. KEE) W T RBMURH TEISME, %
R EOR R T X PR ) AR AR s 22 55« (] U ) AR A SR SRR, T T 2R R AR AR A
& AHAR R, TATROR A R AR T BOR T e R R AR R TR [ R, R A2 R )
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A LAR I St i AR TR RO T B R RUESY, i ] AR & BT AR
P, AT E R KRR

25 RLPEREWMNCHEER: WELAEOR

2L H AR SR BRI 1 500 FPZLI R . B — PP ZLIHRA — R 5 Ak i B
BARPR, WIS SR, IR, ViR, SMEEe — 1 nEiEaE, 2=10%
AR G PR BRI E . FUEUR A — AT, ARSE R AR, S R
POME, 25N R — 2

BT B 2-14 S PAF LB R SR B AR . AR AT B i th s e B E AU S
AR, FERSHE B REE TARS] ., RS T IH— LR IERAE LA, n AR
KIEARR T B 5w . B 2-16 AMEL K., BEMSEIHEEAELR A Z R &/ KR
DGR AR EIREIAT IR ZOCERX — i, YW R PERE R, X 28 2 5
R AT RERLE 7 AT A T A DR A — D EOR .

KAGER 2-14 AHEIW/SITE S -wineSummary.py

__author = 'mike bowles'
import pandas as pd

from pandas import DataFrame
from pylab import *

import matplotlib.pyplot as plot

target url = ("http://archive.ics.uci.edu/ml/machine-"
"learning-databases/wine-quality/winequality-red.csv")

wine = pd.read csv(target url,header=0, sep=";")
print (wine.head())

#generate statistical summaries

summary = wine.describe ()

print (summary)

wineNormalized = wine

ncols = len(wineNormalized.columns)

for i in range(ncols):

mean = summary.iloc[l, 1i]
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sd = summary.iloc[2,

i]

wineNormalized.iloc[:,i:(1 + 1)] = \

(wineNormalized.iloc[:,1i: (1 + 1)]

array = wineNormalized.values

boxplot (array

)

plot.xlabel ("Attribute Index")

plot.ylabel (("Quartile Ranges - Normalized "))

[filename - wineSummary.txt]

- mean)

/ sd

fixed acidity volatil acid citric acid resid sugar chlorides
1.

11
25
15
17
11

0.
.88
.76
.28
.70

0
0
0
0

70

0.
.00
.04
.56
.00

0
0
0
0

00

sulfur dioxide density

34
67
54
60
34

0.
0.9968
0.
0
0

9978

9970

.9980
.9978

2
2.
1
1

w W w w w

9

6
3
9
9

0.
.098
.092
.075
.076

0
0
0
0

076

pH sulphates
.51
.20
.26
.16
.51

0.

0
0.
0
0

56

.68

65

.58
.56

fixed acidity volatile acidity citric acid residual sugar
000000
270976

1599.
.527821
.179060
.120000
.390000
.520000
.640000

show ()
Output -
0 7.4
1 7.8
2 7.8
3 11.2
4 7.4

free sulfur dioxide tot
0
1
2
3
4

alcohol quality
0 9.4 5
1 9.8 5
2 9.8 5
3 9.8 6
4 9.4 5
count 1599.000000
mean 8.319637
std 1.741096
min 4.600000
25% 7.100000
50% 7.900000
75% 9.200000
max 15.900000

= O O O O O O

000000 1599.
0.
0.194801
0.000000
0.
0
0
1

.580000

090000

.260000
.420000
.000000

1599.
.538806
.409928
.900000
.900000
.200000
.600000
.500000

000000
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chlorides free sulfur dioxide tot sulfur dioxide density
count 1599.000000 1599.000000 1599.000000 1599.000000
mean 0.087467 15.874922 46.467792 0.996747
std 0.047065 10.460157 32.895324 0.001887
min 0.012000 1.000000 6.000000 0.990070
25% 0.070000 7.000000 22.000000 0.995600
50% 0.079000 14.000000 38.000000 0.996750
75% 0.090000 21.000000 62.000000 0.997835
max 0.611000 72.000000 289.000000 1.003690
PH sulphates alcohol quality
count 1599.000000 1599.000000 1599.000000 1599.000000
mean 3.311113 0.658149 10.422983 5.636023
std 0.154386 0.169507 1.065668 0.807569
min 2.740000 0.330000 8.400000 3.000000
25% 3.210000 0.550000 9.500000 5.000000
50% 3.310000 0.620000 10.200000 6.000000
75% 3.400000 0.730000 11.100000 6.000000
max 4.010000 2.000000 14.900000 8.000000
12 -
+
10t 1
+
8t 1 * S 1
H % +
6 + + + ]
¥
4 <

N

o
S —

P 43 fir i 6 — Y3 — 4k

|
N

|
SN

BRI

B 2-16 JHI—ABEHIENEMNS BirEZ%E

IMABAARICH AT AR I 5 TR -5 B AR AR . ARSI ER 2-15 2k
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REFR 2-15 THEHIEMF1T7448E - wineParallelPLot.Py

__author = 'mike bowles'
import pandas as pd

from pandas import DataFrame
from pylab import *

import matplotlib.pyplot as plot

from math import exp
target url = "http://archive.ics.uci.edu/ml/machine-learning-databases/
wine-quality/winequality-red.csv"

wine = pd.read csv(target url,header=0, sep=";")

#generate statistical summaries
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summary = wine.describe ()

nrows = len (wine.index)

tasteCol = len(summary.columns)
meanTaste = summary.iloc[l,tasteCol - 1]
sdTaste = summary.iloc[2,tasteCol - 1]
nDataCol = len(wine.columns) -1

for i in range(nrows) :
#plot rows of data as if they were series data
dataRow = wine.iloc[i,1l:nDataCol]
normTarget = (wine.iloc[i,nDataCol] - meanTaste)/sdTaste
labelColor = 1.0/(1.0 + exp(-normTarget))
dataRow.plot (color=plot.cm.RdY1lBu (labelColor), alpha=0.5)

plot.xlabel ("Attribute Index")
plot.ylabel (("Attribute Values"))

plot.show()
wineNormalized = wine
ncols = len(wineNormalized.columns)

for i in range(ncols):
mean = summary.iloc[l, 1i]
sd = summary.iloc[2, 1i]
wineNormalized.iloc[:,i:(i + 1)] =

(wineNormalized.iloc[:,i:(1i + 1)] - mean) / sd

#Try again with normalized values
for i in range (nrows) :
#plot rows of data as if they were series data
dataRow = wineNormalized.iloc[i,l:nDataCol]
normTarget = wineNormalized.iloc[i,nDataCol]
labelColor = 1.0/(1.0 + exp(-normTarget))
dataRow.plot (color=plot.cm.RdY1Bu(labelColor), alpha=0.5)

plot.xlabel ("Attribute Index")
plot.ylabel (("Attribute Values"))
plot.show ()
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KEBEE 2-16 WHBEWEMSIHER -glassSummary.py

__author = 'mike bowles'
import pandas as pd

from pandas import DataFrame
from pylab import *

import matplotlib.pyplot as plot
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target url = ("https://archive.ics.uci.edu/ml/machine-"

"learning-databases/glass/glass.data")

glass = pd.read csv(target url,header=None, prefix="V")
glass.columns = ['Id', 'RI', 'Na', 'Mg', 'Al', 'Si',
lKl, lcal, lBal, lFel, ITypelJ

print (glass.head())

#generate statistical summaries
summary = glass.describe ()
print (summary)

ncoll = len(glass.columns)

glassNormalized = glass.iloc[:, l:ncoll]
ncol2 = len(glassNormalized.columns)

summary2 = glassNormalized.describe ()

for i in range(ncol2):
mean = summary2.iloc[l, 1i]

sd = summary2.iloc[2, 1i]

glassNormalized.iloc[:,i: (1 + 1)] = \

(glassNormalized.iloc[:,1: (i + 1)] - mean) / sd

array = glassNormalized.values

boxplot (array)

plot.xlabel ("Attribute Index")

plot.ylabel (("Quartile Ranges - Normalized "))

show ()

Output: [filename - ]
print (glass.head())

Id RI Na Mg Al Si K Ca Ba Fe Type
0 1 1.52101 13.64 4.49 1.10 71.78 0.06 8.75 0 O 1
1 2 1.51761 13.89 3.60 1.36 72.73 0.48 7.83 0 O 1
2 3 1.51618 13.53 3.55 1.54 72.99 0.39 7.78 0 O 1
3 4 1.51766 13.21 3.69 1.29 72.61 0.57 8.22 0 O 1
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4 5 1.51742 13.27 3.62 1.24 73.08 0.55 8.07 0 O 1
print (summary) - Abridged
Id RI Na Mg Al
count 214.000000 214.000000 214.000000 214.000000 214.000000
mean 107.500000 1.518365 13.407850 2.684533 1.444907
std 61.920648 0.003037 0.816604 1.442408 0.499270
min 1.000000 1.511150 10.730000 0.000000 0.290000
25% 54.250000 1.516523 12.907500 2.115000 1.190000
50% 107.500000 1.517680 13.300000 3.480000 1.360000
75% 160.750000 1.519157 13.825000 3.600000 1.630000
max 214.000000 1.533930 17.380000 4.490000 3.500000
K Ca Ba Fe Type
count 214.000000 214.000000 214.000000 214.000000 214.000000
mean 0.497056 8.956963 0.175047 0.057009 2.780374
std 0.652192 1.423153 0.497219 0.097439 2.103739
min 0.000000 5.430000 0.000000 0.000000 1.000000
25% 0.122500 8.240000 0.000000 0.000000 1.000000
50% 0.555000 8.600000 0.000000 0.000000 2.000000
75% 0.610000 9.172500 0.000000 0.100000 3.000000
max 6.210000 16.190000 3.15000 0 0.510000 7.000000
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KEGiER 2-17 WIBHIBRM F1T44RE -glassParallelPlot.py

__author = 'mike bowles'
import pandas as pd

from pandas import DataFrame
from pylab import *

import matplotlib.pyplot as plot

target url = ("https://archive.ics.uci.edu/ml/machine-"

"learning-databases/glass/glass.data")

glass = pd.read csv(target url,header=None, prefix="V")
glass.columns = ['Id', 'RI', 'Na', 'Mg', 'Al', 'Si',
'Kl, lcal, lBa', lFe" lTypel]

glassNormalized = glass

ncols = len(glassNormalized.columns)
nrows = len(glassNormalized.index)
summary = glassNormalized.describe ()

nDataCol = ncols - 1

#normalize except for labels
for i in range(ncols - 1):
mean = summary.iloc[l, 1i]

sd = summary.iloc[2, 1i]

glassNormalized.iloc[:,1: (1 + 1)] = \

(glassNormalized.iloc[:,1i:(1i + 1)] - mean) / sd

#Plot Parallel Coordinate Graph with normalized values

for i in range(nrows) :
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#plot rows of data as if they were series data

dataRow = glassNormalized.iloc[i,1l:nDataCol]

labelColor = glassNormalized.iloc[i,nDataCol]/7.0
dataRow.plot (color=plot.cm.RdY1Bu(labelColor), alpha=0.5)

plot.xlabel ("Attribute Index")
plot.ylabel (("Attribute Values"))
plot.show ()
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Gorman, R. P., and Sejnowski, T. J. (1988) . UCI Machine Learning Repository.https://
archive.ics.uci.edu/ml/datasets/Connectionist+Bench+%28Sonar,+Mines+vs.+Rocks%29.

Irvine, CA: University of California, School of Information and Computer Science.
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BT HERE

3.3 EEWmiNiEAIERE

ATT T G X FAEAL AT PR AR R AT T, 25— T TR X AN ] [ AN
e (Caroxt [l =T ) MSE 670 JE R F R0 2658 ) - FEAH SR (LA B L AR ) 523 )
Hr, AT AE B ROC DA 2 R THAR (AUC) BYIFAN TS, B 7T, XLE4EdR
XFFEREMU A AR BB,
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AT RAE T AR A BB T EHR MG TR BOR . PO AR A A R R A B Bl B R
BRI ATk B AR R IEAT SR R A R e i A S B B W), A B SE
MEAREATHEAHE, HHZ ARG R iz,

3.3.1 KB E AT IERE TN ISR

(B = B ik P A R R A AR T PR EDUE . FE [ D, LK H AR DA S I (T 5
B, R A AMPUE O EFME S BIIER 2R AR BRI SR P RE LB A K
RS WrERARR A . W ERMZERIY T RE (MSE) PARFIAEXTHR (MAE),
MSE, MAE PAKAR MSE (5 {E RMSE, R MSE FJFAR) LIRS i B 3-1 iR,

R#LFEE 3-1 MSE. MAE XK RMSE- regressionErrorMeasures.py

__author = 'mike-bowles'

#here are some made-up numbers to start with

target = [1.5, 2.1, 3.3, -4.7, -2.3, 0.75]
prediction = [0.5, 1.5, 2.1, -2.2, 0.1, -0.5]
error = []

for i in range(len(target)):

error.append (target[i] - prediction[i])

#print the errors

print ("Errors ",)

print (error)

#ans: [1.0, 0.60000000000000009, 1.1999999999999997, -2.5,
#-2.3999999999999999, 1.25]

#calculate the squared errors and absolute value of errors
squaredError = []
absError = []
for val in error:
squaredError.append (val*val)

absError.append (abs (val))

#print squared errors and absolute value of errors

print ("Squared Error")
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print (squaredError)

#ans: [1.0, 0.3600000000000001, 1.4399999999999993, 6.25,
#5.7599999999999998, 1.5625]

print ("Absolute Value of Error")

print (absError)

#ans: [1.0, 0.60000000000000009, 1.1999999999999997, 2.5,
#2.3999999999999999, 1.25]

#calculate and print mean squared error MSE
print ("MSE = ", sum(squaredError)/len (squaredError))
fans: 2.72875

from math import sqgrt

#calculate and print square root of MSE (RMSE)

print ("RMSE = ", sqgrt(sum(squaredError)/len (squaredError)))
#ans: 1.65189285367

#calculate and print mean absolute error MAE
print ("MAE = ", sum(absError)/len (absError))
#ans: 1.49166666667

#compare MSE to target variance
targetDeviation = []
targetMean = sum(target)/len (target)
for val in target:
targetDeviation.append((val - targetMean) * (val - targetMean))
#print the target variance
print ("Target Variance = ", sum(targetDeviation)/len (targetDeviation))
#ans: 7.5703472222222219

#print the the target standard deviation (square root of variance)

print ("Target Standard Deviation = ", sqgrt(sum(targetDeviation)
/len (targetDeviation)))

#ans: 2.7514263977475797

AN — AR BARE S BETT G . Eot, @ sr ok T e e RIas
T MSE, MAE PAK RMSE #5774, R MSE 1E84¢ E5 MAE [ RMSE #{8{ 24~
A, X2 MSE @-F 7745, AMX A EEYF, RMSE jg—A~n] IR a9 date. ARG
BHRREETENITE (5ENYTTRE) ARMEZITE (FEITT). X8RS
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T4 5% 48 b5 MSE DA & RMSE # 47 A IEH A & L, B0, WL w45 % 1) MSE [
HAn 2L FAHSE (503 RMSE 5 HRbrifE 22 JL-FAHSE ), 36 U B 00 S 8GR I AN BT
T o A7 B AR SR T35 R R e T SR B R AR B LFAH R SR . RS IE R 3-1 T
IR TN 5% RMSE K223 PR HARbRifE 22—, X B4 —MH S R ERE.

B TP RR R RS RSN, EEERNMETE. KEAm (fH 086
HENNG) PABIERS R X T i i 8 DA IR R AR A . A X
PRE SN 8 LA R 5 R DA S BT TR VE R R B &

SR TR LEARRXRE, R BB T E— B SR KR ETT, BIErEA
B S L. an, S R s T R R S o M R A R, R AT DA
AR, MAREMYE (BBgRAA AR AT ABIHE MBS
i

FHER AR R A R QR S B R A T 2 SR DA R g
Bis 80% MBI T sty (KRR 20% MOTEOL A sty ), ZidEPl2E ] PAEE$E 50% fE
H—ABER Y E R G R, O, R B AR B 2 4 T
AT 45 2R

B AUV PTER R, BaERERH (X5, RERES)., HWEE
BVEREA BIGEE RN T ARG KT, SFERSFXSRARFEARY : a5 =4E T o,
MAH HIESR ARE P AR s WA IS, ARSI RN . IR REUT
SRR FENT T AR BUT Bh B H AR R AR, BEEsE ] RAGE A AR A4 B (B R e 5 J2 15 R B T3,
MITHVER NS RAL, HRBSAEZRANTAA,

B LAEAT 2B N A AR PR, BRSO AE R RSG5 Hh0 ok 58 B Se
YE? YEEGE WE R G TR VERMER A 20%, 50% 5E 80% RYAERAT, FFah M A
THY MR ENAWBIE R 20%, RSENSEMN A, #B#REZWRVELS, AR
B 2R 2R P DA INAL R R TAE A, SO/ BIE R S (W01 80%) RAZHE
Z M VE 2 — AR

XX FAE oL, — A IR IE A (confusion matrix) B 3% 51 Bk 3 (contingency
table) FZZHERREMIZE KA . B 3-9 HIRBE RN — NG, TRIEHE M T EcrRos i
T4 € BIESA TSR = A I PERE(E . & 3-9 A TRVE R M 56 T4 8 1 (A X 135 AN
I HEAT TN G 455 . FEFE Y 2 PR R TTRERITINE, 2 1T 8RR BE R
M ESAE . T AR S T g B AR AR BT AR A BB R v 4 Ao i —4, B 3-9 i 2 38
XPT “RE” AR R, SRS R TR G2, 2 W] AR T “HK
VE” PASe “GEHRVE”, B HASE RN, X T A i A
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SRIES
EB (Riif) Fpil (R riih)
ERIES 1E (i) HIE (TP) fiefi (FN)
7 (Reii) fiRIE (FP) Hi (TN)

B 3-9 ‘RFFEMEHAS]

Ze E A A B TOAS AL 5 T 45 2R O i BB AR RS 5 H SR AR S — B AT, X
FEAPMERIES], —fEE R TP, 2 TR BATTR R N2 IER) (M), (HR25Eks
HERRENH CRmidr) . XEREARFRIEBIEG], 850 FP, A M99 6 & T 4558
RRAREA . A L AREAR Y IR0 2 502wl L BAR AR DA B 808 FN, R A RE A
PR R, SIEMERE 2, FRIEEABIEEE TN,

WERSRE S 2 KA A B E— MR tE oL, FFREBIEE N 0.0, ANEHA
mpRR R 2 A, GRS R Rl IR T A AR S B R 28, il —
FIRA 0, TP HHER SN 17, FPRYECER SRR 118, WIRXS FP SCA G, TN A%
Jilh, XFTTSEUEAR T A, (HAUREOAEARR ARG, AT EIMEE T, FLiH,
SR FN SCA RG], X TP 3cA 200, BIE R LABCN 1.0, SXEERTA BIREAS B 280 R A
o I X LA S (5] ] DA B FA TR SR BIE IR, (X SE PR AR AR i
TR RIS £ - KRR LR IR,

A - 7K ER B X R ) LR o8 7 A SR Wil e ) (A e i 2K R (2R
BEHPHESE R AEE, SIRE25), NEHER 32 A1EA A - KELIEE L%
) 53 S 4w B Python {GH,

RLFR3-2 EEh - KBEBIRELEES KRR

__author = 'mike-bowles'
#use scikit learn package to build classified on rocks-versus-mines data

#assess classifier performance

import urllib2

import numpy

import random

from sklearn import datasets, linear model
from sklearn.metrics import roc curve, auc

import pylab as pl
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def confusionMatrix (predicted, actual, threshold):

if len(predicted) != len(actual): return -1
tp = 0.0
fp = 0.0
tn = 0.0
fn = 0.0

for i in range(len(actual)):
if actual[i] > 0.5: #labels that are 1.0 (positive examples)
if predicted([i] > threshold:
tp += 1.0 #correctly predicted positive
else:
fn += 1.0 #incorrectly predicted negative
else: #labels that are 0.0 (negative examples)
if predicted[i] < threshold:
tn += 1.0 #correctly predicted negative
else:
fp += 1.0 #incorrectly predicted positive
rtn = [tp, fn, fp, tn]

return rtn

#read in the rocks versus mines data set from uci.edu data repository
target url = ("https://archive.ics.uci.edu/ml/machine-learning-"
"databases/undocumented/connectionist-bench/sonar/sonar.all-data")

data = urllib2.urlopen (target url)

#arrange data into list for labels and list of lists for attributes
xList = []

labels = []

for line in data:

#split on comma

row = line.strip() .split(",")
#assign label 1.0 for "M" and 0.0 for "R"
if(row[-1] == 'M'"):

labels.append(1.0)
else:

labels.append(0.0)
#remove lable from row

row.pop ()
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#convert row to floats
floatRow = [float (num) for num in row]

xList.append (floatRow)

#divide attribute matrix and label vector into training(2/3 of data)

#and test sets (1/3 of data)

indices = range (len(xList))

xListTest = [xList[i] for i1 in indices if 1i%3 == 0 ]
xListTrain = [xList[1] for i1 in indices 1if 1i%3 != 0 ]
labelsTest = [labels[i] for i in indices 1f 1%3 == 0]
labelsTrain = [labels[i] for 1 in indices if i%3 != 0]

#form list of list input into numpy arrays to match input class
#for scikit-learn linear model
xTrain = numpy.array(xListTrain); yTrain = numpy.array(labelsTrain)

xTest = numpy.array(xListTest); yTest = numpy.array(labelsTest)

#check shapes to see what they look like
print ("Shape of xTrain array", xTrain.shape)
print ("Shape of yTrain array", yTrain.shape)
print ("Shape of xTest array", xTest.shape)

print ("Shape of yTest array", yTest.shape)

#train linear regression model
rocksVMinesModel = linear model.LinearRegression ()

rocksVMinesModel .fit (xTrain, yTrain)

#generate predictions on in-sample error
trainingPredictions = rocksVMinesModel.predict (xTrain)
print ("Some values predicted by model", trainingPredictions[0:5],

trainingPredictions[-6:-11])

#generate confusion matrix for predictions on training set (in-sample
confusionMatTrain = confusionMatrix(trainingPredictions, yTrain, 0.5)
#pick threshold value and generate confusion matrix entries

tp = confusionMatTrain[0]; fn = confusionMatTrain[1]

fp = confusionMatTrain[2]; tn = confusionMatTrain[3]

print ("tp = " + str(tp) + "\tfn = " + str(fn) + "\n" + "fp = " +
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str(fp) + "\ttn = " + str(tn) + '\n'")

#generate predictions on out-of-sample data

testPredictions = rocksVMinesModel.predict (xTest)

#generate confusion matrix from predictions on out-of-sample data
conMatTest = confusionMatrix (testPredictions, yTest, 0.5)

#pick threshold value and generate confusion matrix entries

tp = conMatTest[0]; fn = conMatTest[1l]

fp = conMatTest[2]; tn = conMatTest[3]

print ("tp = " + str(tp) + "\tfn = " + str(fn) + "\n" + "fp = " +
str(fp) + "\ttn = " + str(tn) + '\n')

#generate ROC curve for in-sample

fpr, tpr, thresholds = roc curve(yTrain,trainingPredictions)
roc _auc = auc(fpr, tpr)

o)

print ( '"AUC for in-sample ROC curve: $f' $ roc_ auc)

# Plot ROC curve

pl.clf ()

pl.plot (fpr, tpr, label='ROC curve (area = $%0.2f)' % roc auc)
pl.plot ([0, 1], [0, 11, 'k=")

pl.x1im([0.0, 1.07)

pl.ylim([0.0, 1.07])

pl.xlabel ('False Positive Rate')

pl.ylabel ('True Positive Rate')

pl.title('In sample ROC rocks versus mines')
pl.legend(loc="lower right")

pl.show ()

#generate ROC curve for out-of-sample
fpr, tpr, thresholds = roc curve(yTest,testPredictions)
roc auc = auc(fpr, tpr)

o)

print ( '"AUC for out-of-sample ROC curve: $f' % roc auc)

# Plot ROC curve
pl.clf()
pl.plot (fpr, tpr, label='ROC curve (area = $0.2f)' % roc_ auc)
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pl.plot ([0, 1], [0, 11, 'k-")

pl.xlim([0.0, 1.01)

pl.ylim([0.0, 1.0])

pl.xlabel ('False Positive Rate')

pl.ylabel ('True Positive Rate')
pl.title('Out-of-sample ROC rocks versus mines')
pl.legend(loc="lower right")

pl.show ()

RIS — 00 FF Irvine BESE AT NSRS S BIERICR. T2
el oy ok 2 A1 5 DRSS 13 AR, IZREE RIS 2/3 iRdE. ARith test 1Y
AR E AR T U0 2Ke, Bk E AT IMAINSSERIR 0 AR, X2 AR
I RAAEFLAEAEA_ LT . REATR SHE M T BRI INE, FHEEdEE
ERPEREIEAT VA

2GR K pnse M (FGRKER ) ABAREE R (A ) BRdioh 2 NMEUE
LO X FW7, 0.0 RFH A7, SRIGHE A&/ ARG — DA, L7 ik
RSP R AR W, PERB LRI TR SR MBI A . ARASIE B 3-2
JF {8 i) scikit-learn H % Ze i [0 U9 A0 R I 2R 88 Y f /NS DT B NSRS T T AE I 2%
SN AE BT

RS AT B — SE T AR B, 2 ] U= A 2R 7 A ) 000 K 0 23 46 Hh A 0.0 31 1.0,
SR AR A0, X LEF A FURARAR 598 ] ARFEAT-5 PSR B AT HU Bk AR 172K
P&, BREL confusionMatrix() A2l TIRIEHIFE, KMITE 3-9, XeREATMAE, R R
KPR bR DA B R BEAE M A o R BCRF T B -5 B3R BB E AT LU BOR B e B RS
WL CIEAE” B CTAET, SRINER R TRE R, KRR IR AS Y S PR iR 8K
AT W A9 ATH

AP (A B8 DA AT AMIRVE R T S5 21, B BE U-%CH FP 5 FN IR,
FEBIARS 0 AAE I GREE A i 4 BT RRIE AR, HHATEIH R . FEUIZRE iR KR
H 8%, FEMIREE LRI IEFN 26%, —BokiF, ML LPEREEETIgRE LivtEaE.
FEM RS LA R REAUR AR R

BREBEBAL T, ROERB WA, K 3-2 WREISRRERN AL, =2E
RO, R RET ML ZGE, B LA rERE A # 2 5T IR Y
ZER. WMARBRETIIGSE, BhofAin. “Bd . XUREIIGE LEAER". W
R E R/ MER IR, B ARER PSR RZ B 0.25,
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*3-2 R R BB 3R 53 28 3 0 22 0
* KB E R4 K E
0 28.6%
0.25 24.3%
0.5 25.7%
0.75 30.0%
1.0 38.6%

FREEBRIR (A 2% 2 RE W i/ MU IR ZERIN(E, SR, ARZREF R AL ] e
AFEE, BIan, XTFEAa - KET R, QRS A K e, Al e ek $100 3
K BUTKBRIN 5 ARFEK BT A A, B ARIEIERKER AR R AT BE2-5:2 $1,000
KITH AN B4k . —A FP BIREAAU4 0 100, —A> FN AGREAAH 7 1,000, 4 13X
FEAURRL, AR PSR E A S DR AT A3 3-3 Fron . RPRERIRDIAE A (OAX
FTALEE W] RE B B IR 224 ) YR SR L R BB 7 T 0, IXEWRE K77
Z FN, [H24 FN R A s, — I Se B0 20 B DL B 5 A oK &R B A H DA S BE & RS ity
KHY 1,000 SETCHYEFAL . AR EHECLME (B #ETHRIEM), ENEMAETT
LB P

*3-3 FRRREERMH R
R EE B Gilr RIEGIE M BRS
0.0 1000 1900 2900
0.25 3000 1400 4400
0.5 9000 900 9900
0.75 18000 300 18300
1.00 26000 100 26100

R ELEA FP AL FN AR A Bk T Rt e i IR 61 5 B BBl A - KR
B MEEERIEG S 06 CAANUKE), XLELR SR i R, Ehriiz)]
R IR A BIET RESE 2 A, FERGHE ST, WRIERGIEE AR, #inlfezs
TSR Y EE S — LE R 3R

B RhA R A BT A R T IE AU B B ACHME, (BRI BR TR0 26
SN A Z B R T . — R LR SRS BERAE B MCE B 2R B ROC #i 28 (http:/

en.wikipedia.org/wiki/Receiver_operating_characteristic) ,
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ROC MHAIIG Y bR 7R 94 7« i A B AR A AR SR FIWT R A A Rl L i 2L
ROC &l —MEDR R AR, s 2 RIER (524 TPR) IR
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33 EEPUNEEEEE | 93

Mg, PAERSIRE— MR,

R B RBA BE AL R i o DU R B DS, — sk AR T DA T A AR Y
25% ~ 35%, ELACAERE ALY SR 1 RE Pl & I ZR S R I/ NI R e R 2 e I 4
S rh A AR T,

Ty PP 9 B BRI 7 R ARAE n A A2 e
ke [ 3-12 /R T A0 5T n 4 52 S R R X
ﬁ%ﬁﬁﬂ%oﬁﬁﬁﬁ%%ﬁn%$ﬁ§%|mm |Block2 [Block3 |[Block4 [Block5 ]
T, AT 2 2 ok [ 8dE . K 3-12 B 312 nieXRiE
i n=5, YR, BRI —Piin E
AT, T -1 BHT NG, 528, 52 i EEEt, T -1 T4,
B YRS, H B TA BRI E ik (0T 3-12, 5 e IR G, SR
2R S ).,

n A2 IR AT DAME T A R . FE2 I FEA AR TR R AT RS R A, it Al
GRS E A, AR RBR S A AR AL AR, B RE, Blan,
AR 10 Prag LIE, BRI R TFEEE 10% WEGRHEATH, n P32 LI AE
Z IR VA . PR — D EE GV IRE AT AR B REINGREE, FAE
HBEEEAM— B INGEIE . A0 n Ira8 kI ZRas AR AT 2 A2, 58 H 70 B 4R
TN, mEMRINGEAREZ 07, B L0805 R A SR AL B K
KEZ,

F—HEAREE RN A N % e R A ERE . b0 70 AR AN
FEA RN, ERER 3 MR 1 AMERINAREA, R BT %, @i s
REFE—BOREH T, (B0 R A R A N SR AN T | A ZE . BN, 25— 2850,
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3.4.2 {ERRTEZRSEFREH TS

T TR A0 (o A T B TR MR R L R

HAAE RSB BRI — A2 (i nCol), SRIEM X 1T 51 b g%
SEANBII GRS, 7 ERIT RN IR, BIIFTESIMA S (FIFCH nCol), 4K
S 7E PR AE_F SRR nCol fH 5 4N nCol {f, T bR, VAL Fer=A: 5 ik
f—F T4, PPl TE—EHBIFTE S T4 CHVER X), MTEATFEREEG — MRS
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ZHMR, TR EERRE IR M S TR, TR, R EARA, FIX
BRI T, ELHEFR R AR A A RAS

Initialize: Out of sample error = NULL
Break X and Y into test and training sets
for i in range (number of columns in X):
for each subset of X having i+l columns:
fit ordinary least squares model
Out of sample error.append(least error amoung subsets containing
i+1 columns)

Pick the subset corresponding to least overall error

BETEERAEN — S ZFEFERETE, EEEAZHELT (8t
oty X mgge), rEEBAEEER, B, 10 ANEHX T 2'°=1000 4~ 14, H L
7 AT DA S X R O, T T B ARES R TR A& P A B i AR . & A [ R AR
M VT8I IR, RBIVCREAENIR—I @M, BE RS HAG SRVORRAEN S 2
@Y, TP A R 2 94, w2 mIHr RS T,

Initialize: ColumnList = NULL

Out-of-sample-error = NULL
Break X and Y into test and training sets
For number of column in X:
For each trialColumn (column not in ColumnList) :
Build submatrix of X using ColumnList + trialColumn
Train OLS on submatrix and store RSS Error on test data

ColumnList.append(trialColumn that minimizes RSS Error)

Out-of-sample-error.append (minimum RSS Error)

AR T ERVEHE DAL B 16 B A0 [ S R A L, ENTIIGR—R IR (FI%Ch 11
G, INECH 2 GRS, %848, XFIEA AL T SEULRIBR R (B 2tk |l e A
TNEANENSHED) . R E IR B e 25, Bda MR ALE i TE i B AR A BT s o
AT IS

ARG B 3-3 AT LL a4 S B il 1] % 26 [ 15 (1) Python A75,

KEGER 3-3 BIRZERSET: 48MmEETE -fwdStepwiseWine.py

import numpy
from sklearn import datasets, linear model
from math import sqgrt

import matplotlib.pyplot as plt
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def xattrSelect (x, idxSet):
#takes X matrix as list of list and returns subset containing
#columns in idxSet
xOut = []
for row in x:
xOut.append([row[i] for i in idxSet])

return (xOut)

#read data into iterable
target url = ("http://archive.ics.uci.edu/ml/machine-learningdatabases/"
"wine-quality/winequality-red.csv")
data = urllib2.urlopen (target url)
xList = []
labels = []
names = []
firstLine = True
for line in data:
if firstLine:
names = line.strip().split(";")
firstLine = False
else:
#split on semi-colon
row = line.strip().split(";")
#put labels in separate array
labels.append (float (row[-1]))
#remove label from row
row.pop ()
#convert row to floats
floatRow = [float (num) for num in row]

xList.append (floatRow)

#divide attributes and labels into training and test sets

indices = range (len (xList))

xListTest = [xList[i] for i1 in indices if 1i%3 == ]
xListTrain = [xList[i] for i in indices 1if i%3 != 0 ]
labelsTest = [labels[i] for i in indices 1if 1%3 == 0]

labelsTrain = [labels[i] for i1 in indices 1if i%3 != 0]
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#build list of attributes one-at-a-time - starting with empty

attributelist = []

index = range (len(xList[1]))
indexSet = set (index)
indexSeq = []

oosError = []

for 1 in index:

attSet = set(attributelist)

#attributes not in list already

attTrySet = indexSet - attSet

#form into list

attTry = [i1ii for ii in attTrySet]

errorList = []

attTemp = []

#try each attribute not in set to see which

#one gives least oos error

for iTry in attTry:
attTemp = [] + attributelist
attTemp.append (iTry)
#use attTemp to form training and testing sub matrices
#as list of lists
xTrainTemp = xattrSelect (xListTrain, attTemp)
xTestTemp = xattrSelect (xListTest, attTemp)
#form into numpy arrays
xTrain = numpy.array (xTrainTemp)
yTrain = numpy.array(labelsTrain)
xTest = numpy.array (xTestTemp)
yTest = numpy.array(labelsTest)
#use sci-kit learn linear regression
wineQModel = linear model.LinearRegression ()
wineQModel .fit (xTrain,yTrain)
#use trained model to generate prediction and calculate rmsError
rmsError = numpy.linalg.norm((yTest-wineQModel.predict (xTest)),

2) /sqrt (len(yTest))

errorList.append (rmsError)

attTemp = []

iBest = numpy.argmin(errorList)

attributelist.append (attTry[iBest])
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oosError.append (errorList[iBest])

print ("Out of sample error versus attribute set size" )
print (cosError)

print ("\n" + "Best attribute indices")

print (attributelist)

namesList = [names[i] for 1 in attributelist]

print ("\n" + "Best attribute names")

print (namesList)

#Plot error versus number of attributes
x = range (len(oosError))

plt.plot(x, ocosError, 'k'")

plt.xlabel ('Number of Attributes')
plt.ylabel ('Error (RMS)"')

plt.show ()

#Plot histogram of out of sample errors for best number of attributes
#Identify index corresponding to min value,

#retrain with the corresponding attributes

#Use resulting model to predict against out of sample data.

#Plot errors (aka residuals)

indexBest = oosError.index (min (oosError))

attributesBest = attributelList[1l: (indexBest+1)]

#Define column-wise subsets of xListTrain and xListTest
#and convert to numpy

xTrainTemp = xattrSelect (xListTrain, attributesBest)
xTestTemp = xattrSelect (xListTest, attributesBest)

xTrain = numpy.array (xTrainTemp); xTest = numpy.array(xTestTemp)

#train and plot error histogram

wineQModel = linear model.LinearRegression ()
wineQModel .fit (xTrain, yTrain)

errorVector = yTest-wineQModel.predict (xTest)
plt.hist (errorVector)

plt.xlabel ("Bin Boundaries")

plt.ylabel ("Counts")

plt.show()
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#scatter plot of actual versus predicted

plt.scatter (wineQModel.predict (xTest), yTest, s=100, alpha=0.10)
plt.xlabel ('Predicted Taste Score')

plt.ylabel ('"Actual Taste Score')

plt.show()
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—HRE AN BB T . FRN A JE R N R A R AT
BRSBTS ERER M 2 BN, B DNEEBIIA B TS, (5@ Y A
NIRRT X — KR, FET R AR AR EIPAPERE . 7 A AR R (RSS)
AR IEBOIMA B YRS, KHRAT RSS iR ST,

Kl 3-13 2 RMSE 51 T RIHEJE N B R s B R R . 18 9 DE It e &tk
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REFHE 3-4 FIEZE T EAME Y -fwdStepwiseWineOutput.txt

Out of sample error versus attribute set size
[0.7234259255116281, 0.68609931528371915, 0.67343650334202809,
0.66770332138977984, 0.66225585685222743, 0.65900047541546247,
0.65727172061430772, 0.65709058062076986, 0.65699930964461406,
0.65758189400434675, 0.65739098690113373]

Best attribute indices
(10, 1, 9, 4, 6, 8, 5, 3, 2, 7, 0]

Best attribute names

[""alcohol"', '"volatile acidity"', '"sulphates"', '"chlorides"'
'"total sulfur dioxide"', '""pH"', '"free sulfur dioxide"',
'"residual sugar"', '"citric acid"', '"density"', '"fixed acidity"']

—A513K (python ¥ list %f5¢) J€7n T RSS 1%, #ik—HEMK, EHFIRHE 104
TCRMASIE, RIGHRER, RKWIRTHEE—MPIRPSEH, RIFHIIEREGH TX
BEIERZE (514).,

3.4.3 A IEMRIRATMEE

FoAt JUAS AR T BEAR— 22 S S R SRR REAR WA R B, X LEIER I TR RESRTT A&
o 18] 3-14 gt gE B R SE PRARSE -5 AR A BRI . FERRARIE DL T, [ 3-14
FEITR RS e 45 A& b, XK L EIERRE S TR 2 AR, o E IR
R, ARSI ARTE A7 ), PR EIEARZE R DB EE b, F a5
Rzt CEERARA R, —DRKIERB O R R S S R . XS TE S
16 _LRSEER i A B EE R AR G o X EAR I E, RETMBCR AL, —BOk,
HLaR=F > BRSNS AR A T AR H A

Pl 3-15 S Al 1] o225 U SR 0 T B B R BT . AR LT RIS 2 M
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TR AN SR RS, S I REAE BRI S 00T R 1k R AR T £ 5%

XF B PR EACEA T LA, B, ERRE MR e, X B
ARG AR (AR F, BRI Y TET X 5] TER S m AR T) . X— K7
BRPEFT T 28 (RBI, lad RPEER P YR IR T X)) . S PR AR AE
BEASMNA RN BT B SIAR BN AR EE R E SR BT R SE
B2 HHSE, A RE AR A o i e = Al A
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JETEA R List o, BB —DIoRREHE DR ENE, % oA TR S AR,
PASRIHE . AR T HES . X @ ML g AR 55 P — MR E 2T B F R HFIE
RIIPLER A AR5 RAR S EREL A6 T4k (B M T B i R Jm k4 . mRew
Xt S PEIEAT HE R B B0 T LR S ARFA T B o A A5 A 2 M A LA AR A

g —Re PR, AT SR, LR ZE . FERSEIFOLT, Bl T AR
SORWIRAT BT B 1 RN 9 MRS 10 MR PERE T RRIR AR/ (RAESS 4
A7) o FEZ R R B A IE AR B PEREIR T R B NURUS 56 4 67, B4R
SRR, AT DARFIXARAY SR A B

3.4.4 BITESERREKEH TS e

AHTHEIR T 5 AT 3 16 B /N 3 v e s R 5 2 o A T i G 2o 4805 9 0 Y
BALR RN TR . 6 4 SR TN S,

ST /N T IeEN H AR IR BRI A R 3-14 HUARE B, VAR IR B,

* * . 1 m
ﬁo’,B = argmlnﬂ N _2 (y, - (ﬁ(,‘f'x,ﬁ))z
P\ m =1
23 3-14  OLS X R g/ o)t

A5 argmin Je 45 “ REAS F/ MERIR A B LA B7 o BB o VAR p* 1 fie/ N FTE I .
FRAE TR T U DA B i o) 12828 (1] U e ek R o) 5 D ) gt S ok P2 Il Y SR, 573 Sh— b
TrEM ARG R R, AR R KR RN, AR — e R 0, —
PRSI P B A A7 YRR AR [T U o e [ ) i S22 3K 315,
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AKX 315 IEEVIX R 895/ MM a1

W 3-15 AR E RN etk (WA 3-14) MZERIE of L, BT B (FEU
&) WEULEAEEET T, 2R fRXRER RIS, R o =0, [V A
INTFR, WAR o AR, B (REGHIR) HEET 0, ARl H A B, A a] ATIARZS v
scikit-leamn 45 H T EIHAYSEIL, AR L 3-5 JAy PRI [ U= A AR 25 1 e U B D

RAEGFER 3-5 (FRIEEFFNLE O -ridgeWine.py

~_author = 'mike-bowles'
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import urllib2

import numpy

from sklearn import datasets, linear model
from math import sqrt

import matplotlib.pyplot as plt

#read data into iterable
target url = ("http://archive.ics.uci.edu/ml/machine-learningdatabases/"
"wine-quality/winequality-red.csv")

data = urllib2.urlopen (target url)

xList = []
labels = []
names = []
firstLine = True

for line in data:

if firstLine:
names = line.strip () .split(";")
firstLine = False

else:
#split on semi-colon
row = line.strip().split(";")
#put labels in separate array
labels.append (float (row[-1]))
#remove label from row
row.pop ()
#convert row to floats
floatRow = [float (num) for num in row]

xList.append (floatRow)

#divide attributes and labels into training and test sets

indices = range (len (xList))

xListTest = [xList[i] for i in indices if i%3 == 0 ]

xListTrain = [xList[i] for i in indices if 1%3 != 0 ]

labelsTest = [labels[i] for i in indices 1if 1%3 == 0]

labelsTrain = [labels[i] for i in indices if i%3 != 0]

xTrain = numpy.array(xListTrain); yTrain = numpy.array(labelsTrain)

xTest = numpy.array(xListTest); yTest = numpy.array(labelsTest)
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alphalist = [0.1**i for i in [0,1, 2, 3, 4, 5, 6]]

rmsError = []

for alph in alphalist:
wineRidgeModel = linear model.Ridge (alpha=alph)
wineRidgeModel .fit (xTrain, yTrain)
rmsError.append (numpy.linalg.norm( (yTest-wineRidgeModel.predict (

xTest)), 2)/sqgrt(len(yTest)))

print ("RMS Error alpha")
for i in range(len(rmsError)):

print (rmsError[i], alphalist[i])

#plot curve of out-of-sample error versus alpha
x = range (len (rmsError))

plt.plot(x, rmsError, 'k'")

plt.xlabel ('-log(alpha)"')

plt.ylabel ('Error (RMS) ')

plt.show ()

#Plot histogram of out of sample errors for best alpha value and

#scatter plot of actual versus predicted

#Identify index corresponding to min value, retrain with

#the corresponding value of alpha

#Use resulting model to predict against out of sample data.
#Plot errors (aka residuals)

indexBest = rmsError.index (min (rmsError))

alph = alphalist[indexBest]

wineRidgeModel = linear model.Ridge (alpha=alph)
wineRidgeModel .fit (xTrain, yTrain)

errorVector = yTest-wineRidgeModel.predict (xTest)
plt.hist (errorVector)

plt.xlabel ("Bin Boundaries")

plt.ylabel ("Counts")

plt.show ()

plt.scatter (wineRidgeModel.predict (xTest), yTest, s=100, alpha=0.10)
plt.xlabel ('Predicted Taste Score')
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plt.ylabel ("Actual Taste Score')
plt.show ()
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[ 3-16 (LA EIBHUNLE R

RETEE 3-6 /R 7ok B EIHAY S . 207 mon i [ H 5 B 2248 A LT A
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RELFR 3-6 ISE YA H -ridgeWineOutput.txt

RMS Error alpha
(0.65957881763424564, 1.0)
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(0.65786109188085928, 0.1)
(0.65761721446402455, 0.010000000000000002)
(0.65752164826417536, 0.0010000000000000002)
(0.65741906801092931, 0.00010000000000000002)
(0.65739416288512531, 1.0000000000000003e-05)
(0.65739130871558593, 1.0000000000000004e-06)
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INfRTER A RO IRE LS 20N, A TEREIRAR AT E R (S AR5 3-8)
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3-18 (EAIKEIFEE 8 0 KTUNMNEIRE 7 E

REGFER 3-7 FEHKEIERHRITER - KEF 5 ZE -classifierRidgeRocksVMines.py

~_author = 'mike-bowles'

import urllib2

import numpy

from sklearn import datasets, linear model
from sklearn.metrics import roc curve, auc

import pylab as plt

#read data from uci data repository
target url = ("https://archive.ics.uci.edu/ml/machine-earning-"
"databases/undocumented/connectionist-bench/sonar/sonar.all-data")

data = urllib2.urlopen(target url)

#arrange data into list for labels and list of lists for attributes
xList = []
labels = []

for line in data:



3.4 RASHIEMNHE | 109

#split on comma

row = line.strip() .split(",")
#assign label 1.0 for "M" and 0.0 for "R"
if(row[-1] == '™M'):

labels.append(1.0)
else:
labels.append(0.0)
#remove lable from row
row.pop ()
#convert row to floats
floatRow = [float (num) for num in row]

xList.append (floatRow)

#divide attribute matrix and label vector into training(2/3 of data)

fand test sets (1/3 of data)

indices = range (len(xList))

xListTest = [xList[i] for i in indices if 1i%3 == ]
xListTrain = [xList[i] for i1 in indices 1if i%3 != 0 ]
labelsTest = [labels[i] for 1 in indices if 1%3 == 0]
labelsTrain = [labels[i] for i1 in indices 1f i%3 != 0]

#form list of list input into numpy arrays to match input class for
#scikit-learn linear model
xTrain = numpy.array(xListTrain); yTrain = numpy.array(labelsTrain)

xTest = numpy.array (xListTest); yTest = numpy.array(labelsTest)

alphalist = [0.1**1 for i in [-3, -2, -1, 0,1, 2, 3, 4, 5]]

aucList = []
for alph in alphalist:
rocksVMinesRidgeModel = linear model.Ridge (alpha=alph)
rocksVMinesRidgeModel .fit (xTrain, yTrain)
fpr, tpr, thresholds = roc curve(yTest, rocksVMinesRidgeModel.
predict (xTest))
roc_auc = auc (fpr, tpr)

aucList.append (roc_ auc)

print ("AUC alpha™)

for i in range(len(aucList)):
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print (aucList[i], alphalList[i])

#plot auc values versus alpha values
x = [-3, -2, -1, 0,1, 2, 3, 4, 5]
plt.plot (x, auclList)

plt.xlabel ('-log(alpha) ")

plt.ylabel ('AUC")

plt.show ()

#visualize the performance of the best classifier
indexBest = auclist.index (max (aucList))

alph = alphalist[indexBest]

rocksVMinesRidgeModel = linear model.Ridge (alpha=alph)

rocksVMinesRidgeModel .fit (xTrain, yTrain)

#scatter plot of actual vs predicted

plt.scatter (rocksVMinesRidgeModel.predict (xTest),
yTest, s=100, alpha=0.25)

plt.xlabel ("Predicted Value")

plt.ylabel ("Actual Value")

plt.show ()
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LARS SR AR 1) 85 Z B R OR [R. SRT, A IS B R EAME, B
AR R, ZROAAXIEIN, ZHAN S LARS Bk 2PN F R ER L TER
PABHT T2 ] UH, LARS AR 5y BT H S BERANT 52 . @ id#T78 LARS S,
PR BB B — i1 ElasticNet [l FRFAYRAEAE, I H & 7RG RIESRAERI AT,
LI LARS SR an s i 5 4-1 FiR

REGFEHR 41 BAFRINLLEORKR LARS &% -larsWine2.py

~__author = 'mike-bowles'

import urllib?2

import numpy

from sklearn import datasets, linear model

from math import sqgrt

import matplotlib.pyplot as plot

#read data into iterable

target url = ("http://archive.ics.uci.edu/ml/machine-learningdatabases/"
"wine-quality/winequality-red.csv")

data = urllib2.urlopen (target url)

xList = []
labels = []
names = []
firstLine = True
for line in data:
if firstLine:
names = line.strip().split(";")
firstLine = False
else:
#split on semi-colon
row = line.strip() .split(";")
#put labels in separate array
labels.append (float (row[-1]))
#remove label from row
row.pop ()
#convert row to floats
floatRow = [float (num) for num in row]

xList.append (floatRow)



43 SREEESIZMEOAREM | 123

#Normalize columns in x and labels

nrows = len (xList)

ncols = len(xList[0])

#calculate means and variances

xMeans = []

xSD = []

for i in range(ncols):
col = [xList[j][i] for j in range(nrows) ]
mean = sum(col)/nrows

xMeans.append (mean)

colDiff = [(xList[]j][i] - mean) for J in range (nrows) ]
sumSqg = sum([colDiff[i] * colDiff[i] for i in range (nrows)])
stdDev = sqgrt (sumSg/nrows)

xSD.append (stdDev)

#use calculate mean and standard deviation to normalize xList
xNormalized = []
for i in range(nrows) :
rowNormalized = [(xList[i][j] - xMeans[3])/xSD[j] \
for j in range (ncols) ]

xNormalized.append (rowNormalized)

#Normalize labels
meanlLabel = sum(labels)/nrows
sdLabel = sqgrt(sum ([ (labels[i] - meanlLabel) * (labels[i] -

meanLabel) for i1 in range (nrows)])/nrows)

labelNormalized = [(labels[i] - meanLabel)/sdLabel \

for i in range(nrows) ]

#initialize a vector of coefficients beta
beta = [0.0] * ncols

#initialize matrix of betas at each step
betaMat = []

betaMat.append(list (beta))

#number of steps to take
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nSteps = 350
stepSize = 0.004

for i in range (nSteps) :
#calculate residuals
residuals = [0.0] * nrows
for j in range (nrows) :
labelsHat = sum([xNormalized[]j][k] * betalk]
for k in range(ncols)])

residuals[j] = labelNormalized[]j] - labelsHat

#calculate correlation between attribute columns from
#normalized wine and residual

corr = [0.0] * ncols

for j in range(ncols):
corr[j] = sum([xNormalized[k][]J] * residuals[k] \

for k in range (nrows)]) / nrows

iStar = 0

corrStar = corr[0]

for 3 in range(l, (ncols)):
if abs(corrStar) < abs(corr[j]):

iStar = j; corrStar = corr[j]

beta[iStar] += stepSize * corrStar / abs(corrStar)

betaMat.append(list (beta))

for i in range(ncols):
#plot range of beta values for each attribute
coefCurve = [betaMat[k][i] for k in range(nSteps)]
xaxis = range (nSteps)

plot.plot (xaxis, coefCurve)

plot.xlabel ("Steps Taken")
plot.ylabel (("Coefficient Values"))
plot.show ()
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TR, MEAERSEFRINENRHSELEERTMNESE. FTEMENIHREITERSEM
HEES. BERARERTUBIZHAAAS, M1NEE. 2PN EREFERERXTHIENER
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4.3.3 MNEEN LARS £ 4ERDiEFEREREE

H # 5 TR) A 2L A 2 SR e b SR T 20008 1 BA84, ©L4 350 AT REmIfE,
VeI R TR 2, IR TR 350 iR R RS . EWES
3EHFHER, MEAERISERASMNEE LR, 55 3 A h T URE TR BUR B iR
B v o PR 7 B 4-2 JB R T HRAT 10 9738 SUIRIE B S o s B0 B8 F U B R A

10 $732 SUIIE K4 A KR DI 44 10 63 JLT- 35 i, B H b — g BdRfe i, fif
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— (B TR, AT T DA AT 6 AT A 5000 78 A 2

RIBFE 4-2 FIA 10 X XWIERBERERBES—larsWineCV.py

__author = 'mike-bowles'

import urllib2

import numpy

from sklearn import datasets, linear model
from math import sqgrt

import matplotlib.pyplot as plot

#read data into iterable
target url = ("http://archive.ics.uci.edu/ml/machine-learning-"

"databases/wine-quality/winequality-red.csv")
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data = urllib2.urlopen (target url)

xList = []
labels = []
names = []
firstLine = True

for line in data:

if firstLine:
names = line.strip () .split(";")
firstLine = False

else:
#split on semi-colon
row = line.strip () .split(";")
#put labels in separate array
labels.append (float (row[-1]))
#remove label from row
row.pop ()
#convert row to floats
floatRow = [float (num) for num in row]
xList.append (floatRow)

#Normalize columns in x and labels

nrows = len(xList)

ncols = len(xList[0])

#calculate means and variances
xMeans = []
x3D = []
for 1 in range (ncols) :
col = [xList[j][i] for j in range (nrows) ]
mean = sum(col)/nrows
xMeans.append (mean)
colDiff = [(xList[j][i] - mean) for j in range(nrows)]
sumSqg = sum([colDiff[i] * colDiff[i] for i in range (nrows)])
stdDev = sqgrt (sumSg/nrows)

xSD.append (stdDev)

#use calculated mean and standard deviation to normalize xList
xNormalized = []

for i in range(nrows) :
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rowNormalized = [(xList[i][j] - xMeans[]j])/xSD[j] \
for j in range (ncols)]

xNormalized.append (rowNormalized)

#Normalize labels
meanlLabel = sum(labels)/nrows
sdLabel = sqgrt(sum([ (labels[i] - meanLabel) * (labels[i] - meanLabel)

for 1 in range (nrows)])/nrows)

labelNormalized = [(labels[i] - meanLabel)/sdLabel \

for 1 in range (nrows) ]

#Build cross-validation loop to determine best coefficient values.

#number of cross-validation folds

nxval = 10

#number of steps and step size
nSteps = 350
stepSize = 0.004

#initialize list for storing errors.
errors = []
for i in range (nSteps):

b =[]

errors.append (b)

for ixval in range (nxval) :

#Define test and training index sets

idxTest = [a for a in range(nrows) if a%nxval == ixval*nxval]
idxTrain = [a for a in range(nrows) 1if a%nxval != ixval*nxval]

#Define test and training attribute and label sets

xTrain = [xNormalized[r] for r in idxTrain]
xTest = [xNormalized[r] for r in idxTest]
labelTrain = [labelNormalized[r] for r in idxTrain]

labelTest = [labelNormalized[r] for r in idxTest]

#Train LARS regression on Training Data
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nrowsTrain = len (idxTrain)

nrowsTest = len (idxTest)

#initialize a vector of coefficients beta

beta = [0.0] * ncols

#initialize matrix of betas at each step
betaMat = []
betaMat.append (list (beta))

for iStep in range (nSteps):
#calculate residuals
residuals = [0.0] * nrows
for j in range (nrowsTrain):
labelsHat = sum([xTrain[j][k] * betalk]
for k in range(ncols)])

residuals[j] = labelTrain[j] - labelsHat

#calculate correlation between attribute columns
#from normalized wine and residual

corr = [0.0] * ncols

for 3 in range(ncols):
corr[j] = sum([xTrain[k][J] * residuals[k] \

for k in range (nrowsTrain)]) / nrowsTrain

iStar = 0

corrStar = corr[0]

for 3 in range(l, (ncols)):
if abs(corrStar) < abs(corr[j]):

iStar = J; corrStar = corr[j]

beta[iStar] += stepSize * corrStar / abs(corrStar)

betaMat.append(list (beta))

#Use beta just calculated to predict and accumulate out of
#sample error - not being used in the calc of beta
for j in range (nrowsTest) :

labelsHat = sum([xTest[]j][k] * betal[k] for k in range
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(ncols) 1)
err = labelTest[]j] - labelsHat

errors[iStep] .append(err)

cvCurve = []
for errVect in errors:
mse = sum([x*x for x in errVect])/len (errVect)

cvCurve.append (mse)

minMse = min (cvCurve)

minPt = [i for i in range(len(cvCurve)) if cvCurve[i] == minMse ][0]
print ("Minimum Mean Square Error", minMse)

print ("Index of Minimum Mean Square Error", minPt)

xaxis = range (len (cvCurve))

plot.plot (xaxis, cvCurve)

plot.xlabel ("Steps Taken")
plot.ylabel (("Mean Square Error"))
plot.show ()

Printed Output:
('"Minimum Mean Square Error', 0.5873018933136459)

('Index of Minimum Mean Square Error', 311)
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Y ElasticNet &1 Zkny, Rk 4-3 Pa9A X455 Friedman & 3C—%, 300 ATE
W EFRF], AN RIS HER AT DAY [F T 22 A A AT .
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ERMN =R BTG, A RIS RMERIA 5T 0, A 4-9 45 ] 1155 4
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Kl 4-8 IR,

RELEE 4-3  Glmnet &% -glmnetWine.py

__author = 'mike-bowles'

import urllib2
import numpy
from sklearn import datasets, linear model
from math import sqgrt
import matplotlib.pyplot as plot
def S(z, gamma) :

if gamma >= abs(z):

return 0.0

return (z/abs(z)) *(abs(z) - gamma)

#read data into iterable
target url = ("http://archive.ics.uci.edu/ml/machine-learning-"
"databases/wine-quality/winequality-red.csv")

data = urllib2.urlopen(target url)

xList = []
labels = []
names = []

firstLine True
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for line in data:

if firstLine:
names = line.strip().split(";")
firstLine = False

else:
#split on semi-colon
row = line.strip() .split(";")
#put labels in separate array
labels.append (float (row[-1]))
#remove label from row
row.pop ()
#convert row to floats
floatRow = [float (num) for num in row]

xList.append (floatRow)

#Normalize columns in x and labels

nrows = len (xList)

ncols = len(xList[0])

#calculate means and variances
xMeans = []
xSD = []
for 1 in range(ncols):
col = [xList[j][i] for j in range (nrows) ]
mean = sum(col)/nrows
xMeans.append (mean)
colDiff = [(xList[j][i] - mean) for j in range(nrows)]
sumSg = sum([colDiff[i] * colDiff[i] for i in range (nrows)])
stdDev = sqrt (sumSqg/nrows)

xSD.append (stdDev)

#use calculate mean and standard deviation to normalize xList
xNormalized = []
for 1 in range (nrows) :
rowNormalized = [(xList[i][]j] - xMeans[J])/xSD[]]
for j in range(ncols)]

xNormalized.append (rowNormalized)

#Normalize labels
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meanlLabel = sum(labels)/nrows
sdLabel = sqgrt(sum([ (labels[i] - meanlLabel) * (labels[i] -

meanLabel) for i1 in range (nrows)])/nrows)

labelNormalized = [(labels[i] - meanlabel)/sdLabel for i in

range (nrows) ]

#select value for alpha parameter

alpha = 1.0

#make a pass through the data to determine value of lambda that
# just suppresses all coefficients.

#start with betas all equal to zero.

xy = [0.0]*ncols
for i in range (nrows) :
for 3 in range(ncols):

xy[j] += xNormalized[i][]j] * labelNormalized[i]

maxXY = 0.0

for i in range(ncols):
val = abs(xy[i1])/nrows
if val > maxXY:

maxXY = val

#calculate starting value for lambda

lam = maxXY/alpha

#this value of lambda corresponds to beta = list of 0's
#initialize a vector of coefficients beta

beta = [0.0] * ncols

#initialize matrix of betas at each step
betaMat = []
betaMat.append(list (beta))

#begin iteration
nSteps = 100
lamMult = 0.93 #100 steps gives reduction by factor of 1000 in



138 | 4% EI&MEEERE

# lambda (recommended by authors)

nzList = []

for iStep in range (nSteps) :
#make lambda smaller so that some coefficient becomes non-zero

lam = lam * lamMult

deltaBeta = 100.0

eps = 0.01

iterStep = 0

betalInner = list (beta)

while deltaBeta > eps:
iterStep += 1
if iterStep > 100: break

#cycle through attributes and update one-at-a-time
#record starting value for comparison
betaStart = list (betalnner)

for iCol in range(ncols):

xyj = 0.0
for i in range(nrows) :
#calculate residual with current value of beta
labelHat = sum([xNormalized[i] [k]*betalInner[k]
for k in range(ncols)])

residual = labelNormalized[i] - labelHat

xyj += xNormalized[i] [iCol] * residual

uncBeta = xyJj/nrows + betalnner[iCol]
betaInner[iCol] = S(uncBeta, lam * alpha) / (1 +
lam * (1 - alpha))

sumDiff = sum([abs (betalnner[n] - betaStart[n])
for n in range(ncols)])
sumBeta = sum([abs (betalnner[n]) for n in range(ncols)])
deltaBeta = sumDiff/sumBeta
print (iStep, iterStep)

beta = betalnner
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#add newly determined beta to list
betaMat.append (beta)

#keep track of the order in which the betas become non-zero
nzBeta = [index for index in range(ncols) if beta[index] != 0.0]
for g in nzBeta:

if (g in nzList) == False:

nzList.append (q)

#print out the ordered list of betas
namelList = [names[nzList[i]] for i in range(len(nzList))]

print (namelist)

nPts = len (betaMat)

for i in range(ncols):
#plot range of beta values for each attribute
coefCurve = [betaMat[k][1] for k in range (nPts)]
xaxis = range (nPts)

plot.plot (xaxis, coefCurve)

plot.xlabel ("Steps Taken")
plot.ylabel (("Coefficient Values"))
plot.show()

#Printed Output:

#['"alcohol"', '""volatile acidity"', '"sulphates"',

#'"total sulfur dioxide"', '"chlorides"', '"fixed acidity"', '"pH"',
#'"free sulfur dioxide"', '"residual sugar"', '"citric acid"',

#'"density"']
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RGTE 8 4-4 JoR T Anfaprs 2 2Rhn % R A M B 0.0 PASZ 1.0, AT 1) AL
38 [ U ), SR 566 ) LARS SRkt or s . AU 3E B 4-4 PR R gl ) —il
A E—SPrihie ny, AR IAR S 6 A2 USRIk 5 1 B At ok e e LA A A TR
FNTRAERE S XX LER TS AEAEAT [ BT R AR TERE . X B HARSE e e B 4
SR A4 1] U= T H R Y 31 93 28 ) AL,

RIGFHR 4-4  BIEA ZRREMMBE RN L& 53 28 18] AR FE #6000 18 2 1 [ V3 1) =

___author = 'mike bowles'
import urllib2

import sys

from math import sqgrt

import matplotlib.pyplot as plot

#read data from uci data repository
target url = "https://archive.ics.uci.edu/ml/machine-learning-"
"databases/undocumented/connectionist-bench/sonar/sonar.all-data")

data = urllib2.urlopen(target url)

#arrange data into list for labels and list of lists for attributes

xList = []

for line in data:
#split on comma
row = line.strip() .split(",")

xList.append (row)

#separate labels from attributes, convert from attributes from

#string to numeric and convert "M" to 1 and "R" to O

xNum = []
labels = []

for row in xList:
lastCol = row.pop()
if lastCol == "M":
labels.append(1.0)
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else:
labels.append(0.0)
attrRow = [float (elt) for elt in row]
xNum. append (attrRow)
#number of rows and columns in x matrix
nrow = len (xNum)

ncol = len(xNum[1])

#calculate means and variances
xMeans = []
xSD = []
for 1 in range (ncol):
col = [xNum[j][i] for J in range (nrow) ]
mean = sum(col)/nrow
xMeans.append (mean)
colDiff = [(xNum[]j][i] - mean) for J in range (nrow) ]
sumSqg = sum([colDiff[i] * colDiff[i] for i in range (nrow)])
stdDev = sqrt (sumSqg/nrow)
xSD.append (stdDev)

#use calculate mean and standard deviation to normalize xNum
xNormalized = []
for i in range(nrow) :
rowNormalized = [ (xNum[i][]J] - xMeans[]J])/xSD[j] \
for j in range(ncol)]

xNormalized.append (rowNormalized)

#Normalize labels

meanLabel = sum(labels)/nrow
sdLabel = sgrt(sum([ (labels[i] - meanLabel) * (labels[i] -
meanLabel) for i1 in range (nrow)])/nrow)
labelNormalized = [ (labels[i] - meanLabel)/sdLabel for i in range (nrow) ]

#initialize a vector of coefficients beta
beta = [0.0] * ncol

#initialize matrix of betas at each step

betaMat = []
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betaMat.append (list (beta))

#number of steps to take
nSteps = 350

stepSize = 0.004

nzList = []

for i in range(nSteps):

#calculate residuals
residuals = [0.0] * nrow
for j in range(nrow) :

labelsHat = sum([xNormalized[j][k] * betalk]

for k in range(ncol)])

residuals([j] = labelNormalized[]j] - labelsHat
#calculate correlation between attribute columns from
#normalized X and residual

corr = [0.0] * ncol

for j in range(ncol):

corr[j] = sum([xNormalized[k][]j] * residuals|[k]
for k in range(nrow)]) / nrow
iStar = 0
corrStar = corr[0]

for j in range(l, (ncol)):
if abs(corrStar) < abs(corr[j]):

iStar = Jj; corrStar = corr([j]

beta[iStar] += stepSize * corrStar / abs(corrStar)

betaMat.append(list (beta))

nzBeta = [index for index in range(ncol) if beta[index] != 0.0]
for g in nzBeta:
if (g in nzList) == False:

nzList.append(q)

#make up names for columns of xNum

names = ['V' + str(i) for i in range(ncol)]
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namelList = [names[nzList[i]] for 1 in range(len(nzList))]

print (namelList)

for i in range(ncol):
#plot range of beta values for each attribute
coefCurve = [betaMat[k][i] for k in range(nSteps)]
xaxls = range (nSteps)

plot.plot (xaxis, coefCurve)

plot.xlabel ("Steps Taken")
plot.ylabel (("Coefficient Values"))
plot.show ()

#Printed Output:

#[0'v10', 'Vv48', 'v44', 'vil', 'V35', 'V51', 'v20', 'V3', 'v2l', 'V15',
# 'v43', 'vo', 'v22', 'v45', 'v53', 'v27', 'v30', 'v50', 'v58', 'V4o',
# 'vbe', 'v28', 'V39']
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~_author = 'mike-bowles'

import urllib2
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import matplotlib.pyplot as plot

from math import sqgrt, cos, log

#read data into iterable
target url = ("http://archive.ics.uci.edu/ml/machine-learning-"
"databases/wine-quality/winequality-red.csv")
data = urllib2.urlopen (target url)
xList = []
labels = []
names = []
firstLine = True
for line in data:
if firstLine:
names = line.strip().split(";")
firstLine = False
else:
#split on semi-colon
row = line.strip() .split(";")
#put labels in separate array
labels.append (float (row[-1]))
#remove label from row
row.pop ()
#convert row to floats
floatRow = [float (num) for num in row]

xList.append (floatRow)

#extend the alcohol variable (the last column in that attribute matrix
xExtended = []
alchCol = len(xList[1])

for row in xList:
newRow = list (row)
alch = row[alchCol - 1]
newRow.append ((alch - 7) * (alch - 7)/10)
newRow.append (5 * log(alch - 7))
newRow.append (cos (alch))

xExtended. append (newRow)

nrow = len(xList)
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vl = [xExtended[j][alchCol - 1] for j in range(nrow) ]

for i in range(4):
v2 = [xExtended[j][alchCol - 1 + 1] for j in range (nrow) ]
plot.scatter (vl,v2)

plot.xlabel ("Alcohol")
plot.ylabel (("Extension Functions of Alcohol"))
plot.show()
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__author = 'mike bowles'

import urllib2
from pylab import *
import matplotlib.pyplot as plot

target url = ("http://archive.ics.uci.edu/ml/machine-learning-"
"databases/abalone/abalone.data")
#read abalone data

data = urllib2.urlopen(target url)

xList = []
labels = []

for line in data:
#split on semi-colon

row = line.strip() .split(",")

#fput labels in separate array and remove label from row

labels.append (float (row.pop () ))

#form list of list of attributes (all strings)

xList.append (row)

names = ['Sex', 'Length', 'Diameter', 'Height', 'Whole weight', \

'Shucked weight', 'Viscera weight', 'Shell weight', 'Rings']
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#code three-valued sex attribute as numeric
xCoded = []
for row in xList:
#first code the three-valued sex variable
codedSex = [0.0, 0.0]

if row[0] == 'M': codedSex[0] = 1.0
if row[0] == 'F': codedSex[1l] =
numRow = [float(row[i]) for i in range(l,len(row))]

rowCoded = list (codedSex) + numRow
xCoded. append (rowCoded)

namesCoded = ['Sexl', 'Sex2', 'Length', 'Diameter', 'Height', \
'Whole weight', 'Shucked weight', 'Viscera weight', \
'Shell weight', 'Rings']

nrows = len (xCoded)
ncols = len(xCoded[1])

xMeans = []

xSD = []

for i in range(ncols):
col = [xCoded[j][i] for j in range(nrows)]
mean = sum(col)/nrows

xMeans.append (mean)

colDiff = [(xCoded[j][i] - mean) for j in range (nrows) ]
sumSqg = sum([colDiff[i] * colDiff[i] for i in range(nrows)])
stdDev = sqgrt (sumSg/nrows)

xSD.append (stdDev)

#use calculate mean and standard deviation to normalize xCoded
xNormalized = []
for i in range(nrows) :
rowNormalized = [ (xCoded[i][j] - xMeans[j])/xSD[j] \
for j in range (ncols) ]

xNormalized.append (rowNormalized)

#Normalize labels
meanlLabel = sum(labels)/nrows

sdLabel = sqgrt(sum([ (labels[i] - meanLabel) * (labels[i] -

149
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meanLabel) for i in range (nrows)])/nrows)

labelNormalized = [(labels[i] - meanLabel)/sdLabel \

for i in range(nrows) ]

#initialize a vector of coefficients beta

beta = [0.0] * ncols

#initialize matrix of betas at each step
betaMat = []
betaMat.append(list (beta))

#number of steps to take
nSteps = 350
stepSize = 0.004

nzList = []

for i in range (nSteps) :
#calculate residuals
residuals = [0.0] * nrows
for j in range(nrows) :
labelsHat = sum([xNormalized[]j][k] * betalk]
for k in range(ncols)])

residuals[j] = labelNormalized[]j] - labelsHat

#calculate correlation between attribute columns from
#normalized wine and residual

corr = [0.0] * ncols

for j in range(ncols):
corr[j] = sum([xNormalized[k][]j] * residuals[k]

for k in range(nrows)]) / nrows

iStar = 0

corrStar = corr[0]

for 3 in range(l, (ncols)):
if abs(corrStar) < abs(corr[j]):

iStar = j; corrStar = corr[j]
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beta[iStar] += stepSize * corrStar / abs(corrStar)

betaMat.append(list (beta))

nzBeta = [index for index in range(ncols) if beta[index] != 0.0]
for g in nzBeta:
if (g in nzList) == False:

nzList.append (q)

nameList = [namesCoded[nzList[i]] for i in range(len(nzList))]

print (namelList)

for i in range(ncols):
#plot range of beta values for each attribute
coefCurve = [betaMat[k][i] for k in range (nSteps) ]
xaxis = range (nSteps)

plot.plot (xaxis, coefCurve)

plot.xlabel ("Steps Taken")
plot.ylabel (("Coefficient Values"))

plot.show()
Printed Output - [filename- larsAbaloneOutput.txt]
['Shell weight', 'Height', 'Sex2', 'Shucked weight', 'Diameter', 'Sexl']
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1. Bradley Efron, Trevor Hastie, [ain Johnstone, and Robert Tibshirani (2004) . “Least
Angle Regression.” A nnals of Statistics , 32 (2) , 407-499.

2. Jerome H. Friedman, Trevor Hastie and Rob Tibshirani (2010) . “Regularization Paths
for Generalized Linear Models via Coordinate Descent.” Journal of Statistical Software, vol. 33,
issue 1, Feb 2010.
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~_author = 'mike-bowles'

import urllib2

import numpy

from sklearn import datasets, linear model
from sklearn.linear model import LassoCV
from math import sqgrt

import matplotlib.pyplot as plot
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#read data into iterable
target url = ("http://archive.ics.uci.edu/ml/machine-learning-"
"databases/wine-quality/winequality-red.csv")

data = urllib2.urlopen (target url)

xList = []
labels = []
names = []
firstLine = True

for line in data:

if firstLine:

names = line.strip().split(";")
firstLine = False
else:

#split on semi-colon

row = line.strip().split(";")

#put labels in separate array
labels.append (float (row[-1]))

#remove label from row

row.pop ()

#convert row to floats

floatRow = [float (num) for num in row]

xList.append (floatRow)

#Normalize columns in x and labels

#Note: be careful about normalization. Some penalized
#regression packages include it and some don't.

nrows = len (xList)

ncols = len(xList[0])

#calculate means and variances
xMeans = []
xSD = []
for 1 in range(ncols):
col = [xList[j][i] for j in range (nrows) ]
mean = sum(col)/nrows
xMeans.append (mean)
colDiff = [(xList[j][i] - mean) for j in range(nrows)]
sumSq = sum([colDiff[i] * colDiff[i] for i in range (nrows)])
stdDev = sqgrt (sumSg/nrows)

xSD.append (stdDev)
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#use calculate mean and standard deviation to normalize xList
xNormalized = []
for i in range (nrows) :
rowNormalized = [(xList[i][j] - xMeans[]j])/xSD[j] \
for 3 in range (ncols)]

xNormalized.append (rowNormalized)

#Normalize labels

meanlLabel = sum(labels)/nrows

sdLabel = sqgrt(sum ([ (labels[i] - meanLabel) * (labels[i] -

meanLabel) for i in range (nrows)])/nrows)

labelNormalized = [ (labels[i] - meanLabel)/sdLabel \

for i in range (nrows) ]

#Convert list of list to np array for input to sklearn packages

#Unnormalized labels

Y = numpy.array (labels)

#normalized lables

Y = numpy.array (labelNormalized)

#Unnormalized X's

X = numpy.array(xList)

#Normalized Xss

X = numpy.array(xNormalized)

#Call LassoCV from sklearn.linear model
wineModel = LassoCV (cv=10) .fit (X, Y)

# Display results

plot.figure ()

plot.plot (wineModel.alphas , wineModel.mse path , ':'")

plot.plot (wineModel.alphas , wineModel.mse path .mean(axis=-1),
label="'Average MSE Across Folds', linewidth=2)

plot.axvline (wineModel.alpha , linestyle='--"',
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label="'CV Estimate of Best alpha')
plot.semilogx ()
plot.legend()
ax = plot.gcal)
ax.invert xaxis()
plot.xlabel ('alpha')
plot.ylabel ('Mean Square Error')
plot.axis ('tight')
plot.show ()

#print out the value of alpha that minimizes the Cv-error
print ("alpha Value that Minimizes CV Error ",wineModel.alpha )

print ("Minimum MSE ", min(wineModel.mse path .mean (axis=-1)))

Printed Output: Normalized X, Un-normalized Y
('alpha Value that Minimizes CV Error ', 0.010948337166040082)
('"Minimum MSE ', 0.433801987153697)

Printed Output: Normalized X and Y
('alpha Value that Minimizes CV Error ', 0.013561387700964642)
('"Minimum MSE ', 0.66558492060028562)

Printed Output: Un-normalized X and Y
('alpha Value that Minimizes CV Error ', 0.0052692947038249062)
('"Minimum MSE ', 0.43936035436777832)
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__author = 'mike-bowles'

import urllib2

import numpy

from sklearn import datasets, linear model
from sklearn.linear model import LassoCV
from math import sqrt

import matplotlib.pyplot as plot

#read data into iterable
target url = "http://archive.ics.uci.edu/ml/machine-learning-databases/
wine-quality/winequality-red.csv"

data = urllib2.urlopen (target url)

xList = []
labels = []
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names = []
firstLine = True
for line in data:

if firstLine:

names = line.strip().split(";")
firstLine = False
else:

#split on semi-colon

row = line.strip().split(";")

#put labels in separate array
labels.append (float (row[-1]))

#remove label from row

row.pop ()

#convert row to floats

floatRow = [float (num) for num in row]

xList.append (floatRow)

#Normalize columns in x and labels
#Note: be careful about normalization. Some penalized regression

#packages include it and some don't.

Nrows len (xList)

ncols = len(xList[0])

#calculate means and variances

xMeans = []

x3D = []

for i in range(ncols):
col = [xList[j][i] for j in range(nrows) ]
mean = sum(col)/nrows

xMeans.append (mean)

colDiff = [(xList[j][i] - mean) for j in range (nrows) ]
sumSg = sum([colDiff[i] * colDiff[i] for i in range (nrows)])
stdDev = sqgrt (sumSg/nrows)

xSD.append (stdDev)

#use calculate mean and standard deviation to normalize xList

xNormalized = []
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for i in range(nrows) :
rowNormalized = [(xList[i][]j] - xMeans[J])/xSD[J] for j in
range (ncols) ]

xNormalized.append (rowNormalized)

#Normalize labels

meanlLabel = sum(labels)/nrows

sdLabel = sgrt(sum([ (labels[i] - meanLabel) * (labels[i] - meanLabel)
for 1 in range(nrows)])/nrows)

labelNormalized = [(labels[i] - meanLabel)/sdLabel for i in

range (nrows) ]

#Convert list of list to np array for input to sklearn packages

#Unnormalized labels

Y = numpy.array(labels)

#normalized lables

Y = numpy.array (labelNormalized)

#Unnormalized X's

X = numpy.array (xList)

#Normalized Xss

X = numpy.array (xNormalized)

alphas, coefs, = linear model.lasso path(X, Y, return models=False)

plot.plot (alphas,coefs.T)

plot.xlabel ('alpha')
plot.ylabel ('Coefficients')
plot.axis ('tight')
plot.semilogx ()

ax = plot.gcal()
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ax.invert xaxis()

plot.show ()

nattr, nalpha = coefs.shape
#find coefficient ordering
nzList = []
for iAlpha in range(l,nalpha):
coeflist = list(coefs[: ,iAlphal)
nzCoef = [index for index in range (nattr) if coeflist[index] != 0.0]
for g in nzCoef:
if not(g in nzList):

nzList.append(q)

nameList = [names[nzList[i]] for i in range(len(nzList))]

print ("Attributes Ordered by How Early They Enter the Model", namelist)

#find coefficients corresponding to best alpha value. alpha value

# corresponding to normalized X and normalized Y is 0.013561387700964642

alphaStar = 0.013561387700964642
indexLTalphaStar = [index for index in range(100) if alphas[index] >
alphaStar]

indexStar = max (indexLTalphaStar)
#here's the set of coefficients to deploy
coefStar = list (coefs[:,indexStar])

print ("Best Coefficient Values ", coefStar)

#The coefficients on normalized attributes give another slightly

#different ordering

absCoef = [abs(a) for a in coefStar]

fsort by magnitude

coefSorted = sorted(absCoef, reverse=True)

idxCoefSize = [absCoef.index(a) for a in coefSorted if not(a == 0.0)]
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namesList2 = [names[idxCoefSize[i]] for i in range(len (idxCoefSize)) ]

print ("Attributes Ordered by Coef Size at Optimum alpha", namesList2)

Printed Output w. Normalized X:
("Attributes Ordered by How Early They Enter the Model',

[""alcohol"', '"volatile acidity"', '"sulphates"',

'""total sulfur dioxide"', '"chlorides"', '"fixed acidity"', '"pH"',
'"free sulfur dioxide"', '"residual sugar"', '"citric acid"',
'"density"'])

('Best Coefficient Values ',

[0.0, -0.22773815784738916, -0.0, 0.0, -0.094239023363375404,
0.022151948563542922, -0.099036391332770576, -0.0,
-0.067873612822590218, 0.16804102141830754, 0.37509573430881538])

("Attributes Ordered by Coef Size at Optimum alpha',
[""alcohol"', '"volatile acidity"', '"sulphates"',
'""total sulfur dioxide"', '"chlorides"', '"pH"',

'""free sulfur dioxide"'])

Printed Output w. Un-normalized X:
("Attributes Ordered by How Early They Enter the Model',
[""total sulfur dioxide"', '"free sulfur dioxide"', '"alcohol"',

'"fixed acidity"', '"volatile acidity"', '"sulphates"'])

('Best Coefficient Values ', [0.044339055570034182, -1.0154179864549988,
0.0, 0.0, -0.0, 0.0064112885435006822, -0.0038622920281433199, -0.0,
-0.0, 0.41982634135945091, 0.37812720947996975])

("Attributes Ordered by Coef Size at Optimum alpha',
[""volatile acidity"', '"sulphates"', '"alcohol"',6 '"fixed acidity"',

'""free sulfur dioxide"', '"total sulfur dioxide"'])

FIAREE X o EAEATREAAD, OS2 SR ROR B A0 o (E, SO B R A 2



5.2 FEMF, FUNLEDR | 167

TIA—AL @ A SR8 0 et alpha (. WREIERARA—LRE, XV AV REER o E1
KU, YAMUA—AE, afESIR0A 12, FOMH—RERY Y ImZEHN 1.0 (ZIRZ e
PRI — 1 A BN I — 03 MSE 2531 5000 ) o ol FH S8 20 B 11 o LA VT 5050 B2 T e £
SRR R R R =

MRS E 5-2 JBoR T 3 A B i . BT IH— R IEA AR — L pbess, &8
—fb. EFAEA L, FARERMITH S S S EE, XLEEEEN o FER, 28
PRk R IABL A i JE M (Python B H B o (EXF R T56 4 B AP R AETI I 1) 3T BV o iy
JEIR T BT RE A B 1Y o (B A ARAE AR . 4T B 26 =S e 3R RS R BB E Y
JEMAT (BEHIEER o ). BIERBEER 7 —M s EEZEN T, XM
AALEEH—EAEE L, EERERH—EE, BrEiHen b m kB2 e
2 BhITIR A SR SRR Y A2, FEAREZ R LR e — £, WREMAE
H—fCRyEIE, WIEREIR 4R B IEMEZE 2 B,

AT R, ZRIEAMRNY (FE o BL) ZEIEREIH—LEmER,
RALRBBAPIH A, JRIERRUE RSN A2 R A (B 2 P 5E & 1L Y 68 1 15
O, B OB T A — R LR R -5 AR — A R R A AE B W] AR B S b e B
AN

K 5-4 1P 5-5 2 HAETIH— LI A R ARA—f@tE, ERERG AL, £
TR — AL PR AR R A B T A — LB MR R B 2 TC e . TSR AR &R
RO T 5 SEE AR R BCEIRE T 0, X ELRIESFIE R 7 R B AL R I 5 e
AR R BRI WP A AE A AN

03 /
0.2 /

10-1 102 103
alpha

B 5-4 AFRNLERRNERENNR L



168

5.2

E£ 5% FERAENLMITERMETUNEE
05}
0.0
oK
i
=
" 05]
1.0}
100 107! 102
alpha

B 5-5 7ZIFA—1t) X B4 ERERESRH Rtk

3 EBYR. ETERERY BRIFEERK Tt

5 4 TIHE TR R E R R BORY AT RN . XA H iR mtiae. URiE

FRL5-3 JEoR T AR N 2 A R R 2 LD R L

REGER 53 [FAEARIMEIRIE IR T LDERBRBIFNER -wineExpaned LassoCV.py

~__author = 'mike-bowles'

import urllib?2

import numpy

from sklearn import datasets, linear model
from sklearn.linear model import LassoCV
from math import sqgrt

import matplotlib.pyplot as plot

#read data into iterable
target url = ("http://archive.ics.uci.edu/ml/machine-learning-"
"databases/wine-quality/winequality-red.csv")

data = urllib2.urlopen (target url)

xList = []
labels = []
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names = []
firstLine = True
for line in data:

if firstLine:

names = line.strip().split(";")
firstLine = False
else:

#split on semi-colon

row = line.strip().split(";")

#put labels in separate array
labels.append (float (row[-1]))

#remove label from row

row.pop ()

#convert row to floats

floatRow = [float (num) for num in row]

xList.append (floatRow)
#append square of last term (alcohol)

for i in range(len(xList)):
alckElt = xList[i][-1]
volAcid = xList[i][1]

temp = list(xList[i])

temp.append(alcElt*alcElt)

temp.append (alcElt*volAcid)

xList[i] = list (temp)
#add new name to variable list
names[-1] = "alco"2"

names.append ("alco*volAcid")

#Normalize columns in x and labels

#Note: be careful about normalization. Some penalized regression

packages include it and some don't.

nrows = len(xList)

ncols = len(xList[0])

#calculate means and variances
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xMeans = []
xSD = []
for i in range(ncols):
col = [xList[j][i] for j in range (nrows) ]
mean = sum(col)/nrows
xMeans.append (mean)
colDiff = [(xList[j][i] - mean) for j in range (nrows) ]
sumSqg = sum([colDiff[i] * colDiff[i] for i in range(nrows)])
stdDev = sqrt (sumSqg/nrows)

xSD.append (stdDev)

#use calculate mean and standard deviation to normalize xList
xNormalized = []
for 1 in range (nrows) :
rowNormalized = [ (xList[i][]J] - xMeans[j])/xSD[j] \
for j in range(ncols)]

xNormalized.append (rowNormalized)

#Normalize labels
meanLabel = sum(labels)/nrows
sdLabel = sqgrt(sum([ (labels[i] - meanLabel) * (labels[i] - meanLabel) \

for i in range (nrows)])/nrows)

labelNormalized = [(labels[i] - meanLabel)/sdLabel \

for i in range(nrows) ]

#Convert list of list to np array for input to sklearn packages

#Unnormalized labels

Y = numpy.array(labels)

#normalized labels

#Y = numpy.array(labelNormalized)

#Unnormalized X's

X = numpy.array(xList)

#Normalized Xss

X = numpy.array (xNormalized)
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#Call LassoCV from sklearn.linear model

wineModel = LassoCV (cv=10) .fit (X, Y)

# Display results

plot.figure ()

plot.plot (wineModel.alphas , wineModel.mse path , ':')

plot.plot (wineModel.alphas , wineModel.mse path .mean(axis=-1),

label="'Average MSE Across Folds', linewidth=2)

plot.axvline (wineModel.alpha , linestyle='--"',
label="'CV Estimate of Best alpha')

plot.semilogx ()

plot.legend()

ax = plot.gcal)

ax.invert xaxis()

plot.xlabel ('alpha')

plot.ylabel ('"Mean Square Error')

plot.axis('tight"')

plot.show ()

#print out the value of alpha that minimizes the CV-error
print ("alpha Value that Minimizes CV Error ",wineModel.alpha )

print ("Minimum MSE ", min(wineModel.mse path .mean(axis=-1)))

Printed Output: [filename - winelassoExpandedCVPrintedOutput.txt]
('alpha Value that Minimizes CV Error ', 0.016640498998569835)
("Minimum MSE ', 0.43452874043020256)
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YORE ARG IT ENEE R . (UG R 5-4 IR T 3 NBUEL, X LB FIE RS I B A (R Y 20 s Y
BN E BRI R) o B E = B E S BRI ERIE A E R 51, B EARBIE ™ A AR RRCR
R B P 18] (B B 30 T X0 T S LRt A TP A

LA R R . /MU R AN R IR AT e R BIE. a HAY 3 IMEIE A m] DASE
H— A FARVEIIE I TAEREL, ARRIEREAFI R e AER 2 AE TR 1 3ETT, a2 (o
¥ BI{E -0.0455) 2 HAYEA MR 46 LT, B REES R A A 68 55T, HARFIME
Rt 54 3658, AR, WSREAEAIACA S 10 25T, BRORIMRHA 16, ERBIEXT
WARH A 113 35T, Hr RN E(ENT R A AR A 226 36T, BARBIEXT R B A 504 36T,
BEiy, R BAEEATRE IR E, S L, TR RRCR, FEAERENM,
[7] i ZE A ORI SR IE 1515 DA Y B3 S8 B s DUAH— 2, A A0 7K ER R B R R A R R U
TR, WA AN O PR A AR ERT . XMRE il A — A
RANATHAEARBI, BN G — I B AR A IR AR B A REA R L] 5 5K
B8 A5 P A LU B — 2K

XA AUKERSE, XIS, RIEGIM ABIEABU LA, 7L
B, WREH AP —DRBINHEAREE L, flin, BRI & st S g s
ARSI, /T 1%, B SRR A I, 2 H B BT ] ASRAS:
BRI YIZREE R . T DA S B HREAS B D B SRR REAS BB R BR R AR B 2 1O R B RE AR SR
KE| EiAE,

R#Q;EH 5-4 (] ElasticNet E]J3#7 =5 28§ -rocksVMinesENetRegCV.py

___author = 'mike bowles'

import urllib?2

from math import sqgrt, fabs, exp

import matplotlib.pyplot as plot

from sklearn.linear model import enet path

from sklearn.metrics import roc auc_score, roc_curve

import numpy

#read data from uci data repository

target url = ("https://archive.ics.uci.edu/ml/machine-learning-"
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"databases/undocumented/connectionist-bench/sonar/sonar.all-data")

data = urllib2.urlopen(target url)

#arrange data into list for labels and list of lists for attributes

xList = []

for line in data:
#split on comma
row = line.strip () .split(",")

xList.append (row)
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#separate labels from attributes, convert from attributes from string

#to numeric and convert "M" to 1 and "R" to 0

xNum = []

labels = []

for row in xList:
lastCol = row.pop()
if lastCol == "M":
labels.append(1.0)
else:
labels.append (0.0)
attrRow = [float (elt) for elt in row]

xNum.append (attrRow)
#number of rows and columns in X matrix
nrow = len (xNum)
ncol = len(xNum([1])

alpha = 1.0

#calculate means and variances

xMeans = []

x3D = []

for i in range(ncol):
col = [xNum[]j][i] for j in range(nrow) ]
mean = sum(col)/nrow

xMeans.append (mean)
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colDiff = [(xNum[]j][i] - mean) for J in range (nrow) ]
sumSqg = sum([colDiff[i] * colDiff[i] for i in range (nrow)])
stdDev = sqrt (sumSg/nrow)

xSD.append (stdDev)

#use calculate mean and standard deviation to normalize xNum
xNormalized = []
for 1 in range (nrow) :
rowNormalized = [ (xNum[i][j] - xMeans[]])/xSD[j] \
for j in range(ncol) ]

xNormalized.append (rowNormalized)

#normalize labels to center

#Normalize labels

meanLabel = sum(labels)/nrow

sdLabel = sqgrt(sum([ (labels[i] - meanLabel) * (labels[i] - meanLabel) \
for 1 in range (nrow)])/nrow)

labelNormalized = [(labels[i] - meanLabel) /sdLabel for i in range (nrow) ]

#number of cross-validation folds

nxval = 10

for ixval in range (nxval) :

#Define test and training index sets

idxTest = [a for a in range(nrow) if a%nxval == ixval%nxval]
idxTrain = [a for a in range(nrow) if a%nxval != ixval%nxval]

#Define test and training attribute and label sets

xTrain = numpy.array([xNormalized[r] for r in idxTrain])

xTest = numpy.array([xNormalized[r] for r in idxTest])
labelTrain = numpy.array([labelNormalized[r] for r in idxTrain])
labelTest = numpy.array([labelNormalized[r] for r in idxTest])
alphas, coefs, = enet path(xTrain, labelTrain,ll ratio=0.8,

fit intercept=False, return models=False)

#apply coefs to test data to produce predictions and accumulate

if ixval ==
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pred = numpy.dot (xTest, coefs)
yOut = labelTest

else:
#accumulate predictions
yTemp = numpy.array (yoOut)

yOut = numpy.concatenate ((yTemp, labelTest), axis=0)

#accumulate predictions
predTemp = numpy.array (pred)
pred = numpy.concatenate ((predTemp, numpy.dot (xTest, coefs)),

axis = 0)

#calculate misclassification error
misClassRate = []
_,nPred = pred.shape
for iPred in range(l, nPred):
predList = list(pred[:, iPred])
errCnt = 0.0
for irow in range (nrow) :
if (predList[irow] < 0.0) and (yOut[irow] >= 0.0):
errCnt += 1.0
elif (predList[irow] >= 0.0) and (yOut[irow] < 0.0):
errCnt += 1.0
misClassRate.append (errCnt/nrow)
#find minimum point for plot and for print
minError = min(misClassRate)
idxMin = misClassRate.index (minError)

plotAlphas = list(alphas[l:len(alphas)])

plot.figure ()
plot.plot (plotAlphas, misClassRate,

label="'Misclassification Error Across Folds', linewidth=2)
plot.axvline (plotAlphas[idxMin], linestyle='--"',

label="'CV Estimate of Best alpha')

plot.legend()
plot.semilogx ()
ax = plot.gcal()

ax.invert xaxis()
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plot.xlabel ('alpha')

plot.ylabel ('Misclassification Error')
plot.axis ('tight')

plot.show ()

#calculate AUC.

idxPos = [i for i in range(nrow) if yOut[i] > 0.0]
yOutBin = [0] * nrow

for 1 in idxPos: yOutBin[i] =1

auc = []

for iPred in range(l, nPred):
predList = list(pred[:, iPred])
aucCalc = roc_auc_score (yOutBin, predList)

auc.append (aucCalc)

maxAUC = max (auc)

idxMax = auc.index (maxAUC)

plot.figure ()

plot.plot (plotAlphas, auc, label='AUC Across Folds', linewidth=2)

plot.axvline (plotAlphas[idxMax], linestyle='--"',
label="CV Estimate of Best alpha')

plot.legend()

plot.semilogx ()

ax = plot.gcal)

ax.invert xaxis()

plot.xlabel ('alpha')

plot.ylabel ('Area Under the ROC Curve')

plot.axis ('tight')

plot.show ()

#plot best version of ROC curve

fpr, tpr, thresh = roc curve(yOutBin, list(pred[:, idxMax]))

ctClass = [1*0.01 for i in range(101)]
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plot.plot (fpr, tpr, linewidth=2)
plot.plot(ctClass, ctClass, linestyle=':")
plot.xlabel ('False Positive Rate')
plot.ylabel ('True Positive Rate')

plot.show()

print ('Best Value of Misclassification Error = ', misClassRate[idxMin])
print ('Best alpha for Misclassification Error = ', plotAlphas[idxMin])
print('")

print ('Best Value for AUC = ', auc[idxMax])

print ('Best alpha for AUC = ', plotAlphas[idxMax])

print('")

print ('Confusion Matrices for Different Threshold Values')

#pick some points along the curve to print. There are 208 points.

#The extremes aren't useful

#Sample at 52, 104 and 156. Use the calculated values of tpr and fpr

#along with definitions and threshold values.

#Some nomenclature (e.g. see wikipedia "receiver operating curve")

#P = Positive cases

P = len (idxPos)

#N = Negative cases

N = nrow - P

#TP = True positives = tpr * P
TP = tpr[52] * P

#FN = False negatives = P - TP
FN = P - TP

#FP = False positives = fpr * N
FP = fpr[52] * N

#TN = True negatives = N - FP
TN = N - FP

print ('Threshold Value = ', thresh[52])
print('TP = ', TP, 'FP = ', FP)
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print ('FN = ', FN, 'TN

*

TP = tpr[104] * P; FN

print ('Threshold Value

print('TP = ', TP,
print ('FN = ', FN,
TP = tpr[156] * P; FN

print ('Threshold Value
print('TP = ', TP,
print ('FN = ', FN,
Printed Output:
('Best

('Best

Value for AUC
alpha for AUC

('Best

('Best

Confusion Matrices for

('Threshold Value

— 1
’

('Tp = ', 48.0, 'FP =
('"PN = ', 63.0, 'TN =
('Threshold Value = ',
('‘rp = ', 85.0, 'FP =
('"PN = ', 26.0, 'TN =
('Threshold Value = "',
(‘'tp = ', 107.0, 'FP =
('"FN = ', 4.0, '"TN = '

'FP =
'TN =

'FP =
'TN =

Value of Misclassification Error ,

alpha for Misclassification Error

4

E5E (ERABNLMETTERMETNEE

="', TN)

=P - TP; FP = fpr[104] * N; TN = N - FP
= ', thresh[104])

— l’ FP)

— l, TN)

=P - TP; FP = fpr[156] * N; TN = N - FP

- 1

, thresh[156])
, FP)
, TN)

[filename - rocksVMinesENetRegCVPrintedOutput.txt]

P

0.22115384615384615)
0.017686244720179375)

:',
', 0.86867279650784812)
', 0.020334883589342503)

Different Threshold Values
0.37952298245219962)

', 5.0)

', 92.0)
-0.045503481125357965)

', 20.0)

', 77.0)
-0.4272522354395466)

', 49.999999999999993)
47.000000000000007)

R LIUE LR R — e E R REAR T, AT DASR UL TS bR R G vERE . AR AE
NEE gy M TEREA L, TES RTE, fln, WA EY R (W A
XA EY ), Bl UEERRERARENEAR, BRED
K BL AL, AR R AL A R, A0 R A A X B 1R B S f K. 2R A B A 45

IR 2% A R Bt SRR R B AL, AT AE T —1y

Ji&”

ANy

BE . L

U M O T AR )

R R FuR iR



53 oK. ERETNLMEARICNRIBRIENKE | 183
HEEBERRERKEDKS
RFTLL RIS, AL alpha MEHRIR, NS RAE AR R BB ZRAL,
23 et alpha 3R AYIUE RAL. efE alpha RAEREIS I/ MUREARSMER Y S, A pIiE
A SR T . (RSTE A 5-5 A S B ARG 1R,

RAGEE 55 TEBAAKEHIRE_LIIZ ElasticNet 1R ZE i 2 - rocksVMinesCoef Curves.py

__author = 'mike bowles'

import urllib2

from math import sqgrt, fabs, exp

import matplotlib.pyplot as plot

from sklearn.linear model import enet pathsh

from sklearn.metrics import roc_auc score, roc_curve

import numpy

#read data from uci data repository
target url = ("https://archive.ics.uci.edu/ml/machine-learning-"
"databases/undocumented/connectionist-bench/sonar/sonar.all-data")

data = urllib2.urlopen(target url)

#arrange data into list for labels and list of lists for attributes

xList = []

for line in data:
#split on comma
row = line.strip () .split(",")

xList.append (row)

#separate labels from attributes, convert attributes from

#string to numeric and convert "M" to 1 and "R" to O

xNum = []
labels = []

for row in xList:
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lastCol = row.pop ()
if lastCol == "M":
labels.append(1.0)
else:
labels.append (0.0)
attrRow = [float (elt) for elt in row]
xNum.append (attrRow)

#number of rows and columns in x matrix
nrow = len (xNum)

ncol = len(xNum[1])

alpha = 1.0

#calculate means and variances
xMeans = []
xSD = []
for 1 in range(ncol):
col = [xNum[]j][i] for J in range (nrow) ]
mean = sum(col)/nrow
xMeans.append (mean)
colDiff = [(xNum[j][i] - mean) for j in range (nrow) ]
sumSg = sum([colDiff[i] * colDiff[i] for i in range (nrow)])
stdDev = sqrt (sumSg/nrow)
xSD.append (stdDev)
#use calculate mean and standard deviation to normalize xNum
xNormalized = []
for 1 in range (nrow) :
rowNormalized = [(xNum[i][j] - xMeans[j])/xSD[j] \
for j in range(ncol)]

xNormalized.append (rowNormalized)

#normalize labels to center

meanLabel = sum(labels)/nrow
sdLabel = sgrt(sum([ (labels[i] - meanLabel) * (labels[i] - meanLabel) \
for 1 in range (nrow)])/nrow)

labelNormalized = [ (labels[i] - meanLabel)/sdLabel for i in range (nrow) ]
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#Convert normalized labels to numpy array

Y = numpy.array (labelNormalized)

#Convert normalized attributes to numpy array

X = numpy.array (xNormalized)

alphas, coefs, = enet path(X, Y,11 ratio=0.8, fit intercept=False,

return models=False)

plot.plot (alphas,coefs.T)

plot.xlabel ('alpha')
plot.ylabel ('Coefficients')
plot.axis ('tight')
plot.semilogx ()

ax = plot.gca()

ax.invert xaxis()

plot.show()

nattr, nalpha = coefs.shape

#find coefficient ordering
nzList = []
for iAlpha in range(l,nalpha):
coeflList = list(coefs[: ,iAlphal)
nzCoef = [index for index in range (nattr) if coeflist[index] != 0.0]
for g in nzCoef:
if not(g in nzList):

nzList.append(q)

#make up names for columns of X

names = ['V' + str(i) for i in range(ncol)]

namelList = [names[nzList[i]] for i in range(len(nzList))]

print ("Attributes Ordered by How Early They Enter the Model")
print (namelist)

print('")

#find coefficients corresponding to best alpha value. alpha value

corresponding to normalized X and normalized Y is 0.020334883589342503

alphaStar = 0.020334883589342503
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indexLTalphaStar = [index for index in range (100) if \
alphas[index] > alphaStar]

indexStar = max (indexLTalphaStar)

#here's the set of coefficients to deploy

coefStar = list(coefs[:,indexStar])

print ("Best Coefficient Values ")

print (coefStar)

print('")

#The coefficients on normalized attributes give another slightly

#different ordering

absCoef = [abs(a) for a in coefStar]

#sort by magnitude

coefSorted = sorted(absCoef, reverse=True)

idxCoefSize = [absCoef.index(a) for a in coefSorted if not(a == 0.0)]

namesList2 = [names[idxCoefSize[i]] for i in range(len(idxCoefSize))]

print ("Attributes Ordered by Coef Size at Optimum alpha")

print (namesList2)

Printed Output: [filename - rocksVMinesCoefCurvesPrintedOutput.txt]
Attributes Ordered by How Early They Enter the Model

['V10', 'v48', 'v1il', 'v44', 'V35', 'V51', 'v20', 'V3', 'V21', 'v45',
'v43', 'vis', 'vo', ‘'vz2', 'v27', 'v50', 'v53', 'v30', 'v58', 'Vbe',
'v28', 'v39', 'v4e', 'Vvli9', 'v54', 'v29', 'v57', 've', 'vg', 'v7',
'v4o', ‘'vz', 'vz23', 'v37', 'vs55', 'v4', 'v1i3', 'v3e', 'Vv38', 'V2e6',
'Y31', 'v1', 'v34', 'v33', 'v24', 'V16', 'V17', 'V5', 'V52', 'v4l',
'v40', 'vs59', 'viz', 'v9', 'v1i8', 'v14', 'v47', 'V42']

Best Coefficient Values

[0.082258256813766639, 0.0020619887220043702, -0.11828642590855878,
0.16633956932499627, 0.0042854388193718004, -0.0, -0.04366252474594004,
-0.07751510487942842, 0.10000054356323497, 0.0, 0.090617207036282038,
0.21210870399915693, -0.0, -0.010655386149821946, -0.0,
-0.13328659558143779, -0.0, 0.0, 0.0, 0.052814854501417867,
0.038531154796719078, 0.0035515348181877982, 0.090854714680378215,
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0.0086195542357481014,
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0.0, 0.0,
0.012614243827937584,

.0, -0.0,

.0, -0.0,

0.0,

.078096790041518344,

0.0,

-0.17160601809439849,

0.057018816876250704,

0.022035287616766441,

-0.080450013824209077,
-0.072184409273692227,
0.096478265685721556,

0
0
0
0
0
0

.039917367637236176,

-0.096272735479951091,

0.062312821755756878,

-0.074326527525632721,

0.070488864435477847,

0.049158231541622875,
0.0,

0.0]

0.078886784332226484,
-0.082785510713295471,
0.068096475974257331,

0.0, 0.22671917920123755,
0.0,

0.014466967172068596,

Attributes Ordered by Coef Size at Optimum alpha

['v48', 'Vv30', 'vlil', 'v29', 'v35', 'V3', 'v15', 'v2', 'V8', 'V44',
'v49', 'v22', 'v10', 'vs54', 'v0', 'v36', 'vs51', 'v37', 'v7', 'V56',
'v3o', 'vs58', 'vs57', 'v53', 'v43', 'v1i9', 'v4e', 'Ve', 'V45', 'v20',
'v23', 'v38', 'V55', 'v31', 'V13', 'vV26', 'v4', 'v21', 'V1']

R B 5-5 BZS LT R R 54, BT AEHRUETEI, alpha AY{EZ
BN 5-4 A iy, BAREEE 2 4> alpha fH . —N2HHR/MERS FEEEIRE
alpha fi, — /M2 A4 AUC i) alpha {H, KL AUC (1 alpha fER§AFH MRS,
IERSF 2 A 4% alpha e/ ME5r 2453RAY alpha (HE ST A, RP 4T BD R BB R A
MR N XFF 60 NRE, ZH 20 MARKEN 0, X it (RHE), 11 _ratio
RN 0.8, X 1 _ratio RN 1 FIERIHAEME L R4

KTABEZMEN ARSI R JE T R, MR R EZEN — MEtr 2 lE
alpha Jii />, JEASERRIAZ BT . 55— D EIR2 AR A U0 AR 00 AL 3R BOR/ MG B R HEY
IEANLL R R R BT e iy, XU A B AR A A LR R
A B A AE —E B — 2k, HEMEHFAZEEME., i, 28 V4as, V11, V35,
VA4 F V3 FERA PR AR AR, (H2 VI0 MBS — NPT, BT REOR
N, VIO HEZARE SR, SR, UARBUENBUR AR, FikRAF—MEEMA, 1
W VIO REE, (Y R ECE T g 2 B A TR Mgt & 2E R A X R sy, V10 JEERY
H ANV, T HBEE H AR R, Rt T,

SR, WA LR AR R PO B R SO BE S R, KA (B IBEER) A
KEEREAR, FE A R SO K AT RE R o n] BREC G, MEFCRIUE AR, S
M RTEEB I, PEABHRA A BYEE I (FERIRG) , VR AT AT A K
AR IE, RS ARy 1, Rt n] DA B A2 S qnfe] & S 8cdsid U &, B
EABRAAEI SR LRI R, BEArERERE. AR Rk R N e A 5
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PREBEHAR I, BRI E . KRR T K RARE R %2, RIS
AT - KRR 3% 5 I SR H Y LB — 2K

€] 5-10 Sy fif il ElasticNet [n SRR AE ST A A K ER B 46 DI R B 2. i 4 im
TR IR IE DA R P AR B B A AR R DL

06 |

04 } —

101 1072 1078
alpha

B 5-10 7S AKELIE LN A ElasticNet B2 M R Edh 4

BN 4 BAR BN, S5 — Pl AR Gtk Bl A A AL HEAT 20 S0 Oy R T AR 2 4
BIH, ARSVE L 5-5 R AR5 2 565 ] 5 R Al s A K EE 7 R i L ARG, AR A
KEERER TR ENMEEMARZ A, FBEERTUNERPYERP EZH, 215
] V5 7532 05 ) A A 1 8 M bR BOR 1 SR S N R A 8 T 5 A i 2 7K B AR 23 53 (L
SR (A] PAF http://en.wikipedia.org/wiki/Logistic_regression 53¢ 5 £ 5 T % 45 [0 I
HHG, DA R R o 78 & S 00 22 ] VA SRR AR AR R AN AR /) R
v (IRLS), ZFFKIETEERAE (2 W http://en.wikipedia.org/wiki/Iteratively
reweighted_least_squares), FE3EA I ZRAEA UMM TR 1T 5EACE . B EAE, 1)
RS SR A e /N 3 vk ) A, Z A AR A W iR AR B B 2R 8l (R A E R PR )
BA L, ZHEEHA IRLS BEMY T HE 4 B AN LERIBEEE (EZ2ERH)
w7 Hn—2EEA,

REIREAF TG, BRFRAE SRR TR, X SR A2 2 5 ] )
AR AR5 HRAS ) 2 36 1] UH ) A% L o X SRR A i A S 80 D R R 8 p — il i 5
WT AR UGEA, IRLS FREg N3] — oAz g A 8k ., H Y& R X L8478 &2 Al IRLS A
REYZER, WHREAETH R R GRS IERR AT, 1830 B A2 FEAR A LASKT B I ARAR T etk AT
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ESE

AR AL B SEOHT A A A T @ A AT AR (R AR T) AR gk, Bosit—
J7 AR BAE IRLS A AT, ok — AR, PR SRRk, U
w il p RACERENRR, FR R ZUEAE (weights) XT3 (Sum of products)
ARG, SRR R R DA ZE AR B P EFT7 . B SRR AU BLH ) sum Wxx
AEORAE X, EAkHh, sum Wxx J2—A List 55, &0 E A E R AR Y B . &
MR 7 — TR BAESRZE BARAE . MRR VAL IEE A S X R K (B) AeR %K.

R R T AR BRI b R A 2, H A2 -5 0 AR AR 1w A rs ) f2 e K% o
SAHTICR., WARFHES T R RAFAE IR, o2 R ek O R AR R AR e, &
BANERH A SZ RS — D AR, RERARIEE, S MBIEILE. FE
BCEANRE, OS] AEIERSE MU KT E . LA B BYEEA RIS MR IARRT K
INCBSHANERE, —RRHIWTARR KN iR IR RS AT A BRI . i LA
T B 5-5 FIAUIS G R 54 BOFTENERSR, PIRPI 0 HEF iR Al 8 @R FIET 2 —HU.
XTHRT R 8 AR, A 7 AZRRNHIFEM SRS, ARG, 3Tk
1 8 MR LTI X UEHIPI R T7 250 e P e E DU I — 2

73— AR AR T A TERE B, (81X A R R B0 R T AR 0] U247 5 SRk,
IR A MR TR RACR AR R T AR, U5 5 5-6 A M i A7 ittt =
TEE A1 KR A EIadT g A S B2 K Z I,

REBFE 5-6 TEAEAKEHIELIIZETIZEERIFTHERE - rocksVMinesGlmnet.py

__author = 'mike bowles'
import urllib2

import sys

from math import sqgrt, fabs, exp

import matplotlib.pyplot as plot

def S(z,gamma) :
if gamma >= fabs(z):
return 0.0
if z > 0.0:
return z - gamma
else:

return z + gamma

def Pr(b0,b,x):
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n = len(x)
sum = b0
for i in range (n):
sum += b[i]*x[1]
if sum < -100: sum = -100

return 1.0/(1.0 + exp(-sum))

#read data from uci data repository
target url = ("https://archive.ics.uci.edu/ml/machine-learning-"
"databases/undocumented/connectionist-bench/sonar/sonar.all-data")

data = urllib2.urlopen (target url)

#arrange data into list for labels and list of lists for attributes
xList = []

for line in data:
#split on comma
row = line.strip().split(",")

xList.append (row)

#separate labels from attributes, convert from attributes from string

#to numeric and convert "M" to 1 and "R" to O

xNum = []
labels = []

for row in xList:

lastCol = row.pop()

if lastCol == "M":
labels.append(1.0)

else:
labels.append (0.0)

attrRow = [float (elt) for elt in row]

xNum. append (attrRow)

#number of rows and columns in x matrix
nrow = len (xNum)

ncol = len(xNum[1l])



53 Torsk: {ERAATLMED ARG ARIBIERIKE

alpha = 0.8

#calculate means and variances
xMeans = []

x3D = []

for i in range(ncol):

col = [xNum[j][i] for j in range(nrow)]

mean = sum(col)/nrow

xMeans.append (mean)

colDiff = [(xNum[j][i] - mean) for j in range(nrow) ]

sumSqg = sum([colDiff[i] * colDiff[i]

stdDev = sqgrt (sumSqg/nrow)
xSD.append (stdDev)

for i in range(nrow)])

#use calculate mean and standard deviation to normalize xNum

xNormalized = []

for i in range (nrow) :

rowNormalized = [(xNum[i] [J] - xMeans[j])/xSD[J] \

for 7 in range (ncol) ]

xNormalized.append (rowNormalized)

#Do Not Normalize labels but do calculate averages

meanlLabel = sum(labels)/nrow

sdLabel = sqgrt(sum([ (labels[i] - meanLabel) * (labels[i] - meanLabel)

for 1 in range(nrow)])/nrow)

#initialize probabilities and weights

sumWxr = [0.0] * ncol
sumWxx = [0.0] * ncol
sumWr = 0.0
sumW = 0.0

#calculate starting points for betas
for iRow in range (nrow) :

p = meanLabel

w=p?* (1.0 - p)

#residual for logistic

r = (labels[iRow] - p) / w

x = xNormalized[iRow]

sumWxr = [sumWxr[i] + w * x[i] * r for i in range(ncol)]
sumiWxx = [sumWxx[i] + w * x[i] * x[1i] for 1 in range (ncol)]

sumWr = sumWr + w * ¢
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sumW = sumW + w
avgWxr = [sumWxr[i]/nrow for i in range (ncol) ]
avgWxx = [sumWxx[1]/nrow for i in range (ncol) ]
maxWxr = 0.0

for 1 in range(ncol):
val = abs(avgWxr[i])
if val > maxWxr:

maxWxr = val

#calculate starting value for lambda

lam = maxWxr/alpha

#this value of lambda corresponds to beta = list of 0's
#initialize a vector of coefficients beta
beta = [0.0] * ncol

betal = sumWr/sumW

#initialize matrix of betas at each step
betaMat = []
betaMat.append(list (beta))

betalOList = []
betalOList.append (betal)

#begin iteration
nSteps = 100
lamMult = 0.93 #100 steps gives reduction by factor of 1000 in lambda
# (recommended by authors)
nzList = []
for iStep in range (nSteps):
#decrease lambda

lam = lam * lamMult

#Use incremental change in betas to control inner iteration

#set middle loop values for betas = to outer values
#values are used for calculating weights and probabilities

#inner values are used for calculating penalized regression updates
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#take pass through data to calculate averages over data required

#for iteration

#initilize accumulators

betaIRLS = list (beta)
betaOIRLS = betal
distIRLS = 100.0

#Middle loop to calculate new betas with fixed IRLS weights and

#probabilities

iterIRLS = 0

while distIRLS > 0.01:
iterIRLS +=1

iterInner = 0.0

betalnner = list (betaIRLS)
betaOInner = betalOIRLS
distInner = 100.0

while distInner > 0.01:

iterInner += 1

if iterInner > 100: break

#cycle through attributes and update one-at-a-time

#frecord starting value for comparison

betaStart = list (betalnner)

for iCol in range(ncol):

sumWxr = 0
sumiWxx = 0
sumWr = 0.0
sumW = 0.0

for iRow in range (nrow) :
x = list (xNormalized[iRow])
y = labels[iRow]
p = Pr(betaOIRLS, betaIRLS,
if abs(p) < le-5:
p=0.0
w = le-5
elif abs (1.0 - p) < le-5:
1.

p = 0

X)
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w = le-5
else:

w=p* (1.0 - p)

(y - p) / w + betaOIRLS + sum([x[i] *

N
Il

betaIRLS[i] for i in range(ncol)])

r = z - betaOInner - sum([x[i] * betalnner[i]
for i in range(ncol)])

sumWxr += w * x[1Col] * «r

sumiWxx += w * x[1Col] * x[iCol]

sumWr += w * r

sumW += w

avgWxr = sumWxr / nrow

avgWxx = sumWxx / nrow

betalOInner = betalInner + sumWr / sumW
uncBeta = avgWxr + avgWxx * betalnner[iCol]
betalnner[iCol] = S(uncBeta, lam * alpha) / (avgWxx +
lam * (1.0 - alpha))
sumDiff = sum([abs (betalnner[n] - betaStart[n]) \
for n in range(ncol)])
sumBeta = sum([abs (betalnner[n]) for n in range (ncol)])
distInner = sumDiff/sumBeta
#print number of steps for inner and middle loop convergence
#to monitor behavior

#print (iStep, iterIRLS, iterInner)

#if exit inner while loop, then set betaMiddle = betaMiddle
#and run through middle loop again.

#Check change in betaMiddle to see if IRLS is converged

a = sum([abs(betaIRLS[1] - betalnner[i]) for i in range(ncol)])
b = sum([abs (betaIRLS[i]) for i in range(ncol)])
distIRLS = a / (b + 0.0001)
dBeta = [betalnner[i] - betaIRLS[i] for i in range(ncol)]
gradStep = 1.0
temp = [betaIRLS[i] + gradStep * dBeta[i] for i in range(ncol)]

betaIRLS = list (temp)

beta = list (betalIRLS)
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betal = betalOIRLS
betaMat.append(list (beta))
betalOList.append (betal)

nzBeta = [index for index in range(ncol) if beta[index] != 0.0]
for g in nzBeta:
if not(g in nzList):

nzList.append(q)

#make up names for columns of xNum
names = ['V' + str(i) for i in range(ncol)]

namelList = [names[nzList[i]] for i in range(len(nzList))]

print ("Attributes Ordered by How Early They Enter the Model")
print (namelist)
for i in range(ncol):

#plot range of beta values for each attribute

coefCurve = [betaMat[k][i] for k in range (nSteps)]

xaxis = range (nSteps)

plot.plot (xaxis, coefCurve)

plot.xlabel ("Steps Taken")
plot.ylabel ("Coefficient Values")
plot.show()

Printed Output: [filename - rocksVMinesGlmnetPrintedOutput.txt]

Attributes Ordered by How Early They Enter the Model

['vio', 'v48', 'vlil', ‘'v44', 'v35', 'v51', 'vz0', 'v3', 'v50', 'vzl',
'v43', 'v47', 'vis', ‘'v27', 'vOo', 'v22', 'v3e', 'v30', 'v53', 'vbe',
'vs58', 've', 'v1i9', 'vz8', 'v39', 'v49', 'v7', 'v23', 'vb54', 'v8',
'vig', 'vz2', 'vz29', 'v38', 'v57', 'v4s5', 'vi3', 'v3z', 'v3l', 'v42',
'vie', 'v37', 'v59', 'v52', 'vz5', 'vig', 'vi', 'v33', 'v4', 'v55"',
'vi7', 'v4e', 'v2e', 'vlz', 'v40', 'v34', 'v5', 'v24', 'v41l', 'V9']

P 5-11 Jon 76 AT 2 AR I A A A K R B 4. IEWPTRic ), RERES
Tl AT AR RN, B PIR T A B2 B e BOR Al [ 21808 H A% 0
G —FEL, BEATES IG5 W BB LRI B A R,
R p AR T KR IR, R arki b T p/l - p. XA LR AT HUL B
SRXE, HE p BIEEE 0 ~ 1, XTAT AL R —oo ~ oo, XA R AR KT



196 | £ 5% (EAGINLMETTERMETUNEE

HoAIERBIINEEA S TOKE R EE IR HIE . B BRUEXT 5 A 251

-6

0 20 20 60 80 100
ERESH
B 5-11 AHL2AKSEIE L% ElasticNet ES1B5 0 1T E 2 9 R il 2

PR A PR IR A TN 22 5 AR, B AZE RS TN RUBEAN ], F 17 s 1k ) R Kt AN ]
(B IE QP AR AR 4T D it P R R, A2 B AR R DU AR 2R,k mT DA i 22 2t 2
H B R LA B P IR 2

54 ZEHNHE - EILEIFNIIBFR

b EBINE AR AR 2 22K, B AR A AT RE(E Y L AR (B[]
WA A Ta, IRKERIISN? ) AERFUAREA IERAME, B ARERRIEZ S50
RIVE, A RETIANE R DR AR REA 2EE,  IEA05E 2 ZHeny, At 9
ME AR (T AR I ar3) . 6 Ah2eBuB, 3k 214 AR, SR EAY)
B ERPR AR TR E 4 EFEA BT 6 FRERLAGE—Ph, SEPR A TARSREGE SRl g RIA R >
Bro BEskIRT UCLEdRSE, A TTHHRIE 1 0SS BHLRAR RS S, FERBE
SRR RS, AT R AN E A5 A DA R SR AL I A T PERE L

RIGTE R 5-7 AR FER A

REGER 57 (ERESIZLERVAN S I 2 - S IILRIIARIBISIEA - glass ENetRegCVpy

import urllib2
from math import sqgrt, fabs, exp

import matplotlib.pyplot as plot
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from sklearn.linear model import enet path
from sklearn.metrics import roc auc score, roc_curve

import numpy

target url = ("https://archive.ics.uci.edu/ml/machine-learning-"
"databases/glass/glass.data")
data = urllib2.urlopen (target url)

#arrange data into list for labels and list of lists for attributes
xList = []
for line in data:

#split on comma

row = line.strip().split(",")

xList.append (row)
names = ['RI', 'Na', 'Mg', 'Al', 'Si', 'K', 'Ca', 'Ba', 'Fe', 'Type']

#Separate attributes and labels
xNum = []
labels = []

for row in xList:
labels.append (row.pop () )
1 = len(row)
#eliminate ID
attrRow = [float(row[i]) for i in range(l, 1)]

xNum.append (attrRow)

#number of rows and columns in X matrix
nrow = len (xNum)

ncol = len(xNum([1])

#create one versus all label vectors
#get distinct glass types and assign index to each
yOneVAll = []
labelSet = set(labels)
labellist = list (labelSet)
labellList.sort ()
nlabels = len(labellList)
for i in range (nrow) :
yRow = [0.0]*nlabels
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index = labellList.index(labels[i])
yRow[index] = 1.0
yOneVAll.append (yRow)

#calculate means and variances

xMeans = []

xSD = []

for 1 in range (ncol) :
col = [xNum[]j][1i] for j in range (nrow) ]
mean = sum(col)/nrow

xMeans.append (mean)

colDiff = [(xNum[j][i] - mean) for j in range (nrow) ]

sumSqg = sum([colDiff[i] * colDiff[i] for i in range(nrow)])
stdDev = sqrt (sumSqg/nrow)

xSD.append (stdDev)

#use calculate mean and standard deviation to normalize xNum
xNormalized = []
for i in range(nrow) :
rowNormalized = [ (xNum[i][]J] - xMeans[7J])/xSD[j] \
for j in range (ncol) ]

xNormalized.append (rowNormalized)

#normalize y's to center

yMeans = []

ySD = []

for 1 in range(nlabels):
col = [yOneVAll[j][i] for j in range(nrow) ]
mean = sum(col)/nrow

yMeans.append (mean)

colDiff = [(yOneVAll[j][i] - mean) for j in range (nrow) ]
sumSg = sum([colDiff[i] * colDiff[i] for i in range (nrow)])
stdDev = sqrt (sumSg/nrow)

ySD.append (stdDev)

yNormalized = []
for i in range(nrow) :
rowNormalized = [(yOneVAll[i][j] - yMeans[j])/ySD[3] \
for j in range (nlabels) ]

yNormalized.append (rowNormalized)



#number of c
nxval = 10
nAlphas=200

misClass = [

for ixval in
#Define t
idxTest

idxTrain

54 ZAEFE - DERILFRIHAIBIBIEAR

ross-validation folds

0.0] * nAlphas

range (nxval) :

est and training index sets

= [a for a in range(nrow) 1if a%nxval == ixval%nxval]

= [a for a in range (nrow) if a%nxval

= ixval%nxval]

#Define test and training attribute and label sets

xTrain =
xTest =
yTrain =
yTest =
labelsTe

numpy.array ([xNormalized[r] for r in idxTrain])

numpy.array ([xNormalized[r] for r in idxTest])

[yNormalized[r] for r in idxTrain]

[yNormalized|[r] for r in idxTest]

st = [labels[r] for r in idxTest]

#build model for each column in yTrain

models =
lenTrain

lenTest

[]
= len(yTrain)

= nrow - lenTrain

for iModel in range(nlabels):

yTemp = numpy.array([yTrain[j] [iModel]

mode

for iSte

for j in range(lenTrain)])

ls.append(enet path(xTrain, yTemp,ll ratio=1.0,

fit intercept=False, eps=0.5e-3, n_ alphas=nAlphas ,

return models=False))

p in range(l,nAlphas):

#Assemble the predictions for all the models, find largest

#pre
allp

for

diction and calc error
redictions = []
iModel in range (nlabels):

_, coefs, = models[iModel]

predTemp = list (numpy.dot (xTest, coefs[:,1iStep]))

#un-normalize the prediction for comparison

predUnNorm = [ (predTemp[j]*ySD[iModel] + yMeans[iModel])

for j in range(len (predTemp)) ]
allPredictions.append (predUnNorm)

199
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predictions = []
for i in range(lenTest) :
listOfPredictions = [allPredictions[j][1] \
for j in range(nlabels) ]
idxMax = 1listOfPredictions.index (max (listOfPredictions))
if labellist[idxMax] != labelsTest[i]:

misClass[iStep] += 1.0
misClassPlot = [misClass[i]/nrow for i in range(l, nAlphas)]
plot.plot (misClassPlot)
plot.xlabel ("Penalty Parameter Steps")

plot.ylabel (("Misclassification Error Rate"))

plot.show ()
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1. P. Cortez , A. Cerdeira , F. Almeida , T. Matos , and J. Reis . (2009). Modeling wine
preferences by data mining from physicochemical properties . Decision Support Systems ,
Elsevier , 47(4): 547 — 553.

2. T. Hastie , R. Tibshirani , and J. Friedman . (2009). The Elements of Statistical Learning:
Data Mining, Inference, and Prediction. 2nd ed. Springer-Verlag , New York .

3.J. Friedman , T. Hastie , and R. Tibshirani . (2010). Regularization paths for generalized
linear models via coordinate descent. Journal of Statistical Software , 33( 1 ).

4. K. Bache and M. Lichman . ( 2013 ). UCI Machine Learning Repository. Irvine, CA:
University of California, School of Information and Computer Science . http://archive.ics.uci.
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6.1 ZITREH

CInSRM LR B TR R T (2 /) PR, BRSO BT AR AT
REME PR —A, BRIEE, BATI A —DRE, E2ERRARER, — %
BN D SR B B 5 B T s xhX MRS RO B, T T NSRS R PR SR R AT A RERY,
S ey UM S uR

IG5 L 6-1 Ay F Scikitlearn ) DecisionTreeRegressor 1. EL &1 X} £1 71 I /B A A4
TR R ARG, & 6-1 g AUEIE B 6-1 AR BSRA

RIGER 6-1 ME—RRWFNLLEORK -winTree.py

__author = 'mike-bowles'

import urllib2

import numpy

from sklearn import tree

from sklearn.tree import DecisionTreeRegressor
from sklearn.externals.six import StringIO
from math import sqgrt

import matplotlib.pyplot as plot

#read data into iterable
target url = ("http://archive.ics.uci.edu/ml/machine-learning-"
"databases/wine-quality/winequality-red.csv")

data = urllib2.urlopen (target url)

xList = []

labels = []

names = []
firstLine = True
for line in data:

if firstLine:

names = line.strip () .split(";")
firstLine = False
else:

#split on semi-colon

row = line.strip().split(";")
#put labels in separate array
labels.append (float (row[-1]))

#remove label from row
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row.pop ()
fconvert row to floats
floatRow = [float (num) for num in row]

xList.append (floatRow)

nrows = len (xList)
ncols = len(xList[0])
wineTree = DecisionTreeRegressor (max depth=3)

wineTree.fit (xList, labels)

with open("wineTree.dot", 'w') as f:
f = tree.export graphviz(wineTree, out file=f)
#Note: The code above exports the trained tree info to a
#Graphviz "dot" file.
#Drawing the graph requires installing GraphViz and the running the
#following on the command line
#dot -Tpng wineTree.dot -o wineTree.png
# In Windows, you can also open the .dot file in the GraphViz

#gui (GVedit.exe)]
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He ETRTAYTY RSCAR AT S (root node) . XY MR HIAY M2 “X[10]<=10.5257, 1
TR R, B BB A R R A BRI SR R T ), PR BB SRRHA
A X[10], AL SR EIERE R, XS 55 5 AT &R — 2.
55 B MR AR IAM BT WA SRS & e DR E 21 1R R AR .

Bl 6-1 Fron s SRM BRI 3, RS AR BE RE SO A 21 7R il O i B i i A (BT
I RERIE ) . £ R B IIZREN T BSRESE” N T IlgRrte T,
A AR BB B i EOR BRI R T A e R AR AR E (WA 6-1),

BAE CAAE — MG RSB 2RERY, R 2] T Q) i — > BRSfep oR b AT
T o T A 23 T 1| R R SRR

6.1.2 HfAillZ&—Z TR R

T AR YN e SRR B R B O YRR AT A B RO, ARIDTEBE 62 e E—A
SRR AT T — A SERAS F, BOREE R = (Ve A AR ) . ARG
B 0.5 ~ +0.5 ZE43 100 G5, B—SRURNE X SR EES 0L, FREE y S5 T x 1L FEHLERS

REFE 6-2 R RIBAR KR % -simpleTree.py

___author = 'mike-bowles'

import numpy

import matplotlib.pyplot as plot

from sklearn import tree

from sklearn.tree import DecisionTreeRegressor

from sklearn.externals.six import StringIO

#Build a simple data set with y = x + random

nPoints = 100

#x values for plotting

xPlot = [ (float (i) /float (nPoints) - 0.5) for i in range (nPoints + 1)]

#x needs to be list of lists.

x = [[s] for s in xPlot]

#y (labels) has random noise added to x-value
#set seed

numpy.random.seed (1)
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y = [s + numpy.random.normal (scale=0.1) for s in xPlot]

plot.plot (xPlot,vy)
plot.axis ('tight')
plot.xlabel ('x")
plot.ylabel ('y")
plot.show ()

simpleTree = DecisionTreeRegressor (max depth=1)

simpleTree.fit (x, V)

#draw the tree
with open("simpleTree.dot", 'w') as f:

f = tree.export graphviz(simpleTree, out file=f)

#compare prediction from tree with true values

yHat = simpleTree.predict (x)

plot.figure ()

plot.plot (xPlot, y, label='True y')

plot.plot (xPlot, yHat, label='Tree Prediction ', linestyle='--")
plot.legend(bbox to anchor=(1,0.2))

plot.axis ('tight')

plot.xlabel ('x")

plot.ylabel('y")

plot.show ()

simpleTree2 = DecisionTreeRegressor (max depth=2)

simpleTree2.fit (x, V)
#draw the tree
with open("simpleTree2.dot", 'w') as f:
f = tree.export graphviz(simpleTree2, out file=f)
#compare prediction from tree with true values

yHat = simpleTree2.predict (x)

plot.figure ()
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plot.plot (xPlot, vy, label='True y')

plot.plot (xPlot, yHat, label='Tree Prediction ', linestyle='--")
plot.legend(bbox to anchor=(1,0.2))

plot.axis ('tight')

plot.xlabel ('x")

plot.ylabel ('y")

plot.show ()

#split point calculations - try every possible split point to
#find the best one
sse = []
xMin = []
for i in range(l, len(xPlot)):
#divide list into points on left and right of split point
lhList = list (xPlot[0:17)
rhList = list (xPlot[i:len(xPlot)])

#calculate averages on each side
1lhAvg = sum(lhList) / len(lhList)
rhAvg = sum(rhList) / len(rhList)

#calculate sum square error on left, right and total
1hSse = sum([ (s - lhAvg) * (s - lhAvg) for s in 1lhList])
rhSse = sum([ (s - rhAvg) * (s - rhAvg) for s in rhList])

#add sum of left and right to list of errors

sse.append(lhSse + rhSse)
xMin.append (max (lhList))

plot.plot(range(l, len(xPlot)), sse)
plot.xlabel ('Split Point Index')
plot.ylabel ('Sum Squared Error')

plot.show ()
minSse = min(sse)
idxMin = sse.index (minSse)

print (xMin[idxMin])

#what happens if the depth is really high?
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simpleTree6 = DecisionTreeRegressor (max depth=6)

simpleTree6.fit (x, V)

#too many nodes to draw the tree
#with open("simpleTree2.dot", 'w') as f:

# £ = tree.export graphviz(simpleTree6, out file=f)

#compare prediction from tree with true values

yHat = simpleTree6.predict (x)

plot.figure ()

plot.plot (xPlot, vy, label='True y')

plot.plot (xPlot, yHat, label='Tree Prediction ', linestyle='-")
plot.legend (bbox to anchor=(1,0.2))

plot.axis ('tight')

plot.xlabel ('x")

plot.ylabel ('y")

plot.show ()

K 6-2 Syt x FIFRaE y B9 R R, IR, y (ERECE—EIREE « [H2 1k, ER2
A LRI /NS,
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6.1.3 REWMMINGER T B <B0IEE

RS IE L 6-2 1955 — 20 /21217 scikitlearn [ regression tree £, H 45 & BLRRH IR A 1,
A PR FE R G5 R AN 6-3 FR. 1 6-3 RIREEN | BYBRSERIHERE . TREER 1 A XXy
VERE (stumps), FERRFTAAIUORE R B HEME S —0.075 i, XAMEIIEHI (split
point), [H A B LR ERFE . BARTT AR EUE 2 F AT HERT AL, 101 AL
HA3AE] TR RSS2, BT 58 SR TARTT s A . IR @ sENT
Sy, TR SRR A T R O AE B R A, RZymiE —0.302,

X[0] <= -0.0750
mse = 9.87720441723
samples = 101

VRN

mse = 1.0025 mse =1.7650
samples = 43 samples = 58
value = [-0.30258266] value = [0.23400293]

BE6-3 —EREMNE. REN 1 RRERNIER
ealt=oprid e LR EAS IR ES
LSRR ) 55— T TR TUE 5 L SE AR B AT X o XA 7 B R £ ALK
e A —ANENE, RS AR A T — ELIRBE R K PR AR AR, P AR XA
] BB R BN SR A SE Rty . AR 6-4 FT s , SN B (B 28— AT ER A T T 3k
P SE P b R E A B s g, XA “Bri” A AAEr# A

— Truey
06| - - Tree Prediction |}
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PRS2 TR0 W] A RE T k. o EERO(ERI0R B 7 iR 22 i/ MR M. IR A8 T 1Y
(A2 AT f i U (E . AUTSTE B 6-2 A — /DU AR B E L. Xt A
XA E A, RIS IEEE A 2 41, B AL EUE R (B 23 e B T AL,
IRJE T SEAH Y IR 2P J7 il

B 6-5 IR T iZe 107 AIE R 0 FLU i eR RO Al 28 A i) . RARFERAE ) s, Wl RA
BB B S/ NI IRZE T I GR— IR T5 2255 R 2R BIrA ] RE Y 70 L s R 1 52 A
AME AT A DRZE VT R/ IME o X2 XA R B B 1 EEE R AT
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BEE BB, 23 SR T AR S e BN, 3RS 0 SR T REARH I,
PR BT B0 IR B SR, 20381 A A U 3 5 2 L R i B R R 2 . 18
W “PLANET:Massively Parallel Learning of Tree Ensembles with MapReduce” $2 H —Fp ¥,
S AT AR A X R A ES I G A0 R e SRR B SR A Y, Aol P e S St S IS 2 42
Tt (gradient boosting) FVA (AERF ¥ FREMITIE)

BT i3 5 BITR 1S E IR B R SRR

RS L 6-2 J7n T MO SRERI TR 1 SN 3) 2 i, 000 R & e A AT 28k T
2N 6-6 frn . BRSRMRIRERIANE 6-7 fron. RN 1 SRR A —2, X4
2 3 . 5 2 RRZ IS E S H 1RSI RSE R, BRI
BT RAL BT BN E AR BB T . BT R o B R AR R A 2 4
TRIRZE T MR/, B 6-6 Y ZRARTE L — SR PrAY Bk ek K 2. RS IR
MR RE EA/ P K, R R EE (ETE) . (FR2 IR A IR Jo PRI gk 2k
TERER?
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-0.6f - - Tree Predction ||
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X[0] <=-0.0750
mse = 9.87720441723
samples = 101
X[0] <= -0.2950 X[0] <= 0.2650
mse = 1.00250144518 mse = 1.76497349706
samples = 43 samples = 58
mse = 0.2974 mse = 0.1588 mse = 0.5126 mse = 0.1315
samples = 21 samples = 22 samples = 34 samples = 24
value = [-0.41794244] value = [-0.1924665] value = [0.11720893] value = [0.39946109]

B 6-7 REA 2 HRKHMIIER

6.1.4 ZITRRMHIIUE

AT AT IR TSR . TS A LA T AR L — TR
Bt A AR R AR TR . TR AR 5 5 4 A
95 FEROHTRI (EREITILE ORI ST R LA B S AR, e
HMHSH WROWEE, TN A IO B SAE, J R
AL 4 BRI 5 BRI,
IR A R R

P 68 JETS T LM R IEREIE] 6 xR AEA 20, AEME 6-8 o1, AT H L5 5 T
W2 225, BORELILT: 52 SRS 65— SO (. AT R BB B i
BIET . ORI XA R T LR L TS TR B R, VAT L
ERRATHM, TR A B0 SRS RN WP 022, MR A4
LR AT S SEAIE E R 2

A — AL R B AU 26 L A S S SR O RLE, 2 L 68
BT 1 2 ROPR R R 6, ICRMRE B 64 MEIET (26), MRS 6
100 S L RO AR RO A 0 — LT, TR R T (5
B 5T R URE, BOPUR A B O 52 2 BB 2D
85— T R SR 5 2 A BE R R A

AESCPRITTT, G ZCURRIE (cross-validation) SeRsflitiiler, SN 63 R T
BRSSP R IR ERGUSEREETT 10 9740 UIRIE, RTBERT 2 JRHRSR, SNR IS
T PR LR UEIREE, P2 AR RN B0 VIR A ORI V5 10 %6
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MRS . AN FREE R PRAAS W) 771222 (MSE, mean squared error) #115] 6-9 FI7R

0.4}

0.2}

— Truey
-0.6 - - Tree Prediction

04 02 0.0 02 04

6-8 JRE 6 BURRAHTION th £k

KAGEER 6-3 AREIRERKRHIZZ XIHE -simpleTreeCV.py

__author = 'mike-bowles'

import numpy

import matplotlib.pyplot as plot

from sklearn import tree

from sklearn.tree import DecisionTreeRegressor

from sklearn.externals.six import StringIO

#Build a simple data set with y = x + random
nPoints = 100

#x values for plotting

xPlot = [ (float (i) /float (nPoints) - 0.5) for i in range (nPoints + 1)]

#x needs to be list of lists.

x = [[s] for s in xPlot]

#y (labels) has random noise added to x-value

#set seed
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numpy.random.seed (1)

y = [s + numpy.random.normal (scale=0.1) for s in xPlot]

nrow = len(x)

#fit trees with several different values for depth and use

#x-validation to see which works best.

depthlList = [1, 2, 3, 4, 5, o6, 7]

xvalMSE = []

nxval = 10

for iDepth in depthList:
#build cross-validation loop to fit tree and evaluate on
fout of sample data

for ixval in range (nxval) :

#Define test and training index sets

idxTest = [a for a in range(nrow) 1if a%nxval == ixval%nxval]
idxTrain = [a for a in range(nrow) if a%nxval != ixval%nxval]

#Define test and training attribute and label sets

xTrain = [x[r] for r in idxTrain]
xTest = [x[r] for r in idxTest]
yTrain = [y[r] for r in idxTrain]
yTest = [y[r] for r in idxTest]

#train tree of appropriate depth and accumulate
#out of sample (oos) errors
treeModel = DecisionTreeRegressor (max depth=iDepth)

treeModel .fit (xTrain, yTrain)

treePrediction = treeModel.predict (xTest)
error = [yTest[r] - treePrediction[r] \

for r in range(len(yTest))]

#accumulate squared errors

if ixval == 0:
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oosErrors = sum([e * e for e in error])
else:
#accumulate predictions

oosErrors += sum([e * e for e in error])

#faverage the squared errors and accumulate by tree depth

mse = oosErrors/nrow

xvalMSE.append (mse)

plot.plot (depthlList, xvalMSE)
plot.axis ('tight')

plot.xlabel ('Tree Depth')
plot.ylabel ('"Mean Squared Error')
plot.show()
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KFRFATRIEA AL, SEAEAEINE] 1000 SR Ju i fibk g & 4 028k
wmE 6-10 FR,
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REFRIRE
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A3 H SR DA 2 TR AR HE R OB S iR 2. — DR AR KA misclassification error
(R EHR) . B EEARZE R AN E & (Gini impurity measure) F1{5
B 135 (information gain), 4N % ] LA 2% http://en.wikipedia.org/wiki/Decision_tree
learning#Gini_impurity, X PN ERIER 5 1R R RA —ORERE, EEME BikA
Z 5,

G Ao MR R SN SR M T AR R SR R, AT SR Sy, D skms vy 3R
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R — ISR RS A, B, C =26, WREMHITT AR ATE—1 74, B, CHERH
— T, S BAEATE, A CEAI—DTEH, EWBLAE, ERUHEET, AT
EAEE A R HCE A R X A AR

AT T IR TR SR A T R, In R A R — MR TN TR, ES
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6.2 HBZER: Bagging Ei&
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e MR — B2 2] SR F AR Y, AR oo VR B2 2] 25 . BEAE X T R 4]
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KEDER 6-4 BEEMEX -simpleBagging.py

__author = 'mike-bowles'

import numpy

import matplotlib.pyplot as plot

from sklearn import tree

from sklearn.tree import DecisionTreeRegressor
from math import floor

import random

#Build a simple data set with y = x + random
nPoints = 1000

#x values for plotting
xPlot = [ (float (i) /float (nPoints) - 0.5) for i in range (nPoints + 1)]

#x needs to be list of lists.

x = [[s] for s in xPlot]

#y (labels) has random noise added to x-value
fset seed
random.seed (1)

y = [s + random.normal (scale=0.1) for s in xPlot]

#take fixed test set 30% of sample

nSample = int (nPoints * 0.30)

idxTest = random.sample (range (nPoints), nSample)
idxTest.sort ()

idxTrain = [idx for idx in range (nPoints) if not(idx in idxTest)]

#Define test and training attribute and label sets

xTrain = [x[r] for r in idxTrain]
xTest = [x[r] for r in idxTest]
yTrain = [y[r] for r in idxTrain]
yTest = [y[r] for r in idxTest]

#train a series of models on random subsets of the training data

#collect the models in a list and check error of composite as list grows
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#maximum number of models to generate

numTreesMax = 20

#tree depth - typically at the high end
treeDepth = 1

#initialize a list to hold models
modelList = []

predList = []

#number of samples to draw for stochastic bagging

nBagSamples = int (len(xTrain) * 0.5)

for iTrees in range (numTreesMax) :

idxBag = random.sample (range (len(xTrain)), nBagSamples)
xTrainBag = [xTrain[i] for 1 in idxBag]
yTrainBag = [yTrain[i] for i in idxBag]

modelList.append(DecisionTreeRegressor (max depth=treeDepth))

modelList[-1] .fit (xTrainBag, yTrainBag)
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#make prediction with latest model and add to list of predictions

latestPrediction = modellist[-1].predict (xTest)
predList.append(list (latestPrediction))

#build cumulative prediction from first "n" models
mse = []
allPredictions = []

for iModels in range(len(modelList)):

#average first "iModels" of the predictions
prediction = []
for iPred in range(len (xTest)):
prediction.append (sum([predList[i] [1Pred] \
for i in range (iModels + 1)1)/(iModels + 1))

allPredictions.append (prediction)

errors = [(yTest[i] - prediction([i]) for i in range(len(yTest))]

mse.append (sum([e * e for e in errors]) / len(yTest))
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nModels = [1 + 1 for i in range(len(modellList)) ]

plot.plot (nModels, mse)

plot.axis ('tight")

plot.xlabel ('Number of Models in Ensemble')
plot.ylabel ('Mean Squared Error')
plot.ylim( (0.0, max (mse)))

plot.show ()

plotList = [0, 9, 19]
for iPlot in plotList:
plot.plot (xTest, allPredictions[iPlot])
plot.plot (xTest, yTest, linestyle="--")
plot.axis ('tight")
plot.xlabel ('x value')
plot.ylabel ('Predictions')
plot.show ()

*x.
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Bagging HJi%#E - IRZE 57 % ( bias vs.variance)

AR 6-12 20X A )4 fHE 28 JE 7, Ho o — A B SR K 8 MR B 95
XA KRS AL EEA KR, B 6-12 IR T B USRR p FI 45258 . 10 ey
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Bagging EixtNfAf#R S T E A&

R 6-5 J7R T Bagging SEVA WA A BRI £ CURR DR, Z099 1R 1 Jos 1

'?AEE%&?EIQLJQEQE’MLIEJ?WU IR 6-15 ~ & 6-17 7R, XKLL A2 i

B, B TR 6-5 ZRIGHY,

KHEH 6-5 F Bagging AT O -wineBagging.py

SRR R AR S

~_author = 'mike-bowles'

import urllib2

import numpy

from sklearn import tree

from sklearn.tree import DecisionTreeRegressor
import random

from math import sqgrt

import matplotlib.pyplot as plot

#read data into iterable

target url = ("http://archive.ics.uci.edu/ml/machine-learning-"

"databases/wine-quality/winequality-red.csv")

data = urllib2.urlopen(target url)

xList = []

labels = []

names = []
firstLine = True
for line in data:

if firstLine:

names = line.strip() .split(";")
firstLine = False
else:

#split on semi-colon

row = line.strip() .split(";")
#put labels in separate array
labels.append (float (row[-1]))
#remove label from row
row.pop ()

#convert row to floats

floatRow = [float (num) for num in row]
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xList.append (floatRow)

nrows = len (xList)

ncols = len(xList[0])

#take fixed test set 30% of sample
random.seed (1)

nSample = int(nrows * 0.30)

idxTest = random.sample (range (nrows), nSample)
idxTest.sort ()

idxTrain = [idx for idx in range(nrows) if not(idx in idxTest)]

#Define test and training attribute and label sets

xTrain = [xList[r] for r in idxTrain]
xTest = [xList[r] for r in idxTest]
yTrain = [labels[r] for r in idxTrain]
yTest = [labels[r] for r in idxTest]

#train a series of models on random subsets of the training data

#collect the models in a list and check error of composite as list grows

#maximum number of models to generate

numTreesMax = 30

#tree depth - typically at the high end
treeDepth = 1

#initialize a list to hold models
modelList = []
predList = []

#number of samples to draw for stochastic bagging

nBagSamples = int (len(xTrain) * 0.5)

for iTrees in range (numTreesMax) :
idxBag = []
for i in range (nBagSamples) :
idxBag.append (random.choice (range (len (xTrain))))

xTrainBag = [xTrain[i] for i1 in idxBag]
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yTrainBag = [yTrain[i] for i1 in idxBag]

modelList.append(DecisionTreeRegressor (max depth=treeDepth))

modellList[-1] .fit (xTrainBag, yTrainBag)

#make prediction with latest model and add to list of predictions
latestPrediction = modellList[-1].predict (xTest)
predList.append(list (latestPrediction))

#build cumulative prediction from first "n" models
mse = []
allPredictions = []

for iModels in range(len(modelList)):

#average first "iModels" of the predictions
prediction = []
for iPred in range (len (xTest)) :
prediction.append (sum([predList[i] [1Pred] \
for i in range (iModels + 1)1)/(iModels + 1))

allPredictions.append (prediction)

errors = [(yTest[i] - prediction([i]) for i in range(len(yTest))]
mse.append (sum([e * e for e in errors]) / len(yTest))
nModels = [1 + 1 for i1 in range(len(modellList)) ]

plot.plot (nModels, mse)

plot.axis ('tight')

plot.xlabel ('Number of Tree Models in Ensemble')
plot.ylabel ('Mean Squared Error')
plot.ylim((0.0, max(mse)))

plot.show ()

print ('Minimum MSE')

print (min (mse))

#with treeDepth = 1
#Minimum MSE
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#0.516236026081

Il
(Gl

#with treeDepth
#Minimum MSE
#0.39815421341

#with treeDepth = 12 & numTreesMax = 100
#Minimum MSE
#0.350749027669

[ 6-15 7R T & Bagging L7 kS BRI, I iREMMAR L, HET
WA (stumps, SRR 1 BYRHERS) BYGRMITTIERINS T BB T7 1R 2 77 T Y B0
A LABIEATT . S5 AR, Z0PREE NS (R B R L BeE EECA AT LR
P —J7 WL DR R L G A R E R IR, Hoh—-TTHARE (k) 2
IR RNE (RHEARA) AELLIE AR LIS

05}
04}
03}
S 02}

Hy
oK
]
"

01F

0.0

5 10 15 20 %5 30
ER TR ERNRBEE

B 6-15 SRE N 1 69R%EH, Bagging A ATUMALE O

HREEE A AR (B, AR EZ R EE, ZilEEa 2
AN, PR AR AT A e 1 1) 2 5 X TN ) T AR BE K T B A e X T ) TR A
RE BRI AR T, XA FEA KR, WERIRIGE BEE, WEEAE, H2iR
TENT & BB AR B 2R ) T, XA TR ™R 77 (B mEER ). LR pse]
RETEAREEE T8, TRIEON 1 BB a5 I s g Itk , 30 25 B 2 J@ Ik 2 1) A 52
1 DL



6.2 HEZER: Bagging 3K | 229
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6.2.2 Bagging &Eik/M g

AT WA T ST R 5 — 0l F . Bagging J7 VA IR I 02 R H N B R VR
KPR, HEFHIL Bagging /258 "2 RIAE: EEXT RIS, G401
P 5T E 2 o) R R R, S TN 25 SRS A B2 S g TN AP ¥ . Bagging SE ALY
1 33K S [ A A A I R 8 R B S EURE P AR 1 . Bagging U i AT DA LA
TOCHRIEM R T 2. R TRIERCR . Bagging 75 R AR RS R BB A R RITRE

Bagging J YA R AMEREB T EMATING, HAEEKFEY, 5 THE, maS
TUEBE ] DA 7 2R . N AR B 2B EE R (gradient boosting) il
BEHLARAR (random forests), EATR A NFE K EHITER, I HER T LT Bagging
FEWRE . MBS SRR IASE VLR, B2 A% Bagging,

6.3 #hERFiE ( Gradient Boosting )

B B 52 T 35 B i AR 0 #% Jerome Frideman 2 1, fth t 52 t A8 A5 TR P 34 O i B
ElasticNet [W81 (L2 4 M 5 &), BESRTHARE T REWIERTTIE, FEAFRE
EINgroskt, SRR AGREER, XFRIAAE, Bfngi/MeyiriReE, SR
PR A HI T R SR 188 R 4 DR BT Ik, T ILBRRAR R IR A B AT S % 3L
B, T ARBE SR TR R A AR f ] B0 7 vkl e B R U S,

6.3.1 BERAENERFEIE
ORI B 6-6 T 146 S A 22 11025 AR 0 S0 A 4] 17 P Ao AT ¥, D 1 T T 2 4
B A R,

KHG/EE 6-6 & 5 o) L 3 A #h FE 4R 71 i% -simpleGBM.py

__author = 'mike-bowles'

import numpy

import matplotlib.pyplot as plot

from sklearn import tree

from sklearn.tree import DecisionTreeRegressor
from math import floor

import random

#Build a simple data set with y = x + random
nPoints = 1000
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#x values for plotting

xPlot = [ (float (i) /float (nPoints) - 0.5) for i in range (nPoints + 1)]

#x needs to be list of lists.

x = [[s] for s in xPlot]

#y (labels) has random noise added to x-value
#set seed

numpy.random.seed (1)

y = [s + numpy.random.normal (scale=0.1) for s in xPlot]

#take fixed test set 30% of sample
nSample = int (nPoints * 0.30)
idxTest = random.sample (range (nPoints), nSample)

idxTest.sort ()

idxTrain = [idx for idx in range (nPoints) if not(idx in idxTest)]

#Define test and training attribute and label sets

xTrain = [x[r] for r in idxTrain]
xTest = [x[r] for r in idxTest]
yTrain = [y[r] for r in idxTrain]
yTest = [y[r] for r in idxTest]

#train a series of models on random subsets of the training data
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#collect the models in a list and check error of composite as list grows

#maximum number of models to generate

numTreesMax = 30

#tree depth - typically at the high end
treeDepth = 5

#initialize a list to hold models
modelList = []

predList = []

eps = 0.3
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#initialize residuals to be the labels y

residuals = list (yTrain)

for iTrees in range (numTreesMax) :

modelList.append(DecisionTreeRegressor (max depth=treeDepth))

modelList[-1].fit (xTrain, residuals)

#make prediction with latest model and add to list of predictions

latestInSamplePrediction = modellist[-1].predict (xTrain)

#use new predictions to update residuals
residuals = [residuals[i] - eps * latestInSamplePrediction[i] \

for i in range(len(residuals))]

latestOutSamplePrediction = modellist[-1].predict (xTest)
predList.append(list (latestOutSamplePrediction))

#build cumulative prediction from first "n" models
mse = []
allPredictions = []

for iModels in range (len (modellist)):

#add the first "iModels" of the predictions and multiply by eps
prediction = []
for iPred in range(len (xTest)):

prediction.append (sum([predList[i] [1Pred]

for i in range(iModels + 1)]) * eps)

allPredictions.append(prediction)

errors = [(yTest[i] - prediction([i]) for i in range(len(yTest))]
mse.append (sum([e * e for e in errors]) / len(yTest))
nModels = [i + 1 for i in range(len(modellList))]

plot.plot (nModels, mse)
plot.axis ('tight')
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plot.xlabel ('Number of Models in Ensemble')
plot.ylabel ("Mean Squared Error')
plot.ylim((0.0, max(mse)))

plot.show ()
plotList = [0, 14, 29]
lineType = [':', '=.', '=-="]

plot.figure ()
for i in range(len(plotList)):
iPlot = plotList[i]
textLegend = 'Prediction with ' + str(iPlot) + ' Trees'
plot.plot (xTest, allPredictions[iPlot], label = textLegend,
linestyle = lineType[il])
plot.plot (xTest, yTest, label='True y Value', alpha=0.25)
plot.legend (bbox to anchor=(1,0.3))
plot.axis ('tight')
plot.xlabel ('x value')
plot.ylabel ('Predictions')
plot.show ()

MERAZSHILE
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KEGEER 6-7  (EFAHEERFAETNLIE O R -wineGBM.py

__author = 'mike-bowles'

import urllib2

import numpy

from sklearn import tree

from sklearn.tree import DecisionTreeRegressor
import random

from math import sqgrt

import matplotlib.pyplot as plot

#read data into iterable
target url = "http://archive.ics.uci.edu/ml/machine-learning-"
"databases/wine-quality/winequality-red.csv")

data = urllib2.urlopen (target url)

xList = []
labels = []
names = []
firstLine = True

for line in data:

if firstLine:
names = line.strip().split(";")
firstLine = False

else:
#split on semi-colon
row = line.strip () .split(";")
#put labels in separate array
labels.append (float (row[-1]))
#remove label from row
row.pop ()
#convert row to floats
floatRow = [float (num) for num in row]

xList.append (floatRow)

nrows = len(xList)

ncols = len(xList[0])
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#take fixed test set 30% of sample

nSample = int (nrows * 0.30)

idxTest = random.sample (range (nrows), nSample)
idxTest.sort ()

idxTrain = [idx for idx in range(nrows) if not(idx in idxTest)]

#Define test and training attribute and label sets

xTrain = [xList[r] for r in idxTrain]
xTest = [xList[r] for r in idxTest]
yTrain = [labels[r] for r in idxTrain]
yTest = [labels[r] for r in idxTest]

#train a series of models on random subsets of the training data

#collect the models in a list and check error of composite as list grows

#maximum number of models to generate

numTreesMax = 30

#tree depth - typically at the high end
treeDepth = 5

#initialize a list to hold models
modelList = []

predList = []

eps = 0.1

#initialize residuals to be the labels y

residuals = list(yTrain)

for iTrees in range (numTreesMax) :

modelList.append(DecisionTreeRegressor (max depth=treeDepth))

modelList[-1].fit (xTrain, residuals)

#make prediction with latest model and add to list of predictions

latestInSamplePrediction = modellist[-1].predict (xTrain)

#use new predictions to update residuals

residuals = [residuals[i] - eps * latestInSamplePrediction[i] \
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for i in range(len(residuals)) ]

latestOutSamplePrediction = modellList[-1].predict (xTest)
predList.append(list (latestOutSamplePrediction))

#build cumulative prediction from first "n" models
mse = []
allPredictions = []

for iModels in range(len(modellList)):

#add the first "iModels" of the predictions and multiply by eps

prediction = []

for iPred in range(len(xTest)):
prediction.append(sum([predList[i] [1Pred]

for i in range(iModels + 1)]) * eps)

allPredictions.append (prediction)

errors = [(yTest[i1i] - prediction[i]) for i1 in range(len(yTest))]

mse.append(sum([e * e for e in errors]) / len(yTest))

nModels = [1 + 1 for i1 in range(len(modellList)) ]

plot.plot (nModels, mse)

plot.axis ('tight')

plot.xlabel ('Number of Trees in Ensemble')
plot.ylabel ('Mean Squared Error')
plot.ylim( (0.0, max (mse)))

plot.show ()

print ('Minimum MSE')

print (min (mse))

#printed output
#Minimum MSE
#0.405031864814

BRI SHEON 30 MR S W, eps=0.1, XADSHAEF LRI T IRERECH 0.4,
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PRI I SRR 48 R 2 T B EREA LM — A F48 , AN 2 &P @i, S5 B 6-8
J Python [1{) DecisionTreeRegression i {LIFEHLZEAK

KHEEE 6-8 FEHLIEFERE 4R bagging 7% - wineRF.py

__author = 'mike-bowles'

import urllib2

import numpy

from sklearn import tree

from sklearn.tree import DecisionTreeRegressor
import random

from math import sqrt

import matplotlib.pyplot as plot

#read data into iterable
target url = ("http://archive.ics.uci.edu/ml/machine-learning-""
"databases/wine-quality/winequality-red.csv")

data = urllib2.urlopen (target url)

xList = []
labels = []
names = []
firstLine = True

for line in data:

if firstLine:

names = line.strip().split(";")
firstLine = False
else:

#split on semi-colon

row = line.strip().split(";")

#put labels in separate array
labels.append (float (row[-1]))

#remove label from row

row.pop ()

fconvert row to floats

floatRow = [float (num) for num in row]

xList.append (floatRow)
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nrows = len(xList)

ncols = len(xList[0])

#take fixed test set 30% of sample

random.seed (1) #set seed so results are the same each run
nSample = int (nrows * 0.30)

idxTest = random.sample (range (nrows), nSample)
idxTest.sort ()

idxTrain = [idx for idx in range(nrows) if not(idx in idxTest)]

#Define test and training attribute and label sets

xTrain = [xList[r] for r in idxTrain]
xTest = [xList[r] for r in idxTest]
yTrain = [labels[r] for r in idxTrain]
yTest = [labels[r] for r in idxTest]

#train a series of models on random subsets of the training data
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#collect the models in a list and check error of composite as list grows

#maximum number of models to generate

numTreesMax = 30

#tree depth - typically at the high end
treeDepth = 12

#pick how many attributes will be used in each model.
# authors recommend 1/3 for regression problem

nAttr = 4

#initialize a list to hold models

[]

indexList = []

modelList

predList = []

nTrainRows = len(yTrain)

for iTrees in range (numTreesMax) :
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modelList.append(DecisionTreeRegressor (max depth=treeDepth))
#take random sample of attributes

idxAttr = random.sample (range (ncols), nAttr)

idxAttr.sort ()

indexList.append (idxAttr)

#take a random sample of training rows
idxRows = []
for i in range (int (0.5 * nTrainRows)) :
idxRows.append (random.choice (range (len (xTrain))))

idxRows.sort ()

#build training set
xRfTrain = []

yRfTrain = []

for i in range (len (idxRows)) :
temp = [xTrain[idxRows[i]][]j] for j in idxAttr]
xRfTrain.append (temp)

yRfTrain.append (yTrain[idxRows[i]])

modelList[-1] .fit (xRfTrain, yRfTrain)

#restrict xTest to attributes selected for training
xRfTest = []
for xx in xTest:

temp = [xx[1] for i in idxAttr]

xRfTest.append (temp)

latestOutSamplePrediction = modelList[-1].predict (xRfTest)
predList.append(list (latestOutSamplePrediction))

#build cumulative prediction from first "n" models
mse = []
allPredictions = []

for iModels in range(len (modellList)) :
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#add the first "iModels" of the predictions and multiply by eps

prediction = []
for iPred in range (len (xTest)) :
prediction.append (sum([predList[i] [1Pred]
for 1 in range(iModels + 1)]) / (iModels + 1))

allPredictions.append (prediction)

errors = [(yTest[i1] - prediction([i]) for i in range(len(yTest))]
mse.append (sum([e * e for e in errors]) / len(yTest))
nModels = [1 + 1 for i1 in range(len(modelList)) ]

plot.plot (nModels, mse)

plot.axis ('tight')

plot.xlabel ('Number of Trees in Ensemble')
plot.ylabel ('Mean Squared Error')
plot.ylim( (0.0, max(mse)))

plot.show ()

print ('Minimum MSE')

print (min (mse))

#printed output

#Depth 1
#Minimum MSE
#0.52666715461

#Depth 5
#Minimum MSE
#0.426116327584

#Depth 12
#Minimum MSE
#0.38508387863
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B (A02R 2 numpy RYBCAE S, BURATAIS) o SRIG IR SRS, Oub il i 2B 1T
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RS B 6-8 i SE IS BEMLARMR SR A X, AUAS i B 6-8 BUB TR — AN FEPL T
8, RIEET I THEIIGRER . Breiman 1 J5 46 AR PR S A4 R AR B &
PERENL TSI SR, 2 7 5B Breiman B AGRAS, 75 B2 A R A URIA B AR
XA H 4 T AR R AR Qe il A AL, iy ELA AR X R SR ) A1
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6.4.2 FEVIZRWAEYERE

K] 6-25 ~ [ 6-27 g3 N JE ME I BEHLUERR 5, X907 1R 25 5 v SR8 H 9 56 & i &
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TR R RN TIn R B S SR B IE, X R R KA RA LAY, (H2XL
%7 T HEYLARARS Bagging AR EARTHAN R RPERRRFIE . A DHas R I YL AR S
RFT MBS 8], WSCRIZE R, S EEIRTHEAM L, FEYLARME 5 T IH171E,
P R B dR e > EA  DARR O Gk SRTMTABESRTHAANT . PN > ST T Al
— N EEE BRI R

XL R ULIRR TSR THEASN, I8 7] PAZ IR BENLARAR DASR IR R (L RE

INGS

ARENG T ERBOTIRNT AR, EROTER R FIRAN . ERTHEINGRE LT
APERE ) SRZERNE, LRAERE R R ] Sk, (X RS 85 IE-T A
THAL, ARRFX LRy o) S Al Al SRt vl AU AL JE Y IR ZE T 22 . Bagging J7i8% Il 2k
RHAmHEIEAT B 25404 (bootstrap sample, FE— AR P TA R R B HEE) , SRS
Bk sete I Stk ) g o BBEIRTH T A E B — R I A BRI TR, AR TIX—
FEARIGREE A > 3 BB AR THEA NG E A2 2 201 H An R BT A S22 ) dey RARR
7z, FENLARMOR S Bagging fENREFIR, FHESURA —Jeo i a4 FEbLAR
MBS F 2 T H R, A R R R B T TR SR R — N RELBUE, A2 %
JEFTA RN, Python FYEEETRTT T AL AL VF R BEHLARMA B AR THAR B2 > 88 . 55 7
HERHAN X — R,

AREER T HEBOTIEGAD LR R RIS AR S de ) 2887, HAYR
iR PR AN SR TARDLE . XAk 7 206 B T 5 4 % Python X I 5894 (1) i
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B P T YRR SR R TR A 1R AL, S5O T DA SR BT ¥ -5 AR S P el VA 2 7 A Y B
B K. Python THAM G MM, Frabh Bl pEmtt. IZkpr TR a) 4545, ARy
R A P EIR X HE A

7.1 A Python &R 77 T E GfF R [0 )3 8] 7%

T TE AT G AR AR A T A R VAR LAY Python T HLEL, CRFSEERIV SR 6 BERYAIA,
AREEMHER 6 BT IERMOEE 2 IR, J555 5 AT Ik 775 A
IS, B AR R ARG AR, AT DA BRI T Z 4R LU, Bt RE . ISR IA]
oy VeSS . ARFIERFAT 41X L8 Python T R, 5 6 FAYHIRFA B T H A 124
Python T BALANILET, DA AR 5870 F) X 26T AR RF I o AS 15 R o AN [F] R 2R IR R
M ENE RS 45

7.1.1 FIEREVI IR MR B SR ZLE O B

I 2T 1 RS AR T DA Z1 A Ak 2 4 St T £ 11 Rk 4 A AR TR
) & — AN B A, B A T (e 2 SE 5 JE . Python scikit-learn 3% 63 88 i 7 45
Perp B BEVLARARFIRS BESE T, XA ER AT DA SR A e[l U 1) 8, B e R wl a1k
RandomForestRegressor 22 i T FE IS4, SR )51 F RandomForestRegressor 23 Il 45—
ABEAUARAMBERL, RE TR T 20N ER 4R, M AY ) HERE .
#J# RandomForestRegressor X%

sklearn.ensemble.RandomForestRegressor [t 244 18 BRELUN T .

sklearn.ensemble.RandomForestRegressor (n_estimators=10, criterion='mse',

max depth=None, min samples split=2, min samples leaf=1, max features= 'auto',
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max leaf nodes=None, bootstrap=True, oob score=False, n jobs=1, random

state=None, verbose=0, min density=None, compute importances=None)

TR K B sklearn By 30, HHEER T R AT RETREB U S, X TX LS,
AT AT HABE R R A, HABS BN N4 W] 2% sklearn B 7 301,

€ n_estimators

A, Wik (BEER 10),

SR E LI E TR E o B A ES] AT/, RS
HERVERE, BITREZ T 10 DR, A DAE B0 24 E S R B H . 1B
EBIRATRTR, AENERIE I (PR IR B SRR RH ) BT 1A R A2 %
JERAT AR EAR AL, U222 100 ~ 500,

€ max_depth

A none, AJ ik (H44(HH None),

WRIEADSHAE N None, PR TS FF S84, BB M1 5o 25 808 ir & 4
#a 5L B1/NT min_samples_split, BT 45 E RSB AYREE, 7T AM 2%k max_leaf nodes >k
T E PR B I 71 K, 2R $EE T max_leaf nodes, max_depth Z¥Ug & 9 20k,
A E max_depth, 1EPRSEM B A, TEMR— MR LSRR AT B8 W DASRIS-ERE B R AF
Wb, MRS Z AR AN LR VIR ], TERERL RN ZRad Re b, W RERR R RIR B
A TR SREARS

€ min_sample split

B, Wik (BEER 2).

205 B B SE /0T min_sample_split B, BT RN E], XS RSB
A R T R A R A RSk

€ min samples leaf

A, Wik (BEER 1),

WSR2 BT BOT S YR L 60 T min_sample_leaf, ZEIHIASHAT, XS
B BE AL br B S BUSE AN, BEXRAATHY, R SR AT L LikiE
frifo FTPAR A FOTE R EAN SRR B E, — DR R SEE ROy Ty
RS LR FIE, AEIMRMT RS A2 T | AREBIESES], win] ARG SEARAY Y
Ti#. F3— MR R IS ECR S PRI B R T

€ max features

B A AECEATERA, ATE (B (ER None),

YA EAES B RN, FEFEZDAEMERH max_features ZHA M H—ILH L
DA EHEIL R P E R, BRI ) BB £E T AL nFeatures DMEME, N



7.1 F Python &£ 72 T EBMEE (5] | 253

o IR max features J& B A, NI 7E 4 VK 4 E B % & max_features M@, 1
5 max_features > nFeatures, Nl H 451%,

o {12k max_features @iF M AL, max features TR % B EME S AT EENE
e, B int( max_features*nFeatures),

o THIEEEMTFAFHRMEMT
auto max features=nFeatures

sgrt max_features:sqrt (nFeatures)

log2 max features=log2 (nFeatures)

e 1M max features=None, Jl] max_features=nFeatures
Brieman H1 Cutler X 8] 5 (7] U F sqrt(nFeatues) > J@ P, A2 8 5 X max_
features N2 RHUR, HEXNSHERA —LPN, BT AR S22l —L8
NGRS
€ random_state
# 7, RandomState © SZ{5], (¥ None ( 45185 None),
o WURFSAVEREAL, N HEBAE A FELEA: s A+,
o IRJ2 RandomState [)— 5L, Iy S R A hy BEATLARC A Ji%
o )& None, MIFEHLEE i #%/& numpy.random F /) RandomState ft—4~55
RandomForestRegressor &4 JLAN @M, AUFE AR AU AR AT, RandomForest
Regressor 2844 HI I 2R 1 1 D SR AR AT 0000 A9 07 ¥, DR GO 3 R R B B 7 )X 20 g
P, (H2RBETR 207 M8 & importances, N T2 X LS B A 4
@ feature importances
X — M, B ESE T RSN EEE (B2 nFeatures), 4 iyfE2
TEYIF R, FRIRE R 1 S PR o100 25 R ) DT B . R PR Y BB B Brieman 7
VIR REPLAR MO SCR TR — Dok g . EARER, SR —1NEE, &
JE Xt B R E P T L E A, OSSN ME R P 0 A8 Ak, T A HE TR MR R, R
B E 2,
TR R I AR
& fit(XTrain, yTrain, sample weight=None)
XTrain 2 fEVEEREEH (VIZEHE) , B ninstances 1741 nFeatures %], yTrain ZH R (F5
%) A, y A4 ninstances 17, TEATERIG) T H 0] AF ] yTrain 145 —%1, H
TR DA T BARE AR AL, [(Hitt y AT DA nTargets 31, &5 %f B —A4~45
R (HIR, 5% ) 6. Sample weight J X ZREi a4 b 1) 454> S 61l 43 B AS [F] AL

¢ RandomState : Python numpy [ Mersenne Twister £ [fE#1450A BL#E
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BAWMIEN . 4 (E2 None, EUWREFITA il A SLH B AR AE; Qx4
B EEAS[F AL EE, sample weight B2 — P44, EA ninstances {71 1 51,

@ predict(XTest)

XTest 2@ EEREAH (MRAEE), B TX L@ EH i, HEEH 2 predict() 77
EWEI, R PE S A it P ECH P B E], B ATRER A AR ATEL,
AIRE A —17,. Predict() By 205 A TN B AnEd y M A,

A RandomForestRegressor i £T i [ 2% o] #7 3 1&

RAGIE B 7-1 J@7R T anaf Fi sklearn [ Bl A1 2R MR G335 A%) 78 48 o Ty 5 A 284 0F 900 21779
FE,
RGBS UCT Hi O it B LD SR 4 s SET b kIR B . s, B4
NG s 5 F AR numpy 30 E K, 1LE 2 RandomForestRegressor R[], f
X Ly AT G 4R numpy B Y B — BN EF AL A2 BT PAGE A sklearn [ train_test
split F 2N ZRAN 5 . AL KF random _state % B R — NRFIR IO BERLME, T A2 1k L
BAERSSH CEEFE - DR ERRNME. XHEEEETREE, " ARSFRER SR,
1% & random_state A [& E IME, FEIF &P B AL pg R B SR 4L TE R, B FEALE S
55 PT O o AE . PR ELSE AR BN 2R B By, WIRF random_state 1% A 644 {6 None, [ &
random_state {E L [E & 7ML, XFEE R S B0 B 2 i 402 X AR 4 1 i
4,

RIGH T2 LEM T E AR CORRIMESRMECE ), = rEReih 4,
J R B USRI B E B AR, MERE R AR LY. A Tk AR Hh £ R 2
Kitfy, TEMIDIERA 7-1 R 23k 4F 45 MR RIS R IZ T, EEUX A% HisfT 2
AEXM, WAERIPRREE SiREBEMN X RMZL, ER2LEMGTCEH TR
MESE, SIATRERXALET ., EFRAREHE, nTRAZR 2, 3 MRRBHE
PERRARL, SRS 8 — A OB P SRR ASE 72 DA S5 19 268 K 22 5B ] LA W] AR A A
BTSSR,

4R Z 0| FRad 21 2 R E RandomForestRegressor [ 141 bR £k ik B, XAl
TR R AR o R A, E—— AN B () S 8082 max_features, S
BEEE (None) 2 SEUE ISR )BT MERE R BB, XERE LR B3k
PRS2 Bagging FiE, [HAiX BEA MEHLER @R,

Wl 4H 1k RandomForestRegressor X[ 4 J5, T— 2 WA fit) 7%, INAEIREERN
HMASH . a2 RA predict() FEHFATHM, Him A RN EdEEr @, JHrmm
185 MR BRI R . S sklearn.metrics /1) mean_squared_error pR 453K 1154
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WM T iR, HAFHRIFE—FIERS, SR IE 7-1 PR,
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H
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& 7-1

g — NI REEIT IR EE R 7-1 e, &ia—M0rREERRENST
REMMRRGATH R, HAREKR/IME. BV AP AL B, ZRaBeiln
FIIE, POVRBCFIE, HEIEZ AN A S FEL UG, LR 7-1 2 Er &)
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SR TTERRRRBEE

H BB AR LLE O BTN . B HIRESEMFERENXR

RGO ERBEhE R, AN EE R R/IME.

K A%E 8 7-1 A RandomForestRegressor #73 [@J3#%% - wineRF.py

import urllib2

import numpy
from sklearn.
from sklearn
from sklearn.

import pylab

cross_validation import train test split
import ensemble
metrics import mean squared error

as plot

# Read wine quality data from UCI website

target url =

("http://archive.ics.uci.edu/ml/machine-learning-"

databases/wine-quality/winequality-red.csv")

data = urllib2.urlopen(target url)
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xList = []

labels = []

names = []
firstLine = True
for line in data:

if firstLine:

names = line.strip().split(";")
firstLine = False
else:

#split on semi-colon

row = line.strip () .split(";")

#put labels in separate array
labels.append (float (row[-11]))

#remove label from row

row.pop ()

fconvert row to floats

floatRow = [float (num) for num in row]

xList.append (floatRow)

nrows = len (xList)

ncols = len(xList[0])

X = numpy.array (xList)
y = numpy.array (labels)

wineNames = numpy.array (names)

#take fixed holdout set 30% of data rows
xTrain, xTest, yTrain, yTest = train test split(X, y, test size=0.30,
random state=531)

#train Random Forest at a range of ensemble sizes in order to
#see how the mse changes
mseOos = []
nTreelist = range (50, 500, 10)
for iTrees in nTreelist:
depth = None
maxFeat = 4 #try tweaking
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wineRFModel = ensemble.RandomForestRegressor (n estimators=iTrees,
max depth=depth, max features=maxFeat,

oob score=False, random state=531)

wineRFModel.fit (xTrain, yTrain)

#Accumulate mse on test set
prediction = wineRFModel.predict (xTest)

mseOos.append (mean squared error (yTest, prediction))

print ("MSE" )

print (mseOos[-1])

#plot training and test errors vs number of trees in ensemble
plot.plot (nTreelList, mseOos)

plot.xlabel ('Number of Trees in Ensemble')

plot.ylabel ('"Mean Squared Error')

#plot.ylim([0.0, 1.1*max (mseOob)])

plot.show ()

# Plot feature importance

featureImportance = wineRFModel.feature importances

#scale by max importance

featureImportance = featureImportance / featurelImportance.max ()
sorted idx = numpy.argsort (featureImportance)

barPos = numpy.arange (sorted idx.shape[0]) + .5

plot.barh (barPos, featureImportance[sorted idx], align='center')
plot.yticks (barPos, wineNames[sorted idx])

plot.xlabel ('Variable Importance')

plot.show ()

#printed output
#MSE
#0.314125711509
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AL REHL AR PR B IR B Y 1 e
B 7-1 gl 2R 1 RENLARMR BRI D T 22 AR . BEAE PSR B E A, S
WRIEEAE T, MRS s B,

Bl o7t ok eg B, TOAE M ERD AL TP 6 — kA M, KGR A
WA TR, Mok M HKE, FARATTAR—H M Vg £, Wik E
nTreeList=range(100,1000,100), & %k FAHEE, AALES R FAIRE R GHB, LBk
VeI KMEA 1,600 N5 (47), &%N%Fﬁm&nﬁﬁ;@A&%%QHW%P%gﬁfg
Lok FATRIE S 6 B, SLAH 256 ArtFHb, ZHEBANTFIEFYH 6 NEH), BN
S B R e FART IR, WL AR e R

BEATLARAR AT DA T AN 8 P I e 2R A Tk (EE ) . ARSI B 7-1 4 B
A 7 feature_importance (775K T J@ XS TN 25 R iy oi k) , XH @ E Z k0 —4k o 0 ~ 1
PIEE, BREZEEXEEHITHY, RERRSRE, WE 7-2 iR, REZNE
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MR D T ZZ2 TR . RN BE BERRTIHARE ] stk SRR E N B 2] 2, BRI T
AR S, BEEEARTHA M B TR I ], BHIEFREL KR ZENS4, mH
PR FE SR T R AR e i/ M 7 v, Xt S BO0 DR SRR 2 119 15 B B A AN [R] 1 S AN
VPR, BT DA — S BENLARAMAIRS BESR T IR AR AL, 7E B2 B SR T, X
> A BE ML AR AR IR VR REA L7 VA . H AT UA AE sklearn SR 07 JARE B o] DA 511X
MR .
{# F GradientBoostingRegressor a3 &% #1

N /2 sklearn.ensemble.GradientBoostingRegressor 2114 1 pR %X,

class sklearn.ensemble.GradientBoostingRegressor (loss='1ls', learning

rate=0.1, n estimators=100, subsample=1.0, min samples split=2, min

samples leaf=1, max depth=3, init=None, random state=None, max features=

None, alpha=0.9, verbose=0, max leaf nodes=None, warm start=False)

THA T HFEATNSEM L, AR S BN R5E SHRUE

@ Loss

TAREE, AEE (BVETEN 17 ),

Tof FEE ST I DR SRS SR A T R AR A1 2R SR BSUI BB BE o i s {6 P A R A 2 T gt 2 iR 22
JrHYFA (sum squared error), XN IE R 1 /D IR MIE AR RS, BoIMRZEF T
F1 (Least sum squared error) J&—PMEHHEAYE, H Fi%ZEFF (squared error) FE%L
2 PAC PR . (ER XS B SE PRy R R,  HAR R 2k sR BT REBE A, A0, EETE
WHoT B 322 5 MY, FR R NS S B A R E iR, HRSER
B/NRHR, (EREU/NMYIR RPER W ST, R RZELRHMERF (Sum of
absolute value of error) W] DAEUIR ST HERE, XI B )58 5 ) R0 B VLHL . fe/N 12 4 %k
{E (Least mean absolute value) I #Xf 57 s ANBURR, BB EESRTIHZ R D EBULAFT AR
TR IR sR A B

A LABUE) A ER (AT

o Is: FH/PNYJTiRZE (Least mean squared error)

o lad . H/NEH4NTEZ (Least mean absolute value of error)

o huber : HADURIRZERMARZEMIES . MIREFEB/N, BURENTFT, 4

RZEEFUEBORES, BURZERARHE.

e quantile ; M7 ELEIH, FN A% (H alpha Z2HEE) .

e Learning rate,

PR FTEE (BVETESN 0.1),

IENATTEER BN A, B TIAR TR T YA, Learning rate i B 6 5 5 ] 1Y 25
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K, ARPKRK, 2FEIRZAETNE, REEE BT CRER T E D REREH
MIRREL) o AP KRN, MRZE TS T 2218, TEIIGE L KR, Learning
rate Y f (AR AR T R ARy, AROBET B e B n o SRR IR B, R4S (H 0.1 2 AHXT L
BRNE, B2 — MR IR A, BRI XME, WEREGFE T AMaESE UG,
RIG LTI,

€ N _estimators

A, W (HAE1EH 100),

WS EHER & B PR EE . 058 6 FRTiA, WA AE BB IES MR T
7w, RBNRZE R IME TR AR, AT AR VR & =& i 20 0 (BRI R iy
WEH ) . B RE— N EZ0E T (B— N R 2R i ) #-5 learning rate( 27 >] 28 ) HH3f,
SEOJTREEROR, B )R 2 e MEBUS R FE RS BT (R SRl b, ST (IEAnTE2E )
FE/NT RIS IAREE) , I BERESSSFEEUEG, TR, AAEREERIL
WA BEI S S B A BUEIE . B4 (E 100 7] DAMER—MRIGRE S (BBl S5%>
HER A E RGN,

¢ Subsample

FERAL, AT (BHEER 1.0),

NSRS BEALRRAARL, BRI XS SRS HEAT ISR, AR BERR TR AL T BB RS
FEHRTFE ., Friedman (B3E&ZBIAN) 21X subsample H 0.5, iX2&—MRIEFAIH S,

€ Max_depth

A, WE (BETEH 3).

WG FEPLARAR, max_depth 28U VA T AR B BRE . WHR 5 6 R 611,
BEATLAR AR TT S PSR IR B — s TR A BE 7 A ks i BE AR AL, SR T AR 4 Tl i Hp 2 %
HRZE, R R 1 AP RR (WAERSE stumps) BRI DATRAS ERE 0 32 . B 4R THIE
XTSRRI 75 K2 B Z A AR e ), SR @ A B ST, R EE R 1
PSR T ARG 5 IR BE R 2 RS AH R R PERE . 88, AIelF o s IR B 1,
RIG TR AL S 4L, TR IR R . 2, BREG AW kMR LiEr. £&
AR BE B 1 T B SRRTR B 10 /) 7],

€ Max_features

A AL FAFER, B3 None, AIEE (SE{E4 None) ,

YA B A, TEE BN E R L E 2 max_features {EFH W) EEHE & 1
FLEEE FE R E R . B MRS HCH nFeatures, HFA

& R max_features Z2EEEL, NIAER IR 4> E| B & max_features {Ng@ M,
& 15 max_features J& ¥ 4L, N max_features J& 75 B RN JE 1 5 A 1K JE 1
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HIE 4 b« int(max_features*nFeatures),
& TRERTAT R AR
auto max features=nFeatures
sqrt max features=sqrt (nFeatures)
log2 max_features=log2 (nFeatures)
& 1 max_features /2 None, 4 max_features 25 nFeatures,

TEREEEHR T Python SEPIHY, max_features FEEAYVE I 5 HENLARAR P 01E IAH IR . Bk
SE T AEDFA AT R T o BN FREE B L DA B, X AR R THA /Y Python 52
WEA—DMFFRIRE ST . BT LA BEHLARARAE Sy B2 3] 8ok U JROR T7 255 JE R 1
2 8] ) R

€ Warm_start

/R, WIE (SRS False),

AR warm_start %4 True, fit() BRECR A R IIZRT IR HD T FH46 .

TN B B R IA

@ Feature importances

— NI, HARESTHREE T EIERLSE . BHTRERIER R, R TN
JEM M 25 R A, BEBOR, RUILE T E

@ Train_score

— N, HRESTEBINE TR E . BB BRI B B SRR R
PRI IR ZE

TN B IR IR

@ Fit(XTrain, yTrain, monitor=None)

XTrain 1 yTrain B X S BEVLARM H H—4FE, XTrain 2—4> (nInstances*nAttributes)
numpy %{4H, X H ninstances &)l 5B ERIFTEL, nAttributes J2 )@ % H . yTrain &
— MR EESE H A5#Y  (nInstances *1) numpy %2, Xf 42 monitor 2 [3] 1 s %, H
ded B 2,

@ Predict(X)

Predict(x) fi—4H @M X AT, X @58 (81 5IIgE0E %R R —,
X Wl A EREAT R R .

@ Staged predict(x)

PR EAT RS predict() BT ML, B T ERATIEAH), MR- EA L
—RIVERL, RS AL A — R TIME . A5 U E S AR R R ETE T AR
) — R IR I — DRSS, R JE 7 A — DB,
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o FEARTHE ) SR BRI W3 R U T BB 284 NI R, W6 FEAR THE S s AN IR
BRI,

(1) F&T & subsample 2y 0.5 AY1E OL, HAbTE DLER ASRE BT 2l ZR . BRI 25
UG, WEEARAENHX S (out-of-sample, oos) AT I E-5 BB £ H Y K &R
il £ S HAR K,

(2) GuA AR P RETE B B MR P2 =, I3 n_estimators 57 learning_rate,,

(3) AH SR ESHE 1) 1 BB AE 1 1 I EGEE AL, D38/ learning_rate,

(4) — BIAEAEAERE th ARG Sl (B3 RAMUF N HF HAEERIW S
MEEAR S, W20 4% max_depth il max features,

A GradientBoostingRegressor SZI [A] 344 &Y
FRBDIE BA 7-2 /R T ADAT £ Xk 20 P i e ST B P AR T

REGFR7-2 ABERFAZEIFEE -wineGBM.py

import urllib2

import numpy

from sklearn.cross validation import train test split
from sklearn import ensemble

from sklearn.metrics import mean squared error

import pylab as plot

# Read wine quality data from UCI website
target url = ("http://archive.ics.uci.edu/ml/machine-learning-databases"
"/wine-quality/winequality-red.csv")

data = urllib2.urlopen (target url)

xList = []
labels = []
names = []
firstLine = True
for line in data:
if firstLine:
names = line.strip().split(";")
firstLine = False
else:
#split on semi-colon

row = line.strip () .split(";")
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#put labels in separate array
labels.append (float (row[-1]))

#remove label from row

row.pop ()

#convert row to floats

floatRow = [float (num) for num in row]

xList.append (floatRow)

nrows = len (xList)

ncols = len(xList[0])

X = numpy.array (xList)
y = numpy.array (labels)

wineNames = numpy.array (names)

#take fixed holdout set 30% of data rows
xTrain, xTest, yTrain, yTest = train test split (X, y, test size=0.30,

random_ state=531)

# Train Gradient Boosting model to minimize mean squared error

nEst = 2000

depth = 7

learnRate = 0.01

subSamp = 0.5

wineGBMModel = ensemble.GradientBoostingRegressor (n estimators=nEst,
max depth=depth,
learning rate=learnRate,
subsample = subSamp,

loss="1ls")

wineGBMModel .fit (xTrain, yTrain)

# compute mse on test set

msError = []

predictions = wineGBMModel.staged predict (xTest)
for p in predictions:

msError.append (mean squared error (yTest, p))

print ("MSE" )
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print (min (msError))

print (msError.index (min (msError)))

#plot training and test errors vs number of trees in ensemble

plot.figure ()

plot.plot(range(l, nEst + 1), wineGBMModel.train score ,
label="'Training Set MSE')

plot.plot (range(l, nEst + 1), msError, label='Test Set MSE')

plot.legend(loc="upper right')

plot.xlabel ('Number of Trees in Ensemble')

plot.ylabel ('Mean Squared Error')

plot.show ()

# Plot feature importance

featureImportance = wineGBMModel.feature importances

# normalize by max importance

featureImportance = featureImportance / featureImportance.max ()
idxSorted = numpy.argsort (featurelImportance)

barPos = numpy.arange (idxSorted.shape[0]) + .5

plot.barh (barPos, featurelImportance[idxSorted], align='center')
plot.yticks (barPos, wineNames[idxSorted])

plot.xlabel ('Variable Importance')

plot.subplots adjust(left=0.2, right=0.9, top=0.9, bottom=0.1)
plot.show ()

# Printed Output:

# for:
#nEst = 2000
#depth = 7

#learnRate = 0.01
#subSamp = 0.5

#

# MSE

# 0.313361215728
# 840

RSB S — BB 75 FEHLARAR B A B R — A SR 4R, KPR I 5 B (F848) 208,
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4k numpy 04, SRS TR RGN ZRAnINREE 5 . R REARTH AU 257 21 B fRf B L, BEAL
AR RS H] — D EPR K A2 AN [A] n_estimator {5 (RIRFEISRSER AL H ) BOREAL, WLZ
AR R ZE 5O R ECE X R, BEEETRTHEARY Python SCLA — Nk Ags (X T [m11H )
W2 staged predict PREL, XT3 25 0] 5012 staged decision function pR%Y) faifk T X 4E 2,
i X LR K, AT LAY — & n_estimator S ER A AL, I BT DA A T A AN 6]
FBL (Rt n_estimator) "NARIASGT B A IIAEAEEREfh 2 (EDAIH_FadR g~k At
FRERECAT AAR AN 1 3] n_estimator AN [F PSR4 H T RYFINE)

AL E R AR R e

Bl 7-3 FUACAD T R 7-2 04T B S 45 R R B SR A BUS T 5 LR AR [R] 21 1Y
PERE, BRI, A LEFEAT XN ERIELE, WA AR I BRI
U, FrAREMA IR E A e e . MBI R 2T B B A A i 3g i, an
Bl 7-3 R, HANBYIE B R4 AR B, — BT, XA AR A 2 PAZK />
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7.2 F Bagging ST iMI£Tif O &

B E B 7-3 JB7R T X L0 B AT H 28 BURE (bootstrap sample) , T HUREFE A
UIgRpR SR, FFoRSEmm it (4528) BOPSEE VR RZ MRS (55R), XAm4E
Bagging, X2 —MAURERIIR/D T ZZ M ROR . I HL L Bagging,  FEALERARAIB TR T =
HtERE R A BN,

KAGER 7-3 X4 O R E)7 A Bagging #Z2 EJFE2Y ( B35 ) -wineBagging.py

__author = 'mike-bowles'

import urllib2

import numpy

import matplotlib.pyplot as plot

from sklearn import tree

from sklearn.tree import DecisionTreeRegressor
from math import floor

import random

# Read wine quality data from UCI website
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target url = ("http://archive.ics.uci.edu/ml/machine-learning-databases"

"/wine-quality/winequality-red.csv")

data = urllib2.urlopen (target url)

xList = []

labels = []

names = []
firstLine = True
for line in data:

if firstLine:

names = line.strip() .split(";")
firstLine = False
else:

#split on semi-colon

row = line.strip().split(";")
#put labels in separate array
labels.append (float (row[-1]))
#remove label from row
row.pop ()

#convert row to floats

floatRow = [float (num) for num in row]

xList.append (floatRow)

nrows = len (xList)

ncols = len(xList[0])

#take fixed test set 30% of sample

nSample = int (nrows * 0.30)

idxTest = random.sample (range (nrows), nSample)

idxTest.sort ()

idxTrain = [idx for idx in range(nrows) 1if not(idx in idxTest)]

#Define test and training attribute and label sets

xTrain = [xList[r] for r in idxTrain]

xTest = [xList[r] for r in idxTest]

yTrain = [labels[r] for r in idxTrain]
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yTest = [labels[r] for r in idxTest]

#train a series of models on random subsets of the training data

#collect the models in a list and check error of composite as list grows

#maximum number of models to generate

numTreesMax = 100

#tree depth - typically at the high end
treeDepth = 5

#initialize a list to hold models
modelList = []

predList = []

#number of samples to draw for stochastic bagging
bagFract = 0.5

nBagSamples = int (len(xTrain) * bagFract)

for iTrees in range (numTreesMax) :
idxBag = []
for i in range (nBagSamples) :
idxBag.append (random.choice (range (len(xTrain))))
xTrainBag = [xTrain[i] for i1 in idxBag]

yTrainBag = [yTrain[i] for i in idxBag]

modelList.append(DecisionTreeRegressor (max depth=treeDepth))

modelList[-1] .fit (xTrainBag, yTrainBag)

#make prediction with latest model and add to list of predictions
latestPrediction = modellist[-1].predict (xTest)
predList.append(list (latestPrediction))

#build cumulative prediction from first "n" models
mse = []

allPredictions = []
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for iModels in range (len(modellList)) :

#average first "iModels" of the predictions

prediction = []

for iPred in range(len (xTest)) :
prediction.append(sum([predList[i] [1Pred] for i in

range (iModels + 1)])/ (iModels + 1))

allPredictions.append (prediction)

errors = [(yTest[i] - prediction([i]) for i in range(len(yTest))]
mse.append (sum([e * e for e in errors]) / len(yTest))
nModels = [1i + 1 for i1 in range(len(modellList))]

plot.plot (nModels, mse)

plot.axis ('tight')

plot.xlabel ('Number of Models in Ensemble')
plot.ylabel ('Mean Squared Error')
plot.ylim((0.0, max (mse)))

plot.show ()

print ('Minimum MSE')

print (min (mse))

#With treeDepth = 5
# bagFract = 0.5
#Minimum MSE
#0.429310223079

#With treeDepth = 8
# bagFract = 0.5
#Minimum MSE
#0.395838627928

#With treeDepth = 10
# bagFract = 1.0
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#Minimum MSE
#0.313120547589

RASE R 7-3 PEE 3 DS, 58— /2 numTreesMax, S50 e 1) @ 1) ok
FWELH s 55 A treeDepth ; 55 =& bagFract, A% 6 FFTiiE1), Bagging A
B BE T B 2RO, X RO O, R A SR R . S 4L bagFract Bt
ERZDFEA, $2 A E BB S B 2 FE AR S VIR R R R — B, XERE
bagFract=1.0, ftf%iE ¥ 7-3 724 numTreesMax MER, 45— AN 5245 — AUt
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ATl U TR]

RIGFEL7-4 FEHLIRTT AT 6 & F i -abaloneRF.py

__author = 'mike bowles'

import urllib2

from pylab import *

import matplotlib.pyplot as plot

import numpy

from sklearn.cross validation import train test split
from sklearn import ensemble

from sklearn.metrics import mean squared error

target url = ("http://archive.ics.uci.edu/ml/machine-learning-"
"databases/abalone/abalone.data")
#read abalone data

data = urllib2.urlopen (target url)

xList = []
labels = []
for line in data:
#split on semi-colon

row = line.strip() .split(",")

#put labels in separate array and remove label from row

labels.append (float (row.pop () ))

#form list of list of attributes (all strings)

xList.append (row)

#code three-valued sex attribute as numeric
xCoded = []
for row in xList:
#first code the three-valued sex variable
codedSex = [0.0, 0.0]
if row[0] == '"M': codedSex[0] = 1.0
if row[0] == 'F': codedSex[1]

I
-
o
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numRow = [float(row[i]) for 1 in range(l,len (row)) ]
rowCoded = list (codedSex) + numRow
xCoded. append (rowCoded)

#list of names for

abaloneNames = numpy.array(['Sexl', 'Sex2', 'Length', 'Diameter',
'Height', 'Whole weight', 'Shucked weight', 'Viscera weight',
'Shell weight', 'Rings'])

#number of rows and columns in X matrix
nrows = len (xCoded)
ncols = len (xCoded[1])

#form x and y into numpy arrays and make up column names

X = numpy.array (xCoded)

vy numpy.array (labels)
#break into training and test sets.
xTrain, xTest, yTrain, yTest = train test split (X, y, test size=0.30,

random state=531)

#train Random Forest at a range of ensemble sizes in
#order to see how the mse changes
mseOos = []
nTreelList = range (50, 500, 10)
for iTrees in nTreelist:
depth = None
maxFeat = 4 #try tweaking
abaloneRFModel = ensemble.RandomForestRegressor (n_estimators=iTrees,
max depth=depth, max features=maxFeat,

oob score=False, random state=531)
abaloneRFModel.fit (xTrain, yTrain)
#Accumulate mse on test set

prediction = abaloneRFModel.predict (xTest)

mseOos.append (mean squared error (yTest, prediction))
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print ("MSE" )

print (mseOos[-11])

#plot training and test errors vs number of trees in ensemble
plot.plot (nTreelList, mseOos)

plot.xlabel ('Number of Trees in Ensemble')

plot.ylabel ('Mean Squared Error')

#plot.ylim([0.0, 1.1*max (mseOob)])

plot.show ()

# Plot feature importance

featureImportance = abaloneRFModel.feature importances

# normalize by max importance

featureImportance = featureImportance / featureImportance.max ()
sortedIdx = numpy.argsort (featureImportance)

barPos = numpy.arange (sortedIdx.shape[0]) + .5

plot.barh (barPos, featurelmportance[sortedIdx], align='center')
plot.yticks (barPos, abaloneNames|[sortedIdx])

plot.xlabel ('Variable Importance')

plot.subplots adjust(left=0.2, right=0.9, top=0.9, bottom=0.1)
plot.show ()

# Printed Output:
# MSE
# 4.30971555911

B R— BB AR, BOE AV = AT REAV A . REPE. BN
R (—A s R PERIFEL BB AT ER) . HILtER B — D= EHREE,
EHRSE S, HREMER 3 MFARE . M, FALL, RIBEE LT — MR, hER
BN 2ANFE R 0, IR B R M, NSRS — e R I EA N 1.0, MR EEEZ F,
MBS A TTRAEA S 1.0, B, BHIRE 2 HFE (B IEER 1h), &
Ja FRXASE P TR SN FR U FOR B AP A8 &, S5 R T B R L AR MR,

7.3.2 WHEMEMRTERBHEEN

Bl 7-7 &R T W& BEALARPRER BT V5 T SRR B H AR Ak, 305 1R 25 2 Al e 1
B iR ER/ME N 431, IEWNGE 2 X THA KIS E Bk, smaR (Mg
FRAFER) AR (standard deviation) Ay 3.22, W72 4 1037, FEt, &%F i EdE
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7.3.3 HEHHERITEIFTERSIAEE SRR
B SR TIHANS P 51 AL B A AL P S BEALARAR —FE . AU IEER 7-5 (8 T IRt BESR T A
EELDIMER

KEGER 7-5 FAHERA LTINS FE -abaloneGBM.py

__author = 'mike bowles'

import urllib2

from pylab import *

import matplotlib.pyplot as plot

import numpy

from sklearn.cross validation import train test split
from sklearn import ensemble

from sklearn.metrics import mean squared error

target url = ("http://archive.ics.uci.edu/ml/machine-learning-"
"databases/abalone/abalone.data")
#read abalone data

data = urllib2.urlopen(target url)

xList = []
labels = []
for line in data:
#split on semi-colon

row = line.strip () .split(",")

#put labels in separate array and remove label from row

labels.append (float (row.pop () ))

#form list of list of attributes (all strings)

xList.append (row)

#code three-valued sex attribute as numeric
xCoded = []

for row in xList:
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#first code the three-valued sex variable

codedSex = [0.0, 0.0]
if row[0] == '"M': codedSex[0] = 1.0
if row[0] == 'F': codedSex[1l] = 1.0
numRow = [float(row[i]) for i in range(l,len(row))]
rowCoded = list (codedSex) + numRow
xCoded. append (rowCoded)
#list of names for
abaloneNames = numpy.array(['Sexl', 'Sex2', 'Length', 'Diameter',

'Height', 'Whole weight', 'Shucked weight',

'Viscera weight', 'Shell weight', 'Rings'])

#number of rows and columns in X matrix
nrows = len (xCoded)

ncols = len(xCoded[1l])

#form x and y into numpy arrays and make up column names
X = numpy.array (xCoded)
y = numpy.array (labels)

#break into training and test sets.
xTrain, xTest, yTrain, yTest = train test split (X, y, test size=0.30,

random state=531)

#instantiate model

nEst = 2000

depth = 5

learnRate = 0.005

maxFeatures = 3

subsamp = 0.5

abaloneGBMModel = ensemble.GradientBoostingRegressor (n_estimators=nEst,
max depth=depth, learning rate=learnRate,
max features=maxFeatures, subsample=subsamp,

loss="1ls")
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#train

abaloneGBMModel .fit (xTrain, yTrain)

# compute mse on test set

msError = []

predictions = abaloneGBMModel.staged decision function (xTest)
for p in predictions:

msError.append (mean squared error (yTest, p))

print ("MSE" )
print (min (msError))

print (msError.index (min (msError)))

#plot training and test errors vs number of trees in ensemble

plot.figure ()

plot.plot(range(l, nEst + 1), abaloneGBMModel.train score ,
label="Training Set MSE', linestyle=":")

plot.plot (range(l, nEst + 1), msError, label='Test Set MSE'")

plot.legend(loc="upper right')

plot.xlabel ('Number of Trees in Ensemble')

plot.ylabel ('Mean Squared Error')

plot.show ()

# Plot feature importance

featureImportance = abaloneGBMModel.feature importances

# normalize by max importance

featureImportance = featureImportance / featureImportance.max ()
idxSorted = numpy.argsort (featurelImportance)

barPos = numpy.arange (idxSorted.shape[0]) + .5

plot.barh (barPos, featurelImportance[idxSorted], align='center')
plot.yticks (barPos, abaloneNames|[idxSorted])

plot.xlabel ('Variable Importance')

plot.subplots adjust(left=0.2, right=0.9, top=0.9, bottom=0.1)
plot.show ()

# Printed Output:

# for Gradient Boosting
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#for Gradient

#
#
#
#
#
#
#
#
#

nEst = 2000
depth = 5
learnRate =

maxFeatures

o I o

subsamp = 0.

MSE
4.22969363284
1736

nkEst = 2000
depth = 5
learnRate =

maxFeatures

o I o

subsamp = 0.

MSE
4.27564515749
1687

7.3

.003

None
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7.3.4 BBERFZENEEITENURTERDPIERY
I i ¥ R

(1) EEBERIAPABIERNEZHES, BEMDEOEN LR R EE,

(2) EBERFEVRAME ) 255 ABRESETHAY Python SEHL, X & R MERESETHIL 2
TR LEA R A AL AR AR R AR 3 g8 H TR B4R max_features 2%k, A H M None
AR/ NT RS BCE ) — AR, SR/ T L0 1 — 7 4k, 24 max_featues 1%
“h None B, FEHSERAERKERE D, FTEBANT AT REAERNEE A SRR, 439
NEMHREE R SR, 24 max_features /N T 9 BUREEL, TEBANTY ST EORE 4 FIRT,
SEFEHLZERE max_features M@ R H B,

A B 7-5 A% S5 R R TE ST A 5 . B R 22 W DA B LR AR AN
ofs FEE 2 T K 71 4 0 T 00 [ RO B B R R ZE . BB EERR T VA A7 B A e SR AR
T i A BEATLARARAE Ry B > BT BB SR Uit I B E 5

R 167 BRI DR SRR I 2 B LR AR R B2 ST 8%, AT 52 22 AR U YA AR Y 5% 25 i
& FREBWILTEAZN, XDMET-9 ~E 7-11 Z AR Egia] AR .
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EEENE) BT ALE, MR, FEPURRAR R I R X B SR T AR R
JUT-BA .

1

----- gL TiRE
10 E — WREHFTIRE |

0 500 1000 1500 2000

ERITERRRAEE

7-11 BETHENBMEFZ B OBERIDEINE S Fie. HHRESRENTE XK

5B 2
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BHEEM

E7-12 FEABNHGMEZIBABERIVEMNEEFE . SEMENEELHS
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AHREINS, ARG & T IR HARM SRR B PR 1R], WSCAZIR I, Ry
EE O BOX AP SIATE 2 R B BRI . A A 9 R s A MOKER Xy IRk, XA
A 60 @M, BAANMICAIZYR MR E IR, (H2 T RE S s X AP
PeTHE (BT oo SRR A6 AR THEFI L T BEHLAR MR 22 2] SR n 8 FE 4R 1) TEVERE
2R,

7.4 F Python &£ 77 E#RIR — 57 2K (0] /R

B S P EA DRI . o R 2 2R R, o e A P A
FrEEE. R EUR CRGhRTET B AR KB PAA A vs. RE N B,
AP P 0 3R (o] 55 W P R R ) 25 A3 i2 /KRR

Z 35y RNBUR IR 2 AT RERY S . FIARIE BB AL 2 B0 X B AR AT 0
SRAY IR i B Python 48 A YA 22 QAT il Bk LSS MDY

7.4.1 H Python BEHLAR M T R RMARIBIERIKE

1 41 3 T RandomForestClassifier 25 /4 ¥4 185 28 %% & H £ %, RandomForestClassifier
W) 2 B 4 K £ 5 5 RandomForestRegressor i) — }£, RandomForestRegressor [ 2 5 7
F RandomForestRegressor Xif £ jF 1 /8347 i I () 2 45 23847 73518, X B H 58 1
RandomForestClassifier AN [EILE,

S AL AT A B R s R B AR, BES 6 E R SRR Il R AR, s
WA A RERENE, XA BT A AT RE R A A, AR A R A R JE 1
HAE TR, o E S B Z B iR 22 ( sum squared error) HRERY,
BRI R ZEFIN T R M B ARIE M T, TEIIR PRI IRIRR A,

N 2 sklearn.ensemble.RandomForestClassifier 25 ft) 4 18 PR %,

sklearn.ensemble.RandomForestClassifier (n estimators=10, criterion= 'gini',
max depth=None, min samples split=2, min samples leaf=1, max features='auto',

max leaf nodes=None, bootstrap=True, oob score= False, n_ jobs=1l, random

state=None, verbose=0, min density=None, compute importances=None)
THERX SR
@ Criterion
FAFE, Ak (BREE “gini” ),
ATRERYBUE LT ,
Gini ; FFEBALEE (Gini impurity) ,
Entropy : FI I BT RI15 B34k
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ARG X AR ERE 2 F R, AT AYT A wikipedia 5T 50 o SR B M 5T
(http://en.wikipedia.org/wiki/Decision_tree learning), %X} H BlixX A~ EARSLHY, X &5
BT P RE R PN HI A KRR ZE 7

LGB LT SRR 35 5, RSB T AN B, WARE
15 SRR [RI 2R A BRI S R 20 e, 2 2SRt B SR AT DATS B8R T8 T 32
PR, MO T AR, W REAR ELRE IR TG AR, B AR E R Y R B
B e 2 B9 S BIVE R FIINAEL IR (0], A0 SRAE SRAR F00 00 45 SR Y () I AR B R A, D
MR, T /B4 TR (area under the curve, AUC), AR BICEHIE
FREA 2 (receiver operating curve, ROC) [z HARZR DR IERGHAE . R AT BRI 2R,
I 5 R AR e 4 A 2 A T

TN TH R T VAR IR

@ Fit( X, y, sample_weight=None)

BERLARAR 23 A — AN RITE TARAE y BURAE, X T 2RI, FRREUE A 0 3|
FERVEI 1 A RER, T AR, ARZERYEUE S 0 3 1, X nClass SRR ZE 511
ZHN KA, %2 M 0 £ nClass-1 FEEEL,

@ Predict(X)

YT JEYERRE (480 numpy $04H) X, eRE0™ A B E 2 B . BAE R
SIECH, TEEET X T8, B IcR 2 e T E2n], AE R 2R R e
2R R RN, HoR—FERY,

@ Predict proba(X)

XA FEAS () T o HA ™ A — A 4R ATECET X AT EL. AN B T ) 2850
BT ke 2 5) . BT ITRPUR R 2R AR,

@ Predict_log proba(X)

XA A T o8 2507 42— >3 predict_proba FH{LIRY —4EECA , (E2 B2 s
FHIREA, TR log {E.

7.42 HEFEVRMEEERNREEKE

R 5 28 7-8 R T 0T PP 200 0 L 2R 7R S T A R K 7
S 0 T R 5 0 PR 5 5 6 5 0 A BT 10 B B AR 1 ) TR A L. TR
2 BT A B, (A RR A M AR SR T O F 1, X2
RandomForestClassifer ¥ # A KR M Bk, HUIh5e iU, 20 MRS 1 4
PERETBE. T 4B, SRR E T LR ROC i 2 FEAL (AUC), m%is
A, R EROTE, BB AR T 0 AUC, [ E 4 th B RO T BRI A7
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N7 AUC, ] predict_proba() eR %, An AR TN Gt S B JE 9 251, AT E
HAG— AR ROC fhek CEMERfML, 715 1A ROC #iZ& A 3 A, Pl 1A,
Hifa] 1 4~58), sklearn metric Iﬁ@ﬁ B AUC It E g, RABEIUTRE, 5
FEERBBFA—AINE, RG4H AUC PERE S JRMEH i R R K. RIS 7-6
224 T AUC 5 ERSEREH 1Y 9%? K. 30 MREEREIEHXT EEEHE . SRS
JiiE ROC M4 &, AR E o Ge i 3 S ARG EIE, 71 B4 i B0 A BE TR
HHFE (Confusion Matrix) , FfE N 3 NPUMEL, SRR T Y EEM—A70 80
RS EE, EREEYE. BRI R

REBFRT7-6 BEVHRMSEEH5KE -rocksVMinesRF.py

__author = 'mike bowles'

import urllib?2

from math import sqgrt, fabs, exp

import matplotlib.pyplot as plot

from sklearn.cross validation import train test split
from sklearn import ensemble

from sklearn.metrics import roc auc score, roc_curve

import numpy

#read data from uci data repository
target url = ("https://archive.ics.uci.edu/ml/machine-learning"
"databases/undocumented/connectionist-bench/sonar/sonar.all-data")

data = urllib2.urlopen (target url)

#arrange data into list for labels and list of lists for attributes
xList = []

for line in data:
#split on comma
row = line.strip() .split(",")

xList.append (row)

#separate labels from attributes, convert from attributes from

#string to numeric and convert "M" to 1 and "R"™ to 0

xNum = []
labels = []
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for row in xList:
lastCol = row.pop/()
if lastCol == "M":
labels.append (1)
else:
labels.append(0)
attrRow = [float (elt) for elt in row]
xNum.append (attrRow)

#number of rows and columns in x matrix
nrows = len (xNum)

ncols = len(xNum[1])

#form x and y into numpy arrays and make up column names
X = numpy.array (xNum)
y = numpy.array (labels)

rocksVMinesNames = numpy.array(['V' + str(i) for i in range(ncols)])

#break into training and test sets.
xTrain, xTest, yTrain, yTest = train test split(X, y, test size=0.30,

random state=531)

auc = []
nTreelList = range (50, 2000, 50)
for iTrees in nTreelist:
depth = None
maxFeat = 8 #try tweaking
rocksVMinesRFModel = ensemble.RandomForestClassifier (n _estimators=
iTrees, max depth=depth, max features=
maxFeat, oob score=False, random state=531)

rocksVMinesRFModel .fit (xTrain, yTrain)

#Accumulate auc on test set
prediction = rocksVMinesRFModel.predict proba (xTest)
aucCalc = roc_auc_score (yTest, prediction([:,1:2])

auc.append (aucCalc)

print ("AUC" )
print (auc[-11])



286 | (£ 7% FH Python #EEMAREY

#plot training and test errors vs number of trees in ensemble
plot.plot (nTreelist, auc)

plot.xlabel ('Number of Trees in Ensemble')

plot.ylabel ('Area Under ROC Curve - AUC')

#plot.ylim([0.0, 1.1*max (mseOob)])

plot.show ()

# Plot feature importance

featureImportance = rocksVMinesRFModel.feature importances

# normalize by max importance

featureImportance = featureImportance / featureImportance.max ()

#plot importance of top 30

idxSorted = numpy.argsort (featureImportance) [30:60]

idxTemp = numpy.argsort (featurelImportance) [::-1]

print (idxTemp)

barPos = numpy.arange (idxSorted.shape[0]) + .5

plot.barh (barPos, featurelImportance[idxSorted], align='center')
plot.yticks (barPos, rocksVMinesNames|[idxSorted])

plot.xlabel ('Variable Importance')

plot.show ()

#plot best version of ROC curve
fpr, tpr, thresh = roc curve(yTest, list(prediction[:,1:2]))
ctClass = [1*0.01 for i in range(101)]

plot.plot (fpr, tpr, linewidth=2)

plot.plot (ctClass, ctClass, linestyle=':")
plot.xlabel ('False Positive Rate')
plot.ylabel ('True Positive Rate')
plot.show ()

#pick some threshold values and calc confusion matrix for

#best predictions

#notice that GBM predictions don't fall in range of (0, 1)
#pick threshold values at 25th, 50th and 75th percentiles
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idx25 = int (len(thresh) * 0.25)
idx50 = int(len(thresh) * 0.50)
idx75 = int (len(thresh) * 0.75)

#calculate total points, total positives and total negatives
totalPts = len(yTest)

P = sum(yTest)

N = totalPts - P

print('")

print ('Confusion Matrices for Different Threshold Values')

#25th

TP = tpr[idx25] * P; FN = P - TP; FP = fpr[idx25] * N; TN = N - FP
print('")

print ('Threshold Value = ', thresh[idx25])

print ('TP = ', TP/totalPts, 'FP = ', FP/totalPts)

print ('FN = ', FN/totalPts, 'TN = ', TN/totalPts)

#50th

TP = tpr[idx50] * P; FN = P - TP; FP = fpr[idx50] * N; TN = N - FP
print('")

print ('Threshold Value = ', thresh[idx50])

print ('TP = ', TP/totalPts, 'FP = ', FP/totalPts)

print ('FN = ', FN/totalPts, 'TN = ', TN/totalPts)

#75th

TP = tpr[idx75] * P; FN = P - TP; FP = fpr[idx75] * N; TN = N - FP
print('")

print ('Threshold Value = ', thresh[idx75])

print ('TP = ', TP/totalPts, 'FP = ', FP/totalPts)

print ('FN = ', FN/totalPts, 'TN = ', TN/totalPts)

Printed Output:

#

#

# AUC

# 0.950304259635
#

#

#

Confusion Matrices for Different Threshold Values

287
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# ('Threshold Value = ', 0.76051282051282054)
# ('Tp = ', 0.25396825396825395, 'FP = ', 0.0)
# ('FN = ', 0.2857142857142857, 'IN = "', 0.46031746031746029)
#
# ('Threshold Value = ', 0.62461538461538457)
# ('Tp ="', 0.46031746031746029, 'FP = ', 0.047619047619047616)
# ('FN = ', 0.079365079365079361, 'TN = ', 0.41269841269841268)
#
# ('Threshold Value = ', 0.46564102564102566)
# ('TP = ', 0.53968253968253965, 'FP = ', 0.22222222222222221)
# ('’N ="', 0.0, 'TN = ', 0.23809523809523808)

7.4.3 BEVLERM D EKIFHIERE

Bl 7-13 2y AUC SRR E R R, IR MER S iR E BRI 2R S
P H R AERBIE ., XTI REMGRIS HAE R, [N, X AUC i, 1.0
RMMTEERN, HE2 0S5 HMMRET, HIt, AUCHBKBEF, NI Rih&h ks,
2 U, 18] 7-13 JERTE i Z R Z2 M B 7 — e SR, R BE LR MR s DT 22,
Ao, HIp it ] AR TR B, IEBAR R R S, S ERae

LT R AR, HLPERE 2

PR A A

0.965

0.960

0.955

0.935

0 500

& 7-13

1000 1500

ERURB R SRR R B

2000

BEARMEN RIBRIEKE . AUC ERERE B X H
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Kl 7-14 2 B EEARY AT 30 NEERE RS . TSR A, AR
WARFSREFENGES, RIARBEKAES . RESREOT— ML RGOR XA
L, TR X R X R B, B B S KSR A AN R 4B RS Y
KA. IRFERT DB R A PR

VA0
Vi1

V8

V9
V20
V51
VA9
V42
V48
V47

V0
V35
Vi2
V16

V3

V4
V45
V46
V44

T T TR TR TN T TR TR TN T T |

<
N
~
1 1 1 1 1 1 1 1 1 1 1 1

0.0 dZ 0@ Ob Ob 1.0
BHEEY

B 7-14 FEVLSRMENAREBIEKS . SBMHAEANERMLHE

IR ALY AUC AR, H ROC i R M WAH 4, BAREBAR L B, HE
oy,

7.4.4 F Python ¥ ERFAZRMAKBEIEKSE
A5 % 5 7-7 2y scikitlearn Hr #5654 T VA B9 1 3 oR $L, 48 K £ %K GradientBoosting
Classifer 1250177755 GradientBoostingRegressor [AH[E , F M EEHAR H AR S5
I,
N2 sklearn.ensemble.GradientBoostingClassifier 281414 1 bR 2
sklearn.ensemble.GradientBoostingClassifier (loss='deviance', learning
rate=0.1, n estimators=100, subsample=1.0, min samples split=2,
min samples leaf=1, max depth=3, init=None, random state=None,

max features=None, verbose=0, max leaf nodes=None, warm start=False)
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TR SEIR,

@ loss

deviance X425, deviance 2HRE R, HEME—ET
MR I VER IR,

& fit (X,y, monitor=None)

XTI, HORFE S RTIETARZE y BRI . XM 28 AR, Frasie 0 3385 %L
UL — AR, R TN SRIRE, FRAECN 0 BUE 1, XTI REE, RA
nClass AR[EIIZEH], MARZEEUE A 0 ~ nClass-1,

@ decision_function(X)

BB RERRTT 7> Jedn L br LR IEHPSEM YIRS, 27745 B e 2850 MRS AH ¢ i) S B f
THE, XL TTHEIC 5 E 20 [ logistic ol KRS HAEEHOARAR , et Bl Y SE B A THE @
i BERREORAG, WX EEAGTTE A6 BE ROC |l 21155 rh i AR AR AR TR B,

@ predict(X)

IHE B ST i e 2 501

@ predict proba(X)

I R ECT i 8 2R A AR . B TSI — SIMRRAE . R T B MRA IS,
MF 2R, A nClass 51,

AR RERH B (staged) WAZFIERE, A SHREMEEMEERNER (15
IR h AT A H—E0 .

@ staged decison_function(X)

Ay decision pRE Y AT IR A RUAS

@ staged predict(X)

Ity predict pR &Y AT IR ACUHRAR

@ staged predict proba(X)

A predict_proba pRELH AT IER AR,

ALV B 7-7 ff ] sklearn ) GradientBoostingClassifier 5¢ iR M A /@YK &AL 5 .

KEGFR7-7 BERAZESEERSKE -rocksVMinesGBM.py

__author = 'mike bowles'

import urllib2
from math import sqrt, fabs, exp

import matplotlib.pyplot as plot
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from sklearn.cross validation import train test split
from sklearn import ensemble
from sklearn.metrics import roc auc score, roc_curve

import numpy

#read data from uci data repository
target url = ("https://archive.ics.uci.edu/ml/machine-learning-"
"databases/undocumented/connectionist-bench/sonar/sonar.all-data")

data = urllib2.urlopen (target url)

#arrange data into list for labels and list of lists for attributes

xList = []

for line in data:
#split on comma
row = line.strip() .split(",")

xList.append (row)

#separate labels from attributes, convert from attributes from

#string to numeric and convert "M" to 1 and "R" to 0

xNum = []
labels = []

for row in xList:
lastCol = row.pop/()
if lastCol == "M":
labels.append (1)
else:
labels.append (0)
attrRow = [float (elt) for elt in row]
xNum.append (attrRow)

#number of rows and columns in X matrix
nrows = len (xNum)

ncols = len(xNum[1])

#form x and y into numpy arrays and make up column names
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X = numpy.array (xNum)
y = numpy.array (labels)

rockVMinesNames = numpy.array(['V' + str(i) for i in range(ncols)])

#break into training and test sets.
xTrain, xTest, yTrain, yTest = train test split (X, y, test size=0.30,

random state=531)

#instantiate model
nEst = 2000

depth = 3
learnRate = 0.007

maxFeatures = 20

rockVMinesGBMModel = ensemble.GradientBoostingClassifier (
n estimators=nEst, max depth=depth,
learning rate=learnRate,
max features=maxFeatures)

#train

rockVMinesGBMModel .fit (xTrain, yTrain)

# compute auc on test set as function of ensemble size
auc = []
aucBest = 0.0
predictions = rockVMinesGBMModel.staged decision function (xTest)
for p in predictions:
aucCalc = roc auc_score (yTest, p)

auc.append (aucCalc)

#capture best predictions
if aucCalc > aucBest:
aucBest = aucCalc

pBest = p
idxBest = auc.index (max (auc))

#print best values
print ("Best AUC" )
print (auc[idxBest])

print ("Number of Trees for Best AUC")
(

print (idxBest)
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#plot training deviance and test auc's vs number of trees in ensemble

plot.figure ()

plot.plot(range(l, nEst + 1), rockVMinesGBMModel.train score ,
label="Training Set Deviance', linestyle=":")

plot.plot (range(l, nEst + 1), auc, label='Test Set AUC'")

plot.legend(loc="upper right')

plot.xlabel ('Number of Trees in Ensemble')

plot.ylabel ('Deviance / AUC'")

plot.show ()

# Plot feature importance

featureImportance = rockVMinesGBMModel.feature importances

# normalize by max importance

featureImportance = featureImportance / featureImportance.max ()

#plot importance of top 30

idxSorted = numpy.argsort (featureImportance) [30:60]

barPos = numpy.arange (idxSorted.shape[0]) + .5

plot.barh (barPos, featureImportance[idxSorted], align='center')
plot.yticks (barPos, rockVMinesNames[idxSorted])

plot.xlabel ('Variable Importance')

plot.show()

#pick threshold values and calc confusion matrix for best predictions

#notice that GBM predictions don't fall in range of (0, 1)

#plot best version of ROC curve
fpr, tpr, thresh = roc curve(yTest, list (pBest))
ctClass = [1*0.01 for i in range(101)]

plot.plot (fpr, tpr, linewidth=2)
plot.plot(ctClass, ctClass, linestyle=':")
plot.xlabel ('False Positive Rate')
plot.ylabel ('True Positive Rate')
plot.show ()

#pick threshold values and calc confusion matrix for best predictions
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#notice that GBM predictions don't fall in range of

(0,

1)

#pick threshold values at 25th, 50th and 75th percentiles

idx25 = int (len(thresh) * 0.25)
idx50 = int(len(thresh) * 0.50)
idx75 = int (len(thresh) * 0.75)

#calculate total points, total positives and total negatives

totalPts = len(yTest)
P = sum(yTest)
N = totalPts - P

print('")

print ('Confusion Matrices for Different Threshold Values')

#25th

TP = tpr[idx25] * P; FN = P - TP; FP = fpr[idx25]
print ('")

print ('Threshold Value = ', thresh[idx25])

print ('TP = ', TP/totalPts, 'FP = ', FP/totalPts)
print ('FN = ', FN/totalPts, 'TN = ', TN/totalPts)
#50th

TP = tpr[idx50] * P; FN = P - TP; FP = fpr[idx50]
print('")

print ('Threshold Value = ', thresh[idx50])

print ('TP = ', TP/totalPts, 'FP = ', FP/totalPts)
print ('FN = ', FN/totalPts, 'TN = ', TN/totalPts)
#75th

TP = tpr[idx75] * P; FN = P - TP; FP = fpr[idx75]
print ('")

print ('Threshold Value = ', thresh[idx75])

print ('TP = ', TP/totalPts, 'FP = ', FP/totalPts)
print ('FN = ', FN/totalPts, 'TN = ', TN/totalPts)

# Printed Output:
#

# Best AUC

# 0.936105476673

*N;

*N;

* N;

TN

TN

TN

N - FP

N - FP

N - FP
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Number of Trees for Best AUC
1989

Confusion Matrices for Different Threshold Values

('Threshold Value = ', 6.2941249291909935)

('Threshold Value = ', 2.2710265370949441)

('Threshold Value = ', -3.0947902666953317)

('PN ="', 0.0, "IN ="', 0.23809523809523808)

Best AUC

0.956389452333

Number of Trees for Best AUC
1426

Confusion Matrices for Different Threshold Values

B . T T T I . T T T T T e o T T T e

('Tp = ', 0.23809523809523808, 'FP = ', 0.015873015873015872)
('FN = ', 0.30158730158730157, 'TIN = ', 0.44444444444444442)

('Tp = ', 0.44444444444444442, '"FP = ', 0.063492063492063489)
('FN = ', 0.095238095238095233, 'IN = ', 0.3968253968253968)

('TP = ', 0.53968253968253965, 'FP = ', 0.22222222222222221)

('Threshold Value = ', 5.8332200248698536)

('Tp = ', 0.23809523809523808, 'FP = ', 0.015873015873015872)
('FN = ', 0.30158730158730157, 'TN = ', 0.44444444444444442)

('Threshold Value = ', 2.0281780133610567)

('TP = ', 0.47619047619047616, 'FP = ', 0.031746031746031744)
('FN = ', 0.063492063492063489, 'TN = ', 0.42857142857142855)
('Threshold Value = ', -1.2965629080181333)

('TP = ', 0.53968253968253965, 'FP = ', 0.22222222222222221)

('’'N ="', 0.0, "IN = ', 0.23809523809523808)

295

Printed Output with max features = 20 (Random Forest base learners):

SO B R S BRI A A, — AR SR B R TR S d UG, I
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R R AUC FRREHAF A—FIRHEF 2 HIR;, F2F RN 2aRER AUC By fcfE(E.
HA R4 ROC 4k, RFHME, RIAMESETEts (WE 7-15 s ) o 5 — AR
BREARTI ITIRIEAT T 2 K, — YO M B E R R, 75 5h— U i RERL AR AR~ > 45
PIEHRIRAT T ARSI 70 SRR BT REALARM 2 S S RO PR RE B, 005 i e U0 4
DR o R R T AR I R0 L, SR BEALAR MR ) S0 F B0 3RS W8 i e

7.4.5 HHERIES EFHIERE

B 7-16 2 TR L, —MRIUIGERWZE (deviance), 2= 5l E I B IEHH{E
ALK, B GRDRIRERBA LR, 22 6] R 2 Bk AR T2
VAR B AR, FEE ] AE SR R w2138t AUC (T8 d0E )
WAE B P2 R TR B P SRR B A S0 P RERY AR AL (BRI L
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W58 T AnAn] F S RO YA MR Ay RN, AEARZ 0 TE, SO R A2
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)5S IN

SE B T S IR AU ] U i) A ) RS [ 2 Ak = B T R 25 PP Ty AR 25 R AIE
OB NN

AT EEAN L R A g £ 2 4 R,

7.5 H Python &R 77 AR % 27 53 2 0]

Python 52 I A BEATLRR MRS B2 52 71 AT AR 0 2R 22 28 1) 73 JE A, K o A 2
A RRIZERN ., ERRNE (v). BEVLARMFIEE ST e st & S W Arss i AL 2E
Xt — A nClass ARSI KA, FR2EH 0 ~ nClass-1 AL, 75 /b A L
RN HCR B R AN R TN 7 iR o T T 28 A T ki S PR A A [ U R R A
T P Jem 2 AR R 1) 75 9 i i 2 nClass />R BB BRI AHE AR

TN E R ZE R A TR S R R P . IR REFRIIR A B XN, 78
BEATRE A B TR R PP O I A B P RE R U . 3BT i, AUC B
PRI, ARHRZEIRAZ B B A PR,

7.5.1 HREVFHFRAITIEEHITHE
PRAD 2 7-8 MBI 5 ) TR K 35 1 AR i A — 3L,

REGFRA7-8 FREVIZRMITEIEHITH 2 -glassRF.py

__author = 'mike bowles'

import urllib?2

from math import sqgrt, fabs, exp

import matplotlib.pyplot as plot

from sklearn.linear model import enet path

from sklearn.metrics import accuracy score, confusion matrix, roc curve
from sklearn.cross validation import train test split

from sklearn import ensemble

import numpy

target url = ("https://archive.ics.uci.edu/ml/machine-learning-"

"databases/glass/glass.data")
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data = urllib2.urlopen (target url)

#arrange data into list for labels and list of lists for attributes
xList = []
for line in data:

#split on comma

row = line.strip().split(",")

xList.append (row)

glassNames = numpy.array(['RI', 'Na', 'Mg', 'Al', 'Si', 'K', 'Ca’',
'Ba‘, 'Fe', 'Type'])

#Separate attributes and labels
xNum = []

labels = []

for row in xList:
labels.append (row.pop () )
1 = len(row)
#eliminate ID
attrRow = [float(row[i]) for i in range(l, 1)]

xNum.append (attrRow)

#number of rows and columns in x matrix
nrows = len (xNum)

ncols = len(xNum[1])

#Labels are integers from 1 to 7 with no examples of 4.
#gb requires consecutive integers starting at 0
newLabels = []
labelSet = set (labels)
labellist = list (labelSet)
labellist.sort ()
nlabels = len(labellList)
for 1 in labels:
index = labellList.index (1)

newlLabels.append (index)

#Class populations:
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#o0ld label new label num of examples
#1 0 70

#2 1 76

#3 2 17

#5 3 13

#6 4 9

#7 5 29

#

#Drawing 30% test sample may not preserve population proportions

#stratified sampling by labels.

xTemp = [xNum[i] for i in range(nrows) if newLabels[i] == 0]
yTemp = [newLabels[i] for i in range(nrows) if newLabels[i] == 0]
xTrain, xTest, yTrain, yTest = train test split(xTemp, yTemp,

test size=0.30, random state=531)
for ilLabel in range(l, len(labellist)):

#segregate x and y according to labels

xTemp = [xNum[i] for i in range (nrows) if newLabels[i] == iLabel]
yTemp = [newLabels[i] for i in range(nrows) if \
newlLabels[i] == iLabel]

#form train and test sets on segregated subset of examples
xTrainTemp, xTestTemp, yTrainTemp, yTestTemp = train test split(

xTemp, yTemp, test size=0.30, random state=531)

#accumulate
xTrain = numpy.append(xTrain, xTrainTemp, axis=0)
xTest = numpy.append (xTest, xTestTemp, axis=0)

yTrain = numpy.append(yTrain, yTrainTemp, axis=0)

yTest = numpy.append (yTest, yTestTemp, axis=0)

missCLassError = []
nTreelist = range (50, 2000, 50)
for iTrees in nTreelist:
depth = None
maxFeat = 4 #try tweaking
glassRFModel = ensemble.RandomForestClassifier (n _estimators=iTrees,
max_ depth=depth, max features=maxFeat,

oob_ score=False, random state=531)
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glassREModel.fit (xTrain, yTrain)

#Accumulate auc on test set
prediction = glassRFModel.predict (xTest)

correct = accuracy score(yTest, prediction)

missCLassError.append (1.0 - correct)

print ("Missclassification Error" )

print (missCLassError[-1])

#generate confusion matrix

plist = prediction.tolist()

confusionMat = confusion matrix(yTest, pList)
print('")

print ("Confusion Matrix")

print (confusionMat)

#plot training and test errors vs number of trees in ensemble
plot.plot (nTreelist, missCLassError)

plot.xlabel ('Number of Trees in Ensemble')

plot.ylabel ('Missclassification Error Rate')

#plot.ylim([0.0, 1.1*max (mseOob)])

plot.show()

# Plot feature importance

featureImportance = glassRFModel.feature importances

# normalize by max importance

featureImportance = featureImportance / featureImportance.max ()

#plot variable importance

idxSorted = numpy.argsort (featurelImportance)

barPos = numpy.arange (idxSorted.shape[0]) + .5

plot.barh (barPos, featureImportance[idxSorted], align='center')
plot.yticks (barPos, glassNames[idxSorted])

plot.xlabel ('Variable Importance')

plot.show ()
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Printed Output:
Missclassification Error
0.227272727273

Confusion Matrix
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7.5.3 RAHERAEMNEIB#ITHE
RIDIE A 7-9 [ T —/NW2E R Ab, HELAB IR 5 1 i B RO B 47 4
KA 5K,

REFR 79 (ERABERENKBIHITHE -glassGbm.py

__author = 'mike bowles'

import urllib2

from math import sqrt, fabs, exp

import matplotlib.pyplot as plot

from sklearn.linear model import enet path

from sklearn.metrics import roc auc score, roc curve, confusion matrix
from sklearn.cross validation import train test split

from sklearn import ensemble

import numpy

target url = ("https://archive.ics.uci.edu/ml/machine-learning-"
"databases/glass/glass.data")
data = urllib2.urlopen (target url)

#arrange data into list for labels and list of lists for attributes
xList = []
for line in data:

#split on comma

row = line.strip() .split(",")

xList.append (row)

glassNames = numpy.array(['RI', 'Na', 'Mg', 'Al', 'si', 'K', 'Ca',
'Ba', 'Fe', 'Type'l)

#Separate attributes and labels
xNum = []
labels = []

for row in xList:
labels.append (row.pop ())
1 = len(row)
#eliminate ID

attrRow = [float(row[i]) for i in range(l, 1)]
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xNum.append (attrRow)

#number of rows and columns in x matrix
nrows = len (xNum)

ncols = len(xNum[1])

#Labels are integers from 1 to 7 with no examples of 4.
#gb requires consecutive integers starting at O
newlLabels = []
labelSet = set(labels)
labellist = list (labelSet)
labelList.sort ()
nlabels = len(labellist)
for 1 in labels:
index = labellist.index (1)

newlLabels.append (index)

#Class populations:

#o0ld label new label num of examples
#1 0 70

#2 1 76

#3 2 17

#5 3 13

#6 4 9

#7 5 29

#

#Drawing 30% test sample may not preserve population proportions

#stratified sampling by labels.

xTemp = [xNum[i] for 1 in range (nrows) if newLabels[i] == 0]
yTemp = [newLabels[i] for i in range(nrows) if newLabels[i] == 0]
xTrain, xTest, yTrain, yTest = train test split (xTemp, yTemp,

test size=0.30, random state=531)
for iLabel in range(l, len(labellList)):

#segregate x and y according to labels

307

xTemp = [xNum[i] for i in range(nrows) 1f newlLabels[i] == iLabel]
yTemp = [newLabels[i] for i in range(nrows) if \
newlLabels[i] == iLabel]

#form train and test sets on segregated subset of examples

xTrainTemp, xTestTemp, yTrainTemp, yTestTemp = train test split(

xTemp, yTemp, test size=0.30, random state=531)
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#accumulate
xTrain = numpy.append(xTrain, xTrainTemp, axis=0)
xTest = numpy.append (xTest, xTestTemp, axis=0)

yTrain = numpy.append(yTrain, yTrainTemp, axis=0)

yTest = numpy.append (yTest, yTestTemp, axis=0)

#instantiate model

nEst = 500

depth = 3

learnRate = 0.003

maxFeatures = 3

subSamp = 0.5

glassGBMModel = ensemble.GradientBoostingClassifier (n_estimators=nEst,
max depth=depth, learning rate=learnRate,
max features=maxFeatures, subsample=subSamp)

#train

glassGBMModel .fit (xTrain, yTrain)

# compute auc on test set as function of ensemble size
missClassError = []
missClassBest = 1.0
predictions = glassGBMModel.staged decision function (xTest)
for p in predictions:
missClass = 0
for i in range(len(p)):
listP = p[i].tolist ()
if listP.index (max(listP)) != yTest[i]:
missClass += 1

missClass = float (missClass) /len (p)

missClassError.append(missClass)

#capture best predictions

if missClass < missClassBest:
missClassBest = missClass
pBest = p

idxBest = missClassError.index (min (missClassError))

#print best values

print ("Best Missclassification Error" )
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print (missClassBest)
print ("Number of Trees for Best Missclassification Error")

print (idxBest)

#plot training deviance and test auc's vs number of trees in ensemble

missClassError = [100*mce for mce in missClassError]

plot.figure ()

plot.plot(range(l, nEst + 1), glassGBMModel.train score ,
label="'Training Set Deviance', linestyle=":")

plot.plot(range(l, nEst + 1), missClassError, label='Test Set Error')

plot.legend(loc="'upper right')

plot.xlabel ('Number of Trees in Ensemble')

plot.ylabel ('Deviance / Classification Error')

plot.show()

# Plot feature importance

featureImportance = glassGBMModel.feature importances

# normalize by max importance

featureImportance = featureImportance / featureImportance.max ()

#plot variable importance

idxSorted = numpy.argsort (featurelmportance)

barPos = numpy.arange (idxSorted.shape[0]) + .5

plot.barh (barPos, featurelImportance[idxSorted], align='center')
plot.yticks (barPos, glassNames[idxSorted])

plot.xlabel ('Variable Importance')

plot.show()

#generate confusion matrix for best prediction.
pBestList = pBest.tolist()

bestPrediction = [r.index (max(r)) for r in pBestList]
confusionMat = confusion matrix(yTest, bestPrediction)
print('")

print ("Confusion Matrix")

print (confusionMat)

# Printed Output:

#

# nEst = 500

# depth = 3

# learnRate = 0.003
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# maxFeatures = None

# subSamp = 0.5

#

#

# Best Missclassification Error
# 0.242424242424

# Number of Trees for Best Missclassification Error
# 113

#

# Confusion Matrix

# [[19 1 0 O O 1]

# [ 319 0 1 0 0]

# [4 1 0 0 1 0]

# [0 3 0 1 0 0]

# [ 0O O 0O 0 3 0]

# [0 1 0 1 0 7]]

#

For Gradient Boosting using Random Forest base learners

nEst = 500

depth = 3
learnRate = 0.003
maxFeatures = 3

subSamp = 0.5

Best Missclassification Error

0.227272727273

Number of Trees for Best Missclassification Error
267

Confusion Matrix

H FH FH= H H FH FH H H FH FH H H FH FH H H H FH = H

[[20 T O O O 0]
[ 320 0 0 0O O]
[ 3 3 0 0 0 0]
[ 0O 4 0 0 0 0]
[0 O O 0 3 0]
[0 2 0 0 0 71]
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modules/generated/sklearn.ensemble.GradientBoostingClassifier.html
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