—AELRPIZREIEERE . SRS REBEERSNIER

j | I

SREFRISIZSE
wrmmssseee SRR

[ 2 ] Ron Zacharski &
it iF

N BB H HY i AL

POSTS & TELECOM PRESS

L ERERR ST

‘\\\\\\\



_

R YIRS
M3 =1e3)

AR HBPHE H MK

it =



EPEMESE (C1P) HiE

BAEFRNEESHELERIESE / () LRI
(Zacharski,R.) E ; @&k — dbm : ARIFEHR
£, 2015.11

ISBN 978-7-115-33635-4

I. @B II. @ @F - II. O¥IEAE 8
B V. @OTP274-62

vh [ R A B B CTPEE % 7 (2015) 551424325

RIS B3

Simplified Chinese translation copyright ©2015 by Posts and Telecommunications Press
ALL RIGHTS RESERVED

A Programmer’s Guide to Data Mining by Ron Zacharski

Copyright © 2013 by Ron Zacharski

A @ AR B E# Ron Zacharski AR ARMBE HARIL AR . REHMEBEFA, MAEBNETMES
TR A X SUE A F R EHFEE.
REALER A, RIVLR.

L [%£] Ron Zacharski
152 ook
TR PRI
TUEEIH] kR ER
o NRABHBH HARAT i bt 1 %
k%% 100164  HLFHE{F  315@ptpress.com.cn
F4ik  http://www.ptpress.com.cn

LT ERE R BR 2 =) Bk
¢ JFA: 800x1000 1/16

ENgk: 20.25

PR 403 T 2015 £ 11 A% 1 i

EN¥: 1-3 000 JiF 2015 4 11 Abs5E 1 RENK)
ZENEFRZLS BT 01-2013-0776 5

EM: 59.00 76

SRS HLZ: (010)81055410 ENZEREMLL: (010) 81055316
REBRHL: (010) 81055315



N R

BAEAZ I — AU 4R WK B e il AR RER T H b E BN E. KZHHEEEZ
B LET N AR, FEEAE B RNES].

ARREHEF AN — AEE IR, WA B ) T SE BRI . N SRR
BOPRBEERS. £ 8 F, N T HEIZIHMERRIRME R, hEEIE. AFLE
Beordk. kS AMR UM, RS SA D RURRRKEAE . KK “ELEF
F27 p7r, RAZSINER. KERRRK. FAKAR. KA Python ARaE], HE
HHE 2R AR RE . REIRGS I T IR, # B PLE B AR

AAVE A X BRI . B o AT AHERE R GBI FR R AR R AU Mk R 55
%; AR, ABLEUMEA AR BNEHREZEREHESE .



(Bt bl

Ron Zacharski i 84 IFRATHHAE S F M E 5. e —0itH
IR ERIEEE, IF B9 MFENLEE % I FE BIRGH LR DL A A EL &
WE A . BEAET, fh7E New Mexico FITHER FL L0 = TE, MHHLZRHBIE,
R R N> 2 ST HOE S T R ARt 3R19 80 Bk K2+ 8
LR R L0, BTRREMNES¥HE LR, FAMETREARE
2. IR — R PRI T SR AR

AT

Ek B, PEERGEELERAFTMAR, MLETH, $E
RRER AR, HATANEERER. ARES LB SEEEE.
EREXR 973, 863 ERHAREESE. HirsERE. BERLWEE
FUREIL 30 W, REFARBIL 130 £5, MSHHIKEAN RS LM,
R E KR P RN R AR — R & — T Mo E
SRESHT, GERE. HEBALHE, B3 5MRHEEEAN LR
RRBR. (PXEEFER) RE. PEHENZLSERZ A LD X ERLEEEWVRERLE
M. ZIKIIESIGIR. ACL. CIKM ELWHREFZERASER. (EEREFER). COR¥UE:
B KA SR 28 5 2 A AR B ) (WL %I S5hR) . (Mahout SE4E) IR . 2006 4
FELE B AR (B BRE) IRAERE, ZREYRERRFRIERS, &
THERASCHET 1500 A. 24587 L. BLHRAiT 40 4.




2 A

REEER, AAREZ ARG —ERL: T, RBEHAHBT? #L, M 2008
FRFE AP (FEERRTIR) JHE, B A — KA, SRMERSERET (K
B BECW KA BEEIZHE 5 A AL D) (EHES — RS RO, (HLA8 2220 LD
(Mahout Sk ) (HIARICAY (Frihihi) 5 A5 6 M. “BiE” CEBARKMIREZ —.
RiiZid, BRI BOR R R B ARSI E PR EN, XM EH2AESIRK T L.
g, RBEHKERER . REFMBPENBONERAELEERR. BARIZHE. Hl
21, BRE T ARSI, X R FARR LT AT S . FEGE R FE I R AR
SEFRRFEAREFE LT T, RERENR 2358 A B BT -

APHR S RN AR APOE R BAR T2 198 R o B 3 i S0 Bl A0 S il K
RBAEAZHE A FEABAR . 5rh L1 # Python ACRDAIAR B K #R AT LA Ik 62 9% T B3RAE
B AT DA A X S ACRD AN B 21T SE PR, AT PRI S 48 BER 248 M A S AH AR . 45
o B SEBI AR A I B B AETE , RIS ARHERE . BB 3K, BRI A E S T AAERAT
A TE BB AR

A — B, Aok FIIRIE ) AR L4 SElt, 1383 R K4 0 B,
Sp R ZHEEH R W SEH RRZ A ARE, ERF LR FHTLFE
BBUEHRIN . M T BN EIEIRK N, BT, BEE —BRBA D,
HRERIATIE . SIS F R AR ) R R AR I A 22— RUILA RS B
KBHAANR, ABIATREEERIOFENLE , XLAHE 0 AWRANE . R
7. SME). SREEE. SR SUAME . RIS, SRICR, SCEREEATLAL H A RN,
KRG T R 2 FINEE . AP0 — MRS, AN,
T A

AF{EH Ron Zacharski UL FIUAME A 68 MOAIE R, 0T HENH FAFTI.
AR AR L, S MBS, PR — LB IFR TR, RNt



| 2 S®ERFRNREERSEESE

LRORERE . ZWRMEE —ITEM SN ARZRITRARE (Shunryu Suzuki) 14 1E
(HFRIFIL) WIRE. N THERIFA TR, BB EhREEEE, RAaEssEs
RAMMEERAT CEO Frfi £t ERMISm . svra s B AR IE R A B E1E
A, FRAEOREEE R, KO,

TR L RSAL A 2 48 0 1) S B A%, IR P AE G b B R 2 B A5 B AR R FURT SR R A
WO FFURFERANBIEAH RIS HF.

HANETHEAKFAER, MAEFEXTEEFETZARL . HFEEFREMRIETHKR,
PAME RS AW . RIGTEIER wbxjj2008@gmail.com.

F &R
201544 A 29 H TRER



5

= AR 2 T o R LIS, A KA LA
. ERBZE, CRAT, RARBLE, HLFK.

¥ARMREE (Shunryu Suzuki)

(FE IHIL) (Zen Mind, Beginner’s Mind®)

: EFEA B Z AT, PRATAEIAA Pandora®. Amazon #EFF

R4 B THABEEZEREZIEN ARG +2ERN, H
HEBENF -8R RAE LA B8 . R RS INAXERFER IR RERE KHE
Wil T X —HEE. ARNEFENZ —RERNIT ERE RN “TY”, BrHERH—
LR EARART . HAIEAIN Google. KEEF 2R UKL Ah—Lit 77 H 1R £ 09
FIRA, MAIRERSIT R A N B REREE, BERRZHEN T, B2 R8T &
B ER R, EREAPZA, R RNAEIEIZE L — M A RERER, mikEd
B2)a, BARBHRUBHEIZEIL L FRES.

FHEFHCFRFRRKRZ “YI0” (Beginner’s Mind) XM, BI—FRAUIRE & Fh
AT RERITFBOLAS « BATZ T RER D NI Ui T XN E AR A (BYFRE 2N ER
i A AT

Q@ HABITFR AR M HECHTZ M “Zen Mind, Beginner’s Mind” (FF X4 (FAZIPI0L)) RGRIHEH
530 EHHEESE, WRXNFA—EEmBA. HPORT 2004 FHR. —iFFE

@ Pandora EETEEE. AR WHF A ZIRMEHNE FHEFRGRSE, HihbH hitp:/www.pandora.com.
—FEE



|2 S@ErRONEEESRRES

EEHFBRAEFROR 6 B, FF—12 K IFARMAP E94835] . K30 45018 A $d%
BIGERY, QRETRMELET FIGTH REARBE AR, KAl “BRD? ”
KRG T4 BN AR, — BB EF, AR RE BB, AR 2 F L. eds boeeeee
FBEKRM: “RETFTHL? ”» KFH: “BlIF.” REELEH: R SHBEIANFTR, EHE
AHEHAHER, CERERTRETAG T  ARMNFF BTN, RS AEFERG SR

KU, BT OERT AL TN, MBA1EEE T B O SRR R F AR
(noSQL. noge-js %), MM B 7 KO A i Ze S FTgESe, i C+HREF. Java [RZE.

PHP 2 Web JFRIIMHE—T75\. MySQL M —F R EIEE, FF. RAHBMHRAABHKE
—EHNERBAR, I BB IRE RN R . RS AR B BT i H AR -

MFEGSHERESTER, XIZHSHNNITBL.



ar. e
Hi =

FEVRTE AT 2 — 2 2 B A P BHRIZ I BOR 0 TR o 48K 2 B 1248 B S $dR 1240
AERER RN, RUCRBT A F4s 3 Wk B L. SR, AERMBROERE, Ak
BHFMIRESHER. HE, RERE 2B — A BEZHARANERFR, FUREX
ATTELAFHENER. X ERLABKSEEFE.

APARKA “Mrh” PBEORALR . WA EE ARG AT, TR
Ja SIRERAFIRBEH) Python fARDHEAT Lk . WBAHEIRF NS 5B B2 EA MR
Hrf o A H— RS HNEER /N R RR SRR, e AT, IR B ER 12 48
HIBFEARTT T 7246

FHEEAEEIT

F15 BEEEENRABERAZ
I EARTZ IR FIBE S DR AL R A R R, R4 A 52 31 G5 R B B FUTWOER
28 hEATR—=FRAE

NAHRLIE, BT ZANEAEREAE L, BESNTEEE. BRI LKL REE
Fo NAT BURBHRXRBHIBE. Sl T —MEALIERER Python LI

¥£3E hEIE

REsUITER R & T i g

WRAT B P PR R . A PR RLE S PR R/ R E . 5 BEE HAL PRy
A, WA AR PP, Leanan R 2 AL S s 3K T — 3k MP3 #B73E, A8-4 skl
PN R SEAT AARER T “HE 7,

F4E ABTRESE —ETYREENTIE
HITHD 255 R AR T 77 P o 78 i BV A R AT HERE o AR I T A B (0 IR SR it AT



| 2 SwErRNMREEEEESE

£ . ALFE Pandora 76 N ) — 26 A &) HH R A T X AP0
ES5E SENH—THRIT—E X IFMH K KNN

RSV T7E, 45 10 T2 XA, B —EM Kappa FiHE, HAMNENAT
kNN 5%,

%6 F MERRAMR UM T —Hh 3R U T
PRI ZR U773 27535, ) PR 2 5 58 R R b B8 2 B 4
£ 7E MEAMH R X A—AEEML ARG %

P BT AR 3R DU 00t SR GE AL STA 732 o FRATTRE TR X BRI SN s 5 4 S0 47 43
R, DARARE E AT BT A 1 2 JEE R I [ 38 A2 S [ 14 2

F8E BE —HARH
REK, BFEREIRELA k-means FH.



$2=E

H =

R T ] bt e <O 1
0 S AR L 7 R — 2
Ly B OIS — 5
L o ek ot LOE S S 7
s (Y T SUGU T UUUURUUORUINUUUUNU R, SNV ¥ 10 9
T B T BB RET S -vvvovveeeessersssesssses s s sssesssse s s 14
T TR TR H o cvicn wrr s O T R R SR s 15
G BHTIRE T ovvvvvsrersesssesssnessessses s s s s s as s ss s 16
R G EE BT ovveerresssnssssssnssesssssssssses s s sses s sa s s sss s e R aR R 16
D Y 2] 2O 18
o IBEID s a5 SRR b emsrersesaresmesmseaas RSO AR SRS KSR aseia 22
Python FRIHE IR F7 T Jo AT sesssssorssusssissssssssosissassiassasisissnsduasassnsssnsssusnssssassssssssassasnass 24
T DA TR B (R RIS svessovenonsusesnssssnsesssessswosssseeatin bssss s S5 as s SR SAE SRS ERY3 25
B it L T —— 28
[ U —— 30
FEBELE 7 HIRY AR I — T wevvrerrsrerssressssenssesssssesssessssssssss s sssassssssssssssssssssssssssssssssssssssans 35
Y e N D OSSR 36
FEALLEE BT EE +ovvvrreerssmsssssssmsssssssss s st ss s s sa s s bbb 40
e BEER BTN rovreererereserssemssenssss s bR 43
e TEE B ssevucvissssnionsis s s eomss A o0 35 s 434S e ansmas s b es A ke 44
T L e 5= (RS ———— 47
T L - S S— 54
R I —— BRI R R B T EBGIEIE - rveveeseersesesmsessssssssnsnssnnsissssssssssssssssssessass 56




|2 SwrFRONESESEES

%4

%5

BBUSRIEIR sscsonscvssassasins mmsss ossmmadn o s T 5 AU s S SRRSO S ARS8 57
RT3 LI vesvosnasmmnsmsessamsnss vontoessivssensisss s 4 SEer s AW RSN RS S5 4SS a8 67
I PNeT g & R ——— 76
Slope Otie T RS HETRIE] corerororsomrsosssosssemmansssosmanisssssansusssnssssmmasssssesssasssssssessonss 77
R I T = - etz s st B NS AT 83
HIAL Slope One: FEFFARIRL <ooververrmemmeiii s 88
MOVIELENS FHRAE vrrrverresressresssenssssssssssssss s sssssssssssassssssssssssssasssssssssassssssssssssssssssssasenss 90
AR E S E BT W RBAELIITIE - rvoreerrerreressrsssesssssssssssssssssassssisessasssasss 93
s A B BRI ST e st sans st s R e oA SR e SR SRS e 98
JH Pythion SEBH s-ssessscssssssmsunsssnssesscansarssssssssssssarasssssssssssssamssssssosssssssamsssssnssssssssonsasssnssssis 101
T B BT 0 1 (00t T conm s ey e i e o T T S T TS 102
TR T T ] +vssvsessonsnnorvsrmnnssmomermsssassenacansmsisussssenssbsssassstssnssissssessesss ssnsassisssnss 104
sl ssssermssssesssssnssnsnasssirstersansarnsnenasesssanssmsmesnids 3RS SS SRR SARR S AR S SR S SRA S S esSaR S 105
TEGHE BT AE AP B --erveeerresessssssssmsssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssens 109
H—4k, Vs_'j[:ugl_u: ..................................................................................................... 111
[B] BI] PANAOLA +-+++v++esersemcrsersssensssesssssasnsssssnsossincussnessssesmisessanssstusssssssssssssesssssssssssnssnsisessns 112
(= )| [ SRR —— 119
Python TR+ e 123
BRI T sossicanismmintssusssbsssionsassusensegsssastyaes i Al 133
PEIE ARG B scsvnievssssimsnmvspsreeassovsorsusssneosmevsssessavesnusymmssussessssmns ssnssssia Basnssssasiosssssn uises 135
TR s ononssncssaunss idohsasis s ST R SN R SRR 4SS S S5 S 137
23 JE 3 — BT ——IUTEVREE TR KNI ----svsensosrossnsosnsossssssusessusssassasnissssssssscssssssses 139
A RTRRAME -srco s smsscsssesnsronsasiusssnesomsssassmrasearssnsssssmasessesssnssrionsessamsssusnsle Ve asssts 140
10 HTAE SBR[ T so-sssusssmanesmscssnessssessassmsssnsssanossuossnsisnssstrsssssessensanssstissaso osnsssasssssises 142
VPRI «orosvsoarrenssenssasssnsssnsssssaasssussasssssosmsossssnscnsosasssassnssenssusasasssasssss susssnsonssssssnssersssasers 146
e AT T iy smcnrnsnememsunsnseossasscensnessasansnsasmansrses 438845 4400 S SR A S AR TSRS 148
T 154

FEAB BT LRTEARE <vvvrveserrsssrssssssssssssssssssssssensssssassssansssonsassssassssssssssasssstassessssssssassssssnssss 159



F6E

F8E

A DRI TUE B o ccrmsonmcs onmussasssnsstnssiss Pisawsas ot s eSS e Ay 163
FELHIE . FIFAIEIE DL — A FEI TR +rreerreressrsessssssssssssssssssssssssssasssssssssssssanss 168
B AN U ANZR DU - ovveeeeeeseesesssessssssessssnssssssssssssss s sssssans 170
BTN <evnceoeussurgpies e saencesamssmonsss s soxamssn s cmcesssasoansammas s s AR 174
T TR o fodeses cnssnassnsrsass ar-ssmxspeergremrmmmomss swesmsmscmmcsmermvesn sderve e B P AT 177
I TR LI SE T +vvveeseresressesssssssssssssssssssssssssssssssssssssssssssssasssssssssssssssssassssssssssssnses 185
L1100 150() rrrrrrrnrmrmmemsennen ettt ettt s s e et st e e a et 188
Dt T ) 0s R — 191
Eirg 7| R L SRR ————————— 197
LR S ST NOSIS SRS SRS — 205
Python 58 PP 214
5.9, 11 b e A T - 7 L T ——— 221
AN T HH T B S A ——JE G ML ST S He v vovversvnsssnsssssssssssssssssssssssssssssssssssssassasanss 226
— AN SCATE AR I ) E BRI E R G e 1T S, 228
VB BPER csverwsnmssssamseussrssocssnsmmsssmsmsmmssssmmssmssssssussmearsevsensersesmamessssasisiessasioesisines mibans 232
BRI PR AT TR oeveererererr e s 256
 STOTRIAE - (UGN (SRRSO ——— T 281
ST BRIBEE seorrarienssvnsrvacssssensoissmnssssoneosss ooy s oS RSSO RS 8 R U A s 289
Lo v R SN TB s dodod 303



B1E
Chapter 1

BARTZIRT 5 B A8 Jr ik

A8 150 T — AR E/AMERAEEE R : KFELAHNR: ARUEERE T —#tAmk,
i R R A P M R B RO SR TR 2 51 Clancey K AHIE R, FAfh
K18 Clancey R N EXKFEILLEE; T REMAE O BRICESE Clancey KA T OGBS K iZ A Bl =
it FHE; Chow Winkler 5 FIHNEZ T
Wilson %64, fih 5 &R 2 & 89 H B
(Renmington) “SRA&MHI&; Wilson 564
31X 7 245 F Bud Barclay, K Afth%niE
Bud IE7EF R —04F#; Valquez B &I
TREIE Lee Pye 2 EE mHEMX
%, BAN Lee Pye EXKIEE, J HMEWKRE
B BASRME. 100 FERTPDEAFEERS
AMAZ BB R K.

MITFEIRKIE 4 @RAEHRIL . AERFRZIR, REFRHEZ MR
ARE, XA B MR AL X A S SR T AR BRI .

BTEE 100 ZE 2 5 RE] T 20 tHeE 60 FAR. MEAAZ BRI AT et BARE Fr N ERER
FAE. AHPIERERATRESSHIFENEER “PJEE EST James Michener [ H 7, X2

® EWE (Renmington), FHA KW /. —F&HE
® James Michener (fEURET « F)448, 1907-1997), EEELM RN RK. —FEE



|2 surFRMEREEETRES

[R Ay fth 038 1% 51 % 5 %K James Michener [I{F & . 803, J 53 7] B 6] i % #E %% Barry Goldwater”
5] The Conscience of a Conservative, iXJ& K AfthHITE Z B 248 E KR TR FEANER
KEMEPE, RFEATRERN “RARERUE—FERE? 7

BIfEZI SR, MEWTIRKESFLE. IRE Mesilla ) —/NAHBNHERE, ok 523K
“R— R ISR IR AE ERRNME? 7 X R B A E X R R R R SR R SRIAAR
LRVEEM, WBAFENREBIHMER. haERERLBMmEsE REXE R,

B2 M\ 100 SERT RN AR, 1EBUBEE BTl . KB TR B 08 7 b 0 & 575
ANFCARTE JE o X FPSCERIFFAGET, AMTHEREE+ 5 H PR . Henry Ford B2 “ R EX %
BN, BEHAT DIEERRA A ESE” ©. RS HERE A EEERK, T
T S B HRA R ARZKEE? RAEEWR., T558 I REE B R LR AR ANL?
1950 4Ei At Sears FiJERABFALS: —FMREN 55 LuMtstER, 5—FREH 95
KB,

DR 21 g

HEN 21 42, FRIGEFCLEH T E. WRELE R, iTunes 245 T 1100 788K
Hh AL RIERE . XA 1100 /5! #1kF] 2011 4 10 A, iTunes B4 HE T 160 2 E K.
REEF LML, AT LAY Spotify?, & LA ##

i 1500 75 & H R AT ik amazon
\u/"

BEA? Wi B 200 T+ 4 W] ik k.

(® Barry Goldwater (FLE « SfE4E5F, 1909-1998), EEBHAXK, HEMEA, BETFRZMMNSYLHE, &
1964 4EEE M ik 23R B i fE%E N\ . The Conscience of a Conservative' & £ 1960 4 Hi i 1 —
4. —FHE

@ Henry Ford (FFF « 4855, 1863-1947), EEMWRREARMELHE . A AR, MiFXa)1E RN 240

s R e R BAamRED . —3FHE

Sears, ZXLEFEAH. HEE

Spotify, —MNEIETIRMAE KF G, REEFEIKE R AR FAARS ML LN KL 1500 778 HKih

IR S . — & E

®@



F1E HEEEENRABERASZ 3

EMI? 7T LA I 2 FPE .

IS T5 R

™

ﬂdl()ﬁ‘%m*ﬁ

K — GBI ? 2471 3 ) 3 (1 48 R AE g A
laptop i, 2xiR[H] 3811 2454 .

T 40 R4 rice cooker CHLURAR), NITAT LA/ EEIE 1000
KR,

EAARE R, BINEFLESTEL: B THLEELS
Ry REMATT B PAK AT LUEE 3D FTENE fil i e i, sk,

SFHEEXITR

XX AL, FBETFHRAAKN R . 1E iTunes FIFTA 1100 /5@, RIEH
EXHTRTREAR A2, (ER 1A EAE T T4k B 0 st . A B RRAEM Netflix FWE—#ii
BRI, MABRPZEW—H? RAAMGH P2P T30S, (22 BRI % FEM—
7 FEH, ERREIERAE IR SoMEaE T FHREAMASIMg S, 54544
Usenet ERtAT 100 MECHF, M Eh#lA 24 NEFBFHK (RIS A4 %) YouTube, /N4
180 Fior 1o AR AT - SEFR b, AR Bt 5 P A kbR 2 (1 L AT LI S . 78 BT T 3k
X RALRI “UGEE” b, FARHIFRT G35 15 Mk bk R 7 .

WRRRLAFIEN, I ERFE TR (Zee AvD), AN FARETH A
TEREE S, METIRE CBRREM.



| 4 SeErRcOMEEETEES

Banfar I HXTHR?

TERTTE 323 ) 2 4 LLRT I /Mt |,
BATE L PAE K F AR R T
FAKR, BATREAR AR SRR R A RA
MR, FBAH /N EAEIEBIEIRE], B EUELENE Fr 5 HRBIHEEK
WEI3313LPIER CBRRMER) 5. B RBATEKBIN A K
FHRMKIT R

# Obscurityyy

BAthd I T FKF LK NS . LEERT Consumer Reports”
A LA S AT 20 FRLS R HLEE BT 10 FALS (0 s IR BRI AT VP4l , AT X 25 i3
THERE . ITE, TEVE Dbl A A A S R, AR E S RN BT X L
HIRRIEAT IR . Z4EHT, Roger Ebert” JL PRI FTE IR . (HERIESMA —ES
HYERZ) 25000 FE fr. desh, BATETTLUAEBAFIEK VIR . AiR2 Roger Ebert ik
REBBANER, HEEFRRINERERFRELH .

HATHRER N REFHE DR FIREAT B, 76Kk 30 G A R EH T —& Sears
Vb, AW S — G Sears VoM. HEWIK L RBAIIEIKIEF, HAMRATRERME
AT A —A0E Fr, X BRI 1R KB AT et 2 EROXANE F

LHRBHEAA, FEREFAZARAGZGEZEFRMAES R H X545
RABAEAE , Rit, RANEEZ— it F LB i 2 21 &R,
B A BRATIAER BT,

AR RE NI ELF . WL 5 st X HABBER 7%, R AL (HAO
HIB T, 288 HAHKMX %, Blin, FEIK Phoenix IX/NHRBA. REEATREANIE Phoenix 5kEA
MR FEAE A RR A AR RS RS, TR, EnhnRMEE 1
JEHEARLEI SR BN, EL4n The Strokes 5k BA o

@® Consumer Reports /& 1936 “EF i HIEEHE HE S QPHA T, —F&E
@ Roger Ebert (T « B10%F, 1942-2013), EEMIEAN. RBIRER, EFREKRBE. —FHE



HAAZITE

F£18 HESEGNRFEERTZE b

BAEZH AU R 5XGHERA X, AR BB SR TEE L M. BB F s
100 FHTAAMERIBHCOARITA A« S3EEER, hinEs A~ NER A &

24 A\ Frank Zeidler )\ 1948
§§u 19604 4H4F-Milwaukee ]
¥

Matrha, FH1RK % TR

B, RIS ) BN
58— 0. j

John, FREGTALIETEHERE?
BRI TR A1 0 B M e
5 £ (%A

4

SORRR T EFKIRE LA S, RICHIELE R
SR B IE VT IR SSR AL NI

o, Syl, RAFEFHIELFE? -oenee AR R EFAR
A 4 B35 AL 5 T K 4% % A Frank Zeidler 69 Z--+---

BEE EALH R, BRI BUR SRR T T8
— R . BNAFB BT S EE SR, — M
#|F& 7 ¥ Lyndon Johnson® (i%J™ % I HEI [ & —MER
NG N AE _EAEAE I, TAE b5 f5 — Rk 5 (EAEARYED 1
E4 (B L) B EY. SR, BT RS TRN

fIZ R A H 2 K R EAR 2R, MRS DA IRENA . RANRX 88 £ B 24 AU
A LARTT g2 B B B e 53X T BAHSK I H 3 & % 835 (Robocal) ©.

TR 2 A N A B ARTE R P8 N\ 213G BRI . (B BUAE B 2 0 th v R a3, R

®e

Lyndon Johnson (#R% « £k, 1908-1973), H="+NEEEBL. —FHE
FTE RN “Daisy”, X4 “Daisy Girl” 3% “Peace, Little Girl”, /& 1964 £F 35 [F i Sie 26 i i 1%k
AME « Qs — T HEH B — &SR REE S, B S S —RiEA LEE TR

BN ERAEIERIZ M EN ARG EHIR S, R H R iEE S W EM4HTE. Robocall &7

fre B A BUIR T2 A0 F BL.

PEETE



|6 SwirRoMRELEREES

s A AT RE M BLAEAE AT X . 2001 438
EEFEY 7 REZEFIESRE (Uniting
and Strengthening America by Providing
Appropriate Tools Required to Intercept and
Obstruct Terrorism, Patriot Act). 1%iERTE
AR ERFRAEAN RN BAEIRIR
Fiox, XLEHFHEFRCBFRIUEBOES
TH FEKEE. FHRRAFRBIED
Fgdd s, F%. BUFEZELER AL FRREBATESE . B Seisint —FEHIL
&) JUFHA AT NOBHE, M. B, REERS .. AN T AR K
555 . Seisint 76 88 T B A B F24 BOARRXS ANTBEAT B o Ao AT RO I K™ Wb AR AR
—The Matrix.

RIBHIREZ I T A E M ERITY R

$1#%%F « DU5E (Stephen Baker) TEARIIFS The Numerati 1 —IF 450X A S 3

AR — ki, RFHARAEELELFGGRDEY, AL E LA
E-ANFit, WELAGERALLAL, KRB EAET ARG FER, RAFLE
/Z‘I:':X‘] Lﬁ-ﬂ{,ﬁ] o

JASP R, T AL, REZBWRAET 3R LT EGH
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HARE, MG, WS TREALR LG EPEE, ZBRET (HXEM) L
BH . WEET —FRETAFRZI ST ERFN S 4, GFLEREZRELR,
#it k—o4r, heaB2t—F THRRELE, LEBB—THRTANE 1.5 AR
B R A B3 AT A .

B2 S A AR UK L. 5 H R

FEAR /N BB, FRATTAR P AE O B S AR 3 ROFLTFRAK
P P R AR \
MR, KBS K ERAR—EEBE. RO ASMpRe

RS RAK B4 L o T 0 R B /*ﬂﬂﬁ%
BAN FRMBARER (5 9 X)), Bk 4 v 5
H « £KE (Charlie Kaufman) M. AL

] X A BL AR T BRI FT L A5 2R SR T b T 3 XIS 8 R A6 5 -

— AN BRI I ke v el o BRAME It R AN R R F E, FIHXAME BT AT A &
BERAMEHERT . ATE T HEEADFEAT I . BORIZIEEE% Y RIXFhEE /1, 1ERAND
REfEALEE K E(E R, Hotn Bse®Esy « NEREIN 1.5 2 N XtEEE1F Pandora & KRS
BRI B R BT WE S RHE G, WA Netflix NREATHRE A EIL RS IR S

[ ==

TB Rz M LA ERIL]

20 40K, 100 J5ia (IR EB A NR K. 20 2 90 FAR AL TR AER GBI,
REMA#) £ Greek New Testament fiff T —FEFEF R K4 20 J3 BH78 K 2 Hrt KEIA
REME EN AN FEMABAELEREEAEME L, REDAE R L.

Barbara Friberg /& 3% 1% 4& & 5 & Analytical Greek New Testament — ¥
HaFdEmr (TANELHARE EITH ), RESNERARARAXRFT
RIZRAE 3 ERFRZ—,
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WAL T E L LT EdERZIE 27 %2 Wit . Google #i# SPB (B 5000TB) ] Web
HBdfE. 2006 4 Google AFF T —Hr 1 LB HRMEHEEARFMEH. ERLERMERTL
REIEILFRK. —MEE 2 LEERAGR (BHERS. ®iFdsk, BTids. EM%d%s)
#] Acxion AF C&FR & 7T 1PB HIHHE .

& |
“ \%\Psna%%%%%tﬁ

ATEAMTERANEERE 1PB EERREZ K, (LAWY (No Place to Hide) WIVEEH
& « B ARIR/R4E (Robert O’ Harrow Jr.) #8H, XM 4 THEKER (X4 (King James Bible)
HERR R 80000 A HJF . IHHE AR TH BN B, KA 3200 AHMFESH.
HRAB BRI E LR FERRET, A4 1PB JLTFRNRICEF-

MAHT SR 1 BF 2 4 R



£1% SESEEARFBERSE O |

BAEHEBIER A RAH 20TB, 7] LUK X Ll RAFENE & B R b S5
TE R B B )2, YR/RISIRA T 570TB MIBEE. I R A R 2R B L, fEfE
BN EATATIZE . PR SR HAIE . XFRA TB 244248 (Tera-mining) .

A HB R B BIEEA AT D XA FE. WOAFENFIEST — AN
B R 2R T R PR R ABrEHRRAREIEEAZ] 100MB, 15K EHE
ERE LT

KB EBG

ABFABATH ik, WEWARFHFH R Python MRGKIMAT > LRI ML,
AR B A . 22K IWARIDIFELS DA FEHEE L2 RAA P HIER K
IEFRMRHA B 5 o

BE A BEN T Z BT —Jm, RS R IZHE Python A
A UAE 3 AT A R X AT 8 2. i — T, B thee T e MBIRIZIR SR . JuBi
IEBE PR R . $o & Python AURS I KX i) B Y-, BN BIAT B A RSO )
Fi—ERIr

Google B FUBE e KB 15 « 5 4E4E (Peter Norvig) TEARI Udacity fELLIRFE GHENERF
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Beit) R F:

TERALHERGMEN TE, F2EENRA, —ANFATRA ST, K
FARABLR G LA E— 0 A AT, RAOMBERRA T bR 3 LA 5 A2 A 3,
FHR, WRKXREABI—FH M T R, AR, LHREF,

P65 3 SRAL ARG KRBT RERGRE P, B, T269— 52 H MR
REFe RO RAZ 6K RAR B TABMET &, IHRRREERORG, 6 XF
AE45 Bkt LR LS T A R B & & AR,

H+o2EELRRE

AHHAREH T AEFEIZWEARG BN . TR
— e 44, tbin Pang-Ning Tan. Michael Steinbach % Vipin
Kumar & 3 1) (FIEIZH FiL) (ntroduction to Data
Mining), ZEMIRME 1K L TVER AR BIRANE .
MARER R ABARN T4 — R, HIgrsEAEA
I, BT AT T R R AR R 2R,
PRAT LI £ — A BERE IR I A5 R R M AT RE Y ZE BE

A5 BA A] MR 28 B4 BE 15 B 7 8 Python XGRS
MEHEE . RINRZHERIMASEE I FHEE 5B
BN, FR %2 FH WA BB ZETRARIDRETE

FRAHZFAUMHE

SR LIR, IR MU Python S# (ERE— MR T ARVE 2 Wit SCHL Web 3K
ARG BI, 44k Amazon (5K #5k# Pandora RUXEE KN, —LL4RAT AL
IR RAD R TR . (A ST RICR RS . JE5h, ARSI R I 10
LA 0 PP A A o UL R A

Al — A B 10 R LUK SRTFHERE . BB B SR 10 RGO MRS T2
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PRE DS XX L RGBTSR — D RBUN T .

AT AREHREE

Pt AARBLZAE S (A K27 ST IX AR THARAZ A 15 ? AT —JFHIRRE 7 B 1248
LA EZR . B0 TR R FERZXNR (BFERE. &, B8, B
55D, XX R MRECR SR . XA LRI JE B B 2 AT 3R B 5 Bl
RN R A BRE ST, MIZEWLHRE? REZEN T A BRHA? RAHEXA
BRBAEIZE T RMES . 1RZ Web PISSEA R ITAEE “ARER” EFNAMNF. BRT
EHRBIFERE., TR BELEIRMZSN, VRATREE R BHERF EMEA A . MR —H4
AL RS R R AR GB AN R, IR IEREARE? WURIRZRER 61, JLHARE Web FFK
AR, T RBEEIZEEAR T E .

W7 BEVRIZI B A A BRI (R 2 Bl 4248 1, (HR A A AFE?
AL NAEER B M B BARIZ I T 2 N4, WAAEPRER L. A BK. frikd
Hy EAREM. 2755 « I (Stephen Baker) 5] The Numerati 7&—A4F 5. s
FUHERR X A o« FRAE 35 J8 MEAHT 58 78 B 2 18] 25 ZE W i iX A H I H R AT, IX A 451 SE 5
AN 75— AW R 2 R A2 38 06« e ATt T BE 42 4 218 A SE B A TR N
ST REXAFRE AT HA LR H Z B RSE. ZHAERREN AR, XEA
WA AN EE (hacker).

XA IESEV FALL R, XS DB RE R IR
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S A7 |
FhtESHEAR, BERLER g
R B2 B AT LUR AR A 75 SR MR RR X E(“—"X”_")

s(i,j)= e =
BN K EETR R R TTRE I IE T A A 2 JZU%—&)$ZWM-&>
uel nell
K AR '

R EHX AR REVLUIRIRA S, REWKE, AR, BRELT L RHRILE.

HHLBEZ2HBEE “Ancient Art of the Numerati”

2010 5 6 A, EIFHFERALAMNENE. REXBERAKHEL, ERAZERNRE, REH
EAMERR. RERKEKRT —WRIEN Linguistic Dumpster Diving: Geographical
Classification of Arabic Text 3L (Xf, & —REIRIZWIIL 0. RIBERXAMRE, EH
EENEABRTEVESMUER TN, ERERULIANZIMIERBRAKNER. Y
Z5NEE T —R8A Mood and Modality: Out of the theory and into the fray 3. B &
RIEEE Marjorie McShane 45 bR, &2, [FEIF] 2010 4 6 H, WATAMERHEEZRAHK
S, FTUARAFIERARRREN 4. &G, B “SHEF R NEEETZIE SRR 7
EABEBK—#r . BAGEXSH TABABTK—/MEW R, BXAHERATHEFR
RENTINAR . VRATRERX T B 5 /5 T 1 — A 15 R B R A

A 73/7/‘4/;%5/‘ s gu% te Data /l/lmy,-
A Ancient Art of the, Nomerats,

Numerati /& 2% %% « W15 (Stephen Baker) Mi&ERI— ARG, BRI ANEBRE24
HEEANEANEE. XEBREAFEGEH RS Twitter EHESL. Gowalla EHIHE T
Foursquare FHZZIFEE . FHUEWE. WM. EE, F%.
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YR—#2FK, The Matrix HLENIE/R 7:10 2 7E Foggy Bottom ui3eHhek, 7:32 7E Westside i
TZE, #RJ5 7:45 7 Sth and Union [ 2 B etk — KA EREMME, [FINf iz 58 =] Bt ARAIH
Gowalla #4T EHEFT R, 9:35 7E WV Dhidh bW SE POOX ZX B & #B )k it Xl (Extreme Home Fitness
Workout Program) [ 13 7k DVD £ DL — M EAT, SAJ57E Golden Falafel FzZ 1.

LT - N EE:

e B F A MR HAEE S AMUGE AL G ARG B F R HHIAF R T4, &
Pk AT 2 X LR IR AR 4 5L A4 RYE L0 AT, X 2 Numerati 705 AR 45 A RAN & EF 2442
BRRRAHIFEY —ABEGETFE (SUV) F 7P, RAAFRMLE
( Albuquerque ) T —A2 % A HTUMALFG R EB R ECA, RFHRAE—/AFT2) 6 E
B3I T #7945 ¢ (Hyderabad ) #) Java #2551, RFA— AN EETFRE AT L.
ERBARFLR HEGHFEF LR EIH, bt EAMET REW R P ARE R
A, RERRA LA, BNEAABRT RS 7 @@ FEG, a8 Ffe U AR TRt 4T

PRA| Fo AL,

IEARER YRR BASE B MR AL, B IARIE Numerati A K S23# 55 « DUse Xt e B .




B2E
Chapter 2

Il i PE—— AR 7%

THEBINE R RE, NI RRANIO B IZ MR R 2R IS i ah HE 2 2
last.fm {5 SREGEIE S HERE, HERE RGTAALE:

Customers Who Viewed This Item Also Bought

L0 INSIDE! K ISIDE

4

l:j The Diamond Sutra The Heart Sutra The Lotus Sutra
* Red Pine > Red Pine : > Burton Watson
yevoindrde (20) Yodolodode (21) Yodofeved (27)
Paperback Paperback Paperback
$13.57 $10.17 $18.21

) 2% P i )25 [ L 3K T

Similar Artists

Stanley Clarke &
George Duke

7 ER T Db Bl 2avh, W@ A oG B THEE. F—HoEEARN
% T Gene Reeves 81/ The Lotus Sutra —+5, 5 37015 B AN W A5 1) i 2% 7] B 3]
A 2

=
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Maceo Parker's Funky New Year's
Party

With Maceo Parker

Maceo Parker's Funky New Year's Party

Friday 28 December 2012 at 8:00p
Add 10 a talendar

8 Yoshi's San Francisco
=== 1330 Filimore Street

San Francisco 94115

United States

Show on Map

Web: sf.yoshis.com/sf/jazaciuh

X — BB T IER N R IE (collaborative filtering) . Z FTLAFR N “HhlE” 2
R k5 T oA P AT HERE . SEbr b, AT A SRR Bt . K TAERAZ a0
T BRRESERIAER R HEE — A RBAIR. RSEMIE B R SIRMBEBRHAMHE . —
HRFXANAH P, SEEZXANHP I EX R E/ReEl#EELS IR, thin Paolo Bacigalupi
{] The Windup Girl,

MR SR AR LA A

Bk, HERRE SRR KRS . Amy
A AP FROARRE. BRITTURBR
Al S BRSO BURARE, T S WESHAENE. 3 3
i FRATA SRR R, FEFEASEY G ° —
é’; 1 im

Neal Stephen [¥] Snow Crash F Steig Larsson [f] Girl with
the Dragon Tatto 1X P A 34T PEHR HI1E L o -
Pragon Tatteo

B, THAHT 3 MR IZABKIPFHRE R :

| Snow Crash Girl with the Dragon Tattoo
Amy 5% 5%

Bill 2% 5%

Jim 4

BT SRBELS — AN X LB HERE— A, theh Snow Crash T T 4 &, T4 Girl with
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the Dragon Tattoo RAT T 2 B. F—HHAERIE X L& sk AP, aTLlE

R E R LI — M

SMEWIRE R

A o W BE B T STV R TSR TR B 2 i
PEE (Manhattan Distance) Z0E B4R (cab
driver distance). fE_4EMENL T, BIHP KRN
Rxy), FTRARE x. y SIANTARRERAFRKIA.
B, Gen, 1) AT BEARS Amy, T (xa, y2) U FT HE A2 41k
M X Zet. TR, WAz )R 2 R HRE B Al AR
TR

|xl—x2|+|y1—y2|

B 43 3t 55 x ABAR AN p AAKR I 251 1O 285 (B 2R
JaRkM. Fit, Amy f1 X 245 S 0 4,

Svnow Crash

3
‘i' \{/—wl.-—\' Am\',
L 3 X
3 ]
24 , Bill
| 4 s dim
T S
Draygon Tatteo

T X A EIRFRAE 1 3 ASH 7 2 R B 2 A B A R A5 R

Distance From Ms. X

Amy 4
Bill 5
Jim 5

Amy REBAEMAF, TREATA] LA M0 H) J 2P HanIRATR I %S Paolo
Bacigalupi ] The Windup Girl ¥ 7 5 &, FEUAT LB X A FBH#HERES X L+

RRECEE S

SRR E N —MUS R EE R, WRZAE Facebook [ 100 T P H IR ERKH
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$£2% thEDTE
FH LT (Kalamazoo) HI/NHEBAMIKIM -, MAEBERAFEHE,

EXFHEE ( AREE )

fRAT e A DA A I F R EZ RS R RAUEHE . I, FATARIFHE Amy
X b2 [0 8 EEEEE BRIy 4), TR B B P R 2 (8] (B LR R A
RS

3
LY QAN

\{ﬁ 4

o ®

o

g 3

v n

3 3 . B

° -

‘f, 4 e dim
L7 3 % JS'
Dragon Ta treo

R R E EAR Y, AT RARA A Oy S B IR

) c=JEFE
a
b

FRBELPEEFR NI KIES (Euclidean Distance). & AR F:
\/(ﬂﬂl —22)% 4+ (y1 — y2)?

FEICMERRE, XBEK X xo 2 BRRIEP 1 M 2 E3 Dragon Tattoo WIFERE, T
Vi~ 2 WA RIRRH P 1 P 2 XK Snow Crash FIFEE .

Amy X} Snow Crash 1 Dragon Tattoo #4117 5 B, ###H) X Z1:Xf Dragon Tattoo T |
2 Bifixt Snow Crash 1T 4 B, Hk, A1 (a1 IRK KEE &4
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VG -2)2+(—-4)2=V32+12=V10=3.16
FFE—F X oA Al A R REE 25 2215 5.

Distance From Ms. X

Amy 3.16

Bill 3.61

Jim 3.61
NETHEE

T THETFRA A Tl 1 OB D R BT R I — rUH R DL o (BUE BN AR MR
SRS AR, JF ELARE S HEFF SR A9 FH P 4R it S EE A PR3 o ABBE A AT BA AN [ 4 BAGEAT P
%, PPGEEMN 1 BB 5B, FREARvErEe, than, fRA DR R 2.5 2. Tl
ML T 8 MR 8 AN IRBAEATIER I L.

Angelica Bill Chan Dan  Hailey Jordyn Sam }Veronica

Blues Traveler 35 2 5 3 - 5 3
Broken Bells 2 35 1 4 4 45 2
Deadmaus a4 45 1 4 -
Norah Jones 45 - 3 < 5 B 5
Phoenix 5 2 5 3 - 5 5 4
Slightly Stoopid 1.5 35 1 45 : 45 4 25
The Strokes 25 - - 4 4 4 5 3
Vampire Weekend =~ 2 3 - 2 1 4 -

R P R AR RN F P I NHZ SR BAEAT VP o BRAETRATTEEHE T X7 #R PP SR BA O 2
FRAEFEA PRI R R Angelica 1 Bill frIEE S 016, BATHEAL A Blues
Traveler. Broken Bells. Phoenix. Slightly Stoopid fil Vampire Weekend fJPF 45 K. LLI 15
FI P B S BITEE B -



B2E HEE—BHFE
| rngelica Bill Difference .
Blues Traveler 35 2 5
Broken Bells |2 35 15
Deadmaus : - 4
Norah Jones 4.5 -
Phoenix 5 2 3
Slightly Stoopid 15 35 2 ]
The Strokes 25 - - R
Vampire Weekend ) 3 |
Manhattan Distance: ' 9 -

TR EEATHEMREEE R FMEZEMNRMER: 1.5+1.543+2+1=9.
MR ECRE B it B vk S B AR X5 &Vt 2% i SR A AT

Angelica  Bill Difference Difference?
Blues Traveler 35 2 15 225
]Broken Bells 2 35 15 225
Deadmau5 - 4
Norah Jones 45 - K
Ehoenix ‘5 ‘2 3 9
lightly Stoopid 15 35 ) 4
Ehe Strokes 7 ‘12.5 - ' ]
ampire Weekend 2 3 1 1
Sum of squares ' ' & 18.5
Euclidean Distance 43

AT EERDT:
Euclidean=1J(3.5-2) {2-3.57 +(5-2)* +(1.5—-3.5) +(2—3)?

= Y152+ (=1.5)* + 3 +(=2)* + (1)

=225+225+9+4+1

=+/18.5=43

19
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[

Blues Traveler
Broken Bells
Deadmau5

Norah Jones
Phoenix

Slightly Stoopid
The Strokes
Vampire Weekend

Angelica Bill
35 p
2 35
- 4
45 -
5 2
15 35
25 -
2 3

Chan

5
1
1
3
5
1

Dan

4

Hailey Jordyn Sam

J

»

=T 7| 1 I Sl

AR THG?

FRATIA B B A% — AT

45
4

ol

5
2

n W

5t

Veronica

Py 8

115 Hailey A1 Veronica R FCHE 5 .

115 Hailey #11 Jordyn F) KK FGRE B
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ﬁm SJB—RE

1+% Hailey #1 Veronica &K FCFE =S .

=/A-52+d-32=yI+1=+2=1414

1% Hailey 1 Jordyn fIRK [CEE & .

= VA= + (1 4P+ AP+ (A— 47 + (L 97

= V(=057 +(=3)> + (-1)> + (0 + (-3)°

=+0254+9+1+0+9=19.25 = 4.387

— AR B

FEERANRMT ERBEETEE—/ M. 2575 Hailey A1 Veronica FIBEEIR, &
AT B BN h AT TEB YRR (1) SR BA R A P> (Norah Jones 1 The Strokes ), 1fi 2411 % Hailey #1 Jordyn
FAIRE BSRT, A AT TER YRR B9 SRBA I S Ao 1XA¥ Hailey 1 Veronica FIEE B i+ B % T — 41 Hailey
A Jordyn HIBERTHHAET L, XFEKRSERMNMERTEA RS . DREHREE
i, SRR RERIEFEE. RRERNLAHER —MNERAFZRT R E. ABEHK
NESN AT XEARAFTERRBIZXA A BT, 8T RBAVEEHELE REWER
REZIR.
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—Rgft
2 G BPE B AT RK PR B AT PA— M Ab A R AR EREE S (Minkowski Distance ):

dx,y)=Q | x,—y, ')

Hrp:

o =10, ERAXIEKHAZEZEIIERE.

o r=2if, ERARIHEAIHZEKIRIER.

o r=cofif, FRANXITHKRE EHHFIER (Supermum Distance).

HE 2P I LN XRHRA 2 ik k.
—HMEFRER AKX, BTREN—T “%¥
KA, RIERIEBE T — B BAUKINK
B2 XFERIBEEE . PR EX A
XS, EFE—T, RENARBATRNFIN

REELT, WK AXIRE S ERE.
T E B LB A RREATIRAHINT 2 =1 i,
LR AR N B IR

d(x,y)= 2:=1| X = Yy |

Xt 2 B 2 A E B AR TR UL, x Ay ARERBADNHI, dley) RERAMATTZ [0
PR . n AARAAIE PR RS E (R U x A y FX XL SR BABEAT T VFZ0 . ATTEFRAT
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BT TN RS
- ~ Angelica Bl Difference
Blues Traveler P.S 7 2 15
Broken Bells 2 35 1.5
Deadmau5 - "- 4 -
Norah Jones 45 - ]
Phoenix ' ‘5 23
Slightly Stoopid 15 35 2
The Strokes 25 - e
Vampire Weekend 2 31
Manhattan Distance: | "9

#{l (difference) I—FRIFHRZ RIMER, REHXLEERNEIREER9.
2 =2 B, AT LAR B0 T RR KRR

dxy)=y 2 (5 =3,

X RIEER ERIEL!

rifix, F—4% FWRXERIREZENRM
K
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Python ##ERR A E RN

fi i Python SRR R_EIRFA A HIBHEA LML, THEHBEKEME Python )T (1
MRONRERBAH BE AR KRB :

R , AP 8 BT A ARALAR T YA www.guidetodatamining.com
R

users = {"Angelica": {"Blues Traveler": 3.5, "Broken Bells": 2.0,
“Norah Jones": 4.5, "Phoenix": 5.0,
"Slightly Stoopid": 1.5,
"The Strokes": 2.5, "Vampire Weekend": 2.0},

"Bill": {"Blues Traveler": 2.0, "Broken Bells": 3.5,
"Deadmau5": 4.0, "Phoenix": 2.0,
"Slightly Stoopid": 3.5, "Vampire Weekend": 3.0},

"Chan": {"Blues Traveler": 5.0, "Broken Bells": 1.0,
"Deadmau5”: 1.0, "Norah Jones": 3.0,
"Phoenix": 5, "Slightly Stoopid": 1.0},

"Dan": {"Blues Traveler": 3.0, "Broken Bells": 4.0,
"Deadmau5": 4.5, "Phoenix": 3.0,
"Slightly Stoopid": 4.5, "The Strokes": 4.0,
"Vampire Weekend": 2.0},

"Hailey": {"Broken Bells": 4.0, "Deadmau5": 1.0,
"Norah Jones": 4.0, “The Strokes": 4.0,
"Vampire Weekend": 1.0},

"Jordyn": {"Broken Bells": 4.5, "Deadmau5": 4.0, "Norah Jones": 5.0,
"Phoenix": 5.8, "Slightly Stoopid": 4.5,
"The Strokes": 4.0, "Vampire Weekend": 4.0},

"Sam": {"Blues Traveler": 5.0, "Broken Bells": 2.0,
"Norah Jones": 3.0, "Phoenix": 5.0,
"Slightly Stoopid": 4.0, "The Strokes": 5.0},

"Veronica”: {"Blues Traveler": 3.0, "Norah Jones": 5.0,

"Phoenix": 4.@, "Slightly Stoopid": 2.5,
"The Strokes": 3.0}}

A LAE IS I T IR R B AR A P IPPR AR

>>> users["Veronica"]
{"Blues Traveler": 3.0, "Norah Jones": 5.8, "Phoenix": 4.0,
"Slightly Stoopid": 2.5, "The Strokes": 3.0}

>>>
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TTHE S MG EE E R

THESE AN 2 G R B A R AL

def manhattan(ratingl, rating2):
"""Computes the Manhattan distance. Both ratingl and rating2 are
dictionaries of the form
{'The Strokes': 3.0, 'Slightly Stoopid': 2.5 ..."""

distance = 0
for key in ratingl:
if key in rating2:
distance += abs(ratingllkey] - rating2[key])
return distance

APARXA R E ATELEAT:

>>>manhattan(users['Hailey'], users['Veronica'l)

2.0
>>> manhattan(users['Hailey'], users['Jordyn'])
7.5

>>>

TRATLE XN IFEREIEA S RE, T (SEhr L, R BN & BUREK T
A VR IIE E

def computeNearestNeighbor(username, users):

"""creates a sorted list of users based on their distance to

username"""

distances = []

for user in users:

if user != username:

distance = manhattan(users[user], users[username])
distances.append((distance, user))

# sort based on distance —- closest first

distances.sort()

return distances

A AR % R F AT — MK, A

>>> computeNearestNeighbor("Hailey", users)
[(2.0, ''Veronica'), (4.0, 'Chan'),(4.0, 'Sam'), (4.5, 'Dan'), (5.0,
'"Angelica'), (5.5, 'Bill'), (7.5, 'Jordyn')]
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&JE, ALK LRI EE —RBHITHE. BN Hailey i, RSB MthHRIE
HIRE/E, X B & Veronica. )5 HLE Veronica WL 4L Hailey 8 P K. 5
&b, fR¥ Hailey 2 H1 Veronica —#EXf SRAPER (Z/DMATHIVFLE 15335480 . Biltn, Hailey
% %t Phoenix HFATFZL, T Veronica X% KEAVF T 4 £, F UL Hailey thXf Phoenix /&
Mo, NS 7 HEF R

def recommend(username, users):
"""Give list of recommendations"""
# first find nearest neighbor
nearest = computeNearestNeighbor(username, users)[0][1]
recommendations = []
# now find bands neighbor rated that user didn't
neighborRatings = users[nearest]
userRatings = users[username]
for artist in neighborRatings:
if not artist in userRatings:
recommendations.append((artist, neighborRatings[artist]))
# using the fn sorted for variety - sort is more efficient
return sorted(recommendations,
key=lambda artistTuple: artistTuplel[1],
reverse = True)

PUTESS Hailey fHES -

>>> recommend('Hailey', users)
[('Phoenix', 4.@), ('Blues Traveler', 3.0), ('Slightly Stoopid', 2.5)]

EABATGO B —FE. EWRMNFBOIEE, & Hailey HIEMI4LEER Veronica, i
Veronica #5 Phoenix HIEZ A 4 B . THEHBEZ RN E 2 H P #H{THE:

>>> recommend('Chan’', users)
[('The Strokes', 4.0), ('Vampire Weekend', 1.0)]

>>> recommend('Sam', users)
[('Deadmau5', 1.0)]

FAT1£iN A Chan £ E XK The Strokes 5kPBA, FH M Sam A E XK Deadmau5 5P o

>>> recommend('Angelica', users)

(]

W3, X Angelica FATIR[E] T — /N5, XEKRE X MEA MAETHER . T HEE 2R
JUHE T [ .
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>>> computeNearestNeighbor('Angelica', users)
[(3.5, 'Veronica'), (4.5, 'Chan'), (5.0, 'Hailey'), (8.0, 'Sam'), (9.0,
‘Bill'), (9.0, 'Dan'), (9.5, 'Jordyn')]

& Angelica B if {48 /& /& Veronica, HATHEE— Tl 1HHIFER(E B :

Angelica Bill  Chan Dan  Hailey Jordyn Sam  Veronica

Blues Traveler ~ 35 2 5 3 - - B B
Broken Bells 2 35 1 4 4 45 2 -
Deadmau5 - 4 1 45 1 4 - -

Norah Jones H.S - 3 = 4 5 ‘3 s
Phoenix ~— s a2 B B - B B &
Slightly Stoopid 15 35 1 45 - 45 4 25

The Strokes 25 - - B 4 7 4 4 7 15 - 3 ]
Vampire Weekend 2 3 - 2 1 4 - -

| \ [ \

AR I Angelica F1 Veronica PP 2% () SR BA — 15— FF, FHE&A BB KRBT EWH, Fik
AL R

B R RIS 2 03 T X 2R GEREAT ot AR G b 3R 1] R

FoEmy S

(1) =£3 Minkowski #F 25 pR %k .

(2) B2 computeNearestNeighbor #& % LA{f# F] Minkowski P& .
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iﬁmﬁ>:%@——4@§

(1) =3 Minkowski #5258 pRi 5% .

def minkowski(ratingl, rating2, r):
"""Computes the Minkowski distance.
Both ratingl and rating2 are dictionaries of the form
{'The Strokes': 3.0, 'Slightly Stoopid': 2.5}"""
distance = 0
commonRatings = False
for key in ratingl:
if key in rating2:
distance +=
pow(abs(ratingl[key] - rating2[keyl), r)
commonRatings = True
if commonRatings:
return pow(distance, 1/r)
else:
return @ #Indicates no ratings in common

(2) &% computeNearestNeighbor ¥ PA{# Fl Minkowski 2555 .
HRFTER “distance=" 4T UK:
distance = minkowski(users[user], users[usernamel, 2)

He, EMRr=2 RRERIKERS.

RARHERESR
BF KA ORGSR RO B . RAVRIL, FIP RPN 1T A2 5
R

B, ROZzanfaxd A 24T HeEL,  Haanis tb#Z Hailey #01 Jordyn? Hailey ) “4” B4R
5 Jordyn f “4” B “57 4?7 XM ER AT RGP AR IR,




R R Bill AL 5
B KPR 4R,
L ) PP R AP 23 A

FE2F| 43X A X W] o

£28 MEATE—ERAE

TiiJordynkf4 &
IATAT RN, My
PERAEMAZIS.

| Rngelica [Bill Neronica
Blues Traveler B.S 2 B
Broken Bells R 35
d = 4
Norah Jones "5 -
Phoenix 5 2
lightly Stoopid 1.5 35 25
The Strokes RS 3
Vampire Weekend [2 3 F

AN =K Broken
Bells, ffi] AR 1!
R MBAT4R .

TfijHailey ) PF-2%

G5 3 AT PR,
AR 4.

Broken BellsiA A4~
B, RAMAIAE.

29
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R /RBER R

AR LA 1) R — AN g R R AR b AH 9% R B (Pearson Correlation Coefficient). B
TN BZIEN— B R REE A2 L.

Blues Norah Phoenix The Weird Al
Traveler Jones Strokes
Clara 475 45 5 425 4
Robert 4 3 5 2 1

DR B Z IR U FRE “ B ME” (grade inflation) fJ—AMFlF . Clara 45 H i R AR
VPN 4 B, A RIVFRERTE 4 BA1 S B2 0a. SR Ze) S s NRvFRE A, AR

LM BRI T AR

Phoenix

5
Blues Traveler,
Norah

45 —
The Strokes

Weird Al

Clara

3.5

1 2 3
Robert

BE&RTRxTE—3H!
Bl H 4K~ Clara 1 Robert FIVFREE—E. fhfi1#XT Phonenix VP&, AJE &

Blues Traveler. Norah Jones, 254§, Clara 1 Robert f{J—2 k2, ISATEEHL FHIEIE S

kb



F2F MRALE—FRAE

—EUEE HFRER
5 Phoeni Y
45 \weird Al Norah Jone: o o
< o Blues Traveler
4 — e es
©
& 35 — — —
=)
3
1 2 3 4 5
Robert
—H MR KFHER:
5
Nora?Jones
ird Al
45'8 ~~
4
i The Strokes
) Phoenix
L 35
<
3 Blues Traveler
1 2 S 4 5
Robert

31

HHEGTATHREE BT URTRIANEL. RRBHRRYREERNIZE (X

IR R E AR T
> =Xy -¥)

) S s S

AN EAAEL TS A2 Clara A1 Robert BIAHRYE) ASRMEMFEIR. HEUMEXEDN[-1,1]. 1
RRTE—H -1 RRTEEA B X BIRBHRREH — N EAN R, F2] LA,
Horh BRI L B2 /R AR REON 1, AR A “H 0 B0 — Bk ” X BLA) B2 R AH % &R
059091, TitRA “—BUHEARKE” BFixtSLEERIBHRRECY 0.81. Fitk, FIHB/R#
FHSR R HOT AT A BRI B A U
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= T

PAR R AL EAT 18 I FE . INA B R IEH ZAR Y
T REABHEZAEE . ISR IR iS5 R
IR, FHFRA BRI AR R, Bt
T—HETFRASET, BFE THE SMEEREEE
AR, ERER 7 EMBUA IR INEH B2 Al By
o HARPFAWBIZME R, ZABE B KR K
SeREH, HEEFIEERMU LR AKX HFER, HE
S bid X e 28 ST 25 4 48 (] 152 S THI R S0 o IR ARAR R
—FEHE, RN ER S RO MM EEEFIXLEA
Ao RZAXWIFE BRI AR LR L IEAFRE
ZBLY

bR T & L EBFA RERZSN, EEAKXK S ; -
] BEAE T SVA R T RE 7 EX B AT T A . KR, WTEELHARNS, &6 %
—A BRI R R BT S A K

2= PIRI I
- n
n 2 - 2
\/Z;x’? _(z)\/Zv—@”

IWRWBRZ i RRB G AER L AN ERANX, BRTHIFERMESERZSI, EE
B AR EE EAKRRE, REEREMNIEIRTRS T ER AR K. HR 4
ERKIFAL R ER A XM TR A OSSRk El, FHEIMRRSREZX — 5. §

r =
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%, BATR A2 XBATHRAFT A T L ATHR 2 8367

Blues Norah Phoenix  The Strokes  Weird Al

Traveler Jones
Clara 475 45 5 425 4
Robert 4 3 5 2 1

B

n
2;=| Xii

Bl LR AR FHIE A F. XEB x fly 43 5IZRR Clara #1 Robert.

Blues Norah Phoenix  The Strokes  Weird Al
Traveler Jones
Clara 475 45 5 425 4
Robert 4 3 5 9 1

X437 SRBA, BATTHF Clara 1 Robert f1% MNP FRIE—H IR 5 K-
(475%4)+(45%3)+(5%5)+(4.25%x2)+(4x1)

=19+13.5+25+85+4=170
REF ! BRI E S THEHAh I

NN
i=l % i=l i

n

BT

n

X
=1

#& Clara I 2 #, {HA 22.5. Robert FITEHRZ FIA 15, MbAIxF 5 4N RBABAT T VR,
FE -

22.5x15 —675
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T2, LRAKXK S TFEHH KR 70-67.5=25.

T E B A
n 2
\/ Y
S
=1l ¢ n
B,
Blues Traveler = Norah Jones Phoenix The Strokes Weird Al
Clara

=

x =(4.75)" +(4.5) +(5)* +(4.25)° +(4)* =101.875

B Clara IR Z RN 22.5, STHRFHEE] 506.25, ARG EHEHVE
FHIREH 5 183 101.25.

B EHRESRGEE—H, AH:

J101.875-101.25 =+/0.625 =0.79057

Xt Robert #H474H R T H A

=

n 2
\/Z” y?_(2"=—1y") = J55-45 = 3.162277
n

25 _25
T 079057x3.162277 25

=1.00

TR, BEHEE 1 /R Clara £l Robert 3P 584 — 5!
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FEMREEZ IR E—T

P @

FEME N — R RIMRE AT, F Python SEBl BIRSVE, RAGFVEN 2%t an T 45 2R -

>>> pearson(users|['Angelica'], users['Bill'])
-0.90405349906826993

>>> pearson(users['Angelica'], users['Hailey'])
0.42008402520840293

>>> pearson(users|['Angelica'], users['Jordyn'])
0.76397486054754316

>>>

T EARSEIEIE, RTEEMA Python 84 B sqrt CFAHRD) FFRIER**, J&
HELSHRELSHIRE.

>>> from math import sqgrt
>>> sqrt(9)
3.0

S>> 3¥%2

9
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ﬁh‘ﬂb SJB—RE

T4 T ST B R AR R R BT SIS AR

def pearson(ratingl, rating2):

sum_xy = 0
sum_x = 0
sum_y = 0
sum_x2 = 0
sum_y2 = 0
n=20

for key in ratingl:
1if key in rating2:
n+=1
x = ratingl[key]
y = rating2[key]
sum_xy += x ¥y
sum_X += X
sum_y +=y
sum_x2 += x**2
sum_y2 += y**2
# now compute denominator
denominator = sqrt(sum_x2 - (sum_x**2) / n) *
sqrt(sum_y2 -(sum_y**2) / n)
1f denominator == 0: ‘
return 0
else:
return (sum_xy - (sum_x * sum_y) / n) / denominator

mE—1T2AN

RIRFBLE

TR M RE — AN AR ——RIZHOUE, %A A A SCAAZ Y SRR i,
i BB Z TR IE . NERAR %A SRR AL, T ED L e s R . BATH
ERER PRI B & AR N IRBOF 2 T A5 B AT 4
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BRURE

The Decemberists | Radiohead Katy Perry
The King is Dead | The King of Limbs | ET.

Ann 10 5 32
Ben 15 25 1
Sally 12 6 21

REEREAMN— T LARE OFFIH EERAMZANAEETEAL), RAITHEE
Sally 1 Ann 4% =) 15 E Ben F1 Ann 1) >3 15 5 AH{LL

A o)A TR

HAE iTunes EXBER 4000 HakHl, TS H T 2 MARBREN B BUEHF H L E -

PR —— . . g o g i : >

] VMowonllg;i Sonare | L. e 7:38 Marcus Miller silver Rain e jazz+Funk 25
v Blast! 5:43 Marcus Miller Marcus Jazz 20
¥ Artlsn't Real (City of Sin) 2:48 Deer Tick War Elephant Alt-Country 19
v Between the Lines 4:35 Sara Bareilles Little Voice Folk 19
¥ Stay Around A Little Longer (Feat. 8.8. King) 5:00 BUDDY GUY Living Proof Blues 18
v My Companjera 3:22 Gogol Bordello Trans-Continental. Alternative. . 18
¥ Rebellious Love 3:57 CGogol Bordello Trans-Continental,..  Alternative... 18
¥ Immigraniada (We Comin' Rougher) 3:46 CGogol Bordello Trans~Continental...  Alternative... 18
¥ Love Song 4:19 Sara Bareilles Little Voice Folk 18

A oas 20u0

T2, BIFBIXE R Z 1135 52 Marcus Miller 1] Moonlight Sonata, &BIRECN 25. H
A AR IR BOX RN 0. LR b, IRA A RERBBIAEEZNZE 22 HRPHR—EE
BABHOL . Bh5h, iTunes EA I 1.5 2 BT A A 4000 &. Hik, XTFMAMF,
TRAEMRD—Eo BT GRBURED, FrUBEEMHN. T&, HE 1.5 ZLERER
FIBTBOR BB AN AR, a0 N ez mp Ao AE. B2, RITETHEH
AR HAR BRI EATLHF.

— AN RAL B 17 1 ) FH ) 1 R LU B AR SO o R BRATT B XA, e fin Carey Rockwell
] Tom Corbett Space Cadet: The Space Pioneers, A 1A BB AR F5. —Fpa] BEHI %2
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R, It A D — A 1] T Ja8 A A 13 o X 4]
fIFMR . T4, The Space Pioneers F' 6.13% )R EL 4 the, , oo
1M 0.89%#f & Tom, 0.25%%#K/2 space. AT LU F X L4 1] THE SPACE -
PR S A A AR A M ARLEE . (H2, X B HE PIONEERS ,
MBI B, 1€ The Space Pioneers XL E 6629
A E ], T SEE S gt 100 75 897, B The Space
Pioneer B HAMUEFT— AR5 1 AE R B AR D
Besh, AEEARUBE T A SR A L ZE.

TOM CORBETT

RTZAFINE 2 2 F 0-0 ILRE, 35k AU F
Xy
[l [

cos(x,y) =

WILLY LE

Hep o oRWBTE, TR R x R, HoE XunF:

n
2
DI
=10

T SEAE LR EI ) 78 4 — BUE R 7 Bl

Blues Norah Phoenix The Strokes  Weird Al
Traveler Jones
Clara 475 45 5 4925 4
Robert 4 3 5 2 1
A A RN
x=(4.75,45,5,425.4)
y=(4,3,5,2,1)
TRHE:

IK|= V4752 +452 +52+425% +4% =/101.875 = 10.09

||y||=\/42 +32 452422412 =55 =7416

HABA:
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X-y=(475%X4)+(45%x3)+(5%X5)+(425%x2)+(4x1)=70

T2, RIZHLLEN:
70 70
cos(x,y) = =
10.093x7.416 74.85

RIZACE R EETEEM 1 2l-1, HA 1 RoRTEEHL, -1 BRTEAHEL. T£
0.935 Fox—FMEM 417,

Py 8

FIF R B4, 115 Angelica 1 Veronica MR 5ZALE CBERELE K 0).

=0.935

Blues Broken Deadmau Norah Phoenix Slightly The Vampire

Traveler Bells 5 Jones Stoopid Strokes | Weekend
Angelica | 3.5 2 - 45 5 15 25 2
Veronica | 3 - - 5 4 25 3 -

ﬁm S —RE

FIA P EAESE, 5 Angelica 1 Veronica I 5ZAHUE .

Blues Broken Deadmau Norah Phoenix Slightly The Vampire

Traveler Bells 5 Jones Stoopid Strokes | Weekend
Angelica | 35 2 - 45 5 15 25 2
Veronica | 3 - - 5 4 25 3 s

x=(3.5,2,0,45,5,15,25,2)
vy=(3,0,0,5,4,2.5,3,0)

IId|= V352 +22+0>+ 4.5 +5% +152+2.5 +2? =/74 =8.602

||y||=\/32 +02+02+52+42+25%+32+ 0> =+/65.25 = 8.078
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MG RN
xX-y=

(35%3)+(2x0)+(0x0)+(45%x5)+(5x4)+(1.5%2.5)+(2.5%x3)+(2x0)=64.25

RIEARIAE A -

6425 6425

= =0.9246
6.602x8.078 69487

cos(x,y)=

TR RYIETE

HFREA A, EATAAERA HIGELTHRI . BE, WAOTE 1 —2fH AR

ISR B 3% 4> B2 A (grade-inflation,

B ) P i R AS ) B R 98 DG

Em, DA R R A 2 R B WMRBEREOLFA B ERA
B(E) BEME RN SEE, 4
{8 P38 T K G B 8 R 2 A E

mRBARWR, FE
i FAARSZARADLE -

WAFEF, PRFEAT,
5!
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Rk, wREAERE LFIa KR RS A TE), B4 8 ik REE B st 1+
D EEH. GREEAFEEAR? BE T ROERFRRGEUL=AR, 8P
SHERATIM 5 () 100 B BRIEAT T 1K

Linda f1 Eric B XCHH R B )5 Ko bR b, T8 Fg il 20 x4, 3
HiX 20 kil AT FEVFR GRRTEREM 1 3] 5) ZREMCN 0.5 418 S e iRE &
A 20X0.5=10, FXEKEEE AN

d=1J(05)2x20 =025%20 =5 =2236

Jake: S 1 ¥ SR MSE IR A7 LindafliEric: 48 k201 L 60F M IRHR

Linda 1 Jake V¥ HI3k th # R A — & AHIA], B Chris Cagle ) What a Beautiful Day. Linda
WREERIETE TA 3 B, 1 Jake MR EHA U H, AT4 S5 E. T2, Jake M
Linda ) 2 W HER RS04 2, 1B FCBE B A

d=\(3-5) =J4=2
T2, Ak 2T EIE 2K KB E #R Y] 5 Jake AL Eric 4% Linda, [ X
LT _ER A BE B AR BRRE 45 R .
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r ™
U, AT T T A
g

YR, AT R AR X
MIEIS. 5 E FH AR RAH
NFRRAIH %P7 O
far? X AECAT AR AR B )
8, A BAE T X SR A
Jo A A A !

\_ e
FRAEE XA, BEREEM. N THEHEX—

Mo BATLIX AR FRGIANELHIAN: Cooper
il Kelsey . Jake Cooper 1 Kelsey [ & Pl AAHALL.
Jake Xt FRATIMus_E [ 25 B EBEAT 1 PR, 0 Cooper
WT 26 &, Hr 25 EA Jake BIVFHR—FE. fAI1EWKAH
FERBHE R, PR RN 0.25!

Kelsey W 5t 8 R BATHI M s, Mxt 150
BT TIPS, HAF 25 B Cooper K Jake f]—
# . [A Cooper —#f, U5 Jake H-FI51F 5% BE & th AL
4 0.25!

EHE, BA1LEIE Cooper Fl Kelsey Fi Jake —
R

PRAE % FEAE U S PSRN BR REE B AR, PR S
BAEVRIERGE—VFHA 0.

XFHLEI T, Cooper L Kelsey B Jake EILH % .

REZTA?

Kelsey



2% HETE—BHHE 43 |

AT EEZANFE, F—F FEZNEAEET (FRER, ZRE 0 RrHFRAEXN
AT PZO:

Song: 1 2 3 4 5 6 1 8 9 10
Jake 0 0 0 45 |5 45 0 0 0 0
Cooper 0 0 4 5 5 5 0 0 0 0
Kelsey 5 4 4 5 5 5 5 5 4 4

BV RS A TR EH O # Gkt 4. 5 A1 6), Cooper #1 Kelsey & L Z# A1 Jake
HIVCACRE BT AHSE . (HR, WRAE LR o [HAM FEHSRHEERSB[ENFE PSR
depper rae =(4—0)+(5—45)+(5-5)+5-4.5)=4+05+0+05=5

d e =(5=0)+(4-0)+(4-0)+(5-45)+(5=5)+(5-45)+(5-0)

Kelsey Ja

+H5-0)+(4-0)+(4-0)

=54+4+4+05+0+0.5+5+5+4+4=32
FRAE T, XL 0 [EREFUE—BEERTHE 7. B o ERMERITIEIFA LR
fIEE B THEL A A o AT B — AN 228 77 52 2 F 3L [R) VR4 P oIk et F 2 8 ok DAL [RI P 4% 1)
h#H, [RFEME LB “Fh” EE.

Bkgh, FERR R SR L 2 S R B A RK B B A BOR AIR B, BB, KA
AR ZARUEE T RETE4F

—EERHNFEE

R %R A1 148 A E XK Phoenix. Passion Pit il Vampire Weekend KPAHI Amy #E4TH#HERE . &
A4 2 (B VL S A i 2 R B WGX LA SR BAR) Bob. Bob [ISSEAGHFE Walter Ostanek
Band RN HLF XE, R AIRTG T S BUR RERIAR LR T K EE X 55, Bob 4 Walter
Ostanek Band 1] 7> 5 B, ETHAIMHERE RS, RAITAKN Amy 4% H5 XX KRB
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HA, HIRGIRRATM AT REIF A k.

B R B A DL R L) /. Ho
T UL T2 40 0 =2t B B R 4248 P A ARt L)
M. HE, RERFHERFRELR, K
X The Secret Lives of Standard Poodles 1T 1
BT e AHTHIHERE RG] RE SR X A A
FHHIR -

] BAE T AR T84 “ AL 1)
P BEATHESRE « 12 B fT R 0 2 it

PR IR k AEAR T, AR k A EAR AR P ok HEFR 45 R . k MR U
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SRR, 7B SERRME. T — M 7as AR .

REBMNGEA kLR (k=3) KX Ann BEATHERE . HOEK) 3 MEBJE RIS Ann [ B/Righ
FHR R B0 TR

Person Pearson

Sally 0.8 =20
05 =

Eric 01 08+ 0T

Amanda 0.5

3INMANFHE MR EHEENS R, WEET O ESEN AN mEE. m
REAE—ANEmPtERNE, BAENMANEGERSHOEMEKEZ/D? MR ATAE K I/REHE X
REAMEE 2, Sally A 58I LI 0.8/2=40%, i Eric A 35%(0.7/2), Amanda A 25%.

@® Amanda @ Eric Sally

{114 Amanda. Eric 1 Sally %} The Grey Wardens 5K BAfI1FZR 45 R F -

Person Grey Wardens Rating
Amanda 4.5

Eric 5

Sally 35

Person Grey Wardens Rating  Influence
Amanda 4.5 25.00%
Eric 5 7 35.00%
Sally 35 40.00%

R =(4.5X0.25) + (5X0.35) + (3.5 X 0.4)

=4.275
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Joemp 5@

RSB — R EEE L, ERXIRMEM k 248 (k=2), HBAIKXS Grey Wardens

FIH# PR 2D ?
Person Pearson
Sally 0.8
Eric 0.7
Amanda 0.5
Person Grey Wardens Rating
Amanda 4.5
Eric 5
Sally \3.5
Py TE—RE
Person Pearson
Sally 0.8
Eric 0.7
Amanda 0.5
Person Grey Wardens Rating
Amanda 45
Eric 5
Sally 35

BEAVFHAR 5> = Sally HKERS> + Eric X2

=(3.5%(0.8/15)) + (5% (0.7/1.5))
= (3.5%0.5333) + (5% 0.4667)

=1.867+2.333
=42
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Python BJ—/MEFF

Tob A 2 2 b [ R URD F BRAH AUR— A Python K. REXBAHKMABE AK, H
ANEE TiEH AT UM http://www.guidedatamining.com T #iZH5 .

import codecs
from math import sqrt

users = {"Angelica": {"Blues Traveler": 3.5, "Broken Bells": 2.0,
"Norah Jones": 4.5, "Phoenix": 5.0,
"Slightly Stoopid": 1.5,
"The Strokes": 2.5, "Vampire Weekend": 2.0},

"Bill":{"Blues Traveler": 2.0, "Broken Bells": 3.5,
"Deadmaub": 4.0, "Phoenix": 2.0,
"Slightly Stoopid": 3.5, "Vampire Weekend": 3.0},

"Chan": {"Blues Traveler": 5.0, "Broken Bells": 1.0,
"Deadmau5": 1.0, "Norah Jones": 3.0, "Phoenix": 5,
"Slightly Stoopid": 1.0},

“Dan*: {"Blues Traveler": 3.0, "Broken Bells": 4.0,
"Deadmau5": 4.5, "Phoenix": 3.0,
"Slightly Stoopid": 4.5, "The Strokes": 4.9,
"“Vampire Weekend": 2.0},

"Hailey": {"Broken Bells": 4.9, "Deadmau5": 1.0,
“Norah Jones": 4.0, "The Strokes": 4.0,
"Vampire Weekend": 1.0},

“Jordyn": {"Broken Bells": 4.5, "Deadmau5": 4.0,
"Norah Jones": 5.0, "Phoenix": 5.0,
"Slightly Stoopid": 4.5, "The Strokes": 4.9,
"WVampire Weekend": 4.0},
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"Sam": {"Blues Traveler": 5.0, "Broken Bells": 2.0,
"Norah Jones": 3.0, "Phoenix": 5.0,
"Slightly Stoopid": 4.0, "The Strokes": 5.0},

"Veronica": {"Blues Traveler": 3.0, "Norah Jones": 5.0,
"Phoenix": 4.0, "Slightly Stoopid": 2.5,
"The Strokes": 3.0}

class recommender:

def __init_ (self, data, k=1, metric='pearson', n=5):
"oinitialize recommender

currently, if data is dictionary the recommender is initialized

to it.

For all other data types of data, no initialization occurs

k is the k value for k nearest neighbor

metric is which distance formula to use

n is the maximum number of recommendations to make"""

self.k = k
self.n =n
self.username2id = {}
self.userid2name = {}

self.productid2name = {}
# for some reason I want to save the name of the metric
self.metric = metric

if self.metric == 'pearson':
self.fn = self.pearson
#
# if data is dictionary set recommender data to it
#
if type(data).__name__ == 'dict':

self.data = data



def

def

def
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convertProductID2name(self, id):
*hGiven product id number return product name"'""
if id in self.productid2name:
return self.productid2name[id]
else:
return id

userRatings(self, id, n):

""UReturn n top ratings for user with id"""
print ("Ratings for " + self.userid2namel[id])
ratings = self.datalid]
print(len(ratings))
ratings = list(ratings.items())
ratings = [(self.convertProductID2name(k), v)
for (k, v) in ratings]
# finally sort and return
ratings.sort(key=1lambda artistTuple: artistTuplel[1],
reverse = True)
ratings = ratings[:n]
for rating in ratings:
print("ss\i%i" % (rating[@], rating[1]))

loadBookDB(self, path='"):

"""loads the BX book dataset. Path is where the BX files are
located"""

self.data = {}

i=20

#

# First load book ratings into self.data
#

f = codecs.open(path + "BX-Book-Ratings.csv®, 'r', ‘'utfg8')
for line in f:
i+=1
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# separate line into fields
fields = line.split(';")
user = fields[@].strip('"")
book = fields[1].strip('"")
rating = int(fields[2].strip().strip('""))
if user in self.data:
currentRatings = self.dataluser]
else:

currentRatings = {}
currentRatings [book] = rating
self.dataluser] = currentRatings
f.close()
*
# Now load books into self.productid2name
# Books contains isbn, title, and author among other fields
#
f = codecs.open(path + "BX-Books.csv", 'r', 'utf8')
for line in f:
i+=1
# separate line into fields
fields = line.split(';"')
isbn = fields[@].strip('"")
title = fields[1].strip('"")
author = fields[2].strip().strip('"")
title = title + ' by ' + author
self.productid2name[isbn] = title
f.close()
#
# Now load user info into both self.userid2name and
# self.username2id
=
f = codecs.open(path + "BX-Users.csv", 'r', 'utf8')
for line in f:
i+=1
# separate line into fields
fields = line.split(';")
userid = fields[@].strip('"")
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location = fields[1]l.strip('"")
if len(fields) > 3:
age = fields[2].strip().strip('"")

else:

age = 'NULL'
if age != 'NULL':

value = location + ' (age: ' + age + ')'
else:

value = location
self.userid2name[userid] = value
self.username2id[location] = userid
f.close()
print(i)

pearson(self, ratingl, rating2):
sum_xy = 0

sum_x = @

sum_y = 0

1t

il
[

sum_x2
sum_y2
n==2a
for key in ratingl:

if key in rating2:

n+=1

ratingl[key]
rating2[key]

X

y
SUM_Xy += X % Yy

sum_x += X

sum_y +=Yy

sum_x2 += pow(x, 2)

sum_y2 += pow(y, 2)
if n ==

return @
# now compute denominator
denominator = (sqrt(sum_x2 - pow(sum_x, 2) / n)
* sqrt(sum_y2 - pow(sum_y, 2) / n))
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if denominator ==
return @
else:

return (sum_xy - (sum_x * sum_y) / n) / denominator

def computeNearestNeighbor(self, username):
"""creates a sorted list of users based on their distance to
username"""
distances = []
for instance in self.data:
if instance !'= username:
distance = self.fn(self.datalusername],
self.datalinstance])
distances.append((instance, distance))
# sort based on distance —— closest first
distances.sort(key=1lambda artistTuple: artistTuplel[1],
reverse=True)
return distances

def recommend(self, user):
"Give list of recommendations"'""
recommendations = {}
# first get list of users ordered by nearness
nearest = self.computeNearestNeighbor(user)

#

# now get the ratings for the user
#

userRatings = self.dataluser]

k-4

# determine the total distance
totalDistance = 0.0
for i in range(self.k):
totalDistance += nearest[i] [1]
# now iterate through the k nearest neighbors
# accumulating their ratings
for i in range(self.k):
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# compute slice of pie
weight = nearest[i] [1] / totalDistance
# get the name of the person
name = nearest[i] [0]
# get the ratings for this person
neighborRatings = self.datalname]
# get the name of the person
# now find bands neighbor rated that user didn't
for artist in neighborRatings:
if not artist in userRatings:
if artist not in recommendations:
recommendations[artist]

(neighborRatings [artist]
* weight)
else:
recommendations[artist] = (recommendations[artist]

+ neighborRatings[artist]
* weight)

# now make list from dictionary

recommendations

list(recommendations.items())

[(self.convertProductID2name(k), v)

for (k, v) in recommendations]

# finally sort and return

recommendations.sort(key=1lambda artistTuple: artistTuple[1],
reverse = True)

# Return the first n items

return recommendations[:self.n]

recommendations

ERRRFRATRIGIF
Bk, FEAANEEAGHEME LRIEF LG/ EH .
>>> r = recommender (users)
AR X R AR ARAE B i — 2 4 4] F

>>> r,recommend( ‘Jordyn®)
[('Blues Traveler', 5.0)]
>>> r,recommend(‘Hailey")
[('Phoenix', 5.0), ('Slightly Stoopid', 4.5)]
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— N IEIES

W1, BT ERE-AELPRAIHEEMR % T . Cai-Nicolas Zeigler M Book Crossing ¥
o R T I 100 73RVE, KA 278858 ANA SR 271379 AR MR . HE A A EERE
Al LA HEE http://www.informatik.uni-freiburg.de/~cziegler/BX/LA SQL dump 8%iE 5 43 [ SCA
SRR (CSV) . TR ZEE FAZ Python B HIER| T —Ljn @, XEZHHEMF
Fromis ] BUE ) . 2RIBIEZ R CVS STHAEARF M 5] LLF £,

% CSV XXfFEFE 3 7KK

e BX-Users ®&: IEMBZFHEN—F, ZROEMEAFANGEE. RAQREERMHA
FID FB A Rtk 7 BE (40 Albuquerque, NM) FIFE#F B o

e BX-Books %: i ISBN. 4. fE#H . IR0 A0 HH IR RE R

e BX-Book-Ratings ®: @I#EMH 7 ID. i ISBN F—4> 0 2| 10 Z 8] 1) PF5 7 K.
R HEF LA ) loadBookDB BRI AT LXK LE 34 H 2 AN -
THBIFIHEF N Z P EHIEE. loadBookDB M S 2 BX BB .

>>> r.loadBookDB( ' /Users/raz/Downloads/BX-Dump/ ')
1700018

TE:

GHRBERFER, EHRONBELEFATRES—THE, £
#% %9 Hackintosh ( 2.8GHz i7 860 4 £+8GB W #& ) MEBE L, FA
HEBEEE24%, MBAA—FZEZ304,

BAERATLIBERAZRZH— DR 17118 BHEELSR:
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>>> r.recommend(’171118")

[("The Godmother's Web by Elizabeth Ann Scarborough", 10.0), ("The Irrational
Season (The Crosswicks Journal, Book 3) by Madeleine L'Engle", 10.0), ("The
Godmother's Apprentice by Elizabeth Ann Scarborough", 10.0), ("A Swiftly
Tilting Planet by Madeleine L'Engle", 10.0), ('The Girl Who Loved Tom Gordon by
Stephen King', 9.0), ('The Godmother by Elizabeth Ann Scarborough', 8.0)]

>>> r,userRatings('171118', 5)

Ratings for toronto, ontario, canada

2421

The Careful Writer by Theodore M. Bernstein 10

Wonderful Life: The Burgess Shale and the Nature of History by Stephen Jay
Gould 10

Pride and Prejudice (World's Classics) by Jane Austen 10

The Wandering Fire (The Fionavar Tapestry, Book 2) by Guy Gavriel Kay 10
Flowering trees and shrubs: The botanical paintings of Esther Heins by Judith
Leet 10

mHE

WRAZBITREY, RERERELRABRAR. TS LETRERE.
1. SEI SRR AR BB, BRI ERISE R .

2. ABMuEA —AMEE 25 FEP RS B IS WE N EER IR R A
TR AR BR . L THIR OHERE T IR 2 A BRI PR Ao
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Chapter 3

Pl i 9E——Ba K PF R S E TP i

TE5 2 T, BA1HE 2] T R SE AR RGN HEA SR, b A T Sk — A &,
EATAT LA T &R EHERESE . P ARBSE A 5 2 XE 10 5 XEFES, 2
JE AR LR BB A RALE> AR A . TR, A —SiEiERy, Ar@s AR
FRARR BRI X BLA, TR AT T ARG B W AR AR VP4 o I e B 48 A AR o VP
FITAA R AT RS FEEE RICEME  ATR 500 W RIS IER M T7 i, A SE v 2 ™
A SRR AR 45 R '

EXIFR

—FpIX 2 P i R AL T 3R X e i B R R e U 2 B A4 . BAIPRZT
F Pt s A PP R A R . — A PP 6 72 Pandora F1 YouTube 2 1Mk I
B R B R AR
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Foundation 05 // Brian Wong

kevinrose 3 Subscribe 54 vidaos ¥

do bike W Addto | Sham p %9 9’504 et

Uplcaded by kevinnoes on Jul 7, 2011
Kevin Rose interviews Brian Wong, CEO/Founder of Kiip 25w, 1 ke

Amazon M LR EITH RS-

Most Recent Customer Reviews

#eiedeseds excellent translation, llent
sutra

Very clear translation, minimal old untransiated
Buddhist terms. This translation reminds me of a
Cleary translation; true to the meaning, clear
language, great flow. Read more

Published 29 days ago by M. Gonzales

Fededededs The Long Sutra

Gene Reeves did an excelient job in translating
The Lotus Sutra from the Chinese into English.
It is here, the entire work, not abridged.

Read more

Published 8 months ago by Eric Maroney

NI

STFBRRIEEN S, BRATAERH P4 BEMTERE S, MEWER P RITRRIRES
B, — /Ml RIREEH P EAL R REL (online New York Times) [ s3T5 #2E
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GLOBAL EDITION

&he New York Times

with THE International Herald Eribune

SFEAH PR RS T AR VA G, B
ReE M Z A P & B ER (profile) T, Lb
n, WA E XA E B R R R E R AR R
. WA i T 3 Fastest Way to Lose
Weight Discovered by Professional Trainers F

Slow and Steady: How to lose weight and keep it

Egypt Judges
Vow to Oppose
Expansion of
Morsi’s Power
By DAV [ SGREPATRICK

I PMET

CAIRO — Egyptian judges and
prosecutors struck back an
Saturday against an attempt by
President Mohamed Morsi to
place his decrees above judicial
review, vowing to challenge his
edict in court and reportedly
striking in Alexandria.

+ Clashes Break Out After Morsi
Seizes New Power in Egypt

12 3 4 5 6 7 »

of, AT Bt ARIRAL . Wik ST T iPhone )4, FBA BRI M DGHER . AE
R—T, B RS ENEARARER N A B R

BN R AL A P FE Amazon b BT i R T AT N2 JE AT ARG IIME .

#) Amazon B T _F£ BRI ME R

More ltems to Consider

You viewed

f.ong »Wayl R@u_ﬂd

Jupiters Travels: Four Long Way Round
Years Around... Ewan McGregor, Charley
* Ted Simon Boorman, ...

Paperback DvD

Fedokfed (65) Pedesededs (325)
$24.95 $16.47 $24.95 $16.93

Customers who viewed this also viewed

'EVERYWHERE

§

One More Day
Everywhere: Crossing 50...
» Glen Heggstad

Paperback

vcedess (47)

$18.95 $13.87

FEAREIAM L

Dreaming of Jupiter
* Ted Simon
Paperback
e siose
$16.22

(6)

FE1Z5) T, Amazon id3% T H P B AT N B, BRUEN S 1EE Jupiter s Travels:
Four years around the world on a Triumph {1 F* 5% % T DVD Long Way Round, JG#& e |
{8 72 Ewan McGregor M H % N\ W BEFL AT A M . IEWN7E I8 Amazon (K B 21
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HRRE, XU(E B T7 “Customers who viewed this also viewed” (%1% i & BB 2% [6] st
FE T BRI

BRIk B H P LRSS R . Amazon [FRF RS T IXKE EIHFAE
fIT7E“ Frequently Bought Together ”( £ — W 3£ () 41 & ) F1“ Customers Who Viewed This Item
Also Bought” (X YL iZ i it B Rl G SE T ) Abgh DA R HEF S R .

Frequently Bought Together

| Add all three to Wish List |

Show availability and shipping details

¥ This item: One More Day Everywhere: Crossing 50 Borders on the Road to Global Understanding by Glen
Heggstad Paperback $13.87

# Two Wheels Through Terror: Diary of a South American Motorcycle Odyssey by Glen Heggstad Paperback
$11.53

¥ Jupiters Travels: Four Years Around the World on a Triumph by Ted Simon Paperback $16.47

Customers Who Viewed This Item Also Bought

L \‘J Jupiters Travels: Four Years Two Wheels Through Terron
X Around the World on ... Diary of a South American .,
» Ted Simon » Glen Heggstad
Yededededs (65) Pededrded: (50)
Paperback Paperback
$16.47 $11.53

YRATGE£ A8 %] “Frequently Bought Together” FJRES SEFELFE NFHELE R, HEX
—IIREEN A A AL

BARAR 7 Be % @ M 42 VR TE iTunes AT ARSI R &5 R .

B ERES BnFE BHORE
Anchor 3:24 Zee Avi 52
My Companjera 3:22 Gogol Bordello 27
Wake Up Everybody 4:25 John Legend & the... |17

Milestone Moon 3:40 Zee Avi 17
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B, A—AFLRBEEEHIMAR T iTunes 1. XEIRE RN IX HRE B E]
AEVAIXAES . HIR, FAAERROREUE B FIRRERY], RIT T Zee Avi HIEKH dnchor 52
Ko FRBHWERESRXEHR (LR ERIMENO. WRAHRERK T REH R2EE K
B, HFHERR T —&, BAXAREERERFAZRIZE K.

VRT3 DA 00 400 it B S VP 2 S R 1 2

BCE RN P 0 SEER R A CEEAn R TSR B0 R LA SE G fifl 3 4 Bt R P B0 5 4 2

BRITH
Match.com I Jim ) B A4

BRARBENE . RERLH
i, fERNPZERE, EXPL
B3 K (Chekov) /NS, WE
ZEEAEE, AANEZAREWERL,
BEXRET 2 MM .
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j 195 USTORE PHONE: (540 B91-4260 "'jﬂq‘gﬁ‘f}}\/.
Thavtk Youl Sales Associate. ACH 1 %%i%} B’%I .i_;.lz
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% 1995 A ) ) }
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- CH 00
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wwy food! on, 0 oo

- 06 e

H 4545 12 i Pabst Blue Ribbon M.y . Ben and Jerry J5 (vK#E: . LU= 0F AEH & 1 G

L) 1 CZEF 3),

et BARAESE DVD HOUSHE, B4 (B, CCELEHL s:

B TR 8] 7R

B 1: ARXEEFENE, FEEXWmITHR

B, APEFAREIRLIYRITES. ATCAES, RATHE
K NERLE Amazon EISERE KEM &, RIEREZEXHFER. A
ABET — MBI BLR EIHL. —A> 1TB fEE#L . — > USB 2| SATA
e, —gEA K, PIA Kindle T4 (402 Murder
City: Ciudad Juarez and the Global Economy's New Killing Fields Fl
Ready Player One) VLK 4 4K 15 No Place to Hide. Dr. Weil's 8
Weeks to Optimum Health Anticancer: A new way of life 1 Rework,
HEILH 12 R . TIBIFER KA 2R mIE? —MRRA . ATL
MR KH > NIRRT —FE, A% KKt P

RAMRDG. REXLFEE, HERERZELH, SN
Amazon WK —L 2 A I B 1T, £FK IE Austin SHN7E
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H 7RG, BEHE RELESE 7 —3KBUN & 51 1) REL St k& L
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RZ 10 ETHHEL BAETFR BEE LR ESALHIR, TSt (At A 7E T i #R < 4R
o FEF RN, AR KPR, #E#AE REI Pt AR AL S IE . e BIXAH 17 g ?
BeA, AW T . AT, BMEREXAMmKEL T, KB AR IEHR. REGFERS
ME—FERIBA . NIEF 2SR, BERABA X ST PR EIBhL.

G/ 2: ARTTEEHRHERGHBSER

BB N TR THARMEYE, B AN M T 7 IFR, 12 T Reh . AT
REEFNLIXFERIE T . AMTATRE B0, BI4S ARSI VPR S 3, B DASRALE R 19 77 =X
e, BRI E S . Ben BH—IK5 Ann AR, £F—H 2010 EEHHEITIREY
F——2= B Uncle Boonmee Who Can Recall His Past Lives. [F2:/i&4 Ben HJl & Dan
PAK Dan MK Clara. Ben I\ NIXA] R RAME S BIEHIRE . THAD 3 F23EH B
B h, B ETEREBRMAR HRKRRFR. W3R Ben 7EH AR UUE BIMAELF M s b
REX A VT, BERERZE PR, BLX— R AT E.

B 3: ARASEHETRER

BRI S A Z I ENHLR N T X IRAE Amazon G St AT P4 ARFK 1 TB L IE
Wi, EERREEHRAD, RAEEITT 5 BE. BRMBEAEAVBERL, RES K,
WARR L, JFEHA MR, REBST 5 E. —1
RZJG, WHREHIRT, FHHEERT A TERHN
| AT, RERFFRAR. KA BT
| HRARERST, R DERHT . BER
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Mk £ EFH AR (XERAEME) 4%, Fit
MR ARG X AT S VPR A2 S 2.

EE—FFEANAKEA Mary, HTHEMERE, WhERE Amazon EiFH. 10 FZajthss
ERMFRERITT 5 B, XEIEHE¥E: Giggling and Laughing: Silly Songs for Kids il
Sesame Songs: Sing Yourself Silly! & #1115 B R IFHRE KB4 Wolfgang Amadeus Phoenix Hl

The Twilight Saga: Eclipse Soundtrack. % H 5 PFgR4E R a1 7 — 48 K4 Jen i
AR, {HRMEW Giggling and Laughing: Silly Songs for Kids ###45 Jen EE H . X
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Bja, ZRREMIEE—A Netflix KSHIFR, LRERAE KERIEAETHLE HEHI3)
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R > W T Fig [ Fo At 1o 51T

£ Hulu bW 3050

HORHETRAS . TP HE T B

F P Bkt i) K ity

2R A T K
Fidix sl A f K R A S

efE, AR ABIE LR, 5 2 EAANFEETLUE .

FR T e HY (6] 7

PRI — A+ 7 RID B N B HERE R RS RS . AT RS B4 1) & 2

KEYLE:
iR 528 HLAE

BRBRA 100 FAH 7 o BEUOR A 2 #EAT — IRHERR I 75 20 B 100 5 IKBE RS (L
Bz A AR 999999 M ). R FEIAT 2 KEEWIE, THEOKES T4
BER. mRAMEHRELENE, REXME. EXMUEL, ETHENHRERLEN
REBGRGRIEIRYE (latency) KZE. FIZHR, &0 BAE IMEME.
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ETRP#EE

ZANIE, BATHAT THRT R ES 38 RATKIEAF PR AL A B P T L
CAR BB LRGP o 25 A P 2 )

1. RE: RIARE, BEERASHAENEK, TEERIMK. ETHP W
FEILTRPNRREE, EHEE EH AT RSB —N 6 E.

2. WO KEOMERG T, HARERERZ, B EHR T 50 55 H 4
B, Hl, Amazon HJLE AR, HLEFHEMHPEIMEBHERE
Wh—# 5. B, 282 ENAEMEETRERADRIEAE.

ET ERPFIRE, R TREE T8 L.

ETF#ampyidiE ( ltem-based Filtering )

BREEMNAE —NEETUHEEBEHMOHEEY & B, XEFEETLIRI
Phoenix & B\ {1 % 48 Wolfgang Amadeus Phoenix 5 Passion Pit 5 B\ i1 48 Manners i1k .
RS X Wolfgang Amadeus Phoenix (13F 48, B4 i T BAHER 5 HAR U %
# Manners. VER, XE5MEETHPAREEEFRAR. £ THPRdES, S
AP, BNIFREHBARBHE T (BB, FRI MR LSRR SATHERE .
MAEETHMPHEES, ROFLERIBHALOD R, FEEH P95 0IER LS Rk
A RAHESE

BELR—NBIF D2
BRI ET FMNEER m NHPR n ANKRBA, B RBAVES . PEREE RAE T £
. FIBART—#, XBRRITRERF,, 5T KB

HATZETH 5 Phoenix 1 Passion Pit FIARLRE . ASEIX — a1, AR 66 R A SR
BAVEE R P (AIERERR 7). WRBEATRE T P i o8, BRATEE 0 e 47 2 18] A AR ALLBE
X FETY BTN, RATERE S R BAHEUE, X B2 Phoenix f1 Passion Pit AT 7E
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Users .. Phoenix .. Passion n
pPit
1 Tamera Young 5
2 Jasmine Abbey 4
3 Arturo Alvarez { 1 2 )
LN g
u Cecilia De La Cueva /( 5 5 )
L W
) |
m-1 Jessica Nguyen L4 5
S
m Jordyn Zamora 4

%?ﬁ?%dﬁ&ﬂﬁ%%WﬁMmﬂd

memo based collaborative ﬁltermg), [E]%

T2 P B TP L R AT HERE o

ﬁ?%wML%&Wﬁﬁ?ﬁﬂwmnﬁ%
(model based collaborative filterin lﬂ%ﬁ:
%ﬁﬁﬁﬁﬁ%ﬁﬁ@%,m Z%
FE— AR 7R i 2 (6] AR A LR

R ERIRZECE

RN (B R RLRE, FRATERISE 2 A G R SZA IR . RATHRRBI:LH 4
H VA R T U S I “ B0 E” (BRF RIS K, 1850 BUR &l S br A8 1
SO R N TIRHEPBIRMERNER, BRINEAENFRESERPREFHRIPRER. X
PR G AR BT T 2 HY R SR R SZ AR U T A 5
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R EKPhoenix KA, KL
AT S, BAEK
Passion Pit5xA, FRZ40A1]
FIA34!

Phoenix R KK T, FCEERT LA
#5A~44), TMiPassion PitskBA H

MR, JohEHAEL 04!
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uel Hodr, Ugn B ) o ik A 7 i

s(i,j)= = : iy
\/Z(R“ _R.) )2 PRARHG PP R A

u /
uel ueU

iR A3k B Badrul Sarwar. George Karypis. Joseph Konstan 1 John Reidl 5 ff]— &
A KW [EISL FE I8 L Item-based collaborative filtering recommendation algorithms (Hihk:
http://www.grouplens.org/papers/pdf/www10_sarwar.pdf) .
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SRR B, FATS Y @ A — PP R RA, SRR j 347 R A
B, HaRelIrsRREF iR

AT TG RILAABE T SRR, BATRAER 51 5 2240 5 AN IRBARI TR AR

Users average Kacey Imagine  Daft Punk  Lorde  Fall Out
rating Musgraves = Dragons Boy
David 3 5 4 1
Matt 3 4 4 1
Ben 4 3 3 1
Chris 4 4 4 3 1
Torri 5 4 5 3

BRI AN P VR, X AR R TR TR SRR NAL R, A

Users average Kacey Imagine  Daft Punk  Lorde Fall Out
rating Musgraves = Dragons Boy
David 3.25 3 5 4 1
Matt 3.0 4 4 1
Ben 2.75 3 1
Chris 3.2 4 3 1
Tori 4.25 5 3

BAE, XA R BAIRA TR v S AATT 2 R AL BE . B %678 Kacey Musgraves #l
Imagine Dragons HIFHARE . 7E 3R, FKE F P [R1 B X6 A SR BAPE R ) 15 0L B 7 2R« (Rt
RS IR ZARALE R -

2 (Ru.Muxgrave.\' - E“ )(R“ Dragons Eu)
s(Musgraves,Dragons) = uel

\/Z (Ru.Mu.\'gruves - E“ )2 \/Z (Ru Dragons Eu )2

uel uel
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Ben's Chris’s Tori’s
ratings ratings ratings

_ (4-2.75)(3—2.75)+(4—3.2)(4—3.2)+(5—4.25)(4—4.25)
JA=2757 +(4-32) +(5-4.25)/(3-2.75) + (4= 32)* +(4— 425

_ 0.7650 __ 0.7650 _0.7650
V276540765  (1.6628)(0.8746) 1.4543

=0.5260

[Kliit., Kacey Musgraves #1 Imagine Dragons 2 [B] I AHALLE A 0.5260, FAth—LeAHALEE i)
THTHRAERB—HENTRS:

Fall Out Lorde Daft Imagine
Boy Punk Dragons
Kacey Musgraves  -0.9549 1.0000 0.5260
Imagine Dragons -0.3378 0.0075
Daft Punk -0.9570
Lorde -0.6934

Fall Out Boy

Py SE

HHE ERFHRNE.
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%}m S E—RE

Fall Out = Lorde Daft Imagine
Boy Punk Dragons

Kacey Musgraves  -0.9549 0.3210 1.0000 0.5260
Imagine Dragons = -0.3378  -0.2525  0.0075

Daft Punk -0.9570 0.7841

Lorde -0.6934

NtH ERE, RS T /N Python JIA, 17F:

def computeSimilarity(bandl, band2, userRatings):
averages = {}
for (key, ratings) in userRatings.items():
averages [key] = (float(sum(ratings.values()))
/ len(ratings.values()))

num = @ # numerator

deml = @ # first half of denominator

dem2 = @

for (user, ratings) in userRatings.items():

if bandl in ratings and band2 in ratings:

avg = averages [user]
num += (ratings[bandl] - avg) * (ratings[band2] - avg)
deml += (ratings[bandl] - avg)*x*2
dem2 += (ratings[band2] - avg)#*x2

return num / (sqrt(deml) * sqrt(dem2))

userRatings HJ4& 0T Frs:

users3 = {"David": {"Imagine Dragons': 3, "Daft Punk": 5,

"Lorde": 4, "Fall Out Boy": 1},

"Matt": {"Imagine Dragons": 3, "Daft Punk": 4,
"Lorde": 4, "Fall Out Boy": 1},

"Ben": {"Kacey Musgraves": 4, "Imagine Dragons": 3,
"Lorde": 3, "Fall Out Boy": 1},

"Chris": {"Kacey Musgraves": 4, "Imagine Dragons": 4,
"Daft Punk": 4, "Lorde": 3, "Fall Out Boy": 1},

“Tori": {"Kacey Musgraves": 5, "“Imagine Dragons": 4,
"Daft Punk": 5, "Fall Out Boy": 3}}
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Fall Out Boy Lorde Daft Punk Imagine
Dragons
Kacey Musgraves -0.9549 0.3210 1.0000 0.5260
Imagine Dragons -0.3378 -0.253 0.0075
Daft Punk -0.9570 0.7841
Lorde -0.6934
BAERAT LG E] 17X
UEREE, G RABAEFI %
S R R T OB ISR R4 1
(K, HABHEDavidfi %
B K Kacey Musgraves? )!
N zNemml' 'ara(i)(SiN XR.x)
pu,D= 3 S
Neﬂ'm‘larfa(é)q iN |)

RSk

b, pQu)FRIE TP ety
4 i (VT 23 B0 DAL o

WRER.

T4, p(David, Kacey
Musgraves)$§ ) & David (24
A ) X Kacey

Musgraves (2 30H 1) i)
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NEEF P u b A
ARG
S AL e 3K
B R HRE
RALM R AN
i) — A LB
SHE.

R JEuZ NI
PPRESR

SpEIRIN Z T g
HBLEECRe B A ML
PEREFE)

zNGsWilﬂTa(i)(Si-Ay A R"N)

pQu,i)= -
2 NesimilarTo(i) q 'Si N| )

/\

o, i) JEFRATT EE TSI g ) XA
BE, BERPuss¥rinitt v g Rk

BOE F AR DR A )
RIZH, Ry SZfe-19]12
R

AT Y P 45 RAIAE £ 5
ZI), DA SR fE AR
B I R A BRAT PP 4
REHE 121 2 H].
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2R,

uN M’lﬁ) - (MaXR - Mln )
(M‘un = Min”) £

MR, =

MR BRI — g RR JFE B 546 1 23 5 Ve AR F:
o =2 (R, 1) X (Mt ~ Min)) + Ming

eanis, A AR Fall Out Boy HIVFRAN 2, )5 HIH—{L4 R -

2R, — Ming) — (Max, — Ming) _2Q2-1)—(5-1) -2

NRMN = .
’ (Max, — Miny) 5-1 4

=-0.5

ik, fi:

R.n= %((NR,,.N +1) X (Max, — Ming))+ Min,

=%((—0.5+1)x4)+1=%(2)+1=1+1=2

7, MAERNCEER T EREERRE “Dhk!

Fa bl A XA I i b
I —AM 7
Gﬂl‘]%ﬁmDavidéﬁKacey ‘ 2

Musgravesff PEZ 45 $
HAFEMP— RN David VRS RH1TIH— 1AL B
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David #4525 R
Artist ‘R NR
Imagine Dragons 3 0 T—EEAE Eg
Daft Punk 5 1 AXRA— L EhR!
Lorde 4 0.5
Fall Out Boy 1 -1

T B & O SR — LT

TR BE 4B B
Fall Out Lorde Daft Pul;uk Imagine
Boy Dragons
Kacey Musgraves -0.9549 0.3210 1.0000 = 0.5260
Imagine Dragéns -0.3378  -0.2525 0.0075 | “
Daft Punk -0.9570 0.7841
Lorde -0.6934

David#fImagine Dragons. Daft Punk.
Lorde#iFall Out Boyi#47 7 F%k, A
S FRATT M A T S v 8 PR X 21 R A
X Kacey Musgraves i) = k2

I ELARATH A A — Ak )
PR

p(u l) = Zl\ies"’”"/‘“’TO(i)(S’.vN X NRM,N) =
2 NesimilarTo(i) (1 Si.N I)

Imagine Dragons  Daft Punk Lorde Fall Out Boy

(0.5260x0)+(1.00x1)+(0.321x0.5)+(-0.955 x—1)
0.5260+1.000+0.321+0.955
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_0+1+0.1605+0.955 2.1105
2.802 2.802

=0.753
TR, FATAT AT David ¥ 24 Kacey Musgraves —~—1 % 1 Z [8]#14rE 0.753.
N R EGE 1B S XA, FRATHE EX ERTF AT IR R AL
B = %((NRM, +1) X (Max, — Min,))+ Min,

= %((0.753+ x4)+1= %(7.012)+ 1=3.506+1=4.506

FE e, FATHM David X% Kacey Musgraves TP 45 RN 4.506.

ARG AZAMER A TEAGHREE G &, Ed LA AT
BRI, SRTFAAGFT ML, IEFEFH—NMELLT EE
B4, A TFRAGHKEE, A TEAGFT L0, E2HAFLEY,

WEARFR P AFEARERK—H., ATHRASTEKRKERGKTF
1345, mAERGRTIT 45, MARTRIARERGKTIT 1 5 fsf
ERGRFAT 5 o, AREBHRZAMEB IR IENR P LSBT
R AL B A,

Slope One &%

B —FRAT B EE T4 ot BB ) 52 Slope One. Slope One ff— /™ = 4R s 2 faj i
HEIRE S . Slope One Kk H Daniel Lemire f1 Anna Machlachlan (1] 3L Slope One
Predictors for Online Rating-Based Collaborative Filtering ( 3 1i- A4 http:/www.daniel-
lemire.com/fr/abstracts/SDM2005.html) . X558 SCH 2 AEE, EAR 6.
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T R B RS R A SE AR R . R Amy 45 PSY 11 3 47, 43 Whitney Houston
17 4 4. 1M Ben %5 PSY 4T 1 4 43, AT TN Ben 45 Whitney Houston $T F 4> ¥ 1% 17 /&
W R

PsY Whitney Houston
Amy 3 &
Ben 4 ?

N 7 %50 Ben 47 Whitney Houston T ()43 %, 7T LAZ5 R i () #E BRI 72 . Amy 25 Whitney
TR HCEL PSY & 1 40 Kk, ATRATG Ben tRATHE4S Whitney 0% 1 4, TR
{17 Ben 245 Whitney 1T 5 43

bR A % Slope One 5%, #5 T RIS N Slope One (Weighted Slope One)
$i%. 184¥ Slope One f—/F B SN . THIHRA LS H FIIIAL Slope One FHIEE KR
0, HREIEREMMARN—T, RN FIERIEWY 7. 7T LUK Slope One & A5 1
Gy By, Fe (EABREES, WRUREREUEFIR T RS, ANy
i Z (B I % (deviation). 7E_LRIFEEIHIBARI RG] 7rh, ZdELHHE Whiney HIB 32
L PSY & 1 43 A5 Mo MALEEZ G, T LA 20 it e 25 K s B e . 38 B 3RAT)
HATSEERI T . K 7 —ANH P, Hoin Ben, MWL Whitney Houston FEKH, AT 14850
1At 2x % Whitney 7153 FI It BT SR AT (73 B A e Bk w2236, B mT RAREAT Ll

Slope One & & i 1H B #4814 E

H— (R
PR AT P ok 1 22
CH g

A 223817 B
F—&hay: HEEE

FRATTAE A 11 P 187 4517 O N B AN L A — AN SRBA, A ] RE A B B O — 2
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2 ' f@ylor Swift psy * Whitney Houston
Amy 4 3 4
| Ben 5 2 ?
Clara | ? 3.5 4
Daisy \ 5 ? | 3

BB RIUTERE. Wi 205 SR ER:
_ W — iy
devi; = Szgx) card(s, (X))

Ht card(S)E SEAFHTEN, X EEMESES. HIk, card(S;(X)R2FTA [k
Xt i Fj BEATVES B P 86 %5 FE PSY 3 Taylor Swift PP/l 22  IXFHE L T » card(S; (X))
WUSLZSE 2, X FAH AN (Amy 1 Ben)[FIE %t PSY F1 Taylor Swift #4T T ¥F4 u—u;
i A& F 7 6t Taylor Swift IV 2 H 5T PSY HIiEsr. Bk, WESRA:

PR = I I O

T, PSY % Taylor Swift MIIFMmER 2, XBEWKEH X Swift KIS FHE L
PSY & 2 4y [FIFE, ATLAFS%] Taylor Swift 2 PSY HITESMRE A
_G-49 @-5_ 1 3

pvsit = o 2 2t

dev

P

TR AR RIS
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ey E—wE

THELIN T R BRI

Taylor Swift X} Whitney Houston {72 A :

_(4-4) (5-3)_0 2_

dev_ . = 1
swift houston 2 2 2 2
il PSY % Whitney Houston [KJ{F/ R ZE A -
-4) (35-4) -1 -0.
deV sy houston = (3 ) + (3 5 4) = _1+ £= _075
P 2 2 2
Taylor Swift I;SY Whitney
| Houston
Taylor Swift v (0] 2 1
PSY -2 0 0.75
Whitney -1 0.15 0
Houston
BEm

EE—MRE RN, HPET AP 20 7 RAHTIFSR. REAHH AN E
10 NRHEHT TIPSR, REFEEIFBITEIRAERTE 200k X 200k HI5EFE?

IR TRl R A A BT 1 ?
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EE—ANIE R, HAEE X 20 J5RET IR
WERANFH X H A 10 4N KRBT TR, 2 B RERFETH
R BT 200k X 200k HOFERE? A 2A B S A AL EE 5k ?

ABBITHEBRA TR RWRETERRDZAL. *t
T4 ER— X, BAT A T B e 22 (A (7] i 5 7 40 i P 2%
fI R % B BT,

Biltn, BREEFEA14NIE Taylor Swift Xt PSY HIVFRmZEM R 2, FF
HiZ4s B3k E [ X} Taylor Swift 1 PSY $FZ% 1K) 9 M. Ik
TR, %t Taylor Swift HI¥F4 A 5, X PSY HIiFa A 1, LA mZEE AT LA
IR~ 7 R

((9x2)+4)/10=22




RRATERETMRNOTE 81

£3E thETLE

&4y F MM Slope One & ik T

w7, BAERAE 7 — AR KA ZEE S . WA A2 EeE SE AT U00 7 AT
|, BAVEEF IR Slope One B # 5y P, FMI A4 F:
2 (dev;; +u,)c;;

wS1 _ieSu)—{j}
g (u); = z
Cji
ieS(u)y—{j}

Hr,

C;;= Card(Sj‘,(}())

P*'(u) $aHIRFIF KL Slope One BiLLA M u XI5 j BIBME. K,
P*S!(Ben)whitmey Houston 18 (/& Ben Xt Whitney Houston [ 343 Tl {& .

BN F B 1) UK 88 :  Ben 2%} Whitney Houston §T % /0432

HAREBEESTHD.

>

ieS(u)—{j}
RN FTERj (X B2 Whitney Houston) 2 4 Ben ¥T 343 1 2R BA
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XA FE TR, XA Ben WL HIRBL (B Whitney Houston Z 4b), RAI&®E
#X Whitney Houston E1Z RAHIRZ, AR HME| Ben Xt i KIVFRER L. 25, BER
SE XA KB (Whitney F11) #E47 3 3F 2 9 7 80 H A 3.

TH% HEARTH R,
B, T4 T Ben HIVF45 R LA AT H B 23K -

Taylor Swift pPsyY Whitney Houston
Ben 5 2 ?
' Taylor Swift PSY Whitney Houston
Taylor Swift 0 2 1
PSY -2 0 -0.715
Whitney Houston -1 0.75 0

1. Ben B Z4%} Taylor Swift #4715, ZMEA S, K& uie
2. Whitney Houston #| Taylor Swift HIffiZ ~-1, X2 dev;;.
3 ﬂ:% a’evj,,-+u,- ﬂ‘j 4,

4. MHTTHE RT LTS 2H B A (Amy Al Daisy)[E]Bf X} Taylor Swift #1 Whitney Houston i
T T4, B ¢ =2,

5. FR(dev;tu)c,=4X2=8,

6. Ben X} PSY #ATIE VS, HMEN 2.

7. Whitney Houston % PSY [z A 0.75.
8. TR devitu; 4 2.75.

9. AR/ P ERXT Whitney Houston 1 PSY #47 7 1F4, Bk (dev;tu)c;,=2.75X
2=5.5.

10. ¥38 5 B 9 BHLGRMIMEE] 13.5, ZR> THHHEER.
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THEE S .

. PEREERR, XA Ben 1R HIRBN, KA FEIR XA SR BAVEE 4 1
(X B B [B] B % 1% 5k PAF1 Whitney Houston $¥43) % H #47 £/10. Ben Xt Taylor Swift

it4y, T [FEES % Taylor Swift #1 Whitney Houston ¥Fidt 43 () P30 H A 2; Ben
xf PSY PFit 4y, wilER Xt PSY #1 Whitney Houston it I A8 H & 2. T
SR A 4.

12. FfrLA, Ben %f Whitney Houston E’Jﬁﬁﬁm{gﬁg =3.375.

EF Python HysEIR

THERXEE 2 EFHKK Python KT . NWEZTN, XEAFHER B MEFERN
RES, TR RN HBEAT TR GefE, ApAREEaT AL hitp:/guidetodatamining.com T
o BEEI—TF, HAKMEIEET:

users2 = {"Amy": {"Taylor Swift": 4, "PSY": 3, "Whitney Houston": 4},

"Ben": {"Taylor Swift": 5, "PSY": 2},

“"Clara": {"PSY": 3.5, "Whitney Houston": 4},
"Daisy": {"Taylor Swift": 5, “Whitney Houston": 3}}
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BAETERE, WMEMTEARXWT:
dev_ Py — —_— W
" uegj(,\() Card(Si'j(X))
Bk, FATH computeDeviations B& & HIHI A BHE#% st & LI users2 #8380, M
R A& T AR

Taylor Swift PSY Whitney Houston
Taylor Swift 0 2(2) 1(2)
PSY -2(2) 0 -0.75 (2)
Whitney Houston -1(2) 0.75 (2) 0

ERFREFE SRR FRIE, BRI EARETIFORA5E . FHik, x4
XHARBA, AT R R AF i Z (B AN AE

AR H DA I

def computeDeviations(self):
for each i in bands:
for each j in bands:
if 1% §:
compute dev(j,i)

EXBWAEE EEAE, BRI LURIL, O AR5 ZE 1 B 4% = HoE i SEbrk X
(ZF L user2) ZRIRBEIN . fEARMBNGRUEAPIFERE, —MRIEEE T
Fete, —FRXT MRS EEAT B BB TR G —Fi s, BdUa 0 RBEmT:

def computeDeviations(self):
for each person in the data:
get their ratings
for each item & rating in that set of ratings:
for each item2 & rating2 in that set of ratings:
add the difference between the ratings to our computation

T —H—F 5 LR RIS 4T SEE
F1%:

def computeDeviations(self):
# for each person in the data:
# get their ratings
for ratings in self.data.values():
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Python H I F# (BFAMAR) ZEMEXT (key value pair). self.data & —#fiF . H
values T iENFRPAUUUHBUER B . BAOIWEIHE DT :

users2 = {"Amy": {"Taylor Swift": 4, "PSY": 3, "Whitney Houston": 4},
"Ben": {"Taylor Swift": 5, "PSY": 2},
"Clara": {"PSY": 3.5, "Whitney Houston": 4},
"Daisy": {"Taylor Swift": 5, "Whitney Houston": 3}}

Hit, F—XEHFHHPHIESMEAN ratings={"Taylor Swift": 4, "PSY":
3,"Whitney Houston": 4},

F245:

def computeDeviations(self):
# for each person in the data:
& get their ratings
for ratings in self.data.values():
#for each item & rating in that set of ratings:
for (item, rating) in ratings.items():
self.frequencies.setdefault(item, {})
self.deviations.setdefault(item, {})

TEHEFER VLA T ik, 3R self.frequencies Al self.deviations #IEA 1L AT L.

def __init_ (self, data, k=1, metric='pearson', n=5):

#

# The following two variables are used for Slope 0One
#

self.frequencies = {}
self.deviations = {}

Python F L 75 % setdefault H G FH NS %: key Ml initialValue. %5 TAEERERN: W
R key fEFHFARLFEAE, WK EAME initial Value IIAE|FHdr; FGR[E key FI 24 RT{E .

F3%:

def computeDeviations(self):
# for each person in the data:
# get their ratings
for ratings in self.data.values():
# for each item & rating in that set of ratings:
for (item, rating) in ratings.items():
self.frequencies.setdefault(item, {})
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self.deviations.setdefault(item, {})

# for each item2 & rating2 in that set of ratings:

for (item2, rating2) in ratings.items():

if item != item2:

# add the difference between the ratings
# to our computation
self.frequencies[item].setdefault(item2, @)
self.deviations[item].setdefault(item2, @.0)
self.frequencies[item] [item2] += 1
self.deviations[item] [item2] += rating - rating2

X— B I BIARRS T8 T PN PP 2 2 18] B 22 57 9K H BN B 241 self.deviations b. i
PR

{"Taylor swift": 4, "PSY": 3, "Whitney Houston": 4}

EAMEFRF Y item= “Taylor Swift”, “rating=4” B, fEHEARH Y item2= “PSY”,
“rating2=3" i}, LR RBHERE T2 1 N3 self.deviations[“Taylor Swift”]
[ “psy” 1L,

F4%:
BJa, AL self.deviations, KF M2 b DA SR .

def computeDeviations(self):
# for each person in the data:
B get their ratings
for ratings in self.data.values():
# for each item & rating in that set of ratings:
for (item, rating) in ratings.items():
self.frequencies.setdefault(item, {})
self.deviations.setdefault(item, {})
# for each item2 & rating2 in that set of ratings:
for (item2, rating2) in ratings.items():
if item != item2:
# add the difference between the ratings
# to our computation
self.frequencies[item].setdefault(item2, @)
self.deviations[item].setdefault(item2, ©.0)
self.frequencies[item] [item2] += 1
self.deviations[item] [item2] += rating - rating2

for (item, ratings) in self.deviations.items():
for item2 in ratings:
ratings[item2] /= self.frequencies[item] [item2]



£3E HREERE

KI5 B!

ui —U.
dev, ; = _—
l ues; ;(X) Card(Si,j(X))

BN bR, ARSIt AR 18 17, MEXELIERS!
¥ LR T7 5s AT T Bl -

users2 = {"Amy": {"Taylor Swift": 4, "PSY“: 3, "Whitney Houston": 4},
"Ben": {"Taylor Swift": 5, "PSY": 2},
“"Clara": {"PSY": 3.5, "Whitney Houston": 4},
"Daisy": {"Taylor Swift": 5, "Whitney Houston": 3}}

=33

>>> r = recommender(users2)

>>> r.computeDeviations()

>>> r.deviations

{'PSY': {'Taylor Swift': -2.0, 'Whitney Houston': -@.75}, 'Taylor
Swift': {'PSY': 2.0, 'Whitney Houston': 1.0}, ‘Whitney Houston':
{'PSY': 0.75, 'Taylor Swift': -1.0}}

XANEATHT I FH LR T2

Taylor Swift PSY Whitney Houston
Taylor Swift 0 2 1
PSY -2 0 -0.15
Whitney Houston 1 0.15 0

%5t Bryan O’Sullivan & E 157X teideal glic deisbhéalach (serpentine.com/blog),
ZEE LAY T Slope One B— Python SEI ! AERIARLETZSSIARDA L.

RXTRARETYRETER 87
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7N Slope One: #ETF1EIR
PLAE R EM B HEF RS T

| };.(déwj+ugqﬂ
PwSl (u) = ieS(u)-{j}
J
2 Cji

ieS(u)-{j}

XEB—AN KA B2 RS REEATH compteDeviations I 18 1TSS, &%, oML
A RFEH e AT SR/ AR 28—,

Py 8

ERARBI TR R A2

ﬁm SE—EE

KRG H T — N RAVEE
R AT BARH P RATHES . BRIAFHR I TRAMHEELSR:

{"Taylor Swift": 5, "PSY": 2}
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For every userItemand userRating in the user's recommendations:
For every diffItem that the user didn't rate (item2 = item):

add the deviation of diffItem with respect to userItem to

the userRating of the userItem. Multiply that by the number of
people that rated both userItem and diffItem.
Add that to the running sum for diffItem
Also keep a running sum for the number of people that

Rated diffItem.

&G, WMAERFIRFIEA diffitem, Bi% item FIEAER LLIZ item ()50 3R [B]
aR.

TR L RIS A e N Python (RS

def slopeOneRecommendations(self, userRatings):
recommendations = {}
frequencies = {}
# for every item and rating in the user's recommendations
for (userItem, userRating) in userRatings.items():
# for every item in our dataset that the user didn't rate
for (diffItem, diffRatings) in self.deviations.items():
if diffItem not in userRatings and \
userItem in self.deviations[diffItem]:
freq = self.frequencies[diffItem] [userItem]
recommendations.setdefault(diffItem, ©.0)
frequencies.setdefault(diffItem, 0)
# add to the running sum representing the numerator
# of the formula
recommendations [diffItem] += (diffRatings[userItem] +
userRating) * freq
# keep a running sum of the frequency of diffitem
frequencies [diffItem] += freq

recommendations = [(self.convertProductID2name(k),




90 SHEFRNMIESESSRIES

v / frequencies[k])
for (k, v) in recommendations.items()]

# finally sort and return

recommendations.sort(key=lambda artistTuple: artistTuple[1],
reverse = True)

return recommendations

e TR A LR e %) Slope One SEBLHEAT 40 (14 7 L0 :

>>> r = recommender(users2)

>>> r.computeDeviations()

>>> g = users2['Ben']

>>> r.slopeOneRecommendations(g)
[('Whitney Houston', 3.375)]

G RIMBATF TSR — B B, SARHERE S 2t 1 18 474K, T4 Slope
One S% ) Python AR ESLH] 1 36 47Af%. FIH] Python AJ LA Hi+ 70 iR I

MovielLens ##E &

TTHI¥ Slope One #:3% R4 H 2 1 — AR EHESE . B8 7578 K% GroupLens W 7T
T H B8R #) MovieLens $3E 48 & B 52 R PR
ZH PR LU www.grouplens.org F 3. ZEHELT 3
MR, X BRI, A T H s/ R 5
PadkR, HhaE 943 MH N 1682 FEL I 10 514 (1
B 550 BE. THRS T —/DRRBATD T LUK Z 808 S A\ F) ERHER K

T EBRATHRIR.
B, K EEEINE R Python HEFEXT R+

>>> r = recommender(Q)
>>> r,loadMovielens('/Users/raz/Downloads/m1-100k/")
102625

THEPRAE Userl BIER. AT HMEEHIRAIHEL, FHELH Userl WEHRKIHT S0 &

Bl A, AR T A M M sk
www.guidetodatamining.com T

BARAFTXA,
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R

>>> r.showUserTopItems('1', 50)

When Harry Met Sally... (1989) 5

Jean de Florette (1986) 5

Godfather, The (1972) 5

Big Night (1996) 5

Manon of the Spring (Manon des sources) (1986) 5
Sling Blade (1996) 5

Breaking the Waves (1996) 5

Terminator 2: Judgment Day (1991) 5
Searching for Bobby Fischer (1993) 5

Maya Lin: A Strong Clear Vision (1994) 5
Mighty Aphrodite (1995) 5

Bound (1996) 5
Full Monty, The (1997) 5
Chasing Amy (1997) 5

Ridicule (1996) 5

Nightmare Before Christmas, The (1993) 5
Three Colors: Red (1994) 5
Professional, The (1994) 5

Priest (1994) 5

Userl XFiX L4507 ITED#R2 5!
NP HEAT Slope One SILMISE—4, BITHE W ZE:

>>> r,computeDeviations() X—FERGEDRY IE
X EZiE247 50 £,
)5, 193] Userl MRS R

>>> r.slopeOneRecommendations(r.datal'1'])

[('Entertaining Angels: The Dorothy Day Story (1996)', 6.375), ('Aiging
wansui (1994)', 5.849056603773585), ('Boys, Les (1997)',
5.644970414201183), ("Someone Else's America (1995)",

5.391304347826087), ('Santa with Muscles (1996)', 5.380952380952381),
('Great Day in Harlem, A (1994)', 5.275862068965517),

PA K User25 HIHEFESE R -
>>> r.slopeOneRecommendations(r.datal['25"'])

[(*Aiging wansui (1994)', 5.674418604651163), ('Boys, Les (1997)°',

5.523076923076923), ('Star Kid (1997)', 5.25), ('Santa with Muscles
(1996) ',
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e

1. YRETLAXT MovieLens FHAEE ) 10 #5 H#1TVFH, BFE Slope One #HFE ARG S
B AR ? HERGAREZENR H —RIREK KRG ?

2. EILERERZACETTE A, HBHMRS Slope One #ATHE .

3. (BHE) HiE1TT Booking Crossing HiEER, WA FESE (FREILASH 8GB
WA EMZ—TF, ZBIEER 27 HABHE IS . FEIHFHEZE— 270000 X 270000 5 4

RAFEMZE, ZXABTRE 730 12417 4% H . T MovieLens $#E4E, 7 MIKMBE
gl ? AB TR AR RS Ab 28 BE KA HdE 46

EIFEELER, PR

AERE S, BEEENLE ERERIAK
& LR EATRI B RS




BA4E
Chapter 4

WA IEIE S oy R— A T s Pk i)

FERTTRLE S, BAINATET HEILIE (WFRAHELEIE, social filtering) KIHES .
M EE e, BOFHE THP X R S ER A B TH#RE. RIWSET Wolfgang Amadeus
Phoenix, T3AENIE M FZ LB AR 2 BUE RN RIESE T Vampire Weekend 1 “ Contra”,
WIRATE 5B HEFER IR . IRWFE T IELLRE| Doctor Who, Netflix 2HE#F Quantum Leap 453,
X REAMAE Doctor Who WIIRZ H WA T Quantum Leap. Al JLEHFFAITHIRE]T
() 3 i R R A, AR BE AR AN Y R A AT R A ) R o 5y — A 1) R 2 T P R DR RO HE R &R
gifme THER CRAT Y, B TRAT Y. 1E— w6+, 8 —A 4% KA
MR T4 . HTRAFEENEEAEE S (B3 BT NEBEAEET), FE
KIEA SR (XREFERGTAHER “AB3”7 &),

ZAPRE RRAARAT SRR FEARE” AR, mAERST
Pk “RAERRT HRER,

—Daniel Fleder, Kartik Hosanagar, 2009. Blockbusters Culture’s Next
Rise or Fall: The Impact of Recommender Systems on Sales Diversity,

Management Science vol 55

KELHERE—FAFECHERE k. FRERE KMi Pandora. 1FE WK SR A &0E M AREE,
7t Pandora H, RAIUUMBZ N ARMRELEG. —HGEEIMEEAHENKTF, RE
Pandora £#EM5 Z K FEB AR E K. ReJUME—IEE, ZHEHNMFHRFEL
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Phoenix KBA. 2R8)5 B GRS Phoenix XA LA, Hotn, & 24X El Ten Eleven
) — R X PR S IFEA I P Rl S SC Y, BRANZ K 9Wr Phoenix ¥ FH F 7T El Ten
Eleven. Z JfrEAHIX El Ten Eleven 2 R N HEIN v EAE# SR LA Phoenix K481, EFr L,
FATTAY LA ) Pandora oAt 4 2R I80Z AR BA B — & ikl .

PANDORA

Why this track?
My Only Swerving by El Ten Eleven

Based on what you've told us so far, we're playing this track because it
features repetitive melodic phrasing, mixed acoustic and electric
instrumentation, major key tonality, electric guitar riffs and an instrumental
arrangement

it this track Move track to another station

{E Phoenix FT{EH & %7 El Ten Eleven (1] My Only Swerving (IR f&: “FT B AR
7Tk, BT HEAESHE., BESAHEAS. KATH, BT HhEESBR. &5 #FE
SFRFAE, PrCABRATER 7K & Ao 7 /L Hiromi &, JLEBKZ ES.T. M—HilT, X
R CERRHEaLE:. BALUELIRMER. BRI E Nz W ROBE. K4S
WA R. FREER A8,

864 varety options.
Buddy Guy Radio
Enya Radio

Phoenix Radio

Alice Peacock Radio
Trans-Siberian Orche....
Tye Tribbett 8 C.A R...
Nanci Griffith Radio

Pandora [I#EFEEET— PR NS REE I E (The Music Genome Project) . ffifi1/E 7 —
L BRI E SRR E R T W& RN LAERSHN, bRk 3K KR (b IFRZ
NEEED . XE Iz 150 NN REIl. —BRHISEE, MiTmafe s 20~
30 438 B[]Sk o3 A — 1 Ak it DUR s FL 2 R B OAFAE . IX SURFAE X TP IR B A2 T LR .
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Bl Ten Eleven M: Ouly_Swerving
Beats per‘Minute: | \\¢ majortonallty ¢ 5
iswinging 16ths: s electnc guntar ruffé' - g“ |
gwell amculated plano solo 7. repetmve melodlc phrasfng' | \-(

( block chords . | 3 drummlng 3
acoustic mstrumentatnon 2 'S' electnc;Iﬁn'ét;ﬁ;éntatlon ‘-{

ST ITiSAE RS 400 bk BT PRy . BT RS A KL 15000 EHEK, F b
RIER TAERERK.

2% : Pandora L EMA ATHEA, AXRSTE I ERE— LA
4o, F @469 R 2 Pandora 89 TAEAAL, M2 defTHIEARM & %69 —
B,

EESERENEEZ N
& Pandora {§ RPN LR UK (genre) FITHZE (mood). XEEFE K HIME LN T Fiaw:

Mood
genre

Melancholy 1

Count 1
2 JjoyFul 2

Jazz 2
passion 3

Rock 3
angry 4

Soul 4
unknown 5

Rap 5

Ht, WRRIRAEUE R 4, WRR “RBR", Man RG-S RBUER 3 WRR “#
7. BEE MK ERETH, ki James Blunt fRIFHE 2 N Z B W You 're Beautiful .
M 4eZS R, BICAEAR b X e, F.
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5
L ]
You've ‘
o | $i

w ? ot {E—/ Rolling Stoneft) ¥ 5
: 24 Wzhd, You're Beautiful
gL AE S iAo i afk oty e

t BT

1z 3 v %
Mood

B, Tex A4 E K You 're Beautiful X e &K, T RIATHKG HAHEFZLS A .

X 1 You 're Beautiful
R R, &
B!

TEHHEZHRMMABEEES . Tl 1 2 —EWHRE LR, Wil 2 2 —FHHE
MRZA, Tkt 3 R—EHIRME LR, A4 3R 6 LE 3 i HEFE 45 Tex?

3
¢ Seq 2
' You're "
3 .8“"";‘0(
v
: 2 o Sonqd o Senq3
T~
l4
*_: z 3 ‘1 ;_ ot 15 £ 50n!
Mood




WA B EH B E B LR ) — DB R

$4E HELIREHSEX —ETFORBMEOTR 07 |

BATEEELE B X LB A 7T REHUE :

Mood genre
melancholy 1 Country |
JjoyFul 2 Jazz 2
passion 3 Rock 3
angry 4 Soul 4
unknown 5 Rap 5

FE_LRALHI T, A AP BE B vH ST ik, #0A B LR BRI R B R R R (F
TARARRAREERE Y 1, TR L ARMRBRHIERE N 2), B thar b, “ih” & “m&
M7 EWE BUR” L. BERATYEERATESR, ER AR .

Mood genre
melancholy 1 Country 1
angry 2 Jazz 2
passion 3 Soul 3
joyFul 4 Rap 4
unknown 5 Rock 5

HHAR G R NEXEBEMF, EHERIOEREN RRAEATEH T 2R ERN
RFAE, AT R AEE — A B AR N BUE . BATAT BUR 2 5 HUR AU IRRFE 20 A
5 AMSLHRFE, —MFENM SRS A— IR, HRIKISHE,

Song
Country
Jazz
Soul
Rap

Rock

I breathe in, breathe out
Ea— |
i
1A
1
gilee—

A RS B RHAE AR T DALE 1~S3X AN X )Y N L. Bt ilix
HRMA L VS NERRS? IBRERFEMTS N F R
G, MSTERERE ~HHERN S ER. BAEPERRE
WSRA RS o WRARIR— B 5 A 5 SR Iy 5 e Ak et A AL
%%Hﬂ, R4 % H 5 SRIUE AR g 4 1 Bk it 2 EoUELA 1 Rk th
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IX 7t & Pandora 4 2 & 5 2k R BE R H0VE « K8 4 8 A 25 (8] 1) DU Y L AR AE 1~5 2 1),
RSB EUE A2 1/2. X8 KA R ERA R LR . B, F—Eakn, &
EHrHEVR (Blues Rock). RiEHEVR (Folk Rock) KiiiTH#EIK (Pop Rock) Z5#RJE TiX A
Kol FH—AEMRSRFE+EREE, GFF RS RIE K 85 B DR B E X%,
FIFHX A 1~5 2B BA REFE XK FREE, Pandora K45 MKERH— 400
B E R E (BRI, IR 400 4E 23 5 M —A 5. ILLE Pandora 5t 7] DA T
AT 2 b v BE B iR R e At (st R, T F P B I & R 6 R PUE 3
TR 6 B o D o

— AR BT

T R I — A ] B B SRR LR SR . A — SRR AE, RN REAE B AR AT

1 1~520E, SHANLEREMRZE 12 (REAAZIEAR— N ToAEBEARE T4 5%EE
B ) -

'Amount of piano 1 indicates lack of piano; 5 indicates piano
‘ fhroughouf and featured prominently

| §
Amount of vocals 1 indicates lack of vocals; 5 indicates promlnen’r
|

vocals throughout song.

Driving beat Combination of constant tempo, and how the drums
& bass drive the beat.

Blues Influence

Presence of dirty elec'fric
gu|’rar

Presence oF backup vocals

Rap Influence

T, A ERRER 10 B HPE
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i Piano  Vocals Drivingi Blues Dirty ] Backup Rap

H
beat infl. “elec. vocals  infl.
_ | Guitar :

Dr.Dog/Fate = 25 4 3.5 3 5 4 1
Phoenix/ 2 5 5 3 ! 2 ! 1 1 ‘
Lisztomania i |
Heartless i 5 4 2 4 I 1 1
Bastards / i
Out at Sea |
Todd Snider/ 4 5 4 4 1 i 5 1 ‘
Don't Tempt Me |
| The Black Keys/ 1 4 5 3.5 5 i 1 1
Magic Potion
Glee Cast/ 1 5 3.5 3 4 | 5 1
Jessie's Girl !
Black Eyed Peas/ 2 5 5 1 B 2 4
; Rock that Body i
|La Roux/ 5 5 4 2 1 1 1 ‘
Bulletproof ‘
Mike Posner/ 2.5 4 4 1 1 1 1 \
Cooler than me i
Lady Gaga/ 1 . 5 3 2 1 | 2 1

Alejandro

HEREHRRE— RIVEFIIER, TRBATAT AR AT —BE B8 oR FOk 58k ih 2 18] 1 R
. #lu, Dr. Dog [ Fate #1 Phoenix ' Lisztomania 2 [&] ] S M 45 2E 2wt A2«

Dr. Dog/ Fate 2,5 4 3.5 ] 5 4 1
Phoenix/ 2 5 5 3 2 1 1
|Lisztomania |

i Distance 0.5 1 1.5 o 3 3 ! o

Xt R SR = AT SRONME A5 2 e 22 () 2 I B 21 9.

Py 8

WA B MK IRRE B 4R BB Glee 221 Jessie’s Girl ST ak il . 18 58 B~ &A% I
Eodieh ol i B SR RS
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Dr. Dog/ Fate ??

Phoenix/ Lisztomania 4.822
Heartless Bastards / 4153
Out at Sea
Todd Snider/ Don't Tempt Me 43817
The Black Keys/ Magic Potion 4528
Glee Cast/ Jessie's Girl 0
Black Eyed Peas/ Rock that Body 5408
La Roux/ Bulletproof 6.500
Mike Posner/ Cooler than me 5.701
Lady Gaga/ Alejandro 29
Jempy IE—WE
Dr. Dog/ Fate ’ " 2901
Lady Gaga/ Alejandro 4.381

BT, WA NRERXNR x. y FEKKEEREA:

d(x,y)= D> (x, — )

T4 Glee 1 Lady Gaga 2 [8] {f] KK FCBE 25 A -

piano | vocals | beat | blues | guitar | backup | rap | SUM | SQRT

Glee 1 5 35 | 3 4 5 1
Lady 1 5 3 2 1 2 1
G

(x-y) 0 0 05 1 3 3 0

(x-y2| o 0 [o02s| 1 9 9 0 | 1925 | 4387
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A Python S£3j

BIE—TF, A iE s RS T

users = {"Angelica": {"Blues Traveler": 3.5, "Broken Bells": 2.0,
“"Norah Jones": 4.5, "Phoenix": 5.0,
"Slightly Stoopid": 1.5, "The Strokes": 2.5,
"Vampire Weekend": 2.0},
"Bill": {"Blues Traveler": 2.0, "Broken Bells": 3.5,
"Deadmaub": 4.0, "Phoenix": 2.0,
"Slightly Stoopid": 3.5, "Vampire Weekend": 3.0}}

IX H AT DU AL B0 75 SRR R B «

music = {"Dr Dog/Fate": {"piano": 2.5, “vocals": 4, "beat": 3.5,
"blues": 3, "guitar": 5, "backup vocals": 4,
"rap": 1},
"Phoenix/Lisztomania": {"piano": 2, "vocals": 5, "beat": 5,
) "blues": 3, "guitar": 2,
"backup vocals": 1, "rap": 1},
"Heartless Bastards/Out at Sea": {"piano": 1, "vocals": 5,
"beat": 4, "blues": 2,
"guitar": 4,
“backup vocals": 1,
“rap™: 1},
"Todd Snider/Don't Tempt Me": {"piano”: 4, “vocals": 5,
"beat": 4, “"blues": 4,
"guitar": 1,
“backup vocals": 5, "rap": 1},
“The Black Keys/Magic Potion":{"piano": 1, "vocals": 4,
“beat": 5, "blues": 3.5,
"guitar": 5,
"backup vocals": 1,
"rap": 1},
"Glee Cast/Jessie's Girl": {"piano": 1, "vocals": 5,
“beat": 3.5, "blues": 3,
"guitar":4, "backup vocals": 5,
“rap": 1},
"La Roux/Bulletproof": {"piano": 5, "vocals": 5, "beat": 4,
"blues": 2, "guitar": 1,
"backup vocals": 1, "rap": 1},
"Mike Posner": {"piano": 2.5, "vocals": 4, "beat": 4,
"blues": 1, "guitar": 1, "backup vocals": 1,
“"rap": 1},
"Black Eyed Peas/Rock That Body": {"piano": 2, "vocals": 5,
"beat": 5, "blues": 1,
"guitar": 2,
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“backup vocals": 2,
“rap": 4},
"Lady Gaga/Alejandro": {"piano": 1, "vocals": 5,
“blues": 2, "guitar": 1,
“"backup vocals": 2, "rap": 1}}

"beat": 3,

MAEREERAMNAR, fhiifh =% Black Keys Magic Potion. 1] LG 1Z(E BN EIF

DK S M TEE B R .

>>> computeNearestNeighbor('The Black Keys/Magic Potion', music)

[(4.5, 'Heartless Bastards/Out at Sea'), (5.5, 'Phoenix/Lisztomania'),
(6.5, 'Dr Dog/Fate'), (8.0, "Glee Cast/Jessie's Girl"), (9.0, 'Mike

Posner'), (9.5, 'Lady Gaga/Alejandro'), (11.5, 'Black Eyed Peas/Rock
That Body'), (11.5, 'La Roux/Bulletproof'), (13.5, "Todd Snider/Don't

Tempt Me")]

F R AT LAHESFE Heartless Bastards [{] Out at Sea #54th, 52 FiX e/ — /N Ew i1 HE

HFER
xR
Al PR AR F P PTR BT AT AR A R 3k
http://www.guidetodatamining.com %47 .
BHEFNERERE

24 Pandora #ATHEZER, Eo4e HATRERY R :

Why this track?
ye by Mt

Based on what you've told us so far, we're playing this track because it

features minor key tonality, simple harmonic progressions, an
improvisational approach, an afro-funk groove and contemporary

ethiopian sounds.

FAE ] LIXFE . BB I ZE XK The Black Keys Magic Potion IR A" ? FA1HE
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HEFE T Heartless Bastards [f] Out at Sea %5ih.. RJE A AKFIERE T iZMEFESE £ 2 ATATLL

PP AR [ £ -

Black Keys
Magic Potion

Heartless Bastards
Out at Sea

‘ difference

Piano Vocgilerriving 'Blues ;Dirty elec.  Backup -Rap
beat infl.  Guitar vocals  infl.

1 5 4 2 4 1 1

1 4 5 3.5 5 1 1
o 1 1 1.5 1 o] [¢)

W5 1 Bk P BT A AFAIE A piano. presence of backup vocals Al rap influence, ‘BT ZE F#F
& 0o (ERIX P 1 3K A I SRR AR A BUE # AL T B (K3, "B 1#8% A piano. presence of backup
vocals 1 rap influence, WIRFATHL “ F AKX #EA backup vocals fl LA HERE” FIREZETT
TER . SR, FRATRLER A i HUE 7E i i 0 08 25 28 FLARFAIE

T FRAT B B AR AR

FERFAI @ AT :

FATTA A5 0] BB = Wk Heartless Bastards Out at
SeailXx ik, P AN‘BHuAdriving beaty vocals
dirty electric guitarZE4E4E

b, BN, BRI AR KRR 25 5O A& LT B HEFE R

>>> computeNearestNeighbor(“Phoenix/Lisztomania”, music)

[(5,
Black Keys/Magic Potion')
‘La Roux/Bulletproof'), (
Jessie's Girl"), (9.9,
Me")]

‘Heartless Bastards/Out at Sea'), (5.5,

‘Mike Posner'), (5.5, 'The
, (6, 'Black Eyed Peas/Rock That Body'), (6,
6, 'Lady Gaga/Alejandro'), (8.5, "Glee Cast/

'Dr Dog/Fate'), (8, "Todd Snider/Don't Tempt

>>> computeNearestNeighbor(*Lady Gaga/Alejandro”, music)

[(5,
Roux/Bulletproof'), (6, '
Jessie's Girl"), (8,
Snider/Don't Tempt Me"),
'Dr Dog/Fate')]

'Heartless Bastards/Out at Sea’),

(5.5, 'Mike Posner'), (6, 'La

Phoenix/Lisztomania'), (7.5, "Glee Cast/

'Black Eyed Peas/Rock That Body'), (9, "Todd

(9.5, 'The Black Keys/Magic Potion'), (10.0,
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Lady Gaga M) AR MRS RAF I FEEE

— NEUESE B A &

R AB AR & G N —ANRFAE, IX RGN O RFAE 2 55 20 B K15 38 (beats per minute,
fEFK bpm). X MFHERAE XK, BATREERRAIGR. HERBHELENT:

Piano  Vocals 7Dn'ving Blues Dirfy Backup ' Rap ;bpm

beat infl. elec. vocals  infl.
Guitar

Dr. Dog/ Fate 2.5 4 3.5 3 5 4 | 1 | 140
Phoenix/ 2 5 5 3 2 1 1 110
Lisztomania v ‘
Heartless 1 5 4 2 4 1 1 . 130
Bastards / { |
Out at Sea
The Black 1 4 5 3.5 5 1 1 . 88
Keys/ %
Magic Potion " . i ‘
Glee Cast/ 1 5 3.5 3 4 5 | 1 | 120 |
Jessie's Girl
Bad Plus/ 5 1 2 1 S S 1 1 90
Smells like
Teen Spirit

IR ¥ bpm FFMEMILE, 5 The Black Keys [ Magic Potion /T ff] /& Heartless Bastards
] Out at Sea, LW Bad Plus f] Smells Like Teen Spirit. {H/&, A bpm $ffE2 f5, ¥
ANFE BV R BOR AR T, bpm £ T T B/NHE LR  ILAE Bad Plus HJEk 5 The Black Keys
MR, X AR R E P E ) bmp EAE

FEF—ABIF, BRENAMEE, RAMERKEIERRE AT LRI R SR
B F KR

X BRI BUETE EITE 25 3 53 Z 6], HKZEFER 28, Ti#H KN 43000 | 115000 Z
], KZEFEN 72000 BFFANEMEAIVEIEEZERX AR, FHox TAEMEEHE 5%
M, FHKESGHEESFHA. MERIMFHEE—THIE, ATRESHER David 45 Yun, X2H
MFEER—FE, FoKEEARZ. EHE, WRRAMEHNAMER - ERE T ETERE,
53 % [f] Brain 2 HEFZL Yun. XFERIT T IRATIXAHTHEE 105 af AN R A 257 %
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gals guys
name age salary name age | salary
Yun L 35: 75,000 Brian A 53 | 70,000
Allie C 52 55,000 AbdullahK | 25 | 105,000
Daniela C 21 45,000 David A 35 | 69,000
Rita A 37 115,000 Michael W | 48 | 43,000

R L, XMARBMBRESEE/RNE
RNEREFRGRIREREN KB, I
W11

13—

\ WE, FIELEM :

fR R IR RV —4 (normalization) !

T THBREE R A, FRAT AT
Yabr #E 4k (standardization) B3 ¥t 4
— 4t (normalization)s —/ANHHMIE—1LTT
BB NMRHMERER N 0 2] 1 Z (4,
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filan, FERIHLA 2B FrIF KB . RIKH KN 43000 i EHKA 115000,

BOAE R /IMEZ R 22 385 72000, R T K/ MERREE Iy 0 B 1 2 18], BRATESAMER
ER/MERERRELX (0] 22 R E .

gals

E A I = > N ‘\ -
name | salary | normalized T X Yun B0 JRHIEN:
salary

(75000—-43000)/72000=0.444
Yun L 75,000 0444

MlieC | 55000 | 0167 X P B ABRE S ) 7 ¥ AT RE A L s B 4 EIR A AL,
Daniela C | 45,000 | 0.028 HRXIRTHIREL S .
RtaA | 115000 10

WRAR B SRR, VRTT RS2 PR SRS A PO v A B0 IO B2: . Bt , AT DA — Fh AR
FNEHEST B (Standard Score) HITHE J7¥:, A ERTEWMT.

T D B e

| FRATTAT DAASE PR A A3 B (R 2- 53 O KA SRR T
PRUEALALEE, e dd B4 th KR A 2 S A A X

ZAH (DIbRE2E A AL

(FAME) - (1E)
he) Rakaais

Fr#fEZ (Standard Deviation) [ X H:

(Z(x,. - x)’
sd = | +——
card(x)

Ht, card)Ram x FIZEHUE, B x FIBUEAEL.
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R — T, wRIRCLLEZET RITFELEX
% & 675, — & %44k Shin Takahashi 5 #)— &
4F 4 The Manga Guide to Statistics .

% LRI A KA BAABIT

name salary
Yun L 75,000
Mlie C | 55,000 BT #iK a2 577000, HTH 8 A, HIYEN 72125,
Daniela C | 45,000 kT2
Rita A 115,000
A2
BrianA | 70,000 ) Z,(xi x)
sd = 4| +t——--—
Abdullah K | 105,000 card(x)
DavidA | 69,000 FRA:
Michael W | 43,000
Yun HI/K Allie (1% 7K Daniela (K %%
/
(75000 — 72,125) + (55,000 — 72,125) + (45,000 — 72,125)* + ...

8

_ \/8,265,625 + 293,265,:25 +735,765,625+... _ 602.395.375

=24,543.01

bR e 2> BT 5 A KO8

(EMED - 35D

GeEE)  MEAM

TR, Yun FKKIARE D HON:
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75000—-72125 2875

= =0.117
24543 .01 24543 .01
i }Em];» )3
HIHE T HIA B #F KRR 5.
name salary | Standard
Score
YunL 75,000 0.117
Allie C 55,000
Daniela C | 45,000
Rita A 115,000
i}m SIE—RE
W T FIN R B KR bRAE > 5.
name salary | Standard
Score Allie:

YaL | 15000 | o (55,000 - 72,125) / 24,543.01
=-0.698

Allie C 55,000 -0.698

Daniela C | 45,000 -1.105

Daniela:

Wad, | Some | Am (45,000 -72,125) / 24,54301
==1105

Rita:

(115,000 - 72,125) / 24,543.01
= L1417
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{3 FAFRHE 4 Y (a] /%

1 FARAE 2 B ) @ T H S 2 R BB S BRI R . 5, @ik 100 4~ LargeMart
I 53 B /N O F K2 10 35T, 1 CEO MI#i K& 600 Jikm—4, MAFH—/NEH
%7}{7‘7:

(100X%x$10 + 6,000,000 / (40x%x52)) / 101

= (1000 + 2885) / 101 = $38/hr.

M L% FE, LargeMart [)°F3) THEAH . (HEEWIRE BRI, HER35ER
P BSHE U B 2L E e

HTFIMEAAE LR, By DA 2 X AR 7 ) o ST Sust .

it BARE S B

S FSOHE AR e B, K IROR AR HE 4 O A
o A R A R LB (kT ) o B A R AS
fB), IKebnufl 22 B0 o — PR AR o 4o i br o 22
i

1
asd = card(x) z,"lx' - ”l

Hehukrp .

ﬁﬁﬁ¢&ﬁ,§%%ﬁﬁM¢ﬂﬁWWﬁ:(EAE)(¢Pﬁ)

ot b . MED — CHNEBO oy gy e
MR LB . W SR TE A R B R e e AR HE 23 5
O e 57 B A v 16 7 AN B S50 48
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HT, FHZR—TF. AUREKRSTRDEHHF KME Name Salary
B EHAT THES . BT H KIS E AEK, FHibhfrfhd  Michael W 43,000

18] 6 A8 B F 2948 Daniela C 45,000
Allie € 55,000
- 9000+70 David A 69,000
ooy =L O2000T000) 69509
Brian A 70,000
_, R Yun L 75,000
xR ZE A A
Abdullah K 105,000
asd = X —
sardis) ZI i :“| Rita A 115,000

asd :%(]43,000—69,500|+|45,000—69,500| +|55,000 - 69,500 +...)
= %(26,500+24,500+ 14,500 +500 +...)

= %(153,000) =19,125

TS Yun BSGERIARAE B (mss):

(FAME) — (R BD s — (75,000 -69,500) _ 5,500
(M X bRUEE) 19,125 19,125

=0.2876

FoEmp S

TRG T BRI R K EL, 7568 SO RIARAE 7 BRI X LB AT R AEAL -

track play modified
count standard
score

Power/Marcus Miller | 21

I Breathe In, I 15
Breathe Out/
Chris Cagle

Blessed / Jill Scott 12

Europa/Santana 3

Santa Fe/ Beirut 1
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Py E—mE

R T RIS B2 it ) YB3 O e I A B4 3 AT A
HEk.

F1F: HEREH

¥ EREHFSER (3,7,12,15,21), EHFEPEME FMME 12. A2 N 12,

E2%: HEANIREE

asd=é(]3—12]+|7—12|+|12—12]+|15—]2|+|21—12|)

=é(9+5+0+3+9)=%(26)=5.2

£ 3F: TEMUHRES

Power / Marcus Miller: (21 — 12) /5.2 =9/5.2 = 1.7307692

I Breathe In, I Breathe Out / Chris Cagle: (15 — 12) /5.2 =3/5.2 = 0.5769231

Blessed / Jill Scott: (12 —12)/5.2=0

Europa / Santana: (3 — 12) /5.2 = -9 /5.2 = —1.7307692

Santa Fe / Beirut: (7 —12)/5.2=—-5/5.2=-0.961538

I3—4 vs. AJF—4

HRHERRE (BIAR%ERE ERRE ZRFAN, H—HUREEXN. EAREIEHA
KB R To, RESFHAERIELE 1 8] 5 Z [/, 1 bpm 07T LA 60 HUE] 180, 7EZ
SHIBIT A, FEANHF KR RE R ASILAC.

B —RIEK T KMH7E New Mexico #i[X ] Santa Fe F 5. ZEAMIREEH TIEH
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LEARGL SR
i3 LA 2 T VCRE SV MR B A L (R
$1,045,000 2.0 1,860 fE) I 55
$1,895,000 3 4.0 2,907
P Tom hF—AMEERRE Gk BRI ot
Uy R T oe | MHERRE, FME LR
om0 3 oo oo | AL KRR, BINEE 20 VRN TR

AN 8] BB RS T SLEAS 28 ROK 2 .
TEWTIER T RZHITIH— L AbE
1. FrABIRIZIE T EZE THHERERITER N X RAEE;

2. FEFEMRERRE (HHE2FREARMNERL, W LARGFHEiE
MFAENERE )

e JB— AN N X FEAN 7 o PO 3 PO 4R B R . RIS T — MR P PR —
A RRFHE, 0 RRFEE) FIR:

Bill={0,0,0,1,1,1,1,0,1,0... }

R RIX B B IEHATIH— AL B . X T Pandora HIHI T MiZanfTab2E? T f
HIZREARAE 1 3] 5 ZMPUE. ROTRENZETIH—? WRIETIHALKE, ATHEA
SMERERRHE (Accuracy, MR AR H L LR FIRTEI LA, (A2 0HMEL
FERR, MEHTHARIERY R ERITH. XMELT, AT 82X R 16 5
FA—ALE BB AT R IXT I, EEEF T . ARFEHRMNSFR M-
Ak B AR 0 R 511

[E] 2] Pandora

7E Pandora FIIRAMG 70, BE AT — RIEMHREFR. WHRHF A Green Day
VBT —AHE, BaRAVESEET HIEA T %L #K th . Pandora RVFH
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S I BAR R AR E . AR R SRR R EE R

R IRALFH dirty guitar B & LA K2 B AFAAE driving beat XA B R R ~IKE, X
WA EHEREBEAE 1B 5 2ZE. EMNHPRAS BEREATHRRRMERX S 5K (ETF
EFARiIRN “L”), FERKNS KA T EZRAMMAEREN BRiRA “D™.

Ao, RN E "B R BERE R A EIK?

5 L L &
B AR R 2 Ui BRI B K. 2 T LURE B | . g 4
EEh i “0” FRIRE “L” TiAR “D” A&l 3 5| o y
LA RA G BT . B BEER T ﬁ; , >
£ “0” MBIEASHFYIE 5ZBEARERE. 97 B4 » D D D
BEASA L, Bk “2” MR EXR. IR
Driving Beat

RIL 4R 4T 2 =FHY Python X5S

T AT S RIS, A 10 BERE 7 ANRERIES (T piano, vocals,
driving beat, blues influence, dirty electric guitar, backup vocals, rap influence % J& t£FIEUE) .

Ei’iano 'Vocals YDriving | Blues ;Dirty fBackup 'Rap

beat infl. ‘elec. | vocals infl.
: | ‘Guitar |

Dr. Dog/ Fate 25 | 4 | 35 3 3 5 4 1
Phoenix/ i 2 5 5 3 | 2 | 1 1 \
Lisztomania | i i »

Heartless 1 5 4 | 2 | 4 1 1
Bastards / 1

|OQut at Sea | | ; i

|Todd Snider/ 4 5 | 4 | 4 | 1 5 1
Don't Tempt Me | | * \ !

The Black Keys/ 1 4 5 35 | 5 1 1
|Magic Potion i

'Glee Cast/ 1 5 | 35 | 3 | 4 5 1
Jessie's Girl |

= — e e 4 1 —— ¢

Black Eyed Peas/ 2 5 5 i 1 i 2 2 | 4
|Rock that Body | i

|La Roux/ 5 5 { 4 2 1 1 1
Bulletproof i

|Mike Posner/ .25 4 4 1 i 1 1 1
\ Cooler than me

'Lady Gaga/ ! 1 5 | 3 | =2 1 2 1

Alejandro
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A EHTHERAE 2 EIRR A T Python FIRR:

music = {"Dr Dog/Fate": {"piano": 2.5, "vocals": 4, "beat": 3.5,
"blues": 3, "guitar": 5, "backup vocals": 4,
“rap": 1},
“"Phoenix/Lisztomania": {"piano": 2, "vocals": 5, "beat": 5,
“blues": 3, "guitar": 2,
"backup vocals": 1, “rap": 1},
“"Heartless Bastards/Out at Sea": {"piano": 1, "vocals": 5,
"beat": 4, "blues": 2,
"guitar": 4,
"backup vocals": 1,
"rap": 1},
"Todd Snider/Don't Tempt Me": {'piano": 4, "vocals": 5,
"beat": 4, "blues": 4,
"guitar": 1,
"backup vocals": 5, "rap": 1},

X H, F£FE piano, vocals, beat, blues, guitar, backup vocals fl rap HEL 7 £k, WHRA
100000 B EKAIIE, FBAXEFRFE S HIL 100000 Ko B TR MRIR H 2450 e FF 5 1
ARANASE F [ £«

#

# the item vector represents the attributes: piano, vocals,

# beat, blues, guitar, backup vocals, rap

#

items = {"Dr Dog/Fate": [2.5, 4, 3.5, 3, 5, 4, 1],
"Phoenix/Lisztomania": [2, 5, 5, 3, 2, 1, 1],
"Heartless Bastards/Out at Sea": [1, 5, 4, 2, 4, 1, 1],
"Todd Snider/Don't Tempt Me": [4, 5, 4, 4, 1, 5, 1],
"The Black Keys/Magic Potion": [1, 4, 5, 3.5, 5, 1, 1],
"Glee Cast/Jessie's Girl": [1, 5, 3.5, 3, 4, 5, 1],
"La Roux/Bulletproof": [5, 5, 4, 2, 1, 1, 1],
"Mike Posner": [2.5, 4, 4, 1, 1, 1, 1],
"Black Eyed Peas/Rock That Body": [2, 5, 5, 1, 2, 2, 4],
“Lady Gaga/Alejandro": [1, 5, 3, 2, 1, 2, 1]}

BT B R s R A R S, EREXNA AR G ERERRITRER. BTED
FA P A BT B gE AT v 4y CBORME R AL, A A A 7 3877 ¥ 0 7 e

users = {"Angelica": {"Dr Dog/Fate": "L", "Phoenix/Lisztomania": "L",
"Heartless Bastards/Out at Sea": "D",
"Todd Snider/Don't Tempt Me": "D",
"The Black Keys/Magic Potion": "D",
"Glee Cast/Jessie's Girl": "L",
"La Roux/Bulletproof": "D",
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"Mike Posner": "D",
"Black Eyed Peas/Rock That Body": "D",
"Lady Gaga/Alejandro”: "L},
“Bill": {"Dr Dog/Fate": "L", "Phoenix/Lisztomania": "L",
"Heartless Bastards/Out at Sea": "L",
"Todd Snider/Don't Tempt Me": "D",
"The Black Keys/Magic Potion": "L",
"Glee Cast/Jessie's Girl": "D",
"La Roux/Bulletproof": "D", "Mike Posner": "D",
“"Black Eyed Peas/Rock That Body": "D",

"Lady Gaga/Alejandro": "D"} }
o L e 4 )
i b L TIREIEE, AR 5
Il A7k EBRAS IR, R U — R

MBI, IXSEHAE I 3 R BRI
AN o TG T BRATTHE— B A R R
R RIVEA R 55— TR
SCASCRS R B A, 1 B K B AL
BN A HAR, R R
74 A 7 ST A e i B B

. J

seah, FO“rRE” AR
“TRMESIER” BATRES!

— HIXAEE UM, BLAT DA E
1LY ) BB FEOR B e MEARE0 -




| 116 SwrFRMMRLETEESE

XERKAHFRR L TR EERRE ‘D, X —MEEEAIMEEE, fRtna] ks
0 A1 1 3R 53 AR B IRANA K o

A R e B TR ROk R R ikt R EE) & i EE B B AL computeNearestNeighbor i
o iriE.

def manhattan(vectorl, vector2):
"""Computes the Manhattan distance."""
distance = 0
total = @
n = len(vectorl)
for i in range(n):
distance += abs(vectorl[i] - vector2[i])
return distance
def computeNearestNeighbor(itemName, itemVector, items):

"""“creates a sorted list of items based on their distance to item"""
distances = []

for otherItem in items:
if otherItem != itemName:
distance = manhattan(itemVector, items[otherItem])
distances.append((distance, otherItem))
# sort based on distance —— closest first
distances.sort()
return distances

B JE, Wl B — AN KR B A BN — MR E B P a5 AN KRR A itemName
A1 itemVector [FIXF RiF45r. Bil:

"Chris Cagle/ I Breathe In. I Breathe Out" [1, 5, 2.5, 1, 1, 5, 1]
EE, AT BIPAET @Y Python KA, RIEFEM FH P Cagle RATHKF/ Kbt

BR B B B — M F iR TR Chris Cagle HIBIEE. A5 HEE M ML MEI1Es>
TEOLIF T P X FEXS Chris Cagle P43 . NHEZH T — MK classify Bi%.

def classify(user, itemName, itemVector):
"""Classify the itemName based on user ratings
Should really have items and users as parameters"""
# first find nearest neighbor
nearest = computeNearestNeighbor(itemName, itemVector, items)[@][1]
rating = users[user] [nearest]
return rating

T, BAIER—TF. RAEKMIE Angelica £7H 2 E W Chris Cagle f¥] 1 Breathe In, I
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Breathe Out.

classify('Angelica', 'Cagle', [1, 5, 2.5, 1, 1, 5, 1])
IILII

BATTH b2 S UOX B AR | A A1 BX A T A5 R 2
computeNearestNeighbor('Angelica', ‘'Cagle', [1, 5, 2.5, 1, 1, 5, 11)

[(4.5, 'Lady Gaga/Alejandro'), (6.9, "Glee Cast/Jessie's Girl"), (7.5,
"Todd Snider/Don't Tempt Me"), (8.0, 'Mike Posner'), (9.5, 'Heartless
Bastards/Out at Sea'), (10.5, 'Black Eyed Peas/Rock That Body'), (10.5,
‘Dr Dog/Fate'), (10.5, 'La Roux/Bulletproof'), (10.5, 'Phoenix/
Lisztomania'), (14.0, 'The Black Keys/Magic Potion')]

FATHT Angelica €5 %K Chris Cagle ) I Breathe In, I Breathe Out, X 72K 1% il it
T 48 A Lady Gaga W] Alejandro, il Angelica X574 -

X EMGE — R — N 2R, XREOL T, FATRIESS Bk W o 204
H (ERAREND H—NHdZk.

TER! RATWIN AR T— A0 JeaR! !

AEBR—NFANKBERAENRE THANASEANIERF
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DRBEH N CEREF RN RES . EFHIXNES RO H K RRES R
%K. Bk, EROIEEIFH, RAOTHE Angelica B (BridA “HR”) MAERKTK. &
A8 FUM Angelica & 75 5 ¥ Chris Cagle &K .

FKE W Phoenixs
Lady GagaflIDr. Dog, {HJ&
FAE K The Black KeysFil

Mike Posner!

B, BATEIMAngelicaiid 73 i
—H k5 Chris Cagle 43 HIfEh, XK
JLady Gagaftjdlejandro.

TR, RAKEAngelicak &
MK Alejandro, Z5REHRMERE. Hit
HATHIP Angelicath, %k Chris Cagleff)
sk 7 Breathe In, I Breathe Out.

RBVTUMATRZ A, THESH T HApm—k,

Twitter 1§ /&3 A A E 3R

RE AW FHEC I RS 2K RS
). ZEFARZME. i, WR Axe K
A T — KHHIB T ER R, AT LT AT
B R B XRIE R A XX o X BRI
RHESCH A .

BLEER — L2 F w] LR 5 I AR R 8 Ay
FEIARAT. FFERIEAREA T IR A RE
KM FEERTEMA. BAEEARTREAL
5, HEFERARSMHEAEWARRE. &
T TEREMHENCEEFREE.
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HNENBURT 5328 SE A T E 4

XABFR A B bR AL (microtargeting) 58U BRI E R EM U, Silid KR
MAI143 B n “ Barn Raisers”. “Inner Compass” 5 TS BNOR B R 4 N 7 I A B A S AN A
F1 “Hearth Keepers” %5285, i1, Hearth B, FRAER R R E NI — E FR AT A2 R
Keepers KVEH CIXKE, A5HAMASE. BT

EERF—, REERH T HEBUE K T84
RIGHET B R IX R E B T4R .

fi A R B 3K

H AT R AL B RE B KRR T 46 . BLLE LA 53R F RIS
TATTAT LAV S i o 2k (i e BR R AR (Fitbit)
fif %e FFF (Nike Fuelband) 2%fij#1%% . Intel
DA Hofth— 620 7 EBO) T B AR BE IR,
TERFRRBE D, 5K H AR AT DABRARE 0%

o B T AR T

o BHFEBNSE CXHMMHEEF L+
HE, TARE REWREA, EfH B EREL

L.
AU I U 5 R % 5,

JUE 2 R 3R AT % R R A R T o RRAETIOAR
(compu-patch), EATREDE X A& K F AT SLhf o HRERIKYE (5 HRIKVED.

S0 - R 432

=5 1 B B9iR 7

AALEE X REEE RN ER T, See H— X T Al A5 7 5E R R — 2L A
T BUARYE etk B 2 MAR T E R R ez RPTANERAEIHE . Flsh 7A
2> Web H5 U b B ) — AN DN ISR R
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# & * 8 m 8 g W 5 B * =
Asuka Teramoto e 16 54 66
Brittainey Raven WEEk 22 72 162
Chen Nan EER 30 78 204
Gabby Douglas A H 16 49 90
Helalia Johannes H 1% 32 65 99
Irina Miketenko H 1z 40 63 106
Jennifer Lacy ek 27 75 175
Kara Goucher H 4% 34 67 123
Linlin Deng At 16 54 68
Nakia Sanford Wk 34 76 200
Nikki Blue TR 26 68 163
Qiushuang Huang P4 20 61 95
Rebecca Tunney P4 16 58 77
Rene Kalmer M5 32 70 108
Shanna Crossley ER 26 70 155
Shavonte Zellous WEER 24 70 155
Tatyana Petrova M1z 29 63 108
Tiki Gelana 1% 25 65 106
Valeria Straneo H 4% 36 66 97
Viktoria Komova A 4 17 61 76

ERARERIEF) G BEELE T 20 2012 4EH 2008 FRIZ S —LE L EFHEE,
TEERIZZN A MEEE R B WNBA (2 280 E, T HAZENISRE 2012 4 8iza Shr et
Fo BAANIANGI TR RIE, (B2 AT oK A1 B — SRR N A T

IRATLLE R, ERPBAH THERGEE. ATEMMA - BHREME K, FiA S
R NEAEE TR 7. 8T REE I T B REs) T WERIUE .
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McKayla Maroney; Age 16

r
F

Lisa Jane Weightman; Age 34

-
Olivera Jevtic: Age 35

R

Candace Parker J WNBA [f] Los Angeles Sparks FA & f & #f UMMC ] Ekaterinburg PAZK
71. McKayla Maroney #& 3£ B Z FAAEEN K — R, K15 7T — &AM —HER . Olivera Jevti¢
e BERETVKHIZZ 7, ST 2008 F/ 2012 ) HiZ4 . Lisa Jane Weightman /&
—HRWAFAIZEN 7, WSINT 2008 £ 2012 G Hig 2.

RIA R 22K, VRET X SRR T B e m30 (Lo, RIEEs) R K5
A B AR T e R BIZB T D .
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B AR B T A B 7 P B e A AR EOR T NI E « B
PR EMR D, REEHMA. —/ 2 WNBA Phoenix Mercury
BAF)H1#¢ Nakia Sanford, 57 6 &R 4 %~F, A 200 . H—
AR E M ER A T4 Sarah Beale, & 5 %R 10 &+, f&
H 190 . AT 2RSS, FAERHAIWr Catherine Spencer (& &4 5
FR 10 Fe~F, AE 200 5) KR BERIE R BERES 7 . 7RI
BEREAAWE?

WERARI B MR, HBARXTH]. Catherine Spencer 5%
B bR S E MM R A B AT e o (ELR, T SRIRATT A T 2 2 TR APL 8 i e 25 i 1+ S A
i, MATTRERSFEHE - Catherine MIEERIZF) 5 Nakia ) 2 M HEE B4 6 (M1 E —#F,
B2 6 9¢5F), T Catherine FIAHMIERIZZ) 54 Sarah ) 2 M HHER BN 10 (b1 5 i A,
MAEMZE 10 B, T&, HileNPiEFEEETANA Nakia, B4 Catherine
5 Nakia M5 35 H A1 [E] .

N TG ERERA I RBOR, N LT 61 rh A TRE 2 B — Lt A W8 ?

W, AL R -
AT E AN A T A
;ﬁ‘gg_{g;’eﬁ ......
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AT LA A ik A bR o 2 B AT 5

CREMED — (P A E0

(AR PRAEZ)

AR HE

AT B et b £ PR R T T4 AR — R HEH AiEzh 5

" & * 8 m B g5 & *® =
Crystal Langhorne 74 190
Li Shanshan 64 101
Kerri Strug 57 87
Jaycie Phelps 60 97
Kelly Miller 70 140
Zhu Xiaolin 67 123
Lindsay Whalen 69 169
Koko Tsurumi 55 75
Paula Radcliffe 68 120
Erin Thorn 69 144

Python 4&#2

TEHEE—
SERR

X EAKHAE H S 3 Python G, TR BRI EPIA ST athletesTrainingSet. txt
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#1 athletesTestSet.txt 2441,

PR A# F SCHF athletesTrainingSet.txt KA EE 702K 3% . 1
A% athletesTestSet.txt = ¥ EHKE FH T VP45 40 K88 . a)iE
Y, WA P RFRICTHERNSGETRRFICRKT L.

4 XA+ A Python X
AT AR K B R b

guidetodatamining.com Lt

SRR R B s
AsukaTeramoto =~ Gymnastics 54 66

Brittainey Raven  Basketball 72 162

Chen Nan Basketball 78 204

Gabby Douglas Gymnastics 49 90

BITRKRT xR, HARBHENBEEL SRR (Tabd) 5TF. 2KBREH AR
B R AVA B R TN E T o Kk, 55514 H R A BEAE 4 28 3% 3 A I B
Mgk, T FIRERHENRITRRIE. 2RBRAEHZHANUELES, BRA2R
AR TPIZE RMNFRTE, th A2 WHAL R MR TNEZES) &4 .

W, FE B BREX
YYSERN15), REK
2315085 . WATRM 2
= J&Clara Coleman,

A, fRE 123N 5 R0 T45 P R R T RE SR A A : “FRATIAA Amelia Pond
RMMERIZEEN R, X E i 5411250 A Gabby Douglas ) 5 #ifA EIR BT . ”

IENATHE BT A —F, TS K Python fESHFAXUOGER T RHARFEKIFI T (e,
REMTEF RYRNFIT). NAERIX—BIR, RIAEES RGP — 17 kR
THIRER . % 7SO RIRTH JLAT
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comment class num num
Asuka Teramoto ~ Gymnastics 54 66
Brittainey Raven  Basketball 72 162

EEAREAN “comment” HIFI L KR ATZRE, bR “class” BIFIARIRXT RIIET,
A “num” NIERRA GEEE R R M.

YRINARLZINATLE Python s LR¥HR? TR 7H TR RKNRATE (EF
H C A U B QKRR TR .

TR

{'Asuka Termoto': ('Gymnastics', [54, 66]),
‘Brittainey Raven': ('Basketball', [72, 162]), ...

PR HREFIR:

[['Asuka Termoto', 'Gymnastics', 54, 661,
['Brittainey Raven', 'Basketball', 72, 1621, ...

TCA B

[('Gymnastics', [54, 66], ['Asuka Termoto'l),
('Basketball', [72, 162], ['Brittainey Raven'],...

FHFIR:

{'Asuka Termoto': ('Gymnastics', [54, 66]),
'Brittainey Raven': ('Basketball', [72, 162]1), ...

XA —MEFIE. FRPRBRES RAES, MmixESEEEDRKETRAR
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=fEH
FIRAPIRESIFR:

[['Asuka Termoto', 'Gymnastics', 54, 661,
['Brittainey Raven', 'Basketball', 72, 162], ...

XAEIRAT . BRI SCEIBME, B TR AR EAEXN RIIR LIS, FIRE
R RARA B L

TR

[('Gymnastics', [54, 66], ['Asuka Termoto'l),
('Basketball', [72, 162], ['Brittainey Raven'],...

BT LR ik, REERX—MERTE BRNEHBESFRZIRSY, IF
P25 (class). J@ME (attribute) FIERE (comment) F&EHH0 . X B comment (A
Mgk 4) W —NIR, XRE N REE 24N P E comment.

F ) Python ARG EE N SCAF R H AL B o tn 4% X

[('Gymnastics', [54, 661, ['Asuka Termoto'l),
(*Basketball’, [72, 162], ['Brittainey Raven'],...

AR F R

class Classifier:
def __init__(self, filename):
self.medianAndDeviation = []

# reading the data in from the file

f = open(filename)

lines = f.readlines()

f.closel()

self.format = lines[@].strip().split('y\%")
self.data = []

for line in lines[1:]:

fields = line.strip().split('\t")
ignore = []
vector = []

for i in range(len(fields)):
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if self.format[i] == 'num':
vector.append(int(fields[i]))
elif self.format[i] == 'comment':
ignore.append(fields[il])
elif self.format[i] == 'class':
classification = fields[i]
self.data.append((classification, vector, ignore))

i}m i

FEF F SSCt b i 53 ook B AT AL 2 /T, 7R ZESEEL
BB F1 3R v T S o FOR A S Bt 22 K 79

>>> heights = [54, 72, 78, 49, 65, 63, 75, 67, 54]
>>> median = classifier.getMedian(heights)
>>> median

>>> asd = classifier.getAbsoluteStandardDeviation(heights, median)
>>> asd

A RE TS SCEL_FaR 522
T EBEAR testMedianAndASD.py %5 H- Il iiX £ guidetodatamining.com F {1777

£ 5% Assertion Error, iE& F—Ti.

Assertion $51= & Assert i&1]

e LA ) A PR = 20 A — BUSE RS i — Bl A, X — ity E 2. bR
. S LI Z AT RSACD R — MR . /TR AR P T
PR unitTest KM & Fiiogs 7 RS — ISR A R H e AR
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def unitTest():
listl = [54, 72, 78, 49, 65, 63, 75, 67, 54]
classifier = Classifier('athletesTrainingSet.txt")
ml = classifier.getMedian(1list1)
assert(round(ml, 3) == 65)
print("getMedian and getAbsoluteStandardDeviation work correctly")

TR5ERH getMedian B —JTHE L X WT:

def getMedian(self, alist):
"""return median of alist"""

IIllIITO BE DONEHIIII
return 0

Bl —JF45, getMedian XF TAEM IR A IR E 0 fE A%, FTLATEH getMedian i
BUMEIRE FfE. 7F unitTest L2, 7E5|F

(54, 72, 78, 49, 65, 63, 75, 67, 54]

LA getMedian, unitTest 9] assert i 5] & B getMedian & [B] (1945 R NZ%E T 65, W
RiZWr = HSE OIS, AR PATEI T —17, BI4TENH

getMedian and getAbsoluteStandardDeviation work correctly

R EARWTE AL, RSB

File "testMedianAndASD.py", line 78, in unitTest

assert(round(ml, 3) == 65)

AssertionError

G EE NA TR T ERAEFAMUEMESE, Bie R R. —BIEFHLH
T getMedian il getAbsoluteStandardDeviation, A4 R4 iR mE 2 5% .

FERMIT RS, 4 assert iG] A T HAH AN H0E R — A5 F AR
FRS—BS SR — RSB MN E—B K HARAMNRIAR, X—S+5E
B, REAXHFOML, RAMEFLMEAELER, FToMEERREETER, RT
SHERRNEMRHRESHRAFIEIFM.

Peter Norvig
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XL TR — RS BARRS .

def getMedian(self, alist):
""eeturn median of alist"™"
if alist == []:
return []
blist = sorted(alist)
length = len(alist)
if length % 2 == 1:

# length of list is odd so return middle element
return blist[int(((length + 1) / 2) - 1)]
else:
# length of list is even so compute midpoint
vl = blist[int(length / 2)]
v2 =blist[(int(length / 2) = 1)]
return (vl + v2) / 2.0

def getAbsoluteStandardDeviation(self, alist, median):
""Ugiven alist and median return absolute standard deviation"""
sum = 9
for item in alist:
sum += abs(item - median)
return sum / len(alist)

R&EE], getMedian B ESX FIRIITHIT ARG BB A BT X B HIE
BAK, FHXFMFERITEER . WREMREEIT RS, 7T ZT A& HE—
IR

IAE, AR MY athletesTrainingSet.txt H 3 AN FF H LA F#& AFAE 4 KB 51| %
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Bl

[('Gymnastics', [54, 66], ['Asuka Teramoto'l),
('Basketball', [72, 162], ['Brittainey Raven']),
('Basketball', [78, 204], ['Chen Nan'l),
('Gymnastics', [49, 901, ['Gabby Douglas'l), ...

N R AT H— AR, DMES RS T EIRSIREE A E T —LIME. Bl

[('Gymnastics', [-1.93277, -1.21842], ['Asuka Teramoto'l),
('Basketball', [1.09243, 1.63447], ['Brittainey Raven'l),
('Basketball', [2.10084, 2.88261], ['Chen Nan'l),
('Gymnastics', [-2.77311, -0.50520], ['Gabby Douglas'l),
('Track', [-0.08403, -0.23774], ['Helalia Johannes']),
('Track', [-0.42017, -0.02972]1, ['Irina Miketenko'l),

A, R AT ARSI E] init J7¥E

# get length of instance vector

self.vlen = len(self.data[@][1])

# now normalize the data

for i in range(self.vlen):
self.normalizeColumn(i)

fE for JEHA, TAVEN BAE LI BEAT A —(LALEE . R, 7EFAHE X & malieT A
—ALAbE, RGN AR E ST IR — AL

i}m I

1% 5 i normalizeColumn 77 ¥ ) SEEACHD .

M guidetodatamining.com F #{#%#% normalizeColumnTemplate.py F iK% 5 ¥

fRE

X B 254 T normalizeColumn 77 ¥ B —Fh S«
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def normalizeColumn(self, columnNumber):
""Ygiven a column number, normalize that column in self.data"""
# first extract values to list
col = [v[1i][columnNumber] for v in self.data]
median = self.getMedian(col)
asd = self.getAbsoluteStandardDeviation(col, median)
#print("Median: %T ASD = %f" % (median, asd))
self.medianAndDeviation.append((median, asd))
for v in self.data:
v[1] [columnNumber] = (v[1] [columnNumber] - median) / asd

REF S, RPN LE % b5 fE 2 473 medianAndDeviation 51| & /1, X85 BS7E
155 o0 B850 BT S g 47 2 2R FH B . Bl dn, (R AR T Kelly Miller (B 5 %R 10 32~F,
REE 170 B55) FTANFHITE, 55— P RKtE & mAAEG B SO RS B B
e, JREG R JEME R 8 N[70,140].

SF R B AR BT A 2 5, meanAndDeviation HI{E N :

[(65.5, 5.95), (187.0, 33.65)]

XEE MRS AP ECN 65.5, 4axtbriEZ N 5.95, T —FH A ¥ch 107,
“Ha SR iEZE N 33.65.

FIH IR B 0T LK 4R M1 B[ 70,1400 5645 0 B SSodk bR vl 2 B I & . B — AN E
it B R R
x,—x% 70-655 45

mss = — = =0.7563
asd 5.95 595
M AN BRI SRR T
mss:xi—x_140—107_ 33 — 0.98068

asd 3365  33.65
S2ER R FE A Python AR H0 T«

def normalizeVector(self, v):

"""We have stored the median and asd for each column.

We now use them to normalize vector v"""

vector = list(v)

for i in range(len(vector)):
(median, asd) = self.medianAndDeviation[il]
vector[i] = (vector[i] - median) / asd

return vector
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B —BREERS AR LH R T . 258006+, BIFEs) & AE
FITH . AE SR S R 11 3iF, 1AE 170 858 Kelly Miller FTAFRTE, A
classifier.classify([70, 170])

FERAARILF, classify (XX 2 nearestNeighbor [#]— %% (wrapper) /7 2

def classify(self, itemVector):
"""Return class we think item Vector is in
return(self.nearestNeighbor(self.normalizeVector(itemVector)) [1][@])

Py HEE

5 nearestNeighbor 77 VA SLIARY (RIMBE S, ELI T —MESMNOTTE
manhattanDistance) .

[F#E, 5 M guidetodatamining.com T #AE R ClassifyTemplate.py F 1% 7772

fRE
nearestNeighbor 77 3% (1] SEHARRS H LR H 4 .

def manhattan(self, vectorl, vector2):
""“"Computes the Manhattan distance.™""
return sum(map(lambda v1, v2: abs(vl - v2), vectorl, vector2))

def nearestNeighbor(self, itemVector):
"""return nearest neighbor to itemVector
return min([ (self.manhattan(itemVector, item[1]), item)
for item in self.datal)
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KM 200 1T Python ARAGFRA TSI T —

FEAF MG T RO A S S, EaE—

F4E AFTERSE—ETYREMENTIE

AR IeAR o

/N test BRI,

HEHoN—

133

AN INERSCA 44

A=A 7, REHH 0 2R Tk RE . ERNBEE fEdE b, %0 KaSER

e

AElN R :

>>> test("athletesTrainingSet.txt",

- Track
+ Basketball
+ Basketball
<snip>

= Track
+ Gymnastics

80.00% correct

Aly Raisman

Gymnastics 62

Crystal Langhorne Basketball 74

Diana Taurasi

Hannah Whelan

Jaycie Phelps

Basketball 72

Gymnastics 63

Gymnastics 60

"athletesTestSet.txt")

115
190
163

117

97

PREFEF, ZaRBUEFIRAN 80%. BTN BEERZS) FHERM TR, HLE7EHEM
REETH 2 [T 4 MR
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Iris #iEEE

FATE Tris 8 5 _boxf bk 1] 82 1) 4 28 88 34T 7 00
o ZHHEELE 20 4 30 45484 Ronald Fisher & +
FifE . Iris AL E 3KSEERM (WLERE—
Iris Setosa, 4 7 J& V. & & —Iris Virginica M1 A& 2 Fisher # 42—/ A A
—Iris Versicolor), RMMA 50 MEAR. FARETE |4 w2t sir TR E
AERAAT EENFOERY)) MERPH N2 EI | 3 Richard Dawkins 2 # ik
BER. RIAERAB RO AW TR,

A Fs o 64 BT A B S AR T VA AR 35 M 35 guidetodatamining.com $REX, iX 7T VA iE 4R F 4%
B HRAT H ik K ARG )2 — LB RGTR 5B AT R 7 £ SV SGHERAT LR
BER? WwRIBAHRKIEHLERLEH?

it EEFIIBEALE RGO REARG KR P LA, k5 RPOTHIIMAES, 4k
FEHALMAS,
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Iris B ARBUNT (WFpRE 7 KBS T B AR):

K E LR iz 2.9 TEME T YiFh
5.1 3.5 1.4 0.2 Isetosa (LLIERE)
49 3.0 1.4 0.2 Lsetosa (IIERE)

WSS H 120 ML, MAEHH 30 NLF] GRS PITA LB #HA ST ZREE+
HID.

AR FRATT 53 AL A 5 B R RCR an ey 2

>>>test('irisTrainingSet.data', 'irisTestSet.data')

93.33% correct

FEP R PR T, B2 THSAAEER. 8K, RSN BEET A
—ALAEEE, FREFLIG 100%HIEFR . £ T —F P RATLBRANFRW Bl 193 — Al fL.

BRZE MPG #1118
e, BAI A —MERTZ 7K %E MPG (Auto Miles Per Gallon) %4 &£ A& 24,

RIEHEE LIy K. 2Bk E RN EEERY:, BYIAT 1983 EENEES I
2xJ&4: (American Statistical Association Exposition) . 1ZE#Er#0F -

30 4 68 49 1867 19.5 fiat 128
45 4 90 28 2085 21.7 vw rabbit (diesel)
20 8 307 130 3504 12 Chevrolet chevelle malibu




YBG BHRERFRNMIEZELRIEE

E ERBER N — MBS A, RATHERBASEE. HE, %R, EESFEMRAN
mpg 5], H mpg FIEUE N B HEES (10,15,20,25,30,35,40,45) .

AEFFH 342 DL, fLEFH 50
. R A RBEHLHI mpg K93, K
 EN12.5%.

>>> test('mpgTrainingSet.txt', 'mpgTestSet.txt')

56.00% correct

ARAHEAT A — LA BRTE, FEIREHN 32%.

N
AR HE 15 7 2 A B TIRS 37
%ﬁ?ﬁﬁ%ﬁ&%Kéﬁ%
BRI R B L2 g ?
SR BE N E 2 4k

R IX S L [, T B ik
| BSHE!




F4E AFRIRESEX —ETUREMENTE 137

ETEA—

EARES, AR 7THIEH I EEN, Fal
4 & P A BUE VG B A Z KK RIS L T (I NFIAERE ) B 2
. 3RB EREH IR B T E T, RATEN X LR MR
BUE VG EI#EAT A2, PAEREEATA T R — REJEH .

RE T BARFZI N B2 “normalization” K& S L
R FE, MALANSX S “normalization” il “standardizat-
ion”. XtFAtA15k4%, normalization BPRE K EE TN 0 F|
1 2Z[6]. T standardization 1 2$5¥ KN BHEAETZ S,
- 34E GMESE R ALED A 0, M HAbE R B IME KW ZEE Rl Z AR .
T E—REEIZWEN S, brdEo B SGE I FRME > 202 “standardization” B—/MRB .

FAE—TF, —FhfE AR 0 B 1 ZE KL MR B /ME (min) A& K(E
(max). FE=ANBUE (value) HIH—{EINT:
value — min
max— min
T, AT LLREX A I — 40 771545 B 0 73 K 45 SRS T AR F St b e 7 O IR O 45
BT LR .

-V. {f i normalize 3% ny
standardize qf i i tomato,

1 tom atqﬁ!
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P mm

AT BAE 3 MR IR %4 S I RO R 5

AT 2 20, DMEEA AT R B IEA— e A (Bl SR s ME KT 5D .

%%
| eremna— | ERXEa K
P, TERE— sk HEATIA— 1L
Athletes 80.00% ? 80.00%
Iris 100.00% ? 93.33%
MPG 32.00% ? 56.00%
Piemy mEE—wE
REGERMT:
S
| eramma— | RS K
Silem FRERE— st HTIE—
Athletes 80.00% 60.00% 80.00%
Iris 100.00% 83.33% 93.33%
MPG 32.00% 36.00% 56.00%

W, S SORES BO— TR, X RS RS NKE,

RIS AR ERET 2 H @B, M UCHHLE ] iE R
= (archive.ics.uci.edw/ml) E3RTG T Iris A1 MPG (45 . Rk
EMETH O EIE, KXEPIEE R AR M HE%S, A5
BE SRR




FHE
Chapter 5

I RN L R ——FR b R

kNN

[\ 2 I —F T Esh i K1 . EIRAMFHIRAT]
IR T —/Nrkds, MIANNEs A e, RE, fHA
HMNFEREEH —#. HESERR.

K, 2 B Marissa Coleman & 5 6 H R 1 i,
R 160 5. FRATHI 2> SE28 GE054 b 1IE 6 2 Wi b BBk iE
e

i

>>> ¢l = Classifier('athletesTrainingSet.txt"')
>>> cl.classify([73, 160])

'Basketball'
MA— 55 4 HER 9 JE~TRE 90 5 A AT Rk
BRIz E 7 :

>>> cl.classify([59, 90])

'Gymnastics'

— B T AR, BATH AT E A MR R B SRACL T I Y )
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.= 0 KB
B4 B RS GEZ: K
RIE AR

AIFCAt 73 KA
W, &5 ka
KB far?

EFEA BRI 2 iR i e ?

gREFIAIKE

M—=HRERD S, BOMEHT 3 M EREEE: KFiEshAHIEE. Iis BEEE
BLRAZE MPG B . RATIEEANEURES RPN T, — AN THES RS, 28R
FRNIZEE (training set). 75— PMEIEEH TIPME 28, ZEBARERANRE (test set).
WIZREAM A R BHEIZHE b 1 HE HARE.

BIREZHITEAAKZEARSER TSGR EREHE LT

T PAIT AR B A SR R A A RE A R VI SR EE SRR . R Bk Bl R IS ERiE
3} i1 Marissa Coleman TEIZREHE HFE, A Lm 6 SR 1 ~TAE 160 B MM S 5 H
CRiT. FiL, RMNIESEERTIEME, HNRERLIISGEIENTE, BAEHELL
BT 100%. B, EWVEESEIRIZEEEN, wRIRER SRR TE, B
KGR0 R B E R, B, XFEEEERIFAL .

W4 b —BfER M EME 2 BA TR E 2 PR . BOKBIARES 2 F T4k, B/
FIARE 4y F TRl . SR AX PP AR AAAE . 7E 31T EE &I 43 B AT RE S Rm AN B 1E
Bltn, BrAMNREF K ERRZEE) R A LB (R Debbie Black IS & RA 5 FR 3 H~F, &
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HRA 124 B, MAISEs RS HAEEh R . TlREF A M EZEZ3) A4 Tatyana
Petrova (B Hi DHiiEEh B, B 5 SR 3 3~F, 1KE 108 ) —FERUE, hEKR, W]
BES M A TRIZEN . I RIMBRAEAR L —FE, RBORHERLRE. H—Trm, AN
MR R X218 . MRS P A NHH BT N ETH BFrE & S A E, i
SR BETRBEIL 100%. PIFEDLT, KT AT A AL, I HAZ L AT e
FEASRE I k5324 38 I FH T 7 5080 1) SRS R 2

EIR AR R TERER 2R L
R FE X 55 R . B, FATET LUK
B 47 G Ye: Part | Fll Part 2.

BATAT LA Part 1 FIEHE KU 2552
5, WA Part 2 FRIEEE X 73 2K 4334T 0
WG, RATEE LRI, XK Part 2 YIKITFH Part 1 M. 55 BA T BI04 RiT
). B, IXFPTVER A A T RRATE R AR T — R BT IR, R, 3RATAT LUE
A1 IR 43 AR BOR MR PIX AN Rl . Bl BRATTAT DL BAE R4 % 3 # 4y, BERRIA 2/3 1
BN MAE A 1/3 8dE LT, Hik, BAALBREERRDT:

&k (R Part 1 #1 Part 2 1%, £ Part 3 Mlix
®Eo &R (EH Part 1 1 Part 3)Il%, {EA Part 2 Ml
&= ikt {EF Part2 #1 Part 3%, {#HA Part 1 ik
3t FIREERK T,

EXAEIZ S, BRI EE 2 10, XF T IERR -

10 $73 IE1F ( 10-fold Cross Validation )

X R, BATHEERERENL AR 10 47, (ERIA 9 3 BEAT IIZRTTRE 5340 1 4 H
TR, ZdFEATLAE R 10 1K, B B IR EE AN 7]

L — N F AR RA IR — N4 288, %50 AR XS T 6] @ Is this person a professional
basketball player?” H[A]%F Yes 5% No. FATHIEIEH 500 25K 3) 7 A1 500 & AEEERIZEN
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A -

3

10 732 BRI B F

F15, BEIEESE 10 MEP,

Data

BA&H 50 BIEERIZF) A 50 L ARMBERRIZS) R0 B ST BMELFHRAT 100 AHfEE.

F2%, THSRES 10 Rk
(D F—ERPEERT M. B UOEAPEEM 1, 8 IKEEM 2, AWK
BEAHE.

(2) Ak 9 MRIE B INZRr2Es B —UIEArh A A 2 ZI66 10 15 S 1ZR5)
K.

(3) I B A7 BB R MR 7 RS ARAF I AL R £ LB, XLEEERATREANT
35 MEBKZ BN B ER 2K
29 MEERRIZE) RBIER K.

F3F, X ERGBRILE
HHEAFL TN G RBEE FREURE -

7 RERER R S RAEEIKER R

SEPRATEERIZES 7 372 128

SEFRAIEIEERIZ B) G 220 280
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FEFTA 500 Z KRG A, A 372 ABIERE. MR EMI —F 2 A TMAK
¥rrthn b2, Wt 1000 A24FE 652 (372+280) AMIEMISrK. HHBRIRREHR
N 652%. 5 2 ek 3 R XHAEMLL, FET 10 #738 RUFAR B4 Rl ge E L T 2%
M SEMERE . Z FTLLXFE, RFENEICRA 90%M A2 2 #7538 X TE A 50% ) 5k
WIZRor2Kds

. WS, JANEEL. WR1097 h
A& SURIE 2 Jit AT S0 PR A SR A
TO0%KHRIE, AN LA
Findi 38 SR UE(n 2 B SR AR A
M%EH)?

flhn, SRR 451000
AFEA, TATATALEO9IMFEA |
R KERIGAE R Sh— A |
Wik 2Hd, ERdFEaPIRSE
10003 . Il FH XA 5 K] AR 32
KRR EL, TR 13 E SR

B —% ( Leave-One-Out)

TENLEE IR, n IR XIIE (n REAEEPHAREE) BHRAE L. RI1EL
3|, B—EM—MELRREBIERP MR 7 BR R H KMFEARIIZ. 5—MURR
ZIERAE M.

BEMERE X

15 Lucy SEFRTER T 80 N/INIY K5 — A Hr 7 RS . IAER T, thC &K
IR, FRMIEMAPAFEE (Emily F LD 7RI KE8HAT VP . 1A 2 28388 A0 =]
MEHAREZ AT NN, B 10 8 XIE. A—, dhe AR R

W, WAIEE SRR R WA RER IR 75 ? Rk, 7E 10 P XEIE
i, RATBENLEEEE 2 B . B TRENLEI R KIAEE, A RTRE Emily A Li 80E R 45 %
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HATE B Khrl, AT BT REMERCE G Bk, WATFEIZ ) K80, B
P B ZR 3 A B TAERRT B A BOEE A e 2 — B Bk, WNERARME R
R EEER. ZERE5EETHMNMARMANEITHEZELR R UE Lucy B C#TH
K10 IR XKAE, WEBIHGERSH LA Z B AR 4 5 B TR 8 % 7 B X
MEREARAE. BT 10 #T8 XRIEAGEMRAERHRR BARF SR, B e R — AR
MR SR, BERFEER. SRS E —kBIE— 7 2K KR — % L,
BRIMLRA . XRMFTE!

REDX &R KA
73.69% (¥R i !

SRR TR R A T71.27%.

BE— R

BN EBARETIFERITHRK. HE S 1000 ASSEE] K 55 HUR R0 K
&, TE-DHRINGD RS T 10 P XRAUERBL, FATEIED 10 280 T UK. T
TR, IIZRR R R E 16 M. WREIRERE AR, MATEREII% L
AR TR B PR . BRI !
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f ﬁ@ﬁﬁ%%%l
e

B — 0 A — MR E S 0 2K (stratification) A K.

S EXR# ( Stratification )
[ 3] E—FMHF, BVME S RE R LiEs RATAAFEMEEIE (IERK. fh#RekiH
). Ry easnt, WAIFEVSGLIES RAREMY, HFHEEHHE 3 KR, &
BRATEMIL T REHE SR e -

I, WA TRIGE TS Stew= I F |

FIRES R, TR, Bk Stome 2 =
EAERENR, BNy, B 22 S 1 2 R
o KRB BB RARMBR S5 == 3 2
Ttk B, HEHE-100ME S5, P~ i C
MRMBERE. BERIIE WNBA =—w ==L -
BRI 33 AR THIRES AN i 2, %
EE, REEEHERMNES 33 So = 2

e = 33 LB B
HEM2012 FREZNL P S =5 =
HRIEE, RERINEREERE Soemm oo =
RIE3RTE 34 LS MIELHET =~ = = .
Hifossh R 8. Fit, B4R S L § .
B meeE_y 2
EELS . 3444 T BB 2 5}

TEAFAM 10 FRXBIE. B 22 L 5 o
MM LRI, BN B § F
M~ TR, M=
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MERE A ERRES) . B=AEEH BERZs) A A A EREs . 0. Fh M A e
GBI R, HARMAES A MR M — MR AR N BEE, AN E
BRI FEAMENGER, VLRI FATHE ) T7 7524 S 14 IR AR Bt
S A ) L] 43 2 AR e, B R 20 Le Bl (BEBRiz 3 B fhiRiaah 61 BAririEah it
FIEEAN BR300 LR —FER . e TR 1/3 RIERRIZZ) 5, AR
REZAE 13 MEREF) R . FFE, ZAhRMaE 13 fkesh G 173 15 iiiss)
Ao ERBEIR A EREE, R—Ff 753, B VRV A A R RBE T sl e R —
A, FHILEHEAETBEREMER. S5, 8 ETaaEi TR/ odEs, 2H
I Ak 10 728 R A S AT B #%

eyl

B HADE, W TR Ao, KA
X P RAFHEAT PRl -

IERA 70 R A 0 H
AR H

AR, RATATREA 1G24 JAR LI E VA
PERE. RERS VEANIB R IERER — MRl AL T B R SIAN—
AFRRNIREFEPE (confusion matrix) A . JRIEE
R AT AR MNAFEA I L2380, T FAR 7 a8 P
Tt 925 .

BT RIRERRE, &EVRE 5Bl X ME AT S R RE 7. Nl
LA IE 3N A 53 FNBIR AR XA ERE . RRIRATAE —A 100 %2 FiA#IEs) 5. 100 4
WNBA EERIZF) 57 K 100 4 &7 SHFaizash B v st di . RATRIA 10 #ri2 Xie
BN 4 KA BEAT VAL . 7 10 Frad XPkrh, A SLfl Edr Rgalid — . BRI
S5 R AT RE U T O VR R s -
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HIREER BIKEEN 5 SRMERNF
iz ) 5 83 0 17
EERIZ S 7 0 92 8
Lhikrig s 5 9 16 85

IR —#F, 1T ARERLHILPRE THIEA, 5 SRR 7 FEBR T .

b, EARRERY, 83 MARizsh REEH K, ERAA 17 Mt N Shikis
92 MERKZH) BYIEH K, ERAT 8 MU A SIMEEN . 85 4 LR ANEE) R

IERi 726, (HREEE 8 AW 7> NikiRiza) 7,

TRIERH R X e T IR 7 KA SEBI%E

A 16 M ABEE D AERKZES) R .

A

A

HIREEIR EIKETN R ORMIERN G
(s Sem DAl 83 0 17
EERE ) 7 0 92 8
LA IED) 9 16 85
FRFEEF, FERREFEN:
83+92+85 _ 260 — 86.66%

300

300

M EIRFEEERE 5 T RS HEIRRR, ARG S, FRBEX D EEREE)

i, SBRANES) A R POR AN R RE s i SR ERE E) 7

5!

RMERRIZS) R RIS AR, AR A RiEsh R EREs) 722 P0R A ShRE

BEBEEFABALS NE
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— P RIZRIBIF

B3] E— % 2 bR B AR B R N EAME KRR MPG BE S, ZBHREEARA W T:

mpg chlinders } c.d. HP ! weight se;s 0-60 M_twnake/mode_lm é
‘éo 4> kﬂ“T68 4é 11867 7~m.195 E ﬁatlég - = ‘__7
;,; - ‘ 4 B ’ 9;)— 48 Y\ 2085 21}77 k vw rabblt (&wsel) - l

.2>07M N 78 ’ 307 | 130 i 3504 1 ;2 :hevrolet c;le-\f'e;lt; n;aﬁlf%

THERERETSERMEE HKE GLIET) ThE EERE R & R 4§ MPG.

BHATAE 392 ANSEBIIE] mpgData.txt X, RG4S T 4 F K5 Python 2%,

A

F oy B RFETT K 582 B 10 AN (Bl 5 & Python AU A5 #8 AT LA ) 3

guidetodatamining.com F#{)-.

import random

def buckets(filename, bucketName, separator, classColumn):
"""the original data is in the file named filename
bucketName is the prefix for all the bucket names
separator is the character that divides the columns
(for ex., a tab or comma and classColumn is the column
that indicates the class"""

# put the data in 10 buckets

numberOfBuckets =
data = {}

10

# first read in the data and divide by category
with open(filename) as f:

lines =
line in lines:
if separator !=
line =
# first get the
category =

for

line.

line.
data.setdefault(category,

f.readlines()

\t':
replace(separator,
category

split() [classColumn]
(1)

"\t')

datalcategory].append(line)
# initialize the buckets

buckets = []

for i in range(numberOfBuckets):

buckets.append([])
# now for each category put the data into the buckets
for k in data.keys():
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#randomize order of instances for each class
random.shuffle(datalk])
bNum = @
# divide into buckets
for item in datalk]:
buckets [bNum] .append(item)
bNum = (bNum + 1) % numberOfBuckets
# write to file
for bNum in range(numberOfBuckets):
f = open("%s-%021" % (bucketName, bNum + 1), 'w')
for item in buckets[bNum]:
f.write(item)
f.close()

buckets("mpgData.txt", ‘'mpgData','\t',0)

PAT EIRRAS L7410 M43 718 mpgData0l. mpgData02... mpgDatal0 {3044 .

ﬁm I

et b — R P AR A ARRY, DA test PRERFEMSTERIRIAAZERD 10 S0 Bt
1710 728 XHHIE G2 S v] LM R34 guidetodatamining.com R#{) ?

R AR 7 N 122 HH AL T R P TR R«

predicted MPG

10 | 15 | 20 | 25 | 30 | 35 | 40 | 45
10 BEEEEEEEEEREREE

Tl 15 3 /e8| 14| 10| 0| o] e

MPG 20 o | 14 |66 | 9 | 5| 1| 1] o
25 o | 1 |14 |35 | 21] 6 | 1] 1
30 o | 1| 3 | 17|21 5| 2
35 o | o | 2 | 8| o 1] a1
a0 o | o | 1| o | s |5 | e | o
45 o | o | o | 2] 1] 1] e 2

53.316% accurate
total of 392 instances
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i}m BT — R

MR R R R T

o B initializer 75V LAE A 9 AN L HUEOHE
o I AN B T 20— A A A B AT IR
o IMA—AHHERERIAT 10 Hr38 KRIELFE
THEKRREEE LR B
initializer 752 (4 44 B R 41 F -

def __init_ (self, bucketPrefix, testBucketNumber, dataFormat):

A SO 4 2600 F mpgData-01. mpgData-02, 2545, XFHEM T, bucketPrefix ¥
72 “mpgData”, T testBucketNumber & & M 1946 . @R testBucketNumber Jy 3, N
DRBRIER 1. 2. 4. 5. 6. 7. 8. 9. 10 L#4Til%. dataFormat &—/Munfal fl R 5k
PP RE TR, L.

"class num  num num num num comment"

ERANHE SRR EHIRIRA, Tl 5 FAREFIOEER R, &5 FI2HE R

HrHIRIAa T B e BARRS R

class Classifier:
def __init_ (self, bucketPrefix, testBucketNumber, dataFormat):
"t a3 classifier will be built from files with the bucketPrefix
excluding the file with textBucketNumber. dataFormat is a
string that describes how to interpret each line of the data
files. For example, for the mpg data the format is:
"class num  num num num num comment"

nan

self.medianAndDeviation = []
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# reading the data in from the file

self.format = dataFormat.strip().split(' ")
self.data = []
# for each of the buckets numbered 1 through 10:
for i in range(l, 11):
# if it is not the bucket we should ignore, read the data
if i != testBucketNumber:
filename = "%s5-%02i" % (bucketPrefix, i)
f = open(filename)
lines = f.readlines()
f.close()
for line in lines[1:]:
fields = line.strip().split('yt"')
ignore = []
vector = []
for i in range(len(fields)):
if self.format[i] == 'num':
vector.append(float(fields[i]))
elif self.format[i] == 'comment':
ignore.append(fields[i])
elif self.format[i] == 'class’:
classification = fields[il
self.data.append((classification, vector, ignore))
self.rawData = list(self.data)
# get length of instance vector
seif.vlen = len(self.data[@][1])
# now normalize the data
for i in range(self.vlen):
self.normalizeColumn(1i)

wouon

testBucket 7%

NGRS T T AR — M P AR -

def testBucket(self, bucketPrefix, bucketNumber):
"WrEvaluate the classifier with data from the file
bucketPrefix—-bucketNumber"""

filename = "%s-%0821i" % (bucketPrefix, bucketNumber)
f = open(filename)
lines = f.readlines()
totals = {}
f.close()
for line in lines:
data = line.strip().split(':\t")
vector = []
classInColumn = =1
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for i in range(len(self.format)):

if self.format[i] == 'num':
vector.append(float(datalil))
elif self.format[i] == 'class':

classInColumn = i
theRealClass = datalclassInColumn]
classifiedAs = self.classify(vector)
totals.setdefault(theRealClass, {})
totals[theRealClass].setdefault(classifiedAs, )
totals[theRealClass] [classifiedAs] += 1
return totals

‘B LA bucketPrefix F1 bucketNumber A4 A, WHATE A “mpgData”. JF& AN 3 HIiF,
AR W 2 MU mpgData-03 S i2HL, 1M testBucket 23 iR [B] 40 T 4% 2 i) 7 4t .

{1352 ¢ {'35": 1, '20"; 1, "'30": 1},
‘40" {'30': 1},
'30"; {'35't 3, *3@0": 1, *45': 1, "25%: 1},
"IS*: {'20': 3, '15': 4, '10': 1},
'10': {"15'% 1},
'20': {¥i5ts 2, "20"% 4, '307: 2, *25%% 1},

'25": {'30': 5, '25': 3}}

FHREABARNRLEIFAERIN. flm, EEEATRRELENN 35mpg K561
HIZER. B RIERS T, ZF AR KB TLBIET G R BT

'15*: {'20': 3, '15': 4, '10': 1},

FN LR 15mpg 1 3 N SEB S 4 21 20mpg 2509, 1A 4 AN L9 ER 4> 5 15mpg
1A 5 2 10mpg .

10 r X XEWIERHITIRIZ

&JE, BAIHERS —IERE 10 T2 Xk, e, RITEME 10 MK
avo BN IARAA 9 AN R BB AT ISR, A R s A T I

def tenfold(bucketPrefix, dataFormat):
results = {}
for i in range(1l, 11):
¢ = Classifier(bucketPrefix, i, dataFormat)
t = c.testBucket(bucketPrefix, 1)
for (key, value) in t.items():
results.setdefault(key, {})
for (ckey, cvalue) in value.items():
results[key].setdefault(ckey, @)
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results [key] [ckey] += cvalue

# now print results
categories = list(results.keys())
categories.sort()

print( "\n Classified as: ")
header = i "
subheader = " +"

for category in categories:
header += category + " N
subheader += "———+"
print (header)
print (subheader)
total = 0.0
correct = 0.0
for category in categories:
row = category + " "
for c2 in categories:
if c2 in results[categoryl:
count = results[category] [c2]

else:
count = @
row += " %2i |" % count
total += count
if c2 == category:

correct += count
print(row)
print(subheader)
print("\n%5.3f percent correct" %((correct x 10@) / total))
print(“"total of %i instances" % total)

tenfold("mpgData", "class num num num num num comment")
BT LRI T4 R:

Classified as:

10 15 20 25 30 35 40 45

10 | 3|10 @| 0| ©| 0| ©| 0 |
15 | 3|68 [14] 1| 0] 0 @] 0 |
20 | 01466 9| 5] 1] 1] @]
25 | @] 1[14[35[21] 6] 1] 1]
300 | o 1| 317 |21 |14 5| 2|
3 | 0] o 2| 8| 9|14 4| 1|
40 | @] @] 1| 0| 5] 5] o] o]
45 | @] @] | 2| 1] 1] o] 2|

53.316 percent correct
total of 392 instances
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Kappa &it =

B R ERA

EA T
SRR
SRR T 45 B

AR E AR5 B — L IRAT AT BE X 4
KA ], Hp g «oRKaE3
JRGF B AFRE” . BATE BN VA J7 7
BEAT TG, HHEERT 10 I XKIE
FNREHERE . ATJLTUMBFrh, BATBE
oy REBNIREFE MPG IR E A
53.316%. 1HAZ, 53.316%=KE 5885
JRIEHFIERIR? R, BATE
o —Agiit&E, B Kappa 4iit&-.

Kappa Ziit & HEH) 2 00 K8 5 U T RENLI 7 KA O TERE . R b iR, 3R
Kl A—ANE MPG SEfa 0617, BIEHKE 2 iz RO Figs it 7 ez i gy
RIVEER:

FBIERNR EEKEBN R SRMER G B

A HRIZF) 51 35 5 20 60
WEERIZE) R 0 88 12 100
SHFAEE) 7 5 7 28 40
PSE 40 100 60 200

EREAE TEITMEHMEEFEE . NRERFR, RADEX A% 0B
(35+88+28=151) SRR LB RISEHIEL, 53] 151/200=0.755,

BUERGE R — AN TRE FE R, 2R PR a4 2588 CIATREHLTUN I 2025 88) 42k
2R, Bk, ERAREE ERFRH SRS

IR 5 BIkEa) 5 SRIMIER G B
IRIZ H) 7 60
WEERIZEN A 100
L MBS 5 40
B 40 100 60 200
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MR G —17, BATRIA S0%MATRELH — A SEfl oy “IEERIZzh 61 ” (200 >SEH]
T 100 1Y), A 20%HI 7] ez f Sl o3y “AAiRizah 77 (200 DSEFIRAE 40 ), A 30%
RELRE LBl o “ Sy knizgl b1 7.

BT ok A X 6 EUARDK b 3R 2 4% (K JR 4% 38 40 S
BEML 7 R854 240 20% K N0 Ak ERIEEh L. 60 (1) 20%
N2, FBEIRATE 12 AR . Z0EKBH 50%IH)

R

WIIE B 20%
BEkiZEh Bt 50%

N RERRZEE 7 (BRI 60 1Y 30 ), 24 30%MI N4 | oRimsigzi: 50%
SEE R VeIl
HFREF R BEIKITRN 5 DR F BH
hiRizzh 5 12 30 18 60
32 See Al 100
Hhrtnizzh by 40
A 40 100 60 200

BRI EIR gk AL HE . SEBRA 100 NMEERIZEN T, BENL KRS S H A E 20%
(20 N) srutk#iEsh i, 50%5 AEERED) R,

30%7 NS HiA s . R IUAT AT LA
UL, TR=A:
IREEN 5 EEKIERN R SRMIERRA B
hRizzh 5 12 30 18 60
HEERIZE) A 20 50 30 100
kA IEE) 7 8 20 12 40
B 40 100 60 200

ATERENL T AR BT, BATRX 8T BIIFRR CASEp B4, 531

P(r)=

12 +50+12
200 200

T4

=037



156 S4EFRNBIRIZEXRIEE

Kappa 4t it &4 =2 TRENL 2 K88 1T = Kb KB BRF 20, HitH A 8:

. P(c)— P(r)
1—P(r)

Her, P(o)REFRT FBHREHE, T P(r)ZRENL D RBHRETRE. AGIh iR
HIREHRER N 0.755, TIRENL > KB HIRETHZN 0.37, FLA:

o 0755-037 _0.385
1-037  0.63

=0.61

A AR LIRSS R 0.617 RXBREIRE 7P KRB RE  IFIERIRGF? it — ¥
BhERATER MR Z S BN IR IR -

— R EMAT] A8 Kappa 43t X ) 4 BB g

<0: WALy 69 ABE £ (less than chance performance )
0.01-0.20: #2f%— % (slightly good )

0.21-0.40: —#x— 3% ( fair performance )

0.41-0.60: ¥ E—3% (moderate performancé )

0.61-0.80: & — 3% ( substantially good performance )

0.81-1.00: 4£#£ % % (near perfect performance )

(D Landis, JR, Koch, GG. 1977. The measurement of observeragree-

ment for categorical data. Biometrics 33:159-74

Joemy S

B EANTT R T —MEIR2KEE, BETREX 10 M0 FERET 4 4 K
AL o FRATTHOHAE 58 B ok B THEALRFY: BB L SR AL IR B L) 600 4 AR
NHESH TIREERE, 1§15 Kappa Gith & IFxd 45 R AT iR .
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predicted major
cs ed eng psych Total
cs 50 8 15 7
ed 0 75 12 33
eng 5 12 123 30
psych 5 25 30 170

T RBHIRETEN 0.697.

Pemp S E—wE

BAPRIA LI WIS Kappa iV I A4 BT ARRS .
¥dE, R BUATRAI

cs ed eng psych TOTAL
SUM 60 120 180 240 600
% 10% 20% 30% 40% 100%

BRR, AR KA IREERE, .
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predicted major

cs ed eng psych Total
cs 8 16 24 32 80
ed 12 24 36 48 120
eng 17 34 51 68 170
psych 23 46 69 92 230
Total 60 120 180 240 600

B 53 JS 88 ARG B A

(8 + 24 + 51+ 92) / 600 = (175 / 600) = 0.292
TRBATHE K 73388 P(c) N 0.697,
BEHL AT 221 P(r)H 0.292,

Kappa 4tit &4:

_ P(c)—P(r)
O 1=-P(r)

0.697-0292 0405
1-0292  0.708

=0.572

XA R A LR M REBT -
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— N EIE R IIB TR Rote 572638, B RICIZETERIIZRE, 26l 528
ARG UCHC A A X Se Bl AT 028 R RAE YIRS TIPS, A4 Rote 7 RERHIRGHHR
—HA 100%. fESEFRH, BT L5 KA Sk
BIATENGREEF L, K Rote 732K I A2
—NEFRERE . FRATAT LU AT E A A LR
KBEHR Rote K BH—1F . 5 Rote
DEBIFRBHAITHA RN R, ELTIETHK
ITLARIVCHE « Pang Ning Tan. Michael Steinbach
FiI Vipin Kumar ZEA A 1T 3 I 2008 1248 #ob
PROX Pz “inRENRAEEREW T,
RGBT, FLEWENT, BAaETREME AT,

AR EVETEIB B BB R 2 R A I8 . TN B REAT R . FRATEIK BB iz 3 7R
M, XIRREGAEEZE RN DRARES R BREE M TRE. RERRNS
FAN BB A o ZEE AT UL T ERERR, Hh m B SRRIESIR, g RankiRiEshn.

(@ Introduction to Data Mining. 2005. Addison-Wesley



160 SRR ROBIRZELHRES

i m ™ m AUES, BMTFRE. RSN DRSS AT

Bl e9s g M REg T m L B RESERKH, SR

Flg "x 9 ARRIABERES m, FULEW S N DRANEE . R

24 : RAUFAIMEE LB, RATEW x FRE—SIERER,

H— 465 4R
R BRI Y TAE — M RIS 3 B o i

kNN

YRTERE DA KB — MG ER B AATIA oo
RE 1 MBEAE (NN, ARSI 4 2| oo,
KA LN L5 B A A B A KR % pilt, $ g My "
BB R 3 MIBEAS (=3). FEPASHE 2 Bk o
WIEH R, | ERADRAAEHR, FERI x 2 NALjR r R
ARARIZEN 5

gymnast e gymnast h

marathoner!

DRl = PN B B 2R (Biltn, ShhikRigsh 5 . ikiRizsh REERREs) 7D B, Wl LR
LR BRI . BA R AR o Foes s Bl anRAFAE 2 M AR50,
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M A BEHLIE SRR IR AT BE T CEEangs 2R BA Funky Meters 7 JLE D, W] LU
oA R A AR R R A PR 2 N AT . X AR R IR AL A AT — R o R RAT AR T
Ben = XX Funky Meters ‘KPAFIFEREE, 1 Ben 1 3 ML 4 7l &2 Sally. Tara A1 Jade. TIH
25 H T ABAT1E] Ben BIEEES BA KA AT TX) Funky Meters IVF4345 3R o

B P BB i |
Sally 5 4
Tara 10
Jade 15 5

[Rlit, Sally 2§ Ben filt, %5 Funky Meters FIVE5 0N 4. BT 34 S &l A P BIFE
I 253 25 R ACE R T HARE B A PF43, BRI EE — 2 5 R 0t PR B g A T e 4tk LA S oK
H P EGE . —FsEELRI iR R SR BEE B B2 CBP 1 BRDABERS). T2 Sally (IR EHIBIEON:

l=0.2
5
& = B E A% L )
Sally 0.2 4
Tara 0.1 5
Jade 0.067 5

TR A BE B B BR AT BB A, BT ER BRI A Y 0.2+40.140.067=0.367

A R # m H F L2 &
Sally 0.545 4
Tara 0.272 5
Jade 0.183 5

PATPZE BRI F. B—, FrAREEE 2N 1 B, WRIGEERERE, Sally

F| Ben FUFE B2 U F Tara AIEEESHIMFE, MESEREMETFH, FARXADAGRE,
A2 Sally fI52M 2 Tara (IPIfE. &5, BATEENS AR EFR EiFs R E R, A

Ben B9FMFE S
= (0.545X 4) + (0.272X 5) + (0.183 X 5)

=2.18+1.36 +0.915 =4.455
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ﬁ@:&b >
FABHIIE Sofia X B 1 RNEEZXK Hiromi M S XKAERE, FHIEHRER £ 1204520 F
EHEZ D (*=3)?
AR F| Sofia FIEEES %t Hiromi B9iES
Gabriela 4 3
Ethan 8 3
Jayden 10 5
ﬁm S)B—RE
F— BT ESNEEEE O BRUEER), 152
A )= #| Sofia FIEEE ¥t Hiromi B93E4S>
Gabriela 1/4=0.25 3
Ethan 1/8=0.125 3
Jayden 1/10=0.1 K}

HIsem A1, A

PEES IR ANy 0.475. T THIE R E 2 43 BB DARE B (B18  AA SEAaEAS F

I M EF %t Hiromi B93%4
Gabriela 0.526 3

Ethan 0.263 3

Jayden 0.211 5

=1.578+0.789+1.055=3422

A, KU R TR VR AT RAINAEE:

=(0.526 % 3)+(0.263% 3)H0.211x 5)
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— M ETRERE R

HITE R R — R AR % T, 1 ZBRSE R E ESLRE R AR IERR T 7T
FIf (United States National Institute of Diabetes and Digestive and Kidney Diseases, {&#k NIDDK)
B A& B 2 S EN e 22 N FE PRI EAESE  (Pima Indians Diabetes Data Set) .

S NIz R 2, AR 30%M B S N EE IR, S5t e, 3 ERERPRER S
i E N 8.3%, HEN42%.

BHRE RPN ERR— N 21 SRS EHRERE, tETLATIHmEZ—, |
SHENRGBIRERE. BPMAE 8 MNatt.

St

1. RERE

2. 2 /E IR ARG MK A E) 6 de R E
3. AFkHAdE (mmHg),

4. ZKMUEREEE (mm ),

5. 2 et iF R B Z (mu U/ml ),
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6. HhmEHhH (hEky (FFHinm) "2),
7. BERIAFE R,

8. Fit,

T4 TR T GBJa —FIFRRAE: 0 RoRBAAPEIRIA, 1 R AR .
2 99 52 15 94 246 0637 21 0
3 8 58 31 18 343 0336 25 0
5 139 80 35 160 316 0361 25 1

3 170 64 37 225 345 0356 30 1

Rk, EHIFE - LEEHNET, N
99, #FikHAMIEN 52, H%.

Py mEE—8—55

AP EENEA A, Hb zip X pimaSmall.zip F A& 100 S5261, ©414
2 10 AN (D o T pima.zip CH M-S 393 NSl 4 H E— A EEL S
K285 pimaSmall BHREHEAT 10 F138 IAER, S8R T4 %!

Classified as:
0 1

o

| 27 | 14 | #& 7~ : Python F%¢ heapq.nsmallest(n,list)
SoiE o g n A FE MR 5] A (list).

59.000 percent correct
total of 10@ instances
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I VR 58 BT 55

AR 3t T B A AR AR, SEEL KNN B0V IR 75 ZAE B 1Y initializer J77%
CMEIN 53— S8 k-

def __init_ (self, bucketPrefix, testBucketNumber, dataFormat, k):

GBS A ERKIMAT def knn(self, itemVector):

ENZAEH selfk QA EAE init AP B IZE) HRFIZEHZE R (FF Pima FEAESL
Po4E Ry 0 8% 1), EMNIZAE tenfold i F2 AEK k £53545 initializer o

i}m BT R

Xt _init F B2

def _ init_ (self, bucketPrefix, testBucketNumber, dataFormat, k):
self.k = k

A KNN J7iE

def knn(self, itemVector):
"returns the predicted class of itemVector using k
Nearest Neighbors"""
# changed from min to heapg.nsmallest to get the
# k closest neighbors
neighbors = heapg.nsmallest(self.k,
[(self.manhattan(itemVector, item[1]), item)
for item in self.datal)

# each neighbor gets a vote
results = {}
for neighbor in neighbors:

theClass = neighbor[1] [@]

results.setdefault(theClass, @)

results[theClass] += 1
resultList = sorted([(i[1], 1[@]) for i in results.items()],

reverse=True)

#get all the classes that have the maximum votes
maxVotes = resultList[@][8]
possibleAnswers = [i[1] for i in resultList if i[8] == maxVotes]
# randomly select one of the classes that received the max votes
answer = random.choice(possibleAnswers)
return( answer)
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P tenfold B — s AUIEILAN T :

def tenfold(bucketPrefix, dataFormat, k):
results = {}
for i in range(1l, 11):
¢ = Classifier(bucketPrefix, i, dataFormat, k)

YRR LM 25 guidetodatamining.com bR & RS, idfE, X REZ AL —
P, HA—E RN,

Py mEE—E=0s

WIS b 2 2 i SR B K AN ) 2 4 FH BF 2 (0 (LU pimaSmall A1 pima b (#4028
ZER) BRRXHEGREE (b k=1 fl k=3 BME) ?

R

i}m AR

THAHPRRERMERELER (k=1 WNWEEME LR HRIEREE).

pimaSmall pima
k=1 59.00% T1.247%
k=3 61.00% 12.519%

B, & ERRBR R =R 3 (5P R AR IR M HAR B i T BA ORI
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Joemy S

1A

B, 72.519%KFE R B RARAM A, (HEBKZNZXFEE? 5 Kappa Siit &
RIFILER:

EI #w R &
AEHE R 219 44
W PRI 66 66

Performance:

slightly good

Fair

moderate
substantially good
near perfect

OoOoOooOoo

Pemp E—m

kB RRK B R & =3
R4 PR 219 44 263
PR 64 66 130
Ait 283 110 393
= 0.7201 0.2799

Bl AL(r) 7 48 - RN

519
b2

EFERE ER% 189.39+36.61
plrEF——m—m—m
AE¥E PR R 189.39 73.61 393

5 R e 93.61 3639 =057

_ P=P(r) _072519-0.5745 _0.15069
1-P(r) 1-05745 04255

M BT g, X AR AR BRI AE R

=0.35415
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EXHE. EFNEEURE—REALRE

JLVERREBAFHS N — D% RS
W MRS WH 22 E KA 2 UH AR
B R, 58 = R R — R (B
i EMR S EINagESE ) o e VR R R e —
BAEA IR E LMKEIRIT, TRAEH T 5
W, TR, ERFRITRER, —KHiE
AR B RS AE A HAR AR . X B
E R BRI H ORI R WA A Hop
AFAZRI)— > AN Eric Brill, ARECATFR —NFRA Brill B PEbRE: & 4. 50L&
KA R, Brill bRk a5 (0 R X 8dlE 2028, BEr, el d it (421, 2hiA %) 42K,
Brill WM EZEEZMRTFATAMFEL (Fitk, Brill £ HRIE S AH SR EH 5 H4).
TEAR % 5BV B A %1%, R[F] Eric Brill ST SEERER M 8. MM AU, B IRTGHE
2 I R B0 5 SR B 18 2 b VR BSGSE SR R B . S b, A n AR B R S i
PRVESE I B AR I ZRBEE (AL, BTty R4 i 2 TR Rt R S Bty SR At 26
RAEM, fhteit, HRAETE 2 MEIELEREE LA, HRESHFRHE MRG0
P RS 0 ) S R0 B SE X — A !

KBEEH T A—MIF. ERZIBBEFEZRETY, Google HEEBFIATF. ATHAI
Google A KEMWILIE M ANTETF R RIIFE, B2 Google 2 FT LA H AR K 43 Ji D8] 3
HIZh T H A Web _E3R43 BRI 255 .

WEHHE = Mésdades = More data

RIFAR WA ZIEFERERTIE. BICEFD], ERGHEESTREEZENAR.
HA, R R —AEBR A (RIARRRFRRI, AT HEAMEFE e KR A HF
FEANERESVE . G R 2 3RBUE L HARIIE, IREGF 215 2158 e 0 R4 bl Bl i 1) L 58
/SRCIE &
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FENR BB EEME RN, B ARSARINESI B SE.

ANATHE KNN 232688 H T
Amazon L[4 b HHERF

TH 25 15 B KUK A VR A

F FH B 23 B BR 0 1 2 53 26
N R 5

WU B B9 AP

HE#E Web M 7T

R ERER




F6E
Chapter 6

e B AP VLI ——Fh < D3

e B Lz dh m AT . R FR A /R Brittney Griner N B3 24 (REE.
LR BIERR), HFHBREFMLE & 6 R 8 H~f, AHE 207 B . WIGIRS U2 R,
A SRR A R0 A I BAE O anfeT, RIS RAT BT RES 2 “HMBE7 2K,

BLAEF LA Heather Zurich (A534%5H T 4 () iR
) MNEK Rt A3, Mem 6 HR 1 3, AE
176 5. XBF AL AMEMRATRESEEH 4. IR
AR T2 K, fH A2 243 A R0 I 45 SR 1A= O dn g
B, PRATREA I E—MEFIAR A BE. Mt A AT AR
MEM SRARIZEE) 5 .

)5, i Yumiko Hara T M H)IE 20T H 211
4, W 5 R 4 S, {AE 96 B . RiRIRaHIE
At ORI S O AT, RATRE 2 YA R HF
M BAEZENE. AIREZ Shfrizs) i 5lA
Mk,

FIATAR S, RAEREA R BEE . M THER N 9 R E s — DU SR 3R
Refis o251 HLAERS4A 0 MR, EbiniX/NMEEh A 80%MIMER & — L IKERIEE 7, XA
RN T RN S ENE 40%MIBER 30 IRIR, &K 24 /NE Las Cruces M I E N 10%,
=,
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&R VE AR T 1S 5] 2
(lazy learner). 2 fif LLXFEN &
BN 225 tH I 2R 500 R I, iX ey
oy FOR R AT IRAT B il
KK RO SEBIHEAT 3 K
XUy AR 2 3l AN I SR
gk RIIZESE S 100000
A s, XSy KA RTE
YR S 53 S #3E 3 B A 100000 75 3K

DU 87 773 B N B R 2 51 88 ( eager
learner ). %52 YIZREERT, XLy KA L]
ST ECE A AR A . N AN S AT 4
K, ERMEANGER 0N ETRE. B
) B8 23 O P R A o B8 0 4 FH
Bk,

DU VAR EAT R 42K, JEE RS
PREFSIE%, X U UM 7 2 AR R

ik A — LR AR R IR Bl — e, ABARE M IEm 8 _ B AT Rt £ K2
P —ANHEIB T 1 S8 ERBERA 2 K7 Bk EECERE .. REFKR, RE
HUEFE T — 19 BN, ARAHUTATIE I B R 4 MR N 50%. X LERk & BT Je 56
BT, 18R Ph), BURE A HEER.

Bk, s FFmE, E@ALGBEEY.
P(heads)=0.5

A FoN@meI T, | S Ll g,
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P(1)=1/6
R 19 FHAT B LK BME, LA
P(Female)=0.5

BT T AN 19 Z I ANFRIEE H T HIE S, teanft & R Z A Frank Lloyd Wright
B ERE L . R — IR REE] Google R, MBI ZFRFEETEH 86%M L L, T
FEZ NS LHERIRER A 86%.
ZEFRACA P(h|D), BN%5 58 RSB D 254 F R A RS . .
P(Z|# X\ Frank Lloyd Wright 5 [%)=0.86

LR MEEAE R, “4E ) Frank Lloyd Wright 57 Bt 5 & 69 &4+ F %
F AN EE 0.867,

HHEAH:
Al gy =000
P(B)
name laptop phone — BT
Kate PC Android FEIAFAGRRG|H T — s N R HAMATHE IC A H
S IN it h
Tom PC Android
harry | pC prrod WA B E— N AR iPhone B
. ) =%
Annika Mac iPhone
Naomi | Mac Android fERBIE 10 AMH PR 5 AN A iPhone,
Joe Mac iPhone IEA:
Chakotay | Mac iPhone P(iPhone)z%:O,S
Neelix Mac Android
Kes oC Shone BEALE B — A Mac 459075 I ) A ]
B’Elanna | Mac iPhone iPhone #3227
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P(mac MiPhone)
P(mac)

P(iPhone| mac) =

B, A 4 A NIFEEHE R Mac 1 iPhone, T/&:
P(mac N iPhone)= %: 0.4
M FEALIESE— A Mac FIEZ A
6
P(mac) = 0 0.6
[Rlbt, TE45 & f# A Mac FI1E &L T f# F iPhone A% N :
P(iPhone| mac)= %= 0.667
0.6

It S B R 30k R S A I FE B ARSI S AT BL R R AR T B AT B

[] B5f 8 Fl macAlliPhone ) A\ %

P(iPhone | mac) = 15 Filmac B

P(iPhone | mac)= % =0.667

Joemp SE

145 iPone A ASF mac HIHER

B P(mac | iPhone)&% /07
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BR:

4o R it L B B B3 A KR o IR B AT 4 T W93, KA
guidetodatamining.com 7 % #) # A2 4k 4%

Py SE—wE

A iPone ) A1 mac %

Bl P(mac|iPhone)s& % 0> ?

P(mac|iPhone)= P(lPh(.)ne N mac)
P(iPhone)
= 04 =038
0.5
—LERE

P(h)ENFEAMB h REIBERFR N h B5E5HE2E (prior probability ) 754 AF T EHE Z |,
— AN Mac FIHER 2 0.6 (X B AIESE 7] G 2 i X ™ At —#F iPhone ).
P(h|ld)FR N h BIJE 303 (posterior probability), BIXLEZE|EHE d 2 f5 h LR . B,

TEMEEBIHA APE iPhone 2 f5, XM AMH Mac KR 2 /D07 ZMR WA RN
(conditional probability ) .

AR~ Ui KBS BA TR T B RSP HER P(D)AT P(Dlh). N T fEREIX PR
KEETEANFT.

e &

REBFIERAE T &G4 (Microsoft Shopping Cart) ? &M, R AITHHSLIXFE
7. Ehrl, S —/FRN Chaotic Moon A FZEVT T —1n &[RRI K 1% fh . Chaotic
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Moon 2 & ff] 15 /& : “ We are smarterthan you. We are more creative than you. (FA15 A £ G,
FATE ARG, ” EE AU E AN RR 2 AL #H1I8 . seRM&aE il [EAE WA,
MBIV ESE T W% . Windows 8 “FARHK. Kinect. ¥ &M (Fitk, XE¥ET LA
AAULE) PAE— MRS (Hitk, ZWY4ER] AER IS BERERD

RFN—FKENE, WEIZEENLEER. WY

SRR, Bid3k TIRCLRTATA MIWiT N (e
[FFEL T B At NTEASIE 47 )

B AW 8 A AR e e R B AR EoR— 4N H
ALAERIE R %, e
EHEE AR

W% RGN AW # 5 ERE T — AN EIEE (IR TR ).

P(D) WS BN ZRBHR . flan, FRATFERREZRTS N 88005 HIREER A 5/10 8L
Fit 0.5,

P(88005) = 0.5

/f’:),\v’
.. i

P(D | hyR4s BB &M FEBIEN SR EMMR. Flin, “EEHPEESEREGT
MEELGahS Ay 88005 fIMEZ, B P(88005 | £4%7%).

Customer Zipcode bought organic bought Sencha
D produce? green tea?
1 88005 Yes Yes i
; P " " 2R T R B S
X 25001 e o i A2 5K ] o {56 FHY 4 A EEC
4 88005 No No it
-] 88003 Yes No
6 83005 No Yes
7 88005 No No
8 88001 No No
9 88005 Yes Yes
10 88003 Yes Yes
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XAMEF, FRATTE B SELR A I BT A SEB . IXAERISEBA 5 4y, Hodr 3 ANSl i B
“wfid Ky 88005. T=A:

P(88005 | SenchaTea) = % =0.6

Py 8

PP AN SE 225 (R L R HIBECR 5 88005 AIMER &2 /b7

Joemp SE—mE

PP AN SR 2 B 1 L T BRE R 55 09 88005 HIMER R % /07
BAEMWLGZERLIEE R S, Hep 2 NEAEHAHEEGRTS X 88005, TR&f:

P(88005 | —4%7%) = % =04, Hep—FRR “9E7

Joemp S

BT R AR R EEAE AL K5, B T2 %45,
1. FEARTERARE R HRA T, D AREEGID A 88001 IR L /D?
2. WORFLERAN AWML T 5%, Aatb)E R ERBERTS A 88001 IR £ /02

3. MR FE RN NBA W ELx T, A2t JE 1 5 bl B gw S 88001 (1 ME%R &
Z/h?
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ﬁmb S|B—EE

H T IR A 2 R R A 55 LA B o ok B, BRIE PRI 4R2145250 .

1. EAFIEHANG BRRME T, D ARBEEGIY 88001 IR Z X /?
AR A 10 265, HA HA 3 KidFIEGm iS4 88001, Kt P(88001)=0.3.
2. WUERFHERANANWEE T 45%, I afhEA LRI T HREZRES 7y 88001 HIMER 2% /17
WSk RE B H 5, b R 1 Kl RARBE SRSy 88001, itk

P(88001| £t 4%) = % =0.2

3. WRHNE AN NERE MW ERE, A F i 5 B S o 88001 F MR &
L7

B S I KEA W LA, Hd 2 ZHHE g A 88001, H it

P(88001| -4 4%) = % =0.4

A Hr E 38

Uit E #E (Bayes Theorem) %l | P(h)« P(h|D). P(D)F1 P(D|h)2 I8 )55 % :

P(D1h)P(h)

P(h! D)= P(D)

WU 307 58 B BT AT UL S0 77 ik i) 2 o AE B2 40 24 rh A W W (A e A 2 AN W e
(I P i R R BRI AIEL T, HE— N ANRERIZSBRR A DRniER
5k, fEgBIERIIIEOL T, FIRTBR & B RWKRERRK. NEZ N EFD#IT IR, RO
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HAMRRABE. il

EREMMEZG T, RAALAAMETRBEGRAT A SBERG 22 TLAP,
FAN 4o 18P A Y 6 W B4 A % 88005,

A BAMBIRE Z ATt
GREAM FEGR, A P (M E 45288005 );
ZREREW KRGS, I P (W ELZK(88005 ).
FAVEM LR ABR P R R 3 69 FRAN)

b, 4R 8 P FE 5% | 88005)=0.6 H P(— ) FE 4% | 88005)=0.4 49 H LT, %
EPATHRMEGEE, ARKNE LR FLM0,

BRI — i 7R 5 TAE, 3RATA 3 B TR L . 58— ke 4T
HR B ICA i, B8 sk B EATIR G AL, TRJE — KM 4TI TR i . 0
B FARBA T2 KA R HOR B & FTRERIII S . i, AT REAE SN0 5 (R
BB B S AL 88005 WA M REFELLILERE U L EHMmiREE S, WARNRZ
R ILA . B LI R AR F i (10 % B A IE 2R T g ?

Rig D REKFAMENBXMENABER:

o [BREHEDEURED 7 88005

o BIMREEZMLIL

o LbmfmR
ARSI (BilA, GAPER PR BaE, TRIFHE:

P(D FEILA)PEILA)
P(D)

P(EiLA | D)=

P(D & XM P(E WKL)

P(ERANL| D)= R0}
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P(D PRI PCT B i)

PCEFAR BN | D) = D)

FE M rd AR R K AR SR AR

EgM, EREFPEZITRKERE: by by o hye XBHRELBIULES F
A (b, WEIEEIR. Shilrigzh i, SRS R, RERGRERE . A5
PRIF ) o

P(D1h)P(h)
P(D) P(D)

P(D | h,)P(h,)

P(h | D)= P(h, | D)=

P(D1h,)P(h,)
P(D)

—HI ST RIBER, BATSEFRE MR FERIIA R B B. Z BRI AR KRR

% (the maximum a posteriori hypothesis) B(it A Ayapo

P(h,| D)=

AT LLKE B3RS K R SR (O H R e B o R A
hyup = argmax,_, P(h1 D)

Hep, HEFABRRNES. Bk, heH BW®RE “X H R EEERE". BANAXNER
F WERRE ST IRF BB E P(h | D) G R R KRR Bk 7. FI A DU e
FEAT LR B s
P(D|h)P(h)

hMAP = arg maxheH P(D)
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KFY, TSR T RN
BB A i BT i KHER
OB, R A B K

X, RO T
X! B!

PRIk, 0 RERRBORE 5

P(D1h)P(h)
P(D)
fRAlRe2ERE], M THAERREMS, 28 E PO)ERMFN. Bk, eS|
BORAH S . an R KR E I RRAE LR AKX T BEARES MR, MAHEKEERU P(D)
ook B R . IR IATHY B A o 5 B A SO R B i3, Bta] LAY LR i SR R AT a4k,
NI

hyp = argmax,_, P(D 1 h)P(h)

N A AR, FHEPK#H Tom M. Mitchell 145 Machine Learning F1 81— Ml £
Tom M. Mitchell /&R ZEHFEE KA HLAR 5 2] REOFAE, Ml — B AN BE A G B A2
Af. FHEHWTREBRE . BRBAFEA BT Sk A8 2 A2 S BA XA E
FESE, AT CAEAT —AME R A MR I (B s ) SRF B . IR — A E L,
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FOIR A FEE 5N POS (BHME) 8 NEG (PHME). 4B E BN, 040 (5] E 6 5 FH M i
HEHR N 98%: 4B A B IR, I05ak i [9] 1 A 64 B 2 RO R A 97%

FAVIBIER A -
o RBABHILEE

o AARBIELREE

P 58

A LT 10 A AR SO MR 4 T 2300 3 B R 3 MR T
deok, I S I I RN R B R RO, AR B LR
ik

FATFHEESEE A 0.8%M A

R X P P(POS | cancer)=
P(POS | —cancer)=

MBS, IR ] T Y PR

IR 98% P(cancer)=

P(—cancer)=

P(NEG | cancer)=
R BAZIREET,  MAaCR (B T A 5 BA P(NEG | —cancer)=
HIBEE AN 97%
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ﬁm S — R

ol AU S R 5LAT0.8% g A

%ﬁ ﬁf‘#ﬁﬁ P(ros|cancer) = 0.98
£599.2%F N A BI% I

P(pos|~cancer) = 0.03
W RAT IR, WOR B I
P BH P P RS A 98% Pcancer) = 0.008
AT ZAI, AR B R Y s
Pk A BERE R 2%

P(NEG|cancer) = 0.02

YA AR I, WA 5] 1E A
PR BESR S 97%

P(NEG|~cancer) = 0.97

AR EAZ , W [ EE R
HERIRBESR A3%

FoEmy SE—RE
B Ann SR, W T MR AR LT B,
TS5 R PEE

XAEBRKI Ann REFAFM, FAEZNAREHEEAN
98% (e, n S R [E] BH M A AT REME N 98%).

VA DU e BEAf E Ann f99538 2 AR B AT BETE K
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cEn

P(cancer) = 0.008
P(~cancer) = 0.992
P(Pos|cancer) = 0.98
P(Pos|—cancer) = 0.03
P(NEG|cancer) = 0.02

P(NEG|-cancer) = 0.97

i}m S —— R

i Ann SBBEE, MOHER T IR E R 7 BT, WAL R .

AR Ann RUEFEAFM, FOAETENNA R 98% CREFRIHE, 4R &%
AR [7] BH 4 B AT BE A 98% )6

S DL 5 B 2 Ann 1559382 SR A55 B AT RETE K .
TSR T RKRRTER:

P(Pos | cancer)P(cancer) =0.98(0.008) = 0.0078

P(Pos | = cancer) P(~ cancer) =0.03(0.992) =0.0298

FATIEFE hnar KA 7 BRI — K+ .

G SRAR FIEAE A MR RS, P DR X S BEAT A — A DUE T B R BRI 1

0.0078

P(cancer | POS) = =
0.0078 +0.0298

0.21

T2, Ann A 21%00 BRHEE
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Filngs WAt A8 R 5 EHIEHEE K
SR

RE NFEE| 98%IK B A ZHMIE A HR
SERMERNE R, BEFRgRA
7 98% 1% B PHMELE i A\ & B A X FhE
i o KR 2 R BZHEAE R 52 0.8%(1)
ANH, Freh BRGS0 R IR . B 5
AN 100 5 ANESHEAT RS, & 8000
NBAZIEAE, 1 992000 A 131X Fi -
B, HEEXT IR 8000 NEATHEI . K,
AR TE X B 1 A BEAT R A 98% I
LA 22 [ T A 1) BH 1A 45 SR (K]0, 7840
AR FEFMBEELS R, mmHAR 160 A
BRI EFIATELS R . BEFEE 992000
ABIXFEAEM N . SHBA AT,

WAlE A “IXARE . B
SRR RS 23 A 98%, HLRLAR A
H IR FRAR T RER A HE .
% AR\, 45 85%(1 15
Hth SR BRI A R

FKIFEEEK 5% M T . R TX—HA LS E
1R STk

Casscells, W., Schoenberger, A., and Grayboys,
T.(1978): "Interpretation by physicians of clinical

laboratory results." N Engl J Med. 299:999-1001.

Gigerenzer, Gerd and Hoffrage, Ulrich (1995):
"How to improve Bayesian reasoning without instruction:
Frequency formats." Psychological Review. 102: 684-

704.

Eddy, David M. (1982): "Probabilistic reasoning in
clinical medicine: Problems and opportunities." InD.
Kahneman, P. Slovic, and A.Tversky, eds, Judgement
under uncertainty: Heuristics and biases. Cambridge

University Press, Cambridge, UK.

97%HIE I T (BRE it 992000 X 0.97=962240 A\) B F|EMI AL R, 1 30000 A5 |
AIEFFIPHMLSE R . 5T ERE RO BT

PEMEMIRE R BRI R
BIEERA 7840 160
BBERER A 30000 962240
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WAE, % Ann, WS 3] 7 RHMENRSE R, o b2 ponk BB R s BRI — ), A
29760 A BSRSEFHPENASE SH 2 %A B, A 7840 AEIEHEW. Eit, FE¥R Ann
Al BEVEA .

A75 8K R B2 R
iz, R EAIRREME,

2 $RBNZ R ARER.

A LAEENMH T EE
PR, DU 5E BN
Customer Zipcode bought bought
P(hI D)= 2D ISG) ID organic Sencha
P(D) produce? | green tea?
FEES AT BRI T.E | 1 88005 | Yes Yes
AN oh, AT B E3RTG T AR 2 88001 No No
AHIE R 3 88001 Yes Yes
IR B AT o0 A A B 5 £ A 1S X G £ 4 88005 No No
79 88005 HYHLIX, PIAMHEITESHIERBIN 5 88003 Yes No
= 1@1”1%@%5??«%7% ”9 lttﬁ' 6 88005 No Yes
P(hy | D) = P(buySenchaTea|88005) 7 88005 No No
5 8 88001 No No
P(l| D ) = P(—buySenchaTeal88005) ¥ e s .
N B L 10 88003 Yes Yes
FEX AN 7~ P R AT BE -+ 2 U - ASRAR

7% 5 5T LA B B 5L P(buySenchaTea|88005), {Ej& &b E 5
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P(88005 | buySenchaTea)P(buySenchaTea)
P(88005)

FEIXAN T BB 7o, AT RER XTI, (ERXR L SePri K, EEIZIE P(hID)
REARAER .

EEHHEARERG T, AR E SR, ROVEGEBHRAEREANZS
BARIE

P(cancer | POS) = P(POS | cancer)P(cancer)

P(—cancer | POS) = P(POS | —cancer)P(—cancer)

EXRHH, AR FHENESHE . oTOCEEEN A T B E AR AR AT
F| P(POS|Cancer), MR TAF B NBF AR RIEREAIGE| P(POS |- cancer). P(cancer)®&
EER—ARUNBUF M5 IRE RSt 1H &, M P(— cancer)=1—P(cancer).

ST, BREHE P(cancer|POS) B A M IIBRAR M . IXAH 2 T7E SR FEA T i BEHLAFF
I BEAT IR, BRI E MRS AR B R . ik, BRANAERR—A
SRPER AR EREA, B2 BT 1000 M AR RAH 0.8%(1000X 0.8% = ) A&
BRERE, XAMEE KA, UBTFRENTRIVEIINBREESREEIEELAES. TR, &K
MIRERKRBEARRE . Fitk, et dig gt 7 —f B85 P(h|D)AEF MER X g7
TR SR

MR B

KREER TRMNSHEEL WIESRE, AR RREERHE. XK TH,
BATEREIERE: —RRMBEHG, D RKEBRERETMWEL T AR AT IHEAE
SEMAIERNZAHTEMOOBE, RMNAZREMKE S M RANBRMR. £
ZSULE
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A & Customer | Zipcode bought bought
D organic Sencha
tea=W) I LG A produce? | green tea?
1 88005 Yes Yes
—tea=K M) RE R A i ¥
R 2 88001 No No
P(88005|tea)="%F W K T %k % B
y . 3 88001 Yes Yes
B R S A 88005 #)3b X #
4 88005 No No
E
5 88003 Yes No
6 88005 No Yes
7 88005 No No
8 88001 No No
9 88005 Yes Yes
10 88003 Yes Yes

FAVREIIE, —AMEAE 88005 HulX . TSKA LR &t I AN RA R AT RE KLk 2%, BIIHE:
P(tea|88005 & organic), FMLFRAT R 6] B Hb X} HE2R HEAT AH3FE «

P(tea|88005 & organic) = P(88005 | tea) P(organic | tea) P(tea) =0.6(0.8)(0.5) = 0.24
P(—1ea|88005 & organic) = P(88005 |~tea) P(organic|-tea)P(~tea) =0.4(0.25)(0.5) = 0.05

T2, —/MELE 88005 HulX . WISEAH HLAE fh I ANAXT T AW KL A E A FI GEM L4 E% .
Kk, FRATEMWYZE BI/R%E LRER the Green Tea.

1X /& Stephen Baker X1 % REAY) = H R ik -

------ X ] e G X RGP MYl RERR G . IRHERMEEANOL, BT —TFF. %
R 25 H — NEFIR . ZAFIRZAREORE G LA, BIEFY. &, 5%,
R RG] LU IRIZ AL BIA TR G Btk 4. 38, RGUA W LR X 31 Rt 1T 9 4,
& F RGEA EEHERFSRIEM B E . XF L ERESE, BRLBRATEEAATNTA, M
LTS R KL) 11%. W5 GE 9 @ MO IR BE I 2L R 00, sk ERE %
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SR BVMEFE FRECE D, RN R R A 2 A

Baker. 2008. P49.

KA P % k42 3| Stephen Baker 5 44— A 45 The Numerati, #3
DR EEX AR, KBNER 10 £T, £ — KRB BLE &Y,

1100 1500

B ARAVAR 5 BY — Kt 45 v o S8 2 2%
f11A 7] iHealth, JX 22 0] 77 § i %48 5 Nike [ Fuel
A1 Fitbit ] Flex 7% . iHealth & MKIEI)RE
A FTIB 7= i 1100 F1i500.

iHealth100:

DA, GPS (R ST RN 8 BOE ), Wi-Fi ( [18hi%
1% iHealth P CA T 20800 ).

iHealth500:

{€ 1100 SHRERIERE s o i i kb
A% G ) 3| iHealth P4 % %% 3G %4 .

iHealth 23] 7E M b H B IX 8™, AR IRA TR — AN 1D B2 17 i HERE R St .
NIRBEAE KRR RS, LA LGN, RO AANIHS KRS HER. HEd
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B IR AR S A B YRR . B, AT AN TIT MR s Bk IR, 30148 1 3 ik
P (RFE AL AR . FATE FABATEIE R BRIRZ AfT: AABAEY . & REBKIE
BB . BADEL AT S NIRRT, G SESHUAMIR RS s BA &
HHAR B Z JE AR B 2R . REFBINESRWT.

Main Interest  Current
Exercise Level

both sedentary
both sedentary
health sedentary
appearance active
appearance moderate
appearance moderate
health moderate
both active
both moderate
|appearance active
hoth active
health active
heal4t‘h¥ sedentary

appearance active

health sedentary

How Motivated 7 Comlgc;rtable

moderate
moderate
moderate
moderate
aggressive
aggressive
aggressive
moderate
aggressive
aggressive
aggressive
moderate
aggressive
moderate

moderate

no

with tech.
Devices?

yes
no
yes
yes
yes
no
no
yes
yes
yes
no
no
yes

no

' Model #

i100
i100
i500
i500
i500
i100
i500
i100
i500
i500
i500
i500
i500
i100
i100

Joemy 5@

AR FIAN R DU 37 77 i e HERE WREK
i FL A G A LA R T AR

At ?

QERFEAN NP LR AR, HATBGIOE T LEE.

AMTHEAREE,
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HATEHH

P(i100 | health, moderateExercise, moderateMotivation, techComfortable)
il

P(i500 | health, moderateExercise, moderateMotivation, techComfortable)
DA 1 5 B T R R ) AR 8K
THEES— T AHESE T E M H:

P(i100 | health, moderateExercise, moderateMotivation, techComfortable) =

P(health|i100) P(moderateExercise|i100) P(moderateMotivated|i100)
P(techComfortable|i100)P(i100)

ik, EHAEEIH:

P(health|i100) = 1/6 €& 6 MAWELT 100, HPRE
P(moderateExercise|i100) = — AN FEEIGER AR R .

P(moderateMotivated|i100) =
P(techComfortable|i100) =
P(i100)= 6/15

PAEmt RIS, A8 EE R e RIES .

%}m S —RE

HEITH:

P(i100 | health, moderateExercise, moderateMotivation, techComfortable)
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BT JLIHI SRR

P(health|i100) P(moderateExercise|i100) P(moderateMotivated|i100)
P(techComfortable|i100)P(i100)

P(health|i100) = 1/6
P(moderateExercise|i100) = 1/6
P(moderateMotivated|i100) = 5/6
P(techComfortable|i100) = 2/6
P(i100) = 6/ 15

T

P(i100| evidence) = .167 * .167 * .833 * .333 * .4 = .00309

BT RITHE:
P(i500 | health, moderateExercise, moderateMotivation, techComfortable)

P(health|i500) = 4/9
P(moderateExercise|i500) = 3/9
P(moderateMotivated|i500) = 3/9
P(techComfortable|i500) = 6/9
P(i500)= 9/15

P(i500| evidence) = .444 * 333 * .333 * .667 * .6 = .01975

A Python 4R 23CI)

KEFT ! BRATESMRE 7ANE N TAEEEE, FHEFEEU{TH Python SEHL. X B
PR —F—F, R — I XAH, HPEiTrasAMRERTNZAME. XTT
iR iHealth TS, F3E CHRERITT:

RIREANSEH N RBREZHOBIEEE BT, HESRE E—FFERR 10 F3X
RAE 7M. BIBI—T, 10 R XKIETESEEE S 2 10 Ml O ., REET
9 AMEIEAT USRI AR TR MEZETINR. ERIEESR 10 K, BREE AR
FAFNR. b iHealth #6174 %#, RE 15 40%6, RNRRHAERTFLE —BIAR
DU 93 2685 « X FAUA B9 15 DEBIRYE, R EA12 R 10 MiREAER B FFi. Fit,
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3 sp A 10 M, {2
5 - o R R R PSR
ET%ﬁmw%ﬁgﬁﬁ%Wﬁ&,ﬁ%ﬁﬂﬁi$mﬁ%fm
S
%%ﬂ%ﬁﬁﬁ 15 /Fg;_’ﬁl]ﬁéu 1 /l\*ﬁqjv ﬁﬁﬁhﬁ*ﬁ%ﬁﬁ °
comfortable with tech
devices?
current exercise level
how motivated which model
main interest \
A " ¥
both sedentary moderate yes 1100
both sedentary moderate no 1100
health sedentary moderate yes 1500
appearance active moderate yes 1500
appearance moderate aggressive yes 1500
appearance moderate aggressive no 1100
health moderate aggressive no 1500
both active moderate yes 1100
both moderate aggressive yes 1500
appearance active aggressive yes 1500
both active aggressive no 1500
health active moderate no 1500
health sedentary aggressive yes 1500
appearance active moderate no 1100
health sedentary moderate no 1100
5 K.

ﬂﬁmﬂ%%%%%ﬁ@mﬁ%%%&,#%ﬁ%%%,

W&k

P AR L AURLTE:
. ~%ﬂ%%ﬁ$ﬁﬁ,%mHmmwm
*%ﬂ%ﬁ%%%ﬁ,wmmmmmnmymmo

Tﬁ%ﬂ%%ﬂ%ﬁ%%%%—*%ﬂ Python 7 it (BHRD:

i ' ' ': 0.4}
self.prior = {'i500': 0.6, i100": |
% ic| = PES S & HK KD K, HRMVF

Ak T R LR ﬁoﬁmﬁﬁﬁ‘\ﬁﬁ$%u5ﬁ¢ R LB K, AR
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71 BB IR

{7i500': {1: {'appearance’: ©.3333333333333, 'health': 0.4444444444444,
‘both': ©.2222222222222},
2: {'sedentary': ©.,2222222222222, 'moderate': ©.333333333333,
'active': 0.4444444444444444%,
3: {'moderate': ©.333333333333, 'aggressive': 0.66666666666},
4: {'no': ©.3333333333333333, 'ves': 0.6666666666666666}},

'1100': {1: {'appearance': ©.333333333333, 'health': 0.1666666666666,
‘both': 8.5},
2: {'sedentary': 0.5, 'moderate’': 0.16666666666666,
‘active': 0.3333333333333},
3: {'moderate’': ©.83333333334, 'aggressive': 0.166666666666},
4: {'no': 0.6666666666666, ‘yes': 0.3333333333333}}}

LR 1L 24 34 4 4 BMRERESIM S . BUL LTRSS AT RN “ 1N 1500 B %
RS —F{E N “appearance” HIHEHR A 0.3337,

IR S D PUR RO I R . RS 7 3 N SCRFE R I LA T«

both sedentary moderate yes 1100
both sedentary moderate no 1100
health sedentary moderate yes 1500
appearance active moderate yes 1500

X H R BT . — AR classes B9 SR THERLREN R BB, PRIk, 49
fifi EHSCIFIEE 172 )5, classes L AZ

{'i1e0': 1}

AR AT ZIE, R

{'i100"': 2}

e =T, Bk

{'ise0': 1, 'il00': 2}

D

WL SE T A AR 2 e, AL
{'i500': 9, 'i100°: 6}
FREN SR, A A R L A S A LR R DA S e B

e SRS, I TR N SO AR R 51 PR I OB AT T BN counts 7
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rp, SMEAREGE - NRMERETHEE. Fik, AEEMAHE—ITZ)E, counts ZBA:
{'i100': {1: {'both': 1}}
W SEFTAHIEZ G, counts 22 A :

{'i100': {1: {'appearance':2, 'health': 1, 'both': 3},

2: {'active': 2, 'moderate': 1, 'sedentary': 3},
3: {'moderate': 5, 'aggressive': 1},

4: {'yes': 2, 'no': 4}},
'i500': {1: {'health': 4, 'appearance': 3, 'both': 2},
2: {'active': 4, 'moderate': 3, 'sedentary': 2},

3: {'moderate’': 3, 'aggressive': 6},
4: {'yes': 6, 'no': 3}}}

K, 7E 1100 sLBf955—%1H, appearance. health Fl both 20 A S FEHEL 2 k. 1 &
3 e FERMGRAMER, A TROX L HBR LLZ A sl s g, Biln, B4EE 6 4~ i100 i
S, Hod 2 MBI —FIMMEA “appearance”, T :

P('appearance' |il@00) = 2/6 = 0.333

T ERBFAMRZE, SIS Han TR K 88 UIZk Python fES GidfE, #RATEAM
guidetodatamining.com F#iZftH%):

#

class BayesClassifier:
def __init_ (self, bucketPrefix, testBucketNumber, dataFormat):

" a classifier will be built from files with the bucketPrefix
excluding the file with textBucketNumber. dataFormat is a
string that describes how to interpret each line of the data
files. For example, for the iHealth data the format is:

"attr attr attr attr class"

(TRTHT

total = @
classes = {}
counts = {}

# reading the data in from the file
self.format = dataFormat.strip().split('\t")

self.prior = {}
self.conditional = {}
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# for each of the buckets numbered 1 through 10:
for i in range(1, 11):
#if it is not the bucket we should ignore, read in the data
if i != testBucketNumber:
filename = "%s-%021i" % (bucketPrefix, i)
f = open(filename)
lines = f.readlines()
f.close()
for line in lines:
fields = line.strip().split(‘\t*)
ignore = []
vector = []
for i in range(len(fields)):
if self.format[i] == 'num':
vector.append(float(fields[i]))
elif self.format[i] == ‘attr':
vector.append(fields[i])
elif self.format[i] == ‘comment’':
ignore.append(fields[i])
elif self.format[i] == 'class':
category = fields[il]
# now process this instance
total +=1
classes.setdefault(category, ©)
counts.setdefault(category, {})
classes[category] += 1
# now process each attribute of the instance

col =0
for columnValue in vector:
col += 1

counts[category].setdefault(col, {})
counts[category] [col].setdefault(columnValue,d)
counts[category] [col] [columnValue] += 1

#

# ok done counting. now compute probabilities

#

# first prior probabilities p(h)

S

for (category, count) in classes.items():

self.prior[category] = count / total

#

# now compute conditional probabilities p(h|D)

#

for (category, columns) in counts.items():

self.conditional.setdefault(category, {})
for (col, valueCounts) in columns.items():
self.conditional[category].setdefault(col, {})
for (attrValue, count) in valueCounts.items():
self.conditionallcategory] [col] [attrValue] = (
count / classes[category])

195
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Wkt A2t 2 XA RA B L0y, RARKGIH AR

2 )
T, BRIICEINGL 77248 . B T RBAVEM KR LBm#1T a4 fla, ESARE
BN RRE (health), JLBUEIAMMIE S (moderately active). ) JtHiEH (moderately

=

motivated) 3 H.>1 TR (comfortable with technology ), I FRAIT N 12 25 - 7 W6 7K 7= i 2
c.classify(['health', 'moderate', 'moderate', 'yes'])
R EREGER, HEITH:
hyup = argmax,_, P(D 1 h)P(h)
BATHIHE T3 7 452 U TR BOR RS, X BL IR S bols 50 RE S an T ACHYS -

def classify(self, itemVector):
""UReturn class we think item Vector is in"""
results = []
for (category, prior) in self.prior.items():
prob = prior
col =
for attrValue in itemVector:
if not attrValue in self.conditionall[category] [col]:
# we did not find any instances of this attribute value
# occurring with this category so prob =

prob =

else:
prob = prob * self.conditionallcategory] [col] [attrValue]
col += 1

results.append((prob, category))
# return the category with the highest probability
return(max(results) [1])

HigfT ERARDRE, BATSBEIAETEFH —HRER:

>>c = Classifier("iHealth/i", 10, "attritattritattritattritclass")
>>print(c.classify(['health', 'moderate’, 'moderate’, 'yes'])

i500
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Hinw vs. RER

THEE - NMHRAESBEEILKEIEE (Congressional Voting Records Data Set) [
#545, 'E Al LLAMAL T http://archive.ics.uci.edu/ml/index.html FJAL 2% 2% 2] % YE FE  (Machine
Learning Repository) F#HH . 2% i€ EE 2 RR PR 0 KM% FHA 8 &l
Fi%F 16 TA IR B LE R

| Attribute Information:

1. Class Name: 2 (democrat, republican)

2. handicapped-infants: 2 (y,n)

3. water-project-cost-sharing: 2 (y,n)

4. adoption-of-the-budget-resolution: 2 (y,n)
5. physician-fee-freeze: 2 (y,n)

6. el-salvador-aid: 2 (y,n)

7. religious-groups-in-schools: 2 (y,n)

8. anti-satellite-test-ban: 2 (y,n)

9. aid-to-nicaraguan-contras: 2 (y,n)

10. mx-missile: 2 (y,n)

11. immigration: 2 (y,n)

12. synFuels-corporation-cutback: 2 (y,n)

13. education-spending: 2 (y,n)

14. superfund-right-to-sue: 2 (y,n)

15. crime: 2 (y,n)

16. duty-Free-exports: 2 (y,n)

17. export-administration-act-south-africa: 2 (y,n)

B S BV RRAT B R SRR T 0 2 ME AL

democrat y n y n n n y Yy ¥y n n n n ny ¥y
democrat Yy Y ¥y n n n ¥ ¥y ¥y ¥y n n n n y y
democrat y y y n n n y y n n n n n ¥y n Yy
republican ¥y y y m n y y ¥y ¥y y m n n n n y

BATIE RN I 2 RSB F LRSS ITRORARE CFHEK format FHFH K
A BB RSB, HRIIEERE):
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format = """class\tattr\tattr\tattr\tattr\tattr\tattr\tattr\tattr\tattr
\tattr\tattr\tattr\tattr\tattr\tattr\tattr””"

tenfold("house-votes/hv", format)

FE BTk
Classified as: A5 0 ) B
democrat republican
democrat | 111 | 13 |
I + I
republican |

9] 99 |

90.517 percent correct
total of 232 instances

EEAREERLE R !

NT I ERFEH P — M, BTFREER
—ANRERWBERIF T 7E 435 MEEW T, TAPHPFEE 200 MUE (100 MR FEGE 7
F1 100 NFEFISE D) MRINGREAR . FREAH TAATX 4 MEROBELFTFR.

CISPA Reader Internet Sales Internet
Privacy Act Tax Snooping Bill
Republican 0.99 0.01 099 05
Democrat 0.01 0.99 0.01 1.0

% voting ‘yes’

R, AL BIEE R CISPA R E M 99% & 3LM3E N, #E Reader Privacy
Act IREMILAITE AN LLB] R 1%, %K Internet Sales Tax Al Internet Snooping 2 5 3L A1 3¢
NEEBI 535 99% A1 50% (LR RILMBEMIRT, FIIHARERMELEL). RITAFEA
NG EEW G, s X, AR AL IR AR R ERA . FHRE
ZW A RBREERBINE| ER R .

CISPA Reader Internet Sales Internet
Privacy Act Tax Snooping Bill
Republican 0.99 0.01 0.99 05
Democrat 0.01 0.99 0.01 1.0
Rep. X N Y N N
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s ‘v)\ﬁiz’\*ilﬁi’;é‘l LR
N3 SEASE N

BREFNRREREAN. THEHAME NN aRE PPl TH#HS. b THEARESR
A 100 RE5 AL N, FEEZE P(Democrat)l P(Republican)¥:)A 0.5. A 151E
WA X Xf CISPA #12 Rxt 5, I H M AE:

P(Republican|C=no) = 0.01 H. P(Democrat/C=no) = 0.99

Hrr C=CISPA. F|HX S UFH#ETE E] P(hD)BEEA:

b | py | pCenofh) | | P(HID)
l Republican | 0.5 | 0.0 | 0.005
| Democrat | 05 | 099 i 0.495

[F] )5 BE 1 7% X X Reader Privacy Act % & 8 R SE , T X Sales Tax #8235, A :

h= p(h) | P(C=nolh) | P(R=yes|h) | P(T=nolh) P(h|D)
Republican | 0.5 0.01 0.01 0.01 0.0000005
Democrat | 0.5 0.99 0.99 0.99 | 0.485

nRX EIRBERBATIH M, A

0.485 0485
0.485+0.0000005 0.4850005

45 M1k, BATA X BRETH 99.99%H11E Lo

=0.99999

P(Democrat | D)=

WG, BATERZIL A X Internet Snooping 32 R E R EXANHELZERAEN, F:

i
h= p(h) | P(C=nolh) | P(R=yeslh) | P(T=nolh) | P(S=nolh) P(h|D)

Republican | 0.5 0.01 0.01 0.01 0.50 2.5E-07

Democrat | 0.5 0.99 0.99 0.99 0.00 0
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WF! X RERECAITHEME—T T M 99.99%K FFER 0, Z BT BLX A4 RER R
FEARSE A R I AXT Internet Snooping #4452

eI,

FhE DU b MRS R LR M il THE . B SRR IR SR IR IR . Fln, B
WA AT DO B N U ERBEAT R AE IR, FRATT AR T LASRAS R 03 2 W SR g B A ) RS A
o (B, N AATIER VAR EER . FATAT DL M S i BB LA R R A
KATHHERE. HndiE® 1000 A, AT, RETHEME. KRMERLT, X
P OE RS AR P At Tt LS, (EUR M U SEMER IR/, M5 R e R 2. FHS
= F. B%RIEREAX Internet Snooping #& R AT S H LR N 0.03, B
P(S=no|Democrat) = 0.03.

Py B2E

REE I A H 10 AR F 58 AR 10 AN FEF3E A RO REASRAG TR, R4 1%k
AEEF X} Snooping 5 B SNt S A B AT BE A2 a0 R AN 2

Q
Qo

PoEmh BEE—WE
i % B B 10 AN R FETEAFD 10 AN A58 N R AIREAS R Al T BE2R L A4 %4
AL X Snooping & R R = ISR T REZ W RN ?

0
F AT FRFEASE T H H P(S=no|Democrat) = 0.




6% WMERMEAMF—HEAME 201 |

IEUNFERT I — M7 R B BIARE, BRI 01, EMaE AR NHETKTHE
RE, AEHAMERA B TH. DR, BTN RBEREER AL
LR 1K) i K At L«

i) B3 B o R

i+ H AL P(S=no|Democrat) Pt R, FATE L HHHREARN:

Xt Snooping#E X 5
) B = 58 AN %L
BE T A R EEAM
#H

JIRRRETT (S WL, ATV — LR FE A iC S5 0 ik 2 5k
frat:

P(S = no | Democrat) =

mnw:ﬂ
n

Heh, n RNGEPIA I y LOIEE, n KA y ' '
T E N x RSB -

o Hy 0 B, ARSI, AT ARY =
R AR B LR

P(xly)= L #Z A%k @ Tom Mitchell #9
b 4 Machine Learning #1% 179 R .,

He, m R —DMRAFBFEARE (equivalent sample size)
IR A ZMHE m [HR777%, X ERSERERAEXT m
fH. 40, Snooping HEFEHIHFLELRA P yes Bino. H,
FHEE m 2. PRBERLRMT, BRI
M. flwn, WmEXNFENAN—TLHTE, 24X Snooping 2%
BRAMEOBMERLD? BRE 12, FEXMERLT p A 12,
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BANBEER RN TR TREERBE. 5%, TREN TRENGR:

HMBTANRELER
CISPA Reader Internet Sales Internet
Privacy Act Tax Snooping Bill

Yes 99 1 99 50

No 1 99 1 50

RERANRTEL
CISPA Reader Internet Sales Internet
Privacy Act Tax Snooping Bill

Yes 1 99 1 0

No 99 1 99 100

R RIIAXS CIPSA BMIRRME. BHATEAERZIMENELT, ZANIEAEA
IR, FEHHELARN:

P(xly)= n.tmp
n—+
Her, n 23R AL 100, T nRH 5T CISPA HB AT EHMI AL 1. m 2B “how
they voted on CISPA” HJEUE 4 2(yes B no). Ek, ¥ LR B FRABIFARA, F:

1+2(0.5) 2

—=0.01961
100+2 102

P(cispa = no | republican) =

X B REEAXT CISPA # R R R R th 5 BRI

99+2(0.5) 100

10042 102

P(cispa = no|democrat) = =0.9804

A ERIEE, AT A2 M4 /TH P(RD)EE A :
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h= p(h) | P(C=nolh) P(h|D)
Republican | 0.5 | 0.01961 0.0098
Democrat | 0.5 | 0.9804 0.4902

K51 X X Reader Privacy Act WEEHHYE X5, X Sales 1R A2 KO0 Z R’ AN
FMEIELE A TE R

Py SIE

SRR ERRTHE, Rz AR AR ERA .

iefE, b3+ CISPA & R 3f2E, %t Reader Privacy ACT M2 # R, %} Sales Tax
Al Snooping 5 (1) # /& [ X 52

ﬁm S —RE

e ERTHE, BZR AL ABRR 3.
¥, fhxf CISPA #¥2& xf 5%, X Reader Privacy ACT #tff &% M2, Xt Sales Tax
F1 Snooping £ i1 # & AT 2 .

HAp it JE R LRSI CISPA HERHERE. S22 A&t
T, X} Snooping ¥ X I E A -

50+2(0.5) _ 51

P(s =nol republican) = TN =0.5
T 24t A B 3 58 AR #ER E R A :
P(s = noldemocrat)= w = L =0.0098

10042 102
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B AR AR, A

v

h= p(h) | P(C=nolh) : P(R=yeslh) . P(I=nolh) | P(S=nolh) P(h|D)
Republican | 0.5 | 0.01961 0.01961 0.01961 0.5 0.000002
Democrat | 0.5 @ 09804 | 0.9804 09804 | 00098 0.004617

Ft, AR SEETH —FERZ A AR EREN . XMW EREHDE

—RiEig

BB, m AR SO 20 SR, JRARLAAINLE, B m ASDAAE 2 AR 1 B AT
AR RS T AT 8 A A O B o RSB o A S A

survey

o health
e appearance
o both

What is your current exercise level?
e sedentary
o moderate
o active

Are you comfortable with tech devices?
o yes
o no

What is your main interest in getting a monitor?

STk, TR R BE
N 3(health. appearance. both), [t m=3.
IR BRI SR E, A b TRt
T M2 1/3, R p=1/3.

B Aa m=3 H p=1/3.

mFiZE M BUER R, EHiE
m=2, X T BRI MEmEN 12,
FITLL p=1/2.

&S IEERA A 100 N A (r=100) #£5 i500, H &K A sedentary 1 AEL
N 0(ne). MIFFE 500 ) NHE/KF N sedentary HIBEER N

n.+mp 0+3(0333) 1

P(sedentary!i500) =
n+m

—=0.0097

100+3 103
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#=r

PRATREFER ST, TERTATHAIIIT AR ik P R A AR EUER! (numerical) ¥#fE, TIZEAD
UM ARG, BATEHE NERZEAA (categorical, BLHMRIEFRED HdE. thin, A
KA IR IR R T ORI, P #OR R —3., MATE RN ZNAAR K.
B, WA E RFRBATERR AT, TRIANFECIEREE RN, Tf
MEFIAR R, FrERRSESEE A —K, 5%, RERHIALHR—MIREXE.
i, P EEEE BN EEENEEA S LR ST . MAEREdE LT
—AEUEX . FEH 105000 EITEEF 110000 ETHIZEIES HEE] 4000 EITHIZEEE /N,

S DU R, BRATEA R, LB T sedentary I 2/ N, WIFEE KX
TEHUE X [8] N R E AT R R4 B 5 W, e, “FH%i s (Grade Point Average, GPA)
AU, HRWRAITER ISR — .

Tk @R

— R R T 1 R R B R M R B T AR I o RRAER SRR B R P H H S F FIX
Pl -

Age
0<18
o 18-22
Zif,i?, — B L (S R AT R4 S
=40 8, BEATLLsE AR R0 T — REAE AN I

Annual Salary I JW o
o > $200,000
© 150,000 - 200,000
© 100,00 - 150,000
© 60,000-100,000
© 40,000-60,000
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HiE2: afam!

W, LKA (income)
IR HEB O 95, WO
NS YT el R
B o BOR AL
PUIRAE, (5447 DA
DL

Rig “EoAA" M “HRBESAM” WERRE, HEMNTAMULEILRERS L4
MR B FIRZI DR EE. EMNERAMTAZE? ENFEMR I {FH? ZEwT
Bn—/ME (income) @2 J5 BT -

EE—A 1500 KA K BRI . AR RERRIX AN AR, (RATRES
2 TP WO -
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90+125+100+150+100+120+95+90+85 955

mean = 9 T=106.111

‘Main Interest  Current How Motivated ComFortable Income Model #
Exercise Level with tech. (in $1,000)
Devices?

both sedentary moderate yes 60 i100
hoth sedentary moderate no 75 i100
health sedentary moderate yes 90 i500
‘appearance active moderate yes 125 i500
appearance moderate aggressive yes 100 i500
appearance moderate aggressive no 90 i100
health moderate aggressive no 150 i500
both active moderate yes 85 i100
both moderate aggressive yes 100 i500
\ appearance active aggressive yes 120 i500
both active aggressive no 95 i500
health active moderate no 90 i500
health sedentary aggressive yes 85 i500
|appearance active moderate no 70 i100
health sedentary moderate no 45 i100

HBAER SR 4 HZJE, (RATRES Y HIbRHEE

2.5, —%)

card(x)

BB — T, FRAEZEHIR AR IR . iR ERREEDERBERE, FEER
fR: TR A EEBR S BIE, frEEREK.
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Foemp S

1500 W SEF UK MIbREZE & 2 /> (BT 1500 W 3K38 RONE I R R ) ?
Income

(in $1,000)
90

125

100

150

100

120

95

90

85

Py TE—mE

1500 W4 SEFH U FIbRHEZ & 2 /> (T 1500 D K3 U NE an ERlrs) ?

Income (x-106.111) (x-106.111)2

(in $1,000) i \[W

90 -16111 259.564 9

125 18.889 356,794

100 -6.11 371344 =4/404321 =20.108
150 43889 1926.244

100 -611 31344

120 13.889 192.904

95 -1L11 123.454

90 -16.111 259,564

85 -21111 445674

> =3638.889
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SR IREEMERIREE

TR A SRR 2 1 A S E RO S AR AE 22, 2 T DU A AL R g v S
IRAF T BT BRI S ABEE . an, FRATATBAXS 500 4 22 AR EAT ISR 5 T S S (B A b v
ZEo XFIELLN, AFRME A BT AT RS AR . B, EHE SRR RS 4 i A
. Fldn, B RAT b 5 P A P AT S0 R BB, 7RI i AR, AR A
IX L ZJ ) () L RSB FORRUE 2 o XA IOL T A AN 20t 1 5 7 B A 2R RO A B . BT
RZIE, TN WA IS — b g AR i i B A A

X T UFEASE, ATRME EfEhs g v % e\ 74
HETEAN, HEGH AKX
W AR e 22 1 — A AL . 1A
3 PR N FE A bR #E 22 (sample standard
deviation), B KR 2 2 — MY

B3
Z(x,‘ - Y)z
sd = "——"
card(x)—1

LRA RN BI BT HIRE AR AE 2
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e J3638.889_ J3638.889
‘ 9-1 8

= /454861 =21.327
A TR AR 3B 2 FRA VA F PR A AR 22
RATREMr St I WIEA A TUREHZR (bell curve, HFAREPIEENZR). mHT A2 K0
Ao EllrorAi K2 EA AT — AN S Uik . F IR X 288 70 A 1) R BOPR Ay v 307 e B sl
JURBNSR s KEB/TIEHL T, BARIZIEA A 2B E W2 EA 0 i . XMW =i fi bk
2] 68% 1)L B FVEAEIMA R — MrEZEN, T 95% I SLF F & LEIE I AN PRHEZE N -

J

0.4

0.2 0.3

-

34.1%| 34.1%

0.0 0.1

-30 ~20 -1lo M lo 20 30

R, BMEA 106.111, FEARPRHEZER 21.327. F, W i500 ) 95%FH1 A Uk
NERAE 42660 S£TTE] 149770 EICZ (6] GnRABKIIE )2 1500 L& LA 100000 3£ 7T
FIREZE P(100K[i500)f)iE, RATRES A MESRIR K. i i SRABA0GE (1 2 1500 13 Ay
20000 3£ JTHIMEZE P(20k[iS00)/1iE, HBA AT REtERAS K.

St RS RAL, BT PR R 2K H SR
—(x— 1 y
P(x,y,)=———e
' J2ra,
RERRAEA A —AE L E LRI AR, R
A REY . RARTRAE T AL
Bl BB ALRR.

ERIEAEWIE B - 3
ZALEERE!
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B2, REXHN. HEZELG S
MARIEFM AR, FERANBIBIEZEZ AT, 1K
AR “XLRTERERMAE”. EL,
¥AZE, EERTRERE —BAE, X
ARRER— AR T . —VHRRE—F
AREIEH AR LR

THRABARATR KA ARE
AR ] B2 o (R ABTHEL 1500 JW K3 FIN A
100000 3£ SCHIMER P(100k[i500). HIJLITEATTHE T 1500 ML BN (B1ED . BAT
WIHE THEARREZE . IXEEERSAE TS H . %8 Numerati FI80E, AT 78 4 A
o S AFRYIERbREZ .

, Gty /g_ij =106.111
207 i = 21.327
P(x,-|yj)—\/go_ije X;= 100
¥ ERERABIAKXF, F:
P — 1 - lzi.oz_ll.;);;)lz[ -
(x 1y;)= me
TREA:
1 ZG7344)
Pe)= Jeassaian
MBtHE, 153
P(x;ly;)= ﬁeﬂm“

Hrb e Z BAXNHAR, ERLAN 2718,

1
53458

A, 1500 WL HIU N 100000 £ TCHIREZE A 0.0180.

(2.718)*"" = (0.0187)(0.960) = 0.0180

P(x1y,)=
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Jtemy SE

TREH T MPG A 35 BIRERITIRVERE R, 1§ 1HH MPG N 35 1] Datsun 280z ]
TN 132 T M.

car HP Hij =
Datsun 210 65
gjj =
Ford Fiesta 66
VW Jetta 14 Xi =
Nissan Stanza 88
Ford Escort 65
Triumph tr7 coupe 88
Plymouth Horizon 10
Suburu DL 67

Py SE—mE

TREGH T MPG A 35 FIREMIIRIFRLE R, E1HE MPG 4 35 [ Datsun 280z [
IhE N 132 B R

car HP Hi=T2,815
Datsun 210 65 0y = 9.804
Ford Fiesta 66
VW Jetta 14 x; =132
Nissan Stanza 88
Ford Escort 65
Triumph tr7 coupe | 88
Plymouth Horizon 10
Suburu DL 67
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7

o Fs—u)z H66—) +(TA—p) + (88— ) +(65 — ) + (88— )* + (70 — ) +(67— )’

672.875
o=

=+/96.126 =9.804

i = 12,875
| —(x—p1;)*
oji = 9.804 Plxly)=———e 20j
(1)) V2mo,
X;i =132
| —(132-72.875)
P(132hp |1 35mpg) = —————e 2OV
4 o V271 (9.804)
= —1— _?33236 o= _L_ ~18.185
6.283(9.804) 24.575
=0.0407(0.00000001266)
=0.0000000005152

), MPG A 35 ) Datsun 280z ThE K 132 T el Retk JLFRA (HAEMSLIL 2

EMED,
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K R —Ei% A

FEAMR DU g ZRB B, A2 RSN EUER R RS EAE A R HEE . TS b
A BT .

FEr KB B, B AR AT L an U LAT Python ARRD AT LASEHL:

import math

def pdf(mean, ssd, x):
"“Uprobability Density Function computing P(x|y)
input is the mean, sample standard deviation for all the items in vy,
and x."""
ePart = math.pow(math.e, —(x-mean)#x2/(2%ssd¥x2))
return (1.2 / (math.sqrt(2+math.pi)*ssd)) * ePart

L1 T O 0 S G

>>>pdf(106.111, 21.327, 100)
0.017953602706962717

>>>pdf(72.875, 9.804, 132)
5.152283971078022e-10

LR SNGIES R

Python 3£E

W ZRBr ks
R DU A RBUT e MR AR LR . FIBRIT R £ 5835 MB T Sl
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RPN BT BAEHE Z AT AOMER . i, WRANER 233 ZILMIEAM 200 BREEA
(K135, R AR A S AME R R IR SE N KIS S0 MR A -

233
P blican)=—=0.54
(republican) 133

FRMERIC N P(h). ZUAER P(hD)RIGIERE D BT h BOLKIBEE, o
P(democrat|bill, Vote=yes). {EAMZ LH-Hirh, TATHE LIRBERE KB E PDR), B
un P(bill, Vote=yes|democrat) »

{ELA Python F2/Frh, FATHXLLEMMERAR M7, ZTRaRuT:

{'democrat': {'bill 1': {'yes': ©.333, 'no': 0.667},
'bill 2': {'yes': 0.778, 'moderate': 0.222}}

‘republican': {'bill 1': {'yes': 0.811, 'no': 0.189},
‘bill 2': {'yes': 0.250, 'no': 0.750}}}

B, B AR | R MM P(bill, =yes|democrat)}y 0.333.

TR N EUE (L tn, ‘yes’, ‘no’, ‘sex=male’, ‘sex=female’)[JJ@ 1%, A1 {RHF L
REAREEH . B, JEXAEEREERN, RATEEHMEEE R, FEFERIEEM
FEAARUEZ . ST IX S BUE R @, A48 FH o $ds 4544 -

mean = {'democrat': {'age': 57, ‘'years served': 12}
‘republican’': {‘'age': 53, 'years served': 7}}

ssd = {'democrat': {'age': 7, ‘'years served': 3}
‘republican': {'age': 5, 'years served': 5}}

R AR —FE, BB #RAE B S RS 1T« BN SL 1 (A R i A8 I o e
BEAT 4R . Blhn, Pima BN 22 NKE PRI EOE R EOHE 0 T B

3 78 50 32 88 31.0 9.248 26 1 @—-ﬁl‘”&wﬁguﬁﬁ-{

4 111 72 47 207 37.1 1.390 56 1

1 18360 23 846301 0.398 9 1 R BG IMRES i
1 4 14 4.5 9.403 40 1 =2 1=}

3 10762 13 48 22.9 0.678 23 1 E? DL R

paneEa om sl (RHENE TR

S Tes72 20 395369 o% 20 o |mIKUAIEE, B

T PR s g v o3 | CANlEsREE
1 6. 283 24 @ i

@ 100 88 60 110 46.8 ©.962 31 @ %E’ O /RBATHE

o

AT —FE, BRATE AR TR & EFFET R, PR T FARE.
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o attr TN IS SHZMARNAREUE R R, el A< 5T /41 10 DU ik

o num RN LG SOZAFROVBUE R R, MRS R R (I IRAIE I 2R b ke
B E A EARHEZD .

o class RRIZIBZARRE L BIIZA] (AR H bR,
Pima E[1 55 % \KE FRIw BRSO U745 &

SS"
"num num num num num num num num cla

N B BSERBEAPRUEZ, FRATENGRE BOR 75 B — g i f i 454 . FiE g —
/NEX Pima H#E4E .

78 50 32 88 31.0 0.248 26
111 72 47 207 37.1 1.390 56
189 60 23 846 30.1 0.398 59
142 82 18 64 24.7 0.761 21
81 72 18 40 26.6 0.283 24
100 88 60 110 46.8 0.962 31

SRLrNEFEA_W
ISESESEN

B G — PR A LB m . Bk, 713 MR TR, s 3 ANABE. ra
b FIARF R BUE R R, FEHFENESR THBEMREAREE. AT iIHES
KFEANEMERSE, REFECRBTIETENEERER M. £CaRE , &
CZI0F 7 SEGI S, AT AR 7 SoRAC 3R VR R B A

totals {'1': {1: 8, 2: 378, 3: 182, 4: 102, 5: 1141,
6: 98.2, 7: 2.036, 8: 141},

{'0': {1: 3, 2: 323, 3: 242, 4: 96, 5: 214,
6: 98.1, 7: 2.006, 8: 76}

TR, M5 1, 515K EFR 3+4+1=8, 2 SIS AIN 378, 55,
SF2RR0, &1 FIHEFN 2+1+0=3, 2 Flff 8k 323, &%,
Mt FArMEZET 5, BATEECRFEGREE, ALBATEMH & F R 7.

numericValues
{'1': 1: [3, 4, 11, 2: [78, 111, 189], ...},
{'0': {1: [2, 1, @], 2: [142, 81, 100]}
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KO/ T4 R Classifier 2800 init_ ()7 ES N T I B B0 4544 (A @40 R5

import math

class Classifier:
def _ init_ (self, bucketPrefix, testBucketNumber, dataFormat):

" a classifier will be built from files with the bucketPrefix
excluding the file with textBucketNumber. dataFormat is a string that
describes how to interpret each line of the data files. For example,
for the iHealth data the format is:

"attrattr attr attr class"

Han

total = @
classes = {}

# counts used for attributes that are not numeric

counts = {}

# totals used for attributes that are numereric

# we will use these to compute the mean and sample standard deviation
# for each attribute - class pair.

totals = {}

numericValues = {}

# reading the data in from the file
self.format = dataFormat.strip().split('\t")
#

self.prior = {}

self.conditional = {}

# for each of the buckets numbered 1 through 10:
for i in range(1, 11):
# if it is not the bucket we should ignore, read in the data
if i != testBucketNumber:
filename = "%s-%82i" % (bucketPrefix, i)
f = open(filename)
lines = f.readlines()
f.close()
for line in lines:
fields = line.strip().split('yt"')
ignore = []
vector = []
nums = []
for i in range(len(fields)):
if self.format[i] == ‘num’:
nums.append(fleat(fields[i]))
elif self.format[i] == ‘'attr':
vector.append(fields[i])
elif self.format[i] == ‘comment':
ignore.append(fields[i])
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elif self.format[i] == 'class':
category = fields[i]
# now process this instance
total += 1
classes.setdefault(category, 8)
counts.setdefault(category, {})
totals.setdefault(category, {})
numericValues.setdefault(category, {})
classes[category] += 1
# now process each non-numeric attribute of the instance

col = @
for columnValue in vector:
col += 1

counts[categoryl.setdefault(col, {})
counts[category] [col].setdefault(columnValue, @)
counts[category] [col]l [columnValue] += 1

# process numeric attributes

col = @
for columnValue in nums:
col += 1

totals[categoryl.setdefault(col, @)
#totals[category][col].setdefault(columnValue, @)
totals[category] [col] += columnValue
numericValues[category]l.setdefault(col, [1])
numericValues[category] [col].append(columnValue)

#

# ok done counting. now compute probabilities

# first prior probabilities p(h)

#

for (category, count) in classes.items():
self.prior[category] = count / total

#

# now compute conditional probabilities p(h|D)

#

for (category, columns) in counts.items():

self.conditional.setdefault(category, {})
for (col, valueCounts) in columns.items():
self.conditionallcategory].setdefault(col, {})
for (attrValue, count) in valueCounts.items():
self.conditionallcategory] [col] [attrValue] = (
count / classes[categoryl)

self.tmp = counts

#

# now compute mean and sample standard deviation

#
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ﬁm HIZE

i M guidetodatamining.com % naiveBayesDensityFunctionTraining.py {4, X510
AN BEFbRAEZ T H AR .

PREACHD DA ZEE 77 4 ssd F1 means (48 4544 :

¢ = Classifier("pimaSmall/pimaSmall”, 1,
""num num num num num num num num class")

>> c.ssd
{'0": {1: 2.54694671925252, 2: 23.454755259159146, ...},

"1': {1: 4.21137914295475, 2: 29.52281872377408,}}
>>> Cc.means
{'0': {1: 2.8867924528301887, 2: 111.90566037735849, ...},

*1': {1: 5.25, 2: 146.05555555555554, ...}}

Pemp mEE—RE

XL TR

#
# now compute mean and sample standard deviation
#
self.means = {}
self.ssd = {}
self.totals = totals
for (category, columns) in totals.items():
self.means.setdefault(category, {})
for (col, cTotal) in columns.items():
self.means[category] [col] = cTotal / classes[category]
# standard deviation

for (category, columns) in numericValues.items():

self.ssd.setdefault(category, {})
for (col, values) in columns.items():
SumOfSquareDifferences = @
theMean = self.means[category][col]
for value in values:
SumOfSquareDifferences += (value - theMean)**2
columns[col] = @
self.ssd[category] [col]l = math.sqrt(SumOfSquareDifferences
/ (classes[category]l - 1))

A< +5 % 34 ) naiveBayesDensityFunctionTrainingSolution.py SCA4 L& _FiR R 2 RS .
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ﬁﬁmb YRFERR

THIEBL classify 777k LAE AE 0% X H50(H 20 & M FH R 22 2% B bR 3, e B el i se i
naiveBayesDensityFunctionTemplate.py, FHIZ5H T 4K classify /7%

def classify(self, itemVector, numVector):
"UUReturn class we think item Vector is in"""

results = []
sqrt2pi = math.sqrt(2 * math.pi)
for (category, prior) in self.prior.items():
prob = prior
col = 1
for attrValue in itemVector:
if not attrValue in self.conditionallcategory][coll:
# we did not find any instances of this attribute value
# occurring with this category so prob = 8

prob = @
else:

prob = prob x self.conditionall[category][col] [attrValue]
col += 1

# return the category with the highest probability
#print{results)
return(max(results) [1])

i}m BT — R

HBEL classify J5i% LAE REWE X BB 2L R MR AE I3 B R 8, AR B Ui e fh i

naiveBayesDensityFunctionTemplate.py -
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Rz

def classify(self, itemVector, numVector):
""UReturn class we think item Vector is in""*"
results = []
sqrt2pi = math.sqrt(2 * math.pi)
for (category, prior) in self.prior.items():
prob = prior
col =1
for attrValue in itemVector:
if not attrValue in self.conditionallcategory][col]:
# we did not find any instances of this attribute

value
# occurring with this category so prob = 0
prob = @
else:
prob = prob x self.conditionallcategory][col]
[attrValuel
col += 1
col =1

for x in numVector:
mean = self.means[category][coll
ssd = self.ssd[category][coll]
ePart = math.pow(math.e, =(x - mean)#%x2/(2xssd**2))
prob = prob % ((1.8 / (sqrt2pixssd)) * ePart)
col += 1
results.append((prob, category))
# return the category with the highest probability
#print(results)
return(max(results)[1])

X FRM % S B ISR E R T ID

TESE 5 TP IRATIPAL 7 kNN BIELE Pima KEEANTFE EHAER, S4RW0TF:

pimaSmall pima

=1 59.00% 71.247%

=3 61.00% 72.519%
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T LR P B 4R A AN R UM i 85 3R an T

pimaSmall

pima

it

72.000%

77.354%

e

! H ERAR
DL AR
HKNN4F!

TERBAER EKNN(k=3)f)
Kappafti 40.35415, Hi
—A~— Mty ik A (fair
performance). A8 A1 A
2 L7 A K appafi 31 i
BARE?

Qm—»cow& — o g_‘:’ﬁ;}"ﬁ ».8 st
s RO Bl (O R TH
"‘?\“gaﬁi# Mnen su- SERNLF
o 31 ik
e T kK
o W‘L?E}"‘:)\ = ettt
= g .
s Wt o= Ve ?:?""M
Ve

Kappaffi }70.4875, — B!

Pl XFABIE, AR TR AR

KNN {54

R HTE A :
o SLHIfEE (ERMARTED.
o FIHAMTTVERE LR BRI RBHEE D .
o IRFEE MERERLT I BIERERFHOX
B TR, DU — AN T ik

TR E TR

AReEBIRFAEZ [ KA AR . B0, T
BRI, RERYIE & & E ROk
il dh, ERAS E ARG ER IR OK ) 6 B o
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KNN fIf R kNN
o STHIfH. 2| SRR T KNN R — AN B8 A i .
o THAMREEAKENEH, KE—| [WNNIZHFARLMIR, OFEEE%.
PF A | EAMY (HREMEHENEEL . BAK
o BERERANERIMILGE. 216 R L A D 4307 LA R PR 432852
EEBR At kA

(A BA T BE T A L AR SR A JR R 7 T IR SRR AR A S RIS 1 . B, %5 4R AE
RIPRE T B A, S 2 1) A LT R R A 80 R B S R TR R SR IE )R = E
K. HH, IEWRIA T, anREAZ AL AE, 0T LUK e i 5 A R A
FRFEKREGHE (S DFAFN HIABER). Kk, B roREm g LRI &) H 8T
N6 RN

P(heads A 6) = P(heads)x P(6)=0.5 x é =0.08333

i —& (EEKDE), REFMARREE (26 %) URLEEE (6 ) J5E
B 32 5KH#. AR Mk FERR IRER A

P( facecard) = % =0375

Tk i — K4 B R AR A
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6

P(red) = B

A — KA BB PMER LD ? X ERANIA R BT, AL 5
AT

=0.1875

P(red A facecard) = P(red)x P( facecard)=0.375%0.185=0.0703

% H TR AT R . ik A SR I RE R 2 0.1875, {H 2 fn Bk Hi o 4 e,
AT 100%E ehd . Fik, Bk —ska e rg%eE 0.1875,

BERATAT LA b M SRS . SRR 0375, MEXEIM Y HH—
YR AR, Fik, EH kK aIeM MR 2 0.375% 0.5=0.1875,

RAGIFHBATABEEHR AR, X R B BB M2 (A A RS i,
RisHpRa s, BAEOMKNITABERLKE, RZIVR.

WM RPRLERZHN) HLEHRIZHE A, K2R MEHA RIS,

Rz Bh RAEE . FA G R A E A S
AR, XA REZ AR . K
o, EAATREME HIERK.

B J VE R A MR U RS « A RS, &
AT T A AT A o 2 I TR 4 X2 3
XARZ 5T, AL XN A EENEHX.
Palo Alto F3h[X {E AT i EBRAZE] 20 i
FRN, T Arizona W I fEAEFLBAKIE
INZE

FEE R EYE, L amount of distorted RBEAE — AR A 45 R EE, R %

guitar(BU{# 1-5 2Z [A] ). amount of classical violin
sound. 1RZXEBMEZ RIA RIS . 4o
R distorted guitar #% )1, I 4 classical violin
sound FF] BETE AL 2 BRI

E 2 [AERARR ST B . BN, A ORI
R, AFFERTN T4 A TSH. XHANRHE
ZEEREKR.

EHEMATLE R EH CBRING T, i, FBRREREE. ENZmETML? BEmN




F6E HERMEAMT—HERIE 225 |

JEPEWE 2 Amazon 44T RWe 2

DRtk DU ST B 2 A 5 A P AR B R R, AR R R 4 S B Il RS AN 21X
%Mo FATERRA A R R BB E AT T AL FRATTH 1 BEA R e 155 R SR M 1T 28 2% [/
. 2 T LARRAD 32 DL e 30 R IR Oy R AT R T AN RS AE R AT AR AR AT 3R AR R 4A b
(naively) R¥CJEEZ BRI FSUEN, REFMRBBRNAE, AR ITHHECR
SEPRE A o

i}m i

TE A KR S FE AT AR IS . B0, kNN SIETEIR G MPG 3 RO i 5
9 53%, HhER DU HE TR A SE AT I AE R ?

tenfold("mpgData/mpgData™, “class attr num num num num comment")




BT7TE
Chapter 7

bz DU B SCAR——AR &AL SO
7R

AT & B, RATEH 7 BXVPRE B R4, REEXEEAFBEL (ki
Phoenix [ TLEFRIC). A/ 8% (HE Inception— s % 1) PAKEE W25 . FATEHEE T
WA AT ARG R, R EMEIER . B8 A SRS ROTEER T
B M DR ST B AR VE R AT RS R R R G FERTA XS T, B
G B DUR S 5 Ros B TR

age glucose blood . diabetes? mpg cylinders HP sec. 0-60
level pressure "
30 4 68 19.5
26 78 50 1 e msezemed "
e o = 45 4 48 217
| 56 1 72 1 S ‘
23 81 78 0 ;

XFPRR B RN “EMEHE” (structured data), BIATLLUEE— RFEME (Fla,
FANRAG AT A BER R FH mpg. AELEH )@ Mk R 1VR %) kiR sLp] (LiRRM
FEIEAT). MAELMALEHE (unstructured data) GLFEHRMF. H#E3C. 30, FrERIEFNR.
XEHIE FF (BAO—IRE L) HARIRIEH RS R kR .

flan, AREEATR € R I IR BRI A5 BB TS (tweets) SEIUX — 51

YENRIE RN, F-ATAT LAE 3] Andy Gavin Z XK Gravity, XF2E At “puts the thrill
back in thriller” PLK “good acting”. Tfii Debra Murphy A fEXHiZ 5 ARG, R i
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Ui “save your $$$”. 1R A NS “I wanna see Gravity sooo bad, we should all go see it!!!”,
W BSRMA T bad IXAME], (HEMATREENZE -

——
nm""“"',,,,mw”“ -y
[T

345 'ﬂia
AI - *‘g,'b’
" o e P
s e 0 yoof @ L 2, ”k;\,
i Pyt o g ety - 5 "o
i Fing TOVE g 18 90 12 s ®E W, 5%
ﬁw’ >y - .
Npes -‘ “ B, =
g . zuk “
Angy Gavin - o
“Gravity ~ Puts the Thdat Back i Thrilar - shar ceEwhul . 45 waren P
| v, axcAeement, Good actng, what more o you want’ m#"”:“:p MWM*’:""’O‘@F it
| - Counsator ouks ke o gy SR B
' ;mw
Vahwmob Penilott oo Z
| gider's think o ww&ycmmmmmwwmmnw
and ther some, Tame phanges. Grourd Deamiong, on edge of v
e The Dissolve &
i ) D mmmwmm:w
— enough 1o make ibs dminished stars saem Dig sgan:
it Bt ARG
Expoat & apdy X3 Fetwnet W igunete e by

B IRAEAH & f & 7E4EE B — A FK A Chobani Greek Yogurt FI & . & EHEIZEMHA
B, (HRBRGAEFVE? FREH iPhone, 7E Google P EMFXANZE, HER I “Woman
Does Not Live on Bread Alone” F&HL 7 F{E &

Chobani nonfat greek yogurt.

Have you ever had greek yogurt? If not, stop reading, gather your keys (and a coat if you
live in New York) and get to your local grocery. Even when nonfat and plain, greek yogurt is
so thick and creamy, I feel guilty whenever I eat it. It is definitely what yogurt is MEANT to
be. The plain flavor is tart and fantastic. Those who can have it, try the honey version. There's
no sugar, but a bit of honey for a taste of sweetness (or add your own local honey-- local
honey is good for allergies!). I must admit, even though I'm not technically supposed to have
honey, if I've had a bad day, and just desperately need sweetness, I add a teaspoon of honey to
my yogurt, and it's SO worth it. The fruit flavors from Chobani all have sugar in them, but
fruit is simply unnecessary with this delicious yogurt. If your grocery doesn't carry the

Chobani brand, Fage (pronounced Fa-yeh) is a well known, and equally delicious brand.
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Now, for Greek yogurt, you will pay about 50 cents to a dollar more, and there are about
20 more calories in each serving. But it's worth it, to me, to not feel deprived and saddened

over an afternoon snack!

http://womandoesnotliveonbreadalone.blogspot.com/2009/03/sugar-free-yogurt-reviews.html

A4 EIRVER T Chobani FJE A2 IE [ L2 F i iy ? BifdE HARHE S —4) If not, stop
reading, gather your keys ... and get to your local grocery store K%, it ZIEMK. {E&EXT
R T fantastic KAHR, MXTERYINA T delicious. FH kRN %2 IR, K
IRPRA 2 [l Ao

— X ARIEG i E R B 37 E RS

e, BRRXEZE—B
BX Gravity FHIEEH#ES!
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BAEA - M EIIM RS, EREWIRA ORI E R M E A diEatE. A amE
XFER RGN ? RS — K H GBI AR, AT TR XE AT M EE. BE
KR Nea i) 2 1E [ PEAIE /2 1 i P
fir? T, MR AR S
. AMITEXKIZFK™ & (Man, 1 sooo
want this!) & A EXK (looks like
crap). Apple F-F iPhone [1]H] @ H —
MR Rz, A RARBRAIRIE
EMIET? RS R RE A K
*® T HEMBEREM, BABUREH
B SRR IR 2 ot ? Rk, B 3h R SLTESRIRA H .

TR, WA ek —A
1 20 SCA S KRG

B FRAR 3L — A R B UM SE A P R T BB I R AT — PR R
B, AT — AR B B 12 A B 7 — R PR B B

‘Like” words: ‘Dislike’ words:
delicious awful
tasty bland
good bad
love hate
smooth gritty

an AR 5 N BAK VPR 2 2 75 B WK Chobani BRYIIE, AT LA R X “ xR K80 “ A
B REEEAT TR AT o FRATTRT DR 8 298] 1) 2 DB AT 70 2K IX A B Bt ] DAAT 3
fli sy 2RAES . L, QU RBATARH B RN SCHFEEARIE A SOt AR, AT LA Tt AT 197 FH A
FRERHE . W RARAIEHETE “unborn child” #1E, B4 H R KK AT EALATR RO EE
R A RARAIE R “fetus”, W SERTRESZRFEERG . IR A BRI SCA 2K, X — 5
HAES .
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55 JUR D 4 0 e B BGHEA 773 2K
AT L, A LA 2% DL g !

\\hm,,:argmax,u_” P(D|h)P(h) )

rm#m&mﬁ¢@£!<>

AT
H i
A BB B

hy,p = argmax,.,, P(D | h)P(h)

(:Nfﬁ?%wa
M RRk..... A B
BER(IL, 23 SOA KN

T E AR A BER)

AV E—F A BRFN R IS B — M IIZREERSE, B T EE RO
R ARG SCAS, PR HaX B R SRR A VI ZRiF R (training corpus). W RHEE Hh KR 2%
REME R — B 140 DMFRFRIHESS, AR — R 3XR (document). RN SURGARKRTE 1
FA. e, RATATREHA RN AT VPR O HESCIE LR . B 2R HESCHPR IR N IE T 3R 71
Ve, RERFZRE SRR K. LR AKX PR P(h)HR X LA RIBR. QiR
YIZREEHH 1000 FE3CHYS, FHorb 500 = N IEMPFS, 500 Foufimmprie, WA

P( favorable)=0.5 P(unfavorable)=0.5
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LA AR A EER R, A

i at

AT > AN A
\\

MAARFRTE SCAS H 2 ST 4 T W 55 )
3o JoMi B i — A5
8 BN A EE

AT R 22 S 7Tk, RGN A bR
TERTCARTE M B Pl 24 o W RG]
WARTEBAE T [ %, SRR RS 2l
FAARBATERLAE -

Ty, mE AR
hy.p =argmax,_, P(D1h)P(h)

THEHEREAXM P(Dh)B5, P(Dh)REBFEMERIBZE, G ERE L BRI D
MORER . BB D R SRR . —Fh ik aT DA SRS 0 25 —R) P8R, bl Puts
theThrill back in Thriller, #AJ5 15— IEH SR LA Puts JTFERAIMEE, DL the NTTIREE —/Mid
(M=, LA Thrill 58 =AM, 5%, RETHE R R SR L Puts FREAHIESE, LA
the NIFEHEE —ANAIRIMER, &%,

Googlefl i1 eiE Y h
KBEAT 100054~ i) o

RS AR HEC A
KBRS B 135, ]
IIFEAH.....

1000000x 100000 100000> 100000
<100000> 100000100000
x100000=100000%100000> 100000
«100000= 100000 10000043

i B SR BEREH 2 ER!
— A WA IRk

WIWF, XA MR ET RS ERBEATIT. EREENE, GEENTTE. A
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BRSO F R4 (bag of words) M i kAT itk . BULE AT (8] 2 ) i
RN A IE TR SORS R 35 = NA A thrill OS24, T2 thrill B E0FE 1E TR SORY A A 2

Ha.

NS T XL TR AR

I ZRBir R

B, B R R AR/, BT SRS 2 b ST ) B AN B (R LE T SCRY AN 67 T SO
B ik, 2H1RUL, BE the MREAENZERIESHIL TR, EERICERSDRRAFE

_Zke

&

| Vocabulary|

FoRAERFHIAE. FE, NIRRT we BATK 4 € 8RB
1A ) H IR P(wilhy)

T T EEE. ¥ TERRENS GXRHLER. AERWMEREL:

Ire

2

REpr IR R — BB SO 6 I B — A SCAR A

THROATEZ SO I IR B, X — K, 2R the HELT 500 &k, WitR% 500 X,
ZEHILHN n;

- R TFARCR B BN we TR SCA TR HBUAEL 28 ms

XAVCR P RN we THH
n, +
n-+|Vocabulary|

P(w, | h)=

MR U H 5 2K B R

—ESE SR, AUAT LA RO A B 0 R 2 SORRS SCREEEAT 202K

h,,, = argmax,_, P(D|h)P(h)
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i L XL Ef"\

i A
FRIRIA!

BN 2B R E /S 500 2% 1E [ H#E SRS AT 500 & i . HA:
P(like=0.5 P(dislike)=0.5
W2 G133 MBER TR

—

|

word | P(word|like) | P(word|dislike) |
" am | 0.007 0.009
by j 0.012 0.012
good 0.002 0.0005
gravity 0.00001 0.00001
it | FEmTSA % A e
great 0.003 0.0007 e
71) (Gravity) [ REEE AL LERA RIS .
hype 0.0007 0.002
I 0.01 0.01
over 0.005 0.00417
stunned 0.0009 0.002
the 0.047 0.0465
FATEAH

P(like)x P(I | like) X P(am | like) X P(stunned | like) X ...
Al
P(dislike) x P(I | dislike)x P(am | dislike) x P(stunned | dislike) X ...
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REEFEREAESBER MR
word P(word|like) | P(word|dislike)
P(like) = 0.5 | P(dislike) =0.05
I 0.01 0.01
am 0.007 0.009
stunned 0.0009 0.002
by 0,012 0.012
the 0.041 0.0465
hype 0.0007 0.002
over 0.005 0.0047
gravity 0.00001 0.00001
I1 6.22E-22 4.72E-21

ik, THIBERA:

like 0.000000000000000000000622

dislike 0.000000000000000000004720

itfEe LT RTFTEEHSHY
DEEAES, WmRIZHTF A E,
Ho B EAREHF, AR RHFD

HEREST, BILA:
123e-1 = 0123
123e-2 = 0.0123

AERFIMER KT ERBER, EZ#ECAR 1.23e-3 = 0.00123

PR .

A KX

F¥o
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e, JXSEEA /N l

X, AERPythonJoik
YIRS | S I S e
B Jr £ O

R, BRExE 41004
Al BRI S SC AR L, SRk
b 1 B AT e 1 1
Eﬁﬁ%ﬁﬂ*’l‘iﬁd\i&d\

o AT LA X BOR AR
PUXA T o SXFERAS
AR AT 3 T R ABEA £ X 2
fELAH !

Tt 7 ER SR — ARG AR A R 100 18] 1308, AN SN 0.001
(1% tell. reported. average. morning Al am 2 2 1] 1a] M2 mt KHE/Z 0.001), 40 B X S
ZAHFM)TE, {E Python H1 2153 0:

>>> 0.0001xx100
0.0

B, GRAG XL K BUEADN, SRARN 0:

>>> import math
>>>p =0
>>> for i in range(100):
p += math.log(0.0001)

>>> p
-921.034037197617

'ﬁﬂ%'iﬁ%l‘&ia‘T bn:x

XA (e b@mey x) AR ARG T (log) EAFR, FHAABRE 6K
KB ERFTRAGECE x), #lde, FBRIRH 10 6935, A logo(1000)=3,
B % 1000=10°.

Python P #) log &4 69 R A F FH e , BN EFRHRE Z4nid e 24
Lo HRAVRSEARE L

1. *FEAb R B F A RAETC A (F) A 24T A Python W& & £ 84
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), #l4e
0.0000001 x 0.000005 = 0.000000000005,
GRS E & ¥ o P
~16.11809 +(—9.90348) = —26.02157

2. ZAFARmEAE, fAKEEG TR (3o LT ),

Newsgroup iE#}E
B SR LRRIEE —MrMESEIERE Newsgroup EIINH . ZEdEHK A 20 A
[F5) 7 1) 2L P 2L Rl =

comp.graphics misc.Forsale soc.religion.christian alt.atheism
comp.os.ms-windows-misc  rec.autos talk.politics.guns sci.space
comp.sys.ibmpc.hardware rec.motorcycles talkpolitics.mideast sci.crypt
comp.sys.mac.hardware rec.sport.baseball talk politics.misc sci.electronics
comp.windows.x rec.sport.hockey talk.religion.misc scimed
——e PRATTAE AL R — A>3 S 28 K LA 1 i s 1~ Y
(Alexander Essbaum) & i TR 1
Subject ;z:‘?ﬁﬁglgmr e EWBANKTRIZH . fidn, BRATAENE R X AN 1
Disclaimer: This posting r ok . 33
;iews, not peméfﬂy tf(;s?;?mt: the poster's 41 % rec.motorcycles X4 .
O"_‘g‘g]‘ul_"ﬂstt_ms-l Tost: relva.rehland.ibm.com
zation: IBM Roc! '
s Rochester
> I have ordered many tim
oo« Y times from C iti
> accesories and ussually get 2-5 da::;ﬁ,g::?n
SRy P e sl i o
p b o weeks later get VA = 1 i
oo bushing. call CXandak oy HEXPNHTER Cacesoties H
- Daining “guide® bushing and order 2 *slijges v
:ru:l:\l}?ﬁ;, fel:};l;:;:‘ on ths;[j)hone which buz}:?:gs ussually), IXXf532E28 Al RE2 M HEAR !
5 v seemed t -
weeks later get 2 guide bush‘i)nllgl;.derstand). two
* sigh%
how much vou wanna bet th. i
£ / A at once i get ALL th
parts and tak 5
wor't &> ke the fork apart that some parts
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1% 04 7T LA http://qwone.com/~jason/20Newsgroups/
(BAMEH A2 20news=bydate FHaH) FHfF, A LANA
/3 http:/guidetodatamining.com F#%. BAHIEL S
18846 & 3CHH, D4 MillgrgE CBEMEHRER 60%) Al
WA ZGEMPIRED HBAERPER T BPMEKT
NAFHFAMREGEAF A X R FFRT —L
TFIFRISOR, R SO 2 AR AT E LA — A o

TidE—EhT iR |
PEGFYSEILL R, SEAHEAL AT EMRA B,

LA AT, BB REET ORI, RATEKE
HATE W TR 1 RRHT  4

i, FRATARM EE— N2 R RENE T T (R 740 9K B #8120 rec.motorcycle:
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I am looking at buying a Dual Sport type motorcycle. This is my first
cycle as well. I am interested in any experiences people have with
the following motorcycles, good or bad.

Honda XR250L
Suzuki DR350S
Suzuki DR250ES
Yamaha XT350

Most XXX vs. YYY articles I have seen in magazines pit the Honda XR650L
against another cycle, and the 650 always comes out shining. Is it safe
to assume that the 250 would be of equal quality ?

T BRI A ] RE S AE 7 RAE ST A

SN ()

“I' is not helpFul
am... < not helpFul
looking... not helpFul
at.. not helpFul
buying.. erm. prohably helpFul
a.. not helpFul
dual... deFinitely helpFul
sport ... definitely
type.. probably not
motor- defFinitely!!!!

cycle N )

R L ESEE P AT 200 MEF BARE KRG, AT SRS E R 2 F X AT

R PIX LA 2 J5 AR RN B il > —2 . BhAh, ok & X LR JE A & e BAT
K SCAAT A R RE ST . Sebr b, BERIZHE A SR X SERFR N E N AR, BE SR HE R
iil. H. P. Luhn ZEAL IR BIYEL XL The automatic creation of literature abstracts FFgH, XLE
A LA T AR AR A M, B ERGE TR R BM . BEUE T
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Hill, FAERRENREFEXEIE S SHEMERIER. REERERA SR, &
A —iKiE AR, JFETUSC BB B SOA th X 2eii] . 2 i D 241X ] 2 B Dy (DX
RO BATHIAE R . @XARX RGEMPEREAE TR, 1R & 1 IRVEIE B s L e
ZJawikmEEgE.

! wm looking ¢t buying = Dual Sport type motoreycle. 175
cycle s well, | i interested 10 a1y experiences people fi
the following motoreycles, good ' bad.

Honda XR250L
Suzuki DR350S
Suzuki DR250ES
Yamaha XT350

| XXX vs. YYY articles | li:ive seen in magazines pit ' Honda XR650L
sgains e eyele, 1 the 650 always comes out shining. 1+ it safe
t assume 1ot the 250 wonld be of equal quality ?

w19 vs. 1% )8 14

1§ “the” | “a” Z E697% WIATHRA S L P REMER, 12218 “work”. “write” . “school”
Z R F IARIE S R ESF O RR TR AN > EAER, SiEienEke, 24 R0%
T RE A A 69 F WA 5 BN, iEF T ARAF A E & Web L9358 & 3473 e vl X 30
T RE .,

M= ERERENEES

FERMRK, RARREERLZ LR Wi !
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ERAF AT RAER LS TAEH, HEARMERM )L EiXEE. Flin, =
SR, RS A T SRR AR 0 (RS E RO SE AR BOR ) S RE R
f 2 85 (45 B R ) BT R AEE ORI SR L (B RIR K& J5FF. RO RUREIE 2 5
Bl 2 SR 0 b O BB B 0, R DA 15 R AN R LE B 8 P B M LK A I R A R R S
Linguistic Dumpster Diving: Geographical Classification of Arabic Text, %1% X 7] LAWK F
T http://zacharski.org F#). EFERAELMRE BN, MHURHFSH-RAEZMHEA 1.
me. you IXKHHEIE . UIRMIMES R N AIX L0 IR F I, X L m A A 2 E
FKHVERE -

TESEEEERIRE, &8,

A Python 45 3CIj

e ARG S IAD R DU 4 KRR R Ao BB — T, IIZREERIRE T

20news—-bydate-train
alt.atheism
text file 1 for alt.atheism
text file 2

text file n
comp.graphics £
text file 1 for comp.graphics g%‘

JLET?Y:E—/I\.E”‘% (AR FHFRA “20news-bydate-train”), 7E 1k H
A Z M AIREBEAFELENFFHF (KFIFFH altatheism. comp.graphics 55). XL
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HR ARG F T RAMNM L T MK H XA TS B ik, A7 ILE FiRS,
¥, 4R Python X 1D 0620 B A& Il 2k H 3% (flan, /Users/raz/Downloads/20news-
bydate/20news-bydate-train/) . Il ZRACHS K BHEZE U T o

BayesText 2
1. #¥4e7 i%
a. EANFEAEE P AIE,
b. ERINAB FRAKRTA RN LT (ZRELEFRMAATARGLF, LAES
0 B AR ).
c. MENT A XK, AMA train FiE kT HZ B R TAHAAPLia B4 8 .,
d. A R4 FAXt A,

n, +

P(w, k)=
v 1hy) n+|Vocabulary)

BIREE, FARRASERRT LA E Wik guidetodatamining.com T

from _ future__ import print_function
import os, codecs, math

class BayesText:

def __init_ (self, trainingdir, stopwordlist):
""MThis class implements a naive Bayes approach to text
classification
trainingdir is the training data. Each subdirectory of
trainingdir is titled with the name of the classification
category —- those subdirectories in turn contain the text
files for that category.
The stopwordlist is a list of words {(one per line) will be
removed before any counting takes place.

HEIR )

self.vocabulary = {}
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def

self.prob = {}
self.totals = {}
self.stopwords = {}
f = open(stopwordlist)
for line in f:
self.stopwords[line.strip()] = 1
f.close()
categories = os.listdir(trainingdir)
#filter out files that are not directories
self.categories = [filename for filename in categories
if os.path.isdir(trainingdir + filename)]
print("Counting ...")
for category in self.categories:
print(’ ' + category)
(self.prob[category],
self.totals[category]) = self.train(trainingdir, category)
# I am going to eliminate any word in the vocabulary
# that doesn't occur at least 3 times
toDelete = []
for word in self.vocabulary:
if self.vocabulary[word] < 3:
# mark word for deletion
# can't delete now because you can't delete
# from a list you are currently iterating over
toDelete.append(word)
# now delete
for word in toDelete:
del self.vocabulary[word]
# now compute probabilities
vocabLength = len(self.vocabulary)
print("Computing probabilities:")
for category in self.categories:
print("’ ' + category)
denominator = self.totals[category] + vocablLength
for word in self.vocabulary:
if word in self.prob[category]:
count = self.probl[category] [word]
else:
count = 1
self.prob[category] [word] = (float(count + 1)
/ denominator)
print ("DONE TRAINING\n\n")

train(self, trainingdir, category):

"""eounts word occurrences for a particular category"""
currentdir = trainingdir + category

files = os.listdir(currentdir)

counts = {}

total = @
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for file in files:
#print{currentdir + '/' + file)
f = codecs.open(currentdir + '/' + file, 'r', 'iso8859-1")
for line in f:
tokens = line.split()
for token in tokens:
# get rid of punctuation and lowercase token
token = token.strip('\'".,?:-")
token = token. lower()
if token != '' and not token in self.stopwords:
self.vocabulary.setdefault(token, @)
self.vocabulary[token] += 1
counts.setdefault(token, @)
counts[token] += 1
total += 1
f.close()
return(counts, total)

I ZRB BL ) 45 RAFAE —HFR Y prob HI=F# (IGAHFR) o FHAEZ AR A5
(comp.graphics. rec.motorcycles. soc.religion.christian %), fH 3 & — il 7t XL&TF
SRR, TR VIXSIERMR. Tt 1 — sl

bT = BayesText(trainingDir, stoplistfile)
>>>bT.prob["rec.motorcycles"] ["god"]
0.00013035445075435553
>>>bT.prob["soc.religion.christian”] ["god"]
0.004258192391884386
>>>bT.prob["rec.motorcycles™] ["the"]
0.028422937849264914
>>>pT.prob["soc.religion.christian"] ["the"]
0.039953678998362795

Fi, 21K, 8] “god” 7E rec.motorcycles 2 U A HAEEHIMEZE &2 0.00013 (BI7ER
10000 /Mial 5 god HF 1 7). 11 god "{E soc.religion.christian 25 Ao B I HEE & 0.00424
(B 250 MMa] I 1 0.

R FR 2 E B — RN categories %I, IEWMTUAKIAEE, & REE LB —
NEIES

['alt.atheism', 'comp.graphics', 'comp.os.ms-windows.misc',
‘comp.sys.ibm.pc.hardware', ...l
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MR FE, Tk
I SRS 3 Kt e

i}m i

S b S I — > HE 98 T SCRS S B classify ik Bl i:
>>> bT.classify("20news-bydate-test/rec.motorcycles/104673")
'rec.motorcycles’

>>> bT.classify("20news-bydate-test/sci.med/59246")
'sci.med’

>>> bT.classify("20news-bydate-test/soc.religion.christian/21424")
'soc.religion.christian’

wn EFR, classify FiEREANR— X4, BB —MUERENFFIFE.
BEE ] LAA A W5l 2 — /N Python SCA 45 AR bayesText-Classify Template.py

class BayesText:

def __init_ (self, trainingdir, stopwordlist):
‘.vocabulary = {}
elf.prob = {}
calf.totals = {}
elf.stopwords = {}
f = open(stopwordlist)
for line in f:
f.stopwords|line.strip()] = &
f.close()
categories = os.listdir{trainingdir)
ter out files that are not directories
sel7,categories = [filename for filename in categories
if os.path.isdir(trainingdir +
filename)]
print("Counting ...")
for category in s¢li.categories:
prist(’ ' 4 category)
(se:9.problcategory],
seif,totals|category]) = self.train{trainingdir,

category)
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i}m GIEE—— —FATBLMORRE

def classify(self, filename):
results = {}
for category in self.categories:
results[category] = @
f = codecs.open(filename, 'r', 'is08859-1")
for line in f:
tokens = line.split()
for token in tokens:
token = token.strip('\*".,?:-"').lower()
if token in self.vocabulary:
for category in self.categories:
if self.prob[category] [token] == @:
print("%s %s" % (category, token))
results[category] += math.log(
self.prob[category] [token])
f.close() '
results = list(results.items())
results.sort(key=lambda tuple: tuple[l]l, reverse = True)
# for debugging I can change this to give me the entire list
return results[e] [0]

Ja, RREMNCEAE T —MI7iE, W HINK B 3 F RIBTE SCREAT 48 28R40 572
ORI L

def testCategory(self, directory, category):
files = os.listdir(directory)
total = @
correct = 0
for file in files:

total += 1
result = self.classify(directory + file)
if result == category:

correct += 1
return (correct, total)

def test(self, testdir):
"""Test all files in the test directory--that directory is
organized into subdirectories——each subdir is a classification
category"""
categories = os.listdir(testdir)
#filter out files that are not directories
categories = [filename for filename in categories if
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os.path.isdir(testdir + filename)]
correct = @
total = @
for category in categories:
(catCorrect, catTotal) = self.testCategory(
testdir + correct += catCorrect
total += catTotal
print("Accuracy is %f%% (%i test instances)" %
((fiocat(correct) / total) % 1088, total))

AL 2 AR SO T ie1T Ed s, .
DONE TRAINING
Running Test ...

Accuracy is 77.774827% (7532 test instances)

TR AR G SR A 45 ]

| TTTI%M R Y A,
UL T AL B

Hﬁgﬂﬁ&xﬁwaaﬁmz>::>¥

PoEmp mEE

ENRER LM RAR D AT Bk R4 ? BT Z Rk RARA Fridm ? WhA
oL PR R (538 7 2 AE Web b FHRIXEAEiAR) ?
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fERiERA B oW ox

0 77.774827%

R 1 HR/A

= RAER 2 KR/

FMH1E http://nlp.stanford.edu/IR-book/html/htmledition/dropping-common- terms-stop-
words-1.html #35]—/~ 25 {42 1A, M http/www.ranks.nl/ resources/stopwords.html
BN 174 WREHFEIR GXEFERRRAAR BT LU RED.

T 7 A I R R B R R

ERIARK WO OE
0 77.774827%

25 78.757302%

174 79.938927%

FLAEAR 2 b, X T EERIARTN S, & LEER 174 MAKER AR REK
29 2% KRR, XSRS R—HG?

3R DU HT AR A B o3 1T

TR BT ) B AR E 1 S R B VA
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gl - il (Katy perry)
HTAR!

gL - AN TR
(P AT T 11 o

1% 48 (Lorde)
HTAR!

—FhE LS B M R T B SRS It CIEmEL 1 A)), AR LA FH — A EE L
R R B8 R ST RIX ME S . BATTR] LU 7E 2 3C (Pang,Lee, 2004) e (R FH AR 4 HL
AT BIRE R K5, ZHUEEMA S 1000 & EHEIFEM 1000 Z iR, FE%

T R e

al-killer thriller of the month

h , it starts deceptively okay ,

the second seri
aracters and

is just awful . oh , 1t starts
wijth a handful of mtngx;:ng ch
oli ion work . «. .
some solid location w Whgn i ﬁf:s} heard that romeg & juliet had been "
:ga?htgf f‘ Shhl}lﬁddered - ithought that yet
1 shakespe, ' 3 3
destroved , Speare’s classics had heen

{f;::teg ?:ate!y . i was wrong . baz luhrman has
‘cledan tinyour face ", and visually

BEE AT DL HBHE http://www.cs.cornell.edu/People/pabo/movie-review-data/ I % Jif 45 £

Fo WRIZBIBE KT 10 72y, HREHT:

Pang, Bo and Lillian Lee. 2004. A sentimental education: Sentiment analysis using subjectivity summarization

@
based on minimum cuts. Proceedings of ACL.
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review_polarity_buckets
txt_sentoken
neg
0
files in fold @
1
files in fold 1

9
files in fold 9
pos
(7]
files in fold @

541 2 Ja R £ AT BAMA A I3t T 3

i}m AR

TS AN R DU 70 K45 O ACRS BEAT (2 S B RERS 7E Lk Bdlnd BilEAT 10 #TA8 X
E. AL AREUT .

Classified as:

neg pos
e e +
neg | 11 2|
pos | 31 4]
+————— e +

12.345 percent correct
total of 2000 instances

H 1+ kappa R %

RRERA
158 52 A 5 1 A B P24 7 5K A AT R M 2 L B A 5 R R N B R T T e
Ko VRTEAMW LR !
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P

GOSN

IR

BAE LTy

P mEE—RNER

TR RIF LR
Classified as:

neg pos
o +———— +
neg | 845 | 155 |
pos | 222 | 778 |
e S +

81.150 percent correct
total of 2000 instances

kappa RETHE AT
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o P@-P() _ 8115-05 _ 3115

=0.623
1= P(r) 1-0.5 S

Bk, SAEAERE LS 7B AR .

Ja TR 2 2 BRS¢

FoRIRER 2 AL ST AR 45 W 36 http:/guidetodatamining.com/ F £, .

from _ future__ import print_function
import os, codecs, math

class BayesText:

def _ init_ (self, trainingdir, stopwordlist, ignoreBucket):

"""This class implements a naive Bayes approach to text
classification
trainingdir is the training data. Each subdirectory of
trainingdir is titled with the name of the classification
category —- those subdirectories in turn contain the text
files for that category.
The stopwordlist is a list of words (one per line) will be
removed before any counting takes place.
self.vocabulary = {}
self.prob = {}
self.totals = {}
self.stopwords = {}
f = open(stopwordlist)
for line in f:

self.stopwords[line.strip()] = 1
f.close()
categories = os.listdir(trainingdir)
#filter out files that are not directories
self.categories = [filename for filename in categories

if os.path.isdir(trainingdir + filename)]

print("Counting ...")
for category in self.categories:

#print(' '+ category)

(self.problcategory],

self.totals[category]) = self.train(trainingdir, category,
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ignoreBucket)
# I am going to eliminate any word in the vocabulary
# that doesn't occur at least 3 times
toDelete = []

for word in self.vocabulary:
if self.vocabularyl[word] < 3:
# mark word for deletion
# can't delete now because you can't delete
# from a list you are currently iterating over
toDelete.append(word)
# now delete
for word in toDelete:
del self.vocabulary[word]
# now compute probabilities
vocabLength = len(self.vocabulary)
#print("Computing probabilities:")
for category in self.categories:
#print(' '+ category)
denominator = self.totals[category] + vocabLength
for word in self.vocabulary:
if word in self.problcategory]:
count = self.prob[category] [word]
else:
count = 1
self.prob[category] [word] = (fleat(count + 1)
/ denominator)
#print ("DONE TRAINING\nin")

def train(self, trainingdir, category, bucketNumberToIgnore):
"Mheounts word occurrences for a particular category"""
ignore = "%i" % bucketNumberToIgnore
currentdir = trainingdir + category
directories = os.listdir(currentdir)
counts = {}

total = @
for directory in directories:
if directory != ignore:
currentBucket = trainingdir + category + "/" + \
directory
files = os.listdir(currentBucket)
#print(" " + currentBucket)

for file in files:
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f = codecs.open(currentBucket + '/' + file, 'r'
'1508859~1")

’

for line in f:
tokens = line.split()
for token in tokens:
# get rid of punctuation
# and lowercase token
token = token.strip('yv'".,?7:=")
token = token. lower()
if token != '' and not token in \
self.stopwords:
self.vocabulary.setdefault(token, @)
self.vocabulary[token] += 1
counts.setdefault(token, @)
counts[token] += 1
total += 1
f.close()
return(counts, total)

classify(self, filename):
results = {}
for category in self.categories:
results[category] = @
f = codecs.open(filename, 'r', 'iso08859-1")
for line in f:
tokens = line.split()
for token in tokens:
#print(token)
token = token.strip('v*".,?:="').lower()
if token in self.vocabulary:
for category in self.categories:
if self.problcategory] [token] == 0:
print(“%s %s" % (category, token))
results[category] += math. log(
self.prob[category] [token])
f.close()
results = list(results.items())
results.sort(key=lambda tuple: tuplel[l]l, reverse = True)

# for debugging I can change this to give me the entire list
return results[e] [0]

testCategory(self, direc, category, bucketNumber):
results = {}

directory = direc + ("%i/" % bucketNumber)
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#print("Testing " + directory)
files = os.listdir(directory)
total = @
correct = @
for file in files:
total += 1
result = self.classify(directory + file)
results.setdefault(result, @)
results[result] += 1
#1if result == category:
# correct += 1
return results

def test(self, testdir, bucketNumber):
"""Test all files in the test directory—--that directory is

organized into subdirectories——each subdir is a classification
category"""

results = {}
categories = os.listdir(testdir)
#filter out files that are not directories
categories = [filename for filename in categories if
os.path.isdir(testdir + filename)]
correct = @
total = @
for category in categories:
#print(".", end="")
results[category] = self.testCategory(

testdir + category + '/', category, bucketNumber)
return results

def tenfold(dataPrefix, stoplist):
results = {}
for i in range(0,10):
bT = BayesText(dataPrefix, stoplist, i)
r = bT.test(theDir, i)
for (key, value) in r.items():
results.setdefault(key, {})
for (ckey, cvalue) in value.items():
results[key].setdefault(ckey, @)
results[key] [ckey] += cvalue
categories = list(results.keys())
categories.sort()

print( "\n Classified as: ")
header = " "
subheader = " +

for category in categories:
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header += "% 2s " % category
subheader += "———— +1
print (header)
print (subheader)
total = 6.0
correct = 6.0
for category in categories:
row = " %s |" % category
for c2 in categories:
if c2 in results[categoryl]:
count = results[category] [c2]

else:
count = @
row += " %3i |" % count
total += count
if c2 == category:

correct += count
print(row)
print(subheader)
print("\n%5.3f percent correct" %((correct x 100) / total))
print("total of %i instances" % total)

# change these to match your directory structure

theDir = "/Users/raz/Downloads/review_polarity_buckets/txt_sentoken/"
stoplistfile = "/Users/raz/Downloads/20news-bydate/stopwords25.txt"
tenfold(theDir, stoplistfile)
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RMTES S, BICEHFRT HRRYG. EXERG S, AT UAE DM HRE A
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sport Helght | Waight
basketball 72 162 ]
BMI | diabetes
plasma diastolic
gymnastics 54 66 o BP
track 63 106 9 52 24.6 0
basketball 78 204 83 58 34.4 0
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FRESFRAFEE (clustering)
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ARG TR TS5 20K — RPILBIRI 2 NFE (cluster, BRPREE) . WEEE
RIRRFIEITR .

k-means E2£ ( k-means clustering )

XA I ) RITT 17 B VR AR R AR - Eidn, X 1000 NSRS A,
R s Web MU 15 4, 555, XETEMA k-means (k-1H) RAEHVE, BATRE
M IE AT 4 .

B %3 ( hierarchical clustering )

XA I AT B A RN E H . Q2 2, Hik—JTasse
SEBIE AR IRIGAESHER R UGS P HR BAR UK B MRS HFE . ZdBARESR
BRI AR T —MEALL. ZINERNRRER, HATHIRERE . HEHRAL LT 8%,
AR AT A T AR TR L PN SN TR AR, Ak mT LB T .

Ay, # — I, A CEIE R %

@ & . 1 PR O A I h— A B o

; REATTEE R

’Ej Y HTARGERBEA .
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©) RATARVARE], 5 KEELER

P BOE BT £ 9F . HE “ Bk

® ", BAMER—AEEAR. BR, %

S P /R B B B I R AT 24

AR, SRS SERFRRINE. HE FEALN 3 % AL B, C HPE/ MR
BEWNEI . WABERMHAMENZEEI? & AMB, &2 CMB?

BZERERZE ( Single-linkage clustering )

TEBIE R RITTIE R, FRATRE P A IR BE B8 58 SN — /MR FT A R B 573 — AR I A
A Z R BRI PE RS . EIXFPE SUF, 7% A FIf% B FIBE Bt 2 Al B Bl IBER, X2
KA B b Al 2 B2, A2 % B1 PAK A2 3| B2 (EE AR EEAT . fEBIERIR R, 1R A
% B MPE RS E AR C 3K B IMEER UL, Btha¥s A R B Se& I m— M B,

£EEEZE ( Complete-linkage clustering )

FEAERERET, BATE PRI S & SO — AR FTA B 3 55— BT A AR
2 AERERIRANES ., fEiXFhE T, 7% A fIFE B MR B2 A2 B B2 IIE & . 7fE4idE:
BHF, #CHFEB ELLE A FIFEB REEREL, Fa¥ B M CoEBIFR—HE.

W, NEE A
A BRI T EWIETT
A2,

KPR, BT 0 0 B P T 1 s 3 |

T HEEEE 2 ( Average-linkage clustering )

TEP IR R I, AR AR BE B8 € SO — MR B0 2 53— MRE T
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R FRE R . 75 I pIp) T, FiEKE C MK B - FHEE B E L% A FISE B [(°F
YIRS, KS¥ B M C eIt — NIk,

breed height | weight
(inches) | (pounds)

Border Collie 20 45
Boston Terrier 16 20
Brittany Spaniel 18 35
Bullmastiff 21 120
German Shepherd | 25 78
Golden Retriever 23 10
Great Dane 32 160
Portuguese 21 50
Water Dog

Standard Poodle 19 65
Yorkshire Terrier 6 1

BATSeHs Lk FeAs i
BerHe i B SUR bR
EETI
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A B S Az i K G !
breed height | weight
Border Collie 0 -0.1455

Boston Terrier -07213 | -0873

Brittany Spaniel -0.3607 | -0.4365

Bullmastiff 12623 | 203704

Chihuahua -21639 | -12222

German Shepherd | 0.9016 | 0.81481

Golden Retriever 0.541 | 058201

Great Dane 216393 | 320106 : 2 RN M S
Portuguese 01803 | o - s
Vit T S0t 0K U B B 71— S i LB
HHT T kR4

Standard Poodle | -0.1803 | 0.43651

Yorkshire Terrier | -2525 | -1.25132

Border Collie 1.02 2.521 2.417 1.317 0.907 3.985 0.609 2.756
Boston Terrier 0.566 3.522 1.484 2.342 1.926 4.992 1.255 1.417 1.843
Brittany Spaniel 2.959 1.967 @ 1.777 1.360 4.428 0.695 0.891 2.312
Bullmastiff | 4,729 1.274 1.624 1.472 2.307 2.155 5.015
Chihuahua 3.681 3.251 | 6.188 2.644 2.586 | 0.362
German Shphrd 0.429 | 2.700 1.088 1.146 4.001
Golden Retriever ‘ 3.081 0.685 0.736 3,572
Great Dane 3.766 3.625 6.466
Portuguese WD 0.566 2.980

Standard Poodle 2.889
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Tk, &

KRB il
4.0 Fift e 23 ?
Great Dane
3.0
Bullmastiff
2.0 .
1.0 German Shepherd
St. Poodle P4 _
® Golden Retriever
0 Border Collie ¢ ®portuguese WD
@

10 Boston Terrier ¢ Brittany' Spantel

" Yorkshi%e  * Chibuahua

-2.0

-3.00 -225 -150 -0.75 0 0.75 1.50 2.25 3.00
-+~ .
5 height
9
2

4 R AR = & Border Collie #= Portuguese Water Dog 423, AR 4 4Rt
5T |

BiZmiEmT

F15:

—JFhE, A RMEE SR, ROVAHRBIBOE MR NMRGEANIE I AR AT
HRIRF AT AER], &I FIP 4N %2 Border Collie 1 Portuguese Water Dog (#1254 0.232),

HtReli1EIit.

Border Collie

Portuguese WD =

F25:

FERBEIWNE, BENEIHFA DK NRDPTLUFR, ENEEHFHEAER
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Chihuahua #1 the Yorkshire Terrier (FEEA4 0.362), TEEENIHENE .

Chihuahua —

Yorkshire T. ]

Border Collie

Portuguese WD ——

E3%:

#HR FRIRE, XKAFH %R German Shepherd 1 Golden Retriever.
Chihuahua

Yorkshire T.

German Shphrd

Golden Retriever

Border Collie

Portuguese WD =——

F45:

B LikidAE. M ERFATLEF], BEME Border Collie il Brittany Spaniel, i 7E
— 4 Border Collie L4 A1 Portuguese Water Dog &3 N— k. HEit, XXMM
Brittany Spaniel #1475 3F -

Chihuahua

Yorkshire T.

German Shphrd

Golden Retriever ~ XA EARARIKE, @i
e B KRR ETEANK,

Border Collie

Portuguese WD T

Brittany Spaniel -

#ETE, A:
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|

Chihuahua

Yorkshire T.

German Shphrd S

R

Golden Retriever

Border Collie

Portuguese WD

Brittany Spaniel

Boston Terrier

Joemp @

ER BRSSP EAE R R . ARBIER ERZES, EAEMNT A -1 HEFF
B % 5 A 2 (B O BE 85 %1 3R, HbhbAN: http:/guidetodatamining.com/guide/ch8/dogDistance
Sorted.txt.

Chihuahua R

Yorkshire T.

German Shphrd e

Golden Retriever

Border Collie

Portuguese WD e

Brittany Spaniel

Boston Terrier
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Py E—wE

FE R BRSSP R R 2. ARBIMERE EROZAE S, EEARTEMN T A — MR
B4 5 2 (B B BE B 41 3R, Hhk 4. http:/guidetodatamining.com/guide/ch8/dogDistance
Sorted.txt.

Chihuahua S

Yorkshire T.

German Shphrd

Golden Retriever

Border Collie

Portuguese WD et

Brittany Spaniel

Boston Terrier

Standard Poodle

Bullmastiff

Great Dane
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s, BB R AR Moall L4 BN FIH, KRG
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0 ool "

s yw | iu& Suzuka) ] |as, Moa) |

——-——? Queue

bz Ya) | éﬂs.&zda) 1 (15, Moa) |

3 o s

MAE— ML A b, BN BAS o K TE R A AN RER AR . oz B 75
TR E. SERNTRREMNLER TR AT £ LRGSR+, B AR,
oGk .

oA ARG T — RSP BN ER !

(v ] (6 s | (@5 wew | | PriOTity Queve
@y |

s A E R 2 YU, R A
%m%ﬁigﬁﬁ,%uwmm%ﬁﬁao

Priority Queue >
@ @ﬂ {(16. Suzuka) | (15, Moa) | |3 Yu) |

ey {and (1
@ @ O

THEF L Python AN RSEH AT HE

>>> from queue import PriorityQueue # load the PriorityQueue library

>>> singersQueue = PriorityQueue() # create a PriorityQueue called
# singersQueue

>>> singersQueue.put((16, 'Suzuka Nakamoto')) # put a few items in the queue

>>> singersQueue.put((15, 'Moa Kikuchi'))

>>> singersQueue.put( (14, 'Yui Mizuno'))
>>> singersQueue.put((17, 'Ayaka Sasaki'))
(

»>> singersQueue.get() # The first item retrieved
(14, 'Yui Mizuno') # will be the youngest, Yui.

>>> singersQueue.get()
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(15, 'Moa Kikuchi')
>>> singersQueue.get()
(16, 'Suzuka Nakamoto')
>>> singersQueue.get()
(17, 'Ayaka Sasaki’)

ST ERRE BTSSR, RATHFBEURLHEEATI S, K regk2 % R
AT R PR RS . BEx BT SRR SR KB T, FRAILHE Border Collie JEIFAS 2, FFid
S H R 1948 fE #& Portuguese Water Dog, #7254 0.232. FRAT 20 HoAth & R AH LI A I4E B
€]V T

Priority Queue

cluster: (Border Collie)
neighbor: Portuguese Watep Dog ok
Pl /'clusten (Chihuahua)

neighbor: Yorkshire Terpiep
distance: 0.362

cluster: (Portuguese Water Dog)
neighbor: Border Collie
distance: 0,232

i
tetc.
etc. letc.

BATE A A REEEX REUH K, UBMERNKE T —XLEXNR. EFlF, X
WA % R 43 51l & Border Collie Al Portuguese Water Dog. # 3k, RAITEHNMESHA—
NE. Efld, 14 6]2—4 Border Collie-Portuguese Water Dog %, Ff4¥ 1% 5% M E BA
e,

bR R R E AT EBIBAF o R R T —MEA L BEIBAS 2 B SE bR R & A i
AR TEMME R L. FIL T X AF BT ERANEE.
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Priority Queue

jcluster-: (Border Collie,
Portuguese Water Dog) |

neighbor: Brittany Spaniel Jcluster’: e

distance: 0,463 neighbor: Yorkshipe Terrier

distance: 0.362

R ———

Letc.

etc,

fetc.

ML HHRIENETE

HAE2/E—1 CSV (comma separated values, 15 FEFFHIMED) b, HAoE—2lesL
Bl 2R, HARS RS FRMERIE. ST — AT AR X B Pk AE R

breed,height (inches),weight (pounds)
Border Collie, 20,45

Boston Terrier, 16,20
Brittany Spaniel, 18,35
Bullmastiff, 27,120
Chihuahua, 8,8

German Shepherd, 25,78
Golden Retriever,23,70
Great Dane,32,160
Portuguese Water Dog, 21,50
Standard Poodle, 19,65
Yorkshire Terrier,6,7

A RIEHE 2 BRSO data CXAMBIRAFEARESL FIE Uist) 1, data
PRI TIRRAFEE . B, data[0]2 —MEE M ERFN 2 7B, o data[0][0]2 FFF
t# ‘Border Collie’, data[0][1]/&‘Boston Terrier’, HRKIHZEHE. data[l /B ERE G &E, M
data[2] A EF|FR . B T8 —FI25h, HALKI A BEEER 5 ONF . B, data[1][014
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I 58 20.0, T data[2][01 N7 A% 45, BOREANZ G, B0 — b, EHEERHMERS,
BB HAE “Fhp” (index) RFRLHIHIITS (b, Border Collie H FAx&Z 0, Boston
Terrier [f] AR AN 1, Yorkshire Terrier [l FHrs2 10).

IR FE BT 31T R IR
Bk —THE, BEEEAN ARG % & Border Collie Fixf St E&. H L,
A1+ Border Collie 2 HoAth & (1) BE B8 30K X £245 BN — 3 Python F 8L

{1: ((0, 1), 1.0244), Border Collie ( F#54 0) #1 Boston Terrier ( F¥r A 1) K
FE S 1.0244

2: ((0, 2), 0.463), Border Collie #1 Brittany Spaniel [ & /& 0.463

10: ((0, 10), 2.756)} Border Collie 1 Yorkshire Terrier HJFf 25 & 2.756

AT id 3% Border Collie HH i 48 S 2% fealr A0 ) PR B«

| closest distance: 8.232 Border Collie ( 454 0) KIFILATRE
nearest pair: (6, 8 B
pair: (0, 8) Portuguese  Water Dog ( FHi 4 8, RZIVA.

FRERBM UL TTAPHIER

7E R TH ) 2R A% AR B 7E & 31, Portuguese Water Dog £ Standard Poodle [ B 5 Boston
Terrier % Brittany Spaniel fIEEE —#E, #B&Z 0.566, 05 EF P2 MAR S AT IR Bl T &
{11, 7 A AE[A AT IR [E] Standard Poodle F1 Boston Terrier S3 fE ¥ BATTIMARIFEH, XFEM<
HILE IR BRI FP R, ROV S MR TR A T iR (GET data 5158
Pk I e . bhtn, 7EFRATAIEHE H Portuguese Water Dog ) #5498, 1 Standard Poodle
fITARA 9, HMZTA N (8,9). LA FE MBI FZITMIIRS . T/, Poodle KIEITLLN
ERA:

['Partuguese Water Dog', 0.566, (8,9)]
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ifii Portuguese Water Dog i1 2515 BN :

['Standard Poodle', ©8.566, (8,9)]

A ZCAE R, MBS E TR, ATELT R AR AEILAC KT .

FEPRFEZFERPSZ—E-A

HJLHZATIT 48 Python fRSEHBAFIRS, BN HABARIRE A FEE AN 2 T ) o 4 i
AZIBNF o IXEETEE AT LA TR R R R o (ER I RA e o b iR I AHSE CENAR R 58
%) BEEA? BAIER—T:

>>>
>>>
>>>
>>>
>>>
>>>
(12 ’
>>>
(15 ’
>>>
(15 ’
>>>
(15,
>>>
( 15 ’

>>>

singersQueue.put((15, 'Suzuka Nakamoto'))
singersQueue.put( (15, ‘Moa Kikuchi'))
singersQueue.put( (15, ‘Yui Mizuno'))
singersQueue.put((15, 'Avaka Sasaki'))
singersQueue.put((12, 'Megumi Okada'))
singersQueue.get()

‘Megumi Okada')
singersQueue.get()

'Avaka Sasaki')
singersQueue.get()

‘Moa Kikuchi')
singersQueue.get()

'Suzuka Nakamoto')
singersQueue.get()

"Yui Mizuno')

REEE, WRTHKSE —TILA LK%, Python £ F—HRITHER. 4
15 ZRFEBIE s, JTTRERE AN ZFRER. HHBTRELFHEFERNH, ©
%R F BB FHE P . Bk, Avaka Sasaki %8763 2 %6 T Moa Kikuchi Bt , i Moa X
£ 5% F Suzuka, 1M Suzuka X 2% F Yui BUH .

FERTTH 2 R RRHBI T4, BAOVEH SFh 8RB AR A EREH . T B
EMSMEATHRER BARIIKE N TR TN 0, BATRK TR 1, H=EA4
TEERHI AR 2, HRMRIEEHE. IMAZIAS e BT RE SRR T
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3] F5c 30 40 1 B Th# goTm———
( 24 il % |
i .
(0,23170921460558744, 9, ]
['Portuguese Water Dog', ©.23170921468558744, (@, 8)],
{1: ((@, 1), 1.0244831578726061),
e JGEH(0, 1) 27N 12 B B3 R it
9: ((@, 9), 0.6093065384986165), | Fho(Border Collie)l i

i
/i%ﬁ%%ﬁa
[{'Border Collie'l},
2: (8, 2), 0.4634184292111748), ﬁ B BT A HoA 5 b £ S
10: ((8, 18), 2.756155583828758)}]) | 1(Boston Terrier)2 [f] ) Jii

i g AU LR T A — AN TERTBN BIPL S 5 A S o AT SEBLBA S BT 464 o

ESETIEREIRE-1ENLE

BATMBFN B A TR, BENEIFA—E, HEZEBRANY . 76 BN
s R, AT 514 Border Collie Al Portuguese Water Dog Xf MG 2R, T /&1 PAGY
HIAF :

['Border Collie', ‘Portuguese Water Dog']

B RSN BT R B BRAZAR S A A BT SRR RS  FRATT AT L 0 R 7 KA
PIAS W46 % IR BE B - BOR SEFLIX — /. R BAZ B 38 — N o R BE
distanceDictl, MBAFHEUH KI5 — AN U R MFER FH#OA distanceDict2, T A #T A4 2 1 BE
257 #1Ly newDistanceDict.

Initialize newDistanceDict to an empty dictionary
for each key, value pair in distanceDictl:
if there is an entry in distanceDict2 with that key:
if the distance for that entry in distanceDictl is
shorter than that in distanceDict2:
place the distanceDictl entry in newDistanceDict
else:
place the distanceDictl entry in newDistanceDict

¥ newDistanceDict #J4H R 72 7 #
X} B distanceDict1 H )N EE-{ELN
WIRAE distanceDict2 175 X M iZH T EK:
W Z LR LE distanceDictl H [FE B L AE distanceDict2 H1 ¥ FE BS B i :
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1% distanceDict] F ) JTCE A newDistanceDict;

750

4 distanceDict2 H )7L Z& B newDistanceDict.

g Border Collie Distance List Portuguese Water ##% Distance List
FHIE Dog Distance List F1fI{E hpE

0 ; ((0, 8), 0.2317092146055) | -

1 ((0, 1), 1.02448315787260) ((1, 8), 1.25503395239308) ((0, 1), 1.02448315787260)
2 (0, 2), 0.46341842921117) ((2, 8), 0.69512764381676) (0,2),0.46341842921117)
3 (0, 3), 2.52128307411504) ((3, 8), 2.3065500082408) ((3, 8), 2.3065500082408)
4 ((0, 4), 2.41700998092941) ((4, 8),2.643745991701) ((0, 4), 2.41700998092941)
5 ((0, 5), 1.31725590972761) ((5, 8), 1.088215707936) ((5, 8), 1.088215707936)
6 (0, 6), 0.90660838225252) ((6, 8), 0.684696194462) ((6, 8), 0.684696194462)

7 (0, 7), 3.98523295438990) (7, 8), 3.765829069545) (7, 8), 3.765829069545)

8 ((0, 8), 0.23170921460558) - -

9 (0, 9), 0.60930653849861) ((8,9), 0.566225873458) ((8,9),0.566225873458)
10 ((0, 10), 2.7561555838287) ((8, 10), 2.980333906137) ((0, 10), 2.7561555838287)

4 3F Border Collie 1 Portuguese Water Dog 2 & 13 | () 56 ¥ G & (5 B

(0.4634184292111748, 11,
[2, ©.4634184292111748,
{1: ((@, 1), 1.0244831578726061), 2:
3: ((3, 8), 2.306550008240866), 4:
5: ((5, 8), 1.0882157079364436), 6:
7: ((7, 8), 3.7658290695451373), 9:
10: ((@, 10), 2.756155583828758)}]1)

[('Border Collie',
(e, 2)1,

'Portuguese Water Dog'),

((0, 2), 0.4634184292111748),
((0, 4), 2.4170099809294157),
((6, 8), 0.6846961944627522),
((8, 9), 0.5662258734585477),

ey s

5 H Python SEI_EIREIE.

BB S BGZIE S, TEAR MG B — NI hierarchical Clusterer Template.py
] Python 3L (http://guidetodatamining.com/ guide/pg2dm-python/ch8/ hierarchicalClusterer
Template.py), Z%3CHFAT LAIRME—AMREF A HE AT 5278 T8 M LA T 515

1. SERBIEHAR.
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X et b RN TR

(D) WHZGEIMA MO RMORIKERS, G LA BRBERE
Python 7 i ;

(2) FHREILLE;
(3) ¥ HRE BIMART.
2. EM—ANREHE, ZHhEeEREPIT.
(1) BRI [B] i B P AN TT 3R
(2) BHZEMPICER:
(3) R EIAZ , EBIBASI o R F— AL,

efE, X RARKNGME, FE—ERARMEN
fRA, EETAA T TR —ANBIFHMEE,
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from queue import PriorityQueue
import math

[IRTRT]

Example code for hierarchical clustering

def getMedian(alist):
"""get median value of list alist"""
tmp = list(alist)
tmp.sort()
alen = len(tmp)
if (alen % 2) == 1:
return tmp[alen // 2]
else:
return (tmplalen // 2] + tmpl(alen // 2) - 1]) / 2

def normalizeColumn(column):
"""Normalize column using Modified Standard Score"""
median = getMedian(column)
asd = sum( [abs(x - median) for x in column]) / len(column)
result = [(x - median) / asd for x in column]
return result

class hClusterer:
"M othis clusterer assumes that the first column of the data is a label
not used in the clustering. The other columns contain numeric data"""

def __init_ (self, filename):
file = open(filename)
self.data = {}
self.counter = 0
self.queue = PriorityQueue()
lines = file.readlines()

file.close()
header = lines[@].split(',")
self.cols = len(header)
self.data = [[] for i in range(len(header))]
for line in lines[1:]:
cells = line.split(',")
toggle = @
for cell in range(self.cols):
if toggle == @:
self.datalcell].append(cells[cell])
toggle = 1
else:
self.datalcell].append(float(cells[celll))
# now normalize number columns (that is, skip the first column)
for i in range(l, self.cols):
self.datali]l = normalizeColumn(selif.datal[il)

#Ht
### I have read in the data and normalized the
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### columns. Now for each element i in the data, I am going to

Wi 1. compute the Euclidean Distance from element i to all the
i other elements. This data will be placed in neighbors,
i which is a Python dictionary. Let's say 1 = 1, and I am
Hitit computing the distance to the neighbor j and let's say j
HitH is 2. The neighbors dictionary for i will look like

ez {2: ((1,2), 1.23), 3: ((1, 3), 2.3)... }

g

HitH 2. find the closest neighbor

s

i 3. place the element on a priority queue, called simply queue,
A based on the distance to the nearest neighbor (and a counter
faa used to break ties.

# now push distances on queue
rows = len(self.datale])

for i in range(rows):
minDistance = 99999
nearestNeighbor = @
neighbors = {}
for j in range(rows): .

if i 1= 3i
dist = self.distance(i, j)
if i < j:
pair = (i,j)
else:
pair = (j,1)

neighbors[j] = (pair, dist)

if dist < minDistance:
minDistance = dist
nearestNeighbor = j
nearestNum = j
# create nearest Pair
if i < nearestNeighbor:
nearestPair = (i, nearestNeighbor)
else:
nearestPair = (nearestNeighbor, i)

# put instance on priority queue

self.queue.put((minDistance, self.counter,
[[self.datal@][i]], nearestPair, neighbors]))

self.counter += 1

def distance(self, i, j):
sumSquares = @
for k in range(1l, self.cols):
sumSquares += (self.datalk][i] -~ self.datalk][j])*x2
return math.sqrt(sumSquares)

def cluster(self):
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done = False
while not done:
topOne = self.queue.get()
nearestPair = topOne[2][1]
if not self.queue.empty():
nextOne = self.queue.get()
nearPair = nextOne[2][1]
tmp = []

it

## I have just popped two elements off the queue,

## topOne and nextOne. I need to check whether nextOne
## 1is topOne's nearest neighbor and vice versa.

## If not, I will pop another element off the queue

## wuntil I find topOne's nearest neighbor. That is what
## this while loop does.

##

while nearPair != nearestPair:
tmp.append( (nextOne[0], self.counter, nextOne[2]))
self.counter += 1
nextOne = self.queue.get()
nearPair = nextOne[2][1]
#i
## this for loop pushes the elements I popped off in the
## above while loop.
##
for item in tmp:
self.queue.put(item)

if len(topOne[2][08]) == 1:
iteml = topOne([2][@][0]

else:
iteml = topOne([2][0]
if len(nextOne([2][0]) == 1:
item2 = nextOne([2][0][0]
else:

item2 = nextOne[2][0]
## curCluster is, perhaps obviously, the new cluster
## which combines cluster iteml with cluster item2.
curCluster = (iteml, item2)

## Now I am doing two things. First, finding the nearest
## neighbor to this new cluster. Second, building a new

## neighbors list by merging the neighbors lists of iteml
## and item2. If the distance between iteml and element 23
## is 2 and the distance betweeen item2 and element 23 is 4
## the distance between element 23 and the new cluster will
## be 2 (i.e., the shortest distance).

H#

minDistance = 99999

nearestPair = ()

nearestNeighbor = "'

merged = {}

nNeighbors = nextOne[2][2]

for (key, value) in topOne[2][2].items():
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if key in nNeighbors:
if nNeighbors([keyl [1] < value[1]:
dist = nNeighbors[key]
else:
dist = value
if dist[1] < minDistance:
minDistance = dist[1]
nearestPair = dist[0]
nearestNeighbor = key
merged[key] = dist

if merged == {}:
return curCluster
else:
self.queue.put( (minDistance, self.counter,
[curCluster, nearestPair, merged]))
self.counter 4= 1
def printDendrogram(7, sep=3):
“print dendrogram of a binary tree. Each tree node is represented by a
length-2 tuple. printDendrogram is written and provided by David Eppstein
2002. Accessed on 14 April 2014:
http://code.activestate.com/recipes/139422-dendrogram-drawing/ """

def isPair(T): »
return type(T) == tuple and len(T) ==

def maxHeight(T):
if isPair(T):
h = max(maxHeight(T[8]), maxHeight(T[1]))
else:
h = len(str(T))
return h + sep

activelLevels = {}

def traverse(T, h, isFirst):
if isPair(T):
traverse(T[8], h-sep, 1)
s = [" ']x(h-sep)

s.append(']")
else:

s = list(str(T))

s.append(' *)

while len(s) < h:
s.append('~")

if (isFirst >= 8):
s.append('+")
if isFirst:
activelLevels[h] = 1
else:
del activelLevels[h]

A = list(activelLevels)
A.sort()
for L in A:
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if len(s) < L:
while len(s) < L:
s.append(' ')
s.append('|")

print (''.join(s))

if isPair(T):

traverse(T[1], h-sep, 9)

traverse(T, maxHeight(T), =-1)

filename = '//Users/raz/Dropbox/guide/pg2dm—python/ch8/dogs.csv’
n

hg = hClusterer(filename)
cluster = hg.cluster()
printDendrogram(cluster)

iz LRSS R

Chihuahua

Yorkshire Terrier

Great Dane +

Bullmastiff + |

German Shepherd + |

Golden Retriever + |

Standard Poodle

Boston Terrier

|
Brittany Spaniel ———————— + |
i
Border Collie ~————— +

Portuguese Water Dog —+

L NERRRR, XMBAINA FHOLER—FH.
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BreakFast Cereals

FERBRIMEE £, F—PXHFRE T 77 EFRRIE
FMER, B

ESNiEZ S

BT HRE (R REED
WA (B 50

el CHAz: 30D

B (B 2T

frdER (A7 30)

i

Ktk &Y CRAL: T

W AL TE)

BB =)

GAFR EEMBRARRE
REANREXS L IR BE AT B IR
MR 22 F AN Trix SeAAAL?

Wk A4 22 F Al Muesli Raisins&Almonds £ AH{EL?

ZHHEAE T AR A S K22 (CMU)

T #, Hihk A http:/lib.stat.cmu.edu/DASL

Datafiles/Cereals.html.
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ﬁm Rt E— R

EZEEE LEITRERER, BRITRFEE U dogs.csv AN cereal.esve FHIZS
H’.’XT—_‘%%%%:

Mueslix Crispy Blend

Muesli Raisins & Almonds

Muesli Peaches & Pecans

Lucky Charms ———————— +

Fruity Pebbles ——+

Count Chocula ———+

Trix A1 Fruity Pebbles S AHML (FRAVGEE AT AILLE S tH 25 & L — ik —F). 1M
5 Muesli Raisins & Almonds fz %11 [f) /&2 Muesli Peaches & Pecans, B iFiX— S FAEAb.
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BRRBEREZRXMF! HIEERS!
Ay G owosos

A Fk-meansBE 3, ik
R e RN EHE -
IXERRERA A L. an AR
Rkmid, k=2,
AR R 10041, Wk=100,

k-means3 2 2 BT 1Y
RAHI!
k-means Jj AR !

N
GFIBEASOZ AN k!
EHEHIL/RERE
(Bell Labs)f#JStuart Lloyd
T 1957442 Hy !

Xﬂigneamﬁ%%g k
(I Al ———
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ﬂ@ﬁm%guimﬁg
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FAH k-means B LT -

1. 3 k ANFEVLSEEE NPIEE O s (1, 2)
(1, 4)

2. REPEAT; (2, 2)
(2, 3)

3. ARSI 4 EE 45 BT A H 0 AN TT T R kAN (2. i;

4. SRR T ST BT O A gg g;

5. UNTIL A0 s A3 e A2 B e A Ko

THE AT BRTHE A (x ALFRAy A8FR):

RN T _FdR R A .

E 15, KK ADBEYSEGHER B RO S,

R RRATBENESE (1,4) 1 (4,2) 4 BERPIEE 0 A 1 FIRILE L 4 2.

£33 ( EREEP ). BEIIHLEREFKERF LR,

R A LB 43 RO 45 BT i eho AT, BRATTAT BAE I AT T SR B RO — BE R T BTk N
BRI, T BB AT B R

poiﬁt | distance from ce;ltréid 14 djstéhce from centroid 2 |
| 1,4) | 4,2)
‘El, 2) . | S ; B
(14 o ‘ 5
o) S ; SR S——— 2 -
,(2’ ) 2 e . , !
42 5 | 0
(4,4) 3 2
Go 7 : 2

(5,3) 5 2

HT EREEE, W LR G R AR
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CLUSTER 1 CLUSTER 2
(1, 2) (2, 2)
(1, 4) (4, 2)
(2, 3) (4, 4)
(5, 1)
(5, 3)

F4%: BEFHRLR.

B EA R P ST SRR RO s 7R 1 S TE x AR ME
(1+1+2) /3=4/3=133

BTl y ALFRHSFIE

(2+4+3)/3=9/3=3

B, 7% 1 RS0 s8 (1.33,3).

1% 2 TR O A (4,2.4).

F5F: EEHRLEART AL,
[HE O EA (1,4) F1 (4,2), TIEHFO&8AR (1.33,3) Al (4,2.4). b SAE21L,
FrUREEE FRITFRE.

E35: BENXFISBREREND DR,
AT SR WEEE, WF:

point distance from centr;)i”(‘l 1 d.lstancefrom cen&oid 2 ,
(1.33,3) 4,2.4)
(1,2) 133 | 3.4
(1,4) 1.33 T 4.6
(é,z)y i 1.67 . 2.4
(2,3) | 0.67 | 2.6
(4,2) - 3.67 ; 0.4
(4,4) 3.67 1.6
| t5, 15 o 5-6% o ‘2-4

(5,3) 3.67 y 1.6
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T FRFEET LR R AR, BE:

CLUSTER 1 CLUSTER 2
(1, 2) (4, 2)
(1, 4) (4, 4)
(2, 2) (5, 1)
(2, 3) (5, 3)

F 4L EFPOR
L SRR AT 2 RORAS BB L A

B s (1.5,2.75)

&2 MR (4.52.5)

£5%: HAHRLEART AL,

BT O aERN, FkgkssEs FididiE,
F3F: BEILHSERARIENF DS,
FATH G E SR WER, W

i);)int I (‘lis”t‘ancé from centrond 1"" ;’ aistancé from cenh'oidé v
(1.5, 2.75) i 4.5, 2.5) |
%AQQ;W‘, “;g‘ . e _4@;
(1,4) - '1-75v 5.0
(2’_ ) ) . e o | B 3..0
'@m ; Qﬁ . 3@
(4,2) 3.25 1.0
(4,4) 3.75 ' 2.0
(5,1) 5.25 2.0

(5,3) 3.75 _ Lo

ET LR A L A BRI RS, B3



286 SHIEFRMBIRIZEXRKIES

CLUSTER 1 CLUSTER 2
(1, 2) (4, 2)
(1, 4) (4, 4)
(2, 2) (5, 1)
(2, 3) (5, 3)

£4%: BEFPOR,

I AR 28 AR A 2T 1 At
1O A
% 2 BIHR A R

(1.5,2.75)

(4.5,2.5)

£5%: HERHRORAEAIL,
EHE RO R AT Bt R, RIS, FTEME IR . R KIFEN:

CLUSTER 1 CLUSTER 2
(1, 2) (4, 2)
(1, 4) (4, 4)
(2, 2) (5, 1)
(2, 3) (5, 3)

XA T A AN A3

COEREEIT R, U R AR,
PRI B e T

EHEPITERE S, Aol ARG AL AR
BIRABAALE . KR SRR AR )
HLUGEAR . BHOREE, Ba JLUGERH
DR LP AR S

XA B R A k-means BYEAE BT AL AR
PEAAF R R KR, i JE v ISR
Al BB R AT — 2N i iRk
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HI T35 I XA T A i, RATATLA

H5 AT 2R SR A T A AN TR —

MR 5 — AR i A A E

1% s 2 MR E 7 — MK,

AT S 3 P ST g A T i o SR
Fh I k!

" kemeans B LE B M D XS SRR AR AT A 1 <
& k-means$ 7 L W B i KAk (Expectation Maximization,
\/ TIRREM) S0 — A0l . EMBYEA W AE A5

ZEER. BAT— IR A S 2 HOR 1T AR i o, AE
k-means @15 & FBURAS O RGEITAS . fEES,
FZAG 45 R s BB R b . EM2E, FIH
XS 25 FOR AR L A . IR EMAE
B2 S DL , L4 TR BT http:/en. wikipedia,
org/wiki/Expectation% E2%80%93maximization_algorithm

B AR R A

€L7%

T TH R BT B T 5% k-means ST
W, RRIRA RME L SRR 1] . (RFRAT
(bR BNE LT, ROTRAMOEEDT:

ML ZEAN B B T 46 -

REPEAT

A E =T R E—2 . UNTIL 44T
77 [ EFA = .
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RAMRBE L+ aH.
%18 IR ORI A 1 X a1

T2 RI, KA LRFEAE, AR
RITIARNE, A BA LT,
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IX I PN B — TP IR AT B 0 B AL D R 1
X EEMPERAN -FE. TR, ETmE, R
) H b -4 R B UL R 20 B (B AR L BB AD)

B I RARGIRT BT WA P O s 3845
BEIXAE, k-means BIEUIRL ™ M Y A IISE R -




$£8E REr—RARM 289

IR 765 0 S HEA R A (RO iy Rl
EFNET 5 — M RER AT

SSE =8 E

NEREAFEEASTFRE, RIMEMRZEFHA (sum of the squared error, f&F% SSE)
BCEMNEUE (scatter) fIFaFR. HitFEREWT: X8 A, HHEIETERNPLEZ
(PR BT T7, AR IX SR 2P 5 sk oR A, R AR RI T
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import math
import random

def

def

getMedian(alist):
“hget median of list"'"
tmp = tist(alist)
tmp.sort()
alen = len(tmp)
if (alen % 2) == 1:
return tmplalen // 2]
else:
return (tmplalen // 2] + tmpl[(alen // 2) - 11) / 2

normalizeColumn(column):

""normalize the values of a column using Modified Standard Score
that is (each value - median) / (absolute standard deviation)"""
median = getMedian(column)

asd = sum([abs(x - median) for x in column]) / len(column)

result = [(x - median) / asd for x in column]

return result

class kClusterer:

"t Implementation of kMeans Clustering
This clusterer assumes that the first column of the data is a label
not used in the clustering. The other columns contain numeric data

BRENE

def __init_ (self, filename, k):
"k is the number of clusters to make
This init method:
1. reads the data from the file named filename
2. stores that data by column in self.data
3. normalizes the data using Modified Standard Score
4. randomly selects the initial centroids
5. assigns points to clusters associated with those centroids
(RIS
file = open(filename)
self.data = {}
self.k = k
self.counter = @
self.iterationNumber = @
# used to keep track of % of points that change cluster membership
# In an iteration
self.pointsChanged = @
# Sum of Squared Error
self.sse = @
#
# read data from file
#
lines = file.readlines()
file.close()



def

def
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header = lines[8].split(',")
self.cols = len(header)
self.data = [[] for i in range(len(header))]
# we are storing the data by column.
# For example, self.data[0] is the data from column 0.
# self.data[8]{10] is the column @ value of item 10.
for line in lines[1:]:
cells = line.split(*,"')
toggle = 9
for cell in range(self.cols):
if toggle == 0:
self.datalcell]l.append(cells[cell])
toggle = 1
else:
self.datalcell].append(float(cells[celll))

len(self.datall])
[-1 for x in range(len(self.data[1]))]

self.datasize
self.memberQf
#
# now normalize number columns
#
for i in range(1, self.cols):

self.datali]l = normalizeColumn(self.datal[il)

# select random centroids from existing points
random. seed()

291

self.centroids = [[self.data[il[r] for i in range(l, len(self.data))]

for r in random.sample(range(len(self.datal[0])),
self.k)]
self.assignPointsToCluster()

updateCentroids(self):
"""Using the points in the clusters, determine the centroid
(mean point) of each cluster"""
members = [self.memberOf.count(i) in range(len(self.centroids))]
self.centroids = [[sum([self.datalk][i]
for i in range(len(self.datal0]))
if self.member0f[i] == centroid])/members[centroid]
for k in range(1l, len(self.data))]
for centroid in range(len(self.centroids))]

assignPointToCluster(self, 1):
""oassign point to cluster based on distance from centroids"""
min = 999999
clusterNum = -1
for centroid in range(self.k):
dist = self.euclideanDistance(i, centroid)
if dist < min:
min = dist
clusterNum = centroid
# here is where I will keep track of changing points
if clusterNum != self.memberOf[i]:
self.pointsChanged += 1
# add square of distance to running sum of squared error
self.sse += minkx2
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def

def

def

##

return clusterNum

assignPointsToCluster(self):
""" assign each data point to a cluster"""
self.pointsChanged = @
self.sse = 8
self.member0f = [self.assignPointToCluster(i)
for i in range(len(self.datal1]))]

euclideanDistance(self, i, j):
"Hocompute distance of point i from centroid jU""
sumSquares = &
for k in range(1, self.cols):
sumSquares += (self.datalk][i] - self.centroids[j] [k=1])%%2
return math.sqrt(sumSquares)

kCluster(self):

""the method that actually performs the clustering

As you can see this method repeatedly
updates the centroids by computing the mean point of each cluster
re-assign the points to clusters based on these new centroids

until the number of points that change cluster membership
is less than 1%.

TR

done = False

while not done:
self.iterationNumber += 1
self.updateCentroids()
self.assignPointsToCluster()
#
# we are done if fewer than 1% of the points change clusters
#
if float(self.pointsChanged) / len(self.member0f) < 6.01:
done = True
print("Final SSE: %f" % self.sse)

def showMembers(self):
*""pisplay the results"""
for centroid in range(len(self.centroids)):

print (“\n\nClass %i\n========" % centroid)
for name in [self.datal[@][i] for i in range(len(self.datal®]))
if self.memberOf([i] == centroid]:

print (name)

## RUN THE K-MEANS CLUSTERER ON THE DOG DATA USING K = 3

#HH

km = kClusterer(‘dogs2.csv', 3)
km. kCluster()
km. showMembers ()



$£8E BWEA—aERHM 203

PR T —
T ERAHS!

BATHERRRMREF RS, XEAREIRLIEME. B8 aRFEdE R
BRI RERARE, BMEEE LEE THXMET (B mAREE 7).

breed height | weight
Border Collie 0 -0.1455
Boston Terrier -0.7213 | -0.873

Brittany Spaniel -0.3607 | -0.4365

Bullmastiff 12623 | 2.03704

German Shepherd | 0.9016 | 0.81481

. e v

17 801 SRR 1% B4 e e Python (915, IR A BT Be B2 A T — 5L (list):

data = [ data for the Border Collie,
data for the Boston Terrier,

.1
TR, WL E e B A B % AR

data = [ [‘Border Collie’, @, -0.1455],
[‘Boston Terrier’, -0.7213, -0.873],
]

Hit, RATIERZTRAFEESER . X —BEXEHNME, MRABRFHEHTA
HIJT¥E. TR RISIE R B ok R %517 4%«



294 BXRERFRHMIEIZHLERIEE

data = [ column 1 data,
column 2 data,
column 3 data ]

Bk, XBATHGI 7RI, FH:

data = [ [‘Border Collie’, ‘Boston Terrier’, ‘Brittany Spaniel’, ...I,
[ 0, -0.7213, -0.3607, ...],
[-0.1455, -0.7213, -0.4365, ...],
]

XHRBEATRIEEZ KR L IE, X BN T k-means R REUXFHE . X Fh 0%
f 47 b 22 A 4510 22 B0 % R B R SE B TE a7 B . 3RATT AT BAAE Bl XA A AT 1D A 7 A L 72
getMedian 1 normalizeColumn FEE|IX— . HTERNILFIFMHEEIE, XL 20T LK
B list RN S 3.

>>> normalizeColumn([8, 6, 4, 2])
[1.5, 0.5, -0.5, -1.5]

W& 7% _init FISEERHRA, —DREGEXHMERR, H—1 Rk BRI R
RIEE . ZTEM SRR IL I EEE . 285185 normalizeColumn i F25% #i3 it
ITA— AL EE, 2 R SIS S bR i # (Modified Standard Score) 77i%. &J&, H
2 R i FE k DN ICRIEAVIIA O AL IR T BRG0S0 BE B A R BC IR
R, A AL R #) 2 assignPointsToCluster 75¥2:

kCluster 75 ¥%i# it ;e 2 F updateCentroids R#AT LRI R KT, FHETHHESNEM
15 SR JE BT assignPointsToCluster 4 5 2B 2% 244, HEIA L 1% SATEFEZ [ D] #
H1k. showMembers 75V ThE R A2 ] B kb R — e 55 5L,

ERAHEZT TARMEE 2 E 2 LT 4R

Final SSE: 5.243159

Class 0

Bullmastiff
Great Dane

Class 1

Boston Terrier
Chihuahua
Yorkshire Terrier
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Class 2

Border Collie
Brittany Spaniel
German Shepherd
Golden Retriever
Portuguese Water Dog
Standard Poodle

M XA NI R B AR B RER IR AR AR R 4 !

ﬁm RiXE
k-means 2% (k=4) BT T cereal HHE 45 R R 2] ?

o HNE F A& EAE— i (Cap’n’Crunch, Cocoa Puffs. Froot Loops. Lucky Charms)?

o ENEHREEIMA—E (100% Bran, All-Bran, All-Bran with Extra Fiber, Bran
Chex) ? '

e Cheerios % 7 2> FIMRLL S Fr B AE —iE2 ?

fEVR % MPG B4 | d A k-means B HE (k=8) ?
XA )RR L R B SR B & 2

Poemp HRE—mE

k-means % (k=4) 1217 T cereal $UHEMIEE R E af?
o ifF R ERIE i (Cap’n’Crunch, Cocoa Puffs. Froot Loops. Lucky Charms) ?
M, FTAIXEEE S BN b Count Chocula. Fruity Pebbles 2% 5| — AN,

o ENFHEB/EIMA—#E (100% Bran, All-Bran, All-Bran with Extra Fiber, Bran
Chex) ?
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o {B%REZM! Raisin Bran fil Fruitful Bran & 3] 7 XM &
Cheerios 2 F & FIMR L5 by S AE— 2 ?

Cheerios Z F A 52 F1 Special K RBAE—#z.

R E- MPG B4 {8 k-means BRHE (k=8) ?
XA RRE R ER SR TV & ?

ZRETEREZEHEE LR — B EER, HEREFELFL T2ER 1
WML MR RZEZN .

KR! B R F 40 i
BAMRRELR, HRIHA
— AR G
Hh R A ) !

BMiEZ, LR EEAET, 6ERRERENLHE HFAEKE k-means Fik
MEERX 42T HE. ZWFRMFE. BRINA R, FRREEE ARSI 2
STMRATAER R 3 MM 2R KR I . RIZA 1000 NEFIERR 10 M, SHBATSTRE
PR A EANME N, XM R TR R BERH N — 2SR E R . SRR A M
RHRsrER 10 H, TRBATAZRXHAME A TRE (Ehingrag 8 41,
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REBG RS Rl

spe0 o1 MR A
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SMEE
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| H2E MBS, MRIE
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F T £ 6 B8 300 W 0 R T A R 4L A Y o

DR, FRESWSRAEHE. RTHEE

EsGHENARAAHRKTOR, FHik

%’Q%mi%ﬁa‘ﬂﬂ, LNIIE=:2 €/ FARCY S
,J_)AO

SHEEm + @7
I o,
2

H—J71H, AREE 10 MENFHEEZERFHE 10 MESKES R ZRELT, BRI
EERHEEUMERBRN T Z K. — BRNR R, FEerz e o s sl — MR
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ERENE, AT DL L L VIO A 1, IR R 8 B A s R PR B At . A 3
TEI

£ 1 BB 0 2 B S

2 B R RO s BB

#13 BBy 0 A B

4 BB AR 0 A B S

#5 BB E e L A OB S

6 FIR) e L 2 O BE B

sLT B AR AR O s B ES ;

8 BB 0 A B

FE P 1R B B RO 0 AN AR R L

(W) B A k-means B3 e g
R REAS IS 1 H B2

LR’%E k-means 17 iy S AAE K

MATATBX — R BT

k-means++.

‘///
EEZMNFAT L, HiAEERRE
gﬁ‘ Ek;‘ Eﬁ&) &Eﬁﬁﬁ, iX
J&— A 5 il A k-means B !

k-means++

E—TEATNH T k-means FIERIL % 50 R FEHE K. EWMIAIE BIRAFE, %
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FRRES LI, BERUAR. Hire MR AR ZHNREEZE. BHREIHIE
BRI . k-means [)— > B H GRS —BRENLERE £ DNEEE SR RVIAE 0 R, BENL
HUE W R E . Tk #E B ATBENLYE, A I A4 1) O I AR AN T 5 SO AL B A 1 5%
RER . A FRVIRIEFES RIET N SBAENE R BRAR, HTEFNFEILMYE,
AR YIIHRIER R PO R E, FEEREM. k-means++Fk il & ST 46 0 S B IERE
TS TR . BRIz S, B2 A k-means —H—FF.

k-means++

WEEH UL R

L —JFih, #lEhOrBahs.

2. ARVLRT—FE B AP DL
— Al L.

3.EGH PR, EHELER ARG
‘B‘)ﬁ}] ”‘.o

a. VHAVREAS B A (dp) B R i vl
FMBEED, W2ADdp); |

b. AIE K TD(dp) MIHESR, BfibLik
B AR R R B LU

ANE[HL B A TS
c. HE,

TR “ BUEEE T D(dp) HIMER FENLIE £ — Bl S AE a0 7 XAa)IE &
Mo AL, BEEH—DRBENGT. BRSE LRIBERHE, RIMELEFEM DI O
RIFRIRHERE A — 4. Bk, BT EREERSE 3a B, REGERT 5 Al mffik,
EMNFBARNPOR (o ) HIEEBIT:

dpl 5 7

dp2 9 8
dp3 2 5
dp4 3 1

dp5 3 2

Del $58rh SRR,
De2 R v 2 () PHES
dpl FREdE 1.



| 300 S@mFRMMERLEREES

% 3a WERIEF RIS, TRA:

IAETRA PR X e R R AN 1 /NG (RO .
BEBATNS IR AR M B TR AN, 2B 7 iR AMER 20, TR

dpl 5 ANBL R LA 20 18 50 T 45 5
dp2 8
dp3 2
dpl 0.25
dp4 3
dp2 0.40
dp5 2
dp3 0.10
REXNK LR R R — T H— R dp4 0.15
Feht: dp5 0.0
sum 1.00

® dp1 ® dp2 @ dp3 ® dp4d @ dps

WAVEZEe A LR, BEHEEIRE
TEWR )L, SR )5 IEBEZ AR B (Y sV i i
Ol EERIRAIUR “BAIELT D(dp)f)
R B AL B — N SR L A7 X
AERIE X

TNHEHH Python SRAMIMI T iR #E. ik & HdE & HAUE K H M s &
(list):

data = [("dp1", @.25), ("dp2", 0.4), ("dp3", 0.1),
("dp4", 0.15), ("dp5", 0.1)]
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roulette BRI £ 2 PLIE BT 3R AN B AU IO E 2R IE R Z A

import random
random.seed()
def roulette(datalist):
1=0
soFar = datalist[0][1]
ball = random.random()
while soFar < ball:
1+=1
soFar += datalist([i][1]
return datalist[i] [0]

T R Z R B AR R IR b T AU A 7 SUE £ s, AR ATUNALE 100 ik,
£ 25 IREEFE dpl, 40 WRIEHE dp2, %+ dp3. dp4 1 dp5 HIRE /A& 10, 15110, F
HEERLLTHRERX M.

import collections

results = collections.defaultdict(int)

for i in range(100):

results[roulette(data)] += 1
print results

{'dp5': 11, 'dp4': 15, 'dp3': 10, 'dp2': 38, 'dpl': 26}

RHE RAIORBCEARIE ER L REER
2 B Gy FR A I R) 7!

k-means++ R B HIEABEHE, BRF
AR AT SR BE ML B, (8 A i 50O S e R AR
18 S AH BEAR T A A

i}m Hiem

BEA R Python S£3 k-means++5.75: ?

FIRIEEE, k-means Fll k-means++E AR FIME— X AITE FIEBERIGE O S EAS
[H. B9k RIGH k-means ByEAIAIS & Kl KR FXT E#TE SR . RBAEARYISES
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ORI ATARES anF
self.centroids = [[self.datalil[r] for i in range(1, len(self.data))]
for r in random.sample(range(len(self.datal0])),
self.k)]
TR AT B A
self.selectInitialCentroids()
PREIAE 55 3 A2 SR B3R T 2 !
PRI IS !
[ RS, fEHMT T IFZRRA
— e FT 2B TS A HLR Y I IR N, At
A BE BN BAE T T2 o
AN LG FE(TR .

UIRAEH 09 [ hRisE]
3%, LI

]
ron.zacharski@gmail.com
Rt

SRR R ! )

i}m B — R

X B2 H T RS2 selectInitialCentroids J77%:

def distanceToClosestCentroid(self, point, centroidlList):
result = self.eDistance(point, centroidList[&])
for centroid in centroidList[1:]:
distance = self.eDistance(point, centroid)
if distance < result:
result = distance
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return result

def selectInitialCentroids(self):
"implement the k-means++ method of selecting
the set of initial centroids"""
centroids = []
total = @
# first step is to select a random first centroid
current = random.choice(range(len(self.datal8])))
centroids.append(current)
# loop to select the rest of the centroids, one at a time
for i in range(@, self.k - 1):
# for every point in the data find its distance to
# the closest centroid
weights = [self.distanceToClosestCentroid(x, centroids)
for x in range(len(self.datal0]))]
total = sum(weights)
# instead of raw distances, convert so sum of weight = 1
weights = [x / total for x in weights]

#

# now roll virtual die

num = random. random() SEHE ) k-means++3E KL
total = @

X = =1 Python X f5 B BL M\ A 45 ) ik
# the roulette wheel simulation

while total < num: http://guidetodatamining.com T #.

X += 1
total += weights[x]
centroids.append(x)
self.centroids = [[self.datalil[r] for i in range(1l, len(self.data))]
for r in centroids]

INGS

2RI (discovery). {Hi2, FATA T F M — Lo 86 7 7] RIEHE 7 IXMEA
BAE, BT, WAIATEI AL Bt vl DA A i T R, R EREE Fr .
RS 5555 . AR RE T X ERE R AT 5826, thn Ford F150 J& T 1% %26, Mazda
Miata J& T #1425, i Honda Civic U8 T7REK. HEBE T “ KM LREMHL 1 H
BHES.
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L3HAT Web RN, RAT&EH Josh Gotbaum [ [F FA ST 3000 AEAT 7 VER TG
—MKKMERTIER. B, HRA W, FEVTR B0 0 A KA 1] 8. F) A X L
R £ Google F % & “ carbon WRERB NIRRT 5 4. @idsa#%%Eix s 4,
sequestration” Ff, <753 2800 /5% A1 T 5 AN RIHRR -
iR, FEWRAN RTINS X L 1. AL
HREXRIFLA. 5RRE carbon

2. TETHEKX
sequestration #H %A KI5 R A
fof, JATAAE th £ 513 “ carbon 3. SKBARIL
sequestration in freshwater wetlands™#l 4. FIEFKEE
“carbon sequestration in forests” ] 4% 5t

5. HEIEX |

FAls

FRUTRZJGMATN A RN GIE T 55
PRGBS

——3kE 7% « UL 5 (Stephen Baker) [ The

Numerati
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RATIIRIE S T FIFR

e TRAFHG 3
X, ! it 5] !

I kemeansff 405 AL,

— BRI B R MR g . X TIRE
Bk, BE R AU E] 5 —Fh IR
Wik b, BHRAMRL MG .
fHR, EXEHARLHEAARRE. R
sz Bk, FATTLE SRR LB B R

4 SRR XA T R R
(?éngwﬁﬁéZ;D AR
——

VRN TEABTAE N ERER
i, BIRATDMER B KR, ZEK
KRS LRFHERAEAGELE

o . YR, BT RFN IR
Q Kk, BEIRBEEMMEAA U k-means.

REF, BFRTG R L
BEE LT

LN

HFRIEIEE L (Enron) M%SRHE (Enron Scandal). 7E4
e, ZARRERRIEAR, HEWRA#ED 1000 27T, ER
HId 20000 A C5 o EE R A 7] BTEIRN R 220 123R78) .
HTFARKM ARG TSR, Hh e — kAR EIE R IR R shig RN
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MAERMNKEAE R, ZRAFRIGHF, —S AT k. Aox—34, DAL xR
H Enron: The Smartest Guys in the Room, %2055 7 7] LA LA /7 20U Netflix i1 Amazon Prime

HENXE, RIS MR, REAEAEEN, HEXSEIEZEATERR? 7

—

WS, ZARFE
AREBE, HE
XS BARAEHAT
ERR?

S5 [ I R A 2% i
£%(U.S. Federal Energy
Regulatory Commision)
IRAT TR ARE B 60 )
iAo % B SR AT
FEN I 1A B i
B AR I v R B

@V Y,

A R LR BRI 245 B S ik
ER(HHEHA : http:/en.wikipedia.org/wiki/
Enron_Corpus)PA S 5 —A~ Mk (Hhkh :
http://www.cs.cmu.edu/~/enron/) o
BRI T DL A4
S N B R AR

R — NS S ARE R REAT R . MK B T B R, BRI ey
YER BRI AME B R IX L5 B AR R B T &A%

|

Kay |
Chris 53 0 1 0 2 0 k
sara 37 1 0 i was 0 962

i S ) o —t 0, : . 1201
Steven 0 " O 44444444 2 0 - 0 0

1 P . o 1.201 ;0 B ; .

FEA PR A HEE b, BRI T 90 AR LR(E R .
BB AT, AT ANTZIAAI R &
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SEIRSTHT

BARAZHE A — e BT OURFONBER 0, EBUI TR IR SR 1) (PP Stz
R R, $RIXMEFERE LRIMEZ.

i}mb kA

HE T 0] 22 SR L7 MR Bt SR AT IR IR IR ?

Al LA A5 Chttp://www.guidetodatamining.com) F#EIZEIEE, 7HETH EXAR
1 A A A 4 5 DB B8 B4 5 ) G B o

PLREFiE !

Jomm A

FEAF WAL EHR S, BRI T 90 MK ERE R AT T BpA-RllcE X A
HATRE . R AR KR 7 #YE 2 Ann. Ben il Clara, T AR IR 3 MR fFH2USCE
HRXEAN, WA ERIERERARNIE—NH. BDHBERWT:

my emails 1217 25 19 5 1 6

your emails 172 35 123 1 3 5

T BRAT AN R ATHEL, RSB HANRE R, U855, SHH—
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my emails 2 190 1217 25 119 5 1 6

your emails 190 3 1712 35 123 1 3 5

EE “me” X—%|, RATEMBEET 190 %, EEEAAME KL HIKIBHE. “you”
XA R, HEBERTHHT, FEERABAMELT . FEMA “me” F “you”
XN Z AT, BRIREERS g 46, TIAIAIXBES G, RRIREERIAL N 269! JyiE bR a /l, WAL
THERAN NRIBR BRI E 8 T IX AN AXS RL 51 o 3X 7 Bt B B A SR i iz 24

def distance(self, i, j):
#enron specific distance formula
sumSquares = @
for k in range(l, self.cols):
if (k != i) and (k != j)
sumSquares += (self.datalk] [i] - self.datalk][j])*x2
return math.sqrt(sumSquares)

THESGH TERPHTH:

| Cara. semperger@enron.com +

michelle.cash@enron.com

patrice.mims@enron.com ——————————- +

soblander@carrfut.com ———————— +

pete.davis@enron.com ——————-— +

|

|

|

I
judy.hernandez@enron.com ———+ |
|
mike.carson@enron.com ———————————— + |
+

chris.dorland@enron.com ——————— +
benjamin.rogers@enron.com ——+ |

|—+
larry.campbell@enron.com ———+

FEZHHEE EREHAT T k-means++H % (K k=8), T H 7 A —L4H.:

XU RIR A, K5 PEET &AL 5MH, Chris Germany 1 Leslie Hansen #2732 5
M. Scott Neal 2% 5 & 1|5 #, Marie Heard &22/fi, Mike Carson Z£REXRZ 514
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H., K70 AmAEEA =R, #EIRTE, Tana Jones ;&2 —4% 1%, Louise Kitchen 27EZAT

5. Mike Grigsby 42 KRR HE| 3. David Forster

Presto (m.presto) £t &4 BLEEHAM SR 5 -

BEA 5 HE B E . Kevin

| Class 5

chris.germany@enron.com
scott.neal@enron.com
marie.heard@enron.com
leslie.hansen@enron.com
mike.carson@enron.com

Class 6

sara.shackleton@enron.com
mark.taylor@enron.com
susan.scott@enron.com

tana. jones@enron.com
louise.kitchen@enron.com
mike.grigsby@enron.com
david. forster@enron.com
m.presto@enron.com
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