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Angelica Bill Difference

Blues Traveler 3.5 2 1.5

Broken Bells 2 3.5 1.5
Deadmau5 - 4

Norah Jones 4.5 -

Phoenix 5 2 3

Slightly Stoopid 1.5 3.5 2

The Strokes 25 - -

Vampire Weekend 2 3 1
Manhattan Distance: 9
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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,
by

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

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

'Dan': {
'Blues Traveler': 3.0,
'Broken Bells': 4.0
'Deadmaub': 4.5,
'Phoenix': 3.0,
'Slightly Stoopid': 4.5,
'The Strokes': 4.0,
'Vampire Weekend': 2.0,
bo

'Hailey': {
'Broken Bells': 4.0,
'Deadmaub': 1.0,
'Norah Jones': 4.0,
'The Strokes': 4.0,
'Vampire Weekend': 1.0,
bo

'Jordyn': {
'Broken Bells': 4.5,
'Deadmaub': 4.0,
'Norah Jones': 5.0,
'Phoenix': 5.0,
'Slightly Stoopid': 4.5,
'The Strokes': 4.0,
'Vampire Weekend': 4.0,
bo

4

'Sam': {
'Blues Traveler': 5.0,
'Broken Bells': 2.0,
'Norah Jones': 3.0,

'Phoenix': 5.0,
'Slightly Stoopid': 4.0,
'The Strokes': 5.0,



by

'Veronica': {
'Blues Traveler': 3.0,
'Norah Jones': 5.0,
'Phoenix': 4.0,

'Slightly Stoopid': 2.5,
'The Strokes': 3.0,
bo

o2 y9le S A )y Oygo |y (wge slaeg,S a4 sl SO Oljlitel plys e

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

e (salold sanulxe (sly (yasly o

def manhattan (ratingl, rating?2):
"""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(ratingl[key] - rating2[key])
return distance

:@gfbk&‘L)yo¢ﬁ|@~%ﬁyuf<gbcﬁlgﬁd‘ﬂx

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

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

7.5
>>>
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def computeNearestNeighbor (username, users) :

"""oreates a sorted 1list of users based on their dis
tance to

username"""

distances = []
for user in users:
if user != username:
distance = manhattan (users[user], users[user
name])

distances.append((distance, user))
# sort based on distance —-- closest first

distances.sort ()
return distances

&l opl sl aas SG

>>> computeNearestNeighbor(''Hailey", users)
[(2.0, ''Veronica'), (4.6, 'Chan'),(4.0, 'Sam'), (4.5, 'Dan'), (5.0,
'Angelica'), (5.5, 'Bill'), (7.5, 'Jordyn')]
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def recommend (username, users):
""n"Give 1list of recommendations"'""
# first find nearest neighbor
nearest = computeNearestNeighbor (username, users) [0]
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, neighborRati

ngslartist]))

# using the fn sorted for variety - sort is more eff
icient

return sorted(recommendations, key=lambda artistTupl

e: \

artistTuple[l], reverse=True)

S Jas 5 S0 ausle alys oo Hailey a4 olpiinn wix b G ool 6l Y

>>> recommend('Hailey', users)
[('Phoenix', 4.0), ('Blues Traveler', 3.0), ('Slightly Stoopid', 2.5)]

AP S oo oamlie YU JSo 0 a5 jsbles 0 Lo et gillas axs oS
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>>> recommend('Chan', users)
[('The Strokes', 4.0), ('Vampire Weekend', 1.0)]

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

Ozed Cabls dalyms Casgs 1) Strokes  iewge 09,5 Chan oS (oS oo S8
bl algse Cawgs |y Deadmaub  fewgs 09,5 SaM S 4 uS oo (S

>>> recommend( 'Angelica', users)

[]

oyl il gl 4y slpiion slp G &ly 4o e JI axas Angelica ¢l oo
xS 5l e i Sy

>>> computeNearestNeighbor('Angelica', users)
[(3.5, 'Veronica'), (4.5, 'Chan'), (5.0, 'Hailey'), (8.0, 'Sam'), (9.0,

'Bill'), (9.0, 'Dan'), (9.5, 'Jordyn')]

oS g0 cpl wljliel 44 a5 oKie .ol Veronica Angelica 4 aluwos o 5S35

i) S8 = eeS se
Angelica [Bill Chan  Dan Hailey Jordyn Sam  Veronica
Blues Traveler 3.5 2 5 3 - o 5 3
Broken Bells 2 3.5 1 4 4 4.5 2 -
Deadmau5 - 4 1 4.5 1 4 - -
Norah Jones 4.5 - 3 - 4 5 3 5
Phoenix 5 2 5 3 - 5 5 4
Slightly Stoopid 1.5 35 1 4.5 - 45 4 2.5
The Strokes 25 - - 4 4 4 5 3
Vampire Weekend 2 3 - 2 1 4 - -
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def minkowski (ratingl, rating2, r):
"""Computes the Minkowski distance.
Both ratingl and rating2? are dictionaries of the f
orm
{'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
[key]), r)
commonRatings = True
if commonRatings:
return pow(distance, 1 / r)
else:
return 0 # Indicates no ratings in common
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distance = minkowski (users[user], users[username], 2)

it ot Bl galold JLio 4y oS Canliyl (sliae a3 b &6 (509,59 0 ¥ Sue
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Angelica Bill  [Chan  Dan  Hailey Jordyn Sam  Veronica
Pulues Traveler 3.5 2 5 3 - - 5 3
Broken Bells 2 35 I 4 4 45 2 -
Deadmaus - 4 1 4.5 1 4 - -
Norah Jones 4.5 - 3 - 4 5 3 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 - -
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Blues Norah Phoenix The Weird Al
Traveler Jones Strokes
Clara 475 45 5 495 4
Robert 4 3 5 2 1
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Ann 10 5 32
Ben 15 25 1
Sally 12 6 21
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v Name Time Artist Album Genre P Plays v
v Moonlight Sonata 7:38 Marcus Miller Silver Rain Jazz+Funk 25
v Blast! 5:43 Marcus Miller Marcus Jazz 20
v Art Isn'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
v Stay Around A Little Longer (Feat. B.B. King) 5:00 BUDDY GuY Living Proof Blues 18
v My Companjera 3:22 Gogol Bordello Trans-Continental...  Alternative. 18
v Rebellious Love 3:57 Gogol Bordello Trans-Continental. Alternative... 18
v Immigraniada (We Comin' Rougher) 3:46 Gogol Bordello Trans-Continental...  Alternative... 18
v Love Song 4:19 Sara Bareilles Little Voice Folk 18

a5, YO a5 =l Marcus Miller 31 Moonlight Sonata il ¢ ye (shwge (y it
3 il 08,55 ity Mol 1, Kial ol Lad a5 55 3929 Jloio! ol canlond i
Mol 1 o saddle 350 slocSinl 31 oS gop Lo 45 o)l 5925 s0bj Jlazo! cadly
iTunes ;o arwge (gaskad yodio VO 51 oo Sl gogdle a4y .o il 00,50 5eS
ol 0 08 S lp ools cplply als |y o] gb)le o 1aid o g Gl 3440
5heol; olaas § aies sae Gl T 51 oS Sl ) cl (Sparse) S5 ol
ol 6l Ty o8 Liws slass baosls opl a5 cenl s cnl 4 g (aiess jao b
Gankad i Slads olaws >l jo - attributes — o S5y 5l jskaie) Wil ae
Jooly aies o byl STaal o miy adly o 5 Wl STesl cakis

sl asle id leibalows o bbyao (pl eedles> ol
sleslaiul b1y (documents) oo sliwl pudlysn 45wl e Wil oo ailive 550
CLS Sie cpn s Camgs |y o Gl S Lo S 558 oS delie m b eslalS
oS o o) 4 alie LS G euplys o g Carey Rockwell 31 «las llKaw»
SlolS da Firs il 55 ewiS ool SLalS 1S5 slaws 51 a8 cenl ol ool 51 S
3as,e £ aee OLS o LmQT glji.': Slass o S o) QL,\.S.Q g S LS
GaelS woje AN s «the — b gaals «lad HLliy LS o alels
Gl QlS ) ol @lg oo oo 4SPACEY gaulS wsys ¢ YO g Cans «Tom»
D09 S JSie « Jg oS dle SlelS LSS slaws ol 5l soliinl b laolS s



SlS 5o B saels £PYA olaws a8l o sl w2 >0l daosls o (sparseness)
Lol 352 g0 (ouedSS L5 50 USS saalS ok V5l im0l 0529 «lad LKl
QGBS 53 ho pé (S o8 s Loy bl (cucdSl LS Lo sl S 51 g
(Fld Jlxe ;0 45 (035 o0 JST 0)lg8 0l 3925 (6,500 SUS e L «Lad pLlRayy

Al S e Lo 4 dlly oS Col g
oyt Dyge a4 lre (ol S e ool 1) oo laST il pwginS Call

1 ga 5

x.y

cosCeY) = 1= Il

Dgd 0 damle ) Dygo 4 Sl oslail ol

X oy go3lasl ¢

Iy 55 sesls ps sloul lowial G YU Jlie lea b jLs ol (6l suaay o5l

1,80 A o YL asle
Blues Norah Phoenix The Strokes = Weird Al
Traveler Jones
Clara 475 45 5 4,25 4
Robert 4 3 5 2 1

A ) Do Al g0 el jo



Obwsgiael yy slys s9lSonls M OY

X = (4.75,4.5,5,4.25 4)
y = (4,3,52,1)

l|x|| = /4.75% + 4.52 + 52 4+ 4.252 + 42 = 10.09
||}7|| = \/42 4+ 32,52,22,12 =7416

X.y=(475x4)+(45%3) +(5%5) + (425x2) + (4x 1) =70

139 50 drmle ) D)0 A (owgianS Caalid (ol )0

70
) = = 0935
cos(x.¥) = 70093 x 7.416

G-V B ESTas i calll flgie 4 ) go5l o aS cal (g lake pwgnS Calll
Syl )18 6 xSlas i calll olgie

AS 55 1y oo
5 o |y o, Jas) 0uS aculxe Veronica g Angelica oy |) cwginS calid

(050 S
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 - 1

ol — 455 551, olsolaa |



50y |y oy bas) uuS auslxe Veronica g Angelica v |y cwginnS calul

LCPRSE Y
Blues Broken Deadmau Norah Phoenix Slightly The Vampire
Traveler Bells 5 Jones Stoopid Strokes | Weekend
Angelica |35 2 - 45 5 L5 25 2
Veronica | 3 - - 5 4 25 3 - 1

x =(3.5,2,0,4.5,5,1.5,2.5,2)
y=(3,0,0,54,2.5,3,0)

|lx|| = v/3.52+ 22+ 02+ 4.52+ 52+ 1.52 + 2.52 + 22 = 8.602
llyl| = V32 + 02+ 02 + 52 + 42 + 2.52 + 32 + 02 = 8.078

1398 50 drsloe gy Oy s oo SIS 0 p5

Xy=(35%x3)+(2x0)+(0x0)+(4.5%x5)+(5x4)+(1.5x2.5)+(2.5%x3)+(2
x 0) = 64.25

10980 drlne ) Gjgo 4 pb (owglpnS Calid

~ 6425 oo
cos(xy) = 3502 x8.078

$ oS o3lizl oLt L oS ;|

S5 iz Y sln (J9 05 madly> (owyp SUS cnl psly o] Jlg cal 4 sy
wislse SzsS



Ol giaaliyy sy (s9lSosls W OF

acibazsls (grade-inflation) as o o, 95 eesls 31

L ol po ol lS s a8 g lad a3 o, 07
G o Eild 2% pa5) b golael by Ty i ) og L2 esls ST
el g b 1 (s S e nosll alisee

s 3l e Ty polde s g () A

oaliind e b ol aiils glalcld ol Lns

5l eog S5 Laasls 1

Szl L.

Weases 053 g5 s oS ssliz

o525 (onbes Ly 45 (ime ol 0 il S i) il Lade nosls 51 oy
ooliinl (gl (Jodee sloany 5 (cwaelil 5 ipie slo)lne (il il S0 8 polie
s G Ta (il SO gw) asls Lde bosls I Jg ain, e ).Lu 4
Voo plaS e g wiee Colo (nl )0 58w 0 el 1) (dewge 509,58 (oLl

oS adiletel |y Lo (glo ipmsgo 5l dxkd



00 W Saog slopioen ¥ b

S slbial sile Jake H]

s £ 6200 ST, claSin] &4k Eric 5 Linda

2590 cpl o i galold el Lol <0 Lagd Sl jobb 4 (O LY (go5L )
wbm e3) Q)j.‘a 4 90 U"‘ 6“)3 w».\lS‘ 64.1.«4[.9 05..»(5‘0 Yo x ‘,a =\ ).3‘).3
30,5 oo

d= (0.5)2x 20 = 2.236

il S i Ojgo 4 Aewge (gaxkad G Lasd Eric g Linda a5 el Jb> 5o o0l
(shgo ol as 0,8 Sélind >l o Chris Cagle 5l « oluj 59, az» (gaskad
ooll 3,15 hiwge gankad cpl aS o, Sé Jake ol ol a1, ¥ el el >

129050 dmile ) O)90 4 5 (o] Bl



Ol giaal o sly (59lS0als W OF

d=J3-52=2

Eric b cowl 5Soop Linda a Jake s wols lid cwid Bl 5 (yigine jlars 9 10

) o gls (ool g (yipie) ojlne (ol (590 ;2 5,90 (p )0 45 0 15 o0 4z
50,5 ol

A o 1) S5 a5 S| a5 518 slowsl ool
ol o Yo ilos,S asikitel B BV (so3b 5o |, irwge claad walise ol,3l (oY
JSin oD yg0 l S s a5 o 0 | wiloolws (g3leiel Loy T ay ol 3l aS ) lakad
locoagzge ples o Lo S5y 5l oS 2 IS (al b 9z oS io0 S 1 S slaesls

RECOS RPN

&8 Lz iy Sl (sl and 00,5 (T cagS SO
Oledg> salhled & Cpasd Wiz b als glisl s
S ALl (gl 4 G5 jleel 5 (Brwge Olalad (les)
sails Kelsey 4 Cooper Jake Y= Kelsey 4 Cooper
YO Jake ouS 5,8 )b a4 Al e (saL.o.uuj.o

ewlos )57 aojlitel Lo Colwog (o |y awge (gankad




Slbd lea oyl U YO a5 cales S aojlowl ) Jiwge anks Y# .Cooper
5 0l Cawgd |y op @ and sla Bwge o] ol 00,5 ao;losl Jake aS ool
ool + Y0 oyl Sl salols u,.SJL..Q
Sole p2 g Canle Colwog Bale o2 Kelsey
|, g sk 10+ by dacKia]
VO ol 5l B YO celes ST a5l
i ws obpled «iwge (sdsk
Silosls 5Ll 56 oyl 4 Jake ¢ Cooper
o Jake ¢ Kelsey o galol Sl
el +,Y0

Kelsey 5 Cooper a5 w55 o Lo (F9)0 (>

ALl bl Jake 4 ojlasl G a

O salols )0 4 (6 i S e Yo
@ et Ol oS Jleel 1) muols swa sl
S Sy skl o 4 aS On Lo ()
o bl ccasloslas shemel T 4y ases S

o2 olais

Kelsey <o 4 Cooper olus cpl b
Sl 3 S0y Jake & i Lo

e s

a2 ol (sgsg0 u-" s aml sl
coae) w2 o..ucoL.; Jbe ool &
Gankd o 408 S5 Al ol sl @

(w‘oé‘»\; )l.o.’ldo‘ ‘59-00&}4




Obwsgiaal yy lys s9lSonls W OA

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

hwge Slakad) wilools jLiel byl 4y ol 31 1l (saed 45 (gl wge Slakad 4 &S L
Jake 4 LSS o900 40 Kelsey g Cooper aS oy ool 4 of 90 9 ¥ (0,les
G0 ez oadodls (18 glehe Cluisl b e galold (Jlocpl b aijls calis

=

a9 (o0

d

Cooper Jake

=(4=0)+(5-45)+(5-5)+5-45)=4+05+0+05=5

d =(5-0)+(4—-0)+(4—-0)+(5-45)+(5-5)+(5-4.5)+(5-0)

Kelsey Jake
+(5-0)+(4—-0)+(4-0)

=5+4+4+05+0+5+5+5+4+4=32

&S 6N Jool) S e (ol Jsey8 Hles 51 e e (0,5 ALl oy (ol
a5 Conl alols € LSl S Gamle — o9 4 — oS o oolanal T 5l ol 8l Sy
o] 4 S e Ohgo o8l 4T (Gl wge Slakad 5 alols sawlre glp ol o
oolaiwl cilosls jLanl S yiine & ygo 4 aS hiwge Dlakad slawd e wilosls 5Ll
oo olaas L) Lade Woools 4 slae ;o cwalddl g yipie laalold (oiS o 1,55 0 )Lgo
e 5l el i sl S besls 1 Jy S o e Jlo o sl (oS



sleeg S sale AMY oS solel Amy gl olaolpiin eely> o WS 5,8
ol 4 0,8 1 3 Suoy .Cwwl Vampire Weekend 4 Passion Pit (Phoenix  iwge
,% .Cwwl Vampire Weekend 4 Passion Pit Phoenix 3ile o ol a5 <ol Bob
Cosl Walpter Ostanek  _iwge 09,5 ;0 ((drwge jlo £43) 539,51 sou55ls5 Bob
=5 Wy 09,5 55 (Shemse Gl Sy — Grammy) ol S gabiloe ;> Jlosl a5
(shsge 03,5 a5 BOb ( Slogils Slagas JJo 4y asloads 0ai yy (Sl (a8 - (hewwse
S e gonimaslpiiny el wluly aes 0 O Ll Walpter Ostanek
03jlg o] ;0 Bob ,u, 45) Walpter Ostanek (jiwge og,5 o> Amy oS (S o

syl Ytz ! a5 068 co b ) ks Jie Jg .clls wales cango 1) (ol

S sade g salSenls el gaxlllas sile 45 Billy Bo Olivera gudg Mo b
5 9 eols lals ol wile aS i o gl 4 0,8 (1 F K0P WS jeal | s

o2 ) (Ko 295 - poodles) b Jog e docpl LS 50 als cange 1) Lov oole
plod )5 oojliel YU 5Ll L1y «olailin gl Jogy Slesy (S LS 5 p)ls Cangs

Slo aales slpaiin jaudyp 4 o2 |, OLS o0l NI shxd o slpiing o



OL...”SMU).\ ‘5|).1 Gjlfaé‘é | B

s*g,:-# .&,,

& Bt ,.\».vn

(G €08 oy Sadd Sloie @ 08 S a0 haid Lo a5 040 0 S0 o] 5l Sk
gy plyie 4 bl kil 08 1 o5 SSL gz i b AT 4355y s S
Gl Cpl el BB GLaBLS cpl p g5 oo a5 Slrel, 5l (SO 0gd co Bl g 5o
a L3 et a8 geasa bl aSl i Sy ell & ) plaglesleiiay a5
Gluad oy 5 So035 k ls ) 5l wiles oo B enl sl S G T AL Gl 090 el

S oolaiul (k-nearest neighot)

(K-Nearest Neighbor) 4;lues (s 55055 K

slass 5l (collaborative filtering) (o5 )lie (ol (gl alaes (p 3 SGo5 K (3g) 0
Lolpiny ololid Cqz wadl and Lo Ll 5,00 08 4y aon 3 i a5 w8 k
Wb — ol S des 4 kGl ke o e oS oo oolaiu] cwlis
o &y 5o a0 el ko e onj'l Cawd & lp | e slo oo
S S 5o 1) by ool sadsl ol b 9 e



PA B Sarog glapius ¥ Jad

K o9y 31 B! sl oS oolel ANN (slys sloiion (s SO ebly3 o 0S5,
Ogw) Soo3 alued ¥ o) Jouz )0 oS oo ooliwl k=3 L wlier o 5 SG0 3

1wl 00 03,51 ANN & e (PeArSON (y9iw) Loy O3~y lade 5 (Person

Person Pearson

Sally 0.8

Eric 0.7 =20
0.5

Amanda 0.5 08+ 01 %

oS ol )l Jlgms 05,135 Sl baslgring (a5 walss oo amd ¥ ool 5l alaS e
Ann @ olpin sall 6,80 Slade ax ol Bl pl 5l plaST A ST el dsS>
el azals sg>g (Pie of Influence™) w36 (slopls loges Sy ,51 sl ansls
L1, (Pearson) (ygw,m polie Yl Joaz jo faiil lojlail az wul bbcwnd 5l slas’
AV p e A 2l Sally g (Jguz Gled 0 a8 Y pln oS e pe o2
ply 55 Amanda wgew 5 (AYQ 210 ¥y peed <Y ul EFIC g 09 o0 (/¥

RYWIPPA TN

® Amanda ® Eric Sally



Ol giaal p slys solSoals W £Y

») Syee 4 |, Grey Wardens  d.wgs 09,5 Sally g Eric Amanda oS 53 Yl

Grey Wardens Rating 5w g o ol 3l les Person jeiw) acil ool Lol

Person Grey Wardens Rating
Amanda 4.5

Eric 5

Sally 3.5

2 80 Gle ) Jgszr aibe Gz ob Clua Vb 0 oS (6,50 (oo Sl
sanlice |, plas’ jo 150 ol oo dnfluence ygiw ;0) Wl o Caws as o131 51 las

Person Grey Wardens Rating  [InFluence
Amanda 4.5 25.00%
Eric 5 35.00%
Sally 3.5 40.00%

Projected rating = (4.5 x 0.25) + (5x 0.35) + (3.5x0.4)

= 4.275

WS 5.5 1y obolae
009y 0 bl (Jg oS oolatul YU Jaax slaosls aile oloosls 5l ccpe asS 5,8
Grey og,5 slp olilowl 56 0o 1,3 Y uln 1y k dknn) glues o 55035 K

§o48 o0 o> Wardens




Person Pearson
Sally 0.8

Eric 0.1
Amanda 0.5
Person Grey Wardens Rating
Amanda 4.5

Eric 5

Sally 3.5

a8 5 1y bslas

099y 00 bl (Jg oS eolatul YU Jaaz slaosls wiile oleosls 5lpe aiS 5,8
Grey 05,5 sy Ohilanl 136 020 JI3 Y Lln 1k knn) glees o 53S0 35 Kk
S04 50 ,aa> Wardens




Ol gidal p slys golSosls m £F

Person Pearson
Sally 0.8

Eric 0.1
Amanda 0.5
Person Grey Wardens Rating
Amanda 4.5

Eric 5

Sally 3.5

wljliel , 56 = Sally pgw +  Eric pgw

(35x (0.8 /15)) + (5% (0.1/15))

(3.5 x .5333) + (5 x 0.4667)

= 1.867 + 2.333

=49

05k ol b S4sey (Class) S S

g;)lf oo el jo qeusls ide s, J..as 30 ol G &5, piB a0l
39l Ll ) o8 (oolos J5 oot Vsbo (o a5 oo S S5 0 b 5l
chistio.ir colweg ¢ guidetodatamining.com ol )0 Wilsi oo (pizmen |y AS)

(0S ogbils s



http://guidetodatamining.com/
https://chistio.ir/

POM Farog glapius ¥ Jad

import codecs
from math import sqgrt

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,
"Deadmaub5": 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,
"Deadmaub5": 4.5, "Phoenix": 3.0,
"Slightly Stoopid": 4.5, "The Strokes": 4.0,
"Vampire Weekend": 2.0},

"Hailey": {"Broken Bells": 4.0, "Deadmaub": 1.0,
4

"Norah Jones": 4.0, "The Strokes": .0,
"Vampire Weekend": 1.0},
"Jordyn": {"Broken Bells": 4.5, "Deadmaub5": 4.0,

"Norah Jones": 5.0, "Phoenix": 5.0,
"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": 4.0, "Slightly Stoopid": 2.5
"The Strokes": 3.0}

’

class recommender:

def init (self, data, k=1, metric='pearson', n=5):
"o jnitialize recommender
currently, if data is dictionary the recommender is initialized
to 1it.
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

{
{

}
}
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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 convertProductID2name (self, id):
"""Given product id number return product name"""
if id in self.productid2name:
return self.productid2name[id]
else:
return id

def userRatings(self, id, n):
"""Return n top ratings for user with id"""
print ("Ratings for " + self.userid2name[id])
ratings = self.datal[id]
print (len(ratings))
ratings = list(ratings.items())
ratings = [(self.convertProductID2name (k), V)
for (k, v) in ratings]
# finally sort and return
ratings.sort (key=lambda artistTuple: artistTuple[l],
reverse = True)
ratings = ratings/[:n]
for rating in ratings:

[

print ("%$s\t%i" % (rating[0], rating[l]))

def loadBookDB(self, path='"):
"""]oads the BX book dataset. Path is where the BX files are

located"""

self.data = {}

i=0

#

# First load book ratings into self.data

#

f = codecs.open(path + "BX-Book-Ratings.csv", 'r', 'utf8")

for line in f:
i+=1
#separate line into fields
fields = line.split(';")
user = fields[0].strip('"")
book = fields[1l].strip('"")
rating = int(fields[2].strip() .strip('""))
if user in self.data:
currentRatings = self.data[user]

else:
currentRatings {}
currentRatings[book] = rating
self.dataluser] = currentRatings
f.close()

#
# Now load books into self.productidZname
# Books contains isbn, title, and author among other fields
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#
f = codecs.open (path + "BX-Books.csv", 'r', 'utf8'")
for line in f:
i4+=1
#separate line into fields
fields = line.split(';")
isbn = fields[0].strip('"")
title = fields[1l].strip('"")
author = fields[2].strip().strip('"")
title = title + ' by ' + author
self.productid2name[isbn] = title
.close ()

Now load user info into both self.useridZname and
self.username2id

= codecs.open(path + "BX-Users.csv", 'r', 'utf8')
or line in f:
i4+=1
#print (1ine)
#separate line into fields
fields = line.split(';")
userid = fields[O0].strip('"")
location = fields[1].strip('"")
if len(fields) > 3:
age = fields[2].strip() .strip('"")

Hh Hh S 3% Sk % Hh

else:
age = 'NULL'
if age != 'NULL':
value = location + ' (age: ' + age + ")
else:
value = location
self.userid2name[userid] = value
self.username?2id[location] = userid
f.close()
print (i)

def pearson(self, ratingl, rating2):

sum _xy = 0
sum x = 0
sum y = 0
sum_x2 = 0
sum_y2 = 0
n=20

for key in ratingl:

if key in rating2:
n += 1
x = ratingl[key]
y = rating2[key]
sum xy += x * y
sum_x += X
sum_ y += 'y
sum_x2 += pow(x, 2)
sum y2 += pow(y, 2)

if n ==
return 0
# now compute denominator
)

denominator = (sqgrt(sum x2 - pow(sum x, 2) /
* sqrt(sum_y2 - pow(sum_y, 2)

n
/ n))



Ol giaal (sl y (s9lS0cls B FA

if denominator == 0:
return 0
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.data[instance])
distances.append((instance, distance))
# sort based on distance -- closest first
distances.sort (key=lambda artistTuple: artistTuple[l],
reverse=True)
return distances

def recommend (self, user):
""n"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]

#

# 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):
# 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.data[name]
# 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())
recommendations = [ (self.convertProductID2name (k), v)

for (k, v) in recommendations]
# finally sort and return
recommendations.sort (key=lambda artistTuple: artistTuple[l],



reverse = True)

# Return the first n items

return recommendations[:self.n]
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>>> r,loadBookDB(' /Users/raz/Downloads/BX-Dump/")
1700018

Y
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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
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Most Recent Customer Reviews

) -7 excellent translation, excellent
sutra

Very clear translation, minimal old untranslated
Buddbhist 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

Yeyedede . The Long Sutra

Gene Reeves did an excellent 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
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Jupiters Travels: Four Long Way Round One More Day Dreaming of Jupiter
Years Around... Ewan McGregor, Charley Everywhere: Crossing 50... > Ted Simon

» Ted Simon Boorman, ... > Glen Heggstad Paperback
Paperback DVD Paperback WFCOFOK (6)
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¥ This item: One More Day Everywhere: Crossing 50 Borders on the Road to Global Understandmg by Glen
Heggstad Paperback $13.87
Two Wheels Through Terror: Diary of a South American Motorcycle Odyssey by Glen Heggstad Papert
$11.53
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Wake Up Everybody 4:25 John Legend & the... |17
Milestone Moon 3:40 Zee Avi 17

ol o aS Canline (ol 4 JBlas cpl e0,S aBlol iTunes colw a1, Kool e ¢ ol
(Plays OF) iy Slads slaws @y axly Sledbl pimen piils Cangs 1) Sal
onl plos,S neS ad,e OY Zee Avi I Anchor Sial 4y YU S j0 el 9940
S el ooy jebipmed oo &y 10 g) piils Cangs 1) Sodl (pl o aS Cawbine (pa
ol 4 b daid g ol pllisws gabuls o |, Srge gaxdad SO Joe sl y

o Cewgs |y il cpl cye 45 53 Lo ol & Yool eps S o U355

S B39

Sasly 5385 iz o8 o a1 )l o g o ol Lkl 45 S ad S8

Slas ¢ Jlo slp) a2 0o plonil 45 )5 L g 830 )5 S &S G2 (pSen b
Sasl )5 Ky 54D (godima Lt yituy WlgF se iy lads

Sl 5 3aBs Ky phaS

‘e 2okl 5l (L

:match.com cylus 4o ol,8) 3l 5gu

il pis> (ool sauligl et JlgolS Sy (e
ONly> mizmen p)ls e oo JKiz j0 035 pud @
(Sl slagks (T LS o Bgke slaols
Olos?  gladiwge 5 yo goige o Leatin 3]
200 Cawgs o2 1) «(gly (gous;le)




YY m I bl g il ¥ Jead

(gre n8) o 2okl 5l Jle

!P.:.JS‘SA L)*g Jim G 40 a5 @Lﬁ}g

b daslgs 5 13y Ben and Jerry sla s 5 pbly 058 Cund gzl A VY
; s 4 by DVD als

olas oFall b el

S
S FOODA=LION -
~ %?\‘i\ A
/ @' ¢ Good neighbors. Great prices. S o GBI Z
{ 3 ' L0 7S Y SLS -
45’ #1235 STORE PHONE: (540) 891-4260 ;%”%«%%?«S\“ d 9‘ 9 ‘-")LZA
(S POLAINA
S S Thank You! Sales Assaciate, ACH 1 43" 850
S 7 Rieavg
5 %
&R CUSTOMER TD VERTFIED VISUAL APPROVAL : 'P?}: %
b %
g \% 18 3/5.9 N ®
2T DT COKE WP 1.998
Wi WAVE SILK PLAIN MVP 3.398 ¥
. 12PK CN PABST 7291
VF S VS XXXXXXXXXXKX4369 13.16 15
oY T aaiow 2.5% FOOD 1 13 2 oS
S e 5% NON_FOOD TAX .36 2
5 xxxx BALANCE 13.16
REF# 08301
-~ CHANGE .00
Total Items Purchased 3
11/28/12 21:16 1235 21 0148 217
www . food] ion.com m
2 ” =
-

T o p3jleiel Ot

oilel 1, Bl 5 atws Jo5 poye ) gojled JStee
AL o)

203kl 1) MBI B i god a0 4y )l )5 eSSyl
Opibel ol 511 (gouae MBI dols ST 45 (0iS (0 (2)8 S
SO e AdAS ol o e abe Wl S (gl >
S5 SATA a3 USB o <5 el ) o,le Sy ¢ sSlog See
Ready Player 5 Murder City) JorS QLS g0 «poling ainy
ol e gl ol mee» lasl 4 silS sl LS ¢ (One
T AL AT NS WPV RV JRPLF P S e
I, «(Rework) slxl 5L» QLS 5 « S0 o S S il
gl 5l o Jg 0gi 00 YIS o8 VY o2 b aca .ploay 5
o2 Ll a5 cul ol e )9S Iy plas” o Splos,S o203l
e o0 jltel B, o0 &5 ooz 4 e s jsben



Obwsgiaal yy lys s9lSonls W YA

S slas sae Wi s ren 5 1035 60,9855 p)I5 Cawgd s Sl 050 e
ploss 5 pgjlel cules jl1 aiien oo (5,1 a5 b T 5l can ol plasly (ogas
Go)lyda ;0 ES A Cux gy dw lp G Jle il e ool oMU oS
saste slalsp bl & puliagly )3 JSie 053, CAUSN) (D gt 4 age
Wp b SedlS LB Ss glas So U o) RED ollig 3 4 ploxilyw 5 0l oS
Ol e Sb 5o e mhaw )0 s90ly o) Sl ReST (Bye )0 @S (65l > RE

woolaiul b as pils (g, ¥o Ve cwad 5] s slalas e S s slas
SS9y » Sk:a.o..:éo‘)f J..\.a C}'.’.‘ (_,’_15 ‘wﬂiwso.: Lm:):}r...g uL..n BN ul...,.....mjf 9O e
aS i8S p0g3 b opogy Gluac a5 > (o o)lgiis QLO)' 30 Sl s lopox
o] 4 gzl s g aodls S5 g 035 o0 20)kiel | REN 0y s (slalae L oy
RO SR RPE RGOS VS VEI VSO JUCSS PR RPN N N S O ) NSOV
35 om Jie ot slopsl o oS o 55 00,55 moial Iy Lol ey o Ll
Iy OY¥gamme ddlgdy a5 witwd 035 o L s Lo (S jsb 4 poye aiiin

QLS 205l

wiady Al Sledlbl a5 cnl b 5 angSy £90 Conl (Son p350 Y (g0 lad JSia
S 2okl |y Jpame Sy g ail 00 S ade LT S 5 (69,8 050 S 58
b ais% €950 pefitan ©)g0 4 Sonl (S 030 0950 E9)0 Sl (S (a3l ()
oAl Do 4 Oledlbl 0gd o Cely a5 — 00 £9,0 Tggew b s jlotel 8o o
Uncle» ol 4 ol old o b Wgyc0 b 4 Ann L Ben Sk 098 sl
aS Dan Cuwgd Guizmed g 3yl sl Dan a5 Ben cuwgs b oyl .o |, «<Boonmee
AN ol a5 WS e S8 ol O 51 e Ben aigy oo leiew 4y o4l 6L Clara
siogr ous phid ol Bble Ben lalyen saddy g cesl oo Jl> 4 b 4 Ceul ald
T N e I I L CIE L BRSO PN K S I
SV eld ganas; slaculs o old (nl 550 j0 1) 555 (f, Ben &S cus (gole 8

Wiy phog> e

KCELIPPY (C.‘.g.JJ) fli.:.am.g Iy ailosls a5” o lasloal po e ¥ (g0 Ll LW



YA m eI el g il ¥ Jea

54 g b 055 gy 055 oS b ol (2055 5l sy e 0 558
S5 st U5 SKess 3l o i aosltel Sulu ool 5 ) e sl
ol g Sews 3)le pl 4 e lwlho g (LS g o)l (093 S pe — wiS (o
St 00 )5y sl 9 Zenl Zly T Sy el (o 55 2559 S ] o0 o0
Ol e o)l g Sh s 50 4 plle plr w93 g Bolal iz 5l Geizmen
plod (o am 15 9 998 o0 IS S 3)le 13,05 0 ole o paS o0 sSlag S
oaas )l L pl g — w0 o Caws ) pogr 00,5 sslils a5 sla Ao g ol
S5 65 V) ead Ot Ghgise IS — WS 05 IS olSU SsSiles e o
onsbel ol & by Jlisl g s aies 55 o ¥ same Gl (550 2 oS s
S 03 (Canyl) plimay ) plosls &Y game a3 WS a5 (gkinel (m (nl 5 28, plsss
5P e a el B lon (e 45 Ao S5 gt psye (Gl o)

O9bel Cols ;o B oyls Cawgo gl bVo @l gmisls G a5 w5 Ll o |, Mary
o) O L 1) uladdle 5,90 (g f5,,JT ol (i Jlo 00 amo il SYgame A
pod] 5 «Giggling and Laughing: Silly Songs for Kids» pgdl .ol osls 5Ll
w0 liw O 1) hwge pedl wix gl 55 1.1 «Sesame Songs: Sing Yourself Silly»
The Twilight Saha: » 5 «Wolfgang Amadeus Phoenix» slapsJT .cuslosls Lol



uLﬁi’J’MU)—j 6‘)€ 65150.3‘.3 mA

ol @ Ko gemiils G ay Mary (.3l Sllasl (ol wlul 5 «Eclipse Sourdtrack
S5 e oo a5 jebles ol oul Ol il 5G5S u‘?*-c 4 Jen
Jen « 1, «Giggling and Laughing: Silly Songs for Kids» gl 51 Conme
G g Shiletel g ey galine I K0 2 S e JSie ol e Slpaion

(S 839
Tz (o o) (oo O ygo 4y (2O jltel CISLE o (s 4y
(355,58 yg5kel aiibe ol 5l plalegy 5 5590 48 1 lanly)

ol Sl 51 anidS olo G 50 pogs slavy,5 5l (grd VL SIS 0
LS Mo ail o 3 6,500 Azt gl ) Gelizl cnl 51 B 9o (pe oS (5,3 ol
"x‘"'\i)'& Py Sl 1y «Rework) aloxl 5L GLS 5 mages juy lp 1) €olb s 0o»
Jlo a3l ol JShie 4 e Wlgioe £9d9e (nl Lz e (las S cal sl
G, saile § 020,55 Fodie (o5 4 bl sl wis gloly FeasSacli
e b LIS g9, OUS ol en |, (kettlebells) &5, saije diz (po oS oSS 1) (30
oz o8 90 nl olel oy B oy Sl e Glsie 4 €900 S s sla)l,
2,8 058 (S VY o be (L3 S (97 p B pred Sl oz ooty S S
Cawgd 2oz ax pope &5 ABL (nl 6l o lme Wlgioo by P Gable @S 558 S
W1 g (b, $ajy A5 (6ol (oS o3 Wl e pl o Yl wsle
SS9 ol GlaolS dayneSidag S wsibobiwl Sllg> 4 (rizen
O Nlgses ogilel las B gamle wils ABle 0 «SG g0l lo S
sl OLRs Gln aas (s 4 a5 Qla > 5 paoee plil pogs Gl &5 play >

0,18 ey (pl jo b e Jle S, Stephen Baker (Bl .osl BB 65l ¢plosls
S 958 &y (ol i ol SO AT dogly (Sl FoualS S (ol pud yo 0T gl
) 5ok onl &5 (gasd slp hligp S oS cusl (nl SIS 0 s 20,95 o0 550 g8
Sl 4y gl Conl (o punod (gased (pl WS (58 S Cuwyd Cunl 03,5 (gl 5
Sold w0 iz ol &1 L kx5 s (W N3 cuxr (uls) Macy



A B I Gl g il X Ja

ol il (pated Sy b eslie (@Ml (golad aipyeS g 5ak g leld wiile alie
anlioe ok w5 plasl plUs 10 Guw Al
(s 003l (gooljyely W sl b oS
o 1y ileal;oly aS (o )b oy y5T 05 slaan
2 ok slatdy b JSie Wld So o
laaiis doaids ol 2i 09 0rdes ol 9,
[) 095 45 09y axiS Lo 4y ol 095 logy nSKois
Slp il e (ST 8l K — goth) e
S g ) SN0 Cand Sy & (0 e (pad

Mol s 55 sgee b diycaws

Baker 2008.60-61.

I, — Stephen Baker Bl juwa pod Jio slp— o5 SO by p eudlyse S
g wal sl JSawe 5 lagee b sncews Gl il

5l 0ye S oslil Netflix clsT oSy 5l e 5 05 o aiS (28 31 Jlie (sl
Wl Ll ] e idss ol gl s ueSela 5 Jbxiil l)ls a8 (28T slapks
Gosalin gazs,li 4y haid Lo 51 o)l Cowgs |) (goaS-Sile; 5 (6,58 slapls
MalS gais g0 4y ol S LK1 45 0l aenlys axlse (Lligy b caeS ol laglis
S, addle daold 5l wglaie

Ol & 1) € S5 6l ez S S il e wd» QLS S WS a5 ol bk
oS Sl i (o5 ) e S salle ST pogr 003 miges e sl w0
LS a1l (oS iz @Bly ) gy oS e L | QLS I S e & i os
o5 BB a4 oe gt slaw B a5 WS S8 w8l Wl e 63,8 b e )
plos S )l,3 W3 1) LolS cnl a5 plod S gal 3 aSnl Jbls ay b g SLS ot
Sl e &5 WK 0 b i ol a8 cl ol (JYanul o 5 salaie ol 00gu
plosliv 2 g om > 585 paiz lp e laie 4 oS pRals Cavgs jadnl ) laols
Sawd 318w 3 saile 515 60k e Sl il oo 45 w5 o0 A sie

M)ﬁ‘



Obwsgiaal yy slys s9lSonls M AY

RS )9
So b0y Sy k8, searlin l Gl (el slrools Glgie ) slooliul az

§,5 Pompals

(e sosls

g Olxias

dbo S 5SS S 59, 2 05 Sl

i Sy (yuilys plSs 40 0 (50w (Sloj

dxbo S 03k iz gosalie

590 Slris 4 o S (gosld gl |

Cawloays (g3d49 i Colwesg) Hulu colu o |y Slxin ax ased S 4S5

i shpga (SONS iy

sl 03,5 oy 1) b shwge plaS jased S a5yl
Cosl 03,5 j318 (315 95 (y9s Lo Shewga plaS
ol 0313 (1395 1) (651,55 (Armsge S &5 (Slads slass

liG3gs siods laosls 51 soebans sl Jlio Jaiid Loyl 4l

L mre & axgi g pgd Jad 0 oad (Syxe slaphy,ofl &5 apdl aih axg
WS 18 eolainl 8,90 Willes o dosly g e

- ,,“9.3‘ ‘S o
60&.@&0% f""“""“‘“’ g.g.: 6‘)‘0 aS JJ)L) ‘50.‘....49.4 uJ)LT O 9 g.g.’ Lo ss)u.aS uo).S

So lp et o wpalyte a5 L e o)l )l ke SO s Gl ST (558
Y oS anlie ;500 ;85222002 L, Lased cpl galold ctasl oS oolel Lases



AY B I Gl g il ¥ Jead

ol 4 ey calise o3l 4 asl ja o ) Sleidey paiz eeelyy 5T S 28
&l ol T~ oS Sl o e 4ol waled o g sy e Slslb O 50
20 Faem) Gl 4 ol dalys A5 e s plil (servers) s g, ieges
Rolund (e 0aiaoolpiing gl )0 (cwlul S S5 wilg oo «(latency)

3,10 0929 o ol, SO wlbeiiigs a5 adl.ail (neighbor-based)

(server farm) ;g (ae 50 S

(User-based Filtering) ,,i5 » e il

wolden H1E B s ) (5l Sjge @ Il 2 (G b Lo S lrnl 4 B
2505 s B S dlio %00 iplS (oles b1y 5 Sy ale 50! 5l
10,00 0925 g, (pl Ho ol Ui g0 oS ololiss 1) ol 3l

o Slawle (Gl )5 (0l 0bj b opeS a5 jsblen (scalability) (5,53l )
e 8 ol b cwl (Sew (user-based) »,l5 5 e sla s, 0gd o0 0L
Sy sop o 4 ol (6 3 alidie ¢ koo )5 L Sy cariS S



Obwsgiaal yy sl s9lSonls M AY

5 )5 ool dlass oamsslpiing i I 5 L (sparsity) o9 S5 LY
2kl ) SY¥game 5l (08 aoy0 (ke D90 @ )5 2 g )l Jgaze
Slass )15 o Sile job s Sy 0l0 GLS baysadie oyg5kel Colus ¢ Jlie (5l i8S o
oA b o (s aen 4 Wlos ST aoslanl 1) oS cpl 5l 6 ledcnnS
(item-based filtering) o ;5 e sl 5l ol yige (IS 90 (] 0929 bls 4

oS oalaal

(Item-Based Filtering) Ml » Jsws ol

P2 & Al i o (Ygame Slgige oS p)ls LS o ga oSl e 08T (058
Srus Exoe (nl 4 Wlgioe ook oSl razmen SG (Jle gl ST olulin ) aites
ot 5oyl cals Manners #5.J1 & Wolfgang Amadeus Phoenix g1 a5
2kl (oYL 5Ll L 1, Wolfgang Amadeus Phoenix f%ﬂ (s )5 ST bl
95 b ehsy (ol &5 0T dz g o Sty sl 4 |, Manners el oulsi e 0,8
2SS b pls e o9y Ll Gglaie (user-based) I8 o
b mog 503 oln)l8 ol 5o ol & (ol (niand (05 by JUo 4 g ety [l
il 55 s oS e lS ol sl |y sl (oK Sl g ol
Lol s meiS o0 Ty SK0Ss 1) @31 oy e olpiing oloj 51 L3 @Bl 5 e
e S5 1) plearosi b bolgiin pilet B oo )S oo 5 ol p)l5 il b

S5t e 4 E5530 ol 3l JMloa (S5 oo

oo ol o 45 A8l hamuge 03,5 N 5 IS M (shls do Jirmge ol S (553
e Sl oy b 5 S e eS|, hge (sloos S S
e Sloog,T Goaimoilis bapygi 5 005 oS Tl e (b asile ol

O



AD B I bl il ¥ Jead

Users .. Phoenix .. Passion n
pit
1 Tamera Young 5
2 Jasmine Abbey 4
~
3 Arturo Alvarez Lol 2
. 4
u Cecilia De La Cueva "5 5
. r
m-1 Jessica Nguyen S 4 5
m Jordyn Zamora 4

dliio Passion Pit odowse 09,5 L |, PhoENiX (iiwge 05,5 (o Calils olys o
oslial wlosls el g 05,5 53 8 4 oS SulS 5 el pll sl S
P e Gl gy o0 b dzsie & psboles (S5 ol Gledihies) oS 0
) = (hwge ooy S L=ipl o — laggiw G calls (item-based filtering) MGl

S 0 pamede S b



Ol giaal o (sly (s9lS0als B AP

aaladls p S b [(user-based filtering) 2 g o=l
sdusl 50 (Memory pased collaborative filtering) &5 i D32

ls zlea! Syl gales s_;}\..ao).:ﬁé o bas syl bl 4l S5h o
PO FU TS S5 eule

b o)

S5 e Dy & Je 2 e o=l (item-based filtering) »B! 2 (= ol
oS o) bl 4 O Sehiee PV (model-based collaborative filtering)
ol &5 o e Je S b

Shjlze) aled Silwo i e e
ol s iz e 4 ip o8 S 28l 5 25




AY B 301 ol taly ¥

(Adjusted Cosine Similarity) oo Joosd swgiumnS bl
grade ) 4a>,0 p,5 Sy ;0 et l,bl AT jsbiles oS go eolatul il
Iy YL slanl 6,8 a5 casline (pl a3 4z )0 5,65 .mlos S Cuxo 3 (inflation
Lo oye8 ol Ol Gl a2 oo Jeame 4 uyyls JUall of 5l aS s 4 cos
calas Jlade bo 4y 5 ol oS o0 o5 Skl 51 plas™ ya 511 1S oliloel . S5le
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,5 Jon Reidl 3 Joseph Konstan George Karypis Sarwar
o ools Lzl (http://www.grouplens.org/papers/pdf/www10_sarwar.pdf)

YL Jgey8 5o

(Ruj— Ry)
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Lo a1y oad Jloyi el @ly ;o o5 el 00y I sola & (lS (yra) U IS oS
50 pyslier Camd s o L1y g Pl cals s(i, j) o slp Y Jsey® )0 ams e
@kl ] g T Jgame 95 0 a5 )5 52 sl iusS (o0 oS Djgo (ol Jga 8
L@l 5 g0 o oz ol 50 T goudJloy slel 0 1y slel al eslos S
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Users U-SJLW Kacey Imagine  Daft Punk  Lorde Fall Out
wljliiel  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

ol e ol 0 st psinS bt Jlne stnlone gl il 5 515 ol
oS Al 1) 0I5 o ol Sk a5 o]

Users u—li’L-*-a Kacey Imagine  Daft Punk  Lorde Fall Out
wljliel  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

ojlrl S oo drmlne |) bl o Cealil (ploie yi2) (Srge 09,5 iz 2 sln V>
590 YU Jeuz 0 oS £9,5 Imaging Dragons 4 Kacey Musgraves L aeo

e e plontS T L Wlosls Sal ige (slaog S onl (699 58 4 45 JlylS
1398 00 dmlne 1) Ojgo & (Arwge 09,5 98 Gl lp edbhond (pwginS ol

ZuEU(Ru,Musgraves - R_u) (Ru,Dragons - R_u)

s(Musgraves, Dragons) =
—\2 —\2
\/Zueu(Ru,Musgraves - Ru) \/ZuEU(Ru,Dragons - Ru)
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_ (4-2.75)3-2.75)+(4—-32)(4—-3.2)+(5-4.25)(4 —4.25)
J(4=275) +(4=327 +(5-4.251/(3-2.757 +(4-3.2)* +(4—425)’

0.7650 0.7650 _0.7650 0

= = = =0.5260
V2.765+/0.765  (1.6628)(0.8746) 1.4543

Sl +,0YF+ 1, Imagine Dragons 4 Kacey Musgraves o cwolld jlade
25 Jeaz 50 g pled S dile KouSs b s 1y K00 (Bwse sloog S cald (e

plosls yioles
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

QS 55 1y sl
05 drsle YUy Jgozr po 1) polie sy

Jo oy — a8 55 1 ool
05 draslre YU Jgozr po 1) polie sy
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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

el (ol SoeS S Sl S5 ¢ polie )l (saulxs 1y

def computeSimilarity(bandl, band2, userRatings):

averages = {}

for (key, ratings) in userRatings.items() :
averages[key] = (float (sum(ratings.values()))

/ len(ratings.values()))

num = 0 # numerator

deml = 0 # first half of denominator

dem2 = 0

for (user, ratings) in userRatings.items() :
if bandl in ratings and band2 in ratings:

avg = averages|[user]

num += (ratings([bandl] - avg) * (ratings[band
2] - avg)

deml += (ratings[bandl] - avg) **2

dem2 += (ratings[band2] - avg) **2

return num / (sqgrt(deml) * sqrt (dem2))
el 00l 00,91 USErRatings cu,d 55 5

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

"Daft Punk":

Foll Out Boy
Kacey Musgraves -0.9549
Imagine Dragons -0.3378
Daft Punk -0.9570
Lorde -0.6934

S

0.3210
-0.253

0.7841
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Musgraves": 5, "Imagine Dragons": 4,
"Fall Out Boy": 3}}

Daft Punk Imagine

Dragons

1.0000 0.5260
0.0075

s David (gose o jslan a5 05 o

(ol euz Kacey Musgraves
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G000 15 )
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OJL’NM)(‘U)IJUJ
L = ‘6a)L

O paabu_,

K "““:u-"L.al

)O)M)L“,Max o«
\—\-J'

Sl Ll R

2 i el "“"'M—'JL. uN -3k ()

esdl )'JL‘“"NR oo

Shila! e

HISHse 4
NR 2R, -

4 Mi
T e M, - i)
By = Min,

)

@ oads Jloy ol 5l ) bosls a5 Jge 8w (denormalize) sjlu b j,ue Jgo )3
el 1) DHgo 4 0S o o O LASJL’Z.Q)&)(}.@‘LQO)’.

R, = %((NRM +1)X (Max, — Min,))+ Min,



Ol giaal o (sly (s9lS00ls W A7
Sogo ol Jlo s (g0l L Cuwl ool ¥ )L..,.al I, Fall Out Boy « & G asS 5,8

2(R,, — Ming)~ (Max, = Miny) 22-D)-(5-1) -2
(Max, — Min,,) - 6-) 4

=-0.5

NRH N =

2 Soge @ S (denormalize) gile by 1) ools rad pupleze ST YL

R, = %((NRH’N +1)x (Max,, — Min,))+ Min,

=%((—0.5+1)><4)+1=%(2)+1=1+1=2

ol plesgs il o |y g5l Jb i Sldes (Yl

* ol A e e ST L anete e Y
f-\-'-f(@';ls'&:,ig" . e

N e —

"z David aS” oS s e el o
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oS &5l o 1, David Sl a5 ol ol L oyuds|
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Artist R NR L g et (normalization)
Imagine Dragons 3 0]
Daft Punk 5 1
Lorde 4 0.5
Fall Out Boy 1 -1
bl e ile

Fall Out Lorde Daft Punk Imagine
Boy 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

Fall ;Lorde {Daft Punk.imagine Dragons slaes,$ a David
Olasbalone ;o [ Laog 5 sl Lo ug el o0ls 3L Out Boy

ale s

oS o0 ool oudy Jlo s il 51 as" ax
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(Siny X NR, x)

NesimilarTo(i)

p(u.i)= z S
NesimilarTo(i )(I i ‘Nl )

Imagine Dragons  Daft Punk Lorde Fall Qut Boy

e N——

(.5260 x0)+ (1.00x1)+(.321x0.5)+ (=955 x —1)
0.5260+1.000+0.321+0.955

_0+1+0.1605+0.955 2.1105

= =0.753
2.802 2.802

;o) +,YOY L.l Kacey Musgraves og,5 4 David a5 50,5 cooiom bepl 0

S (denormalize) g5le Jbo e 1y soe ol Sl Y a2s o (V B =) (so3b

R, = %((NRH,N +1) X (Max, — Min,))+ Min,

= %((0.7534— Dx4)+1= %(7.012)+1 =3.506+1=4.506

sleel Kacey Musgraves 4y David oS 430,5 cwion YU s g d @ axgi b e
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(Slope One) s s vz ;5!

Syge 4 e (e Gl Sldes el 6l wgrge laph Sl 1 S (S
(Slope One) i ol o3l (iterm-based collaborative filtering) 5 ,Liwe
s 2y sl T Gl (5lonly ol iy 5 (Fols csbg, cnl shol e und
SSHlie Djge @ sliel p e Gl Gl S ced Sl gt Gdllie o S
http://www.daniel- ,s Anna Machlachlan 4 Daniel Lemire L.y «ls, 4
IS @lie ol ol oad aiigs lemire.com/fr/abstracts/SDM2005.html

3yl 1y ouiles i et g ol aey ol o Jle < Ylis
PSY orwge 09,5 4 |, ¥ Lol Amy ouS (6,8 ol Ojge ol 4 ol (ol
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psy Whitney Houston
Amy 3 4
Ben 4 ?

Whitney Houston 4 ;L a> YLl Ben a5 ey o> adleiy a5l gl
oS oo JYiel ) Ojyge 4 lo wales

St mlel oo Y cwslosls PSY 51 s Lol S Whitney Houston 43 Amy
Whitney « «cwslosls PSY 4 a5 gilasl 31 inn jloel SO s Ben aS oS
Whitney 4, Yl wwaslosls ¥ 5Ll PSY 4 Ben ;o> o -olo awls> Houston
ol aales 1) (is ) O jLewl Houston

039 S e w58l caslsl o el S92 g0 Sy ad wi oSl 5l g9 uoir @ls 0
(9 Ol bl Caje aS all ol ol alys muos3 1, (Weighted slop one)
P PRRWVEN =P VPR VESUITCO X GUNPPE-SFCIN-TS JECH [ e I C P UG | ;ou
Silgioe b wisleS wly 5 (phg) Olulp pesSee & plany S sleiel (o @
S 12 alone oy @S enl 5 8 gl S s al> o 90 0 1) S ok o680l
Gl ool dmlne gl 4 (S oloy o b ol Gha o S cglatus <l L)
aS Sl gxe opl g dl> el YU b 50 imag,000 P 51 >y o0 (deviation)
bhug L5 ) cwl ool aojleel PSY I i S5 Whitney Houston gegs
P9d > o ;0 oyl Pl e jo Sl 5l esleoll G Y (ous plxl Amy
el (o a b wle Ben wile )5 eepoe bl 1) (snpter Sliles
a4 kel 4> Ben a5 (i o i eeple> o 9 Cewl oauizs Whitney Houston
Wl 00,5 o3l Ben a5 (gl wge sbrog S plod | oolaiwl b .ows co 09,5 oyl
ploul 1) gamion (o ale Jgl gal> 0 0 a5 Sladdl ol soolsoll b ool jon
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The Broad Brush Picture

plosl (o dosi 53 S Lol Sldone 51 1545 Jof s

(M) Laems] 5l ot S2 s Lal el gadies (0 0

J‘-’-"u"‘ﬁ ‘5‘)4 L»M_.")JQ‘ L;ML’E& poo Connd

(deviation) Jl,oul (gduwlne @ Jgl Cooud
095 So g Wz )5 50 1 cnl lp oS Podezmy (o5 1) (B Jle im0l
oS (o0 WBLSl Jgaz 4 wax (Blaie e lea L) (Bawge

Taylor Swift psy Whitney Houston
Amy 4 3 4
Ben 5 2 ?
Clara ? 35 4
Daisy 5 ? 3

Sl plp ] o8 a4z LT pld o o Blial (oSl 092 Lol 2l (arlone (ol @08

HI — HJ
dev, ;= ).
ues; ;(X) Card(S;,j(X))
(soles olaas ;e‘)e X g sl 09290 S j0 a5 cul slagldl slaws card(S) 1 o a5

o3lail Taylor Swift a4y cos 1) PSY 8l il auas o5l ¢ Jlie (gl ailos ST 205kl
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K9S B as J..;)L) S¢>9 ua.‘?r.m 9o — Sl Y ).:‘).: Card(Si,j(X)) 90 L)"‘ Be) w.,)..i.’
e u] - Uy; L—’)LA; ...\J‘ob; Gcw)L....d ‘) (PSY 9 Taylor SWlft) GQMBA Lngos; U"‘
PSY ly )8 kel sleo Taylor Swift gl I8 shael b cesl ol S & 90

199850 dmle joboinl (IS D90 4 Bl 2l

_@-3 .6-2

devswiﬁ psy ) 2

2 2

Taylor ;I Gl =il Y= .&lesls PSY ay e Taylor Swift a4 yas sletel Yool 0,18
fwwl jad> PSY b Swift

_(3—4)+(2—5)= 1 3

dev;}sy Swift 7 7 - 5 + _5 =-2
QS 55 1y ool
1S JooSS g dolone o Joaz o |y polie sandy
Taylor Swift PSY Whitney Houston }
Taylor Swift 0 2
PSY -2 0
Whitney Houston 0

Jo oy — 0w 55 1, bl
1038 JooSS g dpnlone o5 Jgar o0 Iy polie sauky
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Taylor Swift PSY Whitney Houston

|
Taylor Swift 0 2
PSY -2 0
Whitney Houston 0

:Whitney Houston 4, 4> L Taylor Swift

4-4) (5-3) 0 2
dev-ﬂ*r‘!ﬁ houston — ( ) + ( ) =—+—=1
| 2 2 2 2
:‘Whitney Houston « a>g5 L PSY
3-4) (35-4) -1 -5
devmr houston — ( ) + ( ) =—+4—==-75
o 2 2 2 2
Taylor Swift PSY Whitney
Houston
Taylor Swift 0 2 1
PSY -2 0 _0-15
Whitney -1 0.75 0
Houston

B3 b3 I
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Voo jupo )l Voo o000 oty sl 1) 02,0500 0,bgd (Gl LT S oLl
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oyt 45 o)l 1, PSY &y azrgs 1, Taylor SWift oy Gl youl cpe 0uiS 5,0 e Jlho (sl
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@ 1, Blysil Yl omd oo ) )L:.‘Z.A| PSY 4 4 a’ kel Taylor Swift 4y g &l co asax

S (o0 Sl yiard p) ©j9e
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(Weighted Slope One) jlos59 < e o 5981 5l oolittnl b (gissbay ¥ (4l 0
Ol elei oo aisSa Lol Lo lo JLas ! o il ol 51 (55 (sacgemme G Lo V> (>
s o255 31 Lo i oS jsblan FanS eolitl b i iy bl (gl degorne
Stomlons Jgo 8 0uiS oo ooliiwl PY5T -lea L (Weighted Slope One) jlscy5 <o

il 25 Ohg0 4w ysSl
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Ol giaal p sl golSosls W Vo7

2 805 S cad e g & Sl me al 4 PYST(W)) (Jse i cnl 5o
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& Ben o5 cul il b e e 4 PPN (BeMwnitney Houston
ls aale> Whitney Houston

Whitney 4 (gjlel 4z Ben ipas gl Jlgw et 4 olySoe oS 29
faols wale> Houston

oS S0y Jgey8 y0 |y puS Oy dupdy ol

ies(w)—{j}

@ Ben o5 (e ploa L) (ewge slaog S 51 plaS 5o sl iusSoe Lo @
(&b Jgo 58 5 {i} = Le a5 Whitney Houston ;> a)) caslosls ;L b,

ST hnsge slaos,S 31 S o sl oS Cenlinn ol 4 Jsesd 53 oS Spge IS
Whitney ;I (8l 2l JL._.a 4 | (Whitney Houston ;> 4) cuulesls jLisl oyl 45 Ben
i (g 09,5 4 Ben ;L:_';.ol LIy ol saomid 5 pid Bawge 09,5 ] b Houston
S 4 a5 ol 3l slaws — cardinality) go sellos, 5 o 1, O s oS 0 po>
S oo o (Klesls 5Lasl (i g Whiney Houston)  iwse 09,5 g0

i he Ao e 4 al> e Jle b saay ol

el L8 5l aST 1) bl il of par 4 Ben &ljlial ¢ sl

Taylor Swift pPsy Whitney Houston
Ben 5 2 ?
Taylor Swift PSY Whitney Houston
Taylor Swift 0 2 1
PSY -2 0 -0.715

Whitney Houston -1 0.1s 0
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Sl Uy s pl = cslosls & Ll Taylor Swift « Ben .

ol pl — cwsl =Y ply Taylor Swift 4 a>45 L Whitney Houston ;1 Gl =l Y
S dev]"i

O?’“"LSA ¥ ).»‘).’ dev]"i + u; o= Y

3529 (Daisy 5 Amy) IS g0 muols lis a5 glo S ol L8 axin vz 4 F
Cji o 205 00,5 ao3kiul |, Whitney Houston o gTaylor Swift e a5 axisls
Dgbe ¥ oply

(dev]"i + ui) C]"l' =4 x2=8 o A

Cewlosls ¥ 5Ll PSY 4, Ben 7

Cewl YO 5l PSY & s Whitney Houston 5l (él il .Y

-)9.“:‘5& Y.YO ﬁ‘ﬁ devj,,- + u; o A

i Nles )57 o3lkl 1, PSY 3 Whitney Houston (sgo ,» a5 aitis )15 40 4

(dev]"i + ui)C]"i =2.75 x2=5.5

Sz (5l Y

ooy S 5l plas ya (ol S conl cpl T (me &5 pragd oo S 5 gSTy L))
g sloog S 1 lp ], cdlos )l s (awlosls sLanl oyl 4y Ben a7 dwge
o® b |, Whitney Houston g wge 05,5 o] & diz w) eoy9l o0 Cowd 4
Taylow Jlss)l5 g el ools jLisl Taylor Swift oy Ben y (ailes,S" 2oLl
Taylor (5o ,» 4 a5 (gl 3l slaws ) <l ¥ .l Whitney Houston o Swift
slloo) 5 g Zuslosls 5Ll PSY oy Ben (alosls jLiel Whitney Houston g Swift
Dgi oo T oply juS gi5e ey Sl ¥l o0 PSY

ol 4 aes o Whitney Houston 4 (g;Losl 4> Ben Syl (S olple Y

\)5—;«.’6& ML’?LA g.:)}»o
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Cawl youls o5 Cogs Yl

wgdd SVsb (LS aSepl glp eps anng 1Y Jad j0 oul allyl (NS ealys e
el ol a4 laid — S o LSS ol 1) recommender oS 4 bgie slaaS
<olw ¢ guidtodatamining.com colu 511 oS audly o a5 ail Lol ¢) w25 o0

oF @l ond oalel slaosls canyd a5 w9l e ol & Loi> (05 sbils chistio.ir
109 Q)&o u;‘ L suo){s

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}}
(deviations) laél il gduml=o ¢ sl

sl 1y lacdl ol (saalns Jya 3 Ll o g


http://guidtodatamining.com/
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u.—1u,
dev. . = - d
Vi z card(S, (X))

ues; ;(X)

YL ,o 4 users2 cw,d 4 &L computeDeviations b 4 (59955 sosls

YW YN N | VRN VY PR W] PP WX K] D

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

Sl ses o as Sl S slass « gw) aies (LWl,3) 1SS sl sl Sl slael
Sl (hrwge 09,5 Cud> 58 (sln G (Wlod)ST (pilial 1) (rwge (slooy S
oS 033 |, (el 3 1S5 sl g Gl

el 25 05 4l ez bo @5 sl 9T 905

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

sloosls o m Sinlasl K e o jsbolen Wy el L oS30
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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

o2 sl Al o 4l 5o 1) 5L 0 90 U oo b ool Y

:\ 64l>).o

def computeDeviations (self) :
# for each person in the data:
# get their ratings
for ratings in self.data.values():

e ()ls &yl 50 hash tables — jlopes o Jolax 4y aS) ol slag pisoo
el el o 6,aSss S self.data YL oS o acies (key/value) laie/a S
dd Sz b ool S oozl (self.data) o iSos 5l polie wvalues &b

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}}

:|'°'~’~)L> dJ.L> 290 w.]s‘ )d o=

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

:Y ‘541>).o

def computeDeviations (self) :
# for each person in the data:
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# 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, {})

I, self.deviations 4 self.frequencies . recommender S 3l init &G o

ﬁuyigkag‘sijgo4;Up;§644g9|gmq)xu

def init (self, data, k=1, metric='pearson',6 n=5):
#
# The following two variables are used for Slope One
#
self.frequencies = {}
self.deviations = {}

e Sy g alS Sy oS e olegST Y gl las aSis s setdefault wbs

[ oSl 090 09290 (6,50 ;0 aldS ST:0iS o Jos Sygo ol @ &b ol adl
)é J"SLSQ 4.:.]5‘ ‘560)‘..\.0.@ ‘ML:O‘O c:l; u.:‘ L f°9'> uLc;)T u‘g.& LY 45 6‘4"']5‘ )‘o.\.o.a lJ
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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, {})
# for each item2 & rating2 in that set of ratin
gs:
for (item2, rating2) in ratings.items{() :
if item != item2:
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# add the difference between the rating

s
# to our computation
self.frequencies[item] .setdefault (item2

,» 0)
self.deviations[item] .setdefault (item2,

0.0)

self.frequencies[item] [item2] += 1
self.deviations[item] [item2] += rating
- rating2

S o gz self.deviations L 1, o] g oS oo dewle |y jlitel g0 M YL oS
Wl A5 @ ALl S ools o ,bgs

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

item = “Tayor ,lp L ki 5,50 rv._.l Jade a5 iws >y gdils o aT B
Lo £9 W""T oS Al gdal> o gl (rating=4) ¥ ol Lyl 5,50 Lol o Swift”
rating2 =) Y L ,l, (rating2) pgo 3Ll g (item2 = “PSY” _xy) PSY ,l, (item2)
self.deviation[“Teylor Swift”][“PSY”] 4 I, } sae YL oS La> u.»)p-‘ el 3

A5 e a8l

¥ gal> e
2 pslen U ey (iterate) g0 au> self.deviations gg, » U ol 5L cploel
oSG (S ,8) Loy T 1SS slaws s oS | a8l il 5l plas

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, {})
# for each item2 & rating? in that set of ra
tings:
for (item2, rating2) in ratings.items{():
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if item != item2:

# add the difference between the rat
ings

# to our computation

self.frequencies[item] .setdefault (it
em2, 0)

self.deviations[item].setdefault (ite
m2, 0.0)

self.frequencies[item] [item2] += 1
self.deviations[item] [item2] += rati
ng - rating2
for (item, ratings) in self.deviations.items():
for item2 in ratings:
ratings[item2] /= self.frequencies[item] [ite
m2 ]

00,5 slwosly (ecwls L) oS L VA jo 1) 55 Jae,8 Lo @dls jo lals ples

u.—1u.
dev, . = S
! ueg(m Card(S;,j(X))

(oS o0 1yl plos S oolaiwl Jle ol sl oS oeesls L) ml (pl a8 oKn

users?2 = {"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}}

g Jol> g saml

>>> r = recommender(users2)

>>> r.computeDeviations()

>>> r.deviations

{'PSY': {'Taylor Swift': -2.0, 'Whitney Houston': -8.75}, 'Taylor
Swift': {'PSY': 2.8, 'Whitney Houston': 1.0}, 'Whitney Houston':
{'PSY': 0.75, 'Taylor Swift': -1.0}}
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Taylor Swift PSY Whitney Houston
Taylor Swift 0 2 1
PSY -2 0 -0.75
Whitney Houston -1 0.15 0

as’ (serpentine.com/blog) s> s 9 Bryan O’Sullivan ;1 oS5 o ,Sis S
3 e ogr eals 43 sl 13 Sy ced o2y sl 1y ol slesoly
Calosgy lisl s, I8 bl (oS byl
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def slopeOneRecommendations (self, userRatings) :
recommendations = {}
frequencies = {}
# for every item and rating in the user's recommenda
tions
for (userItem, userRating) in userRatings.items /() :
# for every item in our dataset that the user di
dn't rate
for (diffItem, diffRatings) in self.deviations.i
tems () :
if diffItem not in userRatings and userItem
in self.deviations[diffItem]:
freq = self.frequencies[diffItem] [userIt
em]
recommendations.setdefault (diffItem, 0.0
)
frequencies.setdefault (diffItem, O0)
# add to the running sum representing th
e numerator
# of the formula
recommendations[diffItem] += (diffRating
s[userItem] + userRating) * freqg
# keep a running sum of the frequency of
diffitem
frequencies[diffItem] += freq
recommendations = [ (self.convertProductID2name (k),
v / frequencies|[k])
for (k, v) in recommendations.items () ]
# finally sort and return
recommendations.sort (key=lambda artistTuple: artistT
uple[l], reverse = True)
return recommendations

Bl )50 Sy 02 505l (51 ool el Sy 0
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>>> r = recommender(users2)

>>> r.computeDeviations()

>>> ¢ = users2['Ben']

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

Srond ey 23300 BLbil (208 drlone (s Dj90 4 &S G ol Jol> 2L
5,0 b pll b VA 0 (ol ,68) cpl o (recommendation) sacsssly i

gt Jlo (2l b o0yS (s3lwooly 1) o ot w80l gl o b Y Lags
DS o 1 03,728 b loaS aili e gl ol 5l eolial b oS

Movielens osls (gacgozme

S el K0 (gools (gasgazme S (g9) 2 ) So el i esl any ol
oKuils o Grouplens Slagsw o9, lawss a5 Moviewlens sools (sacgoxs
Gacgazmo pl ] M slpld 4 Gl 5 ol Jold ol & y3lae gusdio
paas Ly ywd ,o alize plu dw ;0 35lils Cp> www.grouplens.org colw ;o ools
ooLé.‘;.;l ol Gaegeme (0 i8S2sS 5l e wole Giule)l S (slp el oad ools 18
S el (3 VPAY 550 ;0 ) AFY IO B Y () sl Jlie do Julds a5 iS5 o0
(recommender) Solpiin (WIS 4 1) bosls wuilyi so o] (saliwg 4 45 (i b
S (B
oS ol 2l Jl
oS 0 5,155,L «gly ,o (recommender object) Saog b 4 | Wesls « Jsl
>>> r = recommender(0)

>>> r.loadMovieLens('/Users/raz/Downloads/ml-100k/")
102625
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>>> r.showUserTopItems('1l', 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

lewlools & jlitel (ol O ol gaod 40 ) (o Lol )l

>>> r.computeDeviations()

r‘,.’)[.w)\ 60)LA4::).3)[S 6‘).3 ol.QJ-M Ls).wu_iaML\.: ‘).5—‘)&9

>>> 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),

YO (_go)Lo..i)).g)lS(_g‘).} QM ‘_g)...ug.i.lg

>>> 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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Country 1
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Rock 3
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Soul 4
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melancholy 1
joyFul 2
passion 3
angry 4
unknown 5

genre
Country 1
Jazz 2
Rock 3
Soul 4
Rap 5
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(Sl @ puilyi oo JSio )] J= Slp 35,5 18 o e sojb ST o da ] )JQLM
(g Somw sl (o= oS Lo 2l (S 0 4|, «(genre) I (S

Song | breathe in, breathe out

Country M— |
Jazz " |
Soul M | p—
Rap M |
Rock PR |

= sl =S5 «(country) (g ,LS»

A1 I s g «(azz)
DLL O LY e g oo e il ol pled
S 45 ety sl o e Jlke sl —
S ELSY 15 50 juda (Awge (saxkd
sliso au ) — 5,5 - 1,8 «(country)
sl ewge gaskid ol aS Eeul oyl



Obwsgiaal yy slys s9lSonlo m VY-

swgo gashd ulaS coul pl sliae 40 5,5 o5 1,8 «(country) 55> il
oY M w5 o ol ine S plie ol Vol «(country) (gl il S
& Ls» )_J) Jaie a5 0 (gaadad a A b Bwge (gaalad S pplgy S
«(country) s, 5LS» jloie a5 glaaad (oS loy ol 00 O ] (51,5 «(country)
AL faie a5 col glasdd 5l 5 S5 Lingeb sl ¥ ol T sl o090

2ol Vol ol e oe «(country)
1, 095 Lo S olen L Loy sacgomme dysasl a5 cul b9, los lids ol
O el pad Lasdh) wies 0 B Y so3b o 1aSTosmil o cilies sl o3 205bu oo
e S1» «(Blues Rock) 5oL STy sla bwse glsil sl olopys Jold a5 o ls
GOudiwd 0ed oo b Bwse g4 lw j0 «(Pop Rock) ST, CL» ¢ «(Folk Rock)
So S LS slacas p «(@ccordion) (yg5s LS sile olo il sablwy 4 oo
Use of ) ca xS olas slayl5 )l 5l eolazub o «(Dirty Electric Guitar Riffs) caxs
2 aS (Lo S59) Lagys cpl 5l eolaiwl b 0gd oo 4zl «(Dirty Sounding Organs
5o ahad G Rawge (gankad o ) el 00,5 baws Feo soslwil b (vector) ls 5
o=l oslan 1y 092 Olalpiiny ailes o ol ygail Yo (Cl gons oo slad S
Jaws; ool axsluw QS’B'w‘) Oli&am)‘ S5 59 GMyo S5 u..?u A o J.a[.w Lbdl.e‘.,.m..u

il ¢330 S Cusro La;QT

oolw Jle S

ot e Lil s Ghg,y el LB oS adg sl (go0ls dcgemme G auay o5l
! (L5 D inlydl L) azies B B ) o3l o plS 1 a5 s (Fing i caiS
:M&Ujs&m&}‘\fﬁ)bgjp

vyl ol o 50 519} Sae il ouid ool 4l vyl 5 S1=(g5ly) piano .\

555 oo )l S nl o 0 sac o5 eads eoliiul gily 5l Hge &ygo a5 LS
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as Sl il j0 ;516 ) sae wes S5z Kol o 5= (> J&g) vocals .Y
SpSse Bl Sy ol 4 0 sas g ool eoliul s 5l e &j50

g Laplis jada> a S0l 5 dian (Somad 5l oS 55 = (Kyglyo 44 ,5) driving beat .Y
WS (oo Solaa |y (Arwge sladpd ol

(el »5U) blues Infulence .f

(S S Sl LLS) dirty elec. guitar .0

(Obeiy s JI5'9) backup vocals .7

(¢, ySb) rapinf. ¥

Slakd) @S (205ltel 1) (hrmge gaxkad V- oalgs o o Fhg cnl 5l eslitul b V>
(i gt o o Sy g il 8yl o diwge

Piano Vocals  Driving Blues Dirty Backup Rap
beat infl. elec. vocals infl.
Guitar
Dr. Dog/ Fate 2.5 4 3.5 3 5 4 1
Phoenix/ 2 5 5 3 2 1 1
Lisztomania
Heartless 1 5 4 2 4 1 1
Bastards /
Out at Sea
Todd Snider/ 4 5 4 4 1 5 1
Don't Tempt Me
The Black Keys/ 1 4 5 3.5 5 1 1
Magic Potion
Glee Cast/ 1 5 3.5 3 4 5 1
Jessie's Girl
Black Eyed Peas/ 2 5 5 1 2 2 4
Rock that Body
La Roux/ 5 5 4 2 1 1 1
Bulletproof
Mike Posner/ 2.5 4 4 1 1 1 1
Cooler than me
Lady Gaga/ 1 5 3 2 1 2 1
Alejandro

3 pelg o i Slael 5l slacgoone J.AL.» (showgo Oladad il plas” a2 as &L?-QT 3
JUie 6l oS oolainl Bwge Olaad 1l s alold sauls sl slalols &by
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a—=khi g Dr. Dog’s Fate ga_sld -, (Manhatan distance) - gio gal ol
1394 o0 domlxe ) )90 4 Phoenix’s Lisztomania

‘ Dr. Dog/ Fate 2.5 4 3.5 3 5 4 1 ‘
Phoenix/ 2 5 5 3 2 1 1
Lisztomania

‘ Distance 0.5 1 1.5 o 3 3 o ‘

) Gite salols pl o 59 o 40 balold aex Ja Distance — 31 v sox
Bgbioe (A plp ol

AsS 5 |y bslas

L Glee ,ilJessie’s Girl Sial as ¢ fuwge Slakad pluS A pogds 05 oo (o oyl
9935 JeoSS | 23 Jguzr auilgi se LT oitun 5035 (owilil salold 4 4z
ol 505 «Sap] cpl 4 S plaS oS
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Il Jessie’s Girl Sl 15 aloli

Glee’s
Dr. Dog/ Fate ??
Phoenix/ Lisztomania 48292
Heartless Bastards / 4153
Out at Sea
Todd Snider/ Don't Tempt Me 4381
The Black Keys/ Magic Potion 4528
Glee Cast/ Jessie's Girl 0
Black Eyed Peas/ Rock that Body 5.408
La Roux/ BulletprooF 6.500
Mike Posner/ Cooler than me 5.701
Lady Gaga/ Alejandro PP
d>ely — oS 55 | obslae
7 Jessie’s Girl (£:a1 b alls
Glee's
Dr. Dog/ Fate 2291
Lady Gaga/ Alejandro 43817

sl a5y g X &b g0 oy (Euclidean distance) w8l (galold a5 oy jol oL 4

b oo dewlne 435 90 4 09y (Axi N) SN
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ey =[x -y,

199 oo dnwls 415 O o0 45 Lady Gaga g Glee yu w8l sdlold

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-y}ﬁ 0 0 0.25 1 9 9 0 1925 | 4.387

Ol S &l as g
a3 Jad yo (social filtering) elox! ol slp o slaosls a5 oy jebo o«

D92 325 Ceayd

users = {"Angelica": {"Blues Traveler": 3.5, "Broken Bells": 2.9,
"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}}

e iuled S8 led 4y wilgs oo 5 1, a8 slaosls
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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, "gquitar": 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,
"pbackup 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,

Black Keys Magic Potion (gashd a 0555 0 a5 gl S (o a5 0SS (5,8 Yl>
ite salolh Wl lagi 1) ol gaolnon 0,5 S005 il oo (o ol AtoaBdle
(S Al plaiig sl L a5 (Manhattan)

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

[(4.5, 'Heartless Bastards/Out at Sea'), (5.5, 'Phoenix/Lisztomania'),
(6.5, 'Dr Dog/Fate'), (8.8, "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")]

I, Heartless Bastard’s Out at Sea (ga sk gl a4y wilss o ¢ b9, oy 3l oolatuwl b 4

Cand o (295 Slpidon Hlai 4 a5 pao slpiins

= |



Ol giaal p sly (s9lS0als W AYF

Cuwsl 59294 chistio.ir cylwesg ¢ guidtodatamining.com

«Hyz» Jlgw 4 fwly

=4S 02 oo eyl bl p wrs oo dlpiing Lo 4y 1) (3 o jguily a5 oK

Black Keys (gashd a5 o 5bo ob a1, ylatwgs o] oo 1,15 ol ouilys oo o Lo
I, Heartless Bastards Out at Sea ga =k ol 4 Lo .cuisls cewgs |, Magic Potion
ORYVRA R g0t { N PR RN I Lo Sy plaS a5 canls (pl Jlgw Jlo puols olpring
S Ao ;000 L) Ol ym S (rwge sankid 52 1) (S o 99 wnle

o5 STkt ot 5 aitd ipmoge Slabh S bles ba )
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Piano Vocals Driving Blues Dirtyelec. Backup Rap
beat infl. Guitar vocals  infl.
Black Keys 1 5 4 2 4 1 1
Magic Potion
Heartless Bastards 1 4 5 3.5 5 1 1
Qut at Sea
difference 0 1 1 1.5 1 0 0 |

Lo LSy 3925 (PIaN0) gily g S i (Arwge saskad 93 (nl (o &5 26 S
L o salold logy] (saen 45— o (rap inf.) o, ;50U 5 (backup vocals) ol
Sladad oS’ o 0 o Shg cnl e Jcnl b disg i Jlop 99 58 50 (g caiidls o
Pl 099 (Arwge aabd 93 po (my aidls 3 093 Sl (%S 50 ((Hrmge
A8 s Al ot Yeaiol Gy 5392 5 56 (9 5 iy slo S5 y3a> 9
ba LSy sl Jds a0 1) (hamaga (saabd (ol Lok 45 08 o S8 L 1055 Slie
99 ol sbe Sl 69, 1) ploedgs 75 503 ((o9e 50 KaLals Cangd bty
Lajlsp ;0 05290 slacl a5 glal> (dim — @S o0 F5, 3 slael 10 (pwge (sankd

Dol 0 4 Sy

Heartless Bastards  sashsd Lo puiS o0 )53 Jle 5l
9 odig—dicalan slad, o S-,:.:.l.: {.LL& 4 |, Out at Sea
LIl Cungd adS S Sl LS g Lo ISy

2 > Al g i S (_gl._.@‘_s_?).’ﬁ hlo Lo (gosls gacgammo a5 opl bl>
oy 05 Al 4y sasSacliin ¢ Il LS bolpiny (gady (s ol
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>>> computeNearestNeighbor("Phoenix/Lisztomania", music)

[(5, 'Heartless Bastards/Out at Sea'), (5.5, 'Mike Posner'), (5.5, 'The
Black Keys/Magic Potion'), (6, 'Black Eyed Peas/Rock That Body'), (6,
'La Roux/Bulletproof'), (6, 'Lady Gaga/Alejandro'), (8.5, "Glee Cast/
Jessie's Girl"), (9.0, 'Dr Dog/Fate'), (9, "Todd Snider/Don't Tempt
Me")]

>>> computeNearestNeighbor("Lady Gaga/Alejandro", music)

[(5, 'Heartless Bastards/Out at Sea'), (5.5, 'Mike Posner'), (6, 'La
Roux/Bulletproof'), (6, 'Phoenix/Lisztomania'), (7.5, "Glee Cast/
Jessie's Girl"), (8, 'Black Eyed Peas/Rock That Body'), (9, "Todd
Snider/Don't Tempt Me"), (9.5, 'The Black Keys/Magic Potion'), (10.0,
'Dr Dog/Fate')]

L 297 Slpaion Hhai 4y Lady Gaga slaioy e

Sglase sld pwbie jo i

slass L ol oS Lol wlrosls sacgams 4 500 L;).,g SO pply> oS )8
0,0 dy Sig i a0l S e adlal | (bpm | beats per minute) aads o 4,5
30 = ISl 4 e gleools s I LY poo e i ] 5 Sl Lgl.m&mTli
(o S5g 55 ol g 5 alin (irwge Slalad 5ol b jlaws ¢ L8 asile) wif e
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Piano  Vocals Driving Blues  Dirty 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
Heartless 1 5 4 2 4 1 1 130
Bastards /
QOut at Sea
The Black 1 4 5 3.5 5 1 1 88
Keys/
Magic Potion
Glee Cast/ 1 5 3.5 3 4 5 1 120
Jessie's Girl
Bad Plus/ 5 1 2 1 1 1 1 90
Smells like
Teen Spirit

4=kad Black Keys’ Magic Potion a4 a;luwen o ,5SS03 bpm 5l eolawl yay
Bad Plus’s Smells Like .1 4y aslad 5,590 g Heartless Bastards’ Out to Sea
Oled 5l ooliiwl b ¢piS oo 4Ll ], bpm (F59 Lo a5 alin Jg .ol Teen Spirit
(555 3= s 4 DM a3ly 50— 350 o )5 5 3525 00 o 2 ShelS gl ¢ alolé &b
Black Keys 4, Bad Plus (gashd V> .08 o lay o)l 5 SlnSe b Olawle
S0 (e RSy bl bpm (Siys a5 conl ol O Jds 5 ol 5Sioy s
]

5 £ OB I8 (ogate (ulw S (pe w28 S Ll o ) (650 Jle
(B) o s S (o o |y i 53 8 ol 5l Lo T eyt 5 ) oliel
«(salary) sga> (6,555 5 Sl
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gals
name age salary guys
salary

ywmL | 15000 rame | % 0

Allie C 52 Briat 05,000
g1 | 45000 apdulah ¥ | 2° 105

paniela ¢ 5 69,000
Rita A 5 us00 David ¥ ® 00

0

(Sde Camuizr BUYS Jgor 5 aliwd Eige Lo @als Jyo)

Gsi> 5o3b s el (Ul YA GO L my) JLo OF B YD s et 5056 b 0l 5o
gl ;Jol_$4_3.o)|a)|)ﬁ a>lg e VY ML Gl VOB e FY 0 po
o oyl 5 Sl 085> Slaslre oolad s (salary) sga> Sig doojl cpl obj b
a1, David Yais! (oS bas o oo 4 | 15 99 oo &30 4 pabdlysn 51005
@Lum)ﬁw_moué}bgwwéoo)g&)o PRI 3,5 auplem o e Yun
S alols gla Jgo,s 5l oS o 5l osliiul U1, LIS pam 1l ol by ool 3535 o
e el 035 Sl sl alad (l 4 355 e Sloitiy G JLo YO L YU & a5 o]
e 9>

s 72 Sl Sy St S A Sy Sglite o uliie g Loojly cadly 5
Lol 6|o.\.;.b.>.>l.&,:..‘2._~.3

&k Jle
!:".S' . oo 9
il 009l 5 WS Bres ek S
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lcwol (normalization) (sl Jbe 5 < =l

Gilw oy 1 Laools U oo )l il oS Jo 1) GBlyoil 5 JSCie ol a5 0l (6l
ol Gilwdley o @ly el S .S (standardize) (g5lus jlailiul L (normalize)
ol Al SO b jho gojl 0 1) (S o polie a5 ol

Ol (=S DS jgad WYl 18 Col g yo ) (salary) gsa> (Shig (Jlo sl
S VY oy SO dly 50 0 WVO el Gl o e 5 FY el God
53 S9rge Jlade (n eSSl lade Ol b ojl 4y ylie 0 o sl clbls 92
S (0 e 9290 o3k 1 |y A g @S (o0 05 995 JBLe (S

Sige S| ).g‘).g Yum 6‘)‘.’ od..wJLQ), )‘JJSA o
normalized .
name | s34 salary
15,000 0444 (75,000 - 43,000) / 72,000 = 0.444
Yun L '
Allie € 55.000 gt 45 losls (gasgame 5 loosls 4y (S
Daniela C 45,000 0038 4 Wlgi o 03l by, cnl eyl JLasl o
MYLENLY ;
Rita A 115,000 10 BT
\

JS—& o normalized salary g o)
Sle 3> (gady Al s o Caows
(0 oomlie | oo Jle 5

alys Lal baosls (g3l bl (sl 55 38 slo g, b adlszne |y o lel oy 551
oolai_l «(standard score) s lasbiwl jLash oU 4y g lade 5l wuled oo (Jlie (gly o
1398 o0 demlne pj Ojg0 4 a5 @S

Wl By yre 5 Z-5C0FE a4y 45 € lasbiawl jhoel saliws @ |, Jlade SO euiles o
Sade d> 4y Ko olag! w10 due G a5 WS o be 4y e ol oS (g3l sl
3,10 Bl ol by reSils 5|
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e o PR
(each value) - (mean) SERPER
— = Standard
(standard deviation) Score

alatz il ol

L el ol jlae Bl il les U (standard deviation) of jaibew! Gl ol

z (.I{- - ;)2

sd = y|+———
card(x)

el ol 50 e b ais i — el X gl cdlos IS lade card(x) o jo oS
«The Manga Guide to Statistics» LS ailgs o eyl (At Hlal b 5114255 S

S asllas |,
name | SAANY | i s s e 3 oy 4 bgse slaosls
YunL 15,000 Syl ob !, LS

Allie C | 55000 | »'»<salary o) b Gois oaled oz daosls ol )3
Laoals U"‘ o )_G.: A oS @bui )‘ Cowlodds QYY e oo

Daniela C | 45,000

Ritah | 115000 | o sin ol 1, 5d) o lasbon] Gl ol s ojla] Yl

Brian A 10,000 (O p) dle a5 Jg0,9) o 55l Cawd

Abdullah K | 105,000

DavidA | 69,000 E(x —%)
Michael W | 43,000 .

card(x)
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(el Bod> slp

Yun ;s8> Allie 355> Daniela 355> by

\/(75.’000— 72.125)2 + (55,000 — 72,125) +(45,06é— 72.125) +...
8

_ J8,265,625+293,265,§25 +735,765,625+... _ 602.395.375

=24,543 .01

0 g0 Al 3 O jgo 4 (Z-5COTE) o jlailinl sLosl a5 oy yoly ol 4y 6)Lgo

Me o oSdee
(each value) - (mean) Sl sl
o = Standard
(standard deviation) Score

3tz 3l
L el ol Yun Jie 60,8 sl p (z-score) o lastisl jLaal

7500072125 2875 _ ...
2454301 2454301

S 55 1y bslae
10235 dslxs |y (z-scOre) 8 laslew! Lol <y o481 sl
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| name III - B
II| II| S a.'apy II| Staﬂdard
| |I Scar-e I|I

|
| YLIHL | 75 000 | OH? |
" |

|
o

I| ﬁ"le C I 55 000 | |
|

| Danrefa C 45 000 —
|
_‘_*'_fﬂ ﬂ I 115 Ooo [
== |

105 dulxa |y (z-score) o,lasbiw] sl <y 5 01,8 1y

name salary '&andardl Al
[ ScOr,e e
— | |
Yt || 75 0 oo |' om y Esz,ggg - 12,125) / 24,5430l
|Dan|eIaC 45000 Il -1405
Daniela:
Rita A 'u |
Mah | 5000 | | 1141 | (45000 - 12125) / 2454301
= -1.105

Rita:
(115,000 - 72,125) / 24,543.01

= 11417
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8 ylastiasl jlal 31 ooliusl JSCive

8 lastl ol 5leslanl yo Lol IS

el ol as” el (pl z-score lea L

Sy 0,5 o0 60 ;b (O p sla ools
oo al8 g5 Sy o 5T JL s
asly jea> 5,15 ,45 100 [LargeMart
Go—a> el ;o Yo Ve plas o g auil

3 Yo edie £ ele pae Ll o 5
oI5 il arals gy i JLo
5 s an Sl yo 6l 2Ske
1395 o0 Al

(100 * $10 + 6,000,000 /(40 * 52)) / 101

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

WS oo odalin 4 jsb led s o5 o3, LargeMart sl 2053 gl y a5
23,5 418 (ol o o lam) Sy go0ls il oo SalS o Silie
1y o laibiwl el Jgo,8 Yaore (oS oo oy (MeAN) koo b a5 St ol Jbol5 4

(Modified Standard Score) cabzdlsl & lastiwl jLol

Sl 4 YU Jgayd 5o 1, (Mean) oSloe woad oMol s bl jlital samlxa (sl
S lslil Bl L (7,50 j0) o laibiw] Blyoul e . 0udd oo s (Median)
S o0 Oyl «(@asd) slao
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Lol (Median) aile Gl P Jgo,8 pl jo a5
D9 o0 damlne ) Djg0 4 ool Zlal o jlailin )L..s.ol o=

(each value) - (median)

(absolute standard deviation)

e 0 RSy p U iSes eyl slael {(median) &l sawlxe 51y
2_;114 (media) asle g zgj slael slass 1008 o Ol | ol LS,L..Q S9E

g oo Lawg sue 95 (ks
e ol an oS 3l Get polie () Jgaz 50 e S0 0L Jlo b asls Y (o>

plos,S
Name Salary
Michael W 43,000
Daniela C 45,000
Allie C 55,000
David A 69,000
Brian A 70,000
Yun L 15,000
Abdullah K 105,000

Rita A 115,000
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(69,000 +70,000) — 69.500

median =

2395 o0 drlne 53 D90 4 (@SA) Gllae ol jusbiwl Syl

asd = %@3,000 — 69,500 +[45,000 — 69,500] +|55,000 — 69,500)| +...)
= %(26,500 +24,500 +14,500 + 500 +..)

=%{153,000)= 19,125

oS dpwloes YUN (6l 1, (MSS) ool #ol o jlasbinl jLesl asly Y

Modified Standard Score:

(each value) - (median) (75,000 -69,500) 5,500

= =0.2876
19,125 19,125

(absolute standard deviation)

A8 35 |y bslae

50 plod,S s 1, (track ;ygiw) Brwge gaskad G 4 Slads slawd (ppj o 4o
el 3l oalixwl b1y polie wslys so LT .ol aads 0ols 2ules play count ygnu
TausS (g5lws lasbiwl coadizdlal o lastwl
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track play
count

modiFied
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

6P}‘¢,_g°)-i 1) ks.;l.:n)bj.n,oé‘o)‘).; (\'\ ,\A NY ,V ,\“)Lsésw u_a_é').'a'i.gb).g_ouuo

@sd) llas 5 Jailisl Gl onil asslons ¥ pad

I
asd =—(3~12|+]7-12|+[12- 12 +]15 - 12] +]21 - 12])

1 1
=§(9+5+0+3+9)=§(26)=5.2

(median) ales gapulxe ;) pad

..55...’2;69 \Y ﬁ‘ﬁ
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Ladigas jI Ao, (sl ot dhol o hstias] lliel Gamslone ' pud

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 = 0.5760231
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

5 by peoy ol ) g5l le i

PNSs a Comd (Ol Lo S5g olbide g 05k a5 a0 Sy (el (5l Jlo
Lo S 5l golosd «@uidS Juad (roan )0 5 8 a5 hwge Jlo 0 .aill pxie )l

2 a,d? (ShgaS Cewl o ol gaiily IEO LY (o5l j0 a5 axidls s92g
S8 VYAe L P s slojls jo 098l & 50 4y «(beats per minute — bpm) dass
L €(aB8) (o (S5 ot 05l LS pu o SBOLe 1,3 gl Jlie 13 5,5 o
D9 dspdes «(sAIAIY) Fsd>» (S
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Dr. Dog/ Fate

Phoenix/
Lisztomania
Heartless
Bastards /

Out at Sea

Todd Snider/
Don't Tempt Me

The Black Keys/
Magic Potion

Glee Cast/
Jessie's Girl
Black Eyed Peas/
Rock that Body

La Roux/
Bulletproof

Mike Posner/
Cooler than me
Lady Gaga/
Alejandro

Piano Vocals  Driving Blues Dirty Backup Rap
beat infl. elec. vocals infl.
Guitar

2.5 3-5 3 5 4 1
2 5 5 2 1 1
1 5 4 2 4 1 1
4 5 4 4 1 5 1
L 4 5 3.5 5 1 1
L 35 3-5 3 4 5 1
2 5 5 1 2 2 4
5 5 4 2 1 1 1
2.5 4 4 1 1 1 1
1 5 3 2 1 2 1

00l axwgi 1) 5 slaosls sl el oS fad e )aSLé

music = {"Dr Dog/Fate": {"piano": 2.5, "vocals": 4, "beat": 3.5,

"Phoenix/Lisztomania": {"piano":

"Heartless Bastards/Out at Sea"

"blues": 3, "guitar": 5, "backup vocals": 4,

“rap": 1},

2, "vocals": 5, "beat": 5,

"blues": 3, "guitar": 2,

"backup vocals": 1, "rap": 1},

: {"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},
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¢ backup vocals guitar blues beat wvocals piano ladaii, S oS5 1, o5 3
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the item vector represents the attributes: piano, vocals,
beat, blues, guitar, backup vocals, rap

# B B W

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, 11,
"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]}
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users = {"Angelica": {"Dr Dog/Fate": "L", "Phoenix/Lisztomania": "L",
"Heartless Bastards/Qut 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",
"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"} }

Lo ol (6, L (D g L) oo, bl bl cailee (sl oo 45 B9, Vb oS o
B, g e Slie aly e

Salo gl aS 0l 10 (6, ol quuols s | baeols cwyd aS” ol 5l
= computeNearestNeighbor sl ;o (6, uizd w2 (i (g alold
:W'QQQSA

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

def computeNearestNeighbor (itemName, itemVector, items):
"""creates a sorted list of items based on their dis
tance to item"""

distances = []
for otherItem in items:
if otherItem != itemName:

distance = manhattan (itemVector, items[other
Item])
distances.append((distance, otherItem))
# sort based on distance -- closest first
distances.sort ()
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return distances

®let p2le2 o o g (Classify) o adb gl Al SO pals oo plil
OS o (POl | (ge (gaahad So o ol )5 S sz a5 05 S
ol sl Sig sl oolanl b 5 ul . (um b ol canga |y huwge (gankad I LI J)

090 pladl (Arwge (sankad

"Chris Cagle/ I Breathe In. I Breathe OQut" [1, 5, 2.5, 1, 1, 5, 1]

085 et sln «Cagler jln; po el sleas ) e el S8 sl 1aS0)
(5 oo ooliiul ] (goasilys g YU )0 ool aaS dwge saxkd ol
644&ﬁ‘sbﬁI)QLMmmcﬁfﬁgiﬁqp¢J'¢wj¢ﬁhamoﬁbd~&gé436'6)5‘}gﬂ
S0y samabd ol p)LS iy anl o] 5l aw xS Loy, Chris Cagle (iwge
S 48 S a5 o oy 5l a5 el 03,5 2330l sz |, e
OIS )y @l 0, alys asjlil 1) Chris Cagle iwge (gankd 4isSe )18
il (classify) gaail o5luosly ol p e ol

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, itemVecto
r, items) [0][1]
rating = users[user] [nearest]

return rating

| Breathe S_al Angelica 5145 oS o ol oS ialosl |y &b ol ol oo

Aol aisls cawgo 1) Chris Cage i In, | Breathe Out

classify('Angelica', 'Cagle', [1, 5, 2.5, 1, 1, 5, 1])
n LII
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computeNearestNeighbor( 'Angelica’, 'Cagle', [1, 5, 2.5, 1, 1, 5, 1])

[(4.5, 'Lady Gaga/Alejandro'), (6.0, "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'), (16.5, 'La Roux/Bulletproof'), (10.5, 'Phoenix/
Lisztomania'), (14.0, 'The Black Keys/Magic Potion')]

Chris Cagle ;| Breathe In, | Breathe Out saxhd Angelica a5 30,5 s im Lo
Lady Gaga ;| Alejandro (gashad 4 fwge (gaskd pl S pl bl a0l cavgo |,
Angelica cplplo 5 (09 twge sankad pl a4y lien 1 T G035 adly () 09 Suo 3
ol alils Cuwga 1) Hwge (sankad oyl

Gy d>pl o — o4 (classifier) agdil <O ol (eols plxl >l o a5 )18
IS oS oS samaib )b )5 S sln ) g saxkd S oS 09 (nl Lo
D58 Blar (rdlad Cawgaf pils Cawgd) 09,5 g0
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Name Sport Age Height Weight
Asuka Teramoto Gymnasties 16 54 66
Brittainey Raven Basketball a2z 72 162

Chen Nan Basketball 30 =3 204
Gabby Douglas Gymnastics 16 49 90
Helalia Johannes Track g0 65 g9
Irina Miketenko Track 40 63 106
Jennifer Lacy Baskethall 27 75 175
Kara Goucher Track 34 &7 123
Linlin Deng Gymnastics 16 54 68
Nakia Sanford Basketball 34 76 200
Nikki Blue Basketball 26 68 163
Qiushuang Huang Gymnasties 20 61 05
Rebecca Tunney Gymnastics 16 58 ird
Rene Kalmer Track g0 70 108
Shanna Crossley Basketball 26 70 155
Shavonte Zellous Basketball o4 70 155
Tatyana Petrova Track 29 63 108
Tiki Gelana Track o5 65 106
Valeria Straneo Track 36 66 97
Viktoria Komova Gymnastics 17 61 76
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Candace Parker; Age 26

Lisa Jane Weightman; Age 34 2 7
Olivera Jevtic: Age 35
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alols JLwe cnl lol 2 1) 88 (a5 madlyze ST g Cosl Vel (092 (5T,




Ol giaali yp sly (s9lSosls W VPP

Sy gl wiile o2 Catherine oS 6% g 00,5 bl | Nakia syl oS ooloel
sl JLsSen 55654

FuiS oS 5380 (gandinb 10 Lo 4y Wil 45 uisgel sz YU Jlio 51 LT

A At G S o5 5800

L h’L.a.é ek 0 I {;i‘

A\

oolaiwl (modified standard score) coizMol o lasbin! jLosl 5l el oo Lo by

S

(each value) - (median)

(absolute standard deviation)

(Test Data) ;5031 sloosls

Iy @ol¥l 5 Jeaz o oS Bi> leslrosls ol 511, (Age) (yw ‘;)Jj o
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Name Sport Height Weight
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
oyl oS

oeai oS (hard-coding) oS e snl 4o Ludites |, lools aSulsl 4 by
O g0 (ol A b B oo S8 Ime Ll g o1y lag)] aS (18,5
athletesTestSet.txt 4 athletesTrainingSet.txt

05 oo ooliiul anail 306l (sl athletesTrainingSet.txt L (slacols 5l ¢y
Sype maldiSle a5 gaail CuiS 3ge3l (ol athletesTestSet.txt Ll slaosls

0995 Gasgezma ;0 39z ge a5l plaS o (o Slo 4 055 o )8 colanll
sadaisle (training set) ojeel slaesls (g9, 5l a5 gowmail wlul , (test set)
Wgd oo gaatb o> &g 4 (ol

il p5 O)g0 ar b bl (nl Cu
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Asuka Teramoto Gymnastics 54 66
Brittainey Raven Basketball 72 162

Chen Nan Basketball 78 204

Gabby Douglas Gymnastics 49 90

guidetodatamining.com <ol ;s el slaasS 5 ools sla L a5 wils oo Laz>

0S5 5l tab b lel sla Sy 4 cal (1005, SO o o b o (Bl opl o
Sy gy 0,8 S 099 A3 slooliwl L b palss oo pogs aaids 3l asloads lox
33 Sl Ty BT gt 93 ey NS (o0 B)ys D) Az o paRd Sy a5 WS
S5 Oled pgd i g (o3 (oo eoliiul lagl I ganaile anlp 0 e oS siien
flj B o ol 1) (aas e plil 0,8 1 a5 Lbj,9 (gad ) b SO 9,4)15 a5 Cowd
S5 [aL; LI ps a5 00,50 yloxial (o aldl 06l cad oolaiw] wnadds awgs IS 5559
S onl a8 g et b wiS (S8 smo e plawl 08 (T 45T S3555 (e 4 il 08

22,5 wolgss oo |,

waS A, o by 2
byifasea iz 100 5058 0Ll
Clara ;ysmeas pazy o

.42l Coleman




VP W canail F fab

e gandad Olaaai ol musyi sl slabows Glaie 4 Wlg o pb (> I b
L aS el b a4 el S Stule; o Amelia Pond (oS o S5 Lo S il
PS03l LSl G o2 ol 45 Gabby Douglas 4 (jiijs g 03 4y axgs
€l

28l sga0me ol (S5 S, & 45 paisiion 5 |y gl o (@S o5 jsbples
SGBar ol A o gl (Ails dguse YU (gools sacgesme 4y Ladd (L sl y)
adsl yhaw pl oS o a8lS) sols sacgezme (! 4 (header) unlw lgie 4 o
sl 1) Jsl Saw iz 25 )3 WIS (e At |y (gt y2 3 Sles

comment class num num
Asuka Teramoto Gymnastics 54 66
Brittainey Raven Basketball 72 162

oo b a5 ganaab galwg 4 il (Olusgs) comment oS g e
el 0,55, b o ol sla Sg il sud astive (sae) NUM L a5

SRS B39
250 |y ddged oy Taaad oo tuled el jo 1) Wosls (pl aigS> asS oo ;S8
Losdly asls |) S5 (Gdiged -3.:9‘33@ R L) 'n)s—ks.n

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

o 5l (gud 3
[['Asuka Termoto', 'Gymnastics', 54, 66],
['Brittainey Raven', 'Basketball', 72, 162], ...

:(tuples) o LU 5l cd o,
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[('Gymnastics', [54, 66], ['Asuka Termoto'l),
('Basketball', [72, 1621, ['Brittainey Raven'],...

J>ol, — (.3 M50

(G PSS p A
{'Asuka Termoto': ('Gymnastics', [54, 66]),
'Brittainey Raven': ('Basketball', [72, 162]), ...

bl 5o Mol a5 el )'S.o::)')’ f:l.; sgsfi&‘é)b:.\*w.w uy‘;.;.‘;fa)é u,z‘
Sy o soliwl ] 5

o 5l (G 3
[['Asuka Termoto', 'Gymnastics', 54, 66],
['Brittainey Raven', 'Basketball', 72, 1621, ...

aS alaol 5l g ol (639,9 sla Juslé OIS &ly 53 o3 Cnl s &y 058 ()]
Wil il (iterate) || SG oy g9y 51 a5 dalas oo aslucad (3 TGO v 495

.O),.?"Ls.o o)éd.."w f).é CJ..&"

:(tuples) b LU 5l g p,8
[('Gymnastics', [54, 661, ['Asuka Termoto'l),
('Basketball', [72, 162], ['Brittainey Raven'],...

) b S 5l plaS 5o e taled 55l cul (o2 pld Cowgd adiy 5l jien 1) 0,8 ol e
Lo DS s SlailBlas mhaw G g 810 o0 a5 B35 4 (pgatte Cand S o
Cand o2 |, (COMMeNt) Slrnsgs (pe .00 g0 plxil o (gl ys |y Silnsgs g b 49

Al b iz sl oo Slxadgh slagygims sliad fyaz po S

S b pycwyd ]y bl el 18 as e el oS

[('Gymnastics', [54, 66], ['Asuka Termoto'l),
('Basketball', [72, 162], ['Brittainey Raven'],...
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2yl K8 azen S

class Classifier:
def init (self, filename):

nore))

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

65

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

>>> asd
8.0

self.medianAndDeviation = []
# reading the data in from the file

f = open(filename)
lines = f.readlines /()
f.close ()

self.format = lines[0].strip().split('\t")
self.data = []
for line in lines[1l:]:

fields = line.strip() .split('"\t")

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

self.data.append((classification, vector, ig

Wi gy A5
0ot zdol 8 lailiwl jlial Jawgi 1) losls a5’ oyl 51 J3
aslos 0ilesy a5 o lo Zlas] ol (S (g3lws lastinl
g0 olael gl 1y (@sd) allas o jlaibwl 8l =il o (Median)

23S dwle S
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T0sS" (3lwosly gl 4o |y @les Cl wilgs oo L
L— 4 guidetodatamining.com csl_. ;| |, testMedianAndASD.py | L
43S agbils chistio.ir

Oealy yo Assert &)U g Assertion slallas

Gy 05 a5 Sy 0sd has OF a5 g0 4 Jooly 5l Cend o a5 ol ol s
oS ool Cnl Gy o dly 4 test) ogasl sl 05 a5 Sy g Caend )T (55luosly
30 Ll a) b axsls 1) gilwesls ol 5l am g dunsn 1) (test) el !
po,S b S enl gl e a5 B (065 o Test First Programming =Mool
3 lo (test) ooyl SO Lass aS &b cnlslesls 555 <SG o ls unitTest wul 4 A0 SO

1wl 00l 00l u.u.aLo..) FPL

def unitTest () :
listl = [54, 72, 78, 49, 65, 63, 75, 67, 54]
classifier = Classifier('athletesTrainingSet.txt')
ml = classifier.getMedian(listl)
assert (round (ml, 3) == 65)
print ("getMedian and getAbsoluteStandardDeviation wo
rk correctly")

WDAb 55 95 @ and Gz Sl getMedian &b

def getMedian(self, alist):
"""return median of alist"""
mrirn TO BE DONE mrrn
return 0

ol Lol WS ey Sd o glp 1) e sae getMedian &b bl
&b e dunitTest L o ails )5 5 1) cwyo Jladie a5 08" JulS 55k |, getMedian
i )se e p) Ced b |y getMedian
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[54, 72, 78, 49, 65, 63, 75, 67, 54]

ply sl 2ls 5 o getMedian oS g lade (5 o UNitTest LU o assert L
I VAR CL S KVERP U I VS SCTRVPIP W S IR P [ IV PR SR B { DRV T

getMedian and getAbsoluteStandardDeviation work correctly

Sl b plpe 4 p) b @l PO pln Wlo S opn & sz ST ogdee Slr

P9 g0

File "testMedianAndASD.py", line 78, in unitTest
assert(round(ml, 3) == 65)

AssertionError

Ll s aenles 1) e (nl S 12l ot (e 9 9dl 00,5 5lils colu 5l 1) a5 51
s, 4 |, getAbsoluteStandardDeviation U 5 getMedian &b a5 Ko
el o 5 iy | e Lo Bl 1) 0,5 anlys o 31 sl w0 sjhuoly
(S ;05

RO S 9 43 e iy AulsS o0 45 O3 5l (Send 0 4F ol (opee 4TS5 (2D
1 ool asile (ggasl S1.01 09031 slp oo Coond S g (iluosly Cuond S5 09
4 LT &5 siloai wloailiy plasl 4y 1) o) aBge az o5 dagdy Wl ool cdmn gt
4 ke dlgie 1 Dl 45 gloged g e b wlesS S0 ) pedge sy
(Peter Norvig) Kg,s5 s €09l 05 5l Ceoud oy O ol
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J=ol,

il 25 O)90 4 oSl Cnl silwesly slaol, 51 (S

def getMedian(self, alist):
"""return median of alist"""
if alist == []:
return []
blist = sorted(alist)
length = len(alist)
if length % 2 ==
# length of 1list 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):
"""given alist and median return absolute standard d
eviation"""
sum = 0
for item in alist:
sum += abs(item - median)
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return sum / len(alist)

Iy olael cuncd cailio 50,5 gy 51 L3 g lowl yo getMedian w00 45 j5byles
S8 eyl 55 e (S5 S sleesly (gasgerme b e aSpl [ 4y 0iS o0 e
L1y Coond ol Gl S oS e | o5 lgsn ST .05l oowlie J=oly ol 05 o0
o5 (35l (selection algorithm) Gl o 6501 S

data el 4 ] ;o g digh se oails> athletesTrainingSet.txt LB ;i leosls <)Vl
ol 55 0 s did S O] Ceoyd gl co ALBINASS adids o

[('Gymnastics', [54, 66], ['Asuka Teramoto']),
('Basketball', [72, 162], ['Brittainey Raven']),
('Basketball', [78, 204], ['Chen Nan'l),
('Gymnastics', [49, 98], ['Gabby Douglas'l), ...

Ol L3 saab s data o a5 awd U oS gile by |y oy ealss oo Y
il gl il ails 095y |y ouds Jle i glaosls

[('Gymnastics', [-1.93277, -1.21842], ['Asuka Teramoto']),
('Basketball', [1.09243, 1.63447], ['Brittainey Raven']),
('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], ['Irina Miketenko']),

# get length of instance vector

self.vlen = len(self.data[0][1])

# now normalize the data

for i in range(self.vlen):
self.normalizeColumn (i)
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)l.: U'“"9‘ Lg‘)" o= p....S d)LmJLn).: u}a—u} aQ Uﬁ""” ‘) aosls M‘PLSA for 64.0.19 )é
039 o & Zogi ol 5l an 08 mealis 55l Ly |, (height) W8 5 wil> o
Sy 50 (Weight)

Mgy oS
$auwn s |, normalizeColumn &b wuslys oo LT

cslw ;I normalizedColumnTemplate.py ol L oiles o |, diges JB

S 3ghils ¢yg031 9 cyidies (sl chistio.ir L ¢ guidetodtamining.com

J>el,

03,5 s5lwosly |y normalizeColumn &b Ll by

def normalizeColumn (self, columnNumber) :

"""given a column number, normalize that column in s
elf.data"""
# first extract values to list

col = [v[1l] [columnNumber] for v in self.data]
median = self.getMedian (col)
asd = self.getAbsoluteStandardDeviation (col, median)

#print ("Median: %f ASD = %f" % (median, asd))
self.medianAndDeviation.append ( (median, asd))
for v in self.data:

v[1l] [columnNumber] = (v[1][columnNumber] - media
n) / asd

2 slpl,y @sd) slhae o laibenl Gl =l g (median) aile polas s oo 45 jsbyle
oolainl lin oledbl pl 5l eols I3 medianAndDeviation ced o e
S it ol sleaised ln 1) wpaz OIS il gelsxy 4S5 S ealss
bl B9 4k, 4z Kelly Miller @il o7 o35 cn s palss (oo (Jlo sl
039998 bas pad gl ols (59 digy Ve g a8 mil Ve g g8 B (oil> ()l fuiS e
70,1 plp ol Glp ol S 39 )0 el eadpdal o luliul slajlisl &)jso 4

sl [140
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4 meanAndDeviation ;s sg>ge polie ¢ j9el slaosls g3, » Sllas plil 5l o

iolieyo pj )90
[(65.5, 5.95), (1@07.0, 33.65)]

oo olbiwl Sl o #0.0 ply slaibo oy Jol gt o osls a7 me (ol &
o5 (nl 6lp Bllae o lailiwl Blymil 5 VeVl eg0 g (sl aile a3 )lo 0,30 il
Sl YYL20 ol y

5o 1y ezl o laslisl jlanl aS (g5l 4y o Lol o bas sl @ledlbsl ol 5l ye
2y Loze & dae ol ol (Shs ly (Jbe Lg‘).g’ oS oo oolainl sl anils se>
199 o0 !

[

asd 595 5095

X=X _70-655_ 45 _ ..

ss =

P9 SHe e s

x,—% 140-107 _ 33

[]

= = =0.98068
asd 33.65 33.65

mss =

sl 5 IS anle i e plol |, IS ol o5 gl 26

def normalizeVector(self, v):
"""pe have stored the median and asd for each column

We now use them to normalize vector v"""

vector = list (v)

for 1 in range(len(vector)):
(median, asd) = self.medianAndDeviation[i]
vector[i] = (vector[i] - median) / asd

return vector
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(i Gy 42 bgye 05 09 8 005 e (ol eSS (s il 4 (505 4SS (3]
aS ol Gl s o ploxl 05,9 G aS 59 e Jlo jo — cnl a sl diges
Ve oo ;0 ) gl Vo g D98 0 a5 Kelly Miller ausle sasd a5 04d jasciv

oy lo ) 25 @l (Gl s oo plnil 1) (20555 a2 0,10 ()59 2g VY g 08 (g
classifier.classify([70, 170])

L aslawer o 3 SGo 3 Slles plxil gly o IS gt;}L.» S lass classify ,&”U oy OS50

;s NearestNeighbor &b

def classify(self, itemVector):
"""Return class we think item Vector is in"""
return (self.nearestNeighbor (self.normalizeVector (ite
mVector)) [1]1[0])

A5 oS

ol 4 1oz &l G ¢y0) T3S (g5lwesly |, nearestNeighbor xb asslys o A
(p-&95 manhattanDistance

<ol | classifyTemplate.py gusl b auilgs oo |y dltne ol 45 bogy oo 1B co,lig0

WSS cdl o chistio.ir 4 guidetodatamining.com

J=> ol

il olisS nearestNeighbor &b g j5lwosly

def manhattan(self, vectorl, vector2):

"""Computes the Manhattan distance."""

return sum (map (lambda v1, v2: abs(vl - v2), vectorl,
vector?2))

def nearestNeighbor (self, itemVector):

"""return nearest neighbor to itemVector"""

return min ([ (self.manhattan (itemVector, item[1l]), 1
tem)
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for item in self.data])

Moy ples

) dles o SSuoy ik &b b
gl O Jas- Yoo dga> )0 el b
b colucg 5 awlys oo a5 o JolS o5 o
polo Jlatest ol 4y b SO S oglils
slp BB So oy plpe @ &S

L Jaile ol 430,3  (Fisher) 2.5 o151

Sl 0,la; 5 8,51 357y 4 e ple 5o 6‘)-3 J.)ls = ? st)g.o‘ Saegeze

a
Z

38,5 » |, ol (Richard  Dawkins) MBO 9 o),,f@ Lo )'| O}A)'—‘ Sa€goo
o 0l € gl ylag 31 pelidcas . . L

P S Sl (2 o ) snailb

Woddb Al 0sS e csslin py SO

el 03,8 ol | o5 LS55, clrosls aisS

>>> test("athletesTrainingSet.txt", "athletesTestSet.txt")
- Track Aly Raisman Gymnastics 62 115

+ Basketball Crystal Langhorne Basketball 74 190

+ Basketball Diana Taurasi Basketball 72 163
<snip=>

- Track Hannah Whelan Gymnastics 63 117
+ Gymnastics Jaycie Phelps Gymnastics 60 97

80.00% correct

UL.SJ)b 390 5 wiaib plogle Cds voye A b anaib wan o a5 jebles
Syl Sl 5 Slawe g 90 0 s Lz Jg cslos,S Jae Jle jlas JleSis
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(Iris Dataset) 5.5 s JS so0ld asgane

S5 g a8 Iris) 355 LS sools (sasgeme 555 2 1) pedsl oS sloslu sad b
acgezme ol 00,5 Jiolosl sl (golSeols jo Sg>ge (Godld (sACgazme (5 gbiine
s 5 sools (sacgammo a0 oolatwl VAV o Sir Ronald Fisher galowg 45 oslo
«(Iris Setos) Lgiw 353) ol 355 S5 98 0 sln J5 saiges 00 51 JSaie 3255
odls (gacgeza oyl .((ris Versicolor) JISKew s 355 9 (Iris Virginica) Sou> 9 &5
o Cromnd iy (s€PAI) S plS el onls JSi5 505 S TS slaoslasl sl

(petals) S ,J5 5 |5 saze K,

S ol ol jo Caloas o)Ll lag] 4 GLS cpl jo a5 slasolsacgaze u’.«oLoa
O L5 pl cwl 39240 chistio.ir colwoy uien ¢ guidetodatamining.com
NI A S o i 9SII L g 00,5 sglils | Waosls b aws co 1y )Gl ol Lot
gis.ealS cel S p b oo oo ol 1) cds aools S_g)‘L»JLa)J LT coegiy a5y
$ps b oidu o 09 |y gl cools (sacgeme yo i sloosls LT $ogd o s

§o,l0 (G1,8b az ( cwa Bl salolds 4 jLso s
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2 ez o (p0 4 9) (o & cCawlads 583 10wy 150 0L 4 g 2 S abl lsl
WS L g sl ansly Jolas SLS ol 4o saud oLl sboools g oS L yiias jab>

S5 chlizre sladisS) coul o JSS @ 4l sz (is) 555 sla S sools (sacgozs
(WS (S wols oo dail oS ol 5oz )

Sepal Sepal Petal Petal Species
length width Length Width
51 35 1.4 0.2 |.setosa
49 3.0 1.4 0.2 | setosa

1,8 (training set) &j9el slaosls (sacgame ;0 o booliod (5; Jf dgos VY-
&las,5 1,8 (test set) yoe;] (gacgemme 10 cowzp b oolpen b diges Yoo g o)l
(M (B590] Sae 500 3 (30l (Sasseme sloosls jl plaTn)

S 4z by 4Ky (el (LS Cend 50 @) b abaib pein 3000 ol
oS oo gaieb |) 35 b S5 slaosls

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

93.33% correct

ol b el saal s a5 o ls a5 (glosle anaib Glea b Ggs samis G o)lgo
Cowl 00l (gauoyo Vo e Cdo ol b anaib deosly (gile Jle 5 ey 4 Cwl Ll ST
H e aS (IS ol (mlasls s a0 ALY VL ISG wile glu by b (J9)

S 50 sy e OS5 b gam b o 1) W sain 5l ]le
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S e slil 4 hile saltune

o 03,8 Dygo 4 a5 wadpdol sools dcgaze S (53, p |y Gleanail 3 o
o Jarogs! ;o I 1o sl 4 bolo wools sacgomme ! 0,5 iolesl 0gi o oolazul
lasl yo a5 coul (Carnegie Melon) sle 5,15 oKisls ;| (Auto Miles Per Gallon)
! Gl bosls Cuoyd o solaul ISl 2LJ u.oaul oRKinles jo VAAY Jlo o

! ) J.iw MLO Sz wols Saegoo

mpg | cylinders | c.i. HP | weight | secs. 0-60 make/model
30 4 68 49 1867 19.5 fiat 128
45 4 90 48 2085 21.7 vw rabbit (diesel)
20 8 307 130 3504 12 chevrolet chevelle malibu

Gacgezme S5 a5 |, MPE (5t medlss oo co0ls (saegaze (pl (goalpNol (gatud jo
(el O g YO ¥ YO Ve A0 Ve gt (pl polie) @S (sm ey ool dlnS
(displacement)  jgius cud b (cylanders) joilows slass wolaiw! 0,90 slo S
HP slea ) (horsepower) iy cowl cousl oals asede €l b Y Jodr gt 4o a5
Po o m adb & b Sy (acceleration) Gl 5 (weight) (59 YU std-? 59

ol (secs. 0-60) yiaglS

9390] Gaegezme O ymiile diged YFV Slaus
O+ olasd g aud 09290 (training set)
4 51 .(test set) (905l (gdcgamme ;O cdiges
» il 4 Jol) mpg lade ((dolai ojg0
anles VV,0 ol s (oS cmites |y (JE

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

56.00% correct

Siledles gt (g emaems) w03 07 288 4 iluley b dninoe & jobolen
Sgi g0 w3 VY plpy L cds

Sl plele st a8 ol e 4553
Comped

S gm (55aS gistialo 0%, 5S 35 L]
s53a] slaosls asgeze gojladl o slass 15
1 l—z;}aj olass aSep| b g Y4 (training set)

Ciova s

s 1o emtlgs SIS ol ay (oo :_L.aé 39

- W

b goniloas

sl sbodle @ Gliwls>

ool s3loJleys canadl (go)lys cuad nl 5o
by Coeal (LS (B ilodley @s,S Cuma
5 bosbie o il glaFhy o5 WS o
5 3si> Jle sl s E oslae slaejly
b @B galolh L 4 oy gl (o
e S QLS sl ]y b S U )l
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ol 4 olil sl (normalization) (g5l leyi (saslS” 51 daglSosls 25T a5’ Jb> o
5 (normalization) (gl Jley (s a5 aitas S8l 51 cam S o ooliiwl o3l s
2lygslodleys o8l cpl gl wish oo BB &olas (standardization) (sjlws st
© o3k 50 polie s ol slaw oS cll Jhge 4 i Jmhu sl JEees L el
Col She S u*‘l-‘-“ 5 05b s (&8ly 0 (gilulalinl a5 > 0 i 5 L3V B
Jol polie (a5 05h ¢l (o] el b (:Sile) lawgie j5b 4 45 (GlisS o,
Gl o (Bllae o lasliwl Bl ysul b o lasliw] Gl ol asle) sil Sk ol 51 Gl 2l
5 el le waimdal o lastl )L...‘J L oo st )L._..Al deaglSonls 51 arws oy

el g3l st
IRV B ol )0 oS e 4 (Shy S iledboy glaely 51 (S oS w5k ok &
e g (S o polie lpy (MaX) aiien 5 (MIN) aiwS Gamubre 5

Do Al 25 S0 4 (S O polie 5 S e sl eaa ]l

value — min
max — min

duglie 40 WS o oolazul gilulog cpl 3l &5 ol (gl 1) dndi b SO cds auly
oS gy S oo oLl sudiz Mol o sl jltel 51 a8” oS

&l laitd

NS sS a e g (N sT A e L
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import random
def buckets(filename, bucketName, separator, classColumn
) 2
""'"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 colu
mn
that indicates the class"""
# put the data in 10 buckets
numberOfBuckets = 10
data = {}
# first read in the data and divide by category
with open(filename) as f:
lines = f.readlines|()
for line in lines:
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if separator != '\t':
line = line.replace (separator, '\t'")

# first get the category
category = line.split () [classColumn]
data.setdefault (category, [1])
data[category] .append (line)

# initialize the buckets

buckets = []

for i in range (numberOfBuckets) :
buckets.append([])

# now for each category put the data into the bucket

s
for k in data.keys():
#randomize order of instances for each class
random.shuffle (datalk])
bNum = 0
# 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-%021i" % (bucketName, bNum + 1), 'w'
)
for item in buckets[bNum] :
f.write (item)
f.close()
buckets ("mpgData.txt", 'mpgData','\t',60)

b iy omod 4 g mpgDatald2 impgDatall slapb L LB Ve S cpl &>l b
Sy oo dil ()5

Sy oS

093] @b 45 0020 s gyl B Jad 1 1) s (5 Su03 0F il s L]
el o5 glosls Ll Ve (g5, 1) slasi-V e Blie v Ll clidos d(test)
chistio.ir 4 guidetodatamining.com culu ;| audlg oo 1) Losls) fuus ades
(a5 el o

1S Algi 5 auile ALAGE) (g ile G (295 53 (Sl g0 45T (slali
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predicted MPG

10 15 20 25 30 35 40 45

10 3 10 0 0 (4] @ 0 (4]

1 15 3 | 68 | 14 | 1 0 0 0 0

= 20 (%] 14 66 9 5 1 1 0

25 0 1 14 35 21 6 1 1

30 (%] 1 3 17 21 14 5 2

35 0 0 2 8 9 14 4 1

40 0 0 1 0 5 5 0 (%]

45 (%] 0 (%] 2 1 1 (%] 2

53.316% accurate
total of 392 instances
Jooly— auin o5

2ol U"‘ d""?’ks" YL galiwwo L§‘)" LQJ"") )‘ kfi'

Wilgze (Jaw 1) Ceowd A 511 baosls b ools ,ss 1 (initializer) aJsl &b

025l Cond S (slaosls 5l (test) yoge;l (gl dsox ¢ﬂ.‘: S5

A5 dsle 1) lasG-V - Jlie i Lol Sldas a5 o 5las oz 6 S5

el (RS aad play Jee & jao 4 sl

_init_ 4.:13‘ et\'

el Sjgo pl ey NIt &6 gl (signature) Ladl

def __init__ (self, bucketPrefix, testBucketNumber, dataFormat):

.. mpgData-02 impgData-01 wils s e Cwand 2 gl (filenames) o L1 ol

Ngdey lie 4y ol «mpgData» &3ly > bucketPrefix Lo Jle cpl jo 05 anls>
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L a5 Ve gjloliz gaiby a5 s b e b bowad sl bucket 5l sl
a5 093 40 1y oygesl slesls a5 ol v oylea testBucketNumber .5 ls sage
ool ganail o )5Sl g Yl testBucketNumber lad. 51 e 2,15 0
p g oloee plxl |y 6550k llee Ve 5 T A Y £ D F Y slacand sbaosls
At oS Caul glad ) dataFormat .o S e (oLl Ty 295 F Ceend slaools Ll

b gl Wgds yunnds ;wﬁbl»oﬁo)oLaoygadyig‘xfuf
"class num num num num num comment*

e 5 sl (€1255) wish slixo & (o a3 G5 gl o5 WS e o
olsie 4 3T gt g diis ladised (6l 000 Gla Shy Sole csin s O ol
Dy ge 4185 Sl 0 Dl

el 5 6l00S wiile (oS &5 45 NIt au

import copy
class Classifier:
def init (self, bucketPrefix, testBucketNumber, dataF
ormat) :
"nroa classifier will be built from files with the b
ucketPrefix
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"
mrmrn
self.medianAndDeviation = []
# reading the data in from the file
self.format = dataFormat.strip().split('"\t")
self.data = []
# 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
the data
if i != testBucketNumber:
filename = "%s-%021" % (bucketPrefix, 1)
f = open(filename)
lines = f.readlines|()
f.close ()
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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] == 'comment':
ignore.append (fields[i])
elif self.format[i] == 'class':
classification = fields|[1i]

self.data.append((classification, vector
, lgnore))

self.rawData = copy.deepcopy(self.data)
# get length of instance vector
self.vlen = len(self.data[0][1])
# now normalize the data
for i in range(self.vlen):

self.normalizeColumn (i)

(testBucket) lacuand (y9051 &5
50 S9>g0 sloosls Wlg A puwugi o |y ol qeuiigs |, _init_ ol as o] 5o
def testBucket (self, bucketPrefix, bucketNumber) :

""'"Evaluate the classifier with data from the file
bucketPrefix-bucketNumber"""

filename = "%s-%02i" % (bucketPrefix, bucketNumber)
f = open(filename)

lines = f.readlines|()

totals = {}

f.close()

for line in lines:
data = line.strip().split('\t")

vector = []
classInColumn = -1
for i in range(len(self.format)):
if self.format[i] == 'num':
vector.append (float (datali]))
elif self.format[i] == 'class':
classInColumn = i
theRealClass = data[classInColumn]

classifiedAs = self.classify(vector)
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totals.setdefault (theRealClass, {})
totals[theRealClass] .setdefault (classifiedAs, 0)
totals[theRealClass] [classifiedAs] += 1

return totals

WS oo il (69959 oleie 4 bucketNumber S 4 bucketPrefix G &b oyl
Cwond  oae ¢ «mpgData»  ,l,  (bucketPrefix) iy 2L>.ii.o S
@b d9b sa oxily> mgpData-03 L 5l yge3l ool w4 ¥ 4l (bucketNumber)

il ,S so S yd b (6 ,1iShs S testBucket

{'35": {'35': 1, '20': 1, '30': 1},
40" {'30': 1},
'30': {'35': 3, '30': 1, '45': 1, '25': 1},
'15': {'20': 3, '15': 4, '10': 1},
'10': {'15': 1},
'20': {'15': 2, '20': 4, '30': 2, '25': 1},
'25': {'30': 5, '25"': 3}}

Sobe Jol b (Jle gl p .ol diges oT Sy 8ly el )ful.._) (& eSS ol oS
QLLS¢§¢;wl;§055)gm§ogj§lmafb'LﬁljlAaf)m:ﬁobﬁ.¢;w|ooy(¢;8’)mL§j
:Ia.‘$ sJLa.o Lg‘)" ] 00 o g ‘) LQA)}N U"‘ 445§.> 46&.«.’4.9.«.10 W—‘-’)ﬁi‘” DO 0

'15': {'20': 3, '15': 4, '10': 1},

Gouadds Lol 4 mpg Ve sae 4 a5 ¥ (gojled (saiges Aload ganadds oLl
5 Sl 00l guisanl mpg VO Soe 4 S as ¥ 6o ke (gdiged (w00l
Lol 00l (gamaado Mpg V¢ sue 4y olelil 4y aS ) (g0 Lo (sdiges
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(10-Fold Cross Validation) lasi-V+ Jilite (oeiw,liel 0sy1,8

plsl 1) laSi-V e blite (i liiel an T3 Wilgt oS paamgin (ol (Gl 31 50
Coond U L boaal pl 5l plaS ;o o5le oo amas Ve b pl &8ly yo awo

def tenfold (bucketPrefix, dataFormat) :
results = {}
for i in range (1, 11):
c = 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, 0)
results[key] [ckey] += cvalue

# now print results
categories = list(results.keys())
categories.sort ()
print ( "\n Classified as: ")
header = " "
subheader = " +"
for category in categories:
header += category + "
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[category]:
count = results|[category] [c2]
else:
count = 0
row += " %21
total += count
if c2 == category:
correct += count
print (row)
print (subheader)

|" O

s count
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Q

print ("\n%5.3f percent correct" % ((correct * 100) /
total))
print ("total of %i instances" % total)

tenfold ("mpgData", "class num num num num num comment")

Classified as:

10 15 20 25 30 35 40 45

+— I t + + } t t +

10 | 5] 8| @] o @| 0] o | o |
15 816314 1| 0| 0] 0] ©
20 0|14 |67 8| 5| 1] 1| ©
25 0] 11335 |22 6] 1] 1
30 0] 1] 3[17 |21 |14 ] 5] 2
35 o] 0| 2| 7|10 |13 5| 1
40 o] | 1| 0| 5| 5] 0] ©
45 o] 0| @ 2| 1] 1] o] 2

+— t t + t t t t +

52.551 percent correct
total of 392 instances

(Kappa Statistic) LIS Ll

g Yool a5 qydin yy gomainhs slaais oS0l 8,50 55 Jlgw diz ot cpl (sla!
Sl oo > dnaib ) a5 Jlgw onl Mo aeps gl bl 4 aedl atsls
@SSV e hlite o liel a5 20,5 Mol ] 093 25l (o) 9 slne Lo (oo
ol 45T 0 S asin (8 dsas wix Jte o 23,90 (g9, Lhlasel S)...U.‘,’l.a P
S8 1OV NS (gl SO sl « I8 o sl 4 bl coin lp csanadds
Kappa) LI Lol ol & pojloye Jlel (o8 & penlss oo Jlsm cnl & gy sl

.(statistic
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o iz dnaib

Sl

ss.‘.t.e a ‘_g.\..a)é(yr ‘_'.5‘) LT

gv-'*-.'.)ﬂ BT

WelS” o el 45 (5 5b & 05 oo dglin ,So0 el o L1, apail IS Lo
b oS o IS 5Kz LIS el wamo i aS el (sl bl oads aislo il S_,,L.:l .
@ o)lgo Sl lp s piS oo 970 «MPE — I o lil 4 Jolo> 5l Heolss Jlo S5
lp ganaib 10,08 So @mlS ) KB pilon o K555 (U5 ool sacgee
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gymnast basketball | marathoner | TOTALS
player
gymnast 35 5 20 60
basketball player 0 88 12 100
marathoner 5 1 28 40
TOTALS 40 100 60 200

el snail S gl (confusion matrix) slazel g gle #dly jo a5 YL S o
8o Qo)f wein sly pols Giles TOTALS g )0 o2 1) fgeme olun
s (VO = YA + AN + Y0) 0iS o0 anleo | Lol Jad gl slacl ao> Lo (accuracy)
S ygo 4 gl oS (o0 el 002 Voo S aiged coled olaws ol sae ol Jol>

D90 )

151 / 200 =.755

@l S0k Blasdl G pile (nl oS adsi 1) S lazl G ile G elss 0 Y
O b gt &5 gandab s .cwl (random) ol e dnaid SO
5 S s bl 1) YU e yile 5l oS S5l e olas SIS (s S0l slx

aaylS o0 455 Loy sl | (TOTALS) ggomme Laiié

gymnast basketball | marathoner | TOTALS
player
gymnast 60
basketball player 100
marathoner 40
TOTALS 40 100 60 200
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Yoo 5oy Vo) o)lee aoyo B )0 aS S oo cdmlive « 2ol Jlaw (gosalie L
Ao, Ve o cawlos )57 bl JloSus 656 Gleie a1y 2SG5L e anails ()50
Sl b e 599 3)lge doys Yo jo g STl (3,90 Voo 510,00 F4) 35000

] oo; ul.?L:.:‘ U‘)&“‘J))B
_a:s-;i_ﬁe“ Sy 50,5 g Sy oo ol 5l L Y
, Fooolaws VoS pales oolatul Jaus

ym:aijp\ayer’r 50% Wyl Hgam Bly Oge 4 ISl
baske S L . e
marathone'l"'- 7 Pl &g 4 ST L 6-‘*—’0—*10 [b-*-’..)ﬁﬂ‘

Jyooldl el 5l seys Y S

00) JlaSiw G50 Glexe as 1) ol 31 cpl 5 oo o - ‘QT BT POV-X BUCIgPRTS
aS £ ooy Vo) ol g90 oo 54 1, LmOTrx,a)o Ve g Ve 0gd o0 a5 £v do

gymnast baskethall | marathoner | TOTALS
player
gymnast 12 30 18 60
basketball player 100
marathoner 40
TOTALS 40 100 60 200

adadd il jeas JlaSes 5050 Ve e slaw e oo aslol Djgo ed 4 g
Ol Oleie a1 ws 0 B Sl Gleie 4 | LQQT 3oy Yoo Bolas
O 4y g WS oo gomaib ()l (590 D550 plgie ) woye Y JlaSi

oS oo g |y o le slaasls SS,eLQJ)_&Tl:Q)ya
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gymnast basketball | marathoner | TOTALS
player
gymnast 12 30 18 60
basketball player 20 50 30 100
marathoner 8 20 12 40
TOTALS 40 100 60 200

:.L.)Lc ‘5........:[.: ‘g;\.wloo; Jo.c @OLQJ u)}.a aQ as O’“"j) U"‘ ’S_AB\) 90; fM 6‘)"

12+50+12 74
200 200

=.37

P(r)=

auadl w.u);.” Sl e yaax e sndrd 130,65l WeS o b4y LS 2L,aT N>

_ P(c)—P(r)
- 1-P()

g Sl (b lawgs sl (b anaib) (dly anaids o0 oS cds Ple) ol jo a8

(2ly dnaids 0 oS cds (Jle ol jo el Bolar sndads o ,65 cds P(r)
o A ’,YJV ).3‘).3 69.)[.«44 :)u.:d.o*‘o &,.,9.) 9 KW ~,Wba (_g‘).’

_ 0.755-037 _
T 1-037

b a5 ey, oX 4 casline T a4l LTSS SL5,1 ] <8 sae a3 Y
g ol Jle s b g 698 Lo o ,sS a5 cnl (pl e a4 b Sl cars oo S
S g0 SaS L5 sae a0 Lo 4y aS 0uS oo cdmlin 1) (5 l0ged ¢
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Sl 00 ol sl jl S () 285 g eunnd 0 Lo il (piny 1> 0
o3 oS L5 0.01-0.20

slaais 5 Slas :0.21-0.40

Joize 3,Sles :0.41-0.60

s SlalisMe il & 90 4 0.61-0.80

S 4 Suap 9,Slec :0.81-1.00

Landis, JR, Koch, GG. 1977. The measurement of observer agreement for
categorical data. Biometrics 33:159-74

A5 5.5 1y Hlbolae

bl 2 1) oladls (gl lgamtils (gand) a5 @ )ls ol sl 4 Lo S (558
ol gdils Foo Lold (glosls (sacgarme Lo aiiS oo (owyp cilonys 45T solid Ve
stlSl g d@d) (od59al pole dCS) gmalS pole laaid o Ghgmdils ()l
ol sl lacel sl wtis Jraxd a4 Joade (Psych) ouliidly, 4 (eng)
(Kappa statistic)‘l,}lS ol il oo Lot LT cansl 00 ool aled 25 50 hganatils
TS i |y (1 5 03,5 duslone i lo (2l (sl 1,
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predicted major

cs ed eng psych Total
(o 50 8 15 7
ed 0 75 12 33
eng 5 12 123 30
psych 5 25 30 170

g cn Lot LT €000 5 dz  LATE o ile 2l pobesl 1 Lo szl 42, oS0
0 i |y ] 9 00,5 dnlons y yilo ol (sl 1, (Kappa Statistic) LIS L]
:p.:.i'sl.g bl ‘) LbO,L» gs.oLo.'a' & Ml{ |£J‘| L)

cs ed eng psych TOTAL
SUM 60 120 180 240 600
% 10% 20% 30% 40% 100%
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predicted major

cs ed eng psych Total
(of 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

199 oo dumsles 55 diile a5 Cul + YAY il yy ¢ Solad aaib ol cds

(8+24+51+92)/600 = (175/600) = 0.292

ol 00 + FAY il Lo dipdials B
Sl 00 +,¥YAY ﬁ‘ﬁ R ‘SSALAQ' :L‘udj.ajo _Céé
390 Ao Aipdilo cl sl 5 90 4 LIS Ll

_ P(c)—P(1)

- 1-P(@)
~0.697-0.292 .
- 1-0.292  —

M‘oo;g}o&u?‘sjshnb)ybu&),ﬁ|6@uwd|4g(jw3
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(Nearest Neighbor) a;luces (3 3SG50 35 0o 65| Sgups

s — el (rote classifier) cole sndal wnaidb SO 5l s Jie SO
By baid |) spuz saiged Sy g AT 0 00 055 gkl ) ) (LBl gasgers
oled sm) alabls 0 3smge badiges aile By wiges (pl &5 WS o onaib
GaCgama 4O 35> g0 (sosly wlul p ladd | losadd L ST .0l (‘5.»)9.;‘ Slodigas
Voo 8o aieen (rote classifier) oole anaids 10,68 (oS (b3l (sBjge]
087 o 295 Sl ool anaib ( a8ly slis o a8 o S | sas o
0 aS I 0 S gomdids 1) oyl ey o a5 W5l Sgxg olediges o)lgen
alond 3 3Se05 w5 ol 35z ol alin lads slaaisas (235501 (asg0ma
50 eole wnaad o3 )6l 5l Glarwg Gleie 4 lsi oo |, (nearest neighbor)
(lod (0 3 S535) ol pssl cnl jo 88
wlie lds laaiges Jlos 4 a5l sl 4
O, Wi sladised gunaab ol
igel saegeze ;5 aladiges JLis
PP war Gdiged 4 &S @05 o
Mecheal Pang Ning Tan .oce

L o> LS o Vipin Kumar 4 Steinback

Aile g SO ST sleols sl ) g, ol Doge ol A €ggSeols y glasade» sU
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o b Sojl g ad pe gyl Ll g o5l jo las Syl aiile gy ol S
ol S8, S ez ol Y|

Sy sloosls Lo as aibl oo 351 aln asluas 1y S o035 o oSl DMSe 5l (S
JLAA O by o5 g, 1) gsose (pl (Jle b peads o3l oo )ls (outliers)
Ohle 595 5 Setulivers o t),9 4 pedles oo haid Jbcnl w25 2 0) OLS;59
GaLD, 5 A5 @)lo 598w 5 oligS W3 O) 3&5})9 So Lo S (2,8 el (IS
Sz ‘r‘>~5 ) )|‘>9‘°’J S » ‘) Leosls M‘B’U )f‘ L] °°)5 "‘SJ”’ Qs‘)l* S9°
Mliys sl a8 s e g9 SB35 sl 4 M) 09dpe ny JSS wiile
(el Soligen

m
— m m
-
=y
9 9 9 g m
E m
N m g
S g X
E
=
)
c

normalized weight

s8] jaome g A2 oo yiuled | (normalized height) ouls (g5lu Jbo 5 03 (gog0s H95x0
55559 o] oS s osaline 45 jsblen (normalized weight) ouss (s5lo ey (339
Sebansl OS5 )5 Olee 5o g @2 G9Sem 5 Cubls (BT 08 a5 SlLe (590
Gk ool o a5 Caul oz gaiged SuX A0S BE Y L8 S 5 LS L
ool plod X 4y luan 1 FS405 0l el (gabdinb wi sl bg 1)
iz oG S b (Jg oS (o0 Bl M - 5l (69 gl 4 X o el M S
ol So03 Seitwliven 0555 <o A Jllan X &5 predy pailioe Vb loged @

ol oAbl g s 53 097



YV W goudib 5,90 40 yii 505 O Jfad
(KNN) aslucor o 5 SH0 3 K

S a0 o sl aS ol ppl laen () S0 by, dgnpe slael I (S
— S ol iged S 5l S0y sland siz 4 s o] 1 5005 45 aayluss
5 plas o KNN- (g, 50 05d g0 aaS KNN L aluss 00 5005 ko (b, cnl
o> slaluen sl guL.,;l w2 ) bdiges oiy sl g wips o gl SO balues
il 03)5] laaglan s o 1y (s, i 45 (i @Bl o 05 o saneid
sl 5l Lo aST (558 (i (sl 05800 Wz Gged Sln 00D i sabb
slyp sly 9o YL JL.a S50 5 S oo oolalul (k=3) wluwes ) 5SGoE Aw
Sy X i ysl Gy eedls ilile (90 HG559 sl sy o s oL Sl

S (o (B e Stline 51855

m
- m m
£
=y
9 9 9 g m
-E m
N m g
S g X
=
—
o
c

normalized weight
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gymnast ) o gymnast

marathoner!

Jle sl p (discrete class) annd gdaab & puplys oo &5 K2 pnlds pl b
S5l by ol 3 pslgi o oS St [ JliSen b Seliaeny oSlle 590
aibe G4 lyie &) Bl GBS 1y (sl oot ity 45 (WS Al (03 0lit
L ail g sobuns lagsl) slaas 51098 g0 QB (g ty 890 (Siged g1y 00
Bl sl oad gyl Glimly a5 slaaids ol 5l Solal Gjge 4 (WIS
(oS smcin ) (@ & 5) goue ke S el o0 a5 e g 09d o0
Shese 05 o 4 il ar aRd S o oS gie el 1 S
R i S A U S el aslasr G 1) ggly 53U pasles oo camo oo
26 PSS sbalues ¢l Sm e (distance-weighted) céluwe-ysg
Bl oo A 3 oS 3l s |y S ol (o pmay esla] Bl KBS (5 iy
dw s Cewgo 1) Funky Meters iowge 05,5 jaix Ben o5 oS St
3ol pl galols 3 4o s Jade ¢ Tara Sally o Ben gly oy galuws
odaline |, ailesls Funky Meters  aowge 05,5 4 ooyl a5 (g3liel puen 4 Ben

¢ . s
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User (-, Distance (=il Rating (;l==D
Sally 5 4
Tara 10 5
Jade 15 5

Funky o954 5 cusl Ben & ozl op 5 Soop Sally el jasin a5 jsbjles
O39 Col FSoop Ben 4y a5 sakd 4 pole> o ez Coslosls ¥ ;L:.Lol Meters
DA iy 4 @80 ek 5ok Iy alold jlre a5 el pad (gl ey i
B onl Gl 0 pS oo st (g 9 (i (S 28l BN 4 el 5 SG0
alols o1 1)) sae cacdlS J5enl sl @S eolitul alols wsSae 5l oily oo
55xe 325 Dy30 A el Oyl Ben by plalols a5 Sally (gl e (oS s

1098 50 dmwls alold

1
c= 0.2
(Sdlas s aSe)
User (2,15 Inverse Distance Rating (;L=-D
Sally 02 4
Tara 0.1 5
Jade 0.067 5

by B) 035 aemis oyl gaz s |y 00d usSae gloalols ol 51 olas 1o sl Yl

0.2 + 0.1 + 0.067 = 0.367
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User (i) InFluence (.2l Rating (;L=D
Sally 0.545 4
Tara 0.272 5
Jade 0.183 5

(influence) wl,3b polie olod gz Sl Jol odly atils Hla5 se Wb 1) 5oz g0
Ben 4 Tara | yiicy plp ¥ oliee 4 Sally Lol salols slasl 1o Ll 053V iy
Ay g Sally o ol sod Laa> 55 oyl ).._,L, 30 0 ooy opl g 0g ooy
58 5 il L 31 0 (og pSop plp 90 92) 8,138 oo 3L Ben , Tara 5 i

S o0 Ao ol e lyie 4 1) o] ggazme g 00,5 Lyl gl sliel yo )

@3 g0 Funcky Meters i wge 09,5 4 Ben 45 gkl

=0.545-4+0.272-5+0.183- 5
=2.18 +1.36 + 0.915 =4.455

1028 55 1y ol

L .culs aalgs Cuwgs |, Hiromi (shsgee 09,5 ,aix> Sofia a5 il pales oo (e
o ) 6)lade dx k=3 L dleen 0 5S35 K pnys8l g 5 slaosls 4 a8
fusS o

(Lamd)

(Sofia I alls)

rating For Hiromi

person distance From Sofia

4

3
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Jooly— oS 55 1y plbslae

g 50) |y alold 5l oS’ 2 yeSas a5 Condsyl papd plxil b a5 5,157 oyl

Person Inverse Distance Rating

Gabriela 1/4 =025 3
Ethan 1/8 = 0125 3
Jayden 1/10 = 01 5

1S dawlre (Inverse Distance

Iy pased o 3l a5 Cul oyl (goms paB 598 oo +,FYD iy loalold yugSae £ooome
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Person InFluence Rating i
Gabriela 0.526 3 :

Ethan 0.263 3 |
Jayden 0.211 5
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oS 0 goz S0Ss L) bl (4o

— (0.526 x- 3) + (0.263 x 3) + (0.211 x 5)

=1.578 + 0.789 +1.055 = 3.422
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0 | 45 | 14 |
1 | 27 | 14 |
et SR

(ails,8 co s |, Lml,.:.ﬂ O FSZeS N 5l cwd heapg.nsmallest(n, list) L)

il 2SS ol V>
035 (53lwosky 1y KNN o3 )01 5 05,57 sglils ol 31 1) sanainl o258l o5
o2 |, Kk legS )T Wilgs &l ol b pupd yss |, (initializer) adgl ab Lo sums o3l
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def __init_ (self, bucketPrefix, testBucketNumber, dataFormat, k):
g0 5 JKb & A (5502 &
def knn(self, itemVector):

init &b, 1) k jlode a5 ol bol) wiS oolasul selfk 5 cusl gy &b oyl
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initializer 4 1, k adlgxs b eols ,oss 3.5 1) tenfold &b wub axdl . ilo )5 1) (09

S gl




YYY B goudib 5,90 40 yiien 505 O Jad

J>o|)—d.33}gs.\5
RO (8 S gy Sygo ], iNit_ &b

def __init_ (self, bucketPrefix, testBucketNumber, dataFormat, k):
self.k = k

knn &6 Yl

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[1l]), item)
for item in self.data])
# each neighbor gets a vote
results = {}
for neighbor in neighbors:
theClass = neighbor[1][0]
results.setdefault (theClass, 0)
results[theClass] += 1
resultlList = sorted([(i[1l], i[0]) for i in results.i
tems () ],
reverse=True)
#get all the classes that have the maximum votes
maxVotes = resultList[0][0]
possibleAnswers = [i[1l] for i in resultList if i[0]
== maxVotes]
# randomly select one of the classes that received t
he max votes
answer = random.choice (possibleAnswers)
return( answer)

B o8 i oS o2 |y tenfold &b

def tenfold (bucketPrefix, dataFormat, k):
results = {}
for i in range(l, 11):
c = Classifier (bucketPrefix, i, dataFormat, k)
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no diabetes diabetes

no diabetes 219

44

diabetes 64

66

Performance:

slightly good
Fair

moderate
substantially good
near perfect

oo0ooo

:J,,:S o.gL»:- @Lﬁ

no diabetes diabetes TOTAL
no diabetes 219 44 263
diabetes 64 66 130
TOTAL 283 110 393
ratio 0.7201 0.2799

(w20 o0 lis |y cod ratio Haw)

«(random (r) classifier) Jdolaj adils
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no diabetes diabetes

no diabetes 189.39 13.61

diabetes 93.61 36.39

:(@ccuracy) &és

_ 189.39-36.61 _ 0 5745
p(r) = 393 =0.

P(c)—P(r) _ 0.72519 —0.5745
1=P(1r) 1-0.5745

K= = 0.35415
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name laptop phone
Kate pPC Android
Tom PC Android
Harry PC Android
Annika Mac iPhone
Naomi Mac Android
Joe Mac iPhone
Chakotay | Mac iPhone
Neelix Mac Android
Kes pPC iPhone
B’Elanna | Mac iPhone
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P(mac)
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Customer Zipcode bought organic bought Sencha
ID produce? green tea?
1 88005 Yes Yes
2 88001 No No
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9 88005 Yes Yes
10 88003 Yes Yes
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P(moderateMotivated|i100) = 5/6
P(techComfortable|i100) = 2/6
P(i100) = 6 / 15

o
P(i100| evidence) = .167 * .167 * .833 * .333 * .4 = .00309

i oo plxil 1y Slawlors 500 (gl y Yl 4
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

Gl aiio 45 (o2 4 g
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Cooyd diiled ools sla bl w0 (silwosly el jo 1y o] puilei oo aisSe a5
tab alold L polie s o )0 a5 09 99250 i BB L3 Jad o ol J8 Jad
el oy S aile gz ool L8 dHealth Jie sl Yo 20g; 00l laz o0

main interest

current exercise level

g

both

both
health
appearance
appearance
appearance
health
both

both
appearance
both
health
health
appearance
health

comFortable with tech

devices?

how motivated

Sedentary
sedentary
sedentary
active
moderate
moderate
moderate
active
moderate
active
active
active
sedentary
active
sedentary

\

moderate
moderate
moderate
moderate
aggressive
aggressive
aggressive
moderate
aggressive
aggressive
aggressive
moderate
aggressive
moderate
moderate

ilee
iloo
i500
i500
i500
ileo
i500
ilee
i500
i500
i500
1500
i5e0
ilee
ilee

¥

which model

wlo> s o yuioman g 00 | osls (pl 5l in soS AS euiS oo coliiwl Jls 5l L
ol 5l L8 Jad ,o a5 (10-fold cross validation) (glass-Y+  Jlae (7 bl |
Haw Voo ools g, cpl o wdl bbbl ST .08 colatul po bripl (euop o).Q;
g 00ls plol Cand A (59, p |y 6T ol Oldes Lo .aiod oo pumits (bucket — M)
Vo LB rl s mensS o Gialesl (ol Bl cand ) rcnl )0) ks (55 1) e

Naive ) colw ju Slles ouiled oo o ol 00l aisle diges VO Laid L (dHealth
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VO ol 4 s aMle L5 Yool .quns bl )] (55, p (w90 4 |, (Bayes
il s 55 ol o G 45 o oy S oS el e V- 2y ]y Wige
(Ul ) Cuond S5 50 45903 10 pled Jg el aiils 1) Coond Vo lon a5 ol
il J aeand sads 5 20, ) 3
S Gl ouds LSS Cond g0 5l (Naive Bayes) oolw o Lg..\.u:\.a.._b PRTRIS /NS
gl (gl K00 Ceand g (bj90] (6l Ceond
h9e] oo
Sl 5 sleeals (il ijsel Ceand 2>

P(i100) = Jlw !, — (prior probabilities) i SYliz! sacgome SO
0.4

Jte sl — (conditional probabilities) & oVles! sacgeme SO
P(health|i100) = 0.167

hash — glape,s J9a2) ol )0 8500 ©j90 4 | ety SVl ale> 0
02 Liuled (table

self.prior = {'i500': 0.6, 'il@0': 0.4}

o2 S sl Yloio| a5 — o Bs, aiied ol oS byl Yl
oS L e OIS a4 ]y by SYLas 5 slacgaze 45 el ol — Al 054
) oS aile S
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{"i500': {1: {'appearance': 0.3333333333333, 'health': 0.4444444444444,
'both': 0.2222222222222},
2: {'sedentary': 0.2222222222222, 'moderate': 0.333333333333,
‘active': 0.4444444444444444},
3: {'moderate': 0.333333333333, 'aggressive': 0.66666666666},
4: {'no': 0.3333333333333333, 'yes': 0.6666666666666666})},

'1100': {1: {'appearance': ©.333333333333, 'health': 0.1666666666666,
'both': 0.5},
2: {'sedentary': 0.5, 'moderate': 0.16666666666666,
‘active': 0.3333333333333},
3: {'moderate': 0.83333333334, 'aggressive': 0.166666666666},
4: {'no': 0.6666666666666, 'yes': 0.3333333333333}}}

Sygmo ol A YL oS s gl o sl o gt sloo,led )5 Lo FTLY ) olael
aS b, o ol ey sl appearance ;ygiw (sl jlade a5 ol Jlessh 05 o s
Lol do ) VYT Ll 0041500 Jow olSoiws pudlay

50 oS oyleds ) o T Sols s a5 sl ol cVleis| ol ganmlome jo pa8 oyl
il 0ol 031y (aled 5 &jge 4 (5995 KB gl b w5

both sedentary moderate yes 1100
both sedentary moderate no 1100
health sedentary moderate yes 1500
appearance active moderate yes 1500

odalive a5 Cewl Gla WS slaxs classes oS colaiwl by g ,iiSos 5l wolgs oo 0,lgo
g1 dlg> 5 aile (Classes) b WS ¢ Jgl bas gl 5l o uy ailoads

{'ilee': 1}

ipg0 a5l o

{'ile0': 2}

ipg Lo 5l o g
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{'i500': 1, 'ile0': 2}
Dl )0 5 Oyg0 4 classes lake daools (gdaen (bl 5l am
{'i500': 9, 'il100': 6}

Iy slael cpl (Sl 4 «(prior probabilities) cuiw Jlul oo,5] cuwns a4 ly

W.ZSGA LQ4J9AJ GALQJ Slows P oS

Counting things

sasliy, slass (conditional probabilities) b4 cYlis! 0 5 asin sy
5 03,5 o,>dCoUNt ol 4y (6,0t S o |y ke sl e jo o Fhg polie
oS o0 0,3 d o 1) Slaws (LS 2 (6l

D9y Ay 3 e 4 COUNES Llads ¢ ol la> o «bothy gaiis; Gilon glp

{'i100': {1: {'both': 1}}

g dvlez 3 a8 aile counts lade dosls Gilon b coles yo g
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{'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}}}

g;}ﬁ Jb S g «(appearance) jalb» S L ogo d100 jeiw pdgl 5o <
2y s ] gl «(95 0 ) bothy lade .ol ool saaliw «(health) oMl

oles slaw 5 1) polie o Lo by aVlasl 0,5] Caws @ lp g dalys ¥
a5 0,5 0939 1100 | diges £ olaws ¢ Jlin (Glp oS oo oS (WS ()] (slodigas
tom 35,10 ladgl g slp |y «(@pearance) jalby lode dal GBY

P(‘appearance’|i100) = 2/6 = .333

Gl 00 00l 1,8 anaids ool (o390l slp p) gl O e i ol 5l eolaul b
chistio.ir 4 guidetodatamining.com colu 51, oSl ales go a5 Can 0L)
QS sglils

class Classifier:
def init (self, bucketPrefix, testBucketNumber, data

Format) :

"o g classifier will be built from files with the
bucketPrefix

excluding the file with textBucketNumber. dataForma
t is a string that

describes how to interpret each line of the data fi
les. For example,

for the iHealth data the format is:

"attr attr attr attr class"

mmrn

total = 0
classes =

{}
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counts = {}

# 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(1l, 11):

# if it is not the bucket we should ignore,

d in the data

tance

)

if i != testBucketNumber:
filename = "%s-%02i" % (bucketPrefix, 1)
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([1i

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[i]
# now process this instance
total += 1

classes.setdefault (category, 0)
counts.setdefault (category, {})
classes[category] += 1

# now process each attribute of the

col = 0
for columnValue in vector:
col += 1
counts[category] .setdefault (col,

rea

1))

ins

{}

counts[category] [col].setdefault (co

lumnValue, 0)

+= 1

counts[category] [col] [columnValue]
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=2y oz Slwlxe s w0 a5 jsblan g B)sel (sl kaid oS
.o%oouau;}wzb~u%,hﬁ.cﬂﬁx

Gasainb Sldes
Gk | Glis gaigel diz malyt oo Yo ol (hjgel |) anaid Lo (oo
Sl 4y Jol (g4 )0 jo &5 cazd 4 Sl | Jgame 5l Jow ax (Jle lp oS
Lewd sl Jd (moderated) o Shge 4 el aeaddle  (health)
(el (YES) o) 02 ($599iST 3l ookl b coles o g cewl sliie (Moderated)

(o Slgadin

c.classify(['health’, 'moderate’, 'moderate’, 'yes'])
hyap = argmax ,egP(D | h)P(h)

LTy ansd ,o 98y Jlail L5l sl g suuols plsil (stws ©j50 4 ) 18 u-")L-‘a
WS 4l Jeed ol (Sole 4 Y g 130,50 dsle puils a5 Sledbl & a>g5

oS 5o oo

def classify(self, itemVector):
"""Return class we think item Vector is in"""
results = []
for (category, prior) in self.prior.items():
prob = prior
col =1
for attrValue in itemVector:
if not attrValue in self.conditional[categor
yllcol]:
# we did not find any instances of this
attribute value
# occurring with this category so prob =
0
prob = 0
else:



YY) B oosls j £ b

prob = prob * self.conditional [category]
[col] [attrValue]

col +=1
results.append ( (prob, category))
# return the category with the highest probability
return (max (results) [1])

Shamloee L34S o K | sloes Glod oS oo ool |, 05 a5 oK
:r°:’.‘>5'.’ d.....Q)f Ls.';.mé
>>c = Classifier("iHealth/i", 1@, "attr\tattr\tattr\tattr\tclass")

>>print(c.classify(['health', 'moderate', 'moderate', 'yes'])
i500

Lol Sged hlie yo Glalss s ypee
Godld (sacgarme ardl aily B Wax gosls Gasgeze S A b ojl]
cols 5l a5 «(Congressional  Voting  Records) o5 sl
33 03ls (sacgezme (pl .Cuwl 35bils LB http://archive.ics.uci.edu/ml/index.html
ol jo b saeliy 0gd oo oolatul Lo awgs ool aliyl ganlipy b Gillae lo)8
sl I Ui bools pl ol )13 chistio.ir ¢ guidetodatamining.com
Ngd oo She VP Jold bagygiaw .ol oase YL 60 S B les
o S5 oledb

(elg>( ypreaz <l S 5a0)V 1S 6
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(e «s))) ViglKizs 5 ondils a5 el

(3 «s,1) Viyg0lglldl slaSes

(e «63D) Vi jlae jo (oda (sl S

G wsyD) Viglolgmlo o (o3l 5l o 5ol
(3 «5)) ViS55 50 15ilS 09,8 4y S
(3 «5,N ¥ mx Sivgo

(e w6yD) Vol w

(o w5 1) ¥ (5150T Sl &y ddly S5, K0) St 5,8 Jolis
(e o6y YecDlarss (sl sz

(23 «6yD) YicgS gl >

(23 «s,D) Yicwbiz g o2

(3 «5))) Vil 90 &ljolo

(e 6D Vigrgir sl 81 4y lyolo (slactlad

)J)JSM@M&;«}jOMJmiW‘\.\J‘OM |A>p.m)|tabb4§6).:om )| ‘J.,Le

democrat y n y n n n y y y o n n n n
democrat y y y n n n y y y ¥y 1n n n n
democrat y y y n n n y y n n n n n y
republican ¥y y y n n y y y y ¥y n n n n

=R =T i

Caw]

e e g

Syt wiS o0 )5 295 4 (Jlo ol (sl (Naive Bayes) oolw 5o (sosndals 1,65

a9 col 300 58 Slp canzp b aib fles e gl 45 058 o Lo laans,

1gds yrds (Slasl) b Fhag (loie 4 (Sl o
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format = """class\tattr\tattr\tattr\tattr\tattr\tattr\tattr\tattri\tattr
\tattr\tattr\tattr\tattr\tattr\tattr\tattr”""

tenfold("house-votes/hv", format)

Classified as:
democrat republican

| 13
¢ I
I 99|

democrat 111

republican

I
|
I 9

90.517 percent correct
total of 232 instances

s e

T (1N A SLUNY JUPL SR Wi L (RO
2l e s

5 @lize Sanle Jao wz oS Syl g, ol OMSs 5l (SO el gl
S ailosls (gl a5 alitre (sdiges YO 510y S i (o diges ylaie 4 |y ousie YL
.01956)54(@.? ).D.s Yoo 9 Q‘;}oé ).a.s Yoo — P‘ob; Cb:w‘ )‘ L_‘:"L’ Yoo 64.35,0.;

52) ilass « Ly it gam Y F 4 ol las s wis a5 wes o lis 0y Jeoe
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CISPA Reader Internet Sales Internet
Privacy Act Tax Snooping Bill
olas ) aga 0.99 0.01 0.99 05
2,5 gen 0.01 0.99 0.01 1.0

«a» 4y gl s o

5 Caol (538) CISPA 4 cdiges 1o lss (6 900> do )0 1 v o (lid Jgoz oyl
OB & lez 6 000z do o ) Ladd ailools Al Ulsx (6 mle diedign STl
2oy A1 oS Jl> o wisls 4l (l, (Reader Privacy Act) calilss (pogas >
@ oyl as,e 0+ g esls &l (Internet Sales Tax) <oyl (og,8 Sllle 4 lag]
Iy polie cpl oo adl) Wlosls aly s, (Internet Snooping Bill) oo sl sgs (gasy
oS oo 2l | sastie SYLI goanles SO Lo (ot (#Bly S il pogs
e ge 001> HLis Jsaz o Rep. X L a8 X goansled Mo ils Lo seigas 4o oS
&ly o9 py 5o SS90 SO bl olgF s n0ex S gl LT i malyS 0

:[nloo)ﬂ |) o..\.:,{LcJ U"‘ Qd‘é

CISPA Reader Internet Sales Internet
Privacy Act Tax Snooping Bill
oy o g0 0.99 0,01 0.99 05
S8 e 0,01 0.99 0.01 10
Rep. X N Y N N
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sl esliind LTy Jlo pad 4y pud &g 4y waay ojlal el Dl Sge0 a5 e JlaS 4
5 (bl,Sses) P(Democrat) sl (i OYleiz! oo y0 i (Naive Bayes) oolw
S Ve ol lds ex el 0 il 90,2 (Woly s, s40>) P(Republican)
a5 il o Lo 20 39250 Lo (g00ls (gacgasme 0 oleB (g 900 a5 Ve g Ol S g0
Sl §$38) CISPA 4 oS oz |) gl 032 malys (o0 a5 ploo (o X (gounsled

148 0rild oo (pizan Cul 00ls &N = 39 (ol (6 pml aiadign STl

P(Republican|C=no) = 0.01 and P(Democrat|C=no) = 0.99

(6l dedgr S1yil g cusal g8) CISPA lan € 5l yloyslaio ¢ Jgo,8 ol jo aS
(Sl SIS 900 Democrat jl glaie ¢ olg> (5,944> Republication

h= p(h) | P(C=nolh) P(h|D)
Republican | 0.5 0.01 0.005
Democrat | 05 0.99 0.495

«!, (Reader Privacy Act) ,Busiles 5l cladlxs 95l a4 X (goaisles aSGl @y axgi b
el o0ls (Internet Sales Tax) <a ol (bg,8 Sldle 4y a5 «,3» I, g ools « L»

glie Coss @ 5 Joor
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h= p(h) | P(C=nolh) | P(R=yes|h) | P(T=no|h) P(h|D)
Republican | 0.5 0.01 001 0,01 0.0000005
Democrat | 0.5 0.99 0.99 0,99 0.485

o ) 50 25 O 4 oS (NOrmalize) gile Jbo 5 1) SVl opl 31

0.485 0.485

P(D t|D) = N
(Democrat D) = 5485 + 0.0000005 ~ 0.4850005
= 0.99999

Godisled S X (gdiges a5 20,5 g iy w0 19,990 Jliml b lepl 4 b
el Sl,S 500

&ly= , (Internet Snooping Bill) <o sl veds gasuy lp € » ol Lo wculys o
e 0 1,8 Al 5550 saisled (o

h= p(h) | P(C=no|h) | P(R=yes|h) | P(T=nolh) | P(S=nolh) P(h|D)
Republican | 0.5 0.01 0.01 0.01 0.50 2.5E-07
Democrat | 0.5 099 099 099 0.00 0

oal (nl Gog DlSses @l ey ¢ Jlekml 4 oo )0 11,87 Gy Sl L ol
&ly 95t (a8 a4 OIS ges (ed () dae + dlaws aS el s T 4 ol saus,
S X el a5 ey e 4o Ol 4 OYleisl pl elal  aisgs esls « 5

Sy Hlesddsl vgpls OIS 1 (pl aS sl olgz (5,900

EVlazo] e

By Ylais] 5l cuwss a8l o (Naive Bayes) oolw o o ,sXl o oYl
osls Coros plod 5l a5 aitwn ola] (true probabilities)  asly oYl .aciws



YVY B oosls j £ b

anolr o ol S5 & 1) b Giales] medlyige 5T e Jlte sl oo s &
1y s sazed ialesl 38o o (Bly Jlozot il yo b ¢ Jlo sl qutndlsi o0 orat
il o ol b S aseiin )l by saied a5l 5l g 5T 4y amgi L
|y Jli ol i Lo ol (Kn e L5 anal 3 31 S35 o sl ol
Sy i B b Hla3 0590 Camex 5l Sloaisles 45T Solal gdiged S bl L
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a1y odly DYl 5l s Cread LI ol e s ST 48 oS oo Al 1) Y Lo
55 Mgt (ol il S8 Lt ally SVLis| o5 el Jy weoie L
3ly Jliol &5 0 (22 oS oe s9pe wo b ) Jle o rinl jo gy 00 hd
«z3» sl (Internet Snooping Bill) izl seil gaz¥ 4 Ol Sges S aSiy

P(S=no|Democrat) = 0.03 .ccul duo,0 +,+ ¥ ol dass

25 S )59

wlgz 5 500z a3 Vo g Ol Sged a5 Vo LRI L o, YU Jloso! cpon Lo S 5,8
sl & (F15900 0,8 slp |y Jletol (it <5 Slael 5| Ko plaS iy Gess
o 1o iy ooy 5 iyl 0gids (gaomY 4 €, 5P
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a1 2 9’5
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J> oly = (8 S 359

wlgz (5 900 a5 Vo g SS90 yai Vo QLI b o) YU Jloo! ued Lo S 5,9
sl & (J15900 0,8 slp |y Jloxo (it 05 Slael 5| Sy oS ey e
fo,00 sl ooy o5l dgid ad 4 € 5>

0
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2 e Jloizl ol sl Jho ply Jlaiol oS (slie s YU Jle )3 o5 j5bples
polde sady A5 S e — 9,185 o 5L (Naive Bayes) ool o s, 68l ol
WWigd oo aiSle digai S ulol oS SYliml @S ol pl Koo e alis ax
WS o oy Slyml (a8ly Jlex>| (Underestimate) (yul 418 oS Cuwd Caows &

Aigd 41,5 oS Cewd a5 Wyl bles o

JSie J>
Oleilwlbee (@S Clus |, P(S=no|Democrat) 4 a i gz a5 oS = S|

Wy p ke

P(S = no|Democrat)
__the number that both are Democrats and voted no on the snooping bill.

total number of Democrats

)-:-5_6‘) 5yl 9gii (sazuY s g 00gr Dl Sgen Lo (590 4T (0l 1y g

».\...MJL’ ool

el Sgen S olasas )“SC)’“
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P(x|y) =<
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YVA W osls j £ b

n, +mp

P(xly) =———

equivalent sample) (gglue (sdigad go3laih a5 Conl Coli sae SO M (Jgo,8 ol jo
2 hm e Y gl bl sl Gglate M (30,5 (asein (hg) g0 g0 0anel «(size
D10 09y il 0gid gAY A ezl G ol sl sos sl Dglaie lake ¥
OeeBS lade a5 o P S o HIB Y Pl lim jlade e Ge» g « > polas
a2 Sopl 4 arg b way € ) €ogld gam¥W 4 pasd a5 o)b sl
S o LS S8 a4y e ol it B et (o8 Jlio oo €l 4 iy o5

a2 oo iulad |y lagly aS auS oSS 1y 55 Jeas dactl

(Republican) kolys 5,940 sl

CISPA Reader Internet Sales Internet
Privacy Act Tax Snooping Bill
Yes 99 1 99 50
No 1 99 1 50
(Democrats) ool )S'ges slasly
CISPA Reader Internet Sales Internet
Privacy Act Tax Snooping Bill
Yes 1 99 1 100
No 99 1 99 0
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Lo ol .cwlosls «,3» (gl CISPA & (oS guadls | of puolss o a5 cased
Iy G ly gl as puilay oS Lol cpl L) all olg s 900> aseds ol &Sl Jleis|
1991 O ye0 ol A Gledgas Jgo 8 0nS oo dwle (Cnlosls CISPA o,

n. +mp

P(x|y) = =,

olawi Ng g Sl OVor ply Sm) boled s 900> Slawd plpy N Jeoyd ol o
aS pa M (R ) olaws Ja) wilesls CISPA & 1) « 5% (gl a5 el oooled (5, 900>

:AJLSA 30 ) Oygo a4 aomdd Yb Jge,8 0 olael oyl 6L

1+2(5) 2

100 + 2~ 1oz _ 2o1oel

P(cispa = no |republican) =

b sl ool €539 I, CISPA & & i oo oalitl s sl |, T3 (et Yl
W ICH IR ONCIN I KV YUY

99 + 2(5) _ 100
100 + 2 102

P(cispa = no |republican) = = 0.9804

09d oo ) Jeaz ale P(h]D) 4 bgs po wVlaix! canleds ol b

h= p(h) | P(C=nolh) P(h|D)
Republican | 0.5 | 0.01961 0.0098
Democrat | 05 | 09804 0.4902

s Reader Privacy Act gaz¥ 4 X a5 « > slasl) Gl 1) 48 crad ouiles oo J>
oS dlre Cslosls Internet Sales Tax 4y X oS «,.5» slagly yioren
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Sl 03> « 5 (5ly o2 Snooping Bill

Jooly — oS 55 1, bslae

S bl lSges S gasd onl LT &5 s 08 S ) diese 0l
olgz(5 y9te0

Reader (gasu¥ 4 ccunl odls «,5» 55|) CISPA &y (ol ol a5 &l Lo
Internet 4 Internet Sales Tax gazY g5 45 g el 00ls « > 4], Privacy Act

el 0015 «55» (5l w» Snooping Bill

oS Slowle g Jgad oled asile s bt cpl 18 S8 g 58 dmle 4l
Internet gaouY 4 asd opl &S5 (pl Joo! oS o Joo (20,5 CISPA (4ly
Sl 0lgs 6 9002 SO ol il 45 Lo ol b wil eols €,3» (5, Snooping Bills

139 o0 dplons 25 O 90 &

50 + 2(.5) 51

00 +2 10z %

P(cispa = no |republican) =
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100 + 2 _ 102 _ 20098

P(cispa = no |democrat) =
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h= p(h) | P(C=no|h) | P(R=yes|h) | P(I=nolh) | P(S=nol|h) P(h|D)
Republican | 0.5 | 0.01961 | 0.01961 0.01961 05 0.000002

Democrat | 0.5 | 09804 | 09804 0.9804 0.0098 0.004617

Ll 85 S o izt Sl Sge0 3 I, Laed ol o ol by, Y e
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(No) .5 -
(cl Y2 ogd bl g0 (pl 5 (SO aSepl Jlaist 5 Clp=1/2 55,5401,

i500 45" ol 3l olawy (el Vool n gou) all Ha5 Ve ol wiles ST (gl >
2l el «sedentary - aieii b S e 8> ol (pg0 Jlow 50) bl o g ai)ls
bps ul b (pgo Jlow plor g pgo Shg 4 axgi L) wll «sedentary - awis

D9 0 2 Joo,8 gy 0,101500 of sl a5

0 +3(333) _
100 + 3~ 103

P(sedentaryl|i500) = = 0.0097
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O Cod blgsaanSle (Jlo Glp o)l ettt wlie SO blwwd § bbaiws
S50 gvae laosls a5 cunl Jb jo cpl s 5005 bjlgigily 4 daslgisl e
GV Vo0 e saVle sjeiws ol sl Ngd oo 48,5 IS 4 aseie el
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ol )3l 51 golasy am — o jlos oo | alises sl j> Lo (Bayesian) oy 5 slo g, 0
lacol jo adl g — ot ((geodlw Ol oSlis 0y )5 Jlie j0) atwi b S i 8
69 M) wiid wlado So o as |y slaie il oo 4535 A Cansd aine
dam ly sl Tonslonia 1) Dlied 52l ilel oo 4558 (Jlo sl o slaniy (S

13,1 3929 (g 99 Jlgw 0

G dsdiwd 9 l.mu’?.,.lc el ) L):’j)

sl g,y sleslaiwl L ) alises sloganaiws g laa il as cl (pl g, S
aaliisyy slopsd b by 10 Ysans ) 5 (ul s ploxil b Sy (5 5lodinns
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VA 5l 5SS
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“holseSses
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S

e plgise O A

\

p....f solan) sols

(Gussian) wsS slbg ;e ¥ b,

lanS s il g,
5T as el el
S5l ealinal b g o8 oo el
S ol b Jlemol S5 2l

U PP R

esbinal s 5l s Sk s e

=

b |

Jzl J&>  xb» 4 «(Gussian Distribution)  weS xje»  sbo,le

Sl i alle cpl bl wwnl oo LIl Ll 4 «(Probability Density Function)

L8> g S La:QT S e Sy ol e Olds wolw g sole o jle

Sys0 ) lrepl b1, a5 Jle 0,5 eolaxwl (Naive Bayes) solw 5o 0 oyl 5l olgs o
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Main Interest  Current How Motivated ComFortable Income Model #
Exercise Level with tech. (in $1,000)
Devices?
both sedentary moderate yes 60 i100
both sedentary moderate no 15 i100
health sedentary moderate yes 90 i500
appearance active moderate yes 125 i500
appearance moderate aggressive yes 100 i500
appearance moderate aggressive no 90 il100
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 10 il100
health sedentary moderate no 45 i100

ol e Gl s cel 00,5 gyla s 1) L 500 Jeaze aS (gole 2L>JM,>‘ 5
oy |y jazd cul poleu Ll 5l ST el G ax o g ooladl 358 Jsasme (Jgaxe
0050y ) Jgazme ol llay > Lglﬁl)bxﬂ)oo.:i;l.,oa)loolicluﬂ.ﬁ

90 +125 + 100 + 150 +100 + 120 + 95 + 90 + 85
9

mean =

955

14w Ao o 1) 0 lasbinl Gl ysuil (LS (ol 5l o e Jad gasdlas b wylis 4
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Income
(in $1,000)

90

125

100

150

100

120

95

90

85
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Income (x-106.111) (x-106.111)2
(in $1,000) e \{m
90 -16.111 259,564 9
125 18.889 356.194
100 -6.111 31344 = /404321 =20.108
150 43889 1926.244
100 -6.111 31344
120 13.889 192904
95 -1L111 123.454
90 -16.111 259,564
85 -21.111 445674
> =3638.889 /

-

Bges 3 )lailiwl Byl § Cores o lasliw] Byl

Coroz & jlasliw] Blyoul (0,5 oolawl o lasbs] Blyoul gl YU Jle jo a5 Jge )3
Ly exlanssldS Jgo 8 cpl slp 1y pb ol oo ls oL (population standard deviation)
45 Do oo (smrazr oolod Jold leslrosls a5 (uS o colaiuwl Jgo 8 cpl 5l oK
S eplyF Sl Sas (Sl Gln S Jelod g dalllas Lol 0)90 50 enlss o0

&l 1y 0 it Gzl 5 Siloe s g a2 plosil el tils 0+ (59, 2 1y Giulej]
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_ [3638.889

= 9 -1 - V454.861 = 21.327
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- (x=pt )’ Wi = 106.111

1 20 Oij = 21.327
P(x.ly.):—e if _J_ .
C ,fgmgr_j Xi = 100

oS R oo 8 4 ]y polie cpl ses o5l Yl

1 :
P(x. ly)= p 2021327)
1) V27(21.327)

i plil |y iilaslre (o5 V>

1 ~(37.344)
P(xly)= JarTye
(1) J6.283(21.327)

i o5 9

P(x!. ij): 53 ]458 e—()_(]aﬂl
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1
P(x, ly,)=

).g‘).j ‘J.M:L: )Yo Yeooo

2 el a bl YO a5 glo Jowegil sly |y (HP) jly sl &0508 g0 3y Jgdz o
Datsun 210 S a5 ol Jlozol oilsy palys oo plos ol |y aiiS oo B pae o35 I
I S Ly Jlo ¥ Junogsl il oty 45 byt il by adly oy sl VXY o

53.458

(2.718)**" =(0.0187)(0.960) = 0.0180

© el oy, 1500 &S sasd el aSepl Jlas! e

car HP
Datsun 210 65
Ford Fiesta 66
VW Jetta 14
Nissan Stanza 88
Ford Escort 65
Triumph trT coupe 88
Plymouth Horizon 10
Suburu DL 67
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0 505 1y ol
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car HP
Datsun 210 65
Ford Fiesta 66
VW Jetta 14
Nissan Stanza 88
Ford Escort 65
Triumph trT coupe 88
Plymouth Horizon 10
Suburu DL 67
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Wy = 12,875
0y = 9.804

Xi =132

oo \/(65—;02 H66 =) +(74=)* + (88 =)’

+(65—1) +(88 —1)* + (70— )* + (67 —pn)*

o= J 6727'875 =+/96.126 =9.804

Datsun 210 S a5yl Jloiol qoilay a5 o s Jilas plos yl 1) 0isS g0 B pae o500
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My = 12,875
—(y—1; )
g; = 9.804 P(x,1y,)= L
210,
Xi =132

1 ;

P(132hp 1 35mpg) = o 200804
DS ar (9.804)
—3495.766
= l e 1322;;)6 — 1 6—18.]85
J6.283(9.804) 24 575

= 0.0407(0.00000001266)
= 0.0000000005152
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S glosly |y ol il oo
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import math

def pdf (mean, ssd, x):
"""Probability Density Function computing P (x|y)
input is the mean, sample standard deviation for all

the items in y,

and x. mrrn
ePart = math.pow (math.e, - (x-mean)**2/(2*ssd**2))
return (1.0 / (math.sqrt(2*math.pi)*ssd)) * ePart

oS loeiel YU Jlie lea L1y &b ol ool

>>>pdf(106.111, 21.327, 100)
0.017953602706962717

>>>pdf(72.875, 9.804, 132)
5.152283971078022e-10
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05l s3lwesly

&S0k 5
o ojll ol lgtnl bl OYlis! g s OYlais] olal g sl 5 b,
Sl (prior probability) i Jleizl 00,5 5 oloz (6 50/l S g0 Jle @
aS il e ST Jle (gl g go aiils 4S5 (g0las, o (gonalie L8 a5 cl
aSepl Gl i Jloiml G wiylo 0929 Ol S50 Yoo g 0lg> (6,900 TYY olass
O yge 4 AL (republican) olgs g geex 15 0l Bl Ll 40 olgds 0,8 S
2290 Aol )

p bli _ 28 0.54

(republican) = 233 = O

oles b (conditional probability) b ,i Jlax>! .cosl P(h) goaimslis o) a5
oS oo 2 | Jiz! Lo (Naive Bayes) oolw 5o ,o .P(democrat|bill1Vote=yes)
P(billlVote=yes|democrat) . Jlws !y .0uiS o0 dslxs |, P(D]h) 4
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@ (el o dictionary) ¢ ,uaSis S yo 1) dbyd OVl pl byl oS ol jo
oS (0 (5,108 ) O g
{'democrat': {'bill 1': {'yes': 0.333, 'no': 0.667},
'bill 2': {'yes': 0.778, 'moderate': 0.222}}

'republican': {'bill 1': {'yes': 0.811, 'no': 0.189},
'bill 2': {'yes': ©.250, 'no': 0.750}}}

Sl Lol eols « o oly (ill 1) Vg0 lels (gam¥ 4 sasd aS ) s e
Sl on WYYl P(bill 1=yes|democrat) ! &l Sges SO ol puilas a5 b )i
Cowl S Lo olie 4 (S oo oolatwl o Shy slp 1) lesls Lsle pl b
oolie o STy aS L ol pl b (€0 5 €0, b &3y 5 « L Jle 6l )
oslazul (probability density function) Jlu>l J&> ab 5l L s goue
(A (S ol ln |y ged ol Szl 5 Sls (sl ) 0l (sl 5 S n
22,5 polys solatul 5 Lsle jligose polie (ul gl o lo &

mean = {'democrat': {'age': 57, ‘'vyears served': 12}

'republican': {'age': 53, 'years served': 7}}
ssd = {'democrat': {'age': 7, ‘'years served': 3}

"republican': {'age': 5, 'years served': 5}}
Gl Ty 0gd oo 0ole lis ools LBy ks O L bdiges I plaS He alinds aile
Sy ools LB Jol lax wim (Jlie gl 2gd 0 lam o2 5l tab L baaiges 5l plas™ ;o
:Cwwl 5 O y90 4 (Pima Indians Diabetes) wa )0 law <ol gools (sacgome
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(o9 Hlad Ledly S8 cdale an ol oleds olaw Sols s 5w baygiw
Crilas goaumolis ¢ g cobs yiils geaumolis Vo ep S gie 0 g el o
G 1) bgin 3l plaS 2 ol p AgSs> a5 puoo Hlis ey o Al ale (pioren

(Bayes) ;o by, 3l g aiwd goas i Jlade gl aF wis olayeiw attr Ojle
S oo bzl ol ools yLas Jad opl 4o LS aS

el (5338 (Shy lyie 4 (el & WS o0 patie | plaggie UM Ojle
Xy s 0,42 (probability density function) Jlos! J&> &b 5l beygiw ol gl
Soisel plSam o 1y o libial Bliil s (i Siles e (il lagsie cnl sln s
&ly 10) WS e Lain 1) diged S At o5 cul Jeiw 5oLl class o jle
(2550 3b oaly> (o0 &5 S5uzr

1y Oyee 4 Cw,d (Pima Indian Diabetes) we jo low cobs gools (gacgomme 4o

09 M‘?
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"num num num num num num num num class
closl ge losls Hisle o 4y iges 8 laibinl Bzl 5 Sk gamle (sl

3l ed S A A o5l o bgay oS oolaul u:)}y,‘ BN QT 56 p.l)la
:M)‘l..\;.:.g Gcali; «(Pima) Loo cobo gools (sacgasms

Sl (Jgl 585 ans (x) gl Gaigad A oy Consl gl y2 sail Sl BT (g
S SRy N Gbapsie (oolei aijlai cobs YL S o BT saigel aw 5 a3l
asb g0 cpl 5l plas o (gl o lslivl Blyul ¢ (Sl puslsr o V> aivn go0e
aly plsm U p)ls 5L ( Sy o 9 alib 5o 50 (:Sle ol Sl oS dnlne
03 |y badigel gaon olawi ol Jlo o o Jed oS (0 o5 zex byl saen

iploo S (g5lwosky ((6,xiSo s SO jleslaiul LIy cpl o plos S

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}

Y ogw gz oV + ¥+ ¥) Gl A Bl ) eiw pex (class 1) V gasl gl
+Y)\~ﬁ‘).3\ QBJL.‘.:&A.?s(ClaSSO) i Lg:uu.b Lg‘).g ] P]b)sjaum.fbs\ﬂ\//\ ).3‘).3
A1 jebiren g Sl YYY 5l Y g go oo + )
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numericValues
{'1': 1: [3, 4, 1], 2: [78, 111, 189], ...},
{‘e': {1: [2, 1, 0], 2: [142, 81, 100]}

oo o init () &b jo ) Cdse slosls JLSlu pl b o S adlol ) laS (] e
o3l 3 oS ale Classifier

import math
class Classifier:
def init (self, bucketPrefix, testBucketNumber, d
ataFormat) :
""" g classifier will be built from files with t
he bucketPrefix
excluding the file with textBucketNumber. dataFo
rmat 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"
mrmrn
total = O
classes = {}
# counts used for attributes that are not numeri

counts = {}

# totals used for attributes that are numereric

# we will use these to compute the mean and samp
le 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

Ol gidaliy 51y s9lSoslo MY Y

range (1, 11):

# if it is not the bucket we should ignore,
read in the data

if 1

= testBucketNumber:
filename = "%s-%02i" % (bucketPrefix, i)
f = open(filename)
lines = f.readlines /()
f.close()

for line in lines:
fields = line.strip().split('\t")
ignore = []
vector = []
nums = []
for i in range(len(fields)):
if self.format[i] == 'num
nums .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[i]
# now process this instance
total += 1
classes.setdefault (category, 0)
counts.setdefault (category, {})
totals.setdefault (category, {})
numericValues.setdefault (category, {

classes[category] += 1
# now process each non-numeric attri

bute of the instance

{H

(columnValue, O0)

+=

1

col =0
for columnValue in vector:
col += 1

counts[category] .setdefault (col,

counts[category] [col] .setdefault

counts[category] [col] [columnValu
# process numeric attributes

col =0
for columnValue in nums:
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col += 1
totals[category] .setdefault (col,
0)
#totals[category] [col].setdefaul
t (columnValue, O0)
totals[category] [col] += columnV
alue
numericValues [category] .setdefau
1t (col, [1])
numericValues [category] [col].app
end (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, {1})
for (col, valueCounts) in columns.items () :
self.conditional [category] .setdefault (co

for (attrValue, count) in valueCounts.it
ems () :
self.conditional [category] [col] [attr
Value] = (
count / classes|[categoryl)
self.tmp = counts
#
# now compute mean and sample standard deviation

#

Sy oS
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c = Classifier("pimaSmall/pimaSmall", 1,

"num num num num num num num num class")
>> C.5s5d
{'0': {1: 2.54694671925252, 2: 23.454755259159146, ...},

‘1': {1: 4.21137914295475, 2: 29.52281872377408,}}

>>> C.Means

{'0': {1: 2.8867924528301887, 2: 111.90566037735849, ...},
‘1': {1: 5.25, 2: 146.85555555555554, ...}}

J= o, —asn s
:d;ﬁu‘crn uk> d) ¢ﬁ‘

#
# now compute mean and sample standard deviation
#
self.means = {}
self.ssd = {}
self.totals = totals
for (category, columns) in totals.items() :
self.means.setdefault (category, {1})
for (col, cTotal) in columns.items() :
self.means[category] [col] = cTotal / classes]|c
ategory]
# standard deviation
for (category, columns) in numericValues.items() :
self.ssd.setdefault (category, {})
for (col, values) in columns.items() :

SumOfSquareDifferences = 0
theMean = self.means[category] [col]
for value in values:
SumOfSquareDifferences += (value - theMean
) **2
columns[col] = 0

self.ssd[category] [col] = math.sgrt (SumOfSquar
eDifferences
/ (classes[category] - 1))
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def classify(self, itemVector, numVector) :
"""Return class we think item Vector is in"""
results = []
sqrt2pi = math.sqgrt (2 * math.pi)
for (category, prior) in self.prior.items():
prob = prior
col =1
for attrvValue in itemVector:
if not attrValue in self.conditional [categ
ory] [col]:
# we did not find any instances of thi
s attribute value
# occurring with this category so prob
=0
prob = 0
else:
prob = prob * self.conditional [categor
y] [col] [attrValue]
col +=1
# return the category with the highest probability
#print (results)
return (max (results) [1])
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def classify(self, itemVector, numVector):
"""Return class we think item Vector is in"""
results = []
sgqrt2pi = math.sqrt (2 * math.pi)
for (category, prior) in self.prior.items():
prob = prior
col =1
for attrvValue in itemVector:
if not attrValue in self.conditional [categ
ory] [col]:
# we did not find any instances of thi
s attribute value
# occurring with this category so prob
=0
prob = 0
else:
prob = prob * self.conditional [categor
y] [col] [attrValue]
col +=1
col =1
for x in numVector:
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mean = self.means|[category] [col]

ssd self.ssd[category] [col]

ePart = math.pow(math.e, -(x - mean) **2/ (2
*ssd**2))

prob = prob * ((1.0 / (sgrt2pi*ssd)) * ePa
rt)

col += 1
results.append ( (prob, category))
# return the category with the highest probability
#print (results)
return (max (results) [1])

el «(Nearest Neighbor) aslues (p 53835 » b, 5y J> ol ol U
Cobo slaosls acgome (g5, p 1) (KNN) Glucen o 5 S005 K 00,6501 Lo i Jad o
Sees,S oinleyl ceusls eb pimaSmall a5 o1 5l slacgeme 5 S g (PIMA) Leo

g ) Dyge 4 bl wall b,bl

pimaSmall pima
k=1 59.00% 11.247%
k=3 61.00% 12.519%

il 53 )50 4 «(Naive Bayes) oolw 5o o )65l (sl ol

pimaSmall pima

Bayes 712.000% 11.354%
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1
P(heads A 6) = P(heads) x P(6) = 0.5 X = = 0.08333
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12
P( facecard) = 37 = 0.375
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6
P(red) = 37 = 0.1875
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P(red A facecard) = P(red) X P(facecard) = 0.375 x 0.185
= 0.0703

S VAVD bl 50,8 0,5 SO Gl Jleial aS eSS o bo 4 Lo il > >l jo
S S o8l ase Ve Jlaisl 4 quaylopn 1) 6,8 )5 S L ST Jg cl
w|~,\AVO ).").s ‘)lou..S.c

ply g bl b wSe G5 SO Al izl pugpm 1) 500 o) S pdlei o b
o )5 aa wiloads ools 13 oo culy o) a5 S 4 el 2 YVO
SoSe p2 g il 0,8 o2 a5 S5 SO Ol Jleis! e aiiiie 508 o uSe
| ’,\/\va )"‘)"LS"’U <0 )..b)..a 'A"V(b ).31).3



Obwsgidal yy sl s9lSosls W YVY

i a3 S0l ol 4 S oy 2005y 3 1, VL] i soi s Lol o
97 NS o0 ey s Sl eSe )5 S Jleisl e o 1) 5e 8 )8 S ST ws
Sl

Jine 50080 5l o Shg csalSosls (Aly Jlus )3 (aen &5 5N 3190 5l (55l 5o
AL Asly o 4 g DS

(039 9 98) etBlo (Fhg 95 Lo cdegazme (nl 15 S jpai |) (3555 (S0310 Sacgae
O a5 ol Lol ol oy 08 Loty [z ja 3905 Jitns [S00SG 5l (339 9 98
sl yidio 0Bl 02 50559

2 5 s o S5y nl oyl ) o g Sely0 (S Sl Sy (e 0 (58
a5 500 pan g Wyl (SHp il a5 s wlb Gl pandS (6w SO s
Sas Palo Alto sdilaie oS Skie wilond sl iglejl slacs )l bl
cals cwl See Arizona gadhie L all ool Grai alll Ve ol by col
L A T TS e

S sblis sl wile plagar — WS S8 (o5 3 hrwge Sl SRy o)l
3ol olaws po Lrepl 0 (S Jaig slalas slass L (O B -+ 5l eKenls
wsls (enl LS sl g0 Jlade e ST Jle (gl aiinss Jias da Sy
Bdes SS9 S Sl Glerg e 929 Jlekl el

ol 5l ooy slani @il adls o3 Gialesl @bt 5l slosls Gasgerme (o 0S5
5 ol T4 aiile 09, o yiolesl 51 golaws (Jlie gl aiins o2 5l Joias polie
Sl 352y ialesT 65 ool peolie e cwsSae bl 45 dited S50 TSH

oS5 Jle sl A I e )S 055 o L a5 iz 3 jlge 40 o0 l0gE
Slapld slo Shy fae Jites lagl LT asd jgate 055 03 0 1) b foeg]
osilel Cols slawy 5 sla S5 b sl iz

ookl ol S5g 5l U ayls 5l b caiS Joe 9> (Bayes) o by, a5 cwl 6l e
) Ja HLs, Ol Bl sbss Bl S ool g il oo 5l Jiis a5 oS
e lasies Jits o Sy (nl peiS o0 28 45 Sl (nl S (o0 Lo 45 ()15 03l
) JSie ol 5 S o3l Gip 5 ilie slazer 55 B sl (sla
Sygo 4 a5 15 eeel oo (Naive Bayes) oolw ju |, (g, (pl b oo S o0 00ual



YAY B ools B b

Al s aals Janes bly 51 2> 1) bS5y Sl (55 slesls
ol b G S e Jos 093 Sl sl ool s gy a5 Sy o0 S 4 e S o0
looluw ua)s

iy oS
Sy $0S Lzl e sas slrools (sdegemme (595 3 1y ool jur a0 ailys oo Ll
S gl 4 b eragil Cogu Bran gools (gaegezme (595 5 KNN (2,630l ¢ Jlte
Sacgozte Ol Sl e > ol e b, LT Lols oo (50w, BY CBs (MPG) I8

Sl oals

tenfold("mpgData/mpgData", "class attr num num num num comment")

.....







Sl Do gt (g duanb

@ poye lagl o aS sl el samsslpiin lapiaaw 4 (L3 sla fad o
Jio (sl 3505 o o sl (sloslins (sl b 1y Giis slager g po &30
thumbs-) cadlye galis & Vb ceal Phoenix (desge 095 lp o)l O
3l goae iz sl wlie b g (thumbs-down) cialbue sailis 4 ol Cuad/(up
s b gl (ol Djg0 4 &S plager 4 uizmes o (20l Gl sladiges
ol Ul b 6l — canl )5 5ld ) g, ol 5 (Jlie 020,5 olS 55 i )8 e 00lo
Cailos S IS (ol Sl 55y 2 LT L oy |y ol o] S ol
W8 aile glo T 5l et ol puilail 25 sunatd sl 4 Hiores
ool wanl 03ls (gl e jo Y Sy 4 patd Sy aSinl > Ly 0
by culys oo (Solw 4 ools sacgamme (0 Oledlbl daaiges (pl soled ;o .38 ,5

Dgs o3y isled Jado S



glucose
age level
8
26 7
111
56
1
23 8

Ol gidal p sl solSoals W YV F

plood diabetes?
pressureé
1
50
1
72
78 0
-"ﬂpg
Cyi ﬁnders
30
4q
45 68
4
20 48

8
130

sec. 0.9
19.5

217

(S — i By ,ee «(structured data) il \lisle slaoslo» 4 osls 5l g oy
Galeg 4 Vb Jgoz wiile Jguz )0 byl plen in baaiged gl jo 457 glool

L el e sbeools Lams plxl L9 (cylinders) joslew olows (mpg) 5
L by slatis ius Colwoy sloply (Ll sloply anle il Lolu 2

Sygo a4 Oleised (Jlezl ol G jo Blas) |y b g45 ol ot baaaliyy, oY las

Bl gl Jsuz o )0 S pe 5 el
oS Jolod | baekd (nl 9550 50 g Glaply pedles (oo 5 o> b wite



YAV B jbsle om ete ijla g Y Juad

&
e "h//,e"
v
- save your ' 7y 2 K
rphy MIPY o faradty. FIoese ’ %‘:;,ha”“":u%
pebra Mu e hype © kg, ;:ss
g r
t

by th g, n
\ am so stunned &Y S Phoy 0 ey
$$% " o,
S o0y Vi,
Really et ¢
time ... i ey
anD nt be in my 1P 1ooteh PR ot /"slagra ’[',Mmd

ey ovie #Gravity wo misieading®  aravorte M 04 s m i

The Mo, out the tie 850 =10 L 43 patwest e Pisq

incred! 5

v,

Collapse !‘g 6 ‘ he |
nabd o

7
5
3 Andy Gavin v
! +Gravity - Puts the Thrill Back in Thriller - shar.es/EwNuL - o Plus The
e " Mirkinson mb scares.
visuals, excitement, good acting, what more do you want? ﬁ J:i:ndai thoughts so far: U?:‘hzowocs\ movies ever made Su
of Favorite
i.a Counselor 100kS BB ot «Reply 3 Retweet o
Expand
) Tahmoh Penikett
| didn't think #gravity could possibly live up to the hype.It did,
4o and then some. Game changer. Ground breaking, on edge of your The Disscive &t 5
seat, film! $ g
||D The Schwarzenegger-Stallone team-up ESCAPE PLAN is small
enough to make its diminished stars seem big again:
bit.ly/19MeGWK
Expand 4+ Reply 13 Retweet % Favorite ***More

old 5l Andy Gavin Sks a5 aeis YU slocws 5l pulyice dapl; owdS L
lg Hlred @ 1) ol a5 sl 4 Cang SO 40 gl e Sl sdwl Liig> Gravity
culs g9 ) a5 cwl 4 L g «(puts the thrill back in thriller) s )ls
odels yide> old 5l L s 4 Debra Murphy a5 4.l o L «(good acting)
5 15 €8S SaVe YOUD) S 0,53 5, Ve b s 53 ol oy
i |y o8 ol b ded i 1) Gravity (old pales o 0 L L» all aliy
Yzl asis ol «(Ml wanna see Gravity sooo bad, we should all go see it)
el 00,5 oolatuwl «(bad) P gaelS 1 as ax ST ol alils cawga 1) ol

Sz by Cabe pul 4 iz g ol D9SNl gojlie yo e S (558
5 oyl o |y phibge Sowsl oz Ladly LI Jg 0l oo Sld> Jlai & .o |, (Chobani)
S LS o e b Sy 5 50 |yl & e Sz 5 oS e e ST 50
Uimlgize 45 suilg> «(Woman Does Not Live on Bread Alone) &S o S
292 55 wile 5z

S 90 50 STandl 9) aujlo 1, lulaads @ 31 S0les, 95 Sbgs conle Jl> 4 B L]
lacale (nl By (> g p 395 S (JU a9 () oo &5 S S (o0 S5

ol 09,55 5l dm (e g wog slasls g s (L3 w2 L il ool g oy yg



Obwigidal yy sl (sglSosls B YA

S g iy ol ools pab el ed 1 Cenle Lol Ban 1oiS o olS uleos]
50 658 s ) ol (e g5 S i |y Cenle opl il o 48T o] ol
Ored) Cewl oaly ABLAl (] 4 Gl ek obml Glp e gl Ty e
(ol os5 a5 T sl (oo e = 05 @l e Juue o 4 pliogs wiilys oo
o Sy ey S ST s S Bras Jue (8 Bl Sl s (e oS 4 S
@ Jee )5 sle 356 ST il amsls glosl supd 4 ki alal g aslis
Slaz SS,5 5l Glogae slapab s 1) aapl elS 5 @S e adlol prale
ool 50 ogae a5 el Jb> o ol Wl S8 6 lade 393 4o liwles «(Chobani)
S )l 3,05 1, (Chobani) Slg> o5 b dats JUy ST .aias (65,0 i HolS lacesls

el 0elg> Jaie led 4 g Cowl ool aisll 5 [Fage
e g 0S e S lop yiin Yo ) b ciw 00 e et o Slg cule sl Y
Jolas o )fs 1y i)l Jg 2gdise i 3)ly yiier Syan )b e 50 5T lagus

http://womandoesnotliveonbreadalone.blogspot.com/2009/03/sugar-free-yogurt-reviews.html

bl s § e b oy Cdie 2e G (Chobani) Sl <8 i slp e opl L]
5 S paz |y GlealS 5 0S Ggie |, Gailss i D 15y 4iS 45 ags (galox
ol el Sute (e Sy e Gl &5 sy 00 Sl 4 ol e (JUy @ ) (logs
Sl cwle cnl @l jo 9 sl Jle g 0jadis jlon 050 g pab 45 a0 oo gredel (e
oiilorial g oy 3 1y cenle (ol Wb aS o)y o Hlas 4 .l 00,5 ho gl 0jelisr Cnle

S syt VI oS



VAW sl a0 gie B5l0, Y Juad

Il ool Gravity wld o)g0 ;0 Cude Cangs S Ll 4 John BT



Olusgidaliyy 51y (s9lSosls WYY

e ol LTS 0,50 el 5 onilys 1) (gie Wlgi oo a5 5055 s S 05 (28
e Sl JU sie b Cenl Solie (6 ka5 oud adsl ol Jgaze S 390 40 a5
(Sraze (soaiig b 8 18 o oS (25 Gl S oot med o 4 |z Sl
a5V game 350 50 a3y 45 Wl aly e Vel g 3 )ls &l Ceadls 45 Eal
S oS0 ol St b cenl e WL wasF oo pope a5 (siez LT S5l ok
2 Jyame 5l poye LTl 00,5 lailely syozr Jpame Sy sl SUeks upeS
(S on |, Cloyls gliml 5z azren o & Lot 500 120 (o Slie) aitean
S 0 e b (g oo |y €ln B350 a5 4 s Jre Dlaz Mie) atied (B L 5
Cudie gingez Ll 0S oo Comeo 985! OMSie 090 40 a5 o)l Wlals SO L
Sz S d el sl pudme ool 51 (Ko Koo Jie sl b Sl ooy
St |y Gliges (nl ol 5l )3 LT miilay mealss o0 5 ol 00,5 155 0 sl

e yso LB 5 e Sl 5095 e S SBlogl (nl b G $ b oS 25

Garai b ot G ol sl Yo o>
S5 ol e 5095

LT a5 0o ansedd wlgty wis (ol 5 000 Argh pls S ol (o 9655 28
55 oyl ol b sl on 1y b ol LIS s |, liE Jgarmo o asds Sy
by Jpaze S (il Cungs Sl a5 SlalS 1 Glasgere Sy prale a8 oS
Cusgs Sole a5 SlalS 5 Koo sasgaze o 5 oS Spslenz 1) aites )5 S

oS Sslaez 1y as )5 g Jgame G bl



YY) B sl o0 ete ijla g Y Jad

Wd Jpaze S «like — pils Cangod a4y by a5 SllS
(delicious) o jeusg>

(tasty) pab o>

(800d) g5

(love) sis

(smooth) e

d Jaae S «dislike — idlas Cungo? 4y by e a5 SlalS
(awful) Lzl

(bad) ;2

(bad) o

(hate) ,a:s

(gritty) o %,

Cawgo |, Chobani cale Jlo slp ased o b poin B oS (035 aunlgse 31
Ad Code SlalST (gac gz (0 4T SlelS add coslu Dyg0 4s iyl oo > Lol
SldS dcgome 10 a5 SLdS o] 5l aw 5 08 Lbyleds AlBINE I8 a5 e o )
G e (pl )o DlalS asgaze plaS” a5 pl ol e jleis 5 | s o0 e
L5 ool oed oo gomarb aie b Cude 4 el bl ol oolatll i
09,5 o bl Jlo gl oas ool 55 K00 stk Sliles (6l oailyi o0 mizren
bin §> Wbke) pro-life L cool (5,01 jo s> hiw 3> 38l50) pro-choice
WS oo oolainl 09,8 plas SlalS bl audle oo 3 1) gamaids ol S(pu
Sl cpl S solaiwl «(unborn child) G Sog5» asle SLIS 5l o) 31 puogis
WS oolanwl «fetus - pum» gaedS 5l 3T Jg .ol pro-life og,5 ol a5 cowl Lixs
50 OlalS 5925 5l puileis 45 s e L5 .aisiis pro-choice (s sYL Jloixl b

oS ool e ganaib (gl p ccalize sy guaiis



UL-.Q_,J.A.AU).! 6‘1.! 63[50.)‘.) mYYY

Gamaib ol olls Pl, olass 5 ladd aSenl ol 4
ot SeaS €osls 3 31 Sl oS solin! e
=argmax,_, P(D|h)P(h)

\ s
4 i\ § 05 9Ty 1y Jges® b )

Lo b colod palss oo
Lislars,® 50,8 omn
oS Sl 1) Jlozs! o i as,d o Jlaz!

hy,» = argmax,_,, P(D | h)P(h)

oked Slee yo ch a3 5l plas 0 ol
wHlras,s

Sela LYy D ool gedle SO S s
JL..';:-‘ JL“...; 61}.5) rg....S sanlis h ‘_gd.:..b)ﬁ
FAL e S e e gealS S geanlie

(ol azzlo 1) e T a8l




YYY B jbsble o0 ete ijla g Y Juad

ooliiul (39,5 Cummo ] 3,90 40 b Juad ,o 45 (Naive Bayes) ool ju (o, 5l Lo
Y oS alxgl 5lg 008 ot (sBigel sodls asgerme I oolitul b oS oo
ss9e] il (sdegeme e gazme (ol @ eutS colitul Jisle oo 5te 3l el e
Cw S ol oly sloaiged 5l plas e 0sd oo axaS (corpus  training)
2 095 (gl Camy g ale) ST VEe S 51 s> 095 o ool (document)
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ol Jeisl A g o ) ol 5 mens Ghipel dag] slacanz
Sl 00 g medl 4Bl (g0l (agemme ;5 (Lo iw Voo e STl gz
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P( favorable) = 0.5,P(unfavorable) = 0.5
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1 0235 2 oS o
hyap = argmax peyP(D [ h)P(h)

slosls pls slaz ) G sonnline Jizl =4S j9,50 o2 1, P(D[h) cond 0uls Y
3 peplss oo a5 D (gools Lyl o il ailo ) h gas 3 a5 bi ul LD aule
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1,000,000 x 1,000,000 x 1,000,000 x , 1,000,000 x 1,000,000 x
1,000,000 x ,1,000,000 x 1,000,000 x 1,000,000 x 1,000,000 x
1,000,000 x 1,000,000 x 1,000,000 x 1,000,000

ohe) S Al 18,5 dnls gl |y @Yl 5l ool Jus slass a5 0 uS oo canlice

Ltk 413l g7y ob 554

AS 09 oo Ccl £9090 prad g Wgd Al Wb OVl 5 g0l s Slaws >
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|Vocabulary|
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word P(word|like) | P(word|dislike)
am 0.007 0.009
by 0.012 0.012
good 0.002 0.0005
gravity 0.00001 0.00001
great 0.003 0.0007
hype 0.0001 0.002
I 0.01 0.01
over 0.005 0.0047
stunned 0.0009 0.002
the 0.047 0.0465

(i b ol Caito L1 4S) oS (gamailo |y ) Cngh oules oo 0iS (5,8 V>
| am stunned by the hype over gravity

P(like) x P(I|like) X P(am | like) X P(stunned | like) X ...

1)z Jles! iomen g

P(dislike) x P(I| dislike) X P(am | dislike) X P(stunned | dislike) X ...
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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 0.047 0.0465
hype 0.0007 0.002
over 0.005 0.0041
gravity 0.00001 0.00001
M 6.22E-22 4.72E-21

dislike= 0.000000000000000000004720

(ol Yt Gy o 3T ygi)

s g like = i) cowl Jloaxl o i gl)lo aS oS JauB 1) glans 8 Coled o

(dislike =

199 o0 damle ) Dygo 4 OV
like= 0.000000000000000000000622
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1.23e—1 = 0.123
1.23e —2 = 0.0123
1.23e —3 = 0.00123
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>>> 0.0001%x100
0.0

:W)Gﬂ)i@}‘ﬁ-édodﬁ*—i’.“%‘miséo?w@le@yw‘p-’%)m;‘sls

>>> import math
>>>p =0
>>> for 1 in range(100):
p += math.log(0.0001)

>>> P

-921.034037197617

b" = x ..ol oé; ufs}abs C.w:‘uSoA
Coad (YU 55 N s32) Gl ples (YU 5o X sae Se) sas o sl (og oyles L) o K
Vo plp (B) 4l sae 0uS 6,8 (Jlie sl ailu X sae 4 1) (b) 4l sae Wilgs o a5

log,,(1000) = 3

Dgdge Ve Al Yol Ve e
a5 S )l )5 e sae s Ll e sae (o B AU sl b sae el o
] 50590 90 Gl Ola> Lo (gl VI

olael puled g0 mon ) oolainl b Jag) aiiS g0 00,08 | olael wlide dap )5
(oo Sales (gl o 1) 1S sS

e s

.0000001 x.000005 = .000000000005
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—16.11809 + —9.90348 = —26.02157
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(Newsgroup Corpus) (s 5 gie sools (sacgazo

So sl eslatll Ll I8 el eSS oo owyyp ) e, eXdl ol 0,58 (ogeu ol
pll el ouls C‘)é':‘“" usenet Lg).o- slaiiyg 5l as &>y odls sdcgame
oled b batus) 5,5 0,5 Ve Jold baaiiy 5l slacgome Julls daosls puos o
osls slas comp.graphics L aS” « G818 550l 05,5 e gly) i (Ladls

(995 o

comp.graphics - misc.forsale - soc.religion.christian - alt.atheism -
comp.os.ms-windows-misc - rec.autos - talk.politics.guns - sci.space -
comp.sys.ibm.pc.hardware - rec.motorcycles - talk.politics.mideast -
sci.crypt - comp.sys.mac.hardware - rec.sport.baseball - talk.politics.misc
- sci.electronics - comp.windows.x - rec.sport.hockey - talk.religion.misc -
sci.med

SIS 58 WS et 4S5 0ued dxwg |y anaids 45 SO a5 s (pl JLis @ L
M‘ﬁ"s" JL..A 6‘)‘.’ .o)b uaLa..:-‘ L Lgl.:boﬁ)f )|) S > 03; r:‘..\f o LmMy
S oainb 1) pj gaidy

From: essbaum@rchland.vnet.ibm.com

(Alexander Essbaum)

Subject: Re: Mail order response time

Disclaimer: This posting represents the poster's views, not necessarily those
of IBM Nntp-Posting-Host: relva.rchland.ibm.com
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Organization: IBM Rochester

Lines: 18

> | have ordered many times from Competition

> accesories and ussually get 2-3 day delivery.

ordered 2 fork seals and 2 guide bushings from CA for my FZR. two weeks
later get 2 fork seals and 1 guide bushing. call CA and ask for remaining
*guide* bushing and order 2 *slide* bushings (explain on the phone which
bushings are which; the guy seemed to understand). two weeks later get 2
guide bushings.

*sigh*

how much you wanna bet that once i get ALL the parts and take the fork
apart that some parts won't fit?

2,15 3l rec.motorcycles o5 5 4 YU e 28lg jo a5
Jle slp) s ool lalasl glils SladS 51 san YU cad (o a5 oS az g
mayodl Glp 1y el wilss o 09> pl a5 (ussually L accesories lolS
' S sl il
sglils LB /http://qwone.com/~jason/20Newsgroups ,s ool (sacgeme
5 ools (pl e (m20,5 oolaiul 20news=bydate gosls (sacgazo ;I Lo) ol
oslils ¢ cumlice 8 chistio.ir 4 guidetodatamining.com Jlis & LS colucg
Ao,y FeaS) chigel Caond 90 4y g Cewl dw YAAYS Lolis ools sacgamms opl .ol
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| am looking at buying a Dual Sport type motorcycle. This is my first cycle as
well. | 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 | 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?
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cycle \ )
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D9
looking = buying 2 Dual Sport type motorcycle.
cycle . interested experiences people
following motorcycles, good or bad.

Honda XR250L

Suzuki DR350S

Suzuki DR250ES

Yamaha XT350

XXX vs. YYY articles seen i1 magazines pit the Honda XR650L

cycle, 650 always comes out shining. safe
assume 250 equal quality ?
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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

20news-bydate- gl 4 Jls cpl ;0 a5) a)ls jaled lean b (6,655 plo SO cpo

) e glaail a5 305 3529 6,855 Rl 2 ) S pw S 6,85 20 (nl yo (el train
»23 ol pwl (g comp.graphics L altathesim Jls gl aws oo ioles
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BayesText IS
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(aied 35 el los b ooy S el castws lags 555 plo 5 ol lagnl el
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nk+1

P hy) =
(wk | hy) n + |Vocabulary|

from _ future  import print function
import os, codecs, math

class BayesText:

def init (self, trainingdir, stopwordlist):
"""This class implements a naive Bayes approach
to text
classification
trainingdir is the training data. Each subdirect
ory of

trainingdir is titled with the name of the class
ification
category -- those subdirectories in turn contain
the text
files for that category.
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The stopwordlist is a list of words (one per 1lin
e) will be

removed before any counting takes place.

mrmrn

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 cate

gories
if os.path.isdir(trainingdir
+ filename) ]
print ("Counting ...")
for category in self.categories:
print (' ' + category)
(self.prob[category],
self.totals[category]) = self.train(trainin
gdir, category)
# I am going to eliminate any word in the vocabu

lary
# 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 del
ete
# from a list you are currently iteratin
g 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] + vocabL
ength
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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)
/ denominat
or)

print ("DONE TRAINING\n\n")

def train(self, trainingdir, category) :
"""counts word occurrences for a particular cate

gory mrrn
currentdir = trainingdir + category
files = os.listdir (currentdir)
counts = {}
total = 0

for file in files:
#print (currentdir + '/' + file)
f = codecs.open (currentdir + '/' + file, 'r'
, '1s08859-1")
for line in f:
tokens = line.split ()
for token in tokens:
# get rid of punctuation and lowerca
se token

token = token.strip('\'".,?:-")
token = token.lower ()
if token != '' and not token in self
.stopwords:
self.vocabulary.setdefault (token
, 0)

self.vocabulary[token] += 1
counts.setdefault (token, 0)
counts|[token] += 1
total += 1
f.close()
return (counts, total)

033 Prob ol 4 (hash table - jlues,s Joaz) (6, iSos S 50 Lbjeel 56 =L
«comp.graphics ) cesla sandils el 6iSKs pl Glp bads s oo
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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
>>>pbT.prob["soc.religion.christian"] ["the"]
0.039953678998362795

rec.motorcycles og,5 1o (la> Jxe 4) 80d (saalS 5925 Jliz| (i gl
2 9 Loy 09,8 ol 5o gim) sl 10t Yl (Sl S 9550 & bogy e 45)
05,5 ;0 80d (saalS 0szs Jizl Jg (el g0d (gaelS S owandST Vv e
) Cowl oo FYF (Gl Coorie ol 4y by o 4S) soc.religion.christian
(on,)o 800 (5anlS S dadS YO« Lo o Ly, 09,5 ol o

oo Yool 48 j5 b los (1 o 4 il S a0 |y Lo dids (pizan (3901 516
el 39250 Wog 5 (caled 5| (S o0

['alt.atheism', 'comp.graphics', 'comp.os.ms-windows.misc',
'comp.sys.ibm.pc.hardware', ...]
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>>> bT.classify("20@news-bydate-test/rec.motorcycles/104673")
‘rec.motorcycles’

>>> bT.classify("20@news-bydate-test/sci.med/59246")

'sci.med’

>>> bT.classify("2@news-bydate-test/soc.religion.christian/21424"
I'soc.religion.christian'

Ay S 90,8 oo |y BB pb S (classify) oy did asli i o0 45 5b lon
ol (33m) BB T @y oy po gaile o 4t ol 45 Wils )5 oy

oolitul o)1 5 B Sj90 4 Al g0 o4 el Sgzge Caluaig 3 (gl Jb S
Sl 39290 Lo L yo bayesText-ClassifyTemplate.py pU L LB o) .0
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def _init_(self, trainingdir, stopwordlist):

= open(stopwordlist)

for line in f:

self.stopwords[line.strip()] = 1

f.close()

categories = 0s.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]l) = self.train(trainingdir,
category)

# I am going to eliminate any word in the vocabulary

J>oly— auin o8

def classify(self, filename) :

results = {}
for category in self.categories:
results[category] = 0

f = codecs.open(filename, 'r', 'is08859-1")
for line in f:
tokens = line.split ()
for token in tokens:
#print (token)
token = token.strip('\'".,?:-").lower (

)
if token in self.vocabulary:
for category in self.categories:
if self.prob[category] [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: tuple[l], rever
se = True)

# for debugging I can change this to give me t
he entire 1list
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return results[0] [0]
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def testCategory(self, directory, category):

files = os.listdir (directory)

total = 0

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 direct
ory 1is
organized into subdirectories--each subdir is a clas
sification
category"" "
categories = os.listdir (testdir)
#filter out files that are not directories
categories = [filename for filename in categories if
os.path.isdir (testdir + filename) ]
correct = 0
total = 0
for category in categories:
print(".", end="")
(catCorrect, catTotal) = self.testCategory(
testdir + category + '/', category)
correct += catCorrect
total += catTotal
print ("\n\nAccuracy is %f%% (%1 test instances)" %
((float (correct) / total) * 100, total))
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DONE TRAINING
Running Test ...

Accuracy is 77.774827% (7532 test instances)
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(stop words list
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stop list size accuracy
0 1.1148217
list 1
list 2
J> ol y— Oy as

http://nlp.stanford.edu/IR- ;s |, owedSil @855 (gaadS YO | cwd S 0
book/html/htmledition/dropping-common-terms-stop-words-1.html
slaals \Y¥ S S

plos ;S lay http://www.ranks.nl/resources/stopwords.html

)
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stop list size accuracy
0 TI.T14827%
25 word list 78.157302%

174 word list 19.938927%
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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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econd serial-killer thriller of
Eg?usst awful . oh , it starts deceptively okagé s
with a handful of intriguing characters an
some solid location work . ... when ist heasd

updated " i shudd that romeo & juliet had been
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another of s; \ : at yet
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neg
0
files in fold @
1
files in fold 1

files in fold 9
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Classified as:

neg pos
e
neg | 1| 2|
pos | 3| 4]
4

12.345 percent correct
total of 2000 instances
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Classified as:

neg pos
e ————t
neg | 1 | 2 |
pos | 3| 4 |
e —————t

12.345 percent correct
total of 2000 instances
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from _ future  import print function

import os, codecs, math

class BayesText:

def init (self, trainingdir, stopwordlist, ignore
Bucket) :
"""This class implements a naive Bayes approach
to text
classification

trainingdir is the training data. Each subdirect
ory of

trainingdir is titled with the name of the class
ification

category -- those subdirectories in turn contain

the text

files for that category.

The stopwordlist is a list of words (one per 1lin
e) will be

removed before any counting takes place.

self.vocabulary = {}

self.prob = {}

self.totals = {}

self.stopwords = {}

f = open(stopwordlist)
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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 cate
gories
if os.path.isdir(trainingdir
+ filename) ]
print ("Counting ...")
for category in self.categories:
#print (' ' + category)
(self.probfcategory],
self.totals[category]) = self.train(trainin
gdir, category,
ignoreB
ucket)
# I am going to eliminate any word in the vocabu
lary
# 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 del
ete
# from a list you are currently iteratin
g 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] + vocabL
ength
for word in self.vocabulary:
if word in self.prob[category]:

count = self.prob[category] [word]
else:

count = 1
self.prob[category] [word] = (float (count
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/ denominat

or)
#print ("DONE TRAINING\n\n")

def train(self, trainingdir, category, bucketNumberT
oIlgnore) :
"""counts word occurrences for a particular cate
gory"""
ignore = "%$i" % bucketNumberToIgnore
currentdir = trainingdir + category
directories = os.listdir (currentdir)
counts = {}
total = 0
for directory in directories:
if directory != ignore:
currentBucket = trainingdir + category +
"/" + directory
files = os.listdir (currentBucket)
#print (" " + currentBucket)
for file in files:
f = codecs.open (currentBucket + '/'
+ file, 'r', 'iso08859-1")
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.setdefau
1t (token, 0)
self.vocabulary[token] +

counts.setdefault (token,
counts|[token] += 1
total += 1

f.close ()
return (counts, total)

def classify(self, filename) :



YOO m sl ens gie 510, Y Juad

results = {}
for category in self.categories:
results[category] = 0
f = codecs.open(filename, 'r', 'iso08859-1")
for line in f:
tokens = line.split ()
for token in tokens:
#print (token)
token = token.strip('\'".,?:-').lower ()
if token in self.vocabulary:
for category in self.categories:
if self.prob[category] [token] ==
print ("%$s %s" % (category, t
oken))
results|[category] += math.log(
self.prob[category] [token])
f.close()
results = list(results.items())
results.sort (key=lambda tuple: tuple[l], reverse
= True)
# for debugging I can change this to give me the
entire 1ist
return results[0] [0]

def testCategory(self, direc, category, bucketNumber

results = {}

directory = direc + ("%i/" % bucketNumber)
#print ("Testing " + directory)

files = os.listdir (directory)

total = 0
correct = 0
for file in files:
total += 1
result = self.classify(directory + file)

results.setdefault (result, 0)

results[result] += 1

#if result == category:

# correct += 1
return results

def test(self, testdir, bucketNumber) :
"""Test all files in the test directory--that di
rectory 1s
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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 categorie
s if
os.path.isdir (testdir + filename) ]
correct = 0
total = 0
for category in categories:
#print (n' n, end:"")
results[category] = self.testCategory
testdir + category + '/', category, buck
etNumber)

return results

def tenfold(dataPrefix, stoplist):
results = {}
for i in range(0,10):
bT = BayesText (dataPrefix, stoplist, 1)
r = bT.test (theDir, 1)
for (key, value) in r.items():
results.setdefault (key, {})
for (ckey, cvalue) in value.items():
results[key].setdefault (ckey, 0)
results[key] [ckey] += cvalue
categories = list (results.keys())
categories.sort ()

print ( "\n Classified as: ")
header = " "
subheader = " +"
for category in categories:
header += "% 2s " % category
subheader += "-———- +"

print (header)
print (subheader)
total = 0.0

correct = 0.0
for category in categories:
row = " %s |" % category

for c2 in categories:
if c2 in results[category]:
count = results|[category] [c2]
else:
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count = 0
row += " %31 |" % count
total += count
if c2 == category:

correct += count
print (row)
print (subheader)
print ("\n%5.3f percent correct" % ((correct * 100) /
total))
print ("total of %$i instances" % total)

# change these to match your directory structure
prefixPath = "/Users/raz/Dropbox/guide/data/review polar
ity buckets/"

theDir = prefixPath + "/txt sentoken/"

stoplistfile = prefixPath + "stopwords25.txt"
tenfold(theDir, stoplistfile)
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breed height | weight
(inches) | (pounds)

Border Collie 20 45

Boston Terrier 16 20

Brittany Spaniel 18 35

Bullmastiff 21 120 5 s ;
Ol & tes S Bl sz S oS S

Chihuahua 8 8 € oSy 6, Wl calols shwls 3 8

German Shepherd 25 18

Golden Retriever 23 10

Great Dane 32 160

Portuguese 21 50

Water Dog

Standard Poodle 19 65

Yorkshire Terrier 6 1
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Modified Standard Scores
breed height | weight
Border Collie 0 -0.1455
Boston Terrier -07213 | -0.873

Brittany Spaniel -0.3607 | -0.4365

Bullmastiff 12623 | 203704

Chihuahua -21639 | -1.2222

German Shepherd | 0.9016 0.81481

Golden Retriever 0541 | 0.58201

Great Dane 216393 | 3.20106
Portuguese 0.1803 0
Water Dog
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Standard Poodle | -0.1803 043651

Yorkshire Terrier | -2.525 -125132
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BT BS B C GS GR GD PWD b4 Yr
Border Collie 1.024 | 0.463 | 2.521 2.417 1.317 0.997 3.985 | 0.232 | 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
ol
30 plas ezl
4.0 magals s
Great Dane AT
.
3.0
Bullmastiff
2.0 .
1.0 German Shepherd (4
st. Poodle o . ) - \
* Golden Retriever ) 7
0 Border Collie @ .Porfuguese WD P!
¢ Britta iel Gl }
10 Boston Terrier ¢ ritfany Spanie A\
Yorkshife © Chihughua
-
2.0
-3.00 -2.25 -1.50 -0.75 0 0.75 1.50 2.25 3.00
= height
=)
K]
2
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Yorkshire T.

German Shphrd -—--————-1

Golden Retriever

Border Collie

Portuguese WD ———
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Golden Retriever
Border Collie *“”]
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Portuguese WD
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Boston Terrier
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https://raw.githubusercontent.com/zacharski/pg2dm-

python/0684ec677alalbaaech47bc0f8f21ec121e83339/data/ch8/dogDi
stanceSorted.txt
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Golden Retriever
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https://raw.githubusercontent.com/zacharski/pg2dm-
python/0684ec677alalbaaech47bc0f8f21ec121e83339/data/ch8/dogDi
stanceSorted.txt
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Portuguese WD —r»

Brittany Spaniel

Boston Terrier - [ ————

Standard Poodle

Bullmastiff

Great Dane .
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i3S S8 G 1) Coglsl ez D9t oo gyl oy el Silsr oS
'Mse o 3,y 8 iy les a | aools g IS o

a3, Yu) ' 16, Suzuka) | (15, Moa) | b
— — ' (Codly o
mm> —
(16,
L(., Suzuka)

Priority Queue

(1-3{ Yui) l f

|

sl aSenl b & o walss YU wgi e gyl o 5l a5 ool sl bl s

(16, Suzuka) |

Priority Queue

(Soglsl ao)
.(@
!

N

L

6, Suzuka) | (15, Moa) | (13 Yu) |
grd ond I

WS 0,8 gl 0 (Fige a4 cho (pl &5 e V>

l--—.. -
L(13, Yui) ! |
>>> from queue import PriorityQueue

>>>

>>>

>>>

>>>

singersQueue = PriorityQueuel()

# load the PriorityQueue library

# 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'))
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>>> singersQueue.put((17, 'Ayaka Sasaki'))

>>> singersQueue.get() # The first item retrieved
(14, 'Yui Mizuno') # will be the youngest, Yui.
>>> singersQueue.get()

(15, 'Moa Kikuchi')

>>> singersQueue.get()

(16, 'Suzuka Nakamoto')

>>> singersQueue.get()

(17, 'Ayaka Sasaki')
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-ﬂ-—__-_____-———-
cluster: (Portuguese waten Dog) I —
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4 Lo = neighbor
4Ll = distance

cluster: (Border Collie,
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|

[distance: 0.463
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Boston Terrier,ls, (i}
Brittany Spaniel,18,35
Bullmastiff,Z?,lza
Chihuahua,a,

German Shepherd,25,78
Golden Retriever.23, ]
Great Dane,32,160
Portuguese wWater Dog.21,50
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yorkshire Terrier,ﬁ,
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{1: ((@, 1), 1.0244), the distance between the Border Collie (index 0) and the Boston Terrier
{index 1), is 1.0244

2: ((e, 2), 0.463), the distance between the Border Collie the Brittany Spaniel is 0.463

180: ((@, 1@), 2.756)} the Border Collie -- Yorkshire Terrier distance is 2.756

a0 o0 9 puiS 50 aex> Border Bollie saluen o3 SGoy 4 1) Hlewles puixen
:..\.3.154 Cawd Ay 5 D ygeo A QT Ghluod o 3G galols as

closest distance: 8.232
| nearest pair: (8, 8)

s Portuguese Water Dog sl dindex 0 o Border Collie 4 a;lues S5055)
(S g el index 8

SoeiS 15" az boools 0l b a5 el g laSs glacilos JStie

Portuguese Water Dog (y.; sakold YU Jgaz ;0 45 adl ool azgie Cunl (\Soe
Sslews o2 L Brittany Spaniel 5 Boston Terrier ., salold 4 Standard Poodle
Jlis! oS STy alols Lulul 5 coglgl cao 1) el Lo ST .oz + 078 oy g
S8 angs o el sl g 08,5 bl |, Boston Terrier ¢ Standard Poodle sl
Sl b dla cnl 5l 6 pSsle sl vgdioe @i oSl So 4 Gy )3 oS ipead
(asgazma sools ulul p) asls G Jolis a5 5 S paales oolaul (tuple) Lo
Portuguese Jlwo (sl .ol logyl o galols 5oLl a5 90 4 aib ol g0
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>>> 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()

(12, 'Megumi Okada')

>>> singersQueue.get()

(15, 'Avaka Sasaki')

>>> singersQueue.get()

(15, 'Moa Kikuchi')

>>> singersQueue.get()

(15, 'Suzuka Nakamoto')

>>> singersQueue.get()

(15, 'Yui Mizuno')
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s e A alls index number  \ —
wls =35 gole // EELRPRES |

\\ f \ / ._ — . -
b = e
(9.23170921460558744, @,’/,f¢*“///’ 1//J %Lﬂﬂxﬂf=%%f1\:“NbLJ

[['Border Collie'l,
['Portuguese Water Dog', 0.23170921460558744, (0, 8)1,

{1: ((@, 1), 1.0244831578726061), - -
2: ((o, 2), 0.4634184292111748), J ;}tﬂ.}i_a slaals \SaLa.TLia.Lng

s olP o galold slas (0, 1)

9: ((@, 9), 0.6093065384986165),

10: ((0, 10), 2.756155583828758)}1) ! 3l L Border Collie )
.| (Boston Terrier =)

oS oo adgl (20 e | Cuglgl o ol il 5l plas” 6l

Shod as puily ALl AlgS o hadd 4T olKin b pups oo plowil | b )l5 ol jais]
g arasns ddig>

w55 sades Ol 5 S e b 4l S 4 ] Lol S e o 5l el o L
Border (595,59 90 (Jlo slp « S ool Jlo )0 oS o0 70 o o |y 0ud
oS oo 9gi |y oy il g 00,5 LaSTg |, Portuguese Water Dog 4 Collie

['Border Collie', 'Portuguese Water Dog']

S phS 58 a5) K e ool ploi b 1) sar sadss Gl salold (o 5 oy
(_gf.wi..o pleal L1 )5 cnl b (plangs 2 4y aldl) oS oo dulxe (Al dlig>
e ) balold S FiSy0) RS o0 plxil 5 Ooge a4 adgl galies g0l daalsld
Iy, 09° 5 S (5,l056L distanceDictl & g0 4 oy S oo o 5l a5 il gl
(psol_so NewDistanceDict oo |, ool sl o a5 gl xS0 4 distanceDict2
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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

s o3 9635 S 5wl |y o5 S S (e S5 o (5, 5] )
(23 plowl 1, )5 cnl 908 (orw hadd oy ol JLad (Bogs 40 (L

Border calold o) o Jlade

Portuguese (calold o] 5 oz

galgt gl alsloa ) 5 laae

Collie Water Dog el
key value in the Border Collie value in the Portuguese Water value in the Distance List For the
Distance List Dog Distance List new cluster

0 - ((0, 8), 0.2317092146055) -

1 ((e, 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 ((e, 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 ((e, 8), 0.23170921460558) = i

9 ((@, 9), 0.60930653849861) ((8, 9), 0.566225873458) ((8, 9), 0.566225873458)

10 ((0, 10), 2.7561555838287) ((8, 10), 2.980333906137) ((0, 10), 2.7561555838287)

519959 () dgr wwles n5 Do 4 0el o)ly ao jo cl 1E a5 LS (5095
i(Eewl 00l 5L Portuguese Water Dog 4 Border Collie ol oS 5
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(0.4634184292111748, 11, [('Border Collie', 'Portuguese Water Dog'),
[2, ©.4634184292111748, (@, 2)],

{1: ((e, 1), 1.0244831578726061), 2: ((@, 2), 0.4634184292111748),
3: ((3, 8), 2.306550008240866), 4: ((@, 4), 2.4170099809294157),
5: ((5, 8), 1.0882157079364436), 6: ((6, 8), 0.6846961944627522),
7: ((7, 8), 3.7658290695451373), 9: ((8, 9), 0.5662258734585477),
10: ((@, 10), 2.756155583828758)1}]1)
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from queue import PriorityQueue
import math

mrrrn

Example code for hierarchical clustering

mrmn

def getMedian(alist):
"""get median value of list alist"""
tmp = list(alist)
tmp.sort ()
alen = len (tmp)
if (alen % 2) == 1:
return tmplalen // 2]
else:
return (tmplalen // 2] + tmpl[(alen // 2) - 11) /
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def normalizeColumn (column) :
"""Normalize column using Modified Standard Score"""
median = getMedian (column)

asd = sum([abs(x - median) for x in column]) / len (c
olumn)
result = [(x - median) / asd for x in column]

return result

class hClusterer:

""rothis clusterer assumes that the first column of
the data is a label

not used in the clustering. The other columns contai
n numeric data"""

def init (self, filename):
file = open(filename)
self.data = {}
self.counter = 0
self.queue = PriorityQueue ()
lines = file.readlines /()
file.close ()
header = lines[0].split(',")
self.cols = len (header)
self.data = [[] for i1 in range (len (header)) ]
for line in lines[1l:]:

cells = line.split(',")

toggle = 0
for cell in range(self.cols):
if toggle == 0:
self.datalcell] .append(cells[cell])
toggle =1
else:

self.data[cell] .append(float (cells|c
ell]))
# now normalize number columns (that is, skip th
e first column)
for i in range(l, self.cols):
self.data[i] = normalizeColumn (self.data

(i])
###

### I have read in the data and normalized the
### columns. Now for each element i1 in the data
, I am going to
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### 1. compute the Euclidean Distance from e
lement i to all the

### other elements. This data will be pl
aced in neighbors,

#H## which is a Python dictionary. Let's s
ay 1 = 1, and I am

#H# computing the distance to the neighbo
r j and let's say jJ

#H## is 2. The neighbors dictionary for 1
will look like

#H# 728 ((1,2), 1-.23), 3s ({1, 3), 2-3)-

}

#H##

#H## 2. find the closest neighbor

#H##

### 3. place the element on a priority queue
, called simply queue,

#H## based on the distance to the nearest
neighbor (and a counter

#H## used to break ties.

# now push distances on queue
rows = len(self.data[0])

for 1 in range(rows):
minDistance = 99999
nearestNeighbor = 0
neighbors = {}
for j in range(rows):
if i !'= j:
dist = self.distance (i, 3Jj)
if 1 < j:
pair
else:
pair = (3,1)
neighbors[]j] = (pair, dist)
if dist < minDistance:
minDistance = dist
nearestNeighbor = j
nearestNum = j
# create nearest Pair
if i < nearestNeighbor:
nearestPair = (i, nearestNeighbor)
else:

(i,3)
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nearestPair = (nearestNeighbor, i)

# put instance on priority queue
self.queue.put ((minDistance, self.counter,
[[self.data[0][i]], nearestP
air, neighbors]))
self.counter += 1

def distance(self, i, J):

sumSquares = 0
for k in range(l, self.cols):
sumSquares += (self.datal[k][i] - self.datalk
1031)**2

return math.sqgrt (sumSquares)

def cluster(self):
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 = []
##

## I have just popped two elements off
the queue,
## topOne and nextOne. I need to check
whether nextOne
## 1s topOne's nearest neighbor and vi
ce versa.
## If not, I will pop another element
off the queue
## until I find topOne's nearest neigh
bor. That is what
## this while loop does.
##

while nearPair != nearestPair:
tmp.append ( (nextOne[0], self.counte
r, nextOne[2]))
self.counter += 1
nextOne = self.queue.get ()
nearPair = nextOne[2][1]
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##
## 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][0])
iteml = topOne[2]
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, t
he new cluster
## which combines cluster iteml with c
luster item?2.
curCluster = (iteml, item2)

## Now I am doing two things. First, fi
nding the nearest

## neighbor to this new cluster. Second
, building a new

## neighbors list by merging the neighb
ors lists of iteml

## and item2. If the distance between 1
teml 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).

##

minDistance = 99999
nearestPair = ()
nearestNeighbor = "'

merged = {}
nNeighbors = nextOne[2] [2]
for (key, value) in topOne[2][2].items (

if key in nNeighbors:
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if nNeighbors[key] [1] < value[l]

dist = nNeighbors[key]
else:
dist = value
if dist[l] < minDistance:

minDistance = dist[1]
nearestPair = dist[0]
nearestNeighbor = key
merged[key] = dist
if merged == {}:
return curCluster

else:
self.queue.put( (minDistance, self.c
ounter,
[curCluster, neares
tPair, merged]))
self.counter += 1

def printDendrogram (T, sep=3):

"""pPrint dendrogram of a binary tree. FEach tree nod
e 1s represented by a

length-2 tuple. printDendrogram is written and provi
ded by David Eppstein

2002. Accessed on 14 April 2014:

http://code.activestate.com/recipes/139422-dendrogra
m-drawing/ """

def isPair (T):
return type(T) == tuple and len(T) == 2

def maxHeight (T) :
if isPair(T):
h = max (maxHeight (T[0]), maxHeight (T[1]))
else:
h = len(str (T))
return h + sep

activelevels = {}

def traverse (T, h, isFirst):
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if isPair(T):
traverse(T[0], h-sep, 1)
s = [" '"]*(h-sep)
s.append ('] ")

else:
s = list (str(T))
s.append (' ")

while len(s) < h:
s.append('-")

if (isFirst >= 0):
s.append ('+")
if isFirst:
activelLevels[h] = 1
else:
del activelevels[h]

A = list (activelevels)
A.sort ()
for L in A:
if len(s) < L:
while len(s) < L:
s.append (' ")
s.append('|")

print (''.join(s))

if isPair(T):
traverse(T[1l], h-sep, 0)

traverse (T, maxHeight (T), -1)

filename = '//Users/raz/Dropbox/guide/data/dogs.csv’
hg = hClusterer (filename)

cluster = hg.cluster ()
printDendrogram(cluster)
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import math
import random

mrmrn
Implementation of the K-means algorithm

for the book A Programmer's Guide to Data Mining"
http://www.guidetodatamining.com

mrmn

def getMedian (alist) :
"""get median of list"""
tmp = list(alist)

tmp.sort ()
alen = len (tmp)
if (alen % 2) == 1:
return tmplalen // 2]
else:
return (tmplalen // 2] + tmpl[(alen // 2) - 11) /

def normalizeColumn (column) :

"""normalize the values of a column using Modified S
tandard Score

that is (each value - median) / (absolute standard d
eviation) """

median = getMedian (column)

asd = sum([abs(x - median) for x in column]) / len (c
olumn)
result = [(x - median) / asd for x in column]

return result

class kClusterer:

""" 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 contai

n numeric data
mrirn

def init (self, filename, k):
"k is the number of clusters to make
This init method:
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1. reads the data from the file named filenam

2. stores that data by column in self.data
3. normalizes the data using Modified Standar
d Score
4. randomly selects the initial centroids
5. assigns points to clusters associated with
those centroids
mrmrn
file = open(filename)
self.data = {}
self.k = k
self.counter = 0
self.iterationNumber = 0
# used to keep track of $ of points that change
cluster membership
# in an iteration
self.pointsChanged = 0
# Sum of Squared Error
self.sse = 0

#

# read data from file

#

lines = file.readlines()

file.close()

header = lines[0].split(',")

self.cols = len (header)

self.data = [[] for i1 in range (len (header)) ]

# we are storing the data by column.
# For example, self.data[0] is the data from col

umn 0.
# self.data[0][10] is the column 0 value of item
10.
for line in lines[1l:]:
cells = line.split(',")
toggle = 0
for cell in range(self.cols):
if toggle ==
self.data[cell].append(cells[cell])
toggle = 1
else:
self.data[cell] .append(float (cells|c
ell]))

self.datasize = len(self.data[l])



FAMW gosy disgs A Jad

self.memberOf = [-1 for x in range (len(self.data
[1]1))]

#

# now normalize number columns

#

for i in range(l, self.cols):

self.data[i] = normalizeColumn (self.data

[i])

# select random centroids from existing points
random. seed ()
self.centroids = [[self.datal[i][r] for i in ran
ge(l, len(self.data))]
for r in random.sample (range (
len(self.datal[0])),
self.k)
]

self.assignPointsToCluster ()

def updateCentroids (self) :
"""Using the points in the clusters, determine t
he centroid
(mean point) of each cluster"""

members = [self.memberOf.count (i) for i in range
(len(self.centroids)) ]
self.centroids = [[sum([self.datal[k][1]

for 1 in range(len(self.
datal[0]))
if self.memberOf[i] == c
entroid]) /members[centroid]
for k in range(l, len(self.da
ta))]
for centroid in range(len(self
.centroids)) ]

def assignPointToCluster (self, 1i):
""" assign point to cluster based on distance fr
om centroids"""
min = 999999
clusterNum = -1
for centroid in range (self.k):
dist = self.euclideanDistance (i, centroid)
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if dist < min:
min = dist
clusterNum = centroid
# here is where I will keep track of changing po
ints
if clusterNum != self.memberOf[i]:
self.pointsChanged += 1
# add square of distance to running sum of squar
ed error
self.sse += min**2
return clusterNum

def assignPointsToCluster (self) :
""" gssign each data point to a cluster"""
self.pointsChanged = 0
self.sse = 0
self .memberOf = [self.assignPointToCluster (i)
for i in range(len(self.data[l]

def euclideanDistance(self, i, 3J):

"o compute distance of point i from centroid "
mir

sumSquares = 0
for k in range(l, self.cols):
sumSquares += (self.datalk][i] - self.centro

ids[J] [k-1]) **2
return math.sqgrt (sumSquares)

def kCluster (self):
"""the method that actually performs the cluster
ing
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 th
ese new centroids
until the number of points that change cluster m
embership is less than 1%.

mrrn

done = False

while not done:
self.iterationNumber += 1
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self.updateCentroids ()

self.assignPointsToCluster ()

#

# we are done if fewer than 1% of the points
change clusters

#
if float (self.pointsChanged) / len (self.memb
erOf) < 0.01:
done = True
print ("Final SSE: $f" % self.sse)

def showMembers (self) :
"""Display the results"""
for centroid in range(len(self.centroids)):

print ("\n\nClass %i\n========" % centroid)
for name in [self.data[0][1i] for i in rang
e(len(self.dataf0]))
if self.memberOf[i] == centroi
d]:
print (name)
##

## RUN THE K-MEANS CLUSTERER ON THE DOG DATA USING K = 3
#H#

# change the path in the following to match where dogs.c
sv 1s on your machine

km = kClusterer('../../data/dogs.csv', 3)

km.kCluster ()

km.showMembers ()
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(@2 oo lid | X ol o2 breed g .o oal o, (Weight)

breed height | weight
Border Collie 0 -0.1455
Boston Terrier -07213 | -0.873
Brittany Spaniel -0.3607 | -0.4365
Bullmastiff 12623 | 2.037104
German Shepherd | 0.9016 0.81481

sl oo 1 o) 4 aed tand Yol eauns JEl sl 4 1) baosls puslgse 5

data = [ data for the Border Collie,
data for the Boston Terrier,

]

S oo Joo ) dile (ol S jg0 4 baosls Sy (48,5 i sl s

data = [ [‘Border Collie’, 0, -0.1455],

[‘Boston Terrier’, -0.7213, -0.873],

.
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[ 0, -0.7213, -0.3607, ...],
[-0.1455, -@0.7213, -0.4365, ...],
1
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>>> normalizeColumn([8, 6, 4, 21)
[1.5, 0.5, -0.5, -1.5]
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Final SSE: 5.243159

Class ©

Bullmastiff
Great Dane

Class 1

Boston Terrier
Chihuahua
Yorkshire Terrier

Class 2

Border Collie
Brittany Spaniel
German Shepherd
Golden Retriever
Portuguese Water Dog
Standard Poodle
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dpl 1
dp2 8
dp3 5
dp4 1
dp5 2
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weight
dpl 0.25
dp2 0.40
dp3 0.10
dp4 015
dp5 010
sum 100

e ) JK8 wile oz o e boslscpl 4 0iS et sb ol

® dp1 ® dp2 @ dp3 @ dp4d @ dp5
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clite Jlotol SO b 5l ep Lo jglaie .l i op o] ol Jleas! wisl 555
D el €0gd WA CuiS e S 0uiS co ol Solas aaii G D(dp) jlade b

5 lacgeme aiS o8 oS ilwosly el 4o 1) snl een das o)l Yl
iyl Glidse Lol en (tuples) b olaus

data = [("dp1", 0.25), ("dp2", 0.4), ("dp3", 0.1), ("dp4", 0.15), ("dp5", 0.1)]
1S o ol oy 039 b qubite Jloixl 4 azgi L 1) abads S5« 5,0 roulette &

import random
random. seed ()
def roulette (datalist):

i=20
soFar = datalist[0][1]
ball = random.random ()
while soFar < ball:

i +=1

soFar += datalist[i][1]
return datalist[i][0]

513 a8 cal e ol 4 s plol 1) Gl g ls a5 Slacens b oal opl S
10 dp2 sabi 45,0 40 {dpl sablais 450 YO caups plol |, Gl as e Ve

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}
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self.centroids = [[self.data[i][r] for i in range(1, len(self.data))]
for r in random.sample(range(len(self.data[0])),
self.k)]
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self.selectInitialCentroids()
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def distanceToClosestCentroid(self, point, centroidLis
t):
result = self.eDistance (point, centroidList[0])
for centroid in centroidList[1l:]:
distance = self.eDistance (point, centroid)
if distance < result:
result = distance
return result

def selectInitialCentroids(self):
"""implement the k-means++ method of selecting
the set of initial centroids"""

centroids = []

total = 0

# first step is to select a random first centroid
current = random.choice (range (len(self.datal[0])))

centroids.append (current)

# loop to select the rest of the centroids, one at
a time

for i in range (0, self.k - 1):




olasgiaslip slp solSesls m FYF
# for every point in the data find its distanc

# the closest centroid
weights = [self.distanceToClosestCentroid(x, c
entroids)
for x in range(len(self.dataf[0]))]
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 ()
total = 0
x = -1
# the roulette wheel simulation
while total < num:
x += 1
total += weights([x]
centroids.append (x)
self.centroids = [[self.datal[i] [r] for i in range
(1, len(self.data))]
for r in centroids]
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def distance(self, i, j):
#enron specific distance formula
sumSquares = 0
for k in range(l, self.cols):
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if (k !'= i) and (k != 7J)
sumSquares += (self.datal[k][i] - self.datalk

1031)**2
return math.sqgrt (sumSquares)
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Class 5
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tana.jones@enron.com
louise.kitchen@enron.com
mike.grigsby@enron.com
david.forster@enron.com
m.presto@enron.com
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