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Machine Learning is the subfield of computer science that gives
computers the ability to learn without being explicitly programmed .
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Classification is the process of predicting discrete class labels or
categories.
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The distance from the data point to the fitted regression line.
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: jupyter notebook plasusl gl (3 3981 Gadaty I s
Importing Needed packages

[4]: | import matplotlib.pyplot as plt
import pandas as pd
import pylab as pl
import numpy as np
Ematplotlib inline

Downloading Data

To download the data, we will use lwget to download it from IBM Object

Storage.

In [2]: |!wget -0 FuelConsumption.csv https://s3-api.us-geo.objectstorage.softlayer.net/cf-courses-data/CognitiveClass/MLB181ENY3/1abs/

{FuelConsumptionCo2.csv

Reading the data in

[13]: df = pd.read csv("FuelConsumption.csv™)

# take g look at the dataset
#df.head( )

Data Exploration

Lets first have a descriptive exploration on our data,

# summarize the data
df .describe()

Lets select some features to explore more.
[B]: edf = df[['EMGINESIZE", "CYLINDERS','FUELCONSUMPTION COMB', 'CO2EMISSIONS']]

cdf.head(3)
4
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we can plot each of these fearues:

viz = cdf[['CYLIMNDERS®,'ENGIMESIZE', 'COZEMISSIONS®, 'FUELCONSUMPTION COMB']]
viz.hist()

plt.show()

4

CO2EMISSIONS CYLINDERS
400 1
200 1
I] p
BicInesizE® FuELcONsuiRTION Tome
300 A

25 50 15 10 20

Mow, lets plot each of these features vs the Emission, to see how linear is their relation:

plt.scatter(cdf.FUELCONSUMPTION _COMB, cdf.COZEMISSIONS, color="blue')
plt.xlabel("FUELCONSUMPTION COMB™)

plt.ylabel({"Emission™}

plt.show()

1

300 4

Emission

250 4

200 4

150 A

100 4

10 15 20 25
FUELCONSUMPTION_COMB
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Emissicn

[11]:

plt.scatter(cdf.ENGINESIZE, cdf.COZEMISSIONS, color="blue')
plt.xlabel("Engine size"

plt.ylabel({"Emission™)

plt.show()
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400 A

350 4
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(= L E

[= [= [=)
i i i

]
=1

=]
=

5 B
Engine size

Creating train and test dataset

Train/Test Split involves splitting the dataset into training and testing sets respectively, which are
mutually exclusive, After which, you train with the training set and test with the testing set. This will
provide a more accurate evaluation on out-of-sample accuracy because the testing dataset is not part

of the dataset that have been used to train the data. It is more realistic for real world problems.

This means that we know the cutcome of each data peint in this dataset, making it great to test with!
And since this data has not been used to train the model, the model has no knowledge of the
cutcome of these data points. 5o, in essence, it is truly an out-of-sample testing.

msk = np.random.rand(len(df)) < @.8
train = cdf[msk]
test = cdf[~msk]
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Simple Regression Model

Linear Regression fits a linear model with coefficients B = (B1, ... Bn) 0 minimize the ‘residual sum of

squares’ between the independent x in the dataset, and the dependent y by the linear approximation.

Train data distribution

plt.scatter(train.ENGINESIZE, train.CO2EMISSIONS, color="blue®)
plt.xlabel("Engine size"

plt.ylabel("Emission™)

plt.show()
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4 5 B 7 B
Engine size

T
1

Modeling

Using sklearn package to model data.

from sklearn import linear model

regr = linear_model.LinearRegression()

train_x = nmp.asanyarray(train[['ENGINESIZE']])
train_y = np.asanyarray(train[[ 'COZEMISSIONS"]])
regr.fit (train_x, train_y)

# The coefficients

print ('Coefficients: °, regr.coef )

print ('Intercept: ',regr.intercept_)

Coefficients: [[39.1757159]]
Intercept: [125.66722924]
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[21]:

Plot outputs

we can plot the fit line over the data:

plt.scatter(train.ENGINESIZE, train.CO2EMISSIONS, color="blue')
plt.plot{train_x, regr.coef [@][@]%train_x + regr.intercept_[@], '-r")
plt.xlabel("Engine size"

plt.ylabel({"Emission™)

Text({@, ©.5, "Emission")
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=
e
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=

from sklearn.metrics import r2_score

test_x = np.asanyarray{test[[ " ENGINESIZE']])
test_y = np.asanyarray{test[[ COZEMISSIONS"]])
test_y_ = regr.predict{test_x)

print(“Mean absclute error: %.2f" % np.mean(np.absolute(test_y - test_y)))
print({"Residual sum of squares {(MSE): %.2f" % np.mean((test_y_ - test_y) ** 2))
print{"R2-score: X.2f" % r2_score(test_y , test_y) )

Mean absolute error: 22.78
Residual sum of squares (MSE}: 917.55
R2-=core: @.67

1 Spyder e 398l dyyxty p g LS
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1mpurt numpy as np
import matplotlib.pyplot as plt
import pandas as pd

EL ) o [ T S - . L3 7

dataset ; pd.read csv( ' Fuel[nnsumptlnncuz csv')

cdf = dataset[[ 'ENGINESIZE', 'CYLINDERS', "FUELCONSUMPTION COMB', 'CO2EMISSIONS'])

cdf.head(3)
X = cdf 110:[ iy E] values
y = cdf.iloc[:, -1].wvalues

viz = cdf[[ CYLINDERS EHGINESIEE CDEEu‘-'IISSIﬁNS ", "FUELCONSUMPTION _COME ' ]]

viz.hist()
plt.show()

pl‘t scatter‘{cdf FLIELCUNSLHF‘TIUN {:'I:II"HEEJI cdf. CGEEHISSIGMS
plt.xlabel("FUELCONSUMPTION COMB™)
plt.ylabel("Emissicn™)

plt.show()

B e R S Y N I AL L -

plt.scatter{cdf. EI"-IGINESIZEJI cdf. CGZEMISSIGNS color— hlue

plt.xlabel({"Engine size")
plt.ylabel{"Emission")
plt.show()
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plt.scatter(cdf.CYLINDERS, cdf.CO2EMISSIONS, color="blue')
plt.xlabel{"Cylinders")

plt.ylabel{"Emission™)

plt.show()

msk = np.random.rand(len{dataset)) < 9.8
train = cdf[msk]
test = cdf[~msk]

plt.scatter(train.ENGINESIZE, train.CO2EMISSIONS, color='blue')
plt.xlabel{"Engine size")

plt.ylabel{"Emission™)

plt.show()

from sklearn import linear_model

regr = linear_model.LinearRegression()

train_x = np.asanyarray(train[[ 'ENGINESIZE"']])
train_y = np.asanyarray(train[[ "COZEMISSIONS']])
regr.fit (train_x, train_y)

print ('Coefficients: ', regr.coef_)
print ('Intercept: ',regr.intercept_)

plt.scatter(train.ENGINESIZE, train.CO2EMISSIONS, color='blue')
plt.plot{train_x, regr.coef [@][@]*train_x + regr.intercept_[@8], "-r')
plt.xlabel{"Engine size")

plt.ylabel{"Emission™)

from sklearn.metrics impert r2_score

test_x = np.asanyarray(test[[ "ENGINESIZE']])
test_y = np.asanyarray(test[[ 'COZEMISSIONS']])
test_y_ = regr.predict{test_x)

print({“Mean absclute error: E.2" ¥ np.mean(np.absclute(test y - test y)))
print{“Residual sum of squares (MSE): H.2f" ¥ np.mean((test_y - test_y) ** 2})
print{“R2-score: H.2f" ¥ r2 score(test_y , test y) )
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Sl gl Aol o 35 Slpiiall 0da o (]
Co2Em = @, + 04.EngineSize + 6,.Cylinders + 05. Fule + -
D W Kl g 05 ol giac cpnelads sl dad grall Aol JWUs
y=0Txx
dot product between parameters vector and features set vector

(n*1) glai 07 d84a4me 195 multi-dimension space ¥l sdaie cLad J
X glaidly A ggamall Wil eyl

D S L) 893l Dslae $las (weight) Ol LWl ods (£u5s
: Alied! Oolpinall oy

oS3 Jarudl sl 28931 (3 LS epitiuns Jase) 2893l dalas gald dadl ($al>T sliad 4
plane or hyper- e (£4u9 S giuns fmas (X psie (3o ST (S1) sladl suaie sLad 3
- odziall ol abgill (§ puscivall 929 plane

Bugl dad Juadl adgi JoY s cdlolaal) dogd Jiadl slanly Sgtuell do slm] eing
Ol Gl gadoe) Zles LT Wl Laly WSy ¢ Lo dataset yghaw oo ylaw JSLg target
O8I 3 Uasddl yayas

T Olehll 0 b sums CaSTY) ¢ Uas dad 8T asd () (o OliehWI Jusls
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dadgiall dapdl u 3,801 residual error Uasdl uusd (aS ! adgill (3 L)
. MSE Uasdl dolae cliSy dudadol dasdllg
ol o) MISE by po85 Gy )31 Al drgy ol Jasll dgill § Ll
Do)l 0 ress § e gas 3ylall ATy dusslin il 0ud bl ppeseiy G g dadgiall
IS MSE d4eid yiuol slm] (Ae daiad Cu> : The ordinary least squares -
gind 9 boluws Bldae daylall od (U9 Lo dataset ULl Hglaw (po ylaw
MW ¢ Jlaw 10k o AST LI sasme (3 Lo 0550 bie Lo guas 48 cds
odadl 13 e JBT die Lgoliseiwl aSad! LoSey
Je zigail) Uasdl piual ddes IS5 pusiud @ Optimization approach -
VPSNEL A TPELN]
Minimizing the error of the model on your training data .
LS J dslgdee @i 143 (&)1 Gradient Descent GD due)ylgs plsuiu! Mo LiSey
cUWJB;)Jdypﬁ\djbugha:d\wméyﬁ@j@WJstw‘d
b 10k o AST ST dase UL 0555 ladis dxulin disylall 0dng
e Ulias Mied gy gddl Uolas (§ Lgzgad b 0 Juadl o Jgumm! dny
. Nﬁ.‘\
y=1254+62x; + 14 x, + -

e

Engine Size Cylinder

06 13] Syomall g2 Lgra ST Cylinder U lgiadd dom oppiciel Y0 Ub 8 &55lesd
c Dyomall o 36 (0 ST daBgiall Censiall €07 5L dasd s cylinder
s sy oax Lo OYVlg
§ duaioll Ui (S g Jasud! Jasdl 299l pusind (fe -1
B Bugl dad adgi) Jiwe pike oo AST slaiel wiad Lol Uy LS
s dasdl pusnd Ay Jitun paie Lpdd 0955 bedie g ddasell a8 g3l
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9 duaiell 2891l (§ Lgoldstine LSy (I dliinadl Wil pidiall Sus @

¢ &8gul 483 L3 (5,3 il pitio Caa o9 § il piiell pazr Jesind Jo
ot O S AeSima duylas duolys (99 dlisiuced| ol piciad] 3us BaL) ol ple S0
Coanias 43Y &b Al 4313 Ao 1 over-fit model @5de e aB g3 ziges
- B9l LAE ud Bl s (39 Sblully UL ladas

i) By Aoy I3 mag ilaiall ¢y kel plaial (i Ll e el
. overfitting A& ¢gu>

¢ B oo Al Wil piiall 9955 OF (s Jo

lebg= day categorical duadl Wipsiell plascul (Sa ple ol gy S
Mo (08,1 g AL

ol automatic i o] yoyas Of lisas Ladie $ale of ehilagigl lge 5 8w Lyl
. 0 4ol d5U 0 manual <o 0lg 1 4l ds

¢ e pddl 9 Adiwad! Ol pdiiall (o Al 2 Lo

Slpsiall @Ml 0k A Jasd! gyl o0 duols Dlo 9a suatall @byl
M) 0da dudas Hlasy 3,k sue cllag dldas 4SS Adiuwe | 9 didsiuno]!
Wike &as e 09559 lgawsy ke lldd scatter plots JLdl eyl plusein! Jie
o il gl e Jans

: Model Evaluation in Regression Models 299! z3g03 Jos @3

G I Uggmall gl Bugiaddl WYL 8y 893 Z3ges sl 98 adgill (e LBugl
UM e SIS iy igaill 1ig) evaluation eads Gz of lude &lgil

ok
train and test on the same L &l ©ULI! (s de Hlasdl g !
. dataset

train/test split )31 s3> (e HLasYlg bodd Gl oo s32 e oyl

4B metric punlde wydiwg disb S cons (S9luwy pros gulss duds

-2

-3

-8

&

. 28941 3l accuracy
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2 C s (S 1 15! Gl 3900 e Lo 4
o i 3b gi9ed el Lo Ayl Ui Ledie
T T oo oer
oo S e Lggyamis ol ) 3l bl o portion e5 3ol
Y o g dudidiond | Al

S bl grazr gk liadsa
SE S CJJL.«.«J\ 3l . e el ey s
OlesdL palse (e €0z J ilagl aBgil Wlie (&
Mﬁ%ﬁwijbw& (9 410 ¢» Bginall puaz () Lj
.C_')NJ ASJQA(S-Q’UML@"M%9J16QA&= Il e ke

LGJ 9. Jl6 . wo| S

: Nj u*’t“e‘St)l.J»‘ ‘T-C}W99J100aotrain Gy de gazee L) zruol 13)
. Actual values (£ Ce “
- 9 EmCo; v g0
i C\ijh J (9édl .6‘ S“ L“ll’i‘" ) Ol de gaxo) features JI e O

- A1 g Zgadl U dad gty Lo (o d5)lae (55205 o3 ¢ W aBg3 13Le (539 oL
K g Bl (6539 8lnys
. ; O T3geidl B &ge ldg ¢ Wl L) &
- . . . . oo ) )

doday lgdel (g 3 gaidl d8s paoed Lgade datiad (&) punlaall (o dodall
e s TR
y“““ | y ; %&J‘&U‘j@jﬁd\&d‘&g{)W‘
&gl @il o Uasdl gt Cawsd (@1 AW Dslaadl ulial) oda us]
.y dadgiallg

Actual output value

\t B

The absolute value of the
residual

bl de X
L MW&JW)’\j g,g)..\ﬂ\ Lﬁsjzu W\é&mﬁ\ odd IS 13)
: QWU e

:I'—‘

MAE
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high training accuracy 4Jle Coyds dds -
Mol Z390:J1 0Y low out-of-sample accuracy wleall Z)ls daasie sy -
. %JVU’J\ Lg CandSiw \L;‘J\ ALl (o.hu

1} Ar A}
o000 o000
00O o000
 NYX ) o000 000
o000 000 o000
All Training Test

P oedadid) ol (e Juaddly

s A\l B D> Yol

sl de gazma Jlaxiool dis zgaill izrgy (@) Al lad gil) Dgiall Gl
OSan Miad ¢ Logd duz s 0955 O )9 4l Cod AW ABWI 06 J> S ey
Z3gaidl (S ULl @3Me e s ST over-fit Al o OF ol ISR 3929
dsdgiall Ul 15439 s Al § J5 9 2B gl dlye

D dynadseie B D> 106

Elbd ¢l Lo dataset de gozxo @L-; oo Wble (e Hlosdl o &l o 142 9
739 i) Aol diyal) JESYL Dgiall dud)l 08 (pansx)
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: train/test split ©UL euds -2-8

DM 9 16 oo 4ddl 95 U] 0 oy Mo coyusdd GBL! (g0 52 pluseiwl o L
sl Gl oo dolad! Ayl (§ Juadaadll (i udtis S

A 'y A
LN WX o000
o000 o000
o000 9000
L W X LN WX ‘
All Training Test

S 3Ty Copuill edusl o oo ghatin oplizd Bl euwds @3 Lang
. mutually exclusive

B gl dedd] i Low 3T e32 e _isodg si e gdgaidl Loy diylall ol
. out-of-sample dl> §

.potentially valuable ded <13 455 Ol Jusioead! opd Lo SBLLI

oyl gl bl WMﬁuﬁg iislu e Judl diyylall oda Lﬁ&n
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ULl ewniis k=4 Miad k-fold cross-validation (s45 i) das b clla el
Db WS, a3l g5 by 35 Y S sl )Y

A 4 ‘r
‘' FYX | o000 o .
XXX, ®e
XN X
o000 R >
s 32l %25 o g sall) qujai £ 2l %25 Lo zisadll
All 8 Jdo Lady g JaY) Add) Je jLaay) g A
A ‘r
N N X
LN N X
s 32l %25 o gisall) i £ 320 %25 o gisall) quai
A e JLasY)y i A e LS gl )

Lawgiadl Jsb o3 %86 dulylls %82 a3l %84 &Wlg %80 dl>ye Jf A8 Ao
: zdgaill 401 881 e Jummeid JSU gl
AVG(80+82+84+8) = 83% = Accuracy

Q839290 0555 eud § oys Wlle sz Y 81,331 e delits fold sj= S O s
out- V> § 28ul) Lgrall Ll o Al A o Lbia JIL 9 Coyail) ,5T s
. of-sample
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: evaluation metrics padd! (ulio -9

A3 9 T (RS 3 gedl endid accuracy metrics 31 unlie e B yaiiuw
sl V> 3 Zagedl 0l (@I Gunlaall ge Gusily ¢ zigadl slol W
: regression
L,ﬁ‘” ol HlesN de gaoxal Aol @l (o Oyl - b Galud! Wt S
o) Z3 g0l gadg5
- polatl) Ui &) pludYl of adoliall (6T susey (I 481 pulidad
P Gyl ol 4o

Relative Absolute Error RAE (slaall quuidl Uasl

Mean Absolute Error MAE @has)l Uasdl lawgie

Mean Squared Error MSE Uasdl aye Jawsgie

Root Mean Squared Error RMSE Uasdl aye Jawgie yie

Uasell g0 Lod ¢ Uasdl doydy dalaio (§ydall oda S 0T S35 o9 ¢ $y31 Gyl ellag
4 58Lad) ddluall (29 ArBgiall Aoyl 9 dudadell dasdll ye (35801 90 ¢ &gl (§ Ly
i A \ng |

\ 4

G Gylall Gu=b Ll o Uasl) @8 Bue Ly JUb 9 bolas Bue Lad 0950 4y
: ,S3
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: Gylall Jawgl 29 MAE lall lasd! Javsgie -1-9

Divide by the total
number of data points

Actual output value

\i I\

The absol Iutev alut eof'h
esidual

:I'—‘

MAE

. . ‘ 3 . £ . . &
zju ?gggqué,;y\ daylall (pe ,esl (29 MSE Uasdl aope Jawgio -2-9
ool S Tasdl plas)) oy 39290 as ST ] geared dgzrse Aolaalld
: asall Uasdl 46536 Lowd exponentially

‘U . %o . By £
ija efjw sda Ol @ney RMSE lasl Wl lawgio yix -3-9
133 s ] das Joladl NE ' abl
Jwo YPRAVVRY &t’.«uj‘ B9 yuisd 3gas Y interpretable
t Lodd sgusdl S

RMSE= |y (i — yi)”

\=
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@i Cu> Residual Sum of Error Ll w09 RAE ! Glaoll sl -4-9

RAE = Jn 1| J _]|
j=1|3’j — I
RSE (qudl 001 Uasdll -5-9
N\2
RSE = 7:1(}’] _y])

N2
(v =)

R-squared (e« b slx) Data Science <Ulul ple Jlxe (§ pldseiwl A g9
D Zdgaill A8 Lulidie Wailg per se 4513 dox Uasdl ud 929

R — squared =1—RSE = R>=1—-RSE
bﬁsdﬁw‘w‘w |W"” Lla.é;l\o,ow'""“" \M\gﬁ&MOﬁMW"”
. Ju28l 7390l O LS R? dasd sl
pusviud L T sy adgdll e elrdgad B)ud uds dbludl @ylall oda (S
o) 8bymall Jlons 3 SULI £95 9 Zdgaill 5 e abgto
: non-linear regression _as sl 2841-10
China’s Gross Domestic GDP ¢yuall ol Jlaadl Sblo e Lo O 5

dlax; annual gross domestic Gyl el J5-119 2014 J] 1960 ple oo
: income Syl J5-J1 ST US Y9!

ID Year Value
0 1960 5.9 e+10
1 1961 49 e+10
9 1969 7.8 e+10
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GD |,

Year

s o) e Loud L
Tl g GDP adgi S o -1
qubM\oA@JM@éyc&w;deﬂ—z

L?b.ét.” éj}." L“sb.z:) ‘}lé Curvy trend CSM “. . S " L:)Ul._hd‘ O‘i LSJ_.) lAM " ,,....
- ddas ol o3l o dagB gaBdle GDP Lidg iy Jioy 409 ¢ A28 il

A e dao il 08 Ao Bl dsual 03 2005 ple (s> GDP o) o 235 Gy Cu
zlew el logistical or exponential function L?J U din 949 . 2010 ole
W1 Sl atdslasy dety Jas 4 gbys

y=00+0,0;
-8 Ol W slao| Liege 09559
quadratic(parabolic) (w5 sf linear Jas bl s adgill z3ged Jos WiSey
. cubic g2Se

v
v
v
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polynomial a8sil 394> 1S lgarex Lgeds LT in essence (Ogesaall) dgunioll
A8 Aoy y Adiwe paxdly X Addiued! Olpasdl (o ANl susS Eus regression
CX dmyd s D9l

LS.JJ\ JjA::J\J}fZS}Q Lo |51 3 GJ;SJJ LSJ‘ obLUJJ g.,‘.wUmJ\ &3}4.” pICk 9‘.0.2.&)’ ol@i.’a}’\ 9
¢ ULl #1657 anazr sl
AW Ayl (o 39udl i Mied cliblo g5 e Cabgio lda

y = 00 + Hlx + Hzxz + 03x3
&)L underlying data dwsludl ULl Cuslio g3 5011 05 Ld 08 (pa35 Lileg
!l dudas 48 Lglgou LuSasd dddas e d8MaJI OF oo
F AW Uusydg A1 Ayl e Balead) 29Ul iS) Lus o)

X{ =X, X, = x%,x3 = x°

IdeZ\JJW\ &:u.,oi

y = 00 + Hlxl + 92x2 + 03x3
traditional $udadl suaiall @391l (e dols Al oylie! LiSey Jas d9d> S (29
P9 Wl bledsuiul @) 4! (i plisiwd ladis 33259 multiple regression
e gad Gy Jasd) @393l § Uggmall lishlWl gnesat) (pg Least squares
Gl Jasdl Ll gyb e Waladss @lly Adudod! SBLd) o G Olays Foare
. Minimizing the sum of the squares of the difference between ¥y, y:
¢ lauall Jas il @83l 9o Lo 1 S das 13]
28 2B P 0555 O Gy Uatune padly Aatunall Olpsiedl (o Jos st 3903 oy 90
. (features) x wlaszall 89 )b Guls 6 Ll Jas
yJw u)’b;“ "Sd‘g LSPT d&.wi 5..\.9_91 ¢ L§~>LC ¢ uw.gl.c}l ¢ L"SWTLQ.S-W Qﬁ%&j
Ja> AE Ziged 98 Jas sl adgill 1 x S e Jadd 8)9 nalb s O sk adye
. el
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y=0,+0x
y=00+6,05
y =log(0y + 6,x + 8,x% + B5x3)
6o
1+007%

deida) least squares plisuwl LiSey Y (Jasdl adgill Q& in contrast Jlab
o9 Mgaw ot SlabI e ogosy Jas il sl (3 bl
¢ dlgo Ayl dudas p2 ol dudas Alall OF @das S -
Ll 3l Wlpiied Sl JUS sy a8l Lo (2l WL ey O
s pe ol ddas A ey (aialld Js-ull
Olpsiedl o correlation coefficient LY Julbae Olws WS o
. e pdlg il
81 BWAIB Gg8 b 0.7 wlpadl S LY Jolae dad <38 13 o
Lol s Jl e Adasil
Bl Ja5 duppe e bl CiB 0l Jasl adgill plasiwb pgds ol o

y =

Bylall U] pasins Ud § 835290 ddas adll 6 13] (UL z39e3 (56 aSy -
: 4 Jul

Polynomial regression e
Non-linear regression model e
Transform your data e

Olpsiall e Al ol piiall 30 858 Olo duyd Ledie ddaiell 28 g2l pdseind  domuld
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Dependent Variable

12010 plad 1964 ple o (all GPD Jbe Galainw
F oy LSl sl JoV Bglasel -

Importing required libraries

import numpy as np
import matplotlib.pyplot as plt
Ematplotlib inline

1 8,SAl Qb (ye y=2x+3 s Do) Jasd) a8gal) ouny Syt -

¥ = np.arange(-5.@, 5.8, 8.1)

##tYou can adjust the slope and intercept to verify the changes in the graph
¥y = 2%(x) + 3

y_noise = 2 * pp.random.normal{size=x.size)

ydata = y + y_noise

#plt.figure(figsize=(8,6))

plt.plot(x, ydata, ‘'be')

plt.plot(x,y, 'r’)

plt.ylabel('Dependent Variable')

plt.xlabel('Indepdendent Wariable')

plt.show()

-4 -2 0 2 4
Indepdendent Variable
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y= ax’ + bx* +ex+d

[3]: = = np.arange(-%.8, 5.8, 8.1)

##You can adjust the slope and intercept to verify the changes in the graph
¥ o= I*(x¥¥3) + 1¥F(x*¥*2) + 1%x + 3

y_noise = 28 * np.random.normal(size=x.size)

ydata = y + y_noise

plt.plot(x, ydata, ‘'bo')

plt.plot(x,y, 'r’)

plt.ylabel( 'Dependent Variable')

plt.xlabel( " 'Indepdendent Variable')

plt.show()

150

100 4

Dependent Variable

T
—4 -2 0 2 4
Indepdendent Variable

. Lﬁ:ﬁhJ‘¢U g;gﬁjU[g -

Y = Xx?

[4]: ® = np.arange(-5.8, 5.8, @.1)
#&#You can adjust the slope and intercept to verify the changes in the graph

¥ = np.power(x,2)

y_noise = 2 * np.random.normal{size=x.size)
ydata = y + y_noise

plt.plot(x, ydata, ‘'bo')

plt.plot(x,y, 'r")

plt.ylabel( 'Dependent VWariable')
plt.xlabel('Indepdendent Variable')
plt.show

£
L
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Dependent Variable

Dependent Variable

Indepdendent Variable

:M“ULS“SD -
Y =a+ bc®
X = np.arange(-5.8, 5.8, 8.1)
#tYou can adjust the slope and intercept to verify the changes in the graph
Y= np.exp(X)

plt.plot(X,Y)

plt.ylabel( 'Dependent Variable')
plt.xlabel( 'Indepdendent Variable')
plt.show

F
L

1440 4

120 1

=
=

- -2 0 2 4
Indepdendent Variable
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Dependent Variable

:&)&}U\

y = log(x)
X = np.arange(-5.8, 5.8, @.1)
¥ = np.log(X)
plt.plot{X,Y)
plt.ylabel( 'Dependent Variable')
plt.xlabel( " 'Indepdendent Variable')
plt.show()
15 1
10 1
05 1
0.0 1
—0.5 1
_]-I] .
-1.5 1
—2.0 1
0 1 2 3 2 5
Indepdendent Variable
: Sigmoidal/Logistic Jgezxw!
Y=a+ T D
X = np.arange(-5.8, 5.8, @.1)
Y = 1-4/{1+np.power({3, X-2))
plt.plot(X,Y)
plt.ylabel('Dependent Variable')
plt.xlabel('Indepdendent Variable')
plt.show()
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Dependent Variable

R ) ! 3
Indepdendent Variable

L BT ol as pally Jasdl gdgill o 3,81 e Lallassl 0555 Mg
D (all GPD 529 dugydinw I Jliald 031 36

tlgre shawl e Job clasSYly Jull oo ULl Juams do3MUI laSiall slpical -

import numpy as np
import pandas as pd

#downlooding datoset
'wget -nv -0 china_gdp.csv https://s3-api.us-geo.objectstorage.softlayer.net/cf-courses-data/CognitiveClass/MLO1@1ENY3/ labs/china_gdp.csv

df = pd.read_csv("china_gdp.csv")
df .head(18)
[8]: Year Value
0 1960 5918412e+10
1 1961 495570510
2 1962 4.668518e+10
3 1963 5.009730e+10
4 1964 5.906225e+10
5 1965 6.970315¢+10
6 1966 7.587943e+10
7 1967 7.205703e-10
8 1968 6:999350e+10

9 1969 T.871882e+10
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[9]: plt.figure(figsize=(8,5))

¥ _data, y_data = (df["Year"].values, df["Value"].values)

plt.plot{x _data, y_data, 'ro')

plt.ylabel( 'GDP")

plt.xlabel( 'Year')

plt.show()

1e13

L]
10
L]
L
0.8
L]
06 .
8 .
L]
0.4
L]
L]
L]
02 .
o*
o
P, -...o"..

0.0 * -

1960 1970 1980 1930 2000 2010

Year

o5 Jasdl b @Bgull pusiier JWby ddas LMl OF Gl eyl oo dxd
L wsemall— w;z:gl.'cﬁb;— VI = 29d5dl S 1 adsiunivs delgil (S
3905 @5 Jaugll § ©Luds o3 Al § sdam 31335 LT Gl gyl e a5l
LIS 05 s dan T (@Dl g il 10 ST ()l ol yalaiy u3) (olasidl
O T 59 a8l Lig) 53591 il b gazead] A1) O 5Simew @ll) (ola35] 19

Pedglly dgad! Glus e b 5 s (ol M Juadl Logal (5539 (91 oy

- I
Y =

: logistic 41 plall JSCad!

1 + e iX=f3)

) : Cont the curve's ste 25,
71: Controls the curve's steepne

[ Slides the curve on the x-axis.
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Dbl g Ay Casyad ao zdgeddl sl T
[11]: def sigmoid(x, Beta_ 1, Beta_2):

y =1/ (1 + np.exp(-Beta_1*(x-Beta_2)})})
return y

F ) UL aid>Dle sde (A ) culgl) Adgl @ud auas o

[12]: beta_1
beta_2

a.la
1996.0

#logistic function
¥ _pred = sigmoid(x_data, beta 1 , beta_2)

#plot initial prediction against datapoints
plt.plot(x_data, ¥ pred*15200000008000.)
plt.plot(x_data, y_data, 'ro")

[12]: [<matplotlib.lines.Line2D at @x7f2abe5d5ese:]

1el3

144

12 4

10 4

0.8 4

0.6

04

02 A

0.0 4

1960 1970 1980 1990 2000 2010
) Olehb Juadl slou] OY Lieged 13] &Y adbn Cawlio ud 45T (655 LS
| giand! @ normalize ddes (29 Jloxall il 095 Wlledl oudail ddosy pgds -
: JUSL@A“J.M Jolss el (5,5 LS 13 848l dc 98,0 GPD Lol SBYYL
[12]: # Lets normalize our data

wdata =x_data/max(x_data)
ydata =y data/max(y_data)
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P scipy oSl pasuind (govked) dewliall by @8 sy -

[14]: From scipy.optimize import curve fit
popt, pcov = curve fit{sigmoid, wdata, ydata)

#print the final parameters
print(* beta_1 = ¥f, beta 2 = %f" ¥ (popt[e], popt[1l]))

beta_1 = 698.447527, beta_2 = 0.937287

Pl QA Lo gad Y1 -

[15]: % = np.linspace(196@, 2815, 55)
X = wfmax(x)
plt.figure(figsize=(8,5))
¥y = sigmoid(x, Fpopt)
plt.plot(xdata, ydata, 'ro', label="data')
plt.plot(x,y, linewidth=3.8, label="fit')
plt.legend{loc="best"}
plt.ylabel{ 'GDP")
plt.xlabel( 'Year")

plt.show()
104 & data L]
—_— it .
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06
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]
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ssote?
0.0 | s8ces
0975 0980 0985 0.990 0995 1000
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O okl G pldseianls BB e OF (3008 (£SO Y 1 U9 Cslin 451 L2
: L;147':)\ 9l §

o)) Clus @ Z3gadl Coyls @ (o 9 Coydiy HlisY OULI ey lldg
P Clus @3 (o9 HlasYI Wlle e slaxeYb a8 gl
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[18]: # split dota into train/test
msk = np.random.rand({len(df)) < 8.8
train_x = mdata[msk]
test x = wdata[~msk]
train_y = ydata[msk]
test_y = ydata[~msk]
# build the model using train set

popt, pcov = curve_fit{sigmoid, train_x, train_y)

. P R .
# predict using Test set

y_hat = sigmoid(test =, ¥popt)

# evaluation
print(“"Mean absolute error: %.2f" % np.mean{np.absolute(y_hat - test_y)))
#* 3

print(“Residual sum of squares (M5E): %.2f" % np.mean((y_hat - test_y)

from sklearn.metrics import r2_score
print(“"R2-score: ¥.2f" % r2_score(y_hat , test y) )

Mean absolute error: @.@3
Residual sum of squares (MSE): 0.88
R2-score: @.98

gie Aol ao Jas sl g Jasedl 2891l Ligl 8 095G 1g

: Classification «aduaill-11
: doddo -1-11
NS (pe Cum supervisor 3Ly eladl euwd ope AT @lad (§ Caduail] i
Wniio Olegaze G (lgie W ple Y (§T) Uggzmn molic Bue Cadual oS
- (Gsio)
features Winkie degaze (o 83g2gall ANl @laty O Caniuall Jyloy

o categorical variable g asie CBugll 0650 Cus ¢ target Buglly
el e JLSy ¢ discrete values (dalaiio) dyadin

Ladf,a..ojiéb.:é Hoal) leans &3)-5-]‘ E—*"&Q}O’.
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: (default @1 (e alsd) ) (29,801 il pde Al 4udy el Lo

AW oLl Lol
age | ed| employ| address| income| deb| credit| order
41| 3 17 12 176 | 9.3 11.3 | 5,009
27| 1 10 6 31| 19.2 1.6 4,0

O3l mddaws o &84 O Lyi9 Ldagll s29 categorical $oidl oo Al jiciall
Yl dde CIRI 2,81

- O3l g 4l (5,331 (9,2l decline g 9l offer zuwe Clidl sdsw dicg
Ll 059 ST Wlle 4 4505 classifier Calas s Lpad (2l OB pasiuic
. not defaulter 10 sl defaulter 1 1 b| doxitdl Jasnsg

LS 0 of 1 g3l Q@ Oted pasiun 4Y binary QU caduaill 13s g3 ol 6y
AU sl 1 multi-class classification Caluol sue J=Y Caluas by LS
" &Ll Whe 3 LS lazs
el ddasiw I el g9 @dgi O Ly (9o by Ladd 09So e

tdudl
age sex Bp chars Na K
18 m
16 f

categorical variable Cdug)l sl lda
- @ g5adl slgal) wladual M Lol s
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DB ygel (§ Caniuat] plasiwl OY e

O923)) oz §95 91 43 (§Y i -

churn detection g idw () diaa piuw O3l Jo 2895 -

P bdle] degoazead Mo Y o dS81 (2 9,a) respond O3l ot Jo 2dg -
. particular — advertising — camping

. speech recognition X! jaed -

hand writing recognition dJ! las el -

bio-metric identification (e Lgo> junlio el -

documents classification wladwell Cadual -

Jolaill bl Caxiuas 9T oY laia e ¢ )izl e da318 9SS JSlinall 0 elans
(Y ¢l $350 ) nOt spam s spam 52 Ja 39 ASIY !l Caduad Jio Lgas
! lgie Cibsat)l Slaa) g3 (3o kel Ay
- Decision Tree (ID3-C4.5-C5.0)
- Naive Bayes
- Linear Discriminant Analysis
- K-Nearest Neighbor (KNN)
- Logistic Regression
- Neural Network (NN)
- Support Vector Machine (SVM)
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: K-Nearest Neighbors KNN Caiuad! duo)ylgs -2-11
G Cloasdl ulul Je @ld ] a8l ppadts ©YUaYI 3950 plB (15,8 e
P QW gadl pass pgd Lgondy

X : Independent Y : dependent
( A ) L ‘
id| region| age | material | address | ed | employ | retire | gender | income | customer
categorial
0 2| 44 1 9| 4 5 0 m 2 1
1 3| 33 9 6| 2 3 1 f 3 4
0
8 ?
"2
target

P STY el lgtasd 4B onSilael] Oleds Lya

Basic service -1

E-service -2

Phis-service -3

Total-service -4
de gozeo lgud st (I Olpnedl @B i) dudlpe gar ) ULl puseinduw 4201 JWLy
individual prospective customers : pg) offers wledsl eaddsy (nSlinel!
Lns‘\.p\.wj Y CJ.‘?LU Ole gozxo &sj Lo Cus Caduadl Piluw (U] pias V! o
- KNN passiudeny A ggamall ol upizd! @il a893 3 903
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DM x Wlpsiall (e features (udges laid adscind Wdwe s pldll =T oy
topnsiell (pda e by Ole gazedS (3U31 ewy @ predictors pgeewsy age,income

: A O
income o . O® 5
oR
Oe °

o +.
O+ .O

age

[

® Basic O Eco Plus *Total

s e 43l Jgs o LiSlay Jg Total 45 51 dlazil) 0,810 wusdl g3l of s oY)
first-nearest Jodzel el Coyd Jol dxall oda oY el adaid x5 § dadl
Capnsd (ne3 90 b § Caduatll 1o 48439 (o oS 0 JUWI JIgedl 3L 89 neighbor

. outlier 83l o1 Lols D> doyall dbaasll I8 O] Lo guas-

e Jol ol peds gl doyd Al Jol sdss of g 3ild! Jalascal) sgai 13)
L g1y Caiue Jod=t) majority vote lgw lead dgladall bladl sue (5,9 4 4,9 blas

tdudd|

: Ladd O U3 o8 more sense dualain AST109 Caiuall judd oo M g9 doxd
P QW KNN deej)lss Bya3 0950 JWL9 5-NN-> Luwd sl o3 1-NN

labeled points 8saxall bl (36 bunch dey> 35U | Caxuatll Glae,lgs u>T (2
bladl oda o 392 gell GLEA e dwind Cus blasdl 4dy Dga dydid egoadsindy
. based on their similarity to other cases. L 4,3
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e Jalal PRI neighbors s suui=dl dagill & lpan (o doydll bladl oda owd
5 08 Blaaall Y andl Lpany e dpyB 0559 Cikaall s (30 dgalatall Yl

- dissimilarity ¢! olide (£ (>

Euclidian di,b Jie coledl old uSlae SSaw of wladl ol Gy sus cllag

ey Gyl sda Lo LB aiiwg distance
P JUWE KNN do))lgs J=>lpe paseli 13]

pick a value for k 8)glziall bladl sae Sl k dad ez -1

hold out from bladl dudg dggzeall 91 bzl Aaadl o Adluwd! Glus -2

each of the cases in the dataset

dhal) 89! (training data oyl WUl (o) k-observation Hlss -3

. U ggzall ol Bupdd|

g bladl 0,89 dsslad! e plusuiul susdad| dadid] > adgis -4

g diasd Joall bylaas leldail Jany jluadl 1 (§ cpli> clla

¢ &Ik dad iz &S -
Lol gl @Yl e (D bluadl) LA uidd S -

F @ ldl Wl oo (oaidads) (g (o ladl polid ddsylo e Jlio A

customerl | customer2
age age
54 50 Dis = /(54 — 50)2 = 4
Income Income
190 200 Dis = /(54 — 50)2 + (190 — 200)2 = 10.77
education | education
3 8| Dis= /(54 —50)2 + (190 — 200)2 + (3 — 8)2 = 11.87
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Euclidian 4,k login d8luall (wld LiSed age 8419 8 Jadd lagin Loy
: JWS Minkowski distance (s«39 distance

e
AN
@
—_—

35 31 i 31 du>l9 Bme SER TP Rl olus R S G lad! Jgd=dl g0 L
- o8 g3l

12 9 (pan Jlxe e ) normalized punds Jos 9 UL prozed elId Jas LSy
- pdiun]) Caduadl 9 Ol dauds e dutiao

U5 aud W ggamall Aaiill U3 SY1 oliadl dodss e duiad dua) g3l 0 of LTy LS
¢ dewliall K dosd p Lod chart Jalaseall (s (§) Dol Dl sy oy

ost

&y OY 5w b aiSUy o Basic Caiuall (81 098w Wil k = 1 A dayiy 0l 13]
Bla A= 98 o Ll 3929 9 Total Gl hlaxdl e Canall oo s> bladl
- over-fitting dl> U] $a% k=1 s dad HLizl JWbg anomaly

out-of- WLkl Zy (e Wlgall ke plall dan 09So o Z3sal OF Gn 1A
Buodadl @il ibe A8 OgSuwd JWby plladl Coydsd gedsund (I (29 sample
I 05 & OgSam IS S k=20 Mo 5,48 dasd Gzl o 13ke (55 ¢ (A gg2xal)

¢k dod LY Ayl Jiadl o Lo 13)

Jxalg 73 geddl s HlusY UL (o s3> reserve o 9l Ladiss Qiﬁ_cs oI J!
plasiwl Zgadl 48y Gluad HlesM bl (S GBLI pusuiud @ k=1 Hlizs ¢l

A

v
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el e oz o k3 63T B 5lasb Alaall auasy test set HisYl Ol apex
k=4 (p 408 Juadl 09Siw Galud! Wl 39 gald 480

Accuracy | ¢

R

k=4

v
=

plasisl ok Dl 0dd 39 Bpaiunal) @il Doy a8gall Ll pusind KNN di,bo
 Bgdad) Dol dogd BLAASY (2,8Y1) 8)9larall @] Jaus gio

coen - 2890l — dxluca)l — 8,301 due @ features dlawlge G e yauw a8g3 Jio

poilaolge Hlich iy Ly ddluall dzb Jadd ud Jile W 31 slomy] U Loy
8)9\zeall M J3liad!l jlane] Jaswgito d5b ol wuyd Sl Jiedl yau 28435 oF dxiayll
.4

P el Lo Dolgd! §
Very high (K=100)-> overly generalized model
Very low (K=1)-> highly complex model
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: Evaluation metrics in classification caduail § el (unlio -

OE% GA>] 3by) @by degazme Lol (2,8 (Jad z3gadl ehol Luuliell 00 ddsd

s VLY
| model

Training set

j/

Real value(y)

)
v
v

145 3dl od Jead churns 468! doedtd] bl By g

e Jos 48> Gl Wy training set coyddl Glily plscwb z3gedl Coydd da
o)l o (S @ (peg dadgiall @l dxgid test set Hlisl Wbl pliscuwl z3 4041
Bla g dlal ) Uzdge § oyghad ¢y gy G 32l Lt BBull Lulid W sdso
D (29 Lo W e Cyaiiwn julaoll odd (e Juuall

Jaccard index , Fi-score, Log Loss

: Jaccard index -

Jaccard similarity » Ul yad 5 zdseddl 385 bl Gyhall oda Lawl 2y
s Aol Lelied Eus coefficient

lynyl ly Nyl

lyupl Iyl + 19—y nyl
53
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agelaiz! e dudidizd] 9 dndgiall oat)l o adolid)] @z dod (S

el el Blo Ll 9 pieed Jsb Jaad Calisl T 9 = [1,1,0,0,0,1,1,1,1,1]
: dubj

8
IO = 155108~ 266

Aeg J=1 Zdgaidl &85 OB eadll (zegame G JoB 4LAS gy Ledie &l ,STL juns
120 dogiae B il ST uzgr Y ledie I

Ol w28 J=x8 confusion matrix (cm) g9 Zigadl 3> ama) H3T Sd Hlaid

M cm @M\ o.l.g_é O LBL o9 ).[a.w 40 L§3:>U” as}w Lu..\.‘ Jl,«.‘lé-)” 4‘29"‘"“’
. dd > |‘o:«.5.’\&oa.°gl.5.n dousuall g &bl Qbﬁ}ﬁ\

Q)
=2
c
3
=
I
Vv
v
Row=>>
20
— Churn=1 6 9
= 15
< J
o
o 10
=) Churn=0 1 2
= —| 5
h Churn=1 Churn=0

Y
Predicted label ()

54



Sl de goa 3 Actual/true label sl o)l (ae Adsaumell 0dd 3 ylaw S
. 23904l (10 predicted value dadgiell 0l (ae d9ae S test set

SRR UIHNES I
Row=>=
20
Churm=1 b g
15

$ JWLy 1 $olud Hlasdl de gozmo (3 og) dudisdzdl churn ded () o5L31 Sy 948
99 1 doss 6 pgio 2395 Z3geidl O Buzrg) 40 Lol (e 052 15 J churn ded Uy
db’J\MﬁS’\dﬂﬁgOM

diad 25 9 1 &) diogd 15 oghe LY degome (po sl 40 Lo @ dsnttl
JOWNY EWIFES

1§l g S5t zhgaill pgadss wgio 6115 )

o sl
06‘?[}@::::::::9
——1 0 Sl qwome S h9al pgadgs ogie 241 25 )]
L Elsad
o BluaYl uad ol dadgi muoual (e zigedd! 8)ud oo leldall Jass cm 8 gauas 13]
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e WSy (05 1 dadd cndiue 1) binary JU) Caduadl! e poll JUedl (@ Ll
P JWE cm dsasme (§ 857 g0dl pl)YI i3

T 2895 True

Tuoue & 7845 False
1 «l> i Positive

True positive TP (6)
False positive FP (9)
True negative TN (24)

False negative FN (1)

0 «Jl> T Negative
! b S B Gl gt ouad S S e olezedl
Precision = TP/(TP+FP) (U=l adgill 485 su=s)
Recall = TP/(TP+FN) (V! dolz| (Sde du=s)
o @l oY) el (8l o

classes precision recall F1-score
0 0.73 0.96 0.83
1 0.86 0.40 0.55

Fi-score = 2*(Prc*Rec)/(Prc+Rec)

.(harmonic average of the Pre&Rec ) (#315! lawgiall F1 (5

433 ) gl

High Accuracy

d83
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A.¢ Accuracy = (0.83+0.55)/2=0.72

sl @ 1M ,3T Cae (e Loge (oo 3929 i 9o Ciliandl 73 055t Ll

the probability of ¢3! d9>9 &l Zy5dl 09 logistic regression Siey)!
190 o 4=l ded 0dag (1 or yes) (s customer churn

churn Predicted log loss state
Actual labels churn
(y) (probability)

1 0.91 0.11 good

(D—*> model| — 0.13|—>2.04 |—>bad

0 0.7 0.04 v.good

0 0.8 0.26 good

0 0.6 0.56| medium

23 05 b Calliaall s1oT uadi Log loss (£45 3l Logarithmic loss da,lo § 13
190 om Al dagd 9o adgiall
P @l gl (§ Dlied
log  deud s gtig das (R 0.13 8 lgad gl btz 9 1 (p dudedimn)l 31 Aoyl
L;LJSM 5 Cu> ddle |oss

y *log(¥) + (1 —y) *log(1 - 9)
3 Lol ddiation] Lol (5 B gl Aol lgud diasd (3] Bolal ]y Aaed] 0.k _pals
CESW &934J‘ L')SSJ}:S
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S Goiall N glucdl lawgindl oo guw WS Jlaw S log loss dad Glus s
JUD)’\A.CM

LogLoss = ! log(9) + (1 log(1 — ¥
ogLoss = —EZ(y* og(P) + (1 —y) xlog(1 —P))

 dld! Ay all (uSe 281 Z)d5 0950 Lo

483§ gul

FEXIRN

High Accuracy
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: Aoy LSl ol i Tus

[1]: dimport itertools
import numpy as np
import matplotlib.pyplot as plt
from matplotlib.ticker import NullFormatter
import pandas as pd
import numpy as np
import matplotlib.ticker as ticker
from sklearn import preprocessing
Ematplotlib inline

L @90l o YL AS 8 ble Jeoxs

[2]: lwget -0 teleCustl@d@et.csv https:ffs3-api.us-geo.objectstorage.softlayer.netlcf-courses.dataf[ggnitiue[lﬁgg/ﬂL@l@]ENy}[lahg/telecugtlggﬁt.CSU
L]

: pandas Jbeasiwl OUBLI oo

df = pd.read_cswv("teleCustleedt.csv')
df .head( )

region tenure age marital address income ed employ retire gender reside custcat

0 2 13 44 1 9 640 4 5 0.0 0 2 1
1 3 1 33 1 i 1360 5 5 0.0 0 6 2
2 3 62 52 1 24 1160 1 29 0.0 1 2 3
3 2 33 33 0 12 330 2 0 0.0 1 1 1
4 2 23 30 1 9 300 1 2 0.0 0 2 3
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df[*custcat'].value_counts()

o=

2

281
266
236
217

Mame: custcat, dtype: inte4

Pl @ ciue S 8Ll sue sus

281 Plus Service, 266 Basic-service, 236 Total Service, and 217 E-Service
customers

df.hist(column="income", bins=58@)

array([[<matplotlib.axes. subplots

dtype=object)

income

D@l S gawyy LS

LAxesSubplot object at Ox7fE217=a4a%6:]],

400 ~

300 1

200 1

100 1

T
1250 1500 1750
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df.columns

Index(['region’', "tenure', 'age', 'marital’,

: X el Ol pied| 3dse)

'addrezs', “incomsz’, ‘ed’,

‘employ', "retire’, 'gender', 'reside', 'custcat'],

dtype="object")

X = df[['region’, 'tenure','age', 'marital’, 'address', 'income’,

x[e:5]

1

array([[ 2., 13., 44., 1., 9.,
[ 2, 1., 33., 1., 7y
[ 3., 8., 52., 1., 24.,
[ 2., 33., 33., @&, 12,
[ 2., 23., 3., 1., 0.,

[12]: |y = df['custcat'].values
y[@:5]

[12]: array([1, 4, 3, 1, 3])

64,
13m.
116.

33,

8.

[ R ¥

61

[~ I << I~ B < ]

E@ = = @@

‘ed', 'employ’,'retire’, 'gender', 'reside']] .values #.ostype(float)

2.,
6.1,
2.1,
11,
a.11)

FUEIC NI Y- YV ST



[13]:
X[8:5]

[13]: array([[-©

[14]:

826596767, -1
12656541,
.23B65024 ],
.19883553, -1.
.5454457 2,
.556BE158],
. 19883553,
.35851747, -1.
.23865004],
82696767, -8
41525141, -@.
.92747794],
.B2896767, -8
LA4425125, -1.

.16308577]1)

Train set: (82@, 11) (&ea,)
Test set: (28@, 11) (2848,)

from sklearn.neighbors import KMeighborsClassifier

1.

1.

1.

.@55125 , @
aa7752e , -@
14588563, -@
S9@e2271 , -@
f2lesz247, @
6767085, 1
.11831864, -6
2491%539, -1
.58672182, -8
36767088, -0

y_tra
y_test.

. 15458456,

L2941228 , -@.
.69181243, 1
5941226 , -8
821828081, 1
. 78752883, -@
69181243, -@
.@9829%81, -
9388797, 1.
.891828%3, -@

1.

F O uedt) L zlises

Bleases
22287644,

.818@505 |,
.22287644,

.8188585
.22287644,

.999@495 |,
.22287644,

9188585 ,

22287844,

-g.
-1.

-g.
-1.

X = preprocessing.StandardScaler().fit(X).transform(X.astype(float))

25383431,
23452817,

4514148 ,
@3459817,

.23431934,

2.96655883,

-8
-1.

.B4453642,
. 96655883,

.253283431,

83459817,

Z\)Qlﬁ%ﬁ‘ﬁ grﬁ)dlu CDL3QqJ\f§puJ£Q ﬁsﬁi

from sklearn.model _selection import train_test_split
X_train, X _test, y_train, y_test =
print ('Train set:', X train.shape,
print ('Test set:", X_test.shape,

in.shape)
shape)

train_test_split{ X, y, test_size=8.2, random_state=4)

t KNN 4yl g0 Aol doSadl 3 g
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[15]:

=
o
—

[17]:

[18]:

Fk=4 Hlasb OBl oy
Lets start the algorithm with k=4 for now:

k=4

#Train Model and Predict

neigh = KNeighborsClassifier({n_neighbors = k).fit(X_train,y_train)
neigh

KMNeighborsClassifier{algorithm="autc’, leaf_size=38, metric="minkowski',

metric_params=Mone, n_jobs=None, n_neighbors=4, p=2,
weights="uniform")

LA 85y

yhat = neigh.predict(X test)
yhat[8:5]

array([1, 1, 3, 2, 4])

P i) g HlasYl Glle oo S Zdgeudl dBo piss

from sklearn import metrics
print{"Train set Accuracy:
print({“"Test set Accuracy:

w

» metrics.accuracy score(y_train, neigh.predict(X_train)))
,» metrics.accuracy _score(y_test, yhat))

it

Trazin set Accuracy: ©.5475
Test set Accuracy: @.32
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110 Mo kJ dakizes 08 J=2Y 4yl g3l daas Y

Ks = 18

mean_acc = np.zeros((Ks-1))
std_acc = np.zeros((Ks-1})
ConfustionMx = [];

for n in range(1,Ks):

#Train Model and Predict

neigh = KMeighborsClassifier(n_neighbors = n).fit(X_train,y_train)
yhat=neigh.predict{X_test)

mean_acc[n-1] = metrics.accuracy_score(y_test, yhat)

std_acc[n-1]=np.std(yhat==y_test)/np.sgrt(yhat.shaps[@])

mean_acc

array([@.3 , .29 , @.315, 8.32 , 8.315, ©.31 , ©.335, ©.325, ©.34 ])

Dk dasd Sl i &8s el (g dakiseall k oty A3yl z3gaill 485 @uys o5 (109

plt.plot(range(1,Ks),mean_acc,'g')

plt.fill between{range(l,Ks),mean acc - 1 * std acc,mean acc + 1 * std acc, alpha=8.18)
plt.legend(('Accuracy ", '+/- 3xstd'))

plt.ylabel( 'Accuracy ')

plt.xlabel( 'Number of Mabors (K)')

plt.tight_layout()

plt.show()

— Accuracy

036 1 +/- 3xstd

=

LeE]

=
i

=

it

]
i

Accuracy

=

[

=
1

0.28 4

026 4
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t k=9 boie o8 zigaidd 485 el ol uid

print{ “The best accuracy was with", mean_acc.max(), “with k=", mean_acc.argmax()+1)

The best accuracy was with 2.34 with k= 9
: Decision Trees )yl 8yxi -3-11

Decision

Decision

Decision

Decision

Decision

Decision

Decision

Decision

Decision

¢ 3bh3 8ymd (ol Sy § Caniuatl (§ Wi oSS

A opall il g (g b i )8 e

Patient ID Age Gender Bp | cholesterol Drug

pl young F High Normal A

pl5 middle M Low High B

W3 B ¢loul QgJ_-}Tj A £19al) O guminn (920 Sl OF U caals deolyd| o M9
058 Sy el G (3o (Jlaog dudl (9250l A EI 2893 3 g5 dloma] (§ Liiage
LSS Drug ¢ Lagll 05509 Age,.... dblull features (abazdl dc gazo dis Lyl
oyl Bbly pusuiud QI Decision Tree dasyb daixiwg QU5 Casual 41 L (5
sz (e distinct nodes 4ol die ] Coydidl ULy euudiy Hlyall Byoxd sbo @
- oasdl
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Age

young Middle- Senio

internal | —| Gend

sloxeNb el lgie 3459 Age s attribute duebdl s 1,8l 8y Ol §p S
. L@.o:uz.‘ji duo Bl odg) HlasYl d=i e

o 34 Bde A8y (S 9 HLas Yl daxdl 0950 59 IS 9 5L auass ddsls suse 56
- (olas 53 9f) paal

g)b.ﬁJ| 5_).?:..34 ;.U..g a.a‘..))bg{b\.n()sn

Dol e (5,31 5l Bulg attributes (aibasdl eud dsb iy ok

1- Choose an attribute from your dataset

2- Calculate the significance of attribute in splitting of data
3- Split data based on the value of the best attribute.

4- Go step 1.
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) Ll 3 pasbasdl e sy s -1

oo b GA CULl s (§ U @) dasall (AY5 — 09 — J&) e -2
Y plagrge oo U daal)

pls Jadl dad e slaeYl ULl g -3

- duiell features ool &4id branch 5,8 (3 ddea)l ),SS -4

: Building Decision Trees 8 =& slo -4-11

14 Lo Ja) olldl Gasduadd recursive partition eawdid! HLhSi 8yidl by o
predictive dadgiall Olnell el duw)lgsdl HlsS 9 dludl licgame (§ paye
i) Lgade datad ) Oliwall pal (T Hlss ST lgale sy UL a2l features

- gadual 9 L

LS cend) ULl oudss @i Lgde by 9 cholesterol attribute dasas S Tua
: normal, high &Ll Wt (§ Jod=d! (3§ Lol

5 jeall JUAS Ladis

098 O Normal

Wt 4 B g g% of Lalad ¢l O5Se of Lalad (80 g

Ll Y B ol A gdld)

B agadle e 2
A aeade ) g

0ssi o High 85sa s i Cholesterol

eﬁﬂsﬁﬁgB*ﬁau«bﬁM
A

oIl Jauils Bad attribute selection for split uuwdild ¢ o Bnall oda Hlast JUbg
: Gender Jis 3 duolsd

M 552l 115 Lanie
DA A8 Al Lgal

9 a8 g S o5 aall AT Laaie )
o ¢l g sSina F 3 33ad Onedan o Ligalh 3} 98 La

s i sl a3 B g3l s pgade Az iy A pgade
A e a0 B aade B
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Y ULl s (3 dataid Wil (0 Juadl Gender duolsdl oda Jl> S e

. 8saS ASTy Lrpmad J3I
Gender attribute is more significant than Cholesterol or more predictive
(Less Impurity = Lower Entropy)

aaall @ impurity ogadl jels] e Jeiad productiveness xdgdl e 8)aalls
9 il (§ dogadl lia (e (2235 (Al features wlaall (e Ed =0 eld) nodes
. leaves 31Vl

JWLs V=l 0g) good candidate s zésye (» gender el Of sl buzg c
: 401 Bghasell i

S>3 8y0 Ll @] Cholesterol 8all )l gender 8xedl 3 M gsidl J=Y 03I
1 40 subtree d.e,8 8y (§

Cholesterol

ra ) L
A ) agadle
Sﬁo@gjmgj

v
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39 4l Jgo gl alpall Caug)l £ois Jadd Badome 9S5 Ledic dud Byl (§ Budall ) i
Jlis g ell3g (ebolin) shizl J) okl Sl § il S5 pasind Al
& ©bll Entropy wlus @b e impurity ol @ (&l 9 8glas S (§ 0gadll

¢ Entropy Jl (» b suic (S

oda disorder p:«l'aﬁgi 3yl ‘au\cju_aﬁgi <ULl § randomness ddlgdadl lude (2
ol G 13] (RS Gdal @l ded S8 e Cmd o JWLy ¢ bl

. Ada)l § homogeneity

P 3 oud Mo

1 DrugA 3 DrugB

& Drug A 5 Drug B

Entropy is low (good value) Entropy is high (bad value)
el § LB 51520 o] § 84S &1y

O Drug A 4 Drug A

8 Drug B 4 Drug B

Entropy =0 Entropy =1

ke 989 ke e

Lo LS Ll LSy 13)

Entropy = —p(4)log(p(4)) — p(B)log(p(B))
Je8 bie Jgdll Entropy @l il ¢ Caiuall (ratio,proportion) 4 p oy

: G o a3

Patient ID Age Gender Bp | cholesterol Drug
pl young F High Normal A

pl5 middle M Low High B
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: O w9 S:[9B,5A] BJ dawd 9 AJ occurrences eldst dues Lol
E = -(9/14)log(9/14) — (5/14)log(5/14) = 0.940
: Cholesterol duodl plusuiwl ULl puudiy Tas ¢ ULl quuds Job 1o
Normal : 6B,2A—>S[6B,2A]>E=0.811
High : 3B,3A—>S[3A,3B]2>E=1.00
Age,Bp,Gender,...Lod) Oluo Il S ddeall udl 5y
‘Lo 950 Gender Mo
F : S[3B,4A]—> E=0.985
M : S[6B,1A]—> E=0.592
¢ Cholesterol pl Gender Ju2dl Lagl 13

da ddle 8,21 (3 Information Gain 5.0l SUL) Jad (&) duo ) Hlisuin
! o]

The tree with the higher Information Gain after splitting.

U5 E asd 0 Byl ol 0555 9 ] s 2090l G o5 301 ologlanl] (9
e S uandd] da 9

It is the information that can increase the level of certainty after splitting

Information Gain (IG) = (Entropy before split) — (Weighted entropy after
split)

&g 90l 1G 31335 WULl 3 (9254l STE (a8l Ladiad (uSlaie E 9 1G on ol
. oo U“S‘J‘ﬁ

DAY oyl 13 Al slo] e ety )81 By sl
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G(S,gender) = 0.940(entropy before split) —
[((3+4)/14)*0.985 + ((6+1)/14)*0.592] = 0.151

l l

14 (& all g ga2a F 38a) 14 pa 4l £ sara M 58n)
0.985 ¢l E 4ady (3B,4A) 0.592 a¢ E 4ay (6B,1A)

Weighted E after split

G(S, cholesterol) =0.940 — [(8/14)*0.811 + (6/14)*1.0] = 0.048

eaeudiil) daizicud cholesterol dusls o el =) gender duolsdl of Jasd
. attributes paSlasdl &ad ddeall Guds duady J oYl

Ladly Lgogs 3o L gy Wil Lado Liguy 0950 o)) wlghasdl 0da Jae o ;53 juz)
(A1 LS aud Ogialdb (2xax 0550 Josd!

J‘).BJ‘ BJ.?L& ;.L'«.g Lx.aia;a ;;:.,53 4.2.]3\.’«13 LSJ-” C)La.lb L90)AJ‘ AS-M O Jle daiw
: 0,9-:‘.‘:.’[."” e\m' by ‘o.@.a.w“' "

s Aoy eolaSadl ol il Tus

[1]: dmport numpy as np
import pandas as pd
from sklearn.tree import DecisionTreeClassifier

Doyl wlily ey

[2]: |!wget -0 drug2e6.csv https:/;’sB-api.us-geo.objectstarage.saftlayer.net/cf-courses-data,‘-"r[':'gr"iti"-'E':]-af’Sﬂ'llLalE:'lENVE-"f]-abEf'ldr'ugz'a'a « C51
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Loty e Jol el

w on

my_data = pd.read_csv({"drug2ee.csv"”, delimiter=",")

my_data[0:5]

Age Sex BP Cholesterol MNa_to K Drug
- F HIGH HIGH 25355 drugY
1 47 M LOW HIGH  13.093 drugC
2 47 M LOW HIGH 10114  drugC
3 28 F NORMAL HIGH 7798 drugX
4 @l F LOW HIGH 18043 drugY

X Olewd! Obly sz 0445

[6]: X = my_data[["Age', 'Sex', 'BP", 'Cholesterol', "Na_to K']].values
X[@:5]

[6]: array([[23, 'F", 'HIGH', 'HIGH', 25.355],
[47, 'M', 'LOW', 'HIGH', 13.833],
[47, 'M", 'LOW', 'HIGH', 1@.113999939999993],
[28, 'F', 'NORMAL', 'HIGH', 7.7979999999993599],
[61, 'F', 'LOW', 'HIGH', 18.843]], dtype=cbisct)

P lglen] Loy Vg dued,) Lgbgad zliss categorical duewsl Oblo 3929 Cawn
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[(71:

[7]:

[9]:

[14]:

from sklearn import preprocessing
le_sex = preprocessing.LlabelEncoder()
le sex.fit(['F','M'])

X[:,1] = le_sex.transtform(X[:,1])

le BP = preprocessing.LlabelEncoder()
le BP.Tit([ 'LOW', 'MORMAL', "HIGH'])
X[:,2] = 1le_BP.transform{X[:,2])

le Chol = preprocessing.LabelEncoder()
le Chol.fit([ 'NORMAL', 'HIGH'])
X[:,3] = le_chol.transform{X[:,3])

X[@:5]

array([[23, @, &, @, 25.355],
[47, 1, 1, @, 13.893],
[47, 1, 1, @, 18.113999999393999],
[28, @, 2, @, 7.797999999999559],
[61, &, 1, &, 13.843]], dtype=object)

y = my_data["Drug"]

y[@:5]

e drugy
1 drugC
2 drugC
3 drugX
4 drugy

Mame: Drug, dtype: object

Fy Bugl Sllo ey LoSas OYI

AN S pwiwwly )yl By diagd agJJLC-iJgJ

from sklearn.model_selection import train_test_split

XY oo S @ olisly oyl SULl s

X_trainset,X_testset,y_trainset,y testset=train_test split(X,y,test_size=-8.3,random_state=3

L]
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J=2Y 59 GldSy sl Guiss X_trainset,y_trainset (adgsme 0955 Of (ks lanbog
. X_testset,y_testset @.9 924020

D oI (e Sl il a1 By £95 (yo Caxiuail] Z3ged jlaily Tud

drugTree = DecisionTreeClassifier(criterion="entropy”, max_depth = 4)

drugTree # it shows the default parameters

DecizionTresClassifier{class_weight=None, criterion='entropy', max_depth=4,
max_features=None, max_leaf nodes=Hone,
min_impurity decreasse=2.8, min_impurity_split=MNone,
min_samples_leaf=1, min_samples_split=2,
min_weight_fraction_leaf=08.8, presort=False, random_state=None,
splitter="best")

- et g5 3 Gyl g9 ol WiSey 529 4 8ymddl Gos Uiz Ll Lo

: g.,gj..\ﬂ\ oble L E.Syw’.“ Q)

[27]: drugTree.fit({X_trainset,y_trainset)

[27]: DecisionTreeClassifier({class_weight=None, criterion="entropy', max_depth=4,
max_features=None, max_lesf_nodes=None,
min_impurity decresse=0.8, min_impurity split=Mone,
min_samples leaf=1, min_samples_split=2,
min_weight_fraction_leaf=08.8, presort=False, random_state=None,
splitter="best")
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+ 53l (g2 OVl
[33]: predTree = drugTree.predict(X_testset)

You can print out predTree and y_testset if you want to visually compare the prediction to the actual

values.

print (predTree [8:5])
print (y testset [8:5])

["drug¥' “drugd’ 'drugx' "drogxX’ ‘drugxX']

46 drugy
51 drugx
139 drugx

137 drugx
178 drugx
Mame: Drug, dtype: object

. EE#SMLL” 49y Cf9|gf~uu>d

Evaluation

Mext, let’s import metries from sklearn and check the accuracy of our model,

from sklearn import metrics
import matplotlib.pyplot as plt
print("DecisionTrees's Accuracy: ", metrics.accuracy_score(y_testset, predTree))

DecisionTrees's Accuracy: @.9833333333333333

Idw\ww5ﬂ| od ‘o..wj.‘

from sklearn.externals.six import StringIO
import pydotplus

import matplotlib.image as mpimg

from sklearn import tree

Ematplotlib inline
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[2€e]:

dot_data
Tilename

StringI0()

"drugtres.png"

featureNames = my_data.columns[@:5]

targetlames = my_data["Drug”].unique().tolist()

out=tree.export graphviz{drugTree,feature names=featureMames,out file-dot data,...
..class_names= np.unigus(y_trainset), filled=True, special_characters=True,rotate=False)

graph = pydotplus.graph from dot data{dot data.getvalue(})

graph.write_png(filename)

img = mpimg.imread(filename)

plt.figure(figsize=(10@, 288))

plt.imshow({img,interpolation="nearest’)

Na_to K = 14.615
entropy = 1.929

samples = 140
value = [16, 11, 11, 33, 69]
chu—qu

Tr\y alse

BP =05
@ =1.832
“.i':?’.. 71
[16, 11, 11, 33, 0]
class = drugX

Age = 50.5
ontm = 0.975
= 27

BP<15
ontropy = 0.998
les = 21
value = (8 0,11, 10, 0]
class = drugC
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: Logistic Regression ikl a9431-12
bl M6 g JWby Caxiuail] § pisciug aBgil e Eoill o 3
¢ (faiall adgillsale -

G pdSia o -
¢ Lged dzlbizs ) Slaall ggile -
Uldl de gazo (§ records CMlxud! cadual (§ ddba>] cadsaill § ddsylall 0dn il
fields Jga=dl 0d (Je sloieYl

Logistic regression is a classification algorithm for categorical variables.

Y ol dedsdb S lanll (puw Jo A Lghdss Wyig cYlasl 458 Sble ol (oyh

¢13ldg
id ten age| add|income ed | employ | equip | churn
0| 11.0 33 7| 136.8 4 y 0 yes
1 4 55 4| 234.6 no
2 . yes
3 . . . . 3 yes
4 7 35 8 n 4 ?

Gy dSLASN (3 egls deusdl ol A58 3 (B 3Lyl ST J churn asYl s geall

- Addiwell O gl D> wyud logistic reg pldsuiwl gl 1>3g05

409 (age,income,...) Lol (&) Al ol psiall (o sde gl dlg plusei! Loy
dmadl Olpiell go Jalatdl UiSiey b (Sl Jasdl g8sil de gbotll 1 of ,SiL
. categorical
Apndy (5T 3539 gl S — 3 Jais — o (35 s Bpsans B sty ol g5
(true or false) (yes or no) b deewsl 43S @ud adg (flaiall a5l Lo
(0 or 1) Jie3 g8 (successful or un...)
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categorial &l c38 Jlwg continuous &yeiuue dldiune aall Olpaxell 0555 Lag
dwngy Laiss ol indicator-coded Wiy @yb e Byotume o Wy OF (aksd
. dummy

D Jie Yl Bue 39 sdaiall o QU caduatll 3 893l (o gl Id pasiig

lgode (3o heart-attack duld g aseadl Gl Of Al adg5 -
cdade oo Jlas 2y Olas e Bge ==== -
.diabetes &Sl jare Lol ==== -

o i g3l GRa Ol = === -

b@jiu@.m fd==== -

Ag3gu ddlaiz! a8 gi S i) 9 Zbl) Caiay Jadd yuid 289wl oo £l 1da oof JasdU
POV o)l g alaiedl a8l plasuil Y (adsad 13
binary data (1 51 0) U Caduat)l 0550 Leis -1
probabilistic b daxs 4l ddlais 9l o o> £489 ddlati| Gl Ly Lodis -2
degazxel [0,1] dbmadl poue Al dad Zdgedl W ams dsie results
e by dawudio CBlusl (yasd dudipiall Ol JuSlad @i o3 Sbladl e @lius
. D9l Laurgl 2l ddlersdl
linear decision boundary a3 4 Siw epwdil] Al UL il 13] -3
linearly &l plane Ssiwn of line eativus 92 Juoldll Hhall 99So o
- hyper-plane (zge3 0555 Of Saus separable
3 kil US LS sgu> S0 Lghiiad 0 Vg pimols g bliS de gozeo Loud Dlie
L Kl 0 Gzl e Jguased] 1Sy latie Jassll 2343
Oy + 01x, + 0,x, > 0 = half — plane — easily plotable
complex decision boundary jl=i| (fliell a8l plaseiwl boSas il &
Wl Wil Jlxe s 1giS9 290> 43S plusuiul

(feature) il Hlas! Wy Euso yaSlasdl impact b 80 Ly e -4
2350b ans sl Zigedl WliehW &sbasYl dwadl e slaiedb JuadYl
k;D.L:.LQJ\
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The statistical significance of the logistic regression model
parameters .
A a4l 038910 Gjell 93 X iiel) 0550 ladie JuadYl @l falWl slow] dag
Gl e SV 5Tl 6 ) 8uST) dallaodl daxdll 93 picied) Lo gl e JBYI
lodie Adtune padl olpitall e ddtnal) ilpiiedl 550 e leldail Janpw
L 6y Aiituns Wlpaie Jaas 098

P QW aasS L ghdoxi Uud 9 JUasl dS e (nSiinedl ©lile Jguad e o
n rows * m columns dddsd! slieYl de goazxal S X AUdsiwsl! O pasiadl
1 $1{0,1} degormall (pii8 y Ao A8l Slpitoll 5
X eRrRv™, ye{01}
y=Py=1[X)

Ll X lpall 68 3 loage
Hodis 0 Cuall (ot 05031 OF ilie JSawg

Ply=0[X)=1—- P(y =11X)

 logistic vs linear (&hialb Jasd! 293! 4lde-13
dls de Byt 9 S Canivadl! Pl 3 Jasdl @89l plusuin WSy Y & (5 iw
- el @dgill 3 @02Y) 52l () sigmOid Wgesad!
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plasinl Aluall J> 55y Jo G4 WYL 858 St loglas) Gludl Whe 3

: L?Ja:k“ 2894
id ten age| add|income ed | employ | equip | churn
0| 11.0 33 7 4 y 0 1
1 4 55 4 . . . 0
2 :
3 : : : : : 3 :
4 7 35 8 n 4 0

25 pohine Wily discrete dakaiie wd lgisS churn sl Jasl adgi psis o) oSy
. continuous & yeikuwe @b &3¢S income J=-I

income g29 Jiwe pé piie adgiiwg age oSWg independent Jaiuw piie Hliss
FOT IS PPORETE

A

income

v

age
G athx Dslaall @yl e shyaxdl dhail D> adgs Jasl @dgdl plasainly WSy
Bl lgde Udyas

ey 0 § churn Al gdgi) Baludl Jasdl a8gdl uis pusuins of Byl o) 13k S
| sl gdsill e pn S Balud! pudinedl 39292 0955 LS (S0 Ll

A
churn

Yes(1) ”””””””””””””””” ....

Gl 301 ol & | [

v

No(0) |Lo6ooe

age
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dhad) V> 2895 byl ) JWbg no sl yes 11 910 L] » churn Jasl @b ohas LS
dodss e o pe Wyl sl a8l (§ didalas Bl (S pudiiaanall 0318 Do ¢l pamxll
- QL Canivadl Wlue § Uiy o JWLs 1510 Lenasd

Bale] Zlios JUbg dewslin S5 @) B + 01 % Jasd! adsidll (§ pudianall asdl Ul 13
i Cadgaidl Al o) b o)) Ol
39 07 = [0p, 0;] b Lgiumny BT x = B + 01x L) 09 dxly sy L) &l Ly
Gz x1=13 Blpir AUl adgid goldswiwby T x = —1 + 0.1x 1 Jasd) doslas Ll
o) s age o A X
P,=[13]1208Tx =—-1+0.1x; =0.3

0555 O iz 45T e Wil e 13 Jll Luplyy Jasddl a8l Lol (01 ab gl oy o
- 1910 L) zy3dl dogd
P S5 Ol iSes ladie 0.5 (9l threshold due Lo (b,8 e

. {0 if 8Tx < 0.5

1if Tx > 0.5
039 (0) el (e byl LiSiay 0.3 Ly adsill dasd 08 daall 0dd dupyd e ol
- (0) cauall oo 096 OF Mad ddlosi>! (2 Lo
Ll 9 Loy @l Ly S U Capiaill (oyadl (o o (sl ad sl Of doms (3es Lae
08 s el 2390 O o @)l 0 Juad)) pudaindd diadl pggi0 lodsil LiSJg
1(0.5) Jio duiall ool (e gy Janiicng Byatiuns

1|

v

0.5
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duzrgo 58 lage 8Ll o Juadll step douxlgll Bglasdl £ b e Bowuel JUby
Mg uSalb uSally (1) canall it &rge (511000 9 1 dod 4 UL ddlu o]
pscis O U sigmoid wgazed dls (pg step Ao e dls Janid OF I Joxlb
0Tx =0y + 01x + -+ Aolaall Jb Gl gesdy ddlais] @ud pusuind Bilw y b

P QW Gl Badl e 9 = 0(87x) = 0(0p + O1x + ) Dolasdl puseis

v

07T x

@ Alledg e pa (Gl dolaadl

o670 = T

: L.Sie_eTx = 0 dond)l Comuol 14z 548 0T x dad Camemso]l LS T LoDl

g(0Tx) =1

L Cowuol BT x dasd Cuads LS Sty
a(0Tx) =0

yloe! (e Al od dxiid [0,1] Jlradl ows Lgazed! dls A Logo 13)
oy W dillae (o9 ddleis

Py=1]x) P(y=0 |x) =1-P(y=1 | x)
T DIl Job dogeamnd| A1 plusuinly Caduasdd obuds (31 Uird gad 2y 90 Lo 13)
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el Al O churn=1 LST SYUas| &S % G dodsu e Ug) el ddlai Miad
4l JWbg p(churn=1 | income,age) = 0.8 : (» income,age 4xiowd duwdlls
p(churn=0 | income,age) = 1-0.8 = 0.2 4l& puc

ol Gudiy Jany Gz dbguae diliehl 05 Zdgaidl Caydi @ Lkages 01 36
(Bl 33l 81) il olinl g yall il Jnnss

P AW lglasdl aus oyl ddas IS LS S 08 Jiadl slawls &l ooy

1- Initialize 8 : eg. 6 = [—1,2]
2- Calculate ¥ = (87 x) for a customer : eg.
y=00"x) = a(([-1,2]" * [age = 2,income = 5]) = 0.7
-1 Gaiall § 092! 055 Of AWlax>! (p ol
3- Compare y,y = Error=1-0.7=0.3
4- Calculate Error for all customers = Cost=J(6)
. J28 283l O 80 dinsd cI6 LSS Cost Fun. 4alS)l ;b 929
5- Change the 0 to reduce the Cost Fun.
6- Go back to step 2.

P olga 3L L

CW‘&&UML}A&Q)WQMJ«M@S -
Gradient Descent GD \gw ods 3, el
¢ db Ll Wlglasdl H1SS e CaBgid a0 -
Ao Al 055 Oy gl dB5 Clus 3a,b (ye Cadgis
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plasiwl § VL3I dS& Ogadl Holin o Adlaisl &85 3ol Wi dasad O Jais
FOgillb (el a3 g3l
D Ay LSl 9y giwd

[1]: dimport pandas as pd
import pylab as pl
import numpy as np
import scipy.optimize as opt
from sklearn import preprocessing
¥matplotlik inline
import matplotlib. pyplot as plt

 panda plasiub yglaig adgall fro OULWI Josed

'wget -0 ChurnData.csv https://s3-api.us-geo.objectstorage.softlayer.net/cf-courses-data,

JCognitiveClass/MLB1@1ENV3/labs/ChurnData. csv |

churn_df = pd.read_csv({"ChurnData.csv")
churn_df.head()

tenure age address income ed employ equip callard wireless longmon .. pager intemet callwait confer ebill loglong logtoll Ininc custat chumn
0 110 330 70 1360 50 53000 10 10 40 . 10 00 1010 00 1482 303 4:13 40 10
1 330 B0 120 30 20 00 00 00 00 945 . 00 00 00 00 00 226 3240 3497 10 10
2 230 300 90 300 10 200 00 00 00 630 . 00 00 00 10 00 181 3240 3400 3000
3 380 10 30 760 20 100 10 10 10 605 . 10 10 10 10 10 1800 3807 43 40 00
4 70 310 140 800 20 1300 00 10 00 0. 00 00 10 10 00 1960 3091 4382 30 00

5 rows = 28 columns

Qﬁgf > churn dJ.gJ\ Lg 4.7:.«:;4,9 ‘ol:‘)JSH L}a.‘z:.’{g CJUl;«.fJ\ OR £y eM
11910 3 Caduaddl
[4]: churn_df = churn_df[['tenure’, age', address’, 'income','ed’, 'emplay', 'equip’,’callcard’,’ wireless", "churn’ ]]|

churn_df['churn’] = churn_df['churn'].astype('int")
churn_df . head()
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[6]:

—
=3}
—t

tenure age address income
0 1.0 330 70 136.0
1 330 330 120 33.0
2 23.0 300 9.0 30,0
3 380 350 5.0 6.0
4 70 350 140 80.0

X = np.asarray(churn_df[["tenure', 'age', "address', 'income',

X[@:5]
array([[ 11., 33., 7., 136.,
[ 33., 33., 12., 33.,
[ 23., 38., 5., 30.,
[ 38., 35., 5., 76.,
[ 7., 35., 14., s&a.,
y = np.asarray{churn_df[ 'churn’])
y [@:5]

array([1l, 1, @, @, @])

ed

5.0

20

1.0

2.0

20

[ T e S T

employ
5.0

0.0

20

10,0

15.0

L) 5'.‘
3 B.,
3 2.,
o 18,
. 15.,

equip «callcard wireless churn

0.0 1.0 1.0 1
0.0 0.0 0.0 1
0.0 0.0 0.0 0
1.0 1.0 1.0 0
0.0 1.0 0.0 0

Ly Tl X Olewdl suss

‘ed', ‘employ”,

-

-

oo mom @

[E—rp
p—y

D &> a6yl J5-alg 1910 o 3! e 05S Normalize Wiy p g5 o

[7]:

from sklearn import preprocessing
X = preprocessing.StandardScaler().fit(X).transform({X)

‘equip’]])

X[@:5]
array([[-1.13518441, -8.62595491, -@.4588971 , ©.4751423 , 1.6961288 ,
-8.58477841, -8.85972695],
[-8.116@4313, -8.62595491, @.03454064, -0.32886061, -0.6433592 ,
-1.14437497, -8.85972695],
[-©.57928917, -@.85504447, -@.261522 , -@.35227817, -1.42318853,
-8.92853635, -8.85972695],
[ ©.11557989, -0.47262854, -0.65627219, @.00679109, -9.5433592 ,
-®.82518185, 1.16316 ],
[-1.32048283, -0.47262854, @.23191574, ©.83801451, -©.6433592 ,
©.53441472, -8.85972695]])
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syl g g_,‘p..&u oLL e:X

[B]: Ffrom sklearn.model _selection import train_test split
X_train, X_test, y_train, y_test = train_test_split{ X, y, test _size=8.2, random_state=4)
print ('Train set:', X train.shape, y_train.shape)
print ('Test set:', X_test.shape, y_test.shape)

Train set: (168, 7) (16@,)
Test set: (42, 7) (42,)

Zt_.,e‘).).ﬁ\ C'.)LAL:.: f\&?u..wb E.Sj.o.m g..))JJ

from sklearn.linear _model import LogisticRegression

from sklearn.metrics import confusion_matrix

LR = LogisticRegression(C=8.81, solver='liblinear').fit{X_train,y_train)
LR

LogisticRegression(C=0.01, class_weight=None, dual=False, fit_intercept=True,
intercept_scaling=1, max_iter=188, multi_class="warn”,
n_jobs=Mone, penalty='12", random_state=None, solver="liblinsar’',
tol=0.8081, wverbose=8, warm_start=False)

okl Olly plaseiwl adgdl (g

yhat = LR.predict(X_test)
yhat

array([e, @, @, ©, @, ®, @, 0, 1, @, @, ©, 1, 1, 8, @, @, 1, 1, @, @, @,
@, @, @, 0, @, ©, @, 6, ©, @, 1, ©, @, @, 1, @, @, 8])

Cuall e 3950 O Adleisl Je¥l dgeall G Caiuadll ddlai>! 49 ga4m0 S gd
:OM‘MO&%OT@W‘Q&J‘JM‘jl
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[11]:

[11]:

yhat_prob
yhat_prob

array([

= LR.predict_proba(X_test)

.54132919,
.6@593357,
.56277713,
.63432489,
.56431839,
.55386545,
.52237287,
.60514349,
. 41869572,
.6333873 ,
.58868791,
.62768628,
.47559883,
4267593 ,
.66172417,
.55@92315,
51749545,
.485743
.49@11451,
.524233489,
.616195139,
.526953082,
.63957158,
.522085154,
.58572852,
.787086202,
.55266286,
.52271554,
.51638853,
L71331391,
.67862111,
58396403,
.42348082,
.71495838,
.59711664,
.638@8839,
39957835,
.52127638,
.65975454,
.5114172 ,

.45867081],
.39496643],
.43722287],
L36567511],
L43568161],
.44613354],
.47762793],
.39485651],
.58930428],
L3666127 ],
.41931205],
.37231372],
.52440117],
.5732407 ],
.33827583],
.44997685],
.48250054],
.514257
.50988545],
L47576651],
.38380481],
.47393698],
.36@42832],
.47794836],
.49427148],
.29293798],
.44733714],
.47728488],
.48361137],
. 28668683 ],
.32137889],
.49183597],
.57651918],
.28584162],
.46288938],
.36191161],
.60042185],
.47872362],
.34024536],
.4885828 ]])

1.
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r jaccard index plusuiwl z3 gedl d3s Cows

from sklearn.metrics import jaccard_similarity score
jaccard_similarity score(y_test, yhat)

@.75

om olus L‘,U..:\Sg
[14]: # Compute confusion matrix

cnf_matrix = confusion_matrix(y_test, yhat, labels=[1,8])
np.set_printoptions(precision=2)

# Plot non-normalized confusion matrix
plt.figure()

plot_confusion matrix(cnf matrix, classes=[‘churn=l‘J'churn=9'],normalize=FalseJtitle='[gnfwgigr1|q5trix'}

Confusion matrix, without normalization

[(le 9]
[ 1 24]]
¢ Confusion matrix 20
durm=1
2
m
w
3
=
dhurn=0 ]
N
e
)

Predicted label
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from sklearn.metrics import log_loss

: logloss pldsuiuwl dad ades iy of LiSey

log loss{y_test, yhat_prob)

2.5817892478101185

[17]: print (classification_report(y_test, yhat))

=

micro avg
Macro avg
weighted avg

precision

.7

[xx I wx ]

|

precision = TP /(TP + FP)

Recall = TP / (TP + FN)

(]
o L

[ I e I wx ]
]
Ga uhooLn

=]

‘Fl-score o 0,85 deldb LSy S

recall fl-zcors

[ I ]
Ju WG
[xx By}

a.68
a.75

[ I )
[
un

[
]

b s

[xx I xR
L I s I

I

: Support Vector Machine SVM aduaill -14
0l (o303 LY sz 0 Jarm o)l 2l LS (e B9 e iy Loud S

Id| clump | unitsize | unitshape class
100025 5 1 1 benign
5 4 3 malignant

1000015 3 4 2 ?

©lle Ly (malignant Cws e3¢l benign due> o)9 J) dodr (e Al 2893 )3

89
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3ol e dekad 48] sl draj g il G (oyadl 1dg) SVM gl LSy
dlds ¢ll3g supervised algorithms by finding a separator GluaYl (s Juoldll
P IS e
1- Mapping data to a high-dimensional feature space
(Wole Lahy LS 3U3 Jadd ) suaie sla sLiad (3 duad of dund) slgan ULl Jagass
2- Finding a separator
Lgaoas 91 LU e Jrgs UM po 3 g UL cps casolial Juo ] pracsss
- hyperplane gy ol Sgtune slgu g Jaold Juadl oy oo oSt
unitaize,clump L (o de sloiedb el Jgdadl Glle aojgin Led 13] M
- Tt S Lty L Lgyans e Lhaad (Sas Y i e

unitsize Malignant s

Benign e

clump

Dolasl 306 sliad (3 ey das UL o Juaddl 09Sud

olad1 3 sliad (3 Bl ey Adylal Jazis oI
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P odlgw Wlo jlas Lag

T Gy lghad oo g b diylay Lo (@l ULl Jgoss S -
S Jogmell dulas day ULl o Juadld Jaddl (6 ginell das (S -

: transforming data ©ULu! g dakeas Tud
F bld) Buslg daue Lo T dad! Dol Lodd (&) SBL O oo,85 Jauwasd! =Y
SLadl U8 sliad (3 LehiSas Bole] i el as St lghiad ey Y 4T Jasl

B(x) = [x,x2] onys 4 Rl plaseiwl X ew) 8ole] 9 ULl slal Babsy 3 @y
Fdas GULI) uad o bl

v

2W s 9 kernelling el el sl UL g ddae (£5 (golaal SSin
1 #1931 Bae ) uzg09 kernel function CUd pusvis!

Linear , Polynomial , Radial Basic Function RBF , Sigmoid
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0550 pasiad lgie (ST duusatd JWLy Ogialdl (3 8ol liSe (3 disas S 0dn b
. 2\5..\.”3 G‘:U.J\ &PU OR ‘_}45_.9;)’\)\_._«.‘1.‘543 bl U,OJXST 4.{):;‘1.:

: gl dag JiadY) (g el s S s AW Bglasill Ja

Hla O 555 WSy bl (aeg0mme on Juold (Sgtuall 090 O 9o dads eal ple Say
rJSad] e WS OBl ae gazme ¢ margin Gield s (635 WSy Wbl ae gae

Super vectors

M o B bl (£45 9 (ndall n Jiele ST elley hyperplane sla] gl

bladl oda 9o W9l Ldugd support vectors 2 Jueldl Sgiunally Lasd) naiuall
-l blas dasy Jlealg

. support vectors ddlxall bladl o Gield ST elles I Juolall dmius 13)
. Lol ddslas boundary gpdsd! 9l ndelgly Juoladl basdl e JSU OF LoDl

Support vectors

margin ~~ /v
\ Boundary decision line

~ wix+b=1

Support vectors

/ T N Hyper plane
wix+b=0

Boundary decision line

wix+b=-1
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059 Lield ST ellas hyperplane Juold! Jax Jyloo coyddl bls @b e 13)]
. Gradient Descent GD plusiwl ddas)l odn A

Ll 13] legd dads 9 el dalas sl W,b dod (p duaiylesll oda > 13

.&§31w11&w@5w\
398 ST 9Vl Caall i dadills jaull o 28T dad uditunal] Aslas ddmi Ladkiad
sl cos ¢ G Caivall 6 dhdills jauall ol dad dslaall Jasd e 9 ozl

Find w and b such that :
o(w) = > wTw is minimized :

and for all {(x;,v;)}: vi(wTx; +b) > 1
: SVM (59lus 9 (punloea
: Advantages iwlxs

Accurate in high-dimensional spaces sl ddle Olsliad S 4l -1
dod (3 oyl Wlle e s3 pasnd @Y 8,811,345 Memory efficient -2
. J.«,ol.b.” Ja.é;” 2\.].)[.:.9 3TJ\J.5J\ @U
: Disadvantages lg3gluwo

Oleawdl due 045 n> 39 over-fitting V) ddyae dwiyledl oda -1
. number of sample wluall sue LyangT number of features

no probability Caduadl @b el lgdaad (I B0l Al Jaad Y -2
. estimation

Aol 8elaS 93 ) (28 small datasets i)l ULl Y Josind -3
s Il fpe ST Mo dases ULI 0955 lodie
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: SVM ged pudeiad (I Yl

- Image recognition and handwriting digit recognition . 5 _sxall el
Al s

- Text category assignment : text-mining tasks . ¢oxdly Jasdll §93 dpis
ol @

- Detecting spam juwd! wlake CLaIS!

- Sentiment analysis . ysliwll Jd=3

- Gene expression classification wlu=dl cadual

- Regression a8l

- Outlier detection 83L&l &Yl Lalaas|

- Clustering dgLadiell C3luaY arezs

P Ogildl plaskiwly JUe (yaus SVM due))lgs dudidy ¢ gliew
! ghomind (&) laSadl ol b Tus

[1]: dmport pandas as pd
import pylab as pl
import numpy as np
import scipy.optimize as opt
from sklearn import preprocessing
from sklearn.model selection import train_test split
#matplotlib inline
import matplotlib.pyplot as plt

D gl (50 e Jol ddoo Wl Jaas WS cell_samples.csv calel Juoss dasg

[3]:

T

cell df = pd.read_csv("cell samples.csv™)
cell df.head()

ID Clump UnifSize UnifShape MargAdh SingEpiSize BareMuc BlandChrom MormNucl Mit Class

0 1000025 5 1 1 1 2 1 3 1 1 2
1 1002945 5 4 4 5 7 10 3 2 1 2
2 1015425 3 1 1 1 2 2 3 1 1 2
3 106277 6 8 8 1 3 4 3 7 1 2
4 1017023 4 1 1 3 2 1 3 1 1 2
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Unifsize

: Clump, Unitsize (timolsdl Cawsw (025001 £)95 0wy @

ax = cell df[cell df['Class'] == 4][0:50].plot(kind="scatter', x="Clump', y="Unif3ize', color='DarkBlue’, label='malignant'};
ss'] == 2][@:5@].plot(kind="scatter', x="Clump', y="UnifSize", color="Yellow', label='henign', ax=ax);

cell dffcell df['Class'] ==
plt, show()
101 & malignant . . . . .
benign
g 1 .
. . .
£ . . . .
. . . . . .
4 . . . .
. . . . . .
21 .
2 4 6 B 10
Clump

Dl ol dwdy ULl (daeg3) ddle 3 paaiil] & =l Jidy

cell df.dtypes

1D inte4
Clump intes
Unifsize inte4
UnifShape ints4
Marghdh inte4
SingEpisize inte4
BareNuc object
BlandChrom inte4
MormMucl intes
Mit inte4
Class inte4

dtype: object

: lghegs categorical duas Jaudl jan 3939 Jasd
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cell df = cell df[pd.to_numeric{cell df['BareNuc'], errors='coerce’).notnull()]
cell df['BareNuc’'] = cell df['BareNuc’].astype( 'int")
cell df.dtypes

ID inte4
Clump inte4
UnifSize inted
UnifShape int64
Margadh inte4
SingEpisize intes4
BareMuc integ
BlandChrom integ
MormMucl inted
Mit ints4
Cla=zs inted

dtype: object

s lgde Jomiw L5\.l| OBl 8 gasme OY) dus

[7]: feature_df = cell df[['Clump', 'UnifSize’, 'UnifShape', 'MargAdh', 'SingEpiSize', 'BareNuc’, 'BlandChrom’, "MormMucl', 'Mit']]
X = np.asarray(feature_df)
X[0:5]

y 1

-
b=}
-

]

—
-
-
-
=
[

]

]
]
f
]
]

-
=
-
—
]
—
-
=
—

y 1

—_——o— — —
R = T S
P
T =" T SECUR S
-
= B o =S )
A=
[ R L ™ 2 I =
-
[ L]
—-

(=]

-

b Lad bbb bl
-

Ll B R S R S
-

—

)

-
b=}
-

12 lgaio G Il @895 OF s Jadd oyxig B of dobs o] BLoYI (§ L) LS
. doglead]

s

cell df['Class'] = cell df['Class'].astype('int")
y = np.asarray(cell df['Class"'])
y [@:5]

array([2, 2, 2, 2, 2]}
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[13]:

IJL;..I.‘&-|3 g._,:g..&j C)UL{&.{J\ M 6}543

X_train, X_test, y_train, y_test = train_test_split( X, y, test_size=8.2, random_state=4)
print ('Train set:', X_train.shape, y_train.shape)
print ('Test set:", X_test.shape, y_test.shape)

Train set: (546, 9) (546,)
Test set: (137, %) (137,)

: rbf radial basis function (gouwel! Hlas-b Jasell )

from sklearn import swvm
clf = sym.SVC(kernel="'rbf",gamma="auto")
clf . fit(X_train, y_train)

SVC(C=1.8, cache_size=288, class_weight=hone, coef@=0.8,
decizion_function_shape="ovr', degree=3, gamma="auto', kernel='rhf',

max_iter=-1, probability=False, random_state=None, shrinking=True,
tol=0.881, verbose=False)

: gﬁ)dﬂ‘ dx CS}QJ.UJ\_;J.&J LS)-"-’
yvhat = clf.predict(X_test)

vhat [@:5]

array({[2, 4, 2, 4, 21}
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: confusion matrix cm pliseul Z3geil) @il (§y20 OYI

from sklearm.metrics import classification_report, confusion_matrix
import itertools

def plot_confusion_matrix{cm, classes,
normalize=False,
title="Confusion matrix',
cmap=plt.cm.Blues):
This function prints and plots the confusion matrix.
Mormalization can be applied by setting “normalize=True’.
if normalize:
cm = cm.astype{"float") / cm.sum{axis=1)[:, np.newaxis]
primt{"Mormalized confusion matrix®})
else:
primt{"Confusion matrix, withowt normalization®)

print{cm}

plt.imshow{cm, interpolation="nearest', cmap=cmap)
plt.title(title)

plt.colorbar()

tick_marks = np.arange(len{classes))
plt.xticks{tick_marks, classes, rotation=45)
plt.yticks{tick_marks, classes)

fmt = '.2f" if normalize else "d’
thresh = cm.max{} Ff 2.
for i, j im itertools.product{range{cm.shape[@]}), range(cm.shape[1])):
plt.text(j, i, format{cm[i, §], fmt),
herizontalalignment="center",
color="white" if cm[i, j] » thresh else "black"}

plt.tight_layout()
plt.ylabel{ 'True label")
plt.xlabel{ 'Predicted label"}

[24]: # Compute confusion matrix
cnf_matrix = confusion matrix(y_test, yhat, labels=[2,4])
np.set_printoptions(precision=2)

print (classification_report(y_test, yhat))
# Plot non-normalized confusion matrix

plt.figure()
plot_confusion matrix{cnf_matrix, classes=['Benign(2)’, 'Malignant(4)'],normalize= False, title="Confusion matrix')
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precision recall fl-score  support

2 1.88 @.94 a.97 98

@.908 1.a8 @.95 47

micro avg 8.96 B.96 8.96 137
macro avg @8.95 a.97 a.96 137
weighted avg 8.97 B.96 8.96 137

Confusion matrix, without normalization

[[85 5]
[ & 47]]
80
Confusion matrix . 10
EBenigni2)
]
= 50
i
u 40
E
r 30
Malignant{4) 20
™ =
i A
& & F10
o i
W Lo

Predicted label

: fl-score et Ayl plusein LuSsg

from sklearn.metrics import f1_score
f1 score(y_test, yhat, average="weighted")

B.9639838%82104676

99



[28]:

: jaccard index plasiul ¢Sy

from sklearn.metrics import jaccard _similarity_score
jaccard_similarity_ score(y_test, yhat)

2.59635836496350365

P d3ub (g linear Jas- kernel Hlisd dlasu &0 =Y

# write your code here

clf2 = svm.SVC(kernel="linear")

clf2.fit(X train, y_train)

yhat2 = clf2.predict(X_test)

print(“Avg Fl-score: %.4f" ¥ f1 score(y_test, yhat2, average='weighted'))
print({“Jaccard score: X.4f" ¥ jaccard _similarity_ score(y_test, yhat2))

Avg Fl-score: 8.9639
Jaccard score:; B.9635

: kernel wlhlos- 5,535l

1.Linsar

2.Polynomial

3.Radial basis function (REF)
4.5igmoid
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: Intro Clustering amaxill doddo -15

customer  sbyll sdg) LA Gl o 5 o5 Sy degame Lyl iy
P 9 Olegazme o dpladell Wlaall 993 LY s 1 segmentation
gl gogs oo Jerdl Gbuel (S63 G significant strategy dold &) il
. Aol d5al)

high-profit and low-risk dé ,bolxell 9 d4dle ZLIYI Eu (53b) lgud bo de gazeo Mo
subscribe dedsw 1M of purchase products ilxiie oy I Caslio g
retaining Hlasl Wals| Lidg devote Ogw,So JleeY Jly Jaz s for a service
- o33 Yge e

zlos W de gl OBLII o iy LS feasible Wide (ol pladl xexdld
- dasea)l OBLI (pe Ole gamo 9 LS deriving zlseiwd ddid>s da o)

D AUl L3l lile Lawd Sl factors Jelge sue (e slaieYh (5Ll aresd LiSay

customerID | age| edu years | income S defaulted
employ

1 22 2 3 190 1

2 34 1 20 100 0

9 50 1 5 60 1

0da U] ope 9 39 lpam did (L3I ST dsd OBLY) Hud LU odg Jeaiuw
. clustering aexdl (& adopted approach dueiasd! 3,lall
Uil wlawe o wladl Je daiad 3l unsupervised 1) ! edadl 3,k 0 (29

5 mutually exclusive groups 8)gase Wlegazxe I (SLII euuds @i Cu> ¢
Olaall cppine glad JSU Cyal sLad] WiSla o5 ¢ pLudl B35 Mie L 53 S clusters

o> e glad S dolall
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e

P Olelad G dalasiall oo (S

CLUSTER SEGMANT NAME
cluster-1 Affluent & Middle aged
cluster-2 | Young education & Middle income
cluster-3 Young & Low income

u&:\ M‘ L:\.Q .)LQ;LC[:’ dwl..)j ‘?&” &M‘ (}Q a:’jiﬂ M E .'.”! &Lbé L’S . x
D ad] iy Al dellad ) @alud) QUL Jgdr 8 090) S gl

Customer ID Segment
1 Young & Low income
2 Affluent & Middle aged

9| Young education & Middle income

d)b OR USL:)J‘ wm w ZLCL,Q.: _91 BaJ>x0 C)b)&f—l 4P3.: 3T J\.L@L.u\ Lu&of |.:L€__:_9
- gal) 19ty (31 O logeuisl
bl 403 9l L similar dgladell UgSell de gozno 5o cluster gladll Cayasd

clustering axezdl (w Byl Lo o dd) Holds Ly (5,31 ilelad Q 839290l (L)
¢ classification caduail! 9
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oyl Sblo o Bu>g S x> supervised 3LEY! elaidl 95 (o Caiiuadl pia

maia) Caiuall sy (Decision tree plusviul M) z3gaill iy cpae Chival (o3

. Lgian S labeled UL 5SSy dod

0555 Lpdd wbldly unsupervised 31l sl padaidl (30 548 clustering gre=dl §

Eaduas o lgw Loxd dgladell ULl gexd (K-means) e pdsuindy unlabeled

- G roliadl 58] Jgdzll

L 29 3l Gyl 9 e Lowd oyl oo AST 8,801 Ol

- Retail / Marketing : Identifying buying patterns of customers !
Laadll

o

- Recommending new books/movies to new customers i) g Al
Az Ly Bl

- Banking : Fraud detection in credit card use ldentifying clusters of
customers Mol Cadua’ 9 JwisYl Cais

- Insurance industry : Fraud detection in claim analysis and Insurance risk
of customers 3L U o cnelidl glad (§ JLaisdl Cass

- Publication media : Auto-categorizing news based on their content and
Recommending similar news articles to readers . dgLasell Yl auazs
- ey8l) Cawlial! E259

- Medicine : Charactering patient behavior 2l Jolus jasil

- Biology : Clustering genetic markers to identify familyist (su=l ozl
Qo) 5 Ll Jaalg I O
: clustering guezil plisicl WY lxe ple g
- Exploratory data analysis 4aiiSell ULl Juds
- Summary generation = reducing the scale ULl e

- Outlier detection for fraud detection or noise removed sl SLAIS]
el A1) of Jlaod! el BLaast J=Y s3tadl
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- Pre-processing step for other data-mining tasks or as apart of

complex system ¢y £3=S 9l WLl e il plge S8 o J>bo (§ pasnind
RPN WS

F el L_? s I Olia) ylg5dl -1-16
1- Partitioned-based clustering :

gz g AiSiin wlellad (ST sphere-like clusters §sill (o lelab lgie ziiy
sl i Mo ezl Alaw giall 9 8l L) @yl 0da adsuiudg ¢ 33

- Relatively efficient ddlg g dlad

- Eg. K-means, K-median, Fuzzy c-means @ @
/%

2- Hierarchical clustering :
Produces trees of clusters

- x| B iuall OULA pusuind g wlelad 8y gie i
Eg . Agglomerative, Divisive

| |

% o %o o
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3- Density-based clustering :
Produces arbitrary shaped clusters

. DBSCAN s guamsd 3929 dis dlgue le gazmn dul g o

: K-means clustering dux))lgs -

e S ddes L"si customer segment Juaid Joyd 9 5Ly Ollo de gazs Ludd Uoyd
Cu> k-means (p Gkl 0ds e 9 lasall udiy Wlegaze Gguar G H3L3I
wud wlelad ] Gl quads ST partitioning §55 ¢ dmei)lssdl oda i
sy WSS 9o Al e Ady> wlegexe k non-overlapping subsets
Lag 5,3 wlelhdll e dalizung M dglade glhd S ilisSad cluster-internal
Lol b o

¢ dgyladell Oligal das oS -1

C UL paus Lagadgn oy Ll (s (ppaie o LA Hlule Guds &S -2
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lod lad! (Ao dlaieYL wlelad Lg OLLdl 2e=3 k-means OgS (o ©&,Jb 4l 0935
lad) Gebde e Lo ge dissimilarity cplad!l polbdoe Jleatiuw! LSy 4516 g

DiS(Xs,Xs)

DiS(X1,X2)

Intra-cluster

Distances are
minimized

Dis(C2,C3)

Inter-cluster

Distances are

maximized

danylad wilelad)l JSad Oyl ¢ d8luall Joiwd conventionally guadas o
2SSy intra-cluster la> e glad (8§ nolall (p Ll iuas Jgli k-means

. inter-cluster ,3Tg gUad (S ¢y d8Luol
T (Mo 1 993) Al oy Adluall ol CEMSYI yunss CauSd

customerl | customer2
age age
54 50 Dis = /(54 — 50)2 = 4
income income
190 200 Dis = /(54 — 50)2 + (190 — 200)2 = 10.77
education | education
3 8

Dis = /(54 — 50)2 4 (190 — 200)2 4+ (3 — 8)2 = 11.87
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Olawdl normalize yuds ddasy pos Of G &l S5 oS9 Wl lae g aal
. accurate dissimilarity measure ;pladd 3385 jolide Je Jgsaxl)

AS S SULI g6 e daiad giSTy Bugll puidid pusitad 6531 (0l Guialie dr g
D Jorind Mied )l ddas dde dais I Jlmadl e g

Euclidean distance, Cosine similarity , average distance

ddos 3 olelad)l LSad Olpall 9 UL dapds oo 1 0go 4Lad] Golda 13]

gye-il
0Ll oS x0 k-means Jos iy egal (Y 3gas
Customer ID Age Income
1 32 450
2 23 300
3 44 120

93 sbadll Ol JasMg uudtl] zlios U Ol aall paall 9 Ol died J5a1 LoDl
D osmas g9 bl scatterplot Jalaswe e ivs 2-dimentional e

Age

Customer;

v

Income

O e slaiedl (wlelald) plaie Wl gaze (§ ((¥L31) UL oda 5,8 Jyloviw
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Slgdue Sn (2,9 @iy k-means diylo & Olellad)l sde suss Of Gl bl -1
Ugar o) Do (29 wlelladll sie 303 (29 k dosd (2,d5 51 glad (S 350
0dd dweud ok (Initialize k=3 centroid randomly) . da Lud gadliuwg
el e ud L) 0950 OF iz 9 (centroid of clusters) c1,¢2,¢3 351l
. ZLQW‘ LB SajqjaJ\J,aU&U
L 3Shall oda HlusY oyl dr g9
D Mo bl Wil gazo zyl5 3810 3 Wlgtus Wyliss of -
C.=1[8.,5.] C;=[5.5.] C3=[6.,3.]
Olas b e 4 31 35l (o53)1) bl S5t T 5Shall Jlast day -
LB Sl sy 3Slyall 5 e S o dblwal
: QW il L) distance-matrix (ol d3giume e uamiw 1] -
G C; C3
d(pl; Cl) d(pl; CZ) d(plr CS)

d(pz,c1) d(pz,cz) d(pz c3)

d(pnr Cl) d(pnr CZ) d(pn' C3)

ad] o5 I gladll 3S5ell g dbadill e Aluedl Jul&5 k-means Bus OgSaw
)5!)““'” O MM\@g

Lladl die Blgdie JSKaw 38150l Gz WY laS 43,85 dudaall oda of Jsis ¢
P QWS ol o Uns 4 73508

n
SSE = Z(Xi - Cl')z
i=1

: the sum of the squared dif ference between each point and its centroid

Uasd! i Judis Liege
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I gladll Blle mean Lawgio (3 09I 3S1hall ey pods 46WI Bglasell § -
L4 by
Ty Lodxdl 3S56J A(7.4,3.6),B(7.8,3.8) owikds wldlus] Load Mies
. c2((7.4+7.8)/2,(3.8+3.6)/2) = (7.6,3.7) &1 pglawsie

C1 Ca
& (
° ° l
C3
) PY V' ) A
™Y ([

oo Uasdl Qlus @ 4 wdzd) 3Shally pllad (S bl g ddlunall Glus duad o

- Bdadadl Gbluedl oo Oleladl] cuwds duad 9 Jod
Shell cbymt ighas 3T 5,8 Cuon LSS k-means &wj)lss O i
. most dense clusters wlelaill puuis Ju2dl e o G Obluwdl Glus g
Joll O LT Olaws L”Si =g Y heuristic whw))lgs pusuind ie Jl> S 49
Hlos! LSy oS dgdl wileladll e daiaiw dxdidly global optimum Jiedl
Al J4a8Y Jge 9l 8)9 malls Lyl local optimum deslio lgale Juams (1 Al
La)yl93 @gS sVl Jodl e Jgramdl L 1S daiylgdl 5SS (3 A Y (S

-Mﬁ

o

: more concretely (wgoke JSKéw gilawg dunj)ylgsel oda d8s e (8 yaiiw
1- Randomly placing k centroids ,one for each cluster
- J2dl 08 g e wlelad)l Guels Ly wlelail) Lilgae 38l aa
2- Calculate the distance of each point from each centroids .
ASY (»s Euclidean distance plisuiwb 3Shall e dad S Bluw Olus
e gl
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3- Assign each data point (object) to its closest centroid for creating a
cluster.
- gl S5 5 g o33 S0l Alas (S a3
4- Recalculate the position of the k centroids .
98 Ll dadge 050 G b (S 3550 Olus dad Oleladll LSaS da
cdelad Heus (3l blad) lawgie
5- Repeat 224 until the centroids no longer move .
381l Byl o sl clllin 050 Y 5 4 U 2 o lghasdl dpnd

u':,gSL"si k-means ¢y coxi (3l wlelladll oda goodness 83gx dd=S St Jlgadl
¢ da o)l ode d3d (e

AW Ol Gylal (e g dzg

- External approach : 4>yl 3,k
Compare the clusters with the ground truth if it is available .
i ylg3dl 0 G ¢« A3 oSl o) @BIgH (o)l e Oleladll B3z oo ol
Gl> dg>9 pdal duadly ae @,k odag unsupervised 4dl&| A& k-means
g8 i)l adaiud
- Internal approach : dd=ls §,b
Average the distance between data points with a cluster .

OBl lawgio pim IS ¢ gladll (§ bladl ¢y ALl Jausgin doud s

sl olido plasll (§ e3Slye oy bolanl

elbow point

k=5

v

Mean distance data points

to cluster centroid

K=1 K=9
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ULl )95 9 S 3laie 4Y ambiguous dd yal k e dodod
ol o3 Ll g Bl k Aad suzs 0 @ylall 0de el oS ladsud) Gyl cliliag

L Olye s Adandl S5 g A8
blasdl g 381padl oo Aslunadl O k Ao 80L) (5T wleladll sue 8ol § 41 ASacel|
dati Ol ghgedl 33 gunys Laic S Uasdl iy k 8ol JWby paissun
Lo gin s T (21 dladill dis sust Claasdl dlais T elbow point Js=l

. elbOw (e sy lall oty LolasiYl 381yl 5 oladl s cslolucal]

k-means is a partitioned-based clustering which is :

a- Relative efficient on Med&Large sized dataset .

b- Produces sphere-like clusters ,because the clusters are shaped
around the centroids .

c- Its drawback is that we should pre-specify the number of
clusters and this is not easy task .

: g k-means o cadlio dslw

K-means on a random generated dataset
Using k-means for customer segmentation

s JgYl Ll Tus

Import libraries

Lets first import the required libraries. Also run % matplotlib inline since we will be plotting in this section.

import random

import numpy as np

import matplotlib.pyplet as plt

from sklearn.cluster import KMeans

from sklearn.datasets.samples_generator import make_blobs
#matplotlib inline
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: k-means plasawl iSTye suig 4dlgie Wlle de gamxe JSidu

Lets create our own dataset for this lab!

First we need to set up a random seed. Use numpy's random.seed() functicn, where the seed will be set to 0

np.random.seed(@)

MNext we will be making random clusters of points by using the make_blobs class. The make_blobs class can take in many inputs, but we will be

using these specific ones.

Input

» n_samples: The total number of points equally divided among clusters.
= Yalue will be: 5000

= centers: The number of centers to generate, or the fixed center locations.
= Walue will be: [[4, 4], [-2, -11. [2, -31[1.1]]

» cluster_std: The standard deviation of the clusters.
® Yalue will be: 0.9

Output

= X: Array of shape [n_samples, n_features]. (Feature Matrix)
= The generated samples.
= y: Array of shape [n_samples]. (Response Vector)
= The integer labels for cluster membership of each sample.
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X, y = make_blobs(n_samples=5808, centers=[[4,4], [-2, -1], [2, -3], [1, 1]], cluster_std=8.9)

Display the scatter plot of the randemly generated data.

plt.scatter(X[:, @], X[:, 1], marker=".")

<matplotlib.collections.PathCollection at @x7fecace6fddsd:

Glolie] O (G iy Al guadl UL Ole gazn Sl lnd 095 Al>yall 0da )
: k-means

P 7390 oyt Al 315l slom] Ayl g ileladll g 3S1hedl sue dousey
Setting up K-Means

MNow that we have our random data, let's set up our K-Means Clustering.

The KMeans class has many parameters that can be used, but we will be using these three:

init: Initialization method of the centroids.
= Value will be: "k-means++"

® k-means++: Selects initial cluster centers for k-mean clustering in a smart way to speed up convergence.

n'_clusters: The number of clusters to form as well as the number of centroids to generate.

= Value will be: 4 (since we have 4 centers)
» n'\_init: Number of time the k-means algorithm will be run with different centroid seeds. The final results will be the best output of n'_init
consecutive runs in terms of inertia.

® Value will be: 12

Initialize KMeans with these parameters, where the output parameter is called k_means.
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Initialize KMeans with these parameters, where the cutput parameter is called k_means.
k_means = KMeans(init = "k-means++", n_clusters = 4, n_init = 12)
Mow let's fit the KMeans model with the feature matrix we created above, X

k_means.fit{X)

KMeans(algorithm="autc", copy_x=True, init="k-means4++', max_iter=388,
n_clusters=4, n_init=12, n_jobs=None, precompute_distances="auto"’,
random_state=MNone, tol=2.8881, verbose=8)

OBl ey gl 3Shadl Glus

Mow let's grab the labels for each point in the model using KMeans' .labels_ attribute and save it as k_means_labels

k_means_labels = k_means.labels_
k_means_labels

array([@, 3, 3, ..., 1, @&, @], dtype=int32)

We will also get the coordinates of the cluster centers using KMeans' .cluster_centers_ and save it as k_means_cluster_centers

k_means_cluster_centers = k_means.cluster_centers_
k_means_cluster_centers

array([[-2.93743147, -0.99782524],
[ 3.97334234, 3.98758687],
[ #.96080523, ©.9837@298],
[ 1.997410@8, -3.01666822]])
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# Initiolize the plot with the specified dimensions.
Fig = plt.figure(figsize={6, 4))

# Colors uses o color map, which will produce an array of colors based on
# the number of Lobels there ore. ke use set(k_meons Lobels) to get the
# wnigue Lobels.

colors = plt.cm.Spectral({np.linspace{®, 1, len(set{k_means_labels})})

# Create o plot
ax = fig.add_subplot(l, 1, 1}

# For loop thaot plots the doto points and centroids.

# k will ronge from 8-3, which will motch the possible clusters that each
# data point is in.

for k, col in zip({range{len([[4,4], [-2, -1], [2, =3], [1, 1]]1}), colors):

# Create o Llist of oll doto points, where the doto poitns that are
# in the cluster (ex. cluster @) are Lobeled as true, else they are
# Llobeled os folse.

my_members = (k_means_labels == k}

# Definme the centroid, or cluster cemter.
cluster_center = k_means_cluster_centers[k]

# Plots the dotapoints with color col.
ax.plot{X[my_members, 8], X[my_members, 1], "w', markerfacecolor=col, marker=".")

# Plots the centroids with specified color, but with o dorker outline
ax.plot{cluster_cemter[@], cluster_cemter[1], "o', markerfacecolor=col, markeredgecolor='k"', markersize=g)

# Title of the plot
ax.set_title( 'KMeans")

# Remowve x-axis ticks
ax.set_xticks({})

# Remove y-axis ticks
ax.set_yticks({))

# Show the plot
plt.show(}

KMeans
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[18]: # write your code here
k_means3 = KMeans(init = "k-means++", n_clusters = 3, n_init = 12)
k_means3.fit(X)
fig = plt.figure(figsize=(6, 4))
colors = plt.cm.Spectral(np.linspace(®, 1, len(set(k_means3.labels )}))
ax = fig.add_subplot({1, 1, 1)
for k, col in zip(range(len(k _means3.cluster_centers_)), colors):
my_members = (k_means3.labels_ == k)
cluster_center = k_means3.cluster_centers_[k]
ax.plot(X[my_members, @], X[my members, 1], 'w", markerfacecolor=col, marker='.")
ax.plot{cluster_center[@], cluster_center[1], "o, markerfacecolor=col, markeredgecolor="k', markersize=6)
plt.show()

-4

]

P legazmal (3L @S (§ k-means plascisl Jg=> JWI Jiall 031 3G
s yedaig UL Joso

import pandas as pd
cust_df = pd.read_csv("Cust_Segmentation.csv™)
cust_df.head()

Customer |ld Age Edu Years Employed Income Card Debt Other Debt Defaulted Address DebtlncomeRatio

0 1T 4 2 6 19 0124 1.073 0.0 NBAOOD1 6.3
1 2 47 1 26 100 4.582 8.218 0.0 NBAO21 128
2 3 33 2 10 57 6.111 5.802 1.0 NEAO13 209
3 4 29 2 4 19 0.681 0.516 0.0 NBAODO9 6.3
4 547 1 31 253 9.308 8.908 0.0 NBAOOZ 7.2

duaidl Ologlaall ae 8 bl Jolail o) k-means du),)s3- lully (o3 Address olgial!
ULl o Jolas Y 38hell (e wliluwdl Gl 8 Euclidean distance diyb oY
by N Aakainel|
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df = cust df.drop('Address’, axis=1)
df .head()

Customer ld Age Edu Years Employed Income Card Debt Other Debt Defaulted DebtlncomeRatio

0 T 4 2 6 19 0124 1.073 0.0 6.3
1 2 47 1 26 100 4582 2218 0.0 12.8
2 3 33 2 10 57 6111 5.802 1.0 20.9
3 4 29 & 4 19 0.681 0.516 0.0 6.3
4 5 47 1 31 253 9.308 2908 0.0 7.2

Ol gl sl lpwg slT lpwy ol dall i ged lwlie juwd WLL 2 6B WS
P AdlbasYl OlaSell sue Loy Lgauds RJESFOIRY

from sklearn.preprocessing import StandardScaler
X = df.values[:,1:]

X = np.nan_to_num(X)

Clus_dataSet = StandardScaler().fit_transform(X)
Clus_dataSet

array([[ ©.74291541, @.31212243, -8,37373975, ..., -0.5%84591%,
-@.5237965%4, -0,576525089],

[ 1.48945%@49, -0.76634%38, 2.5737211, ..., 1.51296181,
-@.52379654, ©.39138677],

[-8.25251884, ©.31212243, ©.2117124 , ..., ®@.80178393,

1.98913822, 1.59755385],

a

[-1.2479514%, 2.460B06604, -1.26454304, ..., @.83863257,

1.98913822, 3.45892281],
[-8.37694723, -0.76634933, 0.50696349, ..., -2.70147601,

-@.52379654, -1.88281745],
[ 2.1115364 , -B8.76634%38, 1.897485%66, ..., @.15463355,

-0.52379654, -8.2348332 1])
t k-means wliehb &g wleladll sde (1148 das Zdgeaidl oyl

clusterNum = 3

k_means = KMeans({init = "k-means++", n_clusters = clusterNum, n_init = 12)
k_means.fit(X)

labels = k_means.labels

print({labels)

117



P gl el a9l s

df["Clus_km"] = labels
df.head(5)

Customer ld Age Edu Years Employed Income Card Debt Other Debt Defaulted DebtilncomeRatio Clus_km

0 1T 4 2 6 19 0124 1.073 0.0 8.3 0
1 2 47 1 26 100 4,582 8.218 0.0 12.8 2
2 3 3 2 10 57 611 5.802 1.0 20.9 0
3 4 28 2 4 19 0.681 0.516 0.0 6.3 0
4 547 1 3 253 9308 8.908 0.0 7.2 1

df .groupby("Clus_km").mean()

Customer Id Age Edu Years Employed Income Card Debt Other Debt Defaulted DebtlncomeRatio
Clus_km
0 432008154 32967692 1.613846 6289231  31.204815  1.032711 2108245 0.284658 10.083385
1 410.166667 45388880 2666667 19.555556 227.166667 5678444 10907167  0.285714 1322222
2 403780220 41368132 1961338 13252747 84076923 3114412 5770352 0172414 10.725824
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[2@]:

. CDLSQ{J\VLMUJ PS

area = np.pl * ( X[:, 1])**2

plt.scatter(X[:, @], X[:, 3], s=area, c=labels.astype(np.float), alpha=08.5)
plt.xlabel( 'Age", fontsize=18)

plt.ylabel( 'Income’', fontsize=16)

plt.show()
400 1
o 20
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from mpl toolkits.mplot3d import Axes3D

fig = plt.figure(l, figsize=(8, 6))

plt.c1f()

ax = Axes3D(fig, rect=[@, @, .95, 1], elev=48, azim=134)

plt.cla()

# plt.ylabel( 'Age ', fontsize=18)

# plt.xlabel( Income’, fontsize=16)

# plt.zlabel({ Education', fontsize=16)
ax.set_xlabel( 'Education’)

ax.set _ylabel('Age")

ax.set _zlabel('Income")

ax.scatter(X[:, 1], X[:, @], X[:, 3], c= labels.astype(np.float))
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: Hierarchical clustering (2,¢)! apoxd! -

UCLA &g 5 dakiind (yasls elodall oy (oJle (32,39 chart Jalaseo of dlas s Uyad oS
AN 85 (p0 Byl LIS Olgu> 900 ] Gz s slaey lalaseall i aluswl @iy
Lol @ 9 Jauog¥1 @401 9 Loyl 5 dwgicd| K0yl yad (S50 53 200 oo fST9 breeds
(a1 8,501 (0 s g (§ @Bl 4iS) JUholl 1 ¢y oy Loy

o0 AST Jud>d molecular genetic techniques asi=J! 48l ¢l eoloa| pldsiw! e
dlaieYb Wbl gzl od s Jalases W uild genetic markets ddus dodle 48000
Sz glhad (o dudc [Sgdde g 2y S 0hlo ok Cux ¢ dduxd! gl § wladl e
e olaeVb 2580 apezdll sl @iy Wbl (£45 63T wlelhad Sue o Budall IS
PGkl e ey
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T ST Baelal) el (e Juudaalls T ST top-down olzsil & Divisive eawdisl! -
dividing eawdid! (po (Rl o> 1iSRg din yiuol pludY a5z @3 S el

. the clusters
glad S o> bottom-up dilud (uSlas JSio Jons Agglomerative groxid! -
e 998 dadll Juad s> >y lelad YSay (3T $lad an aaiz LSy ou>gl Tuy
el lda jgemeg ULl ele (§ ol P9 amass oISl o o= T

Divisive

o

] N
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Gl el chzb poliall oo pygll (068 diyhall oo Coo gl e Yo d5U
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Odlly (§3Y1 e Lo S (Adlunadl) dims e slaxeYU IS (3 O 6 e doys Jgiid
- Toronto,Ottawa,Vancouver,Motreal,Winnipeg,and Edmonton :

L dis(i*]) ©blue)l 5 ga4n0 lggad

TO oT VA MO W ED
TO 351 3363 505| 1510| 2699
oT 3543 (167) 1676| 2840
VA 3690 1867 819

MO 1824| 2976
W 1195
ED

121




6 ST Ode 6 Luiad Lgelhad J] dode S duzgit Tiiuw Obluwll ddga4m0 Olus da
. Ol wujﬂ\&smwb ¢ Jndd Buslg dode S &Ua_'é Lo wlelad

oRdade o Bl yiel (29 167 (» MO,0T e @luedl OF s ddsamall (e
L dlg plad (§ Lograzid

Slaiedl Loy 43l ao dlg das (ST 3Ll 25 B> feature 8o e datad 4T Lasdls
Pearson,Eucluiden,Average lgw suude Oluwj)les plisiwl 8xe oo ST e
o d8yanll Jlxeg UL £95 e €39 Distance

TO OT MO VA ED WI

C iz (pe Ol Gy el dlg glad (§ OT, MO opitisdell zes da

TO| OT/MO VA W ED
TO C35D 3363 1510 | 2699
OT/MO 3543| (16760 2840
VA 1867 819
W 1195

ED

i 3 Ol e Lgan lagidlus Gl @iy (a8 g elais OT/MO gees b S
1676 s WI

10829 WI 355 o9 OT&MO (s d8lunadl 3550 cp d8lunal! 2 Lgie G Gl Bue el
D 48 gaunall Glile 488 G

® Mo

Wi ® | o7

122



lagaias JWLy 351 (29 TO 5 OT/MO Sl gladll i &J6 d3luss yiual OF Lz

. A=l &Ua.‘) Lg
|
TO OT MO
P Adghmmall JUSCaS dundy
TO/OT/MO VA Wi ED
TO/OT/MO 3363 1510 2699
VA 1867 | (819
Wi 1195
ED

lagi doda glad Lol JSCadd 819 (29 ED,VA L logyasd oxiade 2,81 031 uas

TO/OT/MO| VA/ED Wi

TO/OT/MO 2840 1676
VA/ED Q667D

Wi
: VA/ED 3 WI L cpellad 81 a0

TO/OT/MO | VA/ED/WI

TO/OT/MO 676)
VA/ED/WI

123



: Dendogram duwwd Jalaseas dueygll 8y il Juied @9

0 9

T0

OoT MO VA

ED

WI

ED

VA

Wi

124

v

Dendogram

oT

TO

MO




TO cilelhd 3 o Ulaa adall) 45

Dendogram

v

y O piad G (881 asy wleladll o Juasw merge glodil IS Jides ok
g lgmed @5 (Il wileladll o wladl! Hlade

ool Cawdl (e dalaseall (§ JWYUg 4513 ey glhad Lgds S )lais] @3 ol Lo (25
Sogiall maxzill s il Ul zedl Wldes reconstruct sby ole) iy <Y
. depicted clustering

gls wligdaill s (§ &l ae 9 wlclaill sua) Jdol pol8l uzg Y disylall od (3
flat gdawell aezill (§ e 38 LS disjoint clusters duasiall wleladll &35 )
. clustering

nae Sgie (§ wladl o bladl jax e duoygll 8yxidl adad @ WYl oda die
Cdglade wlelad JSCadd

6 B Ol Jb wilelad &M Lud sl aladll las wie dzd Bl Whe (§ G S
- olelasd

125



Lg dhdl n Lo (o2 bottom-up 4edl sueldl o rwxdll ddos Lg Jdeadd! 13

1- Create n clustres ,one for each data point
2- Compute the proximity/Distance matrix : n*n
3- Repeat :
3-1- Merge the two closest clusters
3-2- Update the distance matrix
4- Until only a single cluster remains

P oleladll gy deladl Lgame S 050 elally

0

di2,1) 0

d(3,1) d(32) o
dn,1) dn,2) .. 0

s (e FUad S uay Jiey dY 0 (ol Wnylad 9 &yl
Foiludl (e Lo o
o&wwwuﬁy\dﬂ@fgul&%d\o&uuulsw|w§sp»u5 -
¢ wlkladll
§ Uold bl de gazma (3 Lgaivins I LI B Lo -

D Bulg dads lagio SS9 (O 30) u;\_cLbéuu&.eLwoﬂwmngLsﬂ

Age BMI BP
Patient, 54 190 120
Patient, 50 200 125
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P JWE bladl (o AWVl s Euclidean diylay

n

Dis(P,,P,) = z(xi — ¥i)?

i=0

= /(54 — 50)2 + (190 — 200) + (120 — 125)2 = 11.87

: dissimilarly-distance CMisYI 43 gasme Lyl ity (0) dads n Lyl oya48

P1

P

'F

Data set

Xip
Xnp

d(2 1) 0
d(3,1) d(3,2)
dn,1) d(n,2)

0

Dissimilarity matrix

0

& S Agglomerative gt duwi)lgze ylinadl wleladll o ol @ 4l Lyly WSy

P:

P>
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O

: l...'. ..” ﬁ & !‘

dpladell (woyell) bladl e ) wleladll fyy Bluwedl Clus o S oSy
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- Single-Linkage Clustering :
Minimum distance between clusters :
(3,b) Jio glad § lagin S cyiiasd (ye dbluws yisol drgs Cu

- Complete-Linkage Clustering :
Maximum distance between clusters :

pelad (§ lagie S oidais (p dBLuss Jgbol sl

- Average Linkage Clustering :
Average distance between clusters :
mean distance 4&d! ;¢ tUa_e QSU.A ddady (S oo olblu! dawgio Caws

- Centroid Linkage Clustering :
Distance between clusters centroids .

- pelladll (5585 (o ddluell d g3
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K-means Hierarchical
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import numpy as np
import pandas as pd

from
from
from
from
from
from
from

scipy import ndimage

scipy.cluster import hierarchy

scipy.spatial import distance_matrix

matplotlib import pyplot as plt

sklearn import manifold, datasets

sklearn.cluster import AgglomerativeClustering
sklearn.datasets.samples generator import make blobs

Zmatplotlib inline
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X1, yl

<

oy 9 Al gdue ULy degoze Wg o3

make_blobs(n_samples=58, centers=[[4,4], [-2, -1], [1, 1], [18,4]], cluster_std=8.9)

Plot the scatter plot of the randomly generated data

plt.scatter(X1[:, @], X1[:, 1], marker="0")

<matplotlib.collections.PathCollection at @x7fdc7489b438:>
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Save the result to a variable called agglom

agglom = AgglomerativeClustering(n_clusters = 4, linkage "average')

Fit the model with X2 and y2 from the generated data above,
agglom. fit(X1,y1)
AgolomerativeClustering(affinity="euclidean’, compute_ full tree="auto',

connectivity=None, linkage='average', memory=None,
n_clusters=4, pooling func='deprecated')

130



gl Whas (21 damadl ounyis

# Create a figure of size & inches by 4 inches.
plt.figure(figsize=(6,4))

# These two Lines of code are used to scale the data points down,
# Or else the data points will be scattered very far apart.

# Create g minimum and maximum range of XI.
¥_min, ®x max = np.min(X1l, axis=@), np.max({X1l, axis=0)

# Get the average distance for X1.
X1 = (X1 - x min) / (x _max - x_min)

# This loop displays all of the datapoints.
for i in range(X1l.shape[@]):
# Replace the dato points with their respective cluster value
# (ex. 8) and is color coded with a colormap (plt.cm.spectral)
plt.text(X1[i, @], X1[i, 1], str{yl[i]),
color=plt.cm.nipy spectral{agglom.labels [i] / 1@.),
fontdict={"weight": 'bold’, ‘'size': 9})

# Remove the x ticks, y ticks, x and y axis
plt.xticks([])
plt.yticks([])

#plt.axis( "off")

# Display the plot of the original data before clustering
plt.scatter(X1[:, @], X1[:, 1], marker=".")
# Display the plot

plt.show()
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dist matrix = distance matrix(Xx1,X1)
print(dist_matrix)

[[@. 2.11231913 @.55467473 ... B8.23558676 0.87665225 ©.350282283 |
[8.11231913 &. 8.482065276 ... ©.3398293 @.86155%7 0.460838415]
[8.55467479 2.482085276 @. . B.7826964 ©.541%2885 B.87156257)
[8.23558576 @.339929% @.7826%9%64 ... @. @.,23264915 8.13618882)
[@.8766225 @.8515597 @.54192835 . B.28264915 4. B.48843322]
[0.3582003 6.46838415 @.87156257 . 8.135618882 9.48843322 0. 1]

P2 gl e o Ul dendrogram dakases ey

Z = hierarchy.linkage(dist_matrix, "complete’)

dendro = hierarchy.dendrogram({Z)

bl dd

Jie 631 @b Hlis ! LSy 3] Z wlues Jie complete disylo Ledseiw! LT Jasdls
: average

Z = hierarchy.linkage(dist matrix, ‘average')
dendro = hierarchy.dendrogram(Z)
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: DBSCAN (aSbas el LSy

1- Arbitrarily shaped clusters .

2- Robust to outlier points .

3- Doesn’t require specification of the number of the clusters such as
k-means .

Adgn k-means Jle puiiy @ds 83LadI bladl <@l 3 DBSCAN 81e Ol o
Hlgmaxdy ddlgdie lily degozs
2 4oy LSl ol il Tus

import numpy as np

from sklearn.cluster import DBSCAN

from sklearn.datasets.samples generator import make_blobs
from sklearn.preprocessing import StandardScaler

import matplotlib.pyplot as plt

Zmatplotlib inline
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Data generation

The function below will generate the data peints and requires these inputs:

centroidLocation: Coordinates of the centroids that will generate the random data.
= Example: input: [4.3], [2.-1], [-1.4]]
* numSamples: The number of data points we want generated, split over the number of centroids (# of centroids defined in
centroidlLocation)
s Example: 1500
clusterDeviation: The standard deviation between the clusters. The larger the number, the further the spacing.
® Example: 0.5

def createDataPoints(centroidlocation, numSamples, clusterDeviation):
# Create random data and store in feature matrix X and response vector y.
X, y = make_blobs(n_samples=numSamples, centers=centroidlLocation,
cluster_std=clusterDeviation)

# Stondardize features by removing the mean and scaling to unit variance

X = StandardScaler().fit_transform(X)
return X, y

Use createDataPoints with the 3 inputs and store the cutput into variables X and v

X, y = createDataPoints([[4,3], [2,-1], [-1,4]] , 1588, B.5)

Modeling

DESCAN stands for Density-Based Spatial Clustering of Applications with Noise. This technigue is one of the most common clustering
algarithms which works based on density of object. The whaole idea is that if a particular point belongs to a cluster, it should be near to lots of

other points in that cluster.

It works based on two parameters: Epsilon and Minimum Points
Epsilon determine a specified radius that if includes enough number of points within, we call it dense area

minimumSamples determine the minimum number of data points we want in a neighborhood to define a cluster.

epsilon = 8.3

minimumSamples = 7

db = DBSCAN(eps=epsilon, min_samples=minimumSamples).fit(X)
labels = db.labels

labels

array([e, 1, 8, ..., 2, 2, &])
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Distinguish outliers

Lets Replace all elements with 'True' in core_samples_mask that are in the cluster, ‘False’ if the points are cutliers.

# Firts, create an array of booleans using the labels from db.
core_samples_mask = np.zeros_like(db.labels , dtype=bool)
core_samples mask[db.core_sample indices ] = True
core_samples_mask

array([ True, True, True, ..., True, True, Trues])

# Number of clusters in Labels, ignoring noise if present.
n_clusters_ = len(set(labels)) - (1 if -1 in labels else @)
n_clusters_

3

# Remove repetition in Labels by turning it into o set.
unique_labels = set(labels)
unique_labels

{-1, @, 1, 2}
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Data visualization

# Create colors for the clusters.
colors = plt.cm.Spectral{np.linspace(®, 1, len{unique_labels}})

colors

array([[©.61960784, ©.00392157, @.25882353, 1. 1
[@.99345405, ©.74771242, 2.43529412, 1. 1:
[B.74771242, ©.89583922, 2.52745898, 1. 1:
[0.36862745, ©.3@988392, 8.563529412, 1. 113

# Plot the points with colors
for k, col in zip(unique_labels, colors):

if k == -1:
# Black used for noise.
col = 'K’
class_member_mask = (labels == k)

# Plot the daotapoints that are clustered
xy = X[class_member_mask & core_samples mask]
plt.scatter(xy[:, 8], xy[:, 1],5=58, c=col, marker=u'c', alpha=8.5)

# Plot the outliers
xy = X[class_member_mask & ~core_samples _mask]
plt.scatter({xy[:, ®], xy[:, 1],5=58, c=col, marker=u'oc', alpha=8.5)
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# write your code here
from sklearn.cluster import KMeans
k=3
k_means3 = KMeans(init = "k-means++", n_clusters = k, n_init = 12)
k_means3.fit(X)
fig = plt.figure(figsize=(6, 4))
ax = fig.add subplot(1l, 1, 1)
for k, col in zip(range(k), colors):
my_members = (k_means3.labels_ == k)
plt.scatter(X[my_members, 8], X[my_members, 1], c=col, marker=u'c', alpha=8.5)
plt.show()
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:movies matrix w39 One Hot Encoding &,k l) &l pX3Y1 oda 50,5 o

movie | Comedy| adventure| Super hero| Sci-fi

1 (adventure, super hero) 0 1 1 0
2 (comedy, adventure, super hero,sci-fi) 1 1 1 1
3 (comedy, super hero) 1 0 1 0

feature set (comedy,adventure,super hero,sci-fi)

weighted Slewdl 0da Ol e Juamid sl (idgismcdl (o sl Sy o
: weighted matrix 43 guadll e Jua=s feature set

movie | Comedy | adventure| Super hero| Sci-fi
1 0 2 2 0
2 10 10 10 10
3 8 0 8 0
D pdseinell (blgy e Juaid > (e dgae (S aaz
Comedy adventure | Super hero Sci-fi
User profile 18 12 20 10
Comedy adventure | Super hero Sci-fi
User profile 0.3 0.2 0.33 0.16

sci-fi 3 adventure 3 comedy @3 super hero ¢g¢ Jad &l s Jasds
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movie | Comedy | adventure| Superhero| Sci-fi
4 (comedy, adventure, sci-fi) 1 1 0 1
5 (super hero) 0 0 1 0
6 (comedy, super hero) 1 0 1 0

: weighted matrix Je Juamid pusciuadl gy o 9 lpw li (§y9

> matrix

movie | Comedy | adventure| Superhero| Sci-fi

4 0.3 0.2 0| 0.16

5 0 0 0.33 0

6 0.3 0 0.33 0

recommendation s Jua=id 10 ¢y b @il Y 102 du iy slaw S gz o3

4|1 0.66*10=6.6
5| 0.33*10=3.3
6| 0.63*10=6.3

&'5&

rate:10

)

)

\

4 Hulk (comedy, adventure, sci-fi)

\ 5 Batman (super hero)

¥ 6 spider (super hero, comedy)
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Moviel Movie2 Movie3 Movie4d Movie5
Userl 9 6 8 4 -
User2 2 10 6 - 8
User3 5 9 - 10 7
User4 ? 10 7 8 ?

. Ratings matrix d3g24a0 (£45 0
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Ul 9 Ul 0.4 ek
U2 2 8 U2 0.9 dex 7.2
U3 5 7 u3 0.7] o*j 4.9
Rating matrix subset Similarity matrix e Weighted matrix
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