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9.1 Simple Linear Regression

Simple Linear ereirigy @Quip® s auifls spmadled
2 aTeT @b 1 LiLienL_wes algorithm oy @Lb.
@B @) uewt(® afleugmisar eTaieuTn O\F ML L
L®SSLILBS e, algorithm eraiaimm serg)
yigemev CopQsreaTH g, bSL LHS 6TBS
TS G FHWTSH 2 aTeng) 6TevTLIZ GLITeTD
oo w BiHemaTOl WV TL) G(HF 6V 6% 6T
®aIg g OFwedLpenmulled OlFuig LITIEHLI
Cur&Cpmid. 2 FTIewTS51% S @b LI Frailes
a1l esta 6)&TesT(h 2F6T aflen Ve
eTaueuIM BliewTuilLiLig) eTet @)11L1&% S ufled
FIGRTTLD. (R)FIQUeH T HLOLOL (LPGTAT O TS S|
LI FralesT 9aTayLd, 9FPHTeT aflenevs@pLd X



wmmpid Y variable-a 61() 3518 0\smaTar
Geuewr(pLd. (@)aGeu label set oppid domain
set 9, GLb.

x=[6,8,10,14,18,21]
y=[7,9,13,17.5,18,24]

LaGaum L9 Fraller oI’ L_gengLi (in inch)
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https://gist.github.com/nithvadurai87/
cb77831526033da63be0790f917efe63

import matplotlib.pyplot as plt

x=[[6],[8],[16], [14], [18],[21]]
y=[[71,[9],[13],[17.5], [18], [24]]

plt.figure()
plt.title('Pizza price
statistics')

plt.xlabel('Diameter (inches)"')
plt.ylabel('Price (dollars)')



https://gist.github.com/nithyadurai87/cb77831526033da63be0790f917efe63
https://gist.github.com/nithyadurai87/cb77831526033da63be0790f917efe63

plt.plot(x,y,"'.")
plt.axis([0©,25,0,25])
plt.grid(True)
plt.show()
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https://gist.github.com/nithvadurai87/
d94507f9052a6120dce5f20e31806cea

import matplotlib.pyplot as plt
from sklearn.linear_model import
LinearRegression

x = [[6], [8], [10], [14], [18]]
y = [[7], [9], [13], [17.5],
[18]]

model = LinearRegression()
model.fit(x,y)

plt.figure()
plt.title('Pizza price
statistics')
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https://gist.github.com/nithyadurai87/d94507f9052a6120dce5f20e31806cea

plt.xlabel('Diameter (inches)')
plt.ylabel('Price (dollars)')
plt.plot(x,y,"'.")
plt.plot(x,model.predict(x),"'--")
plt.axis([0,25,0,25])
plt.grid(True)

plt.show()

print ("Predicted price =
",model.predict([[21]]))
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G5 CGs piog algorithm gpmis



Qarer@ngl. @g G pLog model-er risk-4g4
SMgesILh. Q) enss sesst(HLIg S @il L med risk-
& GTLILIG & GeWMLILIG| GTRTLIS]

QsNpgIaIBLb. LpSeded -6 LG Lilears
st (L1955 Gauewt(BLd. LeTeTy Q)ensd aiss
O-ao7 GLifenestd ewt(h) LI S5

afl_evmLh. Variance 616G BLO(LpED Lt
explanatory variable-a 2 arer $g6ysarTETgH
eTalIeUaTe) @6l Oeual alsDwiTFsH e

I GOLD b GTATS] GTRTLID DS (HDISGLD. .
[1,3,5,7,9,11......] e1681y @) (B&@BLD LIL 55 BeD
gyger variance 0 y,@Lb. erblasasfled @)emneu
Gyrest Q) ew L Gleuailu)L_ 6T eHLOBSIGTETS). .
951Gau [1,5,7,10,11.....] e1e81my 2 935D S5
6TG8ST% @5 5% TS (Q)ewL_Oleuad Egpmi @) (HSGLD
UL 5SSV, S FIDD SETEHLD 616G

@ BBF G 61615 Hew515 %) (heu (G5 Variance
<2,@Lb. Co-variance erairigy pLogy explanatory
& response variables @uewr(pd Caimba



eTalauare) Qe Oleual alsPwTFsH e

<9IV LDBF|GTATS| GTGTLIGD S S &M% G LD..
@aialgen®seLw Qe Gu linear Ggm_gjy
@eveawGlwearp e, @ser @iy 0 o @Lb.
)W 61U @pSHFTT G5B P IEIS6T LIN68T6 (HLOTH).

v=a+fix
o=y~ fx
_cov(x,y)

var(x)
o)

n-1

25 =By -7)

n-1

var(x)=

cov(x, )=

Numpy library-e o erer @pHev sewils
functions Gupsesr &SP umiseiar Ly BLog)
SIaysemarLi QLTSS alleoL_eow 3yefls@HLd

Causwevenwd O FuIHem 6.
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https://gist.github.com/
nithvadurai87/406747e718d04a4bc3391740b5f
9de62

from sklearn.linear_model import
LinearRegression
import numpy as np

x = [[6], [8], [1e], [14], [18]]
y = [[7]1, [9], [23], [17.5],
[18]]

model = LinearRegression()
model.fit(x,y)

print ("Residual sum of squares =
", np.mean((model.predict(x)- y)

* % 2))

print ("Variance = ",np.var([6,
8, 10, 14, 18], ddof=1))



https://gist.github.com/nithyadurai87/406747e718d04a4bc339f740b5f9de62
https://gist.github.com/nithyadurai87/406747e718d04a4bc339f740b5f9de62
https://gist.github.com/nithyadurai87/406747e718d04a4bc339f740b5f9de62

print ("Co-variance =
",np.cov([6, 8, 10, 14, 18], [7,
9, 13, 17.5, 18])[0]1[1])

print ("X_Mean = ",np.mean(x))
print ("Y_Mean

", np.mean(y))

@) sair Qeuafluf_rms L9eTeu@BLd LS LiL|% 6T
QeuafLiLi(pLb.

Residual sum of squares =
1.7495689655172406

Variance = 23.2

Co-variance = 22.650000000000002
X Mean =11.2

Y Mean =129



@&t B ST SS LS LIL|Sewar
FoaTLTL 1960 GlLmmgFermtev, 21 inch a9 b
Qs mess L9 Fmafler aflenev eTaeummy 22.46

L 616578 ST HHDSI GTRTLIHS Sl TLd.
y = a+ fx

=a+f(21)

=1.92 + (0.98%21) = 1.92 + 20.58 = 22.5
where as,

B=22.65/23.2=0.98

o=12.9 - (0.98*11.2) =12.9-10.976 = 1.92
R-squared Score: sew._Swns prbd

o meung&uyarar model eraieuarey &ruLd
2 ewTew LowTeT LFLILen et el @ Ld



TS G LI ClLITIB BB W TGS TRTLINSS
sewia & (heu Gz R-Squared score @ Lb.

https://gist.github.com/nithyadurai87/
a39ecee72dc4a266933621c298e80df9

from sklearn.linear_model import
LinearRegression

import numpy as np

from numpy.linalg import

inv, lstsq

from numpy import dot, transpose

x = [[6], [8], [10], [14], [18]]
y = [[7], [9], [13], [17.5],
[18]]

model = LinearRegression()
model.fit(x,y)



https://gist.github.com/nithyadurai87/a39ecee72dc4a266933621c298e80df9
https://gist.github.com/nithyadurai87/a39ecee72dc4a266933621c298e80df9

x_test = [[8], [9], [11], [16],
[12]]

y_test = [[11], [8.5], [15],
(18], [11]]

print ("Score =
",model.score(x_test, y_test))

R-squared score = 0.6620052929422553

score() ereyy Lo function, wyspsTeT &SP I8H
, bLogy validation data-eweurs Qunps®
oflew L uleneT pL0s G HoNEH D). ClLITS auTs
score GlouaflLiLi®said P iy 0-a)wpg 1-
ey gyeoowid. 1 ererigy overfit-sygevmeD,
o 1-8@ QpBESw wPLiLITs @)1 BSTeD,

@ sewest BILD TP MISO\FTaTATEVTLD. @)/5ISE
pLowpen_w model-ar @iy 0.66 ere
QeuafliLiL Gerarg. Simple linear -g afl



multiple linear-e accuracy @)esrenid SHHL01%
@ BEGLD. QedSLILIDHY B SS HTeTGLITLD.

9.2 Multiple Linear
Regression

Simple linear-& g L9 #rafler alenevwimeg)
T L L ewsLl QOLTnISS B sHLIL®SS
SeTGL_TLD. YeTTe) 2 ess1an LoUd6) )66V
ADSILILF S ST 5% HreuLii(pd toppings-
b (b HTuessiwTs (@) (h%@GLb. eTaTGou 6

LI Fradler aflewev 9ygeT @I L LD LopmiLd

9P ayiarar tOPPINGS-eir 6TessT60% 6% 3 FHws

@ uessten b O\LITmIS S

YDLOEH MG Q)3 CLITETN RSTMISGHLD
Gupur’ L explanatory variables-goii
CuTmISSI, 2%t response



variable wyeLoEs 160, 9% Gau multiple linear
regression erestLiLi(pLd. Q&M T6sT FLOGTLIT(H

LesTeuhLomml @) (5 GLD.

y=atfin s fr ot A,

5] e + px
L e + px,
v e + px,

p=(x"x) x'r

Cupse Gz o smrews e explanatory
variable-a;L_e7 toppings-esr eressrennls e uyLd
Geigg multiple linear-g o (peuns&ujarGartib.
@51 LesTeuHLOTM).

https://gist.github.com/
nithvadurai87/7068c32bd4d7fccb67ccca39623
£f68bc



https://gist.github.com/nithyadurai87/7068c32bd4d7fccb67ccca39623f68bc
https://gist.github.com/nithyadurai87/7068c32bd4d7fccb67ccca39623f68bc
https://gist.github.com/nithyadurai87/7068c32bd4d7fccb67ccca39623f68bc
http://www.kaniyam.com/wp-content/uploads/2018/09/4-1.png

from sklearn.linear_model import
LinearRegression

from numpy.linalg import lstsq
import numpy as np

x = [[6, 2], [8, 1], [10, O],
(14, 2], [18, ©]]

y = [[7], [9], [13], [17.5],
[18]]

model = LinearRegression()
model.fit(x,y)

x1 = [[8, 2], [9, 0], [11, 2],
(16, 2], [12, 0]]

yi = [[11], [8.5], [15], [18],
[11]]

predictions = model.predict([[8,




print ("values of Predictions:
", predictions)

print ("values of (1, PB2:
",1stsq(x, y, rcond=None)[0])

print ("Score = ",model.score(x1,
y1))

Bloessmer Geuefuf®:

Cuopses Bloesster Gleafuf®
LeTeuhLomm SyemLouyid. (@)Fev accuracy
D3NP BLILI®SS Fmemrevmid. simple linear-
& 0.66 erarpred multiple linear-e 0.77 erer

Q@ LiL™S seualssab. e1L1GLimg b sSimple
linear-g a9 multiple linear-go.7

LweTL (PSS GLimg) accuracy @)eren/Ld
BHLOTS Q) (55 GHLD



values of Predictions: [[10.0625 ]
[10.28125]

[13.3125]]

values of 81, 82: [[1.08548851]
[0.65517241]]

Score = 0.7701677731318468

BILD eT(HLIG 55 @) BS LOFLiL|FHeT GLODSEHTL
FLOGTLIMI 6V LIesT6u (hLommy O LIT(h 5SS GoTDGor.
@ &®ev intercept term -6 O-eor Lo@)Liry X1
wppid X2 e1eyiLb (@)oesr(p variables-goujih
QOLITMIZSH eoLoeS T, @)FI OLITHITH (1
constant-,s @)% GLb.

10.06 = a + (1.09 * 8) + (0.66 * 2)
=a+8.72+1.32
=oa+10.04



10.28 = a + (1.09 * 9) + (0.66 * 0)
=q+981+0
=a+9.81

13.31 = a + (1.09 * 12) + (0.66 * 0)
=+ 13.08 + 0
= a+13.08

9.3 Simple Linear Algorithm

Simple linear regression -gsmer #Loesriim(®
esreupLomm eoowb. @ens eweusg (1,1) ,
(2,2), (3,3) erayyid Lyeraf aleugmisE@psE
esreupLd senfllinimet h(X) epovid senflliLiengs
BILD @)BI& 2 FTIGHTLOTS 6T(HSSHI%
QsreTGaumth.



|h(;1‘,) =0y + 01-'T3|

@553 senflLiimeng S Lm-0 wppid e -1
eTeILD (@) gewT(h (Lpd&w parameters-gori
QOurnECGs yemw@mgl. @)eupenmGur (Lpeiresi
alpha, beta er6r 9o 1pg B mLH. GleuaiGaumy
@ LiLjeTar parameters-4@ OeuaGaumy

UG uiled HesflLiL|FH6T BB LHSSLILI(H oIS

LIGTeU(BLD 2 FTTGHISF GO & TERTGVTLD.

https://gist.github.com/nithvadurai87/
c57ac1197368249f015ed4d1dba029f0

import matplotlib.pyplot as plt


https://gist.github.com/nithyadurai87/c57ac1197368249f015ed4d1dba029f0
https://gist.github.com/nithyadurai87/c57ac1197368249f015ed4d1dba029f0
http://www.kaniyam.com/wp-content/uploads/2019/02/11.png

x = [1, 2, 3]
y = [1, 2, 3]

plt.figure()
plt.title('Data - X and Y'")
plt.plot(x,y,"'*")
plt.xticks([0,1,2,3])
plt.yticks([0,1,2,3])
plt.show()

def
linear_regression(theta0, thetal):
predicted_y = []
for i in x:

predicted_y.append((thetad+
(thetal*i)))

plt.figure()

plt.title('Predictions')

plt.plot(x,predicted_y,"'.")

plt.xticks([0,1,2,3])




plt.yticks([0,1,2,3])

plt.show()
theta® = 1.5
thetal = 0

linear_regression(theta®, thetal)

thetada = 0
thetala = 1.5
linear_regression(theta0Oa, thetala

)

thetabb

1

thetalb = 0.5
linear_regression(theta®b, thetalb

)

wsde (1,1), (2,2), (3,3) -Ssmes auemgLIL_LD
uegwLL®&S sl LKestestd L m-0 =1.5,
8L m1 =0 erayid Cuing evreuLd



Fwatur g e Qurmps® (1, 1.5), (2, 1.5), (3,
1.5) eremyid 0@ LiLjsemaruyLd,

h(1) = 1.5+0(1) = 1.5
h(2)=1.5+0(2) = 1.5
h(3)= 1.5+ 0(3) = 1.5

aieurGm 1m0 =0, §.'r_m-1 =1.5 eremy1d
Gung (1, 1.5), (2, 3), (3, 4.5) erewyid
w@Liyseeruyd, sevL_Fuwrs G m-0 =1,

8 m1=0.5 ereyyp Gung (1, 1.5), (2, 2), (3,
2.5) e1ey1d L@ LI SeaT LD eflLiLIHSS

& TGHTGV TLD.
h(1)=0+ 1.5(1)=1.5h(1)=1+0.5(1) = 1.5

h(2)=0+ 1.52)=3h(2) =1+ 0.5(2) = 2



h(3) =0+ 1.5(3) = 4.5 h(3) = 1 + 0.5(3) = 2.5

@ aieurm eTRLNGSSLILL L DFLILSEHS G
QUG TLIL_BISGT aUenTuLiLI(HFH ST 6T, (3)ewa

LIGTeU(BLOTH] e LOUJLD.

Data - X and Y Predictions
3 - 3
2 - 2
1 * 1
0 . ; . 0 T T T
0 1 2 3 0 1 2 3
Predictions Predictions
. 3
3 2
21 1
14
0
0 0 1 2 3
o] 1 2 3
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Guopsesti_ 3 senflLiLjFalled 6156T SewsflLiLy

2 GSTEH LDWITET LOB)LIL|% @S & 2 (%) 6D

2 ata1GHT B W HL LT oG LiLjFemarCGw
BT @mISwns Fest|Liin @
T(DB&% s marerevmd. @mie (1,1), (2,2),
(3,3) ereyid @LIysERs5G (1, 1.5), (2, 2), (3,
2.5) e1eyyLd LOPLILSET FDMI 2 (HH O
aupglararg. etastGou -0 =1, 1 -1
=0.5 erayy1b @ LI Hem6ns 6\ mTesTL
sestiLiLmenerGu prd Caiey Clauig)

Q& merGeumLd.

@ =@ Cleumiid 3 reysaeT L HILD @)(HLILISTED,
CTENS OUSGIS &6ulls S MeD 6wt LiLID @ Ld

2 esTen oW TeT LB LILIW G Lomest Geumim(® FOmi
GODTS @) (5 GLD 6TGS BLOLDTE) FGVLILDTHS
FoD (LPLY-UJLD. HETTED b)g25F v

2 UNT5EHES 560 HI0SH6T @) (5% S0 ELTS,
@55 Coupiim” 19 eneTs ST BBSI FoD

2 sayLb &3 rGLo cost function oG Lb.



Cost Function: @)spsmer FLoesrLim
L9816 (BLOTM).

T B

J =523 (he(a@) —y)”
i=1

t=

J = cost function
m = QLorg% $I0 % af6o 6T655T6wl %%

1= Qwrgss sraysaied @alblerenrssd

OFevev 2 F@Lb. .

h(x) = sexflgsLiL® e DLy

Y = IS FLTISFGEID 2 6760 LoW T6sT LOG)LIL|
Cupsesi 9Gs Larel aleimisenar

L96816u(BLD FLOGTLIML 1960 QLTSS BILD
Cai50%(H S 8IS GTaT H6wstILILIT6T A 2yeT6)
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cost Gaumyuim” g et QeualiLi(BSHP DS T
TGS S SHTERTQYLD. Q)M TS [BI60 LI68T6U (HLOTM).

https://gist.github.com/
nithyadurai87/86bd4ec2288d0e9af138a30a7af
44a09

Glauafuf®:

cost when theta0=1.5 thetal=0 :
0.4583333333333333

cost when theta0=0 thetal=1.5 :
0.5833333333333333

cost when thetaO=1 thetal=0.5 :
0.08333333333333333

ST % B BHLpLd ISLD:



(1,1.5),(2,1.5),(3,1.5) vs 1,1, (2,
2),(3,3) (8Lm0=1.5, 811 =0)

J = 1/2%3 [(1.5-1)**2 + (1.5-2)**2 + (1.5-
3)%*2] = 1/6 [0.25 + 0.25 + 2.25] = 2.75

(1,1.5),(2,3),(3,4.5) Vs (1, 1,2,
2),(3,3) (8L m0=0, 8. 1_n-1=1.5)

J = 1/2%3 [(1.5-1)**2 + (3-2)**2 + (4.5-3)**2]
= 1/6 [0.25 + 1 + 2.25] = 3.50

(1,1.5),(2,2),(3,2.5) \& (1,1), (2,
2),(3,3) (8m0=1, 8.1 m1=0.5)



J = 1/2%3 [(1.5-1)**2 + (2-2)**2 + (2.5-3)**2]
= 1/6[0.25 + 0 + 0.25] = 0.50

@5 gesfigs et CoumiLITHFHeaTH Fol 19 256U
FINFRNeOWS H601(R LI LILISET eLpevLd e 0)eumh
SGSSHLILITGT BL_G&ILD SessflLiL|LD 6THS 2 6T6
GoumiLimg 6d 96 LoUJLD GTGTLICHSS Fn D

wpLyuyLd. @sse5 W Geumiimh s afleur

oL BIGS6T HeTHLNGSHLILIL (B 9e»ar 2-2460
UGBS LILIBUSDE TGS &TIGHTLD 6T63T68T0) 6w 6w 6V,
FgnFflenwis se1(H L9195 GHLOCLITSH IFHTIH @
TR TLOGHD GTGHT Q) (HBSTVTnl_ |

FL L LILUGUSH G UDTH SLHSHLILIL (B
@b, ererGoug et @sSP L @)% GLresTn)
YmssLiLL Hetarg. @)g Geas sum of squares
eITOT 6TRIM| e LPSHHLILI(HLD.

@ =& B apsaTGor HeTBHLI9 S5 G Lm0
=1, 8.1 =0.5 @i yser CsmesrL

sl LiLiTGaT @enmpBs jeara) COSt-g



QeualliL®sgiauamss smessevrid(0.50).
1186V &6 |56 T 6TewTeusl% 0%
Clu@RarTaiLh, Qbs &HSBISF T epevLd
Goumiim” 19 69 68T BTLD FLILDTHS

SIS P L_TUTLD.

@55 0.50 erayd Coumyim® FOm HSHHLD 616815
F(HSB ST, @)FET BILD ()G G®DIHS
ueGaunl HL 1155655 Q)FCFTFSdesTanL
oL B HLoL ClFuis 9B e D e et
Goumiin(® epLBSSHILD FL L TEHE®aT
sar(hL9 88 2 sajeuGg Gradient descent

A GLD. ABPG (LpFedled LI Garm)

S 1 18556M6T LB LI6H LIULLD, DD MIFSH TCHT
COSt-@ouLD G QUGHTLIL_LDTH QUGH TS
umgLiGumib. @)gGeu contour plots @ Lb.

Contour plots:
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o’ 16 Guneip auemrLil %60 LivGaim)

S L m @5 epssmest COSt LI Gaumy

L L miserns QeuellLiLi®SeTpet. eTestGou
QUL L_SFGT O LOUISG DS FHGosTL_ 161 GoT

eLpv GLOIT 9OV Gy F)GWTERTS BGOT L9 LILITHS DS
9 L_eUG T eLpeVGLOT GEWDBS 9 aT6
Goumruim’ 1y emest OouellLiLiHSSS Folgwi

S L 1gsenar B ST plw (LpLgujid. ()55
Geauemavemw Gw Gradient descent GguiHmgy.

GLpGsenrL Flredled -2 ShBg 2 aueng

gL mssens5@ 100 wewp wHLiLjser wrpp)
Lorpm) vyeflsSLILIL (B COSt

ST PlwLiLGS g ()@ NUMPY eLpevLd
S 1L_155@5%E LOFLIL|S 6T
pmSLILRS @D (@)eneu uniform
distribution (pewpuied oyemiowyLh.



https://gist.github.com/
nithvadurai87/8c¢120370181f5bb9ad966dc9fdd

7935b

from mpl_toolkits.mplot3d.axes3d
import Axes3D

import matplotlib.pyplot as plt
import numpy as np

fig, ax1 =
plt.subplots(figsize=(8, 5),

subplot_kw={'projection': '3d'})



https://gist.github.com/nithyadurai87/8c120370181f5bb9ad966dc9fdd7935b
https://gist.github.com/nithyadurai87/8c120370181f5bb9ad966dc9fdd7935b
https://gist.github.com/nithyadurai87/8c120370181f5bb9ad966dc9fdd7935b

values = 2
r = np.linspace(-
values,values, 100)

thetao, thetal= np.meshgrid(r,r)

original_y = [1, 2, 3]
m = len(original_y)

predicted_y = [theta®+(thetal*1l),
theta®+(thetal*2), theta0+
(theta1*3)]

sum=0

for i,j in

zip(predicted_y,original_y):
sum = sum+((i-j)**2)

J = 1/(2*m)*sum

axl.plot_wireframe(thetao, thetal,
J)




axl.set_title("plot")

plt.show()

BLOG] STQYF @VhSHS TGS eUeDTLIL LD LiesTeu(BLomm).

plot
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9.4 Gradient descent
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Os1L_jsRwns eI @IS mSaT () (HLILeT,
@alGleurms @masepLd local optimum
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F&met auenLL_ g0, local minimum erarigy
Hev_wig. global optimum wi” HGro.



Alpha eraruig 81 1_ngseier S LiLseT 615
9arey FFSF e GHepaHLILIL Geuest(h)Ld
GTRTLIGN S &M% GLD. Q)T LoFLiL LFHa LD
FPwSns0 L @)6TLOED, LSHe LD
QuAlwgrsad QeOeTLo6) FHlwTeT Sy aTale)
eww Ceuss®id. Oungeuns 0.1, 0.01,
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m = len(y)

thetad = 1
thetal = 1.5
alpha = 0.01

def cost_function(thetao, thetal):

predicted_y = [thetaO+
(thetal1*1), theta®+(thetal*2),
theta0+(thetal*3)]

sum=0

for i,j in
zip(predicted_y,y):

sum = sum+((1i-j)**2)
J = 1/(2*m)*sum
return (J)

def gradientDescent(x, y, thetal,
alpha):

J_history = []

for 1 in range(50):




for i,j in zip(x,y):

delta=1/m*(i*i*thetal-i*j);
thetal=thetal-
alpha*delta;

J_history.append(cost_function(th
eta0@, thetal))
print (min(J_history))

gradientDescent(x, y, theta1l,
alpha)

Geuafuf®:

0.5995100694321308
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https://gist.github.com/
nithvadurai87/5abf51e4b26717a3427d15fcaca
6f48f

import matplotlib.pyplot as plt
import numpy as np

X = np.array([[1, 800, 2, 15],[1,
1200, 3, 1],[1, 2400, 5, 5]])

y:
np.array([3000000, 2000000, 3500000
1)

theta = np.array([100, 1000,
10000, 100000])

predicted_y =
x.dot(theta.transpose())
print (predicted_y)

m = y.size



https://gist.github.com/nithyadurai87/5abf51e4b26717a3427d15fcaca6f48f
https://gist.github.com/nithyadurai87/5abf51e4b26717a3427d15fcaca6f48f
https://gist.github.com/nithyadurai87/5abf51e4b26717a3427d15fcaca6f48f

diff = predicted_y - vy

squares = np.square(diff)
#sum_of_squares = 5424168464
sum_of_squares = np.sum(squares)
cost_fn = 1/(2*m)*sum_of_squares
print (diff)

print (squares)

print (sum_of_squares)

print (cost_fn)

Oeuafuf®:

[2320100 1330100 2950100]
[-679900 -669900 -549900]
[462264010000 448766010000
302390010000]

1213420030000
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10. Pandas
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VG FL0&CEPDUTD LY UEHLOLILIGD G
python euypmigHeam e library @b, @ ser
eLpeuLd CSV, txt, json Gumesin LiedGeumy

QLY QUBISHAT @)(5SGLD CLPGVS FT0% T
(055 @ dataframe-oys wrpy
BL&ECEDDUTDI ST6FHEGT U LOSHS

O meirer (LpLg uyLb.

@)BI@ BTD LTFSSL CUTGLD 2 FTT6wTS5H 0 (1
of 19 a7 eflpLiewest afleweveniw BlienTudLiLisn @
2 gaLd LI Ceun) &Trenlls@pLd, HETLILg
pliesruigsLiuL L aflenevs @pLd CSV CEmLiLins

Qsr®ssLILL ReTerer. Qg Geu training data



GTTLILI(BLD. @)enF G0 eUSSISHSBTT BTLD 6 (1
model-g o BaungsICLTHCpmib.

wsaded model-g o hoursGasn G (wpeterd
@) training data-g B 4fpg Csmerar
Gouent(H)Ld. (D0 6THHHGT FTRHET 2_GTATEH,
e1sgewen NUl L@ 1LiLysa6T 2 aTare,

616U QW TLH G LIGHET BIenaVem W
LITHESS 14 W (LpSFHWS & TT68H5 6T,
Gaemauuilevevrs @)erer LIm &Trentlsenar
ereieummy haGaug, Null w@iysemer eralcummy
BL0& & GeuessTiyw LG LIL|SeTTe) LMD D)
9emioLiLig CunaimeaupenmQueems Pandas
epevLh BaLd OFuig LnigsLiGurHCpmid.
@)51Gau preprocessing / feature selection

GTTLILI(BLD. @)FD& TS BlIed LiewTeu (HLomm).



https://gist.github.com/
nithvadurai87/5fd84f40ce26eac65a8060ee2d1

5280a

import pandas as pd

# data can be downloaded from the
url:
https://www.kaggle.com/vikrishnan
/boston-house-prices

df = pd.read_csv('data.csv')
target='SalePrice’

# Understanding data
print (df.shape)



https://gist.github.com/nithyadurai87/5fd84f40ce26eac65a8060ee2d15280a
https://gist.github.com/nithyadurai87/5fd84f40ce26eac65a8060ee2d15280a
https://gist.github.com/nithyadurai87/5fd84f40ce26eac65a8060ee2d15280a

print (df.columns)
print(df.head(5))
print(df.info())
print(df.describe())
print(df.groupby('LotShape').size
)

# Dropping null value columns
which cross the threshold

a = df.isnull().sum()

print (a)

b = a[a>(0.05*1len(a))]

print (b)

df = df.drop(b.index, axis=1)
print (df.shape)

# Replacing null value columns
(text) with most used value

al =

df .select_dtypes(include=["'object
"1).isnull().sum()




print (ail)
print (al.index)
for i in al.index:

bl =
df[i].value_counts().index.tolist
0

print (b1)

df[i] = df[i].fillna(b1[0])

# Replacing null value columns
(int, float) with most used value
a2 =
df.select_dtypes(include=["'intege
r','float']).isnull().sum()

print (a2)

b2 = a2[a2!=0].index

print (b2)

df =

df .fillna(df[b2].mode().to_dict(o
rient="records')[0])




# Creating new columns from
existing columns

print (df.shape)

a3 = df['YrSold'] -
df['YearBuilt']

b3 = df['YrSold'] -
df['YearRemodAdd']
df['Years Before Sale']
df['Years Since Remod']
print (df.shape)

a3
b3

# Dropping unwanted columns
df = df.drop(["Id", "MoSold",
"SaleCondition", "SaleType",
"YearBuilt", "YearRemodAdd"],
axis=1)

print (df.shape)

# Dropping columns which has
correlation with target less than
threshold




X:

df .select_dtypes(include=["'intege
r','float']).corr()[target].abs()
print (x)
df=df.drop(x[x<0.4].index,
axis=1)

print (df.shape)

# Checking for the necessary
features after dropping some
columns

11 = ["PID","MS SubClass","MS
Zoning", "Street","Alley", "Land
Contour", "Lot

Config", "Neighborhood", "Condition
1", "Condition 2", "Bldg

Type", "House Style", "Roof

Style", "Roof Matl", "Exterior
1st", "Exterior 2nd", "Mas Vnr
Type", "Foundation", "Heating", "Cen




tral Air", "Garage Type", "Misc
Feature","Sale Type", "Sale
Condition"]
12 =[]
for i in 11:
if i in df.columns:
12.append(1i)

# Getting rid of nominal columns

with too many unique values

for i in 12:
len(df[i].unique())>10
df=df.drop(i, axis=1)

print (df.columns)

df.to_csv('training_data.csv', ind
ex=False)

Bloess et allerssd wpnid Clarefuf® :



csv-a 2 aar sgaysar df erand dataframe-ggar
pandas epevid eppLILIL BeTarg). @)H e
6T8SeaT TOWS LopmyLh columns o erengy

GTGTLIGNSG LIGT6U (IHLD MM MGV TLD.

print (df.shape)

(1460, 81)

LeTaupLd L 1L_evar e1arblereresr columns

2 616 6TATLIGDS OeuafLiLI(RSSHILD.

print (df.columns)



Index(['Id', 'MSSubClass',
'MSZoning', 'LotFrontage',
'LotArea', 'Street',

'Alley', 'LotShape',
'LandContour', 'Utilities',
'LotConfig',

'LandSlope', 'Neighborhood',
'Conditioni', 'Condition2',
'BldgType',

'HouseStyle', 'OverallQual',
'OverallCond', 'YearBuilt',
'YearRemodAdd',

'RoofStyle', 'RoofMatl',
'Exteriorilst', 'Exterior2nd',
'MasVnrType',

'MasVnrArea', 'ExterQual',
'ExterCond', 'Foundation',
'BsmtQual’,

'BsmtCond', 'BsmtExposure',
'BsmtFinTypel', 'BsmtFinSF1',




'BsmtFinType2', 'BsmtFinSF2',
'BsmtUnfSF', 'TotalBsmtSF',
'Heating',

'HeatingQC', 'CentralAir',
'Electrical', '1stF1lrSF',
'2ndF1rSF',

'LowQualFinSF', 'GrLivArea',
'BsmtFullBath', 'BsmtHalfBath',
'FullBath',

'HalfBath', 'BedroomAbvGr',
'KitchenAbvGr', 'KitchenQual',
'TotRmsAbvGrd', 'Functional',
'Fireplaces', 'FireplaceQu',
'GarageType',

'GarageYrBlt', 'GarageFinish',
'GarageCars', 'GarageArea',
'GarageQual’,

'GarageCond', 'PavedDrive',




'EnclosedPorch', '3SsnPorch’,
'ScreenPorch', 'PoolArea',
'PoolQC',

'Fence', 'MiscFeature',
'Miscval', 'MoSold', 'YrSold',
'SaleType',

'SaleCondition', 'SalePrice'],
dtype='object')

head(5) wsa 5 sreysamar GeualLiLi(®Sg)Lb.

print(df.head(5))

Id MSSubClass MSZoning

SaleType SaleCondition SalePrice
@ 1 60 RL ... WD Normal 208500
1220 RL ... WD Normal 181500

2 360 RL ... WD Normal 223500




3470 RL ... WD Abnorml 140000
4 5 60 RL ... WD Normal 250000
[5 rows x 81 columns]

info() pLogy dataframe-esr oyeoioLiny LHPw
afeugmigear OeuaflLiLiHEEILD.

print(df.info())

&1t ;class
'pandas.core.frame.DataFrame'&gt;
RangeIndex: 1460 entries, 0 to
1459

Data columns (total 81 columns):
Id 1460 non-null int64




MSSubClass 1460 non-null int64
SaleCondition 1460 non-null
object

SalePrice 1460 non-null int64
dtypes: float64(3), int64(35),
object(43)

memory usage: 924.0+ KB

None

describe() @@BPe wpEHwLi Lyarefufwed
ANeUTEIFe®aTs H6e515 0% (BHSE 6auaflLiLi(BHSEILD.

print(df.describe())

Id MSSubClass ... YrSold
SalePrice




count 1460.000000 1460.000000
1460.000000 1460.000000
mean 730.500000 56.897260
2007.815753 180921.195890
std 421.610009 42.300571
1.328095 79442.,502883

min 1.000000 20.000000
2006 .000000 34900.000000
25% 365.750000 20.000000
2007 .000000 29975.000000
50% 730.500000 50.000000
2008.000000 163000.000000
75% 1095.250000 70.000000
2009.000000 214000.000000
max 1460.000000 190.000000
2010.000000 755000.000000
[8 rows x 38 columns]

groupby() g column-ed 2 e LG LIL S aT
UdSLILIRSS OleualiLiHSEILD.



print(df.groupby('LotShape').size
)

LotShape

IR1 484

IR2 41

IR3 10

Reg 925
dtype: inté64

®@a10)6umgy column-gyih o arer null
P15 6N 6oT 6TevsTess1% 69 36w Wi

QeualLiLiBSSILD.

print (a)

Id 0



MSSubClass 0
MSZoning ©
LotFrontage 259
LotArea 0

Street 0

Alley 1369
LotShape ©
LandContour 0
Utilities ©
PoolQC 1453
Fence 1179
MiscFeature 1406
Miscval @

MoSold ©

YrSold 0@
SaleType 0
SaleCondition 0
SalePrice 0
Length: 81, dtype: int64




0.05 ererig Null-gs e threshold oy @1o.
<ysmaug 100 @ 5 null w@iyser @) masevrd
TG QUGH TWIMIFSLILIL (HaTeng/. 6TaTGou e
ol 8% oyerey NUll L@ Liysaer Glgmewr_
columns sessre_Pwiioi” @
QeualiL®SsLILGFDS. LNeTeTy @)ena
dataframe-eS(p 58 B&sLILIB S GTDGT.

print (b)

LotFrontage 259
Alley 1369
MasVnrType 8
MasVnrArea 8




BsmtQual 37
BsmtCond 37
BsmtExposure 38
BsmtFinTypel 37
BsmtFinType2 38
FireplaceQu 690
GarageType 81
GarageYrBlt 81
GarageFinish 81
GarageQual 81
GarageCond 81
PoolQC 1453
Fence 1179
MiscFeature 406
dtype: inte64

Gupsesr 18 columns-guwib &P w Leresd
81 eratrLigy 63- 9,58 &P HSIGTNTSH S

& TGHTGVTLD.



print (df.shape)

(1460, 63)

<2 B3$s51% Threshold-g aflL_& @e»peures null
wHLiysemaerti Glupmerar text column- gy esgy
QeavaflLiL®ssLiL®Swg). include=["object']
eTeTLIg) text column-g@g @M% GLb.

print (ail)

MSZoning ©
Street 0
LotShape 0

Electrical 1




KitchenQual 0
Functional 0
PavedDrive 0
SaleType 0
SaleCondition O
dtype: inté64

print (al.index)

Index(['MSZoning', 'Street',
'LotShape', 'LandContour',
'Utilities',

'"LotConfig', 'LandSlope',
'Neighborhood', 'Conditioni',
'Condition2',

'BldgType', 'HouseStyle',
'RoofStyle', 'RoofMatl',
'Exteriorist’,
'Exterior2nd', 'ExterQual',
'ExterCond', 'Foundation',
'Heating',




'HeatingQC', 'CentralAir',
'Electrical', 'KitchenQual',
'Functional',

'PavedDrive', 'SaleType',
'SaleCondition'],
dtype='object')

<b& columns-ed 2 arar a1 Gleum @ LG LiLLd
CTSFGT (LpeOD Q)L LHG)LID I GTOTS| 6TGHTLI)
s pluLiLil B oeoeu g list-op5
wrppLu@&aper. list-ar wpsewmaig @iy
G Yaray @)L LHO)LIDDIGTAT UTTES 4 GLD.
@aleunigsemguilerme grer null w&iysaer
BT (5 &) 6T GoT.

—




print (b1l)

['RL', 'RM', 'FV', 'RH', 'C
(all)']

['Pave', 'Grvl']

['Reg', '"IR1', 'IR2', 'IR3']

['Y', 'N', 'P']

['wWD', 'New', 'COD', 'ConLD',
'ConLI', 'ConLw', 'CwWD', 'Oth',
'Con']

["Normal', 'Partial', 'Abnorml',
'"Family', 'Alloca', 'AdjLand']

<Y Bs$s51% Threshold-g aflL_& @e»peures null
w@LiyseaerL Gupmierer numerical column-
SUeTE 9DF eray (F)L_LD6LIpmieTer

S Lifesred BlrliuliL®E D).



include=["integer','float'] erar1g numerical
columns-g4 @HsGLb.

print (a2)

Id 0
MSSubClass 0
LotArea 0

MoSold ©
YrSold @
SalePrice 0
dtype: inte64




print (b2)

Index([], dtype='object')

A DS$351% @) gewr(® column-e o airar

LIl ST RLLIL B, 266Uz e e

BB wneLd sesr_plulini’ ® @ Lg column-
2,5 dataframe-e @QewenrasLiLIGBng. 63
columns-.9y,s 2 aengy g columns @)evewrps

L9651 65 61607 LOMPUI (HLILIGHSS HTEETGTLD.

print (df.shape)
(1460, 63)

print (df.shape)




(1460, 65)

Ggemouuilevavrs @& ev column-er G)Liwiser
Croywrssd Qsr®EsLILL B 2yeeu dataframe-
® Q) BBGI HESLILIBHF e Tpert. L9659 eres

aB il pLILIGNSS &TessTeVTLD.

print (df.shape)
(1460, 59)

numerical columns-& .5, target columns-

s@Lomes correlation sesrLpPlwLinil’ ®
QeualiL®ssLILGSEnS. @)ser wHLiy 0.4



ereyyLH threashold-g el Gewpairs @)@pLier
<9y dataframe-c) B pg HssLILIG Hepert.

print (x)

MSSubClass 0.084284
LotFrontage 0.351799
LotArea 0.263843

SalePrice 1.000000

Years Before Sale 0.523350
Years Since Remod 0.509079
Name: SalePrice, dtype: float64

GLopda Pl LOADDEISET HDTSHSILD b5 L bS
&1, BL0%GHS CHenawneT @BH6 (Lp%Fw
afepwmiser dataframe-e @)areyyLd 2 arargm

eTaTLIg CFTHSHHLILIBHF DS TS S
B HLoI6eT SNLILIL L G LIS ers 0)%meusrL_



columns FssLILRS @D, @)eaeuuyLd
BEs LI L1967 columns erewrensigens 38 eras

wrpluipLILIGNSS STesTevTLD.

print (df.shape)
(1460, 38)

eirens oemeu 6TEGBHS columns ereor
Qeueal LIRSS LILI(H P 1D 6o,

print (df.columns)




Index(['MSZoning', 'LotShape',
'LandContour', 'Utilities',
'LotConfig',

'LandSlope', 'Conditioni',
'Condition2', 'BldgType',
'HouseStyle',

'OverallQual', 'RoofStyle',
'RoofMatl', 'Exteriorilst',
'Exterior2nd’,

'ExterQual', 'ExterCond',
'TotalBsmtSF', 'HeatingQC',
'CentralAir’',

'Electrical', '1stF1lrSF',
'GrLivArea', 'FullBath',
'KitchenQual',
'TotRmsAbvGrd', 'Functional',
'Fireplaces', 'GarageCars',
'GarageArea’,

'PavedDrive', 'SalePrice', 'Years
Before Sale', 'Years Since
Remod'],




dtype='object')

s Hwns Q) ps dataframe-e @) ps @ Lo

wHLiLsarresgy training_data erenyLd GlLiwfed
.CSV Gariiuns GCallgsLiu@Fermest. @)aGau
model-r o (heunEESP DG 2 i 1%
SemioujLb. Qews eeusg model-go

2 (heUTSHGHeUg 6TLILILG eTaTn 2 (HSS L&D uileD
& TGSTGV TLD.



11. Model file handling

11.1 Model Creation

sklearn (sk for scikit) ereriig python-e o erer
QupSrafs sppasstet e library oy@Lb.
@& e classification, regression <&
aeassafer $1p geviowid linear, ensemble,
neural networks Guraip 9eoarsg aflgLomer
model-&g o algorithms

srewrLiLi(pd. Q)& edmps LinearRegression
ereyyLH algorithm-g 1S B0 & BLOLPe LW
data-ewauLi LM BILd FOMIS

SBHCoILD. @Q)FDHH TN BlIed LievTeBHLOTD).



https://gist.github.com/
nithvadurai87/91e74160ccb4ff51eef3188372a
78b91

import pandas as pd

from sklearn.linear_model import
LinearRegression

from sklearn.model_selection
import
train_test_split,cross_val_score
from sklearn.externals import
joblib

from sklearn.metrics import
mean_squared_error

import matplotlib.pyplot as plt
from math import sqrt

import os



https://gist.github.com/nithyadurai87/91e74160ccb4ff51eef3188372a78b91
https://gist.github.com/nithyadurai87/91e74160ccb4ff51eef3188372a78b91
https://gist.github.com/nithyadurai87/91e74160ccb4ff51eef3188372a78b91

df =
pd.read_csv('./training_data.csv'

)

i = list(df.columns.values)
i.pop(i.index('SalePrice'))

dfo = df[i+['SalePrice']]

df =
dfo.select_dtypes(include=["integ
er','float'])

print (df.columns)

df[list(df.columns)[:-1]]
df['SalePrice']

_train, X_test, y_train, y_test
train_test_split(X, vy)
regressor = LinearRegression()
regressor.fit(X_train, y_train)

I X< X
1l

y_predictions =
regressor.predict(X_test)




meanSquaredError=mean_squared_err
or(y_test, y_predictions)
rootMeanSquaredError =
sqrt(meanSquaredError)

print("Number of
predictions:",len(y_predictions))
print("Mean Squared Error:",
meanSquaredError)

print("Root Mean Squared Error:",
rootMeanSquaredError)

print

("Scoring:", regressor.score(X_tes
t, y_test))

plt.plot(y_predictions,y_test, 'r.
")
plt.plot(y_predictions,y_predicti




plt.title('Parity Plot - Linear
Regression')
plt.show()

plot = plt.scatter(y_predictions,
(y_predictions - y_test), c='b"')
plt.hlines(y=0, xmin= 100000,
Xmax=400000)

plt.title('Residual Plot - Linear
Regression')

plt.show()

joblib.dump(regressor,
'./salepricemodel.pkl"')

Bloadanrer Qasefuf®:

—




Index(['OverallQual',
'TotalBsmtSF', '1stFlrSF',
'GrLivArea', 'FullBath',
'TotRmsAbvGrd', 'Fireplaces',
'GarageCars', 'GarageArea',
'Years Before Sale', 'Years Since
Remod', 'SalePrice'],
dtype='object')

Number of predictions: 365
Mean Squared Error:
981297922.7884247

Root Mean Squared Error:
31325.675136993053

Scoring: 0.818899237738355




l# €9 #Q=w|

Parity Plot - Linear Regression
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http://www.kaniyam.com/wp-content/uploads/2018/10/plot1.png

# €D | +a=w @

Residual Plot - Linear Regression
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BlIVISS T6s @fensHLD:



http://www.kaniyam.com/wp-content/uploads/2018/10/plot2.png

1. training data ereyyid GarLilipGer
o GTaT ITSFIS S0y %anLd Af-&@ar
QraussLiL B L e

2. seflliLgm@ 2 FayLb IemeTgsLd X-
b, seldsLiuL Geuesstig us 'SalePrice’
eTGTLIG Y-aiLd CFLlESLiLIL B eTeng).
Q5® wpaiani pop() ereLg)
seflaaLiLiL Geuenrig w column-go df-
OlBpgI 555 Lieresty LBessT(HLd HewL_F
column-9ys @QeweigHngl. ()ser
epavid [ :-1] 61618 ClsTHSSH Few L 55 G
(LPGITGSTITGY 2_GITGIT 9GO GTSHGLD X-GYILD
senL_& column-gyer 'SalePrice'-g y-
b CFLAE 518 Gl marerevmLb.

3. fit() ererigy spmis OST@LILISD GLD,
predict() eresrLigy
Sl LILISDGLD LIWGETLIH S D).



4. score() e1aTLIGI BLOGI
algorithm eraieuarey g1 sHwnss
&M% 0% T6T(H) TG GTGTLICHS
wH UL L HueaTL®S D).

5. train_test_split() eresrLigy pLowpem_w
Ongss soaseaar 75% - 25% erayid
aN9Ds35P LISFDGI. FT60u% 75%
SIY&6T SDMIS QOFTHLILISD LD,

25% spoyser Cengenet GlFuig)
S UL USHGHLD LIWGSTL (HLD.

6. mean_squared_error, sqrt o,®uw
functions, pog algorithm- gy e
Sl 55 LILI(BILD LDF)LIL|SH @h% G LD
2 GRTEH LDWITEST OB LIL|% @M% G LD 2 GTar
@) pLilfest FonFflenw s sesT_pPlBa
ammith. @S @) pLiny e 'Residual
Error' @y@1b. @81 @B euengLIL_1oT%

QU TBS STLL_LILIL  (heTeTg).



7. joblib ereirigy pogy model-go .pkl
Csriung Gsllg@Lb. @)g1Geu pickle
file 9y@15. @) g serialization wpmiid
de-serialization-£@ o oS am 6 (H
binary GsmLiL euens 2y,@Ld. QoS
®USF| TRIUTD] LS W FT6 66T
Fel|LiLIG] 6TesT & (BB LIS ufled

& TGSTGV TLD.

11.2 Prediction

BLog GHMLILIGD 2 6TeT (LpFed FTailen et oL (hLD
QFTRSSH DS TG ANHVGH W &8s %S
QeFrevgy Geumtd. @)gy Input.json ereyyLd
Garifer auf)Cu CFTRESLILIGS DS

cat input.json



{
"OverallQual":[7],

"TotalBsmtSF":[856],
"1stF1rSF":[856],
"GrLivArea":[1710],
"FullBath":[2],
"TotRmsAbvGrd":[8],
"Fireplaces":[0],
"GarageCars":[2],
"GarageArea'":[548],
"Years Before Sale":[5],
"Years Since Remod":[5]

3

predict() Qeuicugps e Bl LIeTeu HLoTM).

https://gist.github.com/

nithyadurai87/4a31b465220448ab05b84d2227
e4e8ab


https://gist.github.com/nithyadurai87/4a31b465220448ab05b84d2227e4e8a5
https://gist.github.com/nithyadurai87/4a31b465220448ab05b84d2227e4e8a5
https://gist.github.com/nithyadurai87/4a31b465220448ab05b84d2227e4e8a5

import os

import json

import pandas as pd

import numpy

from sklearn.externals import
joblib

s
p =
joblib.load("./salepricemodel.pkl
Il)

r = p.predict(s)

pd.read_json('./input.json")

print (str(r))

Bloassrer Qarefluf®:

— |




[213357.65598157]

o ewrenLowsmet SalePrice @11y 208500 eresfled

BLogl Bloed 213357 eteyid @) Lifenes
QeualLiLB®sSID. Q)& FIL L FSL 1
ugaumiiee. ablareted HLog algorithm-er
score, 81% <y,@Lb. ererGou Q)b Syaray
ANBB WL Q) (555SS M6 ClFWiu L.

BloI&% mesr aflarasLb:

1. joblib.load() ererLigy binary arig afled
2 arer GarLilener de-serialize GQauigy
algorithm-<y s P CsL08@Lb.

2. eresg @&ar &1 GlFwedLI (H)Ld
predict() <yegs json auig ailed 2 arar
BT FET 2_aTalL_15% 0OFTHSSH



9Fm& e QeuaiufL’ 19 eoests
SN EBDG..

<0835 @55 prediction-ss e 2 araf®) LoPmnILd
Qeuafluf @ S Lifenes staieumm s p Rest
API-95 expose GlFuwiaigy) eTesin LITISSTLD.

11.3 Flask API

pLogy algorithm senfla @b G Lifenaer gp(m
API-95 expose Gsuicugm @ Flask
WSO DS @)FDHT6ST BI60 L6856 (HLOTM)I.

https://gist.github.com/
nithyadurai87/9d04097e006e2fe6c7a96b1da64

3cb3a



https://gist.github.com/nithyadurai87/9d04097e006e2fe6c7a96b1da643cb3a
https://gist.github.com/nithyadurai87/9d04097e006e2fe6c7a96b1da643cb3a
https://gist.github.com/nithyadurai87/9d04097e006e2fe6c7a96b1da643cb3a

import os

import json

import pandas as pd

import numpy

from flask import Flask,
render_template, request, jsonify
from pandas.io.json import
json_normalize

from sklearn.externals import
joblib

app = Flask(__name__ )
port = int(os.getenv('PORT',
5500))

@app.route('/")
def home():

return
render_template('index.html')




@app.route('/api/salepricemodel’,
methods=["'POST'])
def salepricemodel():

if request.method == 'POST':
try:

post_data =
request.get_json()

json_data =
json.dumps(post_data)

S =
pd.read_json(json_data)

p:

joblib.load("./salepricemodel.pkl
II)
r = p.predict(s)
return str(r)

except Exception as e:
return (e)

if __name__ == '__main__':




app.run(host='0.0.0.0",
port=port, debug=True)

Bloessmer Geuefuf®:

* Serving Flask app "flask_api" (lazy loading)
* Environment: production

WARNING: Do not use the development
server in a production environment.

Use a production WSGI server instead.

* Debug mode: on

* Restarting with stat

* Debugger is active!

* Debugger PIN: 690-746-333

* Running on http://0.0.0.0:5500/ (Press
CTRL+C to quit)



@)semer postman erey/Ld %(Hadl eLPGULD [BTLD

Can®s 518 GlamararevmLb.

POST ~ hrepeflocalhost 5500 apifsalepricernade|
form-data sww-form-urlencoded ' raw binary
L= i

"OverallQual":[7],
“TotalBsmtSF*: [856],
4 “1stFLlrsF s [856],
H "Griivérea":[171@],
6 "FullBath":[2],

7 "TotRmstbuvGrd”: [8],
8 "Fireplaces":[@],
9 "Garagelars":[21,

10 "Garagedrea”: [548],
11 "Years Before Sale:[5],
12 “Vears Since Remod":[5]

(4]

]

Pretty HTML

J

(el [213357.65598157]

11.4 Model comparison


http://www.kaniyam.com/wp-content/uploads/2018/10/postman.png

pLog model o paurss83)H@ Geumyd linear
regression-g o Gb LweTLBHSS MO, Gaumy
Hev algorithm-eyL_gnitd LI B 618y
AopsCsT Yyews LIWGTLI(HES Cauesst(HLd.

Q@ spsI6T Blred LesTeu(HLommI. (Q)FI BLOS
sraysemar LI Geumy algorithm-& QumrES),
@albleunarpleyenr_w Score wpmis RMSE
wHLiLsemer CeuafliLiBSHFPDSI. Q)eunsed
Appsens B Csiay OFuig ClsmareTeumL.

https://gist.github.com/

nithyadurai87/9ecfcbf04593d245e26316d52b0
708el

I



https://gist.github.com/nithyadurai87/9ecfcbf04593d245e26316d52b0708e1
https://gist.github.com/nithyadurai87/9ecfcbf04593d245e26316d52b0708e1
https://gist.github.com/nithyadurai87/9ecfcbf04593d245e26316d52b0708e1

from sklearn.linear_model import
LinearRegression, Ridge, Lasso,
ElasticNet

from sklearn.ensemble import
RandomForestRegressor,
AdaBoostRegressor,
ExtraTreesRegressor,
GradientBoostingRegressor

from sklearn.tree import
DecisionTreeRegressor

from sklearn.neural_network
import MLPRegressor

from sklearn.model_selection
import
train_test_split,cross_val_score
from sklearn.externals import
joblib

from sklearn.metrics import
mean_squared_error

from azure.storage.blob import
BlockBlobService




import matplotlib.pyplot as plt
from math import sqrt

import numpy as np

import os

df =
pd.read_csv('./training_data.csv'

)

i = list(df.columns.values)
i.pop(i.index('SalePrice'))

dfo = df[i+['SalePrice']]

df =
dfo.select_dtypes(include=["integ
er','float'])

df[list(df.columns)[:-1]]
= df['SalePrice']

_train, X_test, y_train, y_test
train_test_split(X, y)

I X< X




def linear():

regressor =
LinearRegression()

regressor.fit(X_train,
y_train)

y_predictions =
regressor.predict(X_test)

return
(regressor.score(X_test,
y_test), sqrt(mean_squared_error(y
_test, y_predictions)))

def ridge():
regressor = Ridge(alpha=.3,
normalize=True)
regressor.fit(X_train,
y_train)
y_predictions =
regressor.predict(X_test)
return
(regressor.score(X_test,




y_test), sqrt(mean_squared_error(y
_test, y_predictions)))

def lasso():

regressor =
Lasso(alpha=0.00009,
normalize=True)

regressor.fit(X_train,
y_train)

y_predictions =
regressor.predict(X_test)

return
(regressor.score(X_test,
y_test), sqrt(mean_squared_error(y
_test, y_predictions)))

def elasticnet():
regressor =
ElasticNet(alpha=1, 11 ratio=0.5,




regressor.fit(X_train,
y_train)

y_predictions =
regressor.predict(X_test)

return
(regressor.score(X_test,
y_test), sqrt(mean_squared_error(y
_test, y_predictions)))

def randomforest():

regressor =
RandomForestRegressor(n_estimator
s=15,min_samples_split=15,criteri
on="mse', max_depth=None)

regressor.fit(X_train,
y_train)

y_predictions =
regressor.predict(X_test)

print("Selected Features for
RamdomForest", regressor.feature_i
mportances_)




return
(regressor.score(X_test,
y_test), sqrt(mean_squared_error(y
_test, y_predictions)))

def perceptron():
regressor =
MLPRegressor(hidden_layer_sizes=(
5000, ), activation='relu',
solver='adam', max_iter=1000)
regressor.fit(X_train,
y_train)
y_predictions =
regressor.predict(X_test)
print("Co-efficients of
Perceptron", regressor.coefs_)
return
(regressor.score(X_test,
y_test), sqrt(mean_squared_error(y
_test, y_predictions)))




def decisiontree():

regressor =
DecisionTreeRegressor(min_samples
_split=30, max_depth=None)

regressor.fit(X_train,
y_train)

y_predictions =
regressor.predict(X_test)

print("Selected Features for
DecisionTrees", regressor.feature_
importances_)

return
(regressor.score(X_test,
y_test), sqrt(mean_squared_error(y
_test, y_predictions)))

def adaboost():

regressor =
AdaBoostRegressor(random_state=8,
loss='"exponential').fit(X_train,




regressor.fit(X_train,
y_train)

y_predictions =
regressor.predict(X_test)

print("Selected Features for
Adaboost", regressor.feature_impor
tances_)

return
(regressor.score(X_test,
y_test), sqrt(mean_squared_error(y
_test, y_predictions)))

def extratrees():
regressor =
ExtraTreesRegressor(n_estimators=
50).fit(X_train, y_train)
regressor.fit(X_train,
y_train)
y_predictions




print("Selected Features for
Extratrees", regressor.feature_imp
ortances_)

return
(regressor.score(X_test,
y_test), sqrt(mean_squared_error(y
_test, y_predictions)))

def gradientboosting():

regressor =
GradientBoostingRegressor(loss='1
s',n_estimators=500,
min_samples_split=15).fit(X_train
, y_train)

regressor.fit(X_train,
y_train)

y_predictions =
regressor.predict(X_test)

print("Selected Features for
Gradientboosting", regressor.featu
re_importances_)




return
(regressor.score(X_test,
y_test), sqrt(mean_squared_error(y
_test, y_predictions)))

print ("Score, RMSE values")

print ("Linear = ",linear())
print ("Ridge = ",ridge())
print ("Lasso = ",lasso())

print ("ElasticNet =
",elasticnet())
print ("RandomForest
", randomforest())
print ("Perceptron =
", perceptron())
print ("DecisionTree
", decisiontree())
print ("AdaBoost = ",adaboost())
print ("ExtraTrees =




print ("GradientBoosting =
",gradientboosting())

Bloess et Geuefuf®.:

Score, RMSE values

Linear = (0.7437086925668539,
40067.32048747698)

Ridge = (0.7426559924644496,
40149.523137601194)



Lasso = (0.7437086997392647,
40067.31992682729)

ElasticNet = (0.7427716507607811,
40140.499909601196)

RandomForest = (0.7816174352942802,
36985.57224959144)

Perceptron = (0.7090884723574984,
42687.80529374248)

DecisionTree = (0.7205230305007451,
41840.45264436496)

AdaBoost = (0.7405881117926998,
40310.51057481991)

ExtraTrees = (0.8112271823246542,
34386.90514804029)

GradientBoosting = (0.770865727419495,
37885.095662535474)

Selected Features for RamdomForest
[0.61070268 0.04279095 0.04336447



0.17066371 0.01107406 0.01329107
0.0065515 0.03938371 0.02458596
0.02051551 0.01707638]

Selected Features for DecisionTrees
[0.75618387 0.03596786 0.02304119
0.13037245 0.0022674 0. 0.00739768
0.01056845 0.01184136 0.01171254
0.01064719]

Selected Features for Adaboost [0.38413232
0.18988447 0.03844386 0.12826885
0.03857277 0.03995005

0.01059839 0.08066205 0.05036717
0.01473333 0.02438674]

Selected Features for Extratrees [0.33168574
0.04675749 0.05913052 0.11159271
0.05178125 0.02947481



0.03966461 0.16786223 0.06241882
0.05316226 0.04646956]

Selected Features for Gradientboosting
[0.04426232 0.16359645 0.14768597
0.25403034 0.02119119 0.04361512
0.01825781 0.01626673 0.15891844
0.07188963 0.06028599]

Co-efficients of Perceptron

[array([[ 2.83519650e-01, 7.33024272e-03,
2.80373628e-01, ..., -1.43939606e-03, -
3.84913926e-02],

[ 1.34495184e-01, 1.31687141e-02,
1.72078666e-04, ...,1.70666499e-23, -
2.31494718e-02, -1.08758545e-02],

[ 9.44490485e-02, -2.34835375e-02,
2.37798999%e-02, ..., -1.74549692e-02, -
2.70192753e-02, -3.67706290e-02],

ceey



[ 1.59527225e-01, -3.19744701e-02, -
1.22884400e-01, ..., -2.35994429e-26, -
3.03880584e-02, -2.85251050e-02],
[-3.63149939%¢e-01, -4.05674884e-02,
2.66679331e-01, ..., -1.73628910e-02,
7.40224353e-03, -6.89871249e-03],
[-4.30743882e-01, 7.07948777e-03,
3.34518179e-01, ..., -1.74075111e-02,
3.47755293e-02, -2.64627071e-02]]),

array([[ 0.16789784],[-0.01864141],
[ 0.20432696],...,[ 0.01739125],[-0.02779454],
[-0.00476935]])]
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https://gist.github.com/nithvadurai87/
ca54a4a8f59187cb988b5145d000c70c

import pandas as pd

from sklearn.linear_model import
LinearRegression

from sklearn.model_selection
import
train_test_split,cross_val_score
from sklearn.externals import
joblib

from sklearn.metrics import
mean_squared_error

import matplotlib.pyplot as plt
from math import sqrt

import os

df =
pd.read_csv('./training_data.csv'

)



https://gist.github.com/nithyadurai87/ca54a4a8f59187cb988b5145d000c70c
https://gist.github.com/nithyadurai87/ca54a4a8f59187cb988b5145d000c70c

df[list(df.columns)[:-1]]
= df['SalePrice']
_train, X_test, y_train, y_test
train_test_split(X, vy)
regressor = LinearRegression()
regressor.fit(X_train, y_train)

I X< X

y_predictions =
regressor.predict(X_test)

meanSquaredError=mean_squared_err
or(y_test, y_predictions)
rootMeanSquaredError =
sqrt(meanSquaredError)

print("Number of
predictions:",len(y_predictions))
print("Mean Squared Error:",




print("Root Mean Squared Error:",
rootMeanSquaredError)

print

("Scoring:", regressor.score(X_tes
t, y_test))

## TREND PLOT

y_test25 = y_test[:35]
y_predictions25 =
y_predictions[:35]

myrange = [i for i in
range(1,36)]

fig = plt.figure()

ax = fig.add_subplot(111)
ax.grid()
plt.plot(myrange,y_test25,
marker='0")
plt.plot(myrange,y_predictions25,
marker='o0")

plt.title('Trend between Actual
and Predicted - 35 samples')




ax.set_xlabel("No. of Data
Points")

ax.set_ylabel("Values-
SalePrice")

plt.legend(['Actual

points', 'Predicted values'])
plt.savefig('TrendActualvsPredict
ed.png',dpi=100)

plt.show()

## PARITY PLOT

y_testp = y_test[:]+50000

y_testm = y_test[:]-50000

fig = plt.figure()

ax = fig.add_subplot(111)
ax.grid()
plt.plot(y_test,y_predictions, 'r.
")

plt.plot(y_test,y_test, 'k-',color
= 'green')




plt.plot(y_test,y_testp,color
'blue')
plt.plot(y_test,y_testm,color
'blue')

plt.title('Parity Plot')
ax.set_xlabel("Actual Values")
ax.set_ylabel("Predicted Values")
plt.legend(['Actual vs Predicted
points', "Actual value

line', 'Threshold of 50000'])
plt.show()

## Data Distribution

fig = plt.figure()

plt.plot([i for i in
range(1,1461)],y,'r.")
plt.title('Data Distribution')
plt.show()

a, b=0, 0
for i in range(0,1460):




if(y[i]>250000):
a+=1
else:
b +=1
print(a, b)

#X
7y

X[:600]
y[:600]
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http://www.kaniyam.com/wp-content/uploads/2018/11/2.png
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12. Feature Selection
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import pandas as pd

import matplotlib.pyplot as plt
import numpy

from sklearn.linear_model import
LinearRegression

from sklearn.model_selection
import
train_test_split,cross_val_score
from sklearn.metrics import
mean_squared_error

from math import sqrt

from sklearn.feature_selection
import RFE

from sklearn.datasets import
make_friedmani

df = pd.read_csv('./data.csv')




df = df-drop(["A","B", IICII, IIDII,
IIEII, IIFII], aXlS:j.)

#finding correlation between
manipulated & disturbance
variables
correlations
correlations =
correlations.round(2)
correlations.to_csv('MV_DV_correl
ation.csv',index=False)

fig = plt.figure()

g = fig.add_subplot(111)

cax = g.matshow(correlations,
vmin=-1, vmax=1)
fig.colorbar(cax)

ticks = numpy.arange(0,20,1)
g.set_xticks(ticks)
g.set_yticks(ticks)
g.set_xticklabels(list(df.columns
))

df.corr()




g.set_yticklabels(list(df.columns

))
plt.savefig('MV_DV_correlation.pn

g')

#removing parameters with high
correlation

upper =
correlations.where(numpy.triu(num
py.ones(correlations.shape),
k=1).astype(numpy.bool))
cols_to_drop = []

for i in upper.columns:

if (any(upper[i] == -1) or
any(upper[i] == -0.98) or
any(upper[i] == -0.99) or

any(upper[i] == 0.98) or
any(upper[i] == 0.99) or
any(upper[i] == 1)):




df = df.drop(cols_to_drop,
axis=1)

print (df.shape,df.columns)
df.to_csv('./
training_data.csv', index=False)

Bl dsret Geuailuf®:

(20’ 17) Index([le’ IHI’ IJI’ va, va’ va’ 'P', va’
IR" 'SV’ VTI, 'Ul’ IVI’ 'Wl’ 'Xl, IYI’ 'Zl]’
dtype='object')
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12.2 Zero Correlated
features (PV - MV,DV)

"A" e16erLIg) BILD FHewsllaF Gaueurig ur Process
parameter erew& GgmarGeumih. training_data
etaid Camildp@aer, @rs "A" -ames L&
column-9s @Q)eweniggy ELHESIL BlIas @
2 araf_n% yeiLitiayib. Letesti A-&@GLd Lopm
parameters-&@;Lomest O\smL_FLleners

st HLy 3351, AP 0 CsrL_bLy C\%messt(Berar
MV, DV -eow gla@ai_ayb. @)mi@ 0.6 -4@Lb
@epeurest ysmeug 0.1, 0.2, 0.3, 0.4, 0.5
eTayILh LG LiLFemaerLi OLipmieTar columns
53551111 (5 F) 6w o

https://gist.github.com/nithyadurai87/
e0ccabec864405a032888244122a90d8



https://gist.github.com/nithyadurai87/e0cca6ec864405a032888244122a90d8
https://gist.github.com/nithyadurai87/e0cca6ec864405a032888244122a90d8

import pandas as pd

import matplotlib.pyplot as plt
import numpy

from sklearn.linear_model import
LinearRegression

from sklearn.model_selection
import
train_test_split,cross_val_score
from sklearn.metrics import
mean_squared_error

from math import sqrt

from sklearn.feature_selection
import RFE

from sklearn.datasets import
make_friedmani

df =
pd.read_csv('./training_data.csv'

)




# Dropping columns which has
correlation with target less than
threshold

target = "A"

correlations = df.corr()
[target].abs()

correlations =
correlations.round(2)
correlations.to_csv('./
PV_MVDV_correlation.csv', index=Fa
1se)
df=df.drop(correlations[correlati
0ons<0.06].index, axis=1)

print (df.shape,df.columns)
df.to_csv('./
training.csv', index=False)

Bloedsres Gleuafuf®:



(20, 18) Index(['G', 'H', 'J', 'K', 'M', 'N', 'P", 'Q/,
R, 'S, T, U, 'V, W, X", "Y', 'Z", 'A"],
dtype="object")

(20, 17) Index(['G', 'H', 'J', 'K', 'M', 'N', 'P", 'Q|,
R, 'S, T, U, 'V, W', 'X", "Y', 'A'],
dtype='"object")
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12.3 Recursive Feature
Elimination Technique

@a1 RFE technique eretrny oo pssLini@®1Lb.
Randomforest, Decisiontree, Adaboost,
Extratrees, gradient boosting Guiraim
algorithms grernsGeu features-g Gsiey
OQFuiuLd syereys @ et ClLpm alersiGLb.
<y, ermev, linear regression, ridge, lasso,
elasticnet Guneirp algorithms-4@ @ ssemaw
techniques epevid B srer features-g Gs ey
OFuig aupmis Geuest(HILD. ()BS BIL LILDTGSIZ]
e algorithm-g o araf_1sLi QUPnIS
Qs e (®), sauleumn feature-4@ Lo ranking-go
B GHDG.. @Herank 1 Cupmperer
feature-g " Gd Csiay OFuig prLd

LG (HSSVTLD.



https://gist.github.com/
nithvadurai87/34ca5b0e8a9f5908276240eb099
247ad

import pandas as pd

import matplotlib.pyplot as plt
import numpy

from sklearn.linear_model import
LinearRegression

from sklearn.tree import
DecisionTreeRegressor

from sklearn.model_selection
import
train_test_split,cross_val_score
from sklearn.metrics import
mean_squared_error



https://gist.github.com/nithyadurai87/34ca5b0e8a9f5908276240eb099247ad
https://gist.github.com/nithyadurai87/34ca5b0e8a9f5908276240eb099247ad
https://gist.github.com/nithyadurai87/34ca5b0e8a9f5908276240eb099247ad

from sklearn.feature_selection
import RFE

from sklearn.datasets import
make_friedmani

df =
pd.read_csv('./training.csv')

X = df[list(df.columns)[:-1]]

y = df['A']

X_train, X_test, y_train, y_test
= train_test_split(X, y)
regressor =

DecisionTreeRegressor(min_samples
_split=3, max_depth=None)
regressor.fit(X_train, y_train)
y_predictions =




print ("Selected Features for
DecisionTree", regressor.feature_i
mportances_)

# RFE Technique - Recursive
Feature Elimination

X,y =
make_friedmanl(n_samples=20,
n_features=17, random_state=0)
selector =
RFE(LinearRegression())

selector = selector.fit(X, vy)
print ("Selected Features for
LinearRegression", selector.rankin

g_)

@) mi@ feature_importances_ erenyrs method,

decisiontree-er L8 QFwLIL B, e cTSFI



features- 4@ Lomes ranking- g0
QeuaflLiLi(Hs D aTaTenSS &TEHTGUTLD. GOTTED
@ s method, linear regression 8
Qewedri_ngy. etesGeu REE epevid pribgmesr
ranking-g QevefliLi®sgiomm ClFuiw
Geuesrp)Lb. ety Q)G e ppg Rank 1
QeuaflLiu Garer features-g " ®b Csiay

QFuig LWETLBHSSTLD.

Blods e Gasefuf®:

Selected Features for DecisionTree
[9.52359304e-04 0.00000000e+00
0.00000000e+00

0.00000000e+00 0.00000000e+00
6.15147906e-03 2.23327627e-03
7.70622020e-02

0.00000000e+00 0.00000000e+00



1.10263284e-03 2.33946020e-04
0.00000000e+00 0.00000000e+00
9.12264104e-01 0.00000000e+00]

Selected Features for LinearRegression [ 1 1
101198352671

1141]



13. Outliers Removal

Outlier ere@rL1g) LW FH76y%HNS) BBHSI
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Q@)WSS SMGT BTLD SEWTL_PBGI FH6» AT
Gouesr(R) L.

BLHSFHHTL_ 2 FTIeTSHFV, 2 aTafl_TH 2 aTar
CasrLilip@er @) s @b outliers gaiGaumm
column-gy1H e Pwiul’ () e @b

ueILILIL o7& OeuaflLiLi(HSsLILI(HF 6T 6ot



boxplot yevevgy violinplot @) sm@Li

LIwiGsTL (h) &) 68T 6ot

https://gist.github.com/

nithyadurai87/1756b2a5ec421fc3f36add04909
cch17

import pandas as pd

import pylab

import numpy as np

from scipy import stats

from scipy.stats import kurtosis
from scipy.stats import skew
import matplotlib._pylab_helpers

df =
pd.read_csv('./14_input_data.csv'

)



https://gist.github.com/nithyadurai87/1756b2a5ec421fc3f36add04909cc517
https://gist.github.com/nithyadurai87/1756b2a5ec421fc3f36add04909cc517
https://gist.github.com/nithyadurai87/1756b2a5ec421fc3f36add04909cc517

for i in range(len(df.columns)):
pylab.figure()

pylab.boxplot(df[df.columns[i]])

#pylab.violinplot(df[df.columns[i
11)

pylab.title(df[df.columns[i]].nam
e)

list1=[]

for i in
matplotlib._pylab_helpers.Gcf.get
_all fig_managers():

listl.append(i.canvas.figure)
print (listl)




j.savefig(df[df.columns[i]].name)

# Removing outliers

z = np.abs(stats.zscore(df))
print(z)

print(np.where(z > 3))
print(z[53][9])

dfi = df[(z < 3).all(axis=1)]
print (df.shape)

print (df1.shape)

listl era@rLIgD @ 6T ai16leur@s column-&wLomes

e gLIL_m1%56T CFLOSHLILIL (5 6SIm 6ot
print(list1)

[<Figure size 640x480 with 1 Axes>, <Figure
size 640x480 with 1 Axes>, <Figure s



ize 640x480 with 1 Axes>, <Figure size
640x480 with 1 Axes>, <Figure size 640x48
0 with 1 Axes>, <Figure size 640x480 with 1
Axes>, <Figure size 640x480 with 1 A

xes>, <Figure size 640x480 with 1 Axes>,
<Figure size 640x480 with 1 Axes>, <Fig
ure size 640x480 with 1 Axes>]

airesrg savefig() epovid gpaiGeumep column-
SGLoMesT QU ILIL (LpLd &8 O Liwifl GevGuw

CablasLiL@S D). GLHSHHTL

uL msafled QL g LssLd @)@pLiLig 'salePrice’ -
sa e violin plot gy @Lb. auevgy LIGSLD

@ LiLg 2Gg column-gsmesr box plot 9@ Lb.
@euppPled 615 MeuG @ETenDLI LIWGTLI (RS
outlier @ Bs@ L QL Fws BiLd O BS

Qs marterevmid. @mi@ SalePrice-e0 300000-5;
Guogyes 100000-5@ Sapb outlier @upLiLisns
QeuaflLiLi(®sPDueTerg.
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http://www.kaniyam.com/wp-content/uploads/2018/11/box_vs_violine.png

0 ereirLIg em st Mean-9,% 6»6augg) s 05 mesni(),
2AB OGBS @aICIUTT STLD GTBS 2 T0 &S
FaTa 2 aTerg| 6TeTLIG) Li6Tou (HLOTD).

print(z)

[[0.65147924 0.45930254 0.79343379 ...
0.31172464 0.35100032 0.4732471 ]
[0.07183611 0.46646492 0.25714043 ...
0.31172464 0.06073101 0.01235858]
[0.65147924 0.31336875 0.62782603 ...
0.31172464 0.63172623 0.74302803]

[0.65147924 0.21564122 0.06565646 ...
1.02685765 1.03391416 0.23194227]
[0.79515147 0.04690528 0.21898188 ...
1.02685765 1.09005935 0.23192429]
[0.79515147 0.45278362 0.2416147 ...
1.02685765 0.9216238 0.2319063 ]]



Qeumyd Copsewti_ o@LiNenet oL BHLD
WU % 0)% ment(p), outliers-g QFredad) afl
Wy wng. sn& @ threshold-g <emwss
Geuessr(p)Lb. Glungieuns 3 ererLig threshold-oys
emLouLd. 9Fmeug 3-3@GLd GLoed Hairar

@ LiLeeu etevevrid outliers @b, ererGau
@ outliers-g oL Hib print CFuieugpsmes

SLL_ear L9686 (HLOTM).
print(np.where(z > 3))

(array([ 53, 58, 112, 118, 151, 161, 166, 178,
178, 185, 185,

185, 197, 224, 224, 224, 231, 278, 304, 309,
309, 313,

321, 332, 336, 349, 375, 378, 389, 440, 440,
440, 473,

477, 481, 496, 496, 496, 496, 515, 523, 523,
523, 527,



529, 533, 581, 585, 591, 605, 608, 635, 635,
642, 664,

691, 691, 691, 769, 769, 798, 803, 825, 897,
898, 910,

1024, 1031, 1044, 1044, 1061, 1169, 1173,
1182, 1182, 1182, 1190,

1230, 1268, 1298, 1298, 1298, 1298, 1298,
1298, 1350, 1353, 1373,

1373, 1386], dtype=int64), array([9, 9, 9, 3, 9,
9,6,8,9,3,5,9, 3,

1,2,9,9,9,3,6,9,9,
9,1,9,9,0,991,2,9,9,9,9,1,2,3,9,9, 1,
2,3,9,

2,0,8,996,3,3,5/6,8,1,2,3,3,5, 3,5, 8,
5,2,5,
2,51,2,8,351,23,8,53,1,2,3,5,6, 8,
53,1,

2, 5], dtype=int64))



GuopsenrL GeuaflufL’ g e @)ressr(p arrays()

2 GTNE®SHS FaUKBEHLD. @)FH6T (LpF 6D
array()-e outlier syewiopgarer @)L &% e roW
@LiLLd, @)resrL_meugy array()-ed 2yger
column- @ Liyd srewrLiLi@Lb. erastGou
print(z[53][9]) 16w g Q&1(®F@LdCLingy 53-augy
row, 9-aug column-& o erarZ COre oHLiLy
3.647669390284779 erew GlouallLiLiBeuenss

& TGSTGVTLD.

H®L_Fwns 3-5G% GLp o emer LoD LIL|FET
L B gp LB w dataframe-ed CFlgsLiLIL B
9emauGu outliers BgsLiL 1 srejsarts

CaFLilasLiLI (H G e 6o,

df1 = dfl(z < 3).all(axis=1)]



e1erGau Lienpw dataframe-ed 1460 rows
@mLiumsuLd, yFw dataframe-a 1396 rows

@ BLLIGHSULD FTETGTLD.

(1460, 10)
(1396, 10)



14. Explanatory Data
Analysis

BLOG| $TREGT 6T TN W LD bS] ATCTGST GTGET
affeuns oy omuipg LmititiGgs Explanatory
Data Analysis «,@Lb.

14.1 Univariate
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column-& o arerenar 610109553 60
RTCD 16 L_rerm OFmL_[ifenest
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apLI(SS P DG eTerLi LimFLiLg multi-variate
analysis eraayLd 9yeoLpSSLILIBILD.

histogram, Density plot opmyb box plot
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aupmG&earper. Histogram ereirigy matplotlib
aupmIGH e euengLL_G)wefled, Densityplot
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sreILILIBLD g Fov HPlw LyeraisGar outliers
9,GLD.

https://gist.github.com/
nithyadurai87/5be067164741348c6a51d6af6d

8d78b7



https://gist.github.com/nithyadurai87/5be067164741348c6a51d6af6d8d78b7
https://gist.github.com/nithyadurai87/5be067164741348c6a51d6af6d8d78b7
https://gist.github.com/nithyadurai87/5be067164741348c6a51d6af6d8d78b7

import pandas as pd
import matplotlib.pyplot as plt
import seaborn as sns

df =
pd.read_csv("14_input_data.csv")
df = df.fillna(0)

df = df[:100]
y = [1 for i in range(0,10)]
fig = plt.figure(figsize=(8,6))

ax = fig.add_subplot(111)
ax.set(title="Total Living
Sq.Ft",

ylabel="'No of Houses',
xlabel="Living Sq.Ft'")
ax.hist(df['GrLivArea'])




sns.distplot(df['GrLivArea'],
hist = False, kde = True,
kde_kws =
{'shade': True, 'linewidth': 3})
plt.savefig('DensityPlot.jpg')

fig = plt.figure(figsize=(8,6))
ax = fig.add_subplot(111)
ax.set(title="Total Living
Sq.Ft",

ylabel="'No of Houses',
xlabel='Living Sq.Ft')
ax.boxplot(df['GrLivArea'])
plt.savefig('BoxPlot.jpg')
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http://www.kaniyam.com/wp-content/uploads/2018/12/Histogram.jpg

No of Houses

Total Living Sq.Ft

204

1541

10 1

1500 2000
GrlivArea

3000



http://www.kaniyam.com/wp-content/uploads/2018/12/DensityPlot.jpg

Total Living Sq.Ft

3000 1 o

2500 -

2000 -

No of Houses

1500 A

1000

500 1

T
1
Living 5q.Ft
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https://gist.github.com/nithyadurai87/d93a853d86cf5500011cb41308dd1935
https://gist.github.com/nithyadurai87/d93a853d86cf5500011cb41308dd1935

import pandas as pd
import matplotlib.pyplot as plt
import seaborn as sns

df =
pd.read_csv("14_input_data.csv")
df = df.fillna(0)

df = df[:500]

fig = plt.figure(figsize=(8,6))
ax = fig.add_subplot(111)
ax.set(title='Living area vs
Price of the house',
xlabel='Price'’,
ylabel="Area')
price = df['SalePrice'].tolist()
area = df['GrLivArea'].tolist()
ax.scatter(price,area)
plt.savefig('ScatterPlot.jpg')




df2 = pd.DataFrame()

df2['sale'] = df['SalePrice']
df2['area'] = df['GrLivArea']

fig = plt.figure(figsize=(12,12))
r = sns.heatmap(df2, cmap='BuPu')
plt.savefig('HeatMapSeaborn.jpg')

fig = plt.figure(figsize=(8,6))
ax = fig.add_subplot(111)
ax.set(title="Total Living
Sq.Ft",

ylabel="'No of Houses',
xlabel="'Living Sq.Ft')
ax.hist2d(price,area, bins=100)
plt.savefig('HeatMapMatplotlib.jp

g')
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14.3 Multivariate

@ o3 @G GopLi’ L LGB erTL
Qunmiga e taraget variable eraleummy
9dLEDG 61ews FresrGg multi-variate
analysis «y,@L5. Parallel coordinates erariigy
@ssemsw multi dimensional data-eneus

SMTRTLISD G 2-S LD QUHTLIL_ QNS G LD.

@i plotly wpmis matplotlib epevid
@)FS®FW QUGN TLIL_[51S6T UG TS

sL L Ui (perergy. 'SalePrice’ ereyid
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https://gist.github.com/
nithyadurai87/2b0bb469694d33c7d1472880f1

0f67el

import pandas as pd

import matplotlib.pyplot as plt
from pandas.plotting import
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import plotly
import plotly.graph_objs as go
import numpy as np

df =
pd.read_csv("14_input_data.csv")
parallel_coordinates(df,
'SalePrice')
plt.savefig('ParallelCoordinates.

jrg')

desc_data = df.describe()
desc_data.to_csv('./metrics.csv')

X = df[list(df.columns)[:-1]]
y = df['SalePrice']
data = [

go.Parcoords(
line = dict(colorscale =




True,

True,

showscale =

reversescale
cmin = -4000,
cmax = -100),

dimensions = list([
dict(range =

label

'OverallQual', values =
df['OverallQual']),

[0,6110],

dict(range

label

'TotalBsmtSF', values =
df['TotalBsmtSF']),
dict(tickvals

[334,4692],

label =
'1stF1rSF', values =

[1,10],




dict(range
[334,5642],
label
'GrLivArea', values =
df['GrLivArea']),
dict(range
label
'FullBath', values =
df['FullBath']),
dict(range
label
'TotRmsAbvGrd', values
df['TotRmsAbvGrd']),
dict(range
label
'Fireplaces', values =
df['Fireplaces']),
dict(range
label
'GarageCars', values =

[o,3],

[2,14],

[o,3],

[0,4],




dict(range
[0,1418],
label
'GarageArea', values =
df['GarageArea']),
dict(range
[34900,555000],

label
'SalePrice', values =
df['SalePrice'])
1)

)

]
plotly.offline.plot(data,

filename =
'./parallel_coordinates_plot.html
', auto_open= True)
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15. Polynomial
Regression

@b Cpi Car g6 QLTBBSTS FHMI FoH6Test
$0a % @h%@ polynomial regression-goi
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2nd order, 3rd order, 4th order & 5th order
polynomial Qurwg@ LI LTigs LGS DG.

https://gist.github.com/nithyvadurai87/
b7d3bf7733b5d4a8d2c8b2d1b8dcb531
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import pandas as pd

import matplotlib.pyplot as plt
from sklearn.linear_model import
LinearRegression

from sklearn.preprocessing import
PolynomialFeatures

X =
pd.DataFrame([100, 200, 300, 400, 500
,600],columns=["sqft'])

y:
pd.DataFrame([543543,34543543, 354
35345, 34534, 34534534,345345],colu
mns=["'Price'])

lin = LinearRegression()
lin.fit(X, vy)

plt.scatter(X, y, color = 'blue')
plt.plot(X, lin.predict(X), color




plt.title('Linear Regression')
plt.xlabel('sqft')
plt.ylabel('Price')

plt.show()

for i in [2,3,4,5]:

poly =
PolynomialFeatures(degree = 1i)

X_poly =
poly.fit_transform(X)

poly.fit(X_poly, vy)

1lin2 = LinearRegression()

lin2.fit(X_poly, vy)

plt.scatter(X, y, color =
'blue")

plt.plot(X,
lin2.predict(poly.fit_transform(X
)), color = 'red'")

plt.title('Polynomial
Regression')




plt.ylabel('Price')
plt.show()
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15.1 Underfitting — High
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15.2 Overfitting — High
variance
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15.3 Regularization
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16. Logistic regression

BLOG) HETlLIL] @ (Lp(Lp LoBILTLIew Gur
QeualLiLi®sSTLo60, TCGSeILD 6p(1h e udGsr
8Lp sy psTe, g Geu logistic regression
erarLiLI(BLD. @)b% auensLiLI(hsSev, binary
wppyd multiclass ereyyid @) p aflsmIsaied
pewL_GlLmyd. logistic regression eresrigy
QsnG > s Sap e algorithm @b, @ser
Quuwiled oL (HLbgmesr regression erey/Ld
UTTSES 2 GTATS. HGTTeD (B)FI 63(1h
classification-gs e algorithm @ Lo.



h(x)=0 or 1
— 0< h(x)<1 9= 3
~ 902)
= 9(Ogxo +0yay +- + 0,,,) /
= g(07x) o —
1 0
- 1_*_67()1'.’1'

16.1 Sigmoid function

@b aepwd peoL_OLmion? peoL Guprsm?
DG @) (hHFT? @evemeT? eTaTLIenS G
@51 sel1EF DS YLb e1evTLIG 1 616856y LD

@ evenev e1airLig 0 e1ewayLd HewflésLiLi(BLb.


http://www.kaniyam.com/wp-content/uploads/2019/02/61.png

24,5 Gou @) et Hewd]LiLimesgy 0-a5pBg 1-aueny
QG LOUJLD. Q)BDHH TGS QUewTLIL_LD LGS TeU (HLOTM.
DBS UMTLIL_ FHV Z-&T L@ Lien L ClLmmiSg)
saflassLiL@L g(z), 0-wpsed 1-aieog Syemiow
Gouenst(h) O Lo6sil6d Y SP TG &3S TLD TesIS]
1/(1+e**-z) erairmy syewiouyib. (@)aGeu sigmoid
function ereiny Sy pESLILIGH DG

e1e1Gau Z-ssmes @Q)L_gH e h(X) -goLi
QurmgHestmed, 95 0-1 auenr 260 LD6US DS TG
FLOGTUIML 1% LI6STeU(HLD @G5S B TLD W LOU[LD.
@a1Gau logictic regression-&smer FLoerLIT(h)
2GLD-

R(h LOGTTEhFeD SPAM-Y, ()G GVIIT 6T6H S
SetILILIG DS M6 [B760 LI68Teu (HLO D).

https://gist.github.com/nithvadurai87/
£09984303f976cabeb8a64a4b7f0e391



https://gist.github.com/nithyadurai87/f09984303f976ca6eb8a64a4b7f0e391
https://gist.github.com/nithyadurai87/f09984303f976ca6eb8a64a4b7f0e391

import numpy as np

import pandas as pd

from
sklearn.feature_extraction.text
import TfidfVectorizer

from
sklearn.linear_model.logistic
import LogisticRegression
from sklearn.model_selection
import train_test_split,
cross_val_score

df = pd.read_csv('./spam.csv',
delimiter=", "', header=None)
X_train_raw, X_test_raw, y_train,
y_test =
train_test_split(df[1],df[0])




X_train =
vectorizer.fit_transform(X_train_
raw)

X_test =
vectorizer.transform(X_test_raw)
classifier = LogisticRegression()
classifier.fit(X_train, y_train)
predictions =
classifier.predict(X_test)
print(predictions)

['ham' 'ham' 'ham']

16.2 Decision Boundary
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16.3 Cost function
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https://gist.github.com/
nithvadurai87/7668ce262ed9070d89b158bb7f
13c5cb

from sklearn.metrics import
precision_recall_fscore_support
from sklearn.metrics import
accuracy_score

from sklearn.metrics import
confusion_matrix

import matplotlib.pyplot as plt

y_true = [0, 0, 0, 0, O, 1, 1, 1,
1, 1]
y_pred = [0, 1, 0, 0, 0, 0, 0, 1,
1, 1]

print ('Accuracy:',



https://gist.github.com/nithyadurai87/7668ce262ed9070d89b158bb7f13c5cb
https://gist.github.com/nithyadurai87/7668ce262ed9070d89b158bb7f13c5cb
https://gist.github.com/nithyadurai87/7668ce262ed9070d89b158bb7f13c5cb

print (confusion_matrix(y_true,
y_pred))

print
(precision_recall_fscore_support(
y_true, y_pred))

plt.matshow(confusion_matrix(y_tr
ue, y_pred))

plt.title('Confusion matrix')
plt.colorbar()

plt.ylabel('True label')
plt.xlabel('Predicted label')
plt.show()

Accuracy: 0.7

[[41]

[23]]

(array([0.66666667, 0.75]), array([0.8,0.6]),



array([0.72727273, 0.666666
67]), array([5,5], dtype=int64))

16.5 Confusion Matrix
@ a1 Lerau@d )P s efer Lilg
2 (hUTSSLILI(BH S DS

0 eremyid @iy 1 6160 Hewflgs i’ L med =

False Positive

1 e1ewid @iy 0 6168 Hewllas LI L med =

False Negative

1 erewy1d 0@ L1968 HewflLinyd 1 eres
Iewpsrew = True Positive

0 eremyid @ Li9ewr sessflLiyd O eresr
<ewpsrew = True Negative
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16.6 Precision, Recall &
F1 score
Precision (P) e1ar118) 6185 e 55058510 Saip s

'GLD' TGS %Gl BHI TS GTGHTLIGNS LD,

Recall (R) era@r118) 6185w e s50585L0 Saip s
'@V’ 6Te¥S %ewllS S GTATH GTGHTLIGHS UL]LD
Se15%) (N B DG. SAUDTE HeollSHLILIL L
@aiailgesst(h) wHLiLsearud Crigg @G
w@Liuns wipnieuGs F score gy @Lo.

@) BDSTT FSD LD LI68TeUHLOTM).

P = True Positive / (True Positive+ False
Positive)

R = True Positive / (True Positive+ False
Negative)

F score =2 (PR / P+R)
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Qaupops sar_PlaspE 2 sa/auGs
precision opmyib recall sy @Lb.

16.7 Trading-off between

Precision & Recall
@B LW HL 19 ufleT arey SINM -&@ GLoed
@ BBSTO S LHDI CHIuIsHTesT HL 19 61T
threshold wyewpgsLiLl Betarsrs e aiss s
OasrearGeumid. @QLiGLTg @)bs era)s@ Goe
DGO FTSTTGHT HL LG () (B GHLD (e FL LD
Qe ' @& yPn Crruigsnes s 1" erers
SAUDISHSE Fof)) SN L_TeD, auj
Gaemeuuiledevrioed LIev el @ FGFenFseanar
Gom Qs marer Geuenrrg ui s @ Lo (false positive
— high precision).

e1a1Gau BLo& @ 2 mIDWTES O H B MeD

L BHCL 'gy1d' 616578 Fnp Covent(h)Ld



ererLigma s threshold-g 7mm -8 @ Goed
DSLILIRSSH Coumd. @) LiGLimg 6Mm gyeraied
ywn Cpmul sL°19 Q) 5% @GLd @Beufl_Ld GlFermy
2 515 @%@ RETDILD ' (Q)Vem6V' 6168 % FnmyLD

< umud Grepid (false negative — high recall).
Q@)FTTE) S HLD YL FWILDTS () (BBSI
afl(peaums.

<2,5Gau precision -@& @enmss aflpLoLferTeD,
recall o/@aias@o. Recall-o4 @eapss
afl@pLoLested precision < $s Mg @Lo. @)% Geu
trading-off between precision & recall
GTTLILI (N & D).



17. Multi-class
classification

0 wpmid 1 erest @) L9Aeys6T 0L BILD
@everoed, LeGain) Lfasar @)@ Lie,
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Decision tree, gaussian NB, KNN, SVC

B weve @& Gumerp multi class -4
gienewrLyfluyb algorithmns oy @Lb. g oevd
wevedlwm, Grregreu, $aLoewIw T 6TGTD]
8hwneflLiugpsres multi-class classification
ereuomm. @)eneu L Gam)

algorithms epevid BlapssLiLIGSepe.

Q@) emausafed 9 %% LomesT SCOTE LoD MILD
precision&recall Gsnrewr_evs B Csiay

QFuiwevTLd..

https://gist.github.com/nithyadurai87/
aaded978eb7e545006ed6117c97b86b3

from sklearn.metrics import I



https://gist.github.com/nithyadurai87/aaded978eb7e545006ed6117c97b86b3
https://gist.github.com/nithyadurai87/aaded978eb7e545006ed6117c97b86b3

from sklearn.metrics import
precision_recall_ fscore_support
import pandas as pd

from sklearn.model_selection
import train_test_split

from sklearn.tree import
DecisionTreeClassifier

from sklearn.svm import SVC
from sklearn.neighbors import
KNeighborsClassifier

from sklearn.naive_bayes import
GaussianNB

df = pd.read_csv('./flowers.csv')
df[list(df.columns)[:-1]]

df[ 'Flower']

train, X_test, y_train, y_test
train_test_split(X, v,
random_state = 0)

X
y
X_




tree =
DecisionTreeClassifier(max_depth
= 2).fit(X_train, y_train)
tree_predictions =
tree.predict(X_test)

print (tree.score(X_test,
y_test))

print (confusion_matrix(y_test,
tree_predictions))

print

(precision_recall fscore_support(
y_test, tree_predictions))

svc = SVC(kernel = 'linear', C =
1).fit(X_train, y_train)
svc_predictions =
svc.predict(X_test)

print (svc.score(X_test, y_test))
print (confusion_matrix(y_test,




print
(precision_recall fscore_support(
y_test, svc_predictions))

knn =
KNeighborsClassifier(n_neighbors
= 7).fit(X_train, y_train)
knn_predictions =
knn.predict(X_test)

print (knn.score(X_test, y_test))
print (confusion_matrix(y_test,
knn_predictions))

print
(precision_recall_fscore_support(
y_test, knn_predictions))

gnb = GaussianNB().fit(X_train,
y_train)
gnb_predictions =
gnb.predict(X_test)




print (confusion_matrix(y_test,
gnb_predictions))

print
(precision_recall_fscore_support(
y_test, gnb_predictions))

Gauafuf®):

0.8947368421052632

[[151 0]

[360]

[0013]]

(array([0.83333333, 0.85714286, 1. ]),
array([0.9375, 0.66666667, 1. ]),
array([0.88235294, 0.75, 1. ]), array([16, 9,
13], dtype=int64))

0.9736842105263158
[[1510]
[090]



[0013]]

(array([1., 0.9, 1. ]), array([0.9375, 1., 1. ]),
array([0.96774194, 0.94736842, 1. ]),
array([16, 9, 13], dtype=int64))

0.9736842105263158

[[1510]

[090]

[0013]]

(array([1., 0.9, 1. ]), array([0.9375, 1., 1. ]),
array([0.96774194, 0.94736842, 1. 1),
array([16, 9, 13], dtype=int64))

1.0

[[16 00]

[090]

[0013]]

(array([1., 1., 1.]), array([1., 1., 1.]), array([1.,
1., 1.]), array([16, 9, 13], dtype=int64))



DSBS MTH QT FHEWTATF L|STH6D 2 6Tem
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MultinomialNB algorithm (9ereu@pLommy.

https://gist.github.com/
nithvadurai87/3ce9dab55025fe1fd41b4da48d3
fcbd8

import pandas as pd

from io import StringIO

import matplotlib.pyplot as plt
from
sklearn.feature_extraction.text



https://gist.github.com/nithyadurai87/3ce9dab55025fe1fd41b4da48d3fcbd8
https://gist.github.com/nithyadurai87/3ce9dab55025fe1fd41b4da48d3fcbd8
https://gist.github.com/nithyadurai87/3ce9dab55025fe1fd41b4da48d3fcbd8

from sklearn.feature_selection
import chi2

import numpy as np

from sklearn.model_selection
import train_test_split

from
sklearn.feature_extraction.text
import CountVectorizer

from
sklearn.feature_extraction. text
import TfidfTransformer

from sklearn.naive_bayes import
MultinomialNB

df =
pd.read_csv('./Consumer_Complaint
s.csv', sep=',',
error_bad_lines=False,
index_col=False, dtype='unicode')
df = df[pd.notnull(df['Issue'])]




fig = plt.figure(figsize=(8,6))
df .groupby('Product').Issue.count
().plot.bar(ylim=0)

plt.show()

X_train, X_test, y_train, y_test
= train_test_split(df['Issue'],
df['Product'], random_state = 0)
c = CountVectorizer()

clf = MultinomialNB().fit
(TfidfTransformer().fit_transform
(c.fit_transform(X_train)),
y_train)

print(clf.predict(c.transform(["T
his company refuses to provide me
verification and validation of
debt per my right under the
FDCPA. I do not believe this debt
is mine."])))




tfidf =
TfidfVectorizer(sublinear_tf=True
, min_df=5, norm='12",
encoding="'latin-1"',
ngram_range=(1, 2),
stop_words='english')

features =
tfidf.fit_transform(df.Issue).toa
rray()

print (features)
df['category_id'] =
df['Product'].factorize()[0]
pro_cat = df[['Product’,
'category_id']].drop_duplicates()
.sort_values('category_id")

print (pro_cat)

for i, j in
sorted(dict(pro_cat.values).items




indices =
np.argsort(chi2(features,
df.category_id == j)[0])

print (indices)

feature_names =
np.array(tfidf.get_feature_names(
))[indices]

unigrams = [i for i in
feature_names if len(i.split('
")) == 1]

bigrams = [i for i in
feature_names if len(i.split('
")) == 2]

print(">", 1)

print("unigrams:",','.join(unigra

ms[:5]))

print("bigrams:",','.join(bigrams

[:51))
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Osm@LiL) COIpus erarLiLi(BF ). Q)BF COrpus-
@ 2 airar Yyewegemgud 0's & 1's g5
wipmeusn@ dictvectorizer() ,
countvectorizer() % wen ey LIWIGTL S GID 6.

SLHEFHeTL 2 FMIentsFed COrpusl wmpmyid
corpus2 ergyiLh (@)gessr(h) COrpus
OFsTHESLILIL D eTeTesT. (LpFedled 2 aTang)
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vector ergyyLb variable-ed, COrpus2-ed o airar
WUMEH W mISEps%S e encode Oeuwiwion 't
QCUSL_[& 6T 2 LD BSIGTATGS. Q)UDEHD cHISH
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https://gist.github.com/nithvadurai87/
f3fff58ab7272279ef069689fc391dec

from sklearn.feature_extraction
import DictVectorizer

from
sklearn.feature_extraction. text
import CountVectorizer

from
sklearn.feature_extraction. text



https://gist.github.com/nithyadurai87/f3fff58ab7272279ef069689fc391dec
https://gist.github.com/nithyadurai87/f3fff58ab7272279ef069689fc391dec

from
sklearn.feature_extraction.text
import HashingVectorizer

from sklearn.metrics.pairwise
import euclidean_distances

corpusl = [{'Gender': 'Male'},
{'Gender': 'Female'}, {'Gender"':
'Transgender '}, {'Gender':
'Male'}, {'Gender': 'Female'}]
corpus2 = ['Bird is a Peacock
Bird', 'Peacock dances very
well', "It eats variety of
seeds', 'Cumin seed was eaten by

it once']

vectors = [[2, O, @, 0, 0, O, 1,

e, 0, 6, 1, 0, 0, 0, 0, 0, 0],][0,
OI OI 1[ OI OI OI OI OI OI 1[ OI




[GI OI OI OI OI 1/ OI 1/ 1/ OI

e, o, 1, 1, o, o, 0],[0, 1, 1, O,
1, 9, 0, 1, 0, 1, 0, 1, 0, 0, 0,
1, 0]]

# one-hot encoding

vl = DictVectorizer()

print
(vi.fit_transform(corpusl).toarra

y())

print (vi1.vocabulary_)

# bag-of-words (term frequencies,
binary frequencies)

v2 = CountVectorizer()

print
(v2.fit_transform(corpus2).todens

e())

print (v2.vocabulary_)




print
(TfidfVectorizer().fit_transform(
corpus?).todense())

print
(HashingVectorizer(n_features=6).
transform(corpus2).todense())

print
(euclidean_distances([vectors[0]]
, [vectors[1]]))

print
(euclidean_distances([vectors[0]]
, [vectors[2]]))

print
(euclidean_distances([vectors[0]]
, [vectors[3]]))
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9IGHLDBSIATATGH. (LpFEdled @Q)FFemaw unique
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matrix-o,s o (heungsLILIBLD. YSTeUG]
@a10)eump euflyLd 9yp% MatriX-r 6 TOW
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2 peaurssLILRSng. @5 Geas one-hot
encoding e iLIG B mI.



print
(vi.fit_transform(corpusl).toarra
y())
[[o.
[1.
[O.
[O.
[1.

o r o oRr
O oeoRr oo

—_ e e e

fit_transform() ereirLigy pLog corpus-go

2 aTefL_1% 61() 38150 & mes1(h) Ceus L (5% GH%
spmIs50sT1HSEL. to_dense() erarLig

QUTTSH WSS GT 9 L_[J5BGH M6t CloudL_eor

o peuns@Ls. _vocabulary ereriig pLog
QeugL o BuTss3H DG 2 saiw dictionary-
@3 O)F MWLy (5% SLD.

L-iﬁ'ii‘-hﬂnlﬁiﬂﬁiﬁ_'




{'Gender=Male': 1,
'Gender=Female': 0,
'Gender=Transgender': 2}

2. countvectorizer() - CQsrT®SSLILIL L

TS EHwrIser Yamarsansi b 1's & 0's -g5
LDIPWILD. HLOG 2 FTIewTsSHe0 4 auflsepLd, 17
SBFI0U UTISHMNSH@HLD 2 GiTaTesT. 6T Seu
4*17 dimension 6)&messr matrix

2 (BeUTSSLILIL. (HeTerg). 681 g6v16)eum(h
aufulleiLd 6TEOSBS UTTS®S

QL e uppeTarGsm 95 1 eresayLd,

QL 16CupTE aurigens 0 eresayLd

YW LBF (BLILINSS SaesievnLd. )5 Geu bag of
words erer i G S G-

UTTSHSHGT LOBF (H%GHLD 2GS
auflevguiedsmer encode Qeuwiwiinil L oeu

@)L QLPP(55GLD 6T68IS FnD (LPLYWITS].



QUTTEMSSH a6 2_GTAT 6TOGVT
GTLPSFIHFEQTULD, YW GT(LPSHI5HSOTTS
ipPailL () <seer toKens-os wrpmniLb.
Tokenization erarLigy @ uesr(®s@GLd GopLi e
6T(LPFEIFH L] QLI P (5FSLD QUTTEeSHem 6T
@ev_Geual eneuggiLi L9$g tokens-oys
wipnieGs 9@ Tokens ererLig
GarLilfeyer @)L b ClDmIaTer 6UMTi% eSS 6m
94GLD.

Bird is a Peacock Bird',’Peacock dances very

well','Tt eats variety of seeds','Cumin seed was
eaten by it once'

print
(v2.fit_transform(corpus2).todens

e())
[[2000001000100000




[0001000000100010
1]
[000 0010110001100
0]
[0110100101010001
0]]

@semar binary frequency opms term
frequency ereiigyLd @) uessi(h) @l mI%aied

@M _evmiH. binary ererig Geumid 1's &
0's -g0 o1 BPLb GlevafliLi(BSgyLd. term ererLig)
RO UT([H UTTSSULD 6TSHSEM ST (LPGHD

QL HCLppeTarg) eTaTLIS GleuaflLiLi(HSFHILD.
@ =i Bird erairLigy wpsed aund & ws e

@ uesT(®) (Lpewm 2 GTaTHTD I BS Q)L FFe 2
61607 Gloual LIRSS LILIL (B OTOTeNSS FTewTaLD.

@smsmer vocabulary-ed <58 euflufled) B8 Ld
eT@ssLILL L 17 6sG&I6u auTigensssaer



dWHEBPBHLIL®SS Smesstad (0 wpsed 16
aeny). @mi@ Bird, Peacock, it 98w
UTIS S HGT () T65T(H (LpewD

QL bOLppeTarg). gy erTed @G (b (LoD
G srest @)mi@ CFllasLiuL (hererg.
9aueurGp case-sensitive @evevmoe it, It
W @) TeT(HILD GGTD TS

T(H 3315 0\smararLiLiL Herarg. GLogyh a
GTGTLIG) (1 F68) QUTTSHSBWITH

T(HSSIF0GTaTaTLILIL_afledenev.

print (v2.vocabulary_)

{'bird': 0, 'is': 6, 'peacock':
10, 'dances': 3, 'very': 14,
'well': 16, 'it': 7

, 'eats': 5, 'variety': 13, 'of':
8, 'seeds': 12, 'cumin': 2,




15, 'eaten': 4, 'by': 1, 'once':

9}

3. Tfidf Vectorizer() - Term frequency epevid

2 (HeurEsLILIBLL Qeud_sngnormalize Qauigy)
<55 frequency -&amer weight-go
QeuaflLiLi®sgILd. Ceumid Taw count-ous% 2 eres
QeualiL®ss e, ysewer Normalize Quigy
QeavaflLi®sg Gz L2 Normalization (level2)

GTGOLILI(RLD.

print
(TfidfVectorizer().fit_transform(
corpus2).todense())

[[0.84352956 O. 0.




0.42176478 0. 0.

0. 0.3325242 0.
0. 0. 0.
0. 0. ]
[o. 0. 0.
0.52547275 0. 0.
0. 0. 0.
0. 0.41428875 0.
0. 0.
0.52547275 0. 0.52547275]
[o. 0. 0.
0. 0. 0.46516193
0. 0.36673901
0.46516193 0. 0.
0.
0.46516193 0.46516193 0.
0. 0. ]
[o. 0.38861429

0.38861429 0. 0.38861429




0. 0.30638797 0.
0.38861429 0. 0.38861429

0. 0. 0.
0.38861429 0. 1]

4. HashingVectorizer() - <ysr1@uller g ewt
@evewroCewGuw Craywrs Qeus_enr

2 heunrs@Lb.. Gupasesr dict & count & w
@uesr (L 2 Lig safled Gouenev GlaFuiuLb.
LSS OlUEL_ [ 2 (heuTSHSHD &S
Ggeneuwner dictionary-ewwr o (peung@Lo.
DSBS LI WTHSSTGT CQUSL_GOT 2 (hoUTSHGLD.
QB s Ly mws $aliss Cprywns
QeusL_er 2 (heunsGeuemsssrer Hashing
Trick eresrGuimb. 1@ ewasfled dictionary-esr
9arey OLpsLl QLIS 2 BSeTeysELl O Lfw
Yar1Hemw CFLH%5EE CgHenauwimest MEMOTy- et
aTad HHHNSGHLD. QeSS SNFLILISDHS TS
wp5Cs Qe wmer OeusL [ oy @GLb.



print
(HashingVectorizer(n_features=6).
transform(corpus2).todense())
[[ ©. -0.70710678 -
0.70710678 0. 0.
0. ]
[ 0. 0. -
0.81649658 -0.40824829
0.40824829 0. 1

[ ©.75592895 0. -
0.37796447 0. -
0.37796447 -0.37796447]

[ ©.25819889 0.77459667 0.
-0.51639778 0,
0.25819889]]

5. euclidean_distances - encode GlFuiwioi’ L
@) TR QTS5 W EISEE%H 6w L Guwiwimer
CoupiLin(h) 6T6F 2 TeYS @ 2 GTeTS| 6TRTLIHSHS



SHFHL_ 2 L. GLOPHFHGHTL 2 FTTeHTSF 60
(LS @) TesT(h) 6UTSFNLIBISEFS G
@ew_Cuwires Coupiim(y FODDI GHODUTEHRLD,
(PSS G LD 3-aU| UTEBNISSH| S & LD TG

Coupiim(h) FO I B FLOAS LD, (LSS GLD 4-
VUG UTERWSS% 0Tt Coupiim(h Q)eTen)Ld

FDDI B HLOTHR LD Q) (BLILIGNSS &TERTGUTLD.

print
(euclidean_distances([vectors[0]]
, [vectors[1]]))

[[2.82842712]]

print
(euclidean_distances([vectors[0]]
, [vectors[2]]))

[[3.31662479]]




print
(euclidean_distances([vectors[0]]
, [vectors[3]]))

[[3.60555128]]




17.2 Natural Language
Toolkit

@a1cuedT B SesTL CleUSL [ 2 (heuTSESELD
DTS ILD TCHeILD @FTeST(H U TISeSH% 6T
w ®Cw @)L bOLDBPBBESTVILD Fal_, @)L LD
QOupns aumigamssepsstear 0's @ 95

OF 1601y (& GLD. Q)SETTV 3 BS
QeusL_pevL_w yo1ey A4HSNEHDG.
@a&Cunep 9H% yerafevmes 0's gLl QLpmy
aflersiGLd Gleud L [gmesr Sparse vector ereirmy
D LPSHFLILIBFDGI. 2 FTIKISSHIS @ @ (B
GarLiley et 9ypFwed, Fesfliom, aflenerw m” (b
Gunaip LeGaln) HenmEEHsHTT
UTEHWBIFHGT 2_6Tar6) %65 6D,
9upeDClwedevrLd g(p Oleud L gng LompmILd
Gurgy TP wepEs mest eufluled FesflLo Ty mest

wmigens QL bCLPBhEsms, C%CLiTed
FeflomayEs et aufluiled ailew arws T (&S met



wmigens QL bGP B pasns). )CsCGLime
LTigsmed @ai6leumip eufluleyLd

Gaamauievewrs Liew 0’S Blewm B (5 GLD.
@ sarred 2 Lps&HwLi LgFFes a5 s eir

GT(LP S ST Gl

(LPSTUSTSH P % 9arey Memory & space
afessrt@mgy. Numpy ereirigy 0’s

QDTS UD®D oL (HLD GBI B euSDH TS5
ROF L APLIL] QUF FT6 CUHSHEHEH T
aLpBIGHSIDeT. 9 (HSssm1s dimensionality-esr
2Ty 9P EH5F B FHBE 9 BS 2 6T6YDGHLI
uuind oyeflsss CHeneuwnest &6 s%afer

GTGRTGOT SO BULD 2B HHSH DG
@aemeQwefled overfit o eugpasmer syLimwLd
2 arergy. @)%Gau 'curse of dimensionality’'

9 eavg Hughes effect’
TRTD®PSEHLILIGF DS @ ens cTalalmm]



@epLILg eTerLl GuseaGg dimensionality
reduction gy, Lb.

BLog) CleusL [ o (HeuTEss S TGLITS)
stop_words='english' eresrs
Car1®sCsmnermed is,was,are GLimeim
2YBIFB VS F 6D BB GID FicHewTE O\FIHH 6w 6T
T TLH SN TSI LB LpaTer CIFTDS@hs S

" po dictionary o (peunssLiLiGLD. @)SesmeD
<9ser dimensionality geop&ng).

9aieurGn NLTK e1ewi1d % @5a eetrmy 2 areng).
9B aarar stemmer, lemmatizer
QWD LT LIWGSTL (D SS USH GT eLPGULD
Qeus L fer dimensionality @)esreyid

GODSEHLILIBD U S S HTETGUTLD.



https://gist.github.com/
nithvadurai87/491e5e6f9c009ebd88912e71ef9
363a4

import nltk
nltk.download()

from
sklearn.feature_extraction.text
import CountVectorizer

from nltk import word_tokenize
from nltk.stem import
PorterStemmer

from nltk.stem.wordnet import
WordNetLemmatizer



https://gist.github.com/nithyadurai87/491e5e6f9c009ebd88912e71ef9363a4
https://gist.github.com/nithyadurai87/491e5e6f9c009ebd88912e71ef9363a4
https://gist.github.com/nithyadurai87/491e5e6f9c009ebd88912e71ef9363a4

def lemmatize(token, tag):
if tag[O®].lower() in ['n',
'v']:
return
WordNetLemmatizer().lemmatize(tok
en, tag[0].lower())
return token

corpus = ['Bird 1is a Peacock
Bird', 'Peacock dances very
well', "It eats variety of
seeds', 'Cumin seed was eaten by
it once']

print
(CountVectorizer().fit_transform(
corpus).todense())

print
(CountVectorizer(stop_words='engl




ish').fit_transform(corpus).toden

se())

print
(PorterStemmer().stem('seeds'))

print
(WordNetLemmatizer().lemmatize('g
athering', 'v'))

print
(WordNetLemmatizer().lemmatize('g
athering', 'n'))

s_lines=[]
for document in corpus:
s_words=[]

for token in
word_tokenize(document):




s_words.append(PorterStemmer().st

em(token))
s_lines.append(s_words)

print ('Stemmed:',6s_lines)

tagged_corpus=[]
for document in corpus:

tagged_corpus.append(pos_tag(word
_tokenize(document)))

1 _lines=[]
for document in tagged_corpus:
1 _words=[]

for token, tag in document:

1 words.append(lemmatize(token,

tag))
1 _lines.append(1l_words)




@sear LieaTeupLonn LPalDEsLd O\Fuis)
LGt (NS S GUTLD.

import nltk
nltk.download()




K Downloader |

File View Sort Help

Identifier i Status
All packages partial J
all-corpora All the corpora na partial
all-nitk All packages available on nitk_data gh-pages branch | n/a partial
book Everything used in the NLTK Book na partial
popular Popular packages na partial
tests Packages for running tests nja partial
third-party Third-party data packages na not installed

Download Refresh !

Server Index: https://raw.githubusercontent .com/nltk/nltk_data/gh-pages/{

Download Directory: /home/shrini /nltk_data |

'Bird is a Peacock Bird',"Peacock dances very
well','Tt eats variety of seeds',

'Cumin seed was eaten by it once'


http://www.kaniyam.com/wp-content/uploads/2018/12/Screenshot-from-2018-12-24-21-44-25.png

1. GopsesrL ansGwis% 5% mest
CountVectorizer() ererLigy L9656 HLOTDI R (1h
QeugLeng 2 (peung@Ld (4%17).

print
(CountVectorizer().fit_transform(
corpus).todense())

[[2000001000100000
0]
[0001000000100010
1]
[000 0010110001100
e]
[0110100101010001
0]]

Cupsetr_ 9G% aunsG ks Ens 3
stop_words='english' eres78 Qa1 Fa QeusgL_j



2 (heunsdGLoGLmg),

is, very, well, it, of, was, by, once g,&w
wmigemssar bEsLILEgme dimensionality
G®ODFSH Q) BLILI®SS Srewievntd (4%9).

print
(CountVectorizer(stop_words='engl
ish').fit_transform(corpus).toden

2. stop_words="english' LwerLGgPermaLd
gL, seeds, seed @ w @) uest(BLd @) st (h
SeflBS el UTisensSeTTs
Callga LB FeTnest. Qewss sFLILISDHS TS



awpsCGs PorterStemmer() <,@Lo. @) @b

<, B Fevd OlFreveder GeaufblFmadenev
SeTL_PlBgI e oL HLd CFLOSGHLD. w5 s
F(paf) BT ()evrest LIm
QFmpasearQueerd CFLilEs ).

print
(PorterStemmer().stem('seeds"'))
seed

3. WordNetLemmatizer() ererLigy a5

9, BIFwF ClFTO® 6T O)LIT(HATY B
sg CFils@Ld. smaug @G @ OlFmew
AL P OLwFFblFmedevnsayLd LopOm iy
QL35 aflenaTOFTVTHa LD
LWGTLRSSLILIL 19 (5L 6T 9jem6u

@ uesstenL_ujLd @) ger(p seflssest) OFnpsertsd



Gelg@LH. o snuewsgis@ '1 am gathering
foods for birds', 'seeds are stored in the
gathering place' erasri® o0 gathering, gather
GTRTLIG| () T655T(h) S6si)HF et QUTIS S5 TTS

CETTNEXINTIOIS

print
(WordNetLemmatizer().lemmatize('g
athering', 'v'))

gather

print
(WordNetLemmatizer().lemmatize('g
athering', 'n'))

gathering

4. propen_w corpus-g NLTK Qsrewr®
2l &LOCLINGI, 9G5! LIesTel(HLoT)
QeuaflLiLi®SSILD.



print ('Stemmed:',s_lines)
Stemmed: [['bird', 'is', 'a',
'peacock', 'bird'], ['peacock',
'danc', 'veri', 'w

ell'], ['It', 'eat', 'varieti',
'of', 'seed'], ['cumin', 'seed',
'wa', 'eaten',

'by', 'it', 'onc']]

print ('Lemmatized:',1 lines)
Lemmatized: [['Bird', 'be', 'a',
'Peacock', 'Bird'], ['Peacock',
'dance', 'very', 'well'],

['It', 'eat', 'variety',K 'of',
'seed'], ['Cumin', 'seed', 'be',
'eat', 'by', 'it', ‘'once']]




18. Decision Trees &
Random Forest

Regression wmpmid Classification

@) oeTig D GLd 2 Fausgm1gw CriCasr(
wepuiled L9955 @uievrg non-linear
sueys@pssmer model- 9% decision trees
wommis random forest afermi@g&mg. Decision
trees ererLigy GlLINgouns LOAIB NS 6 %60
2 GTeT LLPLILFe6TE G TGHT1(H) e e D
FAPm UGDseT1sL NGS5 SHH DS
BLHSHETL_ 6THSHHISHTL 196V (1 LOGVT
wevedwm, GIreymeu, $aLoewIwT 6T68In)
8iwnefgs DecisionTreeClassifier() wopmiid
RandomForestClassifier()

LwSETLBHSSLILIL (HeTerest. gai6)euTh Loev e



@spsepemw(sepal) Bar s epLd,
<eupplest GuopLm @)sLpsepen_w(petal) Bar
FVUPLDTeST 4 9D FmISBar (1 DGV 6THS
LOGVITS (B)(5dGLD eTRTLINSS SIL0Tes S5 D).
@ b5 gLbFEIFHeNeTaT ST6 ST Lied Gaum
uGSseartsLl L91351% D@L Caremevenws
DecisionTreeClassifier() Qsui®mgi.

QIUTN STosewarLl LIFLILIZ) 6T6TLIZI 6 (HF 6V
conditions-gLi QuTISS BLSHDGI.
ererGeugmer (@) emeu Eager learners ereirmy

e PaHLILIRGEIDET. @50 & wrpmrs KNN
ererLigy lazy learners 4@ 6. Ensemble
learning erayyid (Lpemmuiled random forest
sp%mg/. Ensemble erasimmed @pioLd eresimy
Qunger. ygmeug LicdGeupy decision trees-g
2 (KBTS, AUDD G(LHLOLDTSH OIS F]S
SDHDI. &P 2 6TaT 6paGleum(m tree-Lb
OeuaiGoum LIPS 76 FHewaT T(HSSIS



Qsresr(® LuID® QuPmF COFTaTHDG. 61eTGo
@) samienL_w accuracy @)eren/Lb F%Lons

Q@) (BEGLD. SLHSHFHTL 6T(HSHIHHTL 160

Q@ emeus@pss et Blrewevsd &memtevris. Decision
Trees 89% accuracy -guy.5, Random forest
97% accuracy -gujid GleveflLiLi(BFg eSS
srewrevrLd. GLoeyiLd eaO)euneT)IL) 6TeI6UTmY
S0 sarLl L5515 SDF DG 6TGTLIS

QUEHTLIL_LOASQYLD ST L LILIL (RATeTS.

https://gist.github.com/nithvadurai87/
d21ffb25b7f5a38d90a437e9f169d58e

from sklearn.datasets import



https://gist.github.com/nithyadurai87/d21ffb25b7f5a38d90a437e9f169d58e
https://gist.github.com/nithyadurai87/d21ffb25b7f5a38d90a437e9f169d58e

import pandas as pd

import os

from sklearn.tree import
DecisionTreeClassifier,export_gra
phviz

from sklearn.metrics import
confusion_matrix, accuracy_score,c
lassification_report

from io import StringIO

import pydotplus

from sklearn.model_selection
import train_test_split

from sklearn.ensemble import
RandomForestClassifier

from IPython.display import Image
import matplotlib.pyplot as plt
import seaborn as sns

df = pd.read_csv('./flowers.csv')
X = df[list(df.columns)[:-1]]




X_train, X_test, y_train, y_test
= train_test_split(X, vy,
random_state = 0)

a =
DecisionTreeClassifier(criterion
= "entropy", random_state =

100, max_depth=3,
min_samples_leaf=5) # gini
a.fit(X_train, y_train)

y_pred = a.predict(X_test)
print("Confusion Matrix: ",
confusion_matrix(y_test, y_pred))
print ("Accuracy : ",
accuracy_score(y_test,y_pred)*100
)

print("Report : ",
classification_report(y_test,
y_pred))




export_graphviz(a,
out_file=dot_data, filled=True,
rounded=True, special_characters=T
rue)

graph =
pydotplus.graph_from_dot_data(dot
_data.getvalue())
Image(graph.create_png())
graph.write_png("decisiontree.png

II)

b =
RandomForestClassifier(max_depth
= None, n_estimators=100)
b.fit(X_train,y_train)

y_pred = b.predict(X_test)
print("Confusion Matrix: ",
confusion_matrix(y_test, y_pred))
print ("Accuracy : ",
accuracy_score(y_test,y_pred)*100




print("Report : ",
classification_report(y_test,
y_pred))

export_graphviz(b.estimators_[5],
out_file="tree.dot',
feature_names =
X_train.columns.tolist(),

class_names =
['Lotus', 'Jasmin', 'Rose'],

rounded = True,
proportion = False, precision =
2, filled = True)

os.system ("dot -Tpng tree.dot -o
randomforest.png -Gdpi=600")
Image(filename =
'randomforest.png')

f =
pd.Series(b.feature_importances_,




index=X_train.columns.tolist()).s
ort_values(ascending=False)
sns.barplot(x=f, y=f.index)
plt.xlabel('Feature Importance
Score')

plt.ylabel('Features')
plt.legend()

plt.show()

BlIVI &5 TesT @NNSSLD:

flowers.csv ergid Gamiifed Gonggs 150

ST S6T LD S G 2 GTaT6H. 6hal
train_test_split() erewsid wpewmriting 112
suayser LIPS GLD, L6F 38 sreyser LD
Qeuwiwiiuc’ L model-g Ce#r@LiLIgm @ LD
vweTURSSLILL HeTeres. GLpssesnr decision
tree-ar (Lpg 60 node-g@ar 2 arar samples=112
eT@TLIG) GloTgsLd LIUIDHE S



9eflEsLiLIL (haTar $TeY%e6rs &DI%E D).
value = [34,41,37] ararugy 34 soeysar
wevellenss @b 41 sreyseT $Moenis@Ld, 37
S06 56T GIIgmed@HLd 260 LD BSOS 6Te8)/LD
aflaurgsanss ClsTHEFmg. entropy = 1.581
wrBfsafew 2 arer uncertainty / disorder /
impurity-go& @nBsSng. 2Fmeugl Brbd

s LiILIRSS Cauenrig w LI Caumy L9 ey%ehed
2 G767 $T6S@HLD 6THS 2 0T6 )5BS 5 60

F GBS GTATGT GTRTLIGNF S FoMLD. () DS TEST
He15% % B LIesTeu(HLd (Lpenmulled BlaLpLd.
LpFde OoTsE FTaysaled gl 6)euTds
Lfeweud CFips $T6%@FHLD 6TOIGTa
6TeRTeEs % B UlGD 2_aTaTest 6Ten)Lh LiewTeurLd
SISE L_LILIBLD. LIeTesd SLbLoBLiL %@ log
base 2 sessr(p) L1985 Couesst(HILD. @)F D% Test
&@ma https://www.miniwebtool.com/log-base-
2-calculator/ erayith auEWSSOTSB D 2 aiTeTd).
@ a1a0mGm eved), Grrgm, SToew T 6TRTERILD


https://www.miniwebtool.com/log-base-2-calculator/
https://www.miniwebtool.com/log-base-2-calculator/

@a16leuny LNfeysGLd sesissetunss
ST (R LN19 55 CauesTHLd. HeoL_Fuins

Q@ emeusaier oL (HS0)1sTemFHemW - 6Tan/LD

1@ e GPwred GLmsSHerned Henr LitiGs
entropy ,@uLb.

Entropy = - {Summation of (fraction of each
class.log base 2 of that fraction)}

=-{ (34/112).10g2(34/112) +
(41/112).10g2(41/112) + (37/112).10g2(37/112)
}

=-{(0.3035).10g2(0.3035) +
(0.3661).10g2(0.3661) + (0.3303).10g2(0.3303)
}

=-{(0.3035).(-1.7202) + (0.3661).(-1.4496) +
(0.3303).(-1.5981) }

=-{-0.5220 + -0.5307 + -0.5278 }
=-{-1.5805}

=1.581



X, <235
entropy = 1.581
samples = 112
value = [34, 41, 37]

entropy = 0.994
samples = 75
value = [34, 41, 0]

entropy = 1.0
samples = 6
value = [3, 3, 0]

ST %)L 1L entropy wLienuGu
U ILILIL $H&T (Lpged Node-a srewreurLd.

@G 0-3@ Hswrs @@pLiugme, 112


http://www.kaniyam.com/wp-content/uploads/2019/04/Screenshot-from-2019-04-16-12-21-04.png

sues@pLd g(p condition epevid 37, 75 e1syyLd
eTessTanl1 % emaufled gyewiouid @)1 LfeysarisL
LSS RF@TD6T. 9FTeug X2 e16sLiLI(BLD
Petal_length y5#8@ar wHLiysaia 2.35 -5
E1p QBBSTD YSS@®HW ST@|FaIT @)L _LiL|D
node-gy1b, PFL01% 2_aTaTeneu auevLiLm node-
b LGS LILIH S ST evt. L9estest 56wt (h)LD
fgasLu L @) A6 s ens@Ld entropy
ST GL_LIL®SnG. @)L LiLpLd 2 arar node-ev
entropy 0.0 erew eupgerers. @)gGeu decision
node ererLiLiBLd. ysmraug 0-24% @) HS@GLD

UL FEF6V BV 2_TOT ST6F T O GTHG] LD
gGs1 e auamsuiler S1p LIAGasLLLC el L g
GTI@Im 2 isSLD. Yyser value & iy [0,0,37]
GG 2 QTATS]. SHTeUF| LDGGNEHS G LD,
SMLDGH TS GLOTGT &I6HeN 6T eTessrent]semnas .
Gungymayss et eresstenilseans 37. @)51CGar g (b
Leneu Gumggm 616t (LpLy 6y O\ FUIcUSH S mewt
decision node <y,@& 5. @) Cs wpeammued



aerLiLIL_gHaeTer opm Nodes

o punssLIL®S@pes. wpp features-io
CaFnFEsL1LI(H S DT, euengLILIL FF6T Hen L&)
Fewaruiled @ Lyen e D606 DG FTLOGHT
e1asT (LpLy & GlFuieugmsmer decision nodes

I GOLD [5G GTGTGH. S TeUE| He0 L& &ewaruied
QL BB euewLpns 2 airar 3 nodes-ev, e
value w@Liyseer sauaEsa b, 106G eTesT
w1 ey CFuiaugps et QL s%He 34 eresr
Orgswns @evevre, 30, 3, 1 erer
saflggaiwnsL 955 @ssemasw decision
nodes-g o (heunE & ujeTeng). sjeicuTGn

L hBG Q)L Lors 2 eiter 3 nodes-e, ey
61687 (LpLY- &y OlFuicugpsTer QL gHe0 41 eresr
Orsswns @everoe, 30, 8, 3 ererg
FeflgSea TSl L9088 2 (560uTEFujeTeTg).
eTasTGaug rast (@)eweusafier entropy 0 opmyid
ASDHG O BHBISW LB LILITS 2 6T6Tg.



Information Gain:

@b GOIULLC L 19faled sTaysanar
UdSLILIWSSHIUSD &S CFe® e Test
afeugmisemar 6T 2aTeyd @ s feature

9 eaNgS g e1er1Gg Information Gain
eTaTLiLI(BLD. @)FIayLd entropy-gri GrerGm
BIQFH®6T FHWTE UenSLILI (DSBS 2 FafLd 63 (b
metric 4@Lb. eNtropy eresrLig IMPUrity oy @Lb.
@z weusgl, 2pgIimpurity-aos
@®DLILISD G 2 SaLd Metric grer gini gain
GTTLILI(BLD. @)SM% TS umulLiLIm(h

L9660 (HLOTM)Y.

Information Gain = Parent's entropy - child's
entropy with weighted average

child's entropy with weighted average = [(no.
of examples in left child node) / (total no. of



examples in parent node) * (entropy of left
node)] +

[(no. of examples in right child node)/ (total
no. of examples in parent node) * (entropy of
right node)]

= (37/112)*0.0 + (75/112)*0.994
=0 + 0.665625
= 0.665

Gupsesr_ BlgaSlew DecisionTreeClassifier()-
s@er criterion = "entropy" ererLIgm @ LIS WIS
"gini" ereers ClFTHSEH LILIDF NGS5 TV, 25
gini-gs se%F)L (B L9660 (BLOTNI F 6 aTdH e T

2 (hUTEFS SDF DS



Xp <235

gini = 0.665
samples = 112
value = [34, 41, 37]

True

X5 £4.95
gini = 0.496
samples = 75
value = [34, 41, 0]

gini = 0.5
samples = 6
value = [3, 3, 0]

Random Forest wpenpuiled sp@Ls model-er

QUG TLIL LD LIGSTeU(BLOTM).


http://www.kaniyam.com/wp-content/uploads/2019/04/decisiontree.png

Petal_length <= 2.5
gini = 0.67
samples = 69
value = [39, 38, 35]
class = Lotus

False

True

Petal Iength <— 5.05
gini =
sam ples = 48
value = [39, 38, 0]
class = Lotus

Sepal_width <= 3.1
gini = 0.4
samples = 4
value = [4, 3, 0]
class = Lotus

gini = 0.38
samples = 3
value = [1, 3, 0]
class = Jasmin

£

( Petal_length <= 4.9



http://www.kaniyam.com/wp-content/uploads/2019/04/randomforest-1.png
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19. Clustering with K-
Means

Unsupervised learning-e s 5% @) @Ld
wsed algorithm @)gGau. @giaueny BrLd HesrL
SYmaIggLb supervised-eir 81 oyevLowLb.
logistic regression, multi-class classification
Cunaip syenets @b, 2 araf®(X) wPmid
Qeuafluf®(Y) @uessten_ujid OsTBRSSH LD
aLiGumd. L Gaumy Geuafuf’

UMSHSH NG SLp SIasewarLl LIFLILISH G

Y BSEOGT 6LUGHS W TG 6TV VH G ATLLD HTGLD

auengwenm OFuiGeurid. estTed ()HS
unsupervised-e Gaumiid 2 arafBsar or” B GLo
QFsTHESLILIBLD. 61856 auensulew NG5

GouestpLd 616TLICSH T, 6D M) GIT 6TEVEH GV GIT



61631687 6TGTLI BT O\ BTBHSHLILIL 1G] Q)5
Gunaip clustering-e sTavemevsar K-means
PLPGVLDITE F6WTSHFIL_L1LI(H) FH)GSTDGYT. 6T6Y 6L GTGY
assalla LN1$s5 Gausst(HLd eTaTLIens elbow
method-epevid eI L_TLd. STUS R(1h
U TWD® WS CFTHSEH FNHSHF O FTV MG
supervised era@IpIe), eTeIANS e TWEDUILD
Qe s ClFTedgyaig unsupervised
<G LD.

Grpssenr o srgeams@ed X1, X2 e1ayiid
@uewr(p) ojbFmisar(features)
QsrRssLILIL DeTaret. Y 616D 618 LD
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sr60semard 0sret® L HCo BromsGeu
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x1=[15,19, 15,5, 13, 17, 15, 12, 8, 6, 9, 13]
x2 =[13, 16,17, 6, 17, 14, 15, 13, 7, 6, 10, 12]

@)spasIeT BlIed LYWL aileTss LD L6STel(HLOTN).
https://gist.github.com/

nithyadurai87/185e332ebce7028af265adbe86d
b40d5

import matplotlib.pyplot as plt
import math

def
plots(clusterl_x1,clusterl_x2,clu
ster2_x1,cluster2_x2):



https://gist.github.com/nithyadurai87/185e332ebce7028af265adbe86db40d5
https://gist.github.com/nithyadurai87/185e332ebce7028af265adbe86db40d5
https://gist.github.com/nithyadurai87/185e332ebce7028af265adbe86db40d5

plt.plot(clusteri_x1,clusterl_x2,
'.')

plt.plot(cluster2_x1,cluster2_x2,
I*I)

plt.grid(True)

plt.show()

def
roundl(cl_x1,cl1_x2,c2_x1,c2_x2):
clusterl x1 = []

clusterl_x2 = []
cluster2_x1 = []
cluster2_x2 = []

for i,j in zip(x1,x2):

a = math.sqrt(((i-cl_x1)**2 +
(j-c1.x2)**2))

b = math.sgrt(((i-c2_x1)**2 +




if a < b:
clusterl_x1.append(1i)
clusterl_x2.append(j)

else:
cluster2_x1.append(i)
cluster2_x2.append(j)

plots(clusteri_x1,clusterl_x2,clu
ster2_x1,cluster2_x2)

cl x1 =
sum(clusterl_x1)/len(clusteril_x1)
cl x2 =
sum(clusterl_x2)/len(clusterl_x2)
c2_x1 =
sum(cluster2_x1)/len(cluster2_x1)
c2_x2 =
sum(cluster2_x2)/len(cluster2_x2)




round2
(c1_x1,c1_x2,c2_x1,c2_x2)

def
round2(cl_x1,cl1_x2,c2_x1,c2_x2):
clusterli_x1 = []

clusterli_x2 = []
cluster2_x1 = []
cluster2_x2 = []

for i,j in zip(x1,x2):
¢ = math.sqrt(((i-cl_x1)**2 +
(j-c1_x2)**2))
d = math.sqrt(((i-c2_x1)**2 +
(j-c2_x2)**2))
if ¢ < d:
clusterl_x1.append(i)
clusterl_x2.append(j)
else:

cluster2_x1.append(1i)




plots(clusterl_x1,clusterl _x2,clu
ster2_x1,cluster2_x2)

x1 = [15, 19, 15, 5, 13, 17, 15,
12, 8, 6, 9, 13]
x2 = [13, 16, 17, 6, 17, 14, 15,
13, 7, 6, 10, 12]

plots(x1,x2,[1,[])
roundl(x1[4],x2[4],x1[10],x2[10])

wzadled X1, X2 e1aiid @)messt(h) 2 LbFEI%H@FLD
GTRIRUTD] 36O LDHSIGTATG GTaTLIHS Scatter plot
ELPGULD HTERTGTLD. @)GTGILD @) TESTL_ TS
C&15%) 60 616576 BTG I LOF/BIHED QT 2 6HLDS S
GouedT(H)LD 6TGTLIGI HewTL_HIwLILIL afleOemev.
eTaTGou 9jemau HTedlLT LIL 19 W6V TS

Q@I LILILILI (D S STD Gl



plots(x1,x2,[1,[1)
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19.1 Centroids (P essll@j% s mest LjoiTar)
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Swps 13-gouy1d, X2-aw 551 17-gouyid Gz iay
OuigyarGartid. a1eunGp (@) TessTL_meug)
0518815 X1- @b Bg 9-guyid, X2-65 555
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BewllLiL g e Lyataflgar (centroids)
GTRTDEO PSS LILIH S STDET. 9IS TaUS @)aDenD
O LIl LW ®ausdG% 9 eHTENSULD [BTLD
@ues(y) ClarssnsLl 190%sL CurHGprb.
e1aTGou @Q)Tew(h) Y LOFBIFH TG 2 aiTar a6l m(h
BI0% 655G, CHIp0sHESLILIL L Q) uent(R
GewflLiLL] LyeiTef s @%@ L0TesT HITLD &LHSHS%esTL

UMUILILIT® eLpVLD HeTsh % L LiLI(HF D).

gl = (x1_data - 13)**2 + (x2_data -
17)**2
armh2 = (x1_data - 9)**2 + (x2_data - 10)**2



x1 | e Simyio1 &imyibz
(15-13)**2 + (13-17)**2 [(15-9)**2 + (13-10)**2
=4+ 16 =36+9
= 20 = 45
15 |13 Sqri(20) = 4.47 Sqrt(45) = 6.70
(19-13)**2 + (16-17)**2 [(19-9)**2 + (16-10)**2
=36+ 1 =100 + 36
=37 = 136
19 |16 Sqrt(37) = 6.08 Sqrt(136) = 11.66
15 (17 2 9.21
2 6 13.6 5.65
13 |17 0 8
17 (14 5 8.94
15 15 2.82 7.81
12 |13 4.12 4.24
8 7 11.18 3.16
6 6 13.03 5
4 8.06 ]
”13 12 5 4.47

@ B35 @uessi(h) C&T5515H6M60 (LpFeD
C&T1EDeIew LW HITLD GH®ODTH Q) (BbS TV
BSLI L{eTalS6T (LpSew O\FTSBeVILD,

Qe Glwefled @) et meug 6)%M1%F eyILd
LS G, Q)ewau (LpenpSws Lo @hFaT
LpmiLd 2a15 1 BIDSF 0 CLOPEHEITL LIL_ %560
ST L LU HeTers). QeIeummnd (LpdeD
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Osnggissmet X1, X2 wppiLd @) TesTL_Teug)
Oarggdasner X1, X2 eraimn 4 SyLbFmIS 6T

Fe1% G L_LILIHF@Tnet. ene (LpenpGw LjaTer
Qg fleyLd, BL FEPT oy aIeVILd QUEHTLIL DTS
QU TG STLL_L1L1(HS) GO Gol.

clusterl_x1 =[15, 19, 15, 13, 17, 15, 12]
clusterl_x2 =[13, 16, 17, 17, 14, 15, 13]
cluster2_x1 =15, 8, 6, 9, 13]

cluster2_x2 =[6, 7, 6, 10, 12]

plots(clusterl_x1,cluster1_x2,cluster2_x1,clus
ter2_x2)
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cl x1=(15+19+15+13+17+15+12)/7
=106/7
=15.14

cl x2=[13+16+17+17+14+15+13]/7
=105/7
=15

2 x1=[5+8+6+9+13]/5
=41/5
=8.2

2 x2=[6+7+6+10+12]/5
=41/5
=8.2



eirewg LBesst(HLd qaiiGleumn data-&@ Lo,
FeTL_PlBS FewflLiL|Ll L] 66l @5 & LD TGS HITLD
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QIUTDTES FI6YH6T F6v1d G AW O\F155 e
Ffleugi QuimmpsId euenguievitd, @)semarGuws
Bad QOFm_jFRwnsd QOFuig OsrearGL
Qeevevevrid. )& Geu clustering with k-means
eTTLILIG &g @B K eretiig c1ggemast
5188156 & (LpSSH 6T 2 (5eUTSSLILIL
Gouest(HLd 6TaTLIGHSULD, NEANS GTGITLIG]
@auGleunap features-eyeoLw ggnsfeowuyid
ST (RL919 351 Y Seuig LiLIenL_uded & (LpSHSemar
2 (heunsGauemsud GOILILIHS DG

A DS351% @)B5 K-8 0@ Lien et eTaiaummy

FeWT5F) (h UG TGN LITHSHGUTLD.

19.2 Elbow Method

@31 COFTRSSLILIL L FT60)% @53 61556 68T
GLPFHFHGT 2_(FUTHFTTEV FHUWTS Q) (5 GHLD
GTGTLIGNS G(1h QUG TLIL LD PLPGULD FHGSdTL_ ML

2 5 &al. CpseaL 9Gs sT6y%ear



@ EI@GLD B LWSTL(RSHS Csmarerevmid. 2
G PSS ET GTRTLIDS @) BLDS G FHW TS
ST QSDST TTL] LITTSEEHGTLD. (Q)FMDHTewT

Blred pmid afeTa%LD L9686 (HLOTM).

https://gist.github.com/
nithvadurai87/10b5b273151c80be97579d6842
79cd84

from sklearn.cluster import
KMeans

from sklearn import metrics
from scipy.spatial.distance
import cdist

import numpy as np

import matplotlib.pyplot as plt



https://gist.github.com/nithyadurai87/10b5b273151c80be97579d684279cd84
https://gist.github.com/nithyadurai87/10b5b273151c80be97579d684279cd84
https://gist.github.com/nithyadurai87/10b5b273151c80be97579d684279cd84

x1 = [15, 19, 15, 5, 13, 17, 15,
12, 8, 6, 9, 13]

x2 = [13, 16, 17, 6, 17, 14, 15,
13, 7, 6, 10, 12]

X = np.array(list(zip(x1, x2)))

distortions = []

K = range(1,8)

for i in K:
model = KMeans(n_clusters=i)
model.fit(X)

distortions.append(sum(np.min(cdi
st(X, model.cluster_centers_,
'euclidean'), axis=1)) /
X.shape[0])

plt.plot()
plt.plot(K, distortions, 'bx-')
plt.show()
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19.3 silhouette coefficien
t
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BLPSHETL_ 6THSHFISHTL 196 BLOG| STFHET,
kmeans epevid (pgedled 2 & pssenisL
OfssLiLBSaimet. aieurGp for loop epevrd
B35 B351 3,4,5 wHmib 8 GpssertsL
igsLiLGSemer. @Q)ns l00p-&@eir & pssar
OsTRSSLILIL L ecTevwtentlsemnsulled gai6leumm
pe oo dCLITSHILD, S ST6 S GTL
A% G @SS UEHTLIL LDTSH UGHTHS/
STLBHEDSI LoPMILD SIS eT
silhouette_coefficient wo@rieoLs
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https://gist.github.com/nithyadurai87/
£5f043df412b6e3c8291d0080422bd92

LM


https://gist.github.com/nithyadurai87/f5f043df412b6e3c8291d0080422bd92
https://gist.github.com/nithyadurai87/f5f043df412b6e3c8291d0080422bd92

from sklearn.cluster import
KMeans

from sklearn import metrics
import matplotlib.pyplot as plt
plt.subplot(3, 2, 1)

x1 = [15, 19, 15, 5, 13, 17, 15,
12, 8, 6, 9, 13]

x2 = [13, 16, 17, 6, 17, 14, 15,
13, 7, 6, 10, 12]
plt.scatter(x1, x2)

X = np.array(list(zip(x1, x2)))
C: ['b', 'g'[ 'r', 'C', 'm',
lyl, lkl, Ibl]

m: [IOI, ISI, IDI, IVI, I/\I,
lpl, l*l, I+l]




p+=1

plt.subplot(3, 2, p)

model =
KMeans(n_clusters=i).fit(X)

print (model.labels_)

for i, j in
enumerate(model.labels_):

plt.plot(x1[i], x2[i],

color=c[j],
marker=m[j],1s="None')

print
(metrics.silhouette_score(X,
model.labels_ ,metric='euclidean'

))
plt.show()

print (model.labels_) erairigy s @penar 0
GTGIMILD @) TGRTL_Teug| G(Lpenaeu 1 eTeirmiLd
GO RS wGI. e1erCGou X1 opmid X2-60 2 arar

12 speysepLd 6150555 & (LpHFafed
CFiESLILIL (5 OTOTGST GTGTLIGILD S GST
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20. Support Vector
Machine (SVM)

Support Vector Machine (SVM) erairLigy
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20.1 Large margin
classifier (linear)
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https://gist.github.com/
nithvadurai87/2de5a6a6f7cc03c2791305f5c33
d43d7

import numpy as np

import matplotlib.pyplot as plt
from sklearn import svm

from
sklearn.linear_model.logistic
import LogisticRegression

def classifier():

XX = np.linspace(1,10)

yy = -regressor.coef_[0][0] /
regressor.coef_[0][1] * xXx -
regressor.intercept_[0] /
regressor.coef_[0][1]

plt.plot(xx, yy)

plt.scatter(x1,x2)

plt.show()



https://gist.github.com/nithyadurai87/2de5a6a6f7cc03c2791305f5c33d43d7
https://gist.github.com/nithyadurai87/2de5a6a6f7cc03c2791305f5c33d43d7
https://gist.github.com/nithyadurai87/2de5a6a6f7cc03c2791305f5c33d43d7

x1
X2

[2,6,3,9,4,10]
[3,9,3,10,2,13]

X = np.array([[2,3],[6,9],[3,3],
[9,10], [4,2],[10,13]])
y = [0,1,0,1,0,1]

regressor = LogisticRegression()
regressor.fit(X,y)
classifier()

regressor =
svm.SVC(kernel='linear',C = 1.0)
regressor.fit(X,y)

classifier()
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20.2 Kernels (non-linear)
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Guneirmy polynomial kernel, string kernel, chi-
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USLILIRSSLILIHLWCLITE 9geT accuracy

HPSHLILIHSF HTGETGTLD.

https://gist.github.com/

nithyadurai87/9d7cc99cc4ae18a3707cc76£871
1193b

import numpy as np

import matplotlib.pyplot as plt
from sklearn import svm

import pandas as pd

from sklearn.metrics import
accuracy_score

from sklearn.model_selection
import train_test_split



https://gist.github.com/nithyadurai87/9d7cc99cc4ae18a3707cc76f8711193b
https://gist.github.com/nithyadurai87/9d7cc99cc4ae18a3707cc76f8711193b
https://gist.github.com/nithyadurai87/9d7cc99cc4ae18a3707cc76f8711193b

from sklearn.metrics import
classification_report,
confusion_matrix

from
sklearn.linear_model.logistic
import LogisticRegression
from matplotlib.colors import
ListedColormap

df = pd.read_csv('./flowers.csv')
X = df[list(df.columns)[:-1]]

y = df['Flower']

X_train, X_test, y train, y_test
= train_test_split(X, vy,
random_state = 0)

logistic = LogisticRegression()
logistic.fit(X_train, y_train)
y_pred = logistic.predict(X_test)
print ('Accuracy-logistic:',




gaussian = SVC(kernel='rbf')
gaussian.fit(X_train, y_train)
y_pred = gaussian.predict(X_test)
print ('Accuracy-svm:',
accuracy_score(y_test, y_pred))

Qeuafuf®:

Accuracy-logistic: 0.868421052631579
Accuracy-svm: 0.9736842105263158



21. PCA - Principle
Component Analysis
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9Ja1e) LIfLDTessTBIEH 6T Q)% TETL_ &I6 %6 T
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https://gist.github.com/

nithyadurai87/20d18bbda53e43de19222e24d3
30a398


https://gist.github.com/nithyadurai87/20d18bbda53e43de19222e24d330a398
https://gist.github.com/nithyadurai87/20d18bbda53e43de19222e24d330a398
https://gist.github.com/nithyadurai87/20d18bbda53e43de19222e24d330a398

import numpy as np

import matplotlib.pyplot as plt
import pandas as pd

from sklearn.model_selection
import train_test_split

from sklearn.preprocessing import
StandardScaler

from sklearn.decomposition import
PCA

df = pd.read_csv('./flowers.csv')
X = df[list(df.columns)[:-1]]

y = df['Flower']

X_train, X_test, y_train, y test
= train_test_split(X, vy,
random_state = 0)

pca = PCA(n_components=2)
X =
StandardScaler().fit_transform(X_




new_x = pd.DataFrame(data =
pca.fit_transform(x), columns =
['x1', 'x2'])

df2 = pd.concat([new_x,
df[['Flower']]], axis = 1)

fig = plt.figure(figsize = (8,8))
ax = fig.add_subplot(1,1,1)
ax.set_xlabel('x1', fontsize
15)

ax.set_ylabel('x2', fontsize
15)

ax.set_title('2 Components',
fontsize = 20)

for i, j in zip(['Rose',
'Jasmin', 'Lotus'],['g', 'b',

)

ax.scatter(df2.loc[df2['Flower']
=i, 'x1'l,




df2.loc[df2['Flower'] == i,
'x2'], ¢ =3)
ax.legend(['Rose', 'Jasmin',
"Lotus'])

ax.grid()

plt.show()

print
(pca.explained_variance_ratio_)

print (df.columns)
print (df2.columns)

Qeualuf® :

[0.72207932 0.24134489]



Index(['Sepal_length', 'Sepal_width',
'Petal_length', Petal_width', 'Flower'],
dtype="object")

Index(['x1', 'x2', 'Flower'], dtype='object")
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1:k]).x



4. 9 (h8$551% eTaiaiara) principle components
QBBESTO B56160 @)LPLIL] THISLD @) (BSH TSI
GTRTLIGN S5 HeT(H L1955 Couatt(hLd. @Q)enss
HeT(h LI $51% Fnmieu(Gg variance ereirmy

@ pESLILIGLD. Clumgeirs 99% variance
erailed Q)5S GHLOMD LITTSHIS 01 TessTL_ 6D
BOwg. 61arGeu K-ar 0@ LienLis
ST (R LI1G.BGLD U MUILILITL Te8TS) LIG8Teu (HLDTm]

O LOFDF.

Average squared projection error / Total
variance in the data >= 0.99 (ere5Gas 99%

<276y Variance-g 4% e alggis 0&mer&ma))

Where,

Avg. squared projection error =
(1/m).summation of(1 to m) . square of (x -
projected x)
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22. Neural Networks
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22.3 Forward propagation
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22.4 Back propagation
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@aTm FoL’ g 2ps network-er cost

SR SFLILIBSDG. OLingeurs gradient
descent algorithm -6 @eonES <arey
cost GeualLiLiL_& & 19 w auengule) Neuron-
&aflai 6Tem e emLoss (Q)bs back
propagation -g@i LweTLBHSHF DS

delta = error of each node in the corresponding
layer

Layer 3 : delta3 = h(x) -y
Layer 2 : delta2 = theeta T .delta3 .* a .* 1-a

Layer 1 : delta 1 = theeta T .delta2 .* a .* 1-a



where g'(z) = a .* 1-a = This is g-prime. =
derivative of the activation function g

. * = element-wise multiplication
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| J ' (Accumulator matriz ) |



http://www.kaniyam.com/wp-content/uploads/2019/02/N6.png

23. Perceptron

Perceptron erersGg neural networks-gsmesr
9 Liven_. @& @ CriGasr® epevd Lfss%
U HI05@FS%Ter binary classification
algorithm <y,@15. g emmed @) g logistic
regression Guimesin Se1g %mmenev
OLDEH TS, (1 BTG 6Taioumn) Ol&mEhFLD
Os1ehFLoMs SPMIS O\% TS D BT 9% 6w 68
QLY LILIGH L WTH eusb g, LIDFS STasenarL
UpPIL L LU wnss PmI% OFTaTH DG
GLpEFeTL T(HSHSHTL 190 4 LD HS
BI0ys6T QOFTRSSLILIL HeTere. e X1, X2
ereyyih 2 features-g eweug g 0 syevevg) 1 e1apLd



UG UIGT GLp YewLou|Ld HT6 6T LD F s G

2 _QTaTEH.

x1, x2,y

[0.4,0.3,1],
[0.6,0.8 ,1],
[0.7,0.5,1],
[0.9,0.2,0]

Neural Networks ererLigy Cpug wins spmis

O marermoed @enr_uiled Liev activation units-go
2 (HUTESE) 9 FeTLy LiLienl_ufled $PMIS

s merenLd erermy a1m6laserGou LITTgGHmLb.
@migLd features-gouid syFepenL_w weights-
b @evenigg Gragwrs hypothesis-gs
spmIs Csmarermoe, @evL_ufled activation
unit-g4 sers% S, LeT6eTT 9fLHLo S L1168
9Ly LitienL_uiled $76Y% @55 & appri CureTn)
weights-e wrmm) sflwmres wevpulled $pmI%



Qsrear@mg. Qg LleTeuHLomn). parameters
e1eri G5 ()i weights eresr
QY LPSHHLILIBHF DS

https://gist.github.com/nithvadurai87/
€6794ec008a7855681db4ba9164b54af

def predict(row, weights):
activation = weights[0]
for 1 in range(len(row)-1):
activation += weights[i +
1] * row[i]
return 1.0 if activation >
0.0 else 0.0

def train_weights(dataset,



https://gist.github.com/nithyadurai87/e6794ec008a7855681db4ba9164b54af
https://gist.github.com/nithyadurai87/e6794ec008a7855681db4ba9164b54af

weights = [0.0 for i in
range(len(dataset[0]))]
for epoch in range(n_epoch):
sum_error = 0.0
for row in dataset:
error = row[-1] -
predict(row, weights)
sum_error += error**2
weights[0] =
weights[0] + 1 _rate * error
for i in
range(len(row)-1):
weights[i + 1] =
weights[i + 1] + 1_rate * error *
row[i]
print('epoch=%d, error=
%.2f' % (epoch, sum_error))
print (weights)

dataset = [[0.4,0.3,1],




[0.7,0.5,1],
[0.9,0.2,0]]

1l rate = 0.1

n_epoch = 6
train_weights(dataset, 1l_rate,
n_epoch)

Bloaigasrer Geuefuf®):

epoch=0, error=2.00
epoch=1, error=2.00
epoch=2, error=2.00
epoch=3, error=2.00
epoch=4, error=1.00
epoch=5, error=0.00
[0.1, -0.16, 0.06999999999999998]
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Activation_unit_1 = w0.x0 + wl.x1 + w2.x2
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=0

if Activation_unit > 0, Predict 1
else Predict 0.
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24. Artificial Neural
Networks
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(P UIGD GW LD BSI QTG & T6LH6HGTL]
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OigasiL®eugme (@)g multi-class
classification-gsmesr o gmyewiid 4@ Lb.

https://gist.github.com/nithvadurai87/
b95e0ccd56464646da32ffdddb8b457f

from mlxtend.classifier import
MultilayerPerceptron as MLP
from mlxtend.plotting import
plot_decision_regions

import matplotlib.pyplot as plt
import numpy as np

X = np.asarray([[6.1,1.4],
[7.7,2.3],[6.3,2.4],[6.4,1.8],
[6.2,1.8],[6.9,2.1],
[6.7,2.4],[6.9,2.3],[5.8,1.9],
[6.8,2.3],[6.7,2.5],[6.7,2.3],



https://gist.github.com/nithyadurai87/b95e0ccd56464646da32ffdddb8b457f
https://gist.github.com/nithyadurai87/b95e0ccd56464646da32ffdddb8b457f

[6.3,1.9],[6.5,2.1 ],[6.2,2.3],
[5.9,1.8]] )

X = (X - X.mean(axis=0)) /
X.std(axis=0)

y:
np.asarray([0,2,2,1,2,2,2,2,2,2,2
121212I212])

nn =
MLP(hidden_layers=[50],12=0.00,11
=0.0, epochs=150, eta=0.05,
momentum=0.1, decrease_const=0.0,m
inibatches=1, random_seed=1, print_
progress=3)

nn = nn.fit(X, y)

fig = plot_decision_regions(X=X,
y=y, clf=nn, legend=2)




print('Accuracy(epochs = 150):
%.2f%%' % (100 * nn.score(X, y)))

nn.epochs = 250

nn = nn.fit(X, vy)

fig = plot_decision_regions (X=X,
y=y, clf=nn, legend=2)
plt.title('epochs = 250"')
plt.show()

print('Accuracy(epochs = 250):
%.2%%' % (100 * nn.score(X, y)))

plt.plot(range(len(nn.cost_)),
nn.cost_)

plt.title('Gradient Descent
training (minibatches=1)")
plt.xlabel('Epochs"')
plt.ylabel('Cost')

plt.show()




nn = nn.fit(X, y)
plt.plot(range(len(nn.cost_)),
nn.cost_)
plt.title('Stochastic Gradient
Descent (minibatches=no. of
training examples)')
plt.ylabel('Cost"')
plt.xlabel('Epochs")
plt.show()

ulp s sreayseners g messth MLP-&@ L
Ludn§ oyofls GGG, gl LI6sTeuHLOTm

srajseertl LNNs&Eng. @& e 1 eren/Ld
auans et GLp L9fFs LI GauesTiy wg)
ASPHGIW Q)L FHlwrs gyewiowmoed, 0
eTeiLb euensullarSLp LNNSSLILIL 19 (HLILIGNSS

& TGWTGVTLD.
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L& yeflgsLi urigsan. @QUGLTg
DSBS FTF@LD FHWTH

UMSLILIWSSLILIL 19 (HLILIGDSS &TERTGVTLD.
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nn.epochs = 250

nn = nn.fit(X, y)

fig = plot_decision_regions(X=X, y=y, clf=nn,
legend=2)

plt.title("epochs = 250")

plt.show()

epochs = 250
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st Goug st 150 eremyid GLing) s et accuracy
93.75% erewayid, 250 e1aiidGLingy et
accuracy 100.00% erewreyLd o wig@BLILIHSS

& TGITGV TLD.

Iteration: 150/150 | Cost 0.06 | Elapsed:
0:00:00 | ETA: 0:00:00Accuracy(epochs =
150): 93.75%

Iteration: 250/250 | Cost 0.04 | Elapsed:
0:00:00 | ETA: 0:00:00Accuracy(epochs =
250): 100.00%

2 BS3515 ea16leurs epoch-aLh g cost
LI TRIQUTD] (GHEDH DG GTGTLIS]

QUG TLIL DTS QU TBG STL L LILIHF DG
MLP-g@L uliln® <efls@uwCung
Qs1RS5LILIL (heTar parameter-gafe
e@aprer minibatches -ar @iy 1 ereer

9 emiopsTew gradient descent



e uiled FI6Y%EH%GL LUHS
9jaflg@Ld. @ensLl LIHmSsTeT perceptron-ed
FspCmmLb.

Gradient Descent training (minibatches=1)

144
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Cost

0.6

0.4

0.2 4

0.0

Epochs

<25/Geu minibatches - o@)Liny
QsrRSsLILIL BaTer TBNs FI6 e et
GTGRTGESST S & WITH {6® LD S TeY, 2yg Stochastic
gradient descent penpuiled $I0y%E@H%GLI
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2 aeuGg stochastic gradient descent oy @Lb.
T GoUS TG BLHSHSHEWTL_ QU TLILIL_5F)6D,
®6110)6umq epoch-ayLd SyFeienL_w COSt LoGLiLy
YMeGGILI LIPS Sreysenarujid CFigs)
FeISE) L LILI(BHeUS TV, emael Z1G-2ag auLg ailed
YOLOBF (HLILIGHSS HTeTVTLD. LO% 5%

2/ 6Te) 6TeRTeRN% e Uled LIUDRS ST0%eT

@ mws@LGung, gradient descent yeneu
DTS S UYL 611 06U TGN TH 4 TTUI B
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19 &@Ld. Y eaHwre, Qs CLrein
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26. &10)ewtTo & 6

9air augpLd YouTube Playlist & er6orgy
& 16) RTINS 6 GTE FTERTGVTLD

https://www.yvoutube.com/watch?
v=iHG8We58HVY &list=PL.5itdT07Pm8wxRa
PWI1iPntnBmnOs4ExDM

MI1-01 introduction to machine learning in
tamil - QuwESr aufls sPP® - @ B (LpSHLD
https://www.youtube.com/watch?
v=iHG8We58HVY

ML-02 Introduction to Machine Learning
Algorithms in Tamil


https://www.youtube.com/watch?v=iHG8We58HVY
https://www.youtube.com/watch?v=iHG8We58HVY
https://www.youtube.com/watch?v=iHG8We58HVY&list=PL5itdT07Pm8wxRaPWljPntnBmnOs4ExDM
https://www.youtube.com/watch?v=iHG8We58HVY&list=PL5itdT07Pm8wxRaPWljPntnBmnOs4ExDM
https://www.youtube.com/watch?v=iHG8We58HVY&list=PL5itdT07Pm8wxRaPWljPntnBmnOs4ExDM

https://www.youtube.com/watch?
v=AYMuT05i4gE

ML-03 Pandas - @ <nlwpsid - Introduction
to Pandas in Tamil
https://www.youtube.com/watch?
v=1jrK84i7Zv7g

ML-04 Machine Learning Model Creation in
Tamil

https://www.youtube.com/watch?
v=Nz6iJQZli-k

ML-05 Machine Learning Model - Prediction -
in Tamil

https://www.youtube.com/watch?
v=Q5HMDKepzRc

ML-06 Feature Selection - Manipulated
variable - Disturbance Variable


https://www.youtube.com/watch?v=Q5HMDKepzRc
https://www.youtube.com/watch?v=Q5HMDKepzRc
https://www.youtube.com/watch?v=Nz6iJQZli-k
https://www.youtube.com/watch?v=Nz6iJQZli-k
https://www.youtube.com/watch?v=1jrK84iZv7g
https://www.youtube.com/watch?v=1jrK84iZv7g
https://www.youtube.com/watch?v=AYMuT05i4gE
https://www.youtube.com/watch?v=AYMuT05i4gE

https://www.youtube.com/watch?
v=H85tTH HFMw

ML-07 Feature Selection - Process Variable -
RFE Technique - In Tamil
https://www.youtube.com/watch?
v=DyqlK24viso

ML 08 - Machine Learning in Tamil - 08 -
Improving Model Score

https://www.youtube.com/watch?
v=6c1vCfFI6qgl

ML 09 - Machine Learning in Tamil - Outliers
Removal

https://www.youtube.com/watch?
v=SfBNynpsoy0



https://www.youtube.com/watch?v=SfBNynpsoy0
https://www.youtube.com/watch?v=SfBNynpsoy0
https://www.youtube.com/watch?v=6c1vCfFI6qI
https://www.youtube.com/watch?v=6c1vCfFI6qI
https://www.youtube.com/watch?v=Dyq1K24v1so
https://www.youtube.com/watch?v=Dyq1K24v1so
https://www.youtube.com/watch?v=H85tTH_HFMw
https://www.youtube.com/watch?v=H85tTH_HFMw

ML 10 - Machine Learning in Tamil -
Explanatory data Analysis
https://www.youtube.com/watch?v=SliSuYJ-
xiu

ML 11 - Machine Learning in Tamil - Simple
Linear Regression
https://www.youtube.com/watch?
v=QB36E9yvIPI

ML 12 - Machine Learning in Tamil - Gradient
Descent

https://www.youtube.com/watch?
v=_3Cfw2gmQhl

ML 13 - Machine Learning in Tamil - Multiple
Linear Regression
https://www.youtube.com/watch?
v=ECK4bjIrWjw



https://www.youtube.com/watch?v=ECK4bjIrWjw
https://www.youtube.com/watch?v=ECK4bjIrWjw
https://www.youtube.com/watch?v=_3Cfw2gmQhI
https://www.youtube.com/watch?v=_3Cfw2gmQhI
https://www.youtube.com/watch?v=QB36E9yvlPI
https://www.youtube.com/watch?v=QB36E9yvlPI
https://www.youtube.com/watch?v=SliSuYJ-xiU
https://www.youtube.com/watch?v=SliSuYJ-xiU

ML 14 - Machine Learning in Tamil -
Polynomial Regression
https://www.youtube.com/watch?
v=8dJML0Xvzro

ML 15 - Machine Learning in Tamil - Feature
extraction using vectors
https://www.youtube.com/watch?v=-

Xktzn9XxGg

ML 16 - Machine Learning in Tamil - Natual
Language ToolKit
https://www.youtube.com/watch?
v=yZLG5hOIvPM

ML 17 - Machine Learning in Tamil - Logistic
Regression


https://www.youtube.com/watch?v=yZLG5hOIvPM
https://www.youtube.com/watch?v=yZLG5hOIvPM
https://www.youtube.com/watch?v=-Xktzn9XxGg
https://www.youtube.com/watch?v=-Xktzn9XxGg
https://www.youtube.com/watch?v=8dJML0Xvzro
https://www.youtube.com/watch?v=8dJML0Xvzro

https://www.youtube.com/watch?
v=dXEnjS7Xijgs

ML 18 - Machine Learning in Tamil - Multi
class classification

https://www.youtube.com/watch?
v=R_1XGhOIEoA

ML 19 - Machine Learning in Tamil - Neural
Networks

https://www.youtube.com/watch?
v=8pOBrF7bfqgs



https://www.youtube.com/watch?v=8pOBrF7bfqs
https://www.youtube.com/watch?v=8pOBrF7bfqs
https://www.youtube.com/watch?v=R_1XGh0lEoA
https://www.youtube.com/watch?v=R_1XGh0lEoA
https://www.youtube.com/watch?v=dXEnjS7Xjqs
https://www.youtube.com/watch?v=dXEnjS7Xjqs
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http://freetamilebooks.com/
authors/nithyaduraisamy/
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http://github.com/tshrinivasan/OCR4wikisource
https://github.com/KaniyamFoundation/Pdf2Text
http://github.com/tshrinivasan/tamil-tts-install
http://FreeTamilEbooks.com/
http://kaniyam.com/
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https://github.com/kishorek/Free-Tamil-Ebooks
https://github.com/khaleeljageer/FreeTamilEBooks
https://github.com/khaleeljageer/FreeTamilEBooks
https://github.com/KaniyamFoundation/SangaIlakkiyangal
https://github.com/fossbalaji/tamil-tts-web/
https://github.com/KaniyamFoundation/create_ebooks
https://github.com/tshrinivasan/tools-for-wiki/
https://github.com/tshrinivasan/Send2Kindle
https://github.com/tshrinivasan/Send2Kindle

» WikisourceEbooksReport @ p@uw
O omfls @& ssmest alE% eLpevLd
LOGSTeTeOS 6T LIS IDSHHLI LIL" 19 i6)

* FreeTamilEbooks.com — Download
counter tflerenrevser LIGaNnaHsELI
LI g uied

205 @55
P11 m1%a6T/GC\LoGEro)LITH L FaeiT

* QB eLpevGFeD 2 GTarT LOGTETeUSHEN G
uGSCra/ wpwp CroLi Lessilwrariser
epavid aflegpsi tevlp HBSS1S 6

* wpp Gy Blreven s Lenflwwis®
LeGaups L L pw CloeT LT Seir
2 (IH6U TS &S 6V


https://github.com/nithyadurai87/fte-ebooks-download-counter
https://github.com/nithyadurai87/fte-ebooks-download-counter
https://github.com/KaniyamFoundation/WikisourceEbooksReport

s0p NLP gamest tudp& i L' L_enpser
BL-SSIS6

FETWILD QUTFSHT QUL L_LD 2 (B6UTH S

sLL_pp QarQurmL seT,

G HCGwL 19 a1 HrLpesis 2 fleo Loudled
QUGBS G GT 2_(1H 6L TS & LIGU [ 56D 6T
FTL_PBEI 2615 G 6035560

sewflwd @)Ll G

LIBISEN LILITOTIH GO OT 2 (156U TS 356V,
Lind gyeflssed

STV TES551% S (b ()6 RIS aT
QFwaed)

T(PSZITIS & (b 3)ewewiwiBer
G Fwes



S0 SGWren L_F6T 2 (HauTsE)
ARYLIMICESR)

OpenStreetMap.org ed o_airar (@)1_L5,
%, 2017 O\LIW TS T SLOLPTSSHLD
QFuiged

SBIPBEIG WIS U|Lb
OpenStreetMap.org & eueniged

GLBEMSS FBHMaT P6d) oLy afled
SLLICEL,

Ta.wiktionary.org e g @GLBSS)
API g Carsns wrpmised

Ta.wiktionary.org s g@edLiL®aey
QFuiuyd ClFwad o 1heuTsGs e



http://Ta.wiktionary.org/
http://Ta.wiktionary.org/
http://OpenStreetMap.org/
http://OpenStreetMap.org/

s101p TSIl e psSH 53
2 (HUTHGHSB 6V

L0 Cauigblaned &memiib & @@l

2 (HQUTHGHS 6V

erevevr FreeTamilEbooks.com
Wererevsemaru b Google Play Books,
GoodReads.com & erpmigse

SO B 1_F5% 5p% @)ementt ClFuwied)

2 (HUTHGHS 6V

BLOLD 61 LD LI GEHR|LD SDD

@ ementw C)Fwaed o heursd@GHs e (
aamozish.com/Course preface Guimev)


https://aamozish.com/Course_preface
http://GoodReads.com/
http://FreeTamilEbooks.com/

Cupses L L migaT, GloeTo)LIT(hL Senar
2 (haums% QOFWeOLIBHSS 2 BI%6T 960 csTeufGor
2 FT0|LD CHenal. o mIFaTTed 6Tal e TGDER/ LD
URBISaNs% @QuieVLD 6Teufled 2 B1% 6T

afeugmisenar kanivamfoundation@gmail.com

&G LOIGSTGUT(6HFGO 9@y L1L{ MBI GIT.

29.6 QaafiLiLienL_gGgaeirenLo

seilwd s L enaruiler OFwesar,

G L _miFar, Qo6 LImBL S6T WTeyLd
et (% GLD Clungieunergnsaid, 100%
OeuafliLienL_ggerenowL_giLd ()5S GLb._
Q)% QevenrLilied OlFwedEmarud, Qb5
QeventLitled LoTF YW HewE, auga) O)Feway

fleuIBISEFL_GILD FTERTGTLD.



https://github.com/KaniyamFoundation/Organization/wiki
https://github.com/KaniyamFoundation/Organization/wiki
https://github.com/KaniyamFoundation/Organization/issues
https://github.com/KaniyamFoundation/Organization/issues
mailto:kaniyamfoundation@gmail.com

Fenflwih MESL 1L_emaTulled 2 (HheuTSELILI(BHLD
OO UITBRL FaT wireyLd L 1L_pHm

OO LmpL sarts epev BlaeyLer, GNU
GPL, Apache, BSD, MIT, Mozilla <& w

2 flevsaied @aTprs Qeueiui_LiLi@BLb.

2 (BUMESLILIBLD LD 6UGTEISET,

HeosLiLIL EIEeT, @adlsGHTLiLsaT,
H10)ewstTaf ST, LOGTETe0S%6T, HL (56 T%eT
WIQLD WAeUHLD LIS (HLD, LILIGTLI(HSSHILD
aewsulled FHCuwiL 19 &1 &MLoesTd 2 flenouiled

QBSGLD.

29.7 BTCISTEHL
2 BIG6T HET0)%Ten %6 L0/ (LpFHHTeT HL L_BD
QUGTTEISHEHGIT 2_(haU TG LD O\ FWeVHemar FDES

aansuiled aflengpg O\Fuiw 2a1d@alsELD.



LIGTU(BLD UBIF)S FeWTSEF)GD 251 6T
BTO)EMew L_Fenar ye/LiLd, o 1 Gesr
6V T B1H6® AT

kaniyamfoundation@gmail.com &

LO)GBTGST (6 hFGD @) LIL| MBI GT.

Kaniyam Foundation
Account Number : 606 1010 100 502
79

Union Bank Of India
West Tambaram, Chennai


mailto:kaniyamfoundation@gmail.com

IFSC - UBIN0560618

Account Type : Current Account

29.8 UPI Q5w aedls@nssmest OR Code

@mLiL: e UPI Gewelisaiiey @ps QR Code
Gauenev QFuiwmped CurserLd. 9FFLoWILD

GoBev 2 aTar aumIH S Hewid @, 1w, IFSC code

& LIWSTU(HSSLD.

Note: Sometimes UPI does not work
properly, in that case kindly use
Account number and IFSC code for
internet banking.



LI

BHIM UPI Payments Accepted at
Kaniyam Foundation

Account Number : 606101010050279, IFSC Code: UBIN0560618

Scan and Pay using any UPI supported Apps

?»P 0O~ QT

iMobile BHIM PhonePe PayTM SBI Pay Google Tez
=l P2 JA
LI~ B
RBL Pay DBS PNB UPI Yes Pay AXIS Pay Chiller

B0k

(A

Union UPI HDFC Baroda Pay

BOI UPI Maha UPI



https://i1.wp.com/www.kaniyam.com/wp-content/uploads/2019/02/photo6298347662029727911.jpg

	1. உரிமை
	2. ஆசிரியர் உரை
	3. உதாரணங்கள்
	4. உள்ளே செல்லும் முன்
	5. நன்றி
	6. அறிமுகம்
	7. Statistical Learning
	8. Probably Approximately Correct (PAC Method)
	9. Linear Regression
	9.1 Simple Linear Regression
	9.2 Multiple Linear Regression
	9.3 Simple Linear Algorithm
	9.4 Gradient descent
	9.5 Matrix
	9.6 Multiple Linear Algorithm

	10. Pandas
	11. Model file handling
	11.1 Model Creation
	11.2 Prediction
	11.3 Flask API
	11.4 Model comparison
	11.5 Improving Model score

	12. Feature Selection
	12.1 Highly Correlated features (MV - DV)
	12.2 Zero Correlated features (PV - MV,DV)
	12.3 Recursive Feature Elimination Technique

	13. Outliers Removal
	14. Explanatory Data Analysis
	14.1 Univariate
	14.2 Bivariate
	14.3 Multivariate

	15. Polynomial Regression
	15.1 Underfitting – High bias
	15.2 Overfitting – High variance
	15.3 Regularization

	16. Logistic regression
	16.1 Sigmoid function
	16.2 Decision Boundary
	16.3 Cost function
	16.4 Classification accuracy
	16.5 Confusion Matrix
	16.6 Precision, Recall & F1 score
	16.7 Trading-off between Precision & Recall

	17. Multi-class classification
	17.1 Vectors
	17.2 Natural Language Toolkit

	18. Decision Trees & Random Forest
	19. Clustering with K-Means
	19.1 Centroids (திணிவுக்கான புள்ளி)
	19.2 Elbow Method
	19.3 silhouette_coefficient

	20. Support Vector Machine (SVM)
	20.1 Large margin classifier (linear)
	20.2 Kernels (non-linear)

	21. PCA - Principle Component Analysis
	21.1 Data Projection
	21.2 Projection Error
	21.3 Compressed components

	22. Neural Networks
	22.1 Neural Network அமைப்பு
	22.2 h(x) கணிப்புகள் நிகழும் விதம்
	22.3 Forward propagation
	22.4 Back propagation

	23. Perceptron
	24. Artificial Neural Networks
	25. முடிவுரை
	26. காணொளிகள்
	27. ஆசிரியரின் பிற மின்னூல்கள்
	28. கணியம் பற்றி
	29. கணியம் அறக்கட்டளை
	29.1 தொலை நோக்கு – Vision
	29.2 பணி இலக்கு  – Mission
	29.3 தற்போதைய செயல்கள்
	29.4 கட்டற்ற மென்பொருட்கள்
	29.5 அடுத்த திட்டங்கள்/மென்பொருட்கள் 
	29.6 வெளிப்படைத்தன்மை
	29.7 நன்கொடை
	29.8 UPI செயலிகளுக்கான QR Code


