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["pappikn HoAtvdopdunon (Linear Regression)
* H ypaukn moAtvopdunon etval Eva moAD ONUOPIAES EPYAAELD, EMELON APOV KAVETE TNV

VTOOEGT OTL TO LOVTEAOD Elvar YPOUUIKO, OV YPEIALECTE TEPACTIO OYKO OEOOUEVIV

¢ 2N unyavikn nddnon avoeepduacte otov otalfepd 6po m¢ bias Kol GTOVC GUVTEAECTEC (G
weights

Ynobéote N mapoatnpnoelc Kor M yopoaktnpiotikd. To povtédo eivarl to akoAov0o
Y = a+b X +b,X,+....+b X +e

H tomkn mpooéyyion eivan va emidé€ete 10 @ ko to b; yuo va ghayiotonooete to PEco
TETPOYOVIKO cpaApa (mean square error - mse). Mnopeite va 0E10AOYNGETE TNV TPOYVMOGTIKN
atdO00T) TOV LOVTEAOL GUYKPIVOVTOG TO LEGO TETPOUYMVIKO o@dAua (mean square error - mse)

ota test data kou training data.

Av10 umopel va yivel avaAvTika pe yprion mtvakov. o Kkatastdcelc Omov anotteitol EAGYIGTOo

Kol OV VITAPYEL OVOAVTIKT AVOT), umopel va ypnoipuorombet o alydpiBuog gradient descent.



ALyop1Ouoc gradient descent

O o1OY0¢ €lval N ELOYIGTOTOINGT UOG GLVAPTNONG AAAGLOVTOC TOPUUETPOVC.

Ta Pypoata etvor to €ENC:

1. Emélte apyikn Tiun yio Tig TopoUETPOoG.

2. Bpeilte v mo amoétoun xAiion steepest slope : oniadn v xatevOBvvon
OTNV OToio. TPEMEL VO OAAGEEL N TOPAUETPOS Yoo Vo UeElwBOel n
OVTIKELLEVIKT] CLVAPTNOT KOTA TO LEYAADTEPO TOGO.

3. Kdvte éva o kdtom mTpog tnv katevhuven e mo amdToun KAion.

4. EmovoAidPete to frjuata 2 ko 3.

5. 2vveyiote UEYPL voL PTAGETE GTO TEAOC.



Categorical features (katnyopikd yopoKTNPIOTIKG)

* Ta Kotnyopikd yopoKTNPIOTIKA VAL YOPUKTNPLOTIKA OOV LITAPYEL EVOG
aplOUOC un aplOUNTIKOV EVOAALAKTIKOV

* Mropovue vo. opicovue pioe Dummy Variable ywo kd0e evarioxtikn. H
uetoPAnt wovtar pe 1 €dv M evoAAOKTIKN €lvor aAnONC Kot unogv
OLoPOPETIKA. AvTd givon Yvmwotd ¢ one-hot encoding

* AMG UEPTKEC POPEC OEV YPELALETOL VO TO KAVOVUE OUTO ETELON LILAPYEL
Lt QUGIKT GEPA. LeETAPANTOV, T.Y.

* LKpO=1, pecaio=2, peyaro=3



Dummy Variable Trap
* A¢c vmoBéoovue Ot Eyovpe Evav otafepd Opo Kal Evav aplud ard dummy
uetapAntéc (ioeg ne 0 M 1).

* Tote 0ev vmApyYEL LovadIKn Avon yioti, yioo omoloonmote C, umopoovue va
npocBécovue C otov otabfepd O0po kol va apatpécovue 10 C amd kabeuia
amd Tic dummy petafAntég ympic va aAldEovue TV TpOPAey.

*’Eoctw: Y =a+--.+byvy + bv, + €

omov v; and v, sivor dummy petafAntéc £tor mote Otav To Evol givarl 0 To
daAro givon 1. Avto 1coovvapuet e

Y=((@+C)+:.+(b; —C)v; + (b,—C)v, + €

* To Regularization (6a cv{nBOei) Aver avtd T0 TPOPAN L.



Overfitting kot Variable Selection

* AnAaon 060 mep1ocoTEPES LETAPANTES TOGO TO KaALTEPO; OXI!

* Ol TPOGEKTIKA EMAEYUEVES LETAPANTES UTOPOVV Vo feATiOcOVV TNV aKpifElo TOV LOVTEAOV.
* AAAG M TpocsONKN TApo TOALDV AstTovpyimV umopei va oonynoet e Overfitting.

* To wpoPinuo cvoyétiong (Correlation Problem).

* Ta Overfitted povtéda meptypdpovv Toyoio cQAEALN VT YO TNV VTOKEILEVT] GYEDT).

* Ta Overfitted povtéha £yovv YEVIKA KOKN TPOYVOGTIKY] ATOO0GT).

* H emAoyn povtélov umopel va amodetyfel ypnowun v tnv €0PecT €vOC OAtyoueTaPAnTOL
(parsimonious) HovTéAOV TOL £YEL KUAN TPOYVOGTIKT GOS0,



To mpoPAnuoa cvoyétiong (Correlation Problem)

* Ac vmoBEcovpe OTL LITAPYOLY OVO YOPUKTINPIGTIKA Y10 TNV EKTIUNGN TNC TIUNG TOV GTLTIOV, T
omoia eivor ToAd vYNAAL cueyeTICOUEVO.

X, Terpayovikd petpa vroyeiov

X,: Tetpaymvikd HETPO TPAOTOL OPOPOL
H kaAvtepn mpocapuoyn oto training set umopet va eivat:

Price = 10X,—-9.5X,

To mapandvem kdver overfit. "Eva kaAvtepo povtédlo Ba pmopovoe va givan 1o ookdOAov0o
Price = 0.5X; 7 Price =0.5X,



Regularization

* Regularization eivar évag tpoémog amopuyng overfitting «oi, mOavoc,
OTAOTTOINGNC TOL LOVIEAOV UEIOVOVTOS TOV aplOUd TOV YOPOKTIPIGTIKMOV.

* EvoaAlaxTikéc:
 Ridge
* Lasso
« Elastic net

* [Ipéner mpoTta vo Kdvoopue scale Tig TINES TOV YuPUKTPLOTIKOV.



Ridge regression

* Mewwver 10 pEYEDOC TOV GULVTEAEGTOV TAAMVOPOUNGNC EMIAEYOVTOC MO TOPALETPO
ELOYIGTOTOIMVTOG
m
mse +AZ b?
i=1

« KbOproc mepropiopde: to traditional inference dev umopel vo epapupoctel dueco oe
ekTiunoelc ridge regression (va giote mpooektikol) — yperdletal «bootstrapping» ywo tnv
a&loldynon g okpifelog Tov ektiunosmyv ridge regression — (vwoloyioTikd ypovoBopa).

e Thati Ridge regression; ‘Iowm¢ 0élete vo TPOCOPUOCGETE TNV TOAVGVYYPOLUIKOTNTO
(multicollinearity), oALd Kot vo d10TNPNOETE TOVEC TPOYVIOGTIKOVE TOPAYOVTES/ LETAPANTES
GTO HOVTEAOD LE «GMOTOVC) GLVTEAESTEG (LE Pdon To Tpdonuo).

L2 regularization

* A = hyperparameter. Mia peydin Ty oto A, Oa odnynoet ta b oe unodév



* Ydpyovv o1popeg EMAOYEG Y100 ETIAOYT TOL A
A. likelihood function-based criteria (Adj. R?, AIC, SBC, ...)

B. cross-validation — ypnowonotei pépog tmv training data yio va kavet fit to povtého,
Kol EVOL OLOLPOPETIKO LEPOG Y10, VO EKTIUNOEL TO SPAAL TTPOPAEYNC (Y. MSE)

 k-Fold Cross Validation: Awywpiote to dedopéva o K icov (mepimov ) peyébovg
uépn. Kpoatote éva pépogc tov dsdouévov yio, validation kor mpoocopudote 10
HovtéAo oto vmoroma K — 1 puépn tov dedouévmv. Xpnoiuomotmote avtd T0 LOVIEAOD
Y10, VO VTTOAOYIGETE TO GOPAAL TPOPAEYNC Y10 TO OEGUEVUEVO TUNLOL TOV OEOOUEVMV.
Kévte avtd yio 6o ta K uépn ko ocvvdovdote tic K exktiunoel tov oOANOTOC
tpoPreync ko kotoAnEte ekel Omov elaylotomoleiton To Cross-validated mean

squared error (MSE).



Lasso Regression (uéowm gradient descent)

* [Tapouota pe tn Ridge regression pe tn otpopd LOVO 6TV EAAYLIGTOTOINGT TNC

m
mse + AZIbiI
i=1

e Avtd €yel ¢ omotéAecua TNV TANPN E€EAAEWWN] TOV ALYOTEPO ONUUVTIKOV
YOPOKTNPIOTIKAOV. Apo kavel variable selection tpomomoidvtag v extiunon tov
GUVTEAECTI KOl LEIMVOVTOS OPLOUEVOVS GLUVTELEGTEG GTO UNOEV.

* Em\oyéc yio tnv edpeon tov A dmm¢ Kot ue to ridge regression
A. likelihood function-based criteria (Adj. R?, AIC, SBC, ...)
B. cross-validation (m.y., k-fold cross-validation,...)



Elastic Net Regression (uéocw gradient descent)

* Meta&v Ridge kot Lasso

* EAloyiotomoinon

m m
mse + /112 b? + 2, zlbil
=1 =1

* Emloyég yio tnv edpeon tov A Omwg ko pe ridge xou lasso regressions
A. likelihood function-based criteria (Adj. R?, AIC, SBC, ...)
B. cross-validation (mt.y., k-fold cross-validation,...)



Eg@appoyn lowa House Price

Avoiéte 1o apyeio Original _Data.xlsx. mov wepriopufdver 80 yopaktnpiotikd

via. 2908 omitio oty AidPoa.

* O o16y0¢ eivan va TtpoPAEyovue TIC TIUEC TV otV otV AidPa pe Pdaon
ta, yopoktnplotikd. [lapatnpeite 6t1 vdpyovv missing values (NA).

* Metd amd data cleaning «oatolgyovue oe 2908 omitio kot Oa
YPNGLULOTOINGOVUE 47 YOpUKTNPIGTIKA.

* Xpnowomotovue 800 mapatnpnoeic oto training set, 600 oto validation set
ka1 508 oto test set.



* Avoilte to apysio Houseprice data scaled.xlsx wov mepthapupdver to
0€00UEVO TTOV D0, YPNGILOTOGOVUE GTNV AVAAVGT] LLOG

¢ 21 numerical variables
“»2 categorical variables

Lot area (sq ft) Number of half bathrooms
Overall quality (scale from 1 to 10) Number of bedrooms

Overall condition (scale from 1 to 10) | Total rooms above grade

Year built Number of fireplaces

Year remodeled Parking spaces in garage
Basement finished sq ft Garage area sq ft

Basement unfinished sq ft Wood deck sq ft

Total basement sq ft Open porch sq ft

1st floor sq ft Enclosed porch sq ft

2" floor sq ft Neighborhood (25 alternatives)
Living area Basement quality (6 natural ordering)
Number of full bathrooms




Anoteléopota - Linear Regression

* Avoi&te to apyeio python 5.1 linear_regression.ipynb

Features Weights Features Weights

: [¢ roE at the train set LotArea 0.079 BrkSide 0.021
1r=L:|:.r1ear"Regr."essiDn(:I| Overa”Qual 0.214 ClearCr -0.007
T OverallCond 0.096 CollgCr -0.007
print(mse(y_train,pred)) YearBuilt 0.161 Crawfor 0.036
©.1140152643124634 YearRemodAdd 0.025 Edwards -0.001

|- [T — BsmtFinSF1 0.091 Gilbert -0.008
1r.fit(X_train,y train) BsmtUnfSF -0.033 IDOTRR -0.002
ot vl mes)) TotalBsmtSF 0.138 MeadowV  -0.016
rtresaosecatasies 1stFIrSF 0.153 Mitchel -0.028
2ndFIrSF 0.133 Names -0.039

# Cregte dotaFrame with corresponding feature ond its respective coefficients GrlLivArea 0.161 NORid.ge 0.052
cocfe - ph.dataframe( T R FullBath -0.021 NPKVill -0.022
[ HalfBath 0.017 NriddgHt 0.124
[‘intercept'] + list(X_train.colums), BedroomAbvGr -0.084 NWAmMes -0.052
Hst(lr.Intercept ) + List(lr.coet_[¢]) TotRmsAbvGrd 0.083 | OLDTown  -0.026
},tpgnspnse[),set_index[@) Fireplaces 0.028 SWISU -0.004
GarageCars 0.038 Sawyer -0.018

i:g{x:iiizz[iFE:t'EiF?E]ﬁTEEtrain columns GarageArea 0.052 Sawyerw 0.028
lreg:cneffin:ient['tgef E:‘;imate'i = pd:Series(lr‘.anf_[EJ]} WoodDeckSF 0.021 Somerst 0.028
print(lreg_coefficient)| OpenPorchSF 0.034 StoneBr 0.063
] EnclosedPorch 0.007 Timber -0.003

Opiopéva weights eivor apvntikd étov Oo mepluévopue va, givor Blmngtn -0.018 Veenker 0.002
DetKd. Blueste -0.013 Bsmt Qual 0.011

BrDale -0.025
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Anoteléonata - Ridge Regression

* Avoi&te to apyeio python 5.2 ridge_regression.ipynb

T to validation set

1: # Importing Ridge
from sklearn.linear_model import Ridge
0.130 4

# The alpha used by Python's ridge should be the lambda times the number of observations

alphas=[@.081%1300,0.01"1300, @.02*1800, 0.23*1800, @.04%130@, ©.85%1800, @.075"1300,0.1%1800,0.2%1500, ©.4*1804]

#alphas = np.linspace(@, 3.8, num=28)%*1860 # from @ to 3 with 20 numbers inside

#alphas = range(@,2%1808)

mses=[]

for alpha in alphas:
ridge=Ridge(alpha=alpha) 0.126 -
ridge.fit(X_train,y train)
pred=ridge.predict(X wal)
mses.append(mse(y_val,pred))
print{mse(y_val,pred))

0.128 4

0.124 4

mse

.11782368844694855
.11703284346091346
.117187597319753601 0.122 1
.11723952924901127
.11741457158889515
.11762384868711462 0.120 -
.11825789631198018
.11960657469147929
.12254649996292954
.1387359968074713 0.118 A

[~~~ - R~ R« <]

]: plt.xlabel( lamda")

plt.ylabel( "mse") J T T T T T T T T
lamdas - [i/180@ for i in alphas] 0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40

plt.plot(lamdas, mses) lamda

e Ooc0 peyoldvel 10 A HEYOADVEL KOl TO MSE,
e TwAoano 0 £wg 0,1, o1 awéNoelg oto Mse givor LikpEG.
16



1:

Weights pe faon to Ridge 6tav A=0.1

Ridge Regression

# Import Ridge
from sklearn.linear model import Ridge
# The alpha used by Python's ridge should be the Lambda times the number of observ
# Here we produce results for alpha=188 which corresponds to Lambda=8.1
ridge = Ridge(alpha=188)
ridge.fit(X _train, y train)
# DataFrame with corresponding feature and its respective coefficients
coeffs = pd.DataFrame(
[
["intercept'] + list(X_train.columns},
list({ridge.intercept_) + list(ridge.coef [@])
]

}.transpose().set_index(@)

ridgereg_coefficient = pd.DataFrame()
ridgereg_coefficient["Features™] = X_train.columns
ridgereg_coefficient['Coef Estimate'] = pd.Series(ridge.coef [8])
ridgereg_coefficient

Features Weights Features Weights
LotArea 0.071 BrkSide 0.014
OverallQual 0.195 ClearCr -0.004
OverallCond 0.076 CollgCr -0.004
YearBuilt 0.104 Crawfor 0.033
YearRemodAdd 0.046 Edwards -0.004
BsmtFinSF1 0.103 Gilbert -0.010
BsmtUnfSF -0.016 IDOTRR -0.008
TotalBsmtSF 0.111 MeadowV -0.017
1stFIrSF 0.122 Mitchel -0.027
2ndFIrSF 0.079 Names -0.034
GrLivArea 0.159 NoRidge 0.056
FullBath 0.007 NPkVill -0.023
HalfBath 0.031 NriddgHt 0.119
BedroomAbvGr -0.060 NWAmMmes -0.047
TotRmsAbvGrd 0.081 OLDTown -0.032
Fireplaces 0.042 SWISU -0.009
GarageCars 0.047 Sawyer -0.019
GarageArea 0.060 SawyerW -0.024
WoodDeckSF 0.025 Somerst 0.027
OpenPorchSF 0.037 StoneBr 0.064
EnclosedPorch 0.003 Timber 0.000
Bimngtn -0.016 Veenker 0.006
Blueste -0.012 Bsmt Qual 0.037
BrDale -0.021

17



AwAéyovtag to A pe Baon K - fold cross-validation (k=10)

Selecting alpha based on k - fold cross-validation

#Instead of arbitrarily choosing alpha =4 Features WEIghtS Features We|ght3

#% , it would be better to use cross-validation to choose the tuning parameter alpha. We can do this us H

SeLocting Lambda LotArea 0.073 BrkSide 0.015

##Fit Ridge regression through cross validation Overa”QuaI 0.199 ClearCr -0.004

from sklearn.linear model import RidgeCV OverallCond 0.079 CO”ng -0.004

regr_cv= RidgeCV(alphas=alphas, fit_intercept=True, cv=18) YearBuilt 0.112 Crawfor 0.034

del cv2= Fit(X train,y trai

model cvamigha | reiny_train) YearRemodAdd 0.042 Edwards -0.003
BsmtFinSF1 0.103 Gilbert -0.009

135.8 BsmtUnfSF -0.018 IDOTRR -0.007

. ) TotalBsmtSF 0.114 MeadowV -0.017

# MSE at the validation dotaset .

ridge=Ridge(alpha=model cw2.alpha ) 1stFIrSF 0.125 Mitchel -0.027

ridge.fit(X_train,y_train) 2ndFIrSF 0.084 Names -0.035

pred=ridge.predict({X_val) . .

print({mse(y_wval,pred)) GrLivArea 0.164 NORldge 0.056

8.11825789631198018 FullBath 0.002 NPkVill -0.023
HalfBath 0.029 NriddgHt 0.121

o g jehr gt BedroomAbvGr -0.064 NWAmes -0.048

ridge=Ridge(alpha=-model cv2.alpha )

ridge.fit(X_train,y_train) TotRmsAbvGrd 0.081 OLDTown -0.032

pred=ridge.predict(X_test) .

pr‘int(mse[y_test,pr‘ed:l:l FII’Gp'&CES 0039 SWISU '0009

. 12617505465302704 GarageCars 0.045 Sawyer -0.019
GarageArea 0.059 SawyerW -0.025

:Ff"‘dg'i e WoodDeckSF 0.024 Somerst 0.027

import model

from sklearn.linear model import Ridge OpenPOt’ChSF 0.037 StoneBr 0.064

# Here we produce results for alpha=135 which corresponds(to Laombda=135/1800=0.0875 EnclosedPorch 0.004 Timber -0.001

ridge=Ridge(alpha=model cv2.alpha ) ’ )

ridge.fit(X_train, y_train) Blmngtn -0.016 \Veenker 0.006

# DataFrame with corresponding feature and its respective coefficients Blueste -0.012 Bsmt Qual 0.033

coeffs = pd.DataFrame( BrDale -0.022

[
["intercept®] + list(X¥ train.columns),
list{ridge.intercept_) + list{ridge.coef [8])
]

) -transpose().set_index(@)

ridgereg coefficient = pd.DataFrame()

ridgereg_coefficient["Features"] = X_train.columns

ridgereg_coefficient[ 'Coef Estimate’] = pd.Series(ridge.coef _[8])

ridgereg_coefficient 18



Anoteléopota - Lasso Regression

* Avoi&te to apyeio python 5.3 lasso_regression.ipynb

e T to validation set

# We now consider different Lambda values. The alphas are half the Lambdas w0
alphas=[@.81/2, @.82/2, @.83/2, @.84/2, 0.05/2, B8.875/2, 0.1/2] 0.140 1 -
mses=[]

for alpha in alphas:
lasso=Lasso{alpha=alpha)
lasso.fit(X_train,y_train) 0.135 -
pred=lasso.predict(X_wval)
mses.append{mse(y_val,pred))
print(mse(y wval, pred))

.11654751989688795 0.130 4

.11682687945311097
.1180334835313283
.12012836764959005
.12301536003084047 0.125 A
.13178576395045638
.1481719458448378

mse

[ I R I ]

0.120
plt.xlabel('lamda")

plt.ylabel( 'mse")
lamdas = [i *2 for i in alphas]

plt.plot(lamdas, mses) . . g .
0.02 0.04 0.06 0.08 0.10
lamda
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* Non-zero weights pe faon to Lasso 6tav A=0.1 (15 yopaxtnpiotikd eivol Ta o onuavtikd) - Variable
selection

Feature Weight

N P— Lot Area (sqyare feet) 0.04
bt st B Overall quality (Scale from 1 to 10) 0.30
lasso - Lasso(alpha-9.05) Year built 0.05
Lasso(alphazo.05) | | N Year remodeled 0.06
Coctfa — pd.Datarrame( | T Joorure and 5 respective cosfyictents Finished basement (square feet) 0.12
ST S S R Total basement (square feet) 0.10
] list(lasso.intercept ) + list(lasso.coef ) First floor (square feet) 0.03
)-rranspose(). set_index(®) Living area (square feet) 0.30
lassoreg_coefficient - pd.DataFrame() Number of fireplaces 0.02
Locsores cooFFlcient]"Coof Eetinate.] - pd.Series(lasso.coet ) Parking spaces in garage 0.03
lassoreg_coefficient Garage area (square feet) 0.07

' Neighborhoods (3 out of 25 non-zero) 0.01, 0.02, and 0.08
Basement quality 0.02

20



AwAéyovtog To A e faon K - fold cross-validation (k=

##We can alse select alpha based on the cross-validated ridge regression function, LasseCV().
##Selecting Lambda
##Fit Lasso regression through cross validation

from sklearn.linear_model import LassoCV

regr_cv= LassoCV(alphas = None, cv = 18, max_iter = 18000@)
model_cv2=regr_cv.fit(X_train,y_train)

model_cv2.alpha_

C:\Users\thano\anaconda3\lib\site-packages\sklearn\linear_model’_coordinate descent.py:1571: DataConversionWarning: A column
ctor y was passed when a 1d array was expected. Please change the shape of y to (n_samples, ), for example using ravel().
y = celumn_or_1d(y, warn=True)

@.085637136472209141

# MSE at the validation dataset
lasso=Lasso(alpha=model_cv2.alpha )
lasso.fit(X_train,y_train)
pred=lasso.predict(X_val)
print(mse(y_val,pred))

8.11649288992474192

# MSE at the test dataset
lasso=Lasso(alpha=model_cwv2.alpha_ )
lasso.fit(X_train,y_train)
pred=lasso.predict(X_test)
print({mse(y_test,pred))

@.11886996279710277

# Here we produce results for olpha=p.886 which corresponds t& Lambda=8.
lasso = Lasso(alpha=model cv2.alpha )

lasso.fit(X_train, y_train)

# DotaFrame with corresponding feature and its respective coefficients
coeffs = pd.DataFrame(

[
['intercept'] + list(X train.columns}),
list({lasso.intercept ) + list(lasso.coef )

}.transpose().set_index(@)

lassoreg_coefficient = pd.DataFrame()
lassoreg_coefficient["Features"] = X_train.columns
lassoreg_coefficient['Coef Estimate'] = pd.Series{lasso.coef )
lassoreg_coefficient

10)

Features

Weights

Features

Weights

LotArea
OverallQual
OverallCond

YearBuilt
YearRemodAdd
BsmtFinSF1
TotalBsmtSF
1stFIrSF
GrLivArea
HalfBath
BedroomAbvGr
TotRmsAbvGrd
Fireplaces
GarageCars
GarageArea
WoodDeckSF
OpenPorchSF
Blmngtn

0.077
0.228
0.082
0.137
0.032
0.122
0.107
0.038
0.302
0.018
-0.069
0.061
0.029
0.034
0.058
0.019
0.031
-0.009

Blueste
BrDale
BrkSide
Crawfor
Edwards
MeadowV
Mitchel
Names
NoRidge
NPkVill
NriddgHt
NWAmes
OLDTown
SawyerW
Somerst
StoneBr
Veenker
Bsmt Qual

-0.005
-0.014
0.023
0.040
0.005
-0.004
-0.014
-0.012
0.055
-0.014
0.128
-0.035
-0.011
-0.013
0.029
0.063
0.004
0.015
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Anoteléouota - Elastic Net Regression

* Avoi&te o apyeio python 5.4 elasticnet_regression.ipynb

e T to validation set

#ENET with different Levels of alpha and its mse
# We now consider different Lombdo values. The alphas are half the Lambdas
alphas=[@.01/2, ©.82/2, 8.03/2, @.84/2, ©.85/2, ©.875/2, 8.1/2]
mses=[ ]
for alpha in alphas:
e_net =ElasticMet(alpha=alpha)
e_net.fit(X_train,y_train)
pred=e_net.predict(X_val)
mses .append(mse(y_val,pred))
print(mse(y_val, pred))

.11666265584936347
.11665113418337 304
.1166935432681165
.1171533394764451
L11774118314186564
L12828528749167629
.12482885248512784

[ o R ]

plt.xlabel("lamda"')

plt.ylabel{ 'mse")

lamdas = [1i *2 for i in alphas]
plt.plot(lamdas, mses)

mse

0.124 1

0.123 +

0.122 A

0.121 1

0.120 A

0.119 A

0.118 A

0.117

0.02

0.04

0.06
lamda

0.08

0.10
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]1:

Non-zero weights pe Bdon to Enet étav A=0.1 (23 yapaktnpiotikd ivat To To onuavtika) - Variable

selection

# Elastic Net
# import model
from sklearn.linear_model import ElasticNet

# Here we produce results for alpha=8.85 which corresponds to Lambda=8.1
e net = ElasticNet(alpha=£.85)
e net.fit(X _train, y_train)

# DataFrame with corresponding feature and its respective coefficients
coeffs = pd.DataFrame(
[
['intercept’'] + list(X_train.columns),
list{e net.intercept ) + list(e net.coef )

]
}.transpose().set_index(@)

enetreg coefficient = pd.DataFrame()

enetreg coefficient["Features"] = X train.columns

enetreg coefficient| 'Coef Estimate'] = pd.Series(e net.coef )
enetreg_coefficient

Features Weights

LotArea 0.06
OverallQual 0.26
OverallCond 0.03
YearBuilt 0.08
YearRemodAdd 0.06
BsmtFinSF1 0.12
TotalBsmtSF 0.09
1stFIrSF 0.05
GrLivArea 0.29
BedroomAbvGr -0.01
TotRmsAbvGrd 0.01
Fireplaces 0.03
GarageCars 0.04
GarageArea 0.06
\WoodDeckSF 0.01
OpenPorchSF 0.02
Crawfor 0.02
NoRidge 0.04
NriddgHt 0.11
NWAmMes -0.01
Somerst 0.01
StoneBr 0.05
Bsmt Qual 0.03
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AwAéyovtag To A pe Baon K - fold cross-validation

Selecting alpha based on cross-validation

##e can also select the alpha using the cross-validated ridge regression function, ElasticNetCV().

##Fit Enet regression through cross validation

from sklearn.linear_model import ElasticNetCv
regr_cv= ElasticNetCv(alphas =
#regr_cv=LassoCV(alphas=range(1,58))

model_cv2=regr_cv.fit(¥_train,y_train)

model cv2.alpha_

C:\Users\thano\anaconda3\lib\site-packages\sklearn\linear_model\_coordinate_descent.py:1571: DataConversionWarning: A
ctor y was passed when a 1d array was expected. Please change the shape of y to (n_samples, ), for example using ravel
y = column_or_1d(y, warn=True)

8.811274272944418283

# MSE at the validation dataset
e_net=ElasticMet(alpha=model cv2.alpha_)

e_net.fit(X_train,y train)
pred=e_net.predict(X_val)
print({mse(y_val,pred))

@.11661858532779355

# MSE at the test dataset

e_net=ElasticMet(alpha=model cv2.alpha_)

e net.fit(X train,y_train)
pred=e_net.predict(X_test)
print{mse(y_test,pred))

©.11919797316720483

# Elastic Net
# import model

from sklearn.linear _model import ElasticMet

# Here we produce results for alpha=2.811 which corresponds to( lambda=8.822
e_net = ElasticMet(alpha=model cv2.alpha_)
e net.Fit(X train, y_train)

# DataFrame with corresponding jfeature and
coeffs = pd.DataFrame(

[

= 18, max_iter = 100000)

its respective coefficients

["intercept’] + list(X train.columns),
list(e net.intercept_) + list(e net.coef )

). transpose().set_index(@)

enetreg_coefficient

enetreg_coefficient

pd.DataFrame( )
enetreg_coefficient["Features"]
enctreg_coefficient[ "Coef Estimate’]

¥X_train.columns
pd.Series(e_net.coef )

Features

Weights

Features

Weights

LotArea
OverallQual
OverallCond

YearBuilt
YearRemodAdd
BsmtFinSF1
TotalBsmtSF
1stFIrSF
GrLivArea
HalfBath
BedroomAbvGr
TotRmsAbvGrd
Fireplaces
GarageCars
GarageArea
WoodDeckSF
OpenPorchSF
Blmngtn

0.077
0.227
0.080
0.133
0.034
0.121
0.104
0.043
0.293
0.020
-0.066
0.064
0.030
0.035
0.058
0.019
0.031
-0.009

Blueste
BrDale
BrkSide
Crawfor
Edwards
MeadowV
Mitchel
Names
NoRidge
NPkVill
NriddgHt
NWAmes
OLDTown
SawyerW
Somerst
StoneBr
\Veenker
Bsmt Qual

-0.005
-0.014
0.023
0.040
0.004
-0.004
-0.014
-0.013
0.055
-0.014
0.127
-0.035
-0.012
-0.013
0.029
0.063
0.004
0.018
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20VOYN TOV OTOTEAEGLLATMV

» Xmpig regularization vadapyer overfitting. Opiouéva weights givatl apvntikd
Otav Ba mepruévapue va eival Oetikd. Agite o mopdoeryuo tTng TOALVUETAPANTNC

YPOUULIKTC TTOALVOPOUNGTGC.

»Mze Bdaon to K-fold cross-validation

* To Mean squared error yio to test set yia to Ridge pe Bdon to 10-fold ivon
12%, dpa eEnyeitar to 88% 1t orakvpavonc.

* To Mean squared error yw to test set yio to Lasso ko to Enet pe Bdon 1o 10-
fold etvon 11,9 %, dpa e€nyeiton To 88,1% g dakduavenc.

* [Tol0 pukpéc drapopéc petald Ridge, Lasso , ENet !

» Y TOpyovv Kot GAAO KPITPLO TOV UTOPEITE VoL AMAPETE VTOYLV Y10l TNV ETAOYY
TOV A.
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