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Mootk NaAwvdpdéunon

@ H ypapuikn maAwdpodunaon sivat Eva oAD SNUOPLAEG epyaAElo.
@ Av UTIOB£00UVHE OTL TO HOVTEAO €lvaLl YPOAPULKO, eV anattelTal TEPATTLOC
OYKOG DedOEVWV.
@ XTn unxovik pdenon:
@ 0 0TtaBepdC 6pog ovoudletal bias
@ oL ouvTeAeoTEC ovoudlovtal weights

Mo N MaPATNPACELG KAl M XOPAKTNPLOTIKA:

Y=a+biXi+b2Xo+ - +bmXm+e
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Mean Squared Error

H tumkn mpoc€yylon eivat va emAEEOVUE TO a KAl TA b; WOTE va
EAQYLOTOTIOLE({TAL TO UECO TETPAYWVLKO CQAALQ:

1< .
MSE =~ Z(YI -yi)?
=1
@ To MSE a&loAoyel Tnv mpoyvwaoTikA anédoon.
@ Juykpivoupue tnv andédoon oe:

e training data
o test data

@ J& TLO YEVIKEG TIEPUMTWOELG MMOPOUE va xpnotponoltjoovue gradient
descent.
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AAy6pLBuoc Gradient Descent

2TOX0G: €AaxLOTOMO(NON MLAC AVTLKELLEVIKAG ouvdpTtnong aAAdlovTag
MO PAMETPOUG.

BAuaTa:

@ EmAéyouvue apylkéG TIHEC Y TG MAPAPETPOUG

© Bpiokouvpue TNV KATEVBLYVON TNC Lo andTouNnG KAloNng
© Kdavovupe éva Bripa mpog TN owaoTh KatevbOvvaon

©Q EnavoAapBdvoupe

@ Ztapatdue 6tav vndpEsl oOYKALON
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Overfitting kot Variable Selection

@ MepLoodtepeg peTaBANTEC HEV onuaivouvy MAVTA KAADTEPO HOVTEAO.

@ H mpooBriKn MOAAWY XaPAKTNPELOTIKWY Urmopel va odnyrioel oc overfitting.

@ Ta overfitted povtéAa meptypdgouy Tuxaio 66pLBO KAl OYL TNV TPAYUATLKA
oxéon.

@ Zuvnbwg €xovv xeLpdTEPN out-of-sample mpdPBAeyn.

2tdX0C:
@ éva parsimonious LIOVTéAO
@ & KaAA MPOoyvwoTkA andédoaon
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Correlation Problem

Eotw 600 MOAD CUOXETIOMEVA XAPOAKTNPLOTIKA YL TNV TIMA KATOK{aG:

X1 = TETPAywVLIKA vroyeiov, Xo = TETPAYWVIKA TMPWTOL 0pOPOL

Eva overfitted povtéAo pnopel va eivat:

Price = 10X7 — 9.5X>

Eva mo amnAd kat otaBepd LovTEAO pnopel va elvat:

Price = 0.5X; N Price = 0.5X>
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Regularization

To regularization eivat évag tpdnoc:
@ amno@uyr¢ Tou overfitting
@ amnAomnoi{nong Tov HoVTEAOL
@ QVTIMETWMONG TNG MOALOLYYPOAMULKOTNTAC

KOpleg uébodot:
@ Ridge
@ Lasso
@ Elastic Net

ZNMAvVTLKO: TPV TNV £Qapuoyn regularization, cuvABWG K&vouue scaling Twv
XOPOKTNPLOTIKWV.

ABavdaolog zdkkag (OMA) EvétnTa 6 - Supervised Learning



Fevikr 16€a Tov Regularization

AvT{ va EAa)LOTOTIOLO0UE HOVO TO GPAAUQ TIPOCAPHOYHG, MPOCOETOVE KL HLa
TIOLVH) OTO HEYEDOC TWVY CLUVTEAECTWV:

1 ,
%E? {n E(y,- — Bo — x,-ﬁ)2 + PenaIty(ﬁ)}

Apa:
@ ULKPOTEPOL CUVTEAEDTEC
@ ULKPOTEPN TMOALTTIAOKOTNTA
@ KaAOTEPN Yevikevan o véa Sedouéva

ABavdaolog zdkkag (OMA)

EvétnTa 6 - Supervised Learning



Ridge Regression

H Ridge regression ADveL:

n p
%‘Big {;Z(Yi — Bo = XiB)* + )\Zﬁf}

i=1 j=1

@ Xpnowuomnotel L2 penalty

@ MELWVEL TO HEYEDOG TWV CUVTEAECTWVY

@ ZuvABWG 6ev PNdeVITeL aKPLBWG CLVTEAEDTEG

@ Elvat xpriowun 6tav ot predictors elvat mOAD GUOYXETIOUEVOL
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Naot( Ridge?

H Ridge elvat xpAowun étav:
@ undpyxel multicollinearity
@ B£€Aoupe va KPATACTOLUE OAEG TIC METOBANTEG OTO HOVTEAD
@ BEAovpE TLO OTABEPEG EKTIMAOELG

Eni{6paon tov A:
@ UKPO A = Ukpr] ovppikvwaon
@ peydAo \ = woxvpn cvppikvwaon npog to 0

Mpoooxn: to napadoolakd inference dev epapudletal dueoa énwg otnv OLS.
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Lasso Regression

H Lasso regression AOveL:

n p
min{ © D> i Bo—=XxiB)?+ 1D 18l

i=1 j=1

@ Xpnowuomnotel L1 penalty

@ Kdvel shrinkage

@ Mnopel va B€oel KATOLOLG CUVTEAECTEC aKPLBWG (ooug pe O
@ Apa kdvel kat variable selection
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MNat( Lasso?

H Lasso €lval xpriowun étav:
@ LUTIAPYOULV TIOAAEC METAPBANTEC
@ TEPLUEVOUUE OTL HdVOo Alyeg elval MPAYUATIKA ONUAVTLKEG
@ B€Aovpe TLO sparse Kal EPUNVEDCLUO HOVTEAO

KOpla 16éa:
@ HLEPLKO({ OUVTEAEOTEG PELWVOVTOL OKPLBWCS 0To 0
@ dpa n HEBODBOC emAEYEL QL TOMOTO HETABANTEC
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Elastic Net Regression

H Elastic Net AOveL:

p 14
o {:»Z(yf — o= X0 + 0 311+ e 25’2}

>

i=1 j=1 j=1

@ uvduddlel Lasso kat Ridge

@ Kavel shrinkage

@ Mnope( va kK&vel variable selection

@ Elval xpriowun étav undpyouv MOAAEC KAl CUOXETIOMEVEG UETABANTEC
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Ridge vs Lasso vs Elastic Net

Ridge Lasso Elastic Net
Penalty Lo L, Li+ L,
Shrinkage Nat Nat Nat
Variable selection Oyt cuvABwW¢g Not Nat
Correlated MoAU KaAG  MeplkEG QOopEG aoTaBEG  TMoAD KaAd
predictors
Interpretability MéTpla YynAn YynAn
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Penalty Intuition

H mown Zﬁj? TIHWPEL TEPLOTOTEPO TOUG HEYAAOLG CUVTEAECTEG, OAAG
ouvvriwg dev Touvg pnNdevilel.

H mownr} 3 |3j] evvoel AOOELG pE aKPLBWG UNBEVIKOUG OUVTEAEOTEG.

O ouvbvaoudg Ly kat Ly 6lvel TavTtdxpova otabepdTnTa KOL EMAOYN
METABANTWV.
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Bias-Variance Tradeoff

To regularization aAAaleL to tradeoff petal bias kat variance:
@ auv€dvel eAagpwc Tto bias
@ LELWVEL TN variance
@ oLYVA BeEATWWVEL TO test error

Apa:

@ ALlyOTEPO ELA{OBNTO HOVTEAD OE ULKPEG XAAQYEC TWY OEBOUEVWY
@ KaAOTEPN out-of-sample anédoon
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ErttAoyn tou Hyperparameter A

Yndpxovv dLd@opol TPAMoL EMAOYAC TOU \:
@ Adjusted R?
@ AIC
@ SBC/ BIC
@ Cross-validation

Ztnv mPdgn, moAL ocuyvd xpnowuonote{tal k-fold cross-validation.
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k-Fold Cross Validation

Aladikaoia:
@ XwplCovue Ta training data o k nepinov (oa pépn
Q Kpatdaue éva fold yia validation
© Kdvovuue fit ota vndéAowna k — 1 folds
© YnoAoyi{Couue to prediction error oto validation fold
©@ EnoavoaAapBdavoupe yia 6Aa ta folds
@ EmAéyoupe to A ov eAayLoTtonolel To cross-validated MSE

A* = arg m/\in CV(\)
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EpapuoyEC oTa XpNUOATOOLKOVOULKE

OL uéBodol regularization elvat mMOAD xpAOLUEG OF:
@ TPORAeyn anoddoewv pe MOAAOUG predictors
@ factor selection
@ €MAOYN HOKPOOLKOVOULKWY HETABANTWVY
@ Slaxeiplon MOAVCOLYYPAUMLIKOTNTAG
@ forecasting risk premia

Nopadelypata predictors:
@ valuation ratios
@ momentum
@ volatility
@ macroeconomic indicators
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ZUUMEPOATHQ

@ H ypapupki naAwwdpdéunon eivat anAn kat loxvpn pEBodoG.

@ To regularization BonBd& otnv anoguyn overfitting.

@ H Ridge s{val katdAANAN yla shrinkage kat multicollinearity.
@ H Lasso s{vat katdAANAN yia shrinkage kat variable selection.
@ H Elastic Net ouv6udlel Ta MAEOVEKTAMATA KoL Twv 600.

MIKPOTEPN MOALDTIAOKOTNTA = KAADTEPN YEVIKELON
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Eo@apuoyn Iowa House Price

Avoicte t0 apyeto Original Data.xlsx. mov mepriapuPaver 80 yopaktnploTika

v10. 2908 omitio otnv AioPa.

* O o16)0¢ eivon va TtpoPAEyovue TIC TILEC TV otV otV AidPa pe Pdaon
Ta yopoktnplotikd. Iapatnpeite 0t vdpyovv missing values (NA).

* Metd omd data cleaning «xatoAnyovpue oe 2908 omitio «xor Qo
xPNoLoTomcovue 47 YapoKTNPLOTIKA.

* Xpnowonotovue 1800 mapatnproelc 6to training set, 600 oto validation set
Kot S08 oto test set.



* Avoilte 10 apyeilo Houseprice data scaled.xlsx mov mepthaupavet o
0E00UEVO TTOL Od YPNGLULOTOINGOVLE GTNV OVAAVGT] LOG

s+ 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

Ist 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




AmoteAléouato - Linear Regression

* Avoilte 10 apyeio python 6.1 linear regression.ipynb

]: |# MSE at the train set
lr=LinearRegression()
lr.fit(X train,y train)
pred=1r.predict({X train)
print({mse(y_train,pred))

@.1140152643124634

|: |# MSE at the validation dataset
lr.fit(X train,y train)
pred=1r.predict (X val)
print{mse(y_val,pred))

2.11782493468121657

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

['intercept'] + list(X train.columns),

list(Llr.intercept ) + list(lr.coef [2])

]

) .transpose().set_index(@)

lreg coefficient = pd.DataFrame()

lreg coefficient["Features”] = X train.columns

lreg coefficient['Coef Estimate'] = pd.Series(lr.coef [8])
print(lreg coefficient)

Opouéva weights eivar apvnrika otav o mepuévape vo givor

Octikd.

Features Weights Features Weights
LotArea 0.079 BrkSide 0.021
OverallQual 0.214 ClearCr -0.007
OverallCond 0.096 CollgCr -0.007
YearBuilt 0.161 Crawfor 0.036
YearRemodAdd 0.025 Edwards -0.001
BsmtFinSF1 0.091 Gilbert -0.008
BsmtUnfSF -0.033 IDOTRR -0.002
TotalBsmtSF 0.138 MeadowV -0.016
1stFIrSF 0.153 Mitchel -0.028
2ndFIrSF 0.133 Names -0.039
GrLivArea 0.161 NoRidge 0.052
FullBath -0.021 NPk Vill -0.022
HalfBath 0.017 NriddgHt 0.124
BedroomAbvGr -0.084 NWAmes -0.052
TotRmsAbvGrd 0.083 OLDTown -0.026
Fireplaces 0.028 SWISU -0.004
GarageCars 0.038 Sawyer -0.018
GarageArea 0.052 SawyerW -0.028
WoodDeckSF 0.021 Somerst 0.028
OpenPorchSF 0.034 StoneBr 0.063
EnclosedPorch 0.007 Timber -0.003
Blmngtn -0.018 Veenker 0.002
Blueste -0.013 Bsmt Qual 0.011
BrDale -0.025




AmoteAéopoata - Ridge Regression

1:

Avoite to apyeio python 6.2 ridge regression.ipynb

o to traiuset

# Importing Ridge
from sklearn.linear_model import Ridge

# The alpha used by Python's ridge should be the lambda times the number of cbservations
alphas=[@.081%13@0,0.01%1800, 0.02%1300, 0.03%1300, 0.04%1300, ©.85%1800, ©.075%1800,0.1%1300,0.2%1800, 0.4%1508]
#alphas = np.linspace(@, 3.8, num=28)%*1860 # from @ to 3 with 20 numbers inside

#alphas = range(8,2%1808)

mses=[]

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

.11702368844694885
.117832843468913456
.11718797319753801
L11723852524981127
.11741457158889515
.11762384@68711462
.118257896311980138
.11900857469147929
.12254549996292954
.1387359968874713

[~~~ R~ R~ R <]

¢ |plt.xlabel( lamda")

plt.ylabel( 'mse")
lamdas = [1/180@ for i in alphas]
plt.plot(lamdas, mses)

0.130 4

0.128 4

0.126

0.124 4

mse

0.122 A

0.120 4

0.118 A

0.00 0.05 0.10 0.15

000 peyoh®vel 1o A LEYOAMVEL KOl TO MSE.
[a A and 0 £m¢ 0,1, o1 avénoelg 6to mse eival LKpEG.

0.20
lamda

0.25

0.30

0.35

0.40




Weights pe Bdon to Ridge otav 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 NPk Vill -0.023
HalfBath 0.031 NriddgHt 0.119
BedroomAbvGr -0.060 NWAmes -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
Blmngtn -0.016 Veenker 0.006
Blueste -0.012 Bsmt Qual 0.037
BrDale -0.021




Awréyovtag 1o 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 Weights

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

i Sy LotArea 0.073 BrkSide 0.015

#AFit Ridge regression through cross validation OverallQual 0.199 ClearCr -0.004

from sklearn.linear _model import RidgeCV OverallCond 0.079 COchr -0.004

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

del cw2= Fit(X train,y trai

model cva magha O Teny-tren) YearRemodAdd 0.042 Edwards -0.003
BsmtFinSF1 0.103 Gilbert -0.009

135.0 BsmtUnfSF -0.018 IDOTRR -0.007

_ ) TotalBsmtSF 0.114 MeadowV -0.017

# MSE at the validation dataset .

ridge=-Ridge({alpha=model cv2.alpha ) 1stF1rSF 0.125 Mitchel -0.027

e e R ) 2ndFIrSF 0.084 Names -0.035

pred=ridge.predict(X_wal) . .

print(mse(y_val,pred)) GrLivArea 0.164 NoRidge 0.056

©.11825789631198018 FullBath 0.002 NPk Vill -0.023
HalfBath 0.029 (NriddgHt 0.121

# MSE at the test dataset

ridge—Ridge (alpha-model cv2.alpha ) BedroomAbvGr -0.064 NWAmes -0.048

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

pred=ridge.predict(X_test) .

print(mse(y test,pred)) Fireplaces 0.039 SWISU -0.009

. 1201 7865465302704 GarageCars 0.045 Sawyer -0.019
GarageArea 0.059 SawyerW -0.025

b= WoodDeckSF 0.024 Somerst 0.027

import model

from sklearn.linear_model import Ridge OpenPOI‘ChSF 0.037 StoneBr 0.064

# Here we produce results for aolpha=135 which corresponds(to Lambda=135/1890=0.875 EnclosedPorch 0.004 Timber -0.001

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

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

# DotaFrame 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])
1

) -transpose().set_index(@)

ridgereg coefficient = pd.DataFrame()

ridgereg_coefficient[“Features”] = X_train.columns

ridgereg coefficient[ 'Coef Estimate'] = pd.Series(ridge.coef [2])

ridgereg_coefficient 6



AmoteAéopoata - Lasso Regression

* Avoite 1o apyeio python 6.3 lasso regression.ipynb

* [wa to validation set

# We now consider different Lambda values. The alphas are half the Lambdas =
alphas=[@.01/2, 0.82/2, 0.03/2, 0.84/2, 0.05/2, 8.875/2, 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))

.11654751969688799 0.130 4

.11682687945311097
.1180334835313203
.12012836764959005
.12301536903084047 0.125 A1
.13178576395045638
.1491719458448378

mse

[ R I ]

0.120
plt.xlabel( ' lamda")

plt.ylabel( 'mse")
lamdas = [1 *2 for i in alphas]

plt.plot(lamdas, mses) . . . :
0.02 0.04 0.06 0.08 0.10
lamda



* Non-zero weights pe Pdon to Lasso otav
selection

. |# Import Lasso
from sklearn.linear_model import Lasso
# Here we produce results for alpha=8.85 which corresponds to Lambda=8.1
lasso = Lasso{alpha=8.85)
lasso.fit(X_train, y_train)
Lasso{alpha=8.85)
# DataFrame 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

2=0.1 (15 yapoaxtnpiotikd ivor to o onuavtikd) - Variable

Feature Weight
Lot Area (square feet) 0.04
Overall quality (Scale from 1 to 10) 0.30
Year built 0.05
Year remodeled 0.06
Finished basement (square feet) 0.12
Total basement (square feet) 0.10
First floor (square feet) 0.03
Living area (square feet) 0.30
Number of fireplaces 0.02
Parking spaces in garage 0.03
Garage area (square feet) 0.07
Neighborhoods (3 out of 25 non-zero) 0.01, 0.02, and 0.08
Basement quality 0.02




Awréyovtog 10 A pe Baon k - fold cross-validation (k=10)

##We can also 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 = 18080@)
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)

2.2085637136472209141

# MSE at the validation dataset
lasso=Lasso(alpha=model_cwv2.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 aolpha=p.886 which corresponds t& lambda=8.812
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

Features

Weights

Features

Weights

LotArea
OverallQual
OverallCond

YearBuilt
YearRemodAdd
BsmtFinSF1
TotalBsmtSF
1stF1rSF
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
NPk Vill
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




Anoteréopota - Elastic Net Regression

* Avoite 10 apyeio python 6.4 elasticnet regression.ipynb

* [wa to validation set

#ENET with different Levels of alpha and its mse

# We now consider different Lambda values. The alphas are half the Lambdas 0.124 A
alphas=[@.81/2, 0.82/2, 8.83/2, ©.04/2, 8.05/2, ©.875/2, 8.1/2]
==L 0.123 A

for alpha in alphas:
e_net =ElasticMet(alpha=alpha)
e_net.fit(X_train,y_train) 0.122
pred=e_net.predict(X_val)
mses.append(mse(y_wval,pred))
print(mse(y_val, pred)) 0.121

.11666265584936347
.11665113418337 304 0.120 1
.11669354326@81165

.1171533394764451

.11774118314186564

.12028928749167629

.124928085248512704 0.118 -

mse

0.119 1

[ o R ]

plt.xlabel("lamda") 0.117 -
plt.ylabel{ 'mse")

lamdas = [1i *2 for i in alphas] T . T T T
plt.plot(lamdas, mses) 0.02 0.04 0.06 0.08 0.10
lamda
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1:

Non-zero weights pe fdon to Enet otav A=0.1 (23 yopaKTnpioTIKA £lvon To 10 GNUOVTIKA) - 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=8.85)
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
IstF1rSF 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
NWAmes -0.01
Somerst 0.01
StoneBr 0.05
Bsmt Qual 0.03
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Aworéyovtag 1o A pe Baon Kk - fold cross-validation

Selecting alpha based on cross-validation

##We 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 = None, cv = 10, max_iter = 100000)
#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)

@.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))

@.115919797316720483

# Flastic Net

# import model

from sklearn.linear_model import ElasticMet
# Here we produce results for alpha=8.811 which corresponds to( lambda=8.822

e_net = ElasticMet(alpha=model cv2.alpha_)
e net.fFit(X train, y train)

# DatafFrame 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

Features

Weights

LotArea
OverallQual
OverallCond

YearBuilt
YearRemodAdd
BsmtFinSF1
TotalBsmtSF
1stF1rSF
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
NPk Vill
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

» Xmpic regularization vadpyer overfitting. Opicuéva weights eival apvntikd
Otav Ba mepruévapue va eival Betikd. Agite o mopdoerypuo NG TOALUETAPANTNC

YPOULLKNC TTOALVOPOUNOTG.

» Mg Baon to k-fold cross-validation

* To Mean squared error yio to test set yio. to Ridge ue Pdon 1o 10-fold eivon
12%, dpa eEnyeiton 10 88% TG OLOKLULOVGTC.

* To Mean squared error yia 1o test set yia o Lasso kat 1o Enet pue faon to 10-
fold givon 11 9 %, apa eEnyeitan to 88,1% tnc owokdUOVOTC.

* [ToAV pikpég owapopég netacv Ridge, Lasso , ENet !

> Y TOpyovv Ko GAAO KPITPLO TOV UTOPEITE VoL AAPETE VTOYLV Y10l TNV ETAOYY
TOU A.



