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oalall (MSE) Wadll aope Lawssia J& ey s, Z3sadll 383 aust 8 agusd Laae o(Variance)
-l

Lo ¥ oz dsaill Azl 8)08l) cpanens 8 JUad I adlw o oS Dleall a8 s o TaaDlal) (e

AV ddle lill) of Aadadll dannenll e CDCEL o Slad S YD) 8

V) dilasy) hhll e desane GELSY asete caal 725 .(James, et al, 2021, pp. 61-63)

Chariall oy il o pand) 8 Lyl Hla ¢ pu ot daha e Taaas Kp G 13

canly oualyy ) peun Lilals

(SN o) o lasi) 8 La2.2.3
Jlais) oag Lasso (aze) 41l 1996 sle (Tibshirani) - )
DY) #igas cilales il (Least Absolute Shrinkage and Selection Operator)

il gl b gl b AN Cladeall ladly 5 e Jead gilly o Laal

1Y) dagall Wy B19550 = (B, By, Bay o) Bp) 0¥ L3 e Jpeanll 2y

AP 5 Gipad Lo ol (allae IS Lgana i (coefficient) dabeall dad L)) ALY @b (Bl & Magnitude mlhoas iy
PREGI R Llle 2z asalll 8y ae A5)lally daleal) jria o S G2 4 auathy £4 nOTM — £, norm [ ¢(norms) "=l
Ayl Lginaal Coaca e Thdge sheal) (o daleall Ao ) 3ah Cus cculriall Zaeal aanil o sgiall 13
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2.10

N p P
~ b4 1
Blasso = argmin EZ(% - .30 - Z,Bjxij) 2 4 AZ|31|
i=1 j=1 j=t
p
= RSS + AZ|ﬁj|
j=1

toe il g ehad) AN A8LaY L (grall Clasyadl jae sag oY) anedll (e Callm Alalaall of JasdUs
ol e e (mgaall elall laie g (Tuning Parameter) Ll deleey cxi:A
.(Regularization Function) Lucall &lls i (Penalty Function) sliall dlls e xi: AZ}’=1|BJ-|

bl 2 iy b Jia ol 28 zhy g ool Glaige poane QB o sl sl T sk
(e Elalaall aia 2l 13ga alytg LLI-NOMM acsls 2l 138 Cayadg ez 2gaill cBlalaal dallaal) wall & ganal
ey Gaaas Caags - tall e L QLY Caladl) Glans i el ) zasail) aday Le (508 a8 MAS)
Gl pxiall (oazs dad e 650 Ladie Gua b jreall oladly HlasaV) Clalee dai (addds e guY lasil adieg
laobediad Mally Lol gy Adatyall cDlabeall b ) (525 2l 138 (8 cAliim sl ey Jilis b
LlaaY) DA e 3eliSy Aalu ST 23501 oliy & gl lanil agadd Al o3gn . lgids (5l = 35aill (e
Ll ey Jilis 8 daalis SV il L
Akl LY dapn o Jdalaall 138 g Gun A g jaall ehall Jalae 853l By il daj0 2aady
toman s Ainyla 3aad celllg Dbl e
hite Caped 3 Lelhal) Glaye Jawgie Jli DA e @l rgdgaill Al §a8) Cpuad —1
Al la sl Chaia ) (535 B Lo cadipe (ol pabiie a5 3 el pall claal
oSy Lo ool (8 Basale Qs e 3aTl) (g0 Jasews eha donaill o gl dary (Jlall (&
Adleay) gl 38y e Tlad
sy A sag Lo egfisall e ciluial) Gans slatin) Gob e g iseill Ayl Bl jajas -2
g od A Ll LG Blae 5 lasil W (e 203 138 lagung il ol 350
o yadil) el ce Bl Cipeny <l panall
35l An s Jabeadl 130 iad Gam A ol Loy s lasdl i (3 Gg ) ehall loie Jasy

cgpaall Slasyall Ayl Ll s paall Llee Gl A = 0 il 13l L2 3gaill EDlelea e duag jal
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A L sl Ladic g o pall s Loy lgad it L1 25 W 8)3all 2 35aill cDalan e iag il
dicd (gl il gl zisall cBlalan aien of Aad ) Taad 0o gl ehall Gl das 58

(Aaiesall) Aoyl lpiial) e Ll WA = 3gaill maialy cz 3gaill (o ciltiall gaes

A byl il ddaadle oSa Cun ¢(2) ) <Al b gl chriall dxeg A lake G A miash
cadihy Abedl) chriall ey 7z 3salll la e

o e
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< ~ -
2 g "
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B
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A
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.Tibshirani, et all (2021), An Introduction to Statistical Learning : )1l

Cum g il 8 8)3all yuial) el adig A elall dales Ao oy AR (2) o) JSAN agi
aabiaal) adll ) jsadd) i (s b i) il cBlebee aaf jlae (K80 8 S IS iy
Jady zhsatll ol Bpiea A 050 Ladie 4l sy . abaall Lojluaall 8530l il (s350al) jsaallg A

EDlalae ¢ A dadi 3L} pe Ll L (gprall Cilaspall 7 3gai a3l Lo spg Loyt Culytiall was
Mldias) iy Lo Lol jaall ) cblusd) s deai oF ) ¢ seal) sas Tyt GELSIVL T el il
Lol ) Jog cDlalaall guen 8 das 5 A dad vl Ladicy L 3saill (g Lgd Allaal) il
Sl & g lansl dualul) Aidagl) <Al 138 5yds Ak ilyitia (6l e s5inn Y z3sei ) g5
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Gl elall 858 il maamss el LS ¢ Hlaal) cilanye Julis B lgie IS daaal o 2l Talals e pussal)
2l Ay e A

Cus e lgin Lad Calidn 98 ally o dgail) & Alalall Charial) e u€ e dgag e (Ll

«(standardized values) 4ibas ad ) (dasld) o Azl elgus) Cpaiall aid Jagad (eliall Clasg

1 el (oA l) @lonal) AbaR) (gslsg chiva gl lnl) Jacugiall gray Eun

P DA e eail) Dlee 2a salaal (S z3sail) e ) Gida aay Jlally

p
Bo= 7y — Zf]ﬁ] 2.11
j=1
s laaY Al e 2.2.4
i) JSEIL (2.10) a8y Aalaal) LS Koy

N P p
1
minimize EZ(yi — Bo — Z,Bjxij) 2} subject to Z|,Bj| <s 2.12
i=1 j=1 j=1

G A bl ddes G Bl ADe 2ag Cun (2.10) Aipeall lualy) 281K (2.12) Zipeall 020 245
COlalaal uatil) (i Jaet s 1 ALlGe dad 35 A (e dail UST 1 3] ¢(2.12) b s LY 3a)s (2.10)

s

sl Dlasye goane (5S Cuns z dgail) COlaal i) widll dogana alag) ) dipall 038 G
F_1| By | dlalaall dallaall wal g o andl Tan sk (g3 2l W) e cdian Aol S
Chariall s sl ) g3 b Lol 2D ol jaall (o QY e clleall any snd 2l 13

Al 2 3saill e
isad) ilabie i o deny 56d il LSS WS aaly o 8 ol gisd s lasdl (b cadles
AT DS e Uil e i) Taetioss daal Y)Y Sl 3 clpsndl laal 4l gl oy

cAagjiall alyll (ELS3Y)
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Sy Jlaad) pasi2.2.5
o) Alalead) 2S¢ €a Ml L all) il a8 i 4 Vo cdliiesd) clpriall o i dgine X oS3
b LS (norm) sl ANy dshead) <1 (2.10)

5 1
press? = argmin —\IY — XBIIz + Al 213
P dsmasl) (S (2.4) o8 Al e gpall lappall s Ao M sasall
plasse = (XTX)'XTY +Asign(B)

ﬁ’ilasso — ﬁ’iOLS + lSing(B\) 2.14
A o cus . Asign(B) J ALyl fO85 grall clasyadl Hiie ge e o (19550 e o

th WS Al f = x| Ay Gude e e & sign(x) (Sign Function) s,LaY)

-1 ifx<0
dlx| = sign(x) =<[-1,1] ifx=0 2.15
1 ifx>0

Dlanil & Caagl) dls o i lae e = 0 wie WU ALE col = x| A o Gl 13 e i
(convex optimization) dusall Lshall Jilue Glaw A Akl oda yie Jualill ALE je (65 gu
sle ddaail) oda die Cahal (g3lg (subgradient) & oxiall (il aggha galal) (Fidall agge (e (alaiun
J=1,1] Bl Jlaall o dadlgl) adl) a4

Al dpall Jslall e slae¥) oo ¥ il oda 8 Jealill Cangd) s LB aael damg
SA Y rall Slayall B Jall o LS cBlaleall 4 slay 8 (Closed—form Solutions)
asiiy .(Iterative Numerical Methods) 4,)<all ol gihka/ao)lSs danse @il ) eoalll jexiny
G aguadll Glghall e Al e a0ys IS0 lghuean & i) Al laa) e @ihhll o
o s oty LaZue da Yol A58 (o) 130 g . Canghl AN 5o aad) ad A Al ) el
e e g S Jadin Al dalad) Alal ) asesil] U8 canly Jiie e 35a Alla

i R “ .. « . 3
enorm = |IBll; = X[B;| ols 1BIl, = /Z?zlﬁf Gsbew s B axial) il e Ble [|Bl2 300 O
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ST agng0 Aalall Al o5 (g canly Jinnn puiial Localls 10550 Y ke slasd Dol 3 (50 cadey
hdh aaly Jiiea il sl laad) ads 2.2.6
Ajlonall pl) ) il piiall aes A 38y caalil) uxial) il daia Vg e Jiinall yuiiall o ddghne X oS3l
OB Jall o] (soler (i 0 (g5l danegia

piesso = argmin IV — Xy, 1% + Al

tole Jeans By Gy Aliledl 3Ll

2 . . o
—le (Y = X15,) + Asign(B,) =0

1 r N A "
NX1 (Y _X1B1) = 2 sign(p1)

1. 1. A
le Y _le Xp, = > sign(B,)

Al (Bsbe o ) il o Jigad Aad) ~XTX =1 ¢f Lo

A

1A
p1 = NXl Y — 5 sign(p1)

e Jand (2.13) 8y Aalaalls (migailly

(1XTY+A i 1XTY< A
yar+s if gk 2
. 1 A
=1 0 if —XTY <—
:31 I’fN 1 —2
1. A 1 . A
LNX1Y—E lfNX1Y>E

b LS BIAS0 oy e S (e ails = XTY = OIS (i el 1y

A xTy 5
ﬁiasso — S% (#) — S%('BOLS) 2.16

V) danall 22l )y (soft-thresholding operator) el 4aall Jalas (e 8)le S o s
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S$u(B) = sign(B)(IB1 -2

(B +2/2 ifﬁ<—%
A
=10 lflﬁlSE
A
(B-N2 ifp>5 2.17

Aaelll Al dalaar il Lo Gali Glooopen b s sl adm oJall Sa ades
oA Gob oo zisalll CDlalae ad (adil aaiiid Gslul sag ¢(Vandenberghe, 2011, p. 188)
Lo Caal (ol gl (e 3 Al p2a il 136 | B dabeall Aalhaall Aadal) avis el e LY o8 g8
el ) i (et DA G iy o apal) (on I A0S Ay 550 i Aabed) 365 2 eliall eles

Tola s of s % 53 i lhar yieall oladly aldis caal) 138 Labiadl jlaie jslad 13 L
DA ez dgalll Jasasiy degall chriall e Blaad) g il Lo daclil) Aol Jalee Jasy (Sl
el G sa ladY Baeal) pailadll e dualal) sda aedy cCapeal) b @b clysial sl

JBaals dolae eua Lolah byl lidly cilabeall g o

t V) Sl JSEIL (2.17) 8y Asledd) Jias oS
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oLS Sx(z) A

- — - LASSO /

(2:11) a8y Aalaall Ll Jiiall 2(3) J<al

Python daapll dad e slaieWh Eanlll dlac) (e 1yl

Groall Glanyall juie 70 adieall aguY) Jadll Jidd Gua s lassl 8l A0 (3) JKAN mas
s LM e e adaiiall (3) 3V Ladd) Ll L Jaleall ad e s gl ks (s (Aalae V)

van daa e denyg ‘% 238 b ke (Grall Clanall jake ol Gaulis asi suY el o Jaads
Gl Glanpall jthe ad il 13 (z3saill (o lgy Adadyall chyriall Cada ) aeall (gols D alaall
Uigad ansg el Jiine it 3gns Jla (b 4 S5 (0 ¢ Ay L Allladl Zal) im0 2 o i
dgall dalie Guls PA G 4o Jyeanl) oS BEASS0 o jaie ol ciplbaall i) ) cassal)
ceasy -aly O (b Cbaaiall ladly O lalaall 5o G pene o cgriall Sl jaie e dee Uil

dw W S gf&‘ Sl J<a)
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e s Jeaiiall (gag9anll Jadlly ¢ (Srrall Slasyall i adadall (sa4aal) adl) Jias cthresholding

"FRIEDMAN, JEROME. Et all.2007, “PATHWISE COORDINATE OPTIMIZATION : jyadll

tok WS ST i I (2.16) asbed) i 1343

B (y) = S(B. y) =sign(B) (1Bl — ¥)
,t}—)/, ifﬁz'>0andy<|,le.
=3B+, if p<0and y <|B],
0. ify > |B|.

Cal€ 13 ¢yl laiag (OLS) (gpiall cilayall e o Gl e aaint Ale L) J5dd il (8
Gt s e Ol B Akl Aedll e el y o clSy il ge ST B % ded
Lo (0S5 A VT L (4) Sl IS8 e el i) pe il Lo sy (BLASSO = B —y
e oa¥) all e 8 LS e el sul ke i of 1 ddld) @l (ls 5 e STy
ladse o 2Ly iaall L)) D labeall (s (el g lasil aghy (i Alslaal) 038 a3l JSA
sl e i) Cida 2 gaill ety Lo cAgiall o osasl
.(Orthogonal design) laiall asaaill daldl) Alal) b sl Jlasi) ,a852.2.7
Baalaie Chaiia 7 3gaill 3 AN clysial) o Gl adall (e cale JSa pu¥ lan) dee 4T Gl

Loy ¥ Jiiee paxie IS 381 ¢ jaal) (golan il e 253 IS ow (Covariance) bl o) iee
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G (Allall sda i (goly e IS bl Jacsgiall o GISS (g (AT Jiiess juaie sl Llas

(=123, ..,p) Chsiadl paal ll3g417x; =0 .1
j # K gaen lyg 1T, = 0 .2

SV Gl (2.4) ) Alead) (1o (Gaaall Slasyall i of Eua
]le — X],TY’ ] =1,2,3 D

Tl i Vs X (o AT e gl dam o 2w ¥ BPE (gl eyl ke dais o s (6

g # k Jal e dllyg B, = 0 lles 13)
laaic .(orthonormal matrix) is)las saeleic disias muai X Gl Odlaall sl ) Jigil] dodeal

ok WS s lasi) e gl Jal) AUS (S

2 5 5
— X (Y =XB) + Asign(B) = 0

1 n A N
XY = XB) = 3 sign(h)
fede Jeans e dald) el ghally

[KYY L_‘;Jj:u ‘xj ‘)fx:ml\ («_._\3 f— dml; dlq'.': 1ij u}ﬂ s@;} :\J;\} L_;}LA:\ g)mtm ) (L'_:\MLIA\ AA:.) N ‘U}L 4ala ‘;l 1 ey 4
heall Bslose i) @l laall Janesial) 05 off ) oyl
dalaall 3 ¢ eall Gadaill (. g Hlast¥ Llssl) dad) 3Undly aalll Josel) oAl Ua clyndl Bulaag daled (al il aadiud 5

Balae (©n By .z sl 3 L) U8 (1-0) A8l e ) dpand) il A cpn 8 cbose Wipai aap Ayl il e
sl (50 AALEN el bl Laiy odai AuaS ki)
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(1 A
—XTY +=  if =XTY < —=
N > Uy 2
) 1
={ 0 XTy <=
A lfN =2
1 A A
= XTY -5 XTY > 2
W ; 2

:o)l ol Al D&d\@@m\wdﬂ\ﬁy\ﬁ e e gl Jal) of dlaadle oSar Sl

T ~
Jlasso _ Sz (%)] — Sg(ﬁOLs)j

Greal) Slasyall 5o o Aaell) Asal) Joles Gl DS e B0 dladl i 5 4l ey
Aall Jalaa Guak ok oo e oty Lo pxidd Aaleal) i e Jseanl (S (980 lansy (B0
O Jla b Al iall Jalao Zpanl (520 (555 ¢ allg . piall Gl (grall Clasyall ke e daclil
e Gaeall ilaspall ke Bl s sl 5k (e Gan Baelaia z3gaill L AR iyl

acll) dgiall Jalaa 3ok

e e G ST dgag die gad lasd) aads 2.2.8
rall Ul da) s 1)l e e sl dllies (sl Lgalasiad (Ko 0 Cilia) il (o 2ual) 2055
W e 5 «(Quadratic Programming) dueu il das ) cdlads «(Least Angle Regression LARS)

(SaY) Lisel) SanY) aalill Lhsa Glo Gadl 1 4o LAY il e

ae Jalall e 1gn)a8s Lgilggad @lldg cdy))ySall @hlall | awe cad a0 Al Coordinate descent
.(Chih-Jen Hsieh, et al, 2008, p. 2) clysiall (o laa € 22e

dalea 1gl) aaly dalee idad Cun dhSs dipphas gl Al o FaY) aalill duayled aaiad
Cagll 3 O] guead Cangll Al Qi (g0 Y . (Coefficients) colaled) 3l i Lay o(s2a)
G dall U ol gty i Teln ) Sdad 5 S S b Lah aaly Jaleal Ciagll alls JI& s

ccaagl) AN Aien dadd jral aay (3 Jal) ) Jseasl) (T (Tseng, 2001, p. 480)

ol S e S8 Jal) clshad (mili (S

0 oSaly Jlani¥) zdges O elae gaand ATl ik da3 )il fas Ll Sa gl -1
B a8 Caiy ¢ hS S 8 Lk sasly (Lpiie — dales) Aghal sl @llyy Cangdl Ay a2

NGl AP
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Ll Aly s 8 aalus A sjldal) AdlaaY) ded Gds -3

Sl Lya ity of G eqalalls (A8las]) dalaw (1352 8 55ladll S 4

s sl E e daehledll (i vie Al cDLaleall i fid -5
}A‘){ JJ&A .Jt;_.}l d@.u.\j\ (e 4..1}3 ‘CJ}A.J\ uj ..\;b A yzia deng A ‘_g ‘Z\LLA\ @M\ uﬁ u;.ﬂ LS
el Ly lsd ak (Sa Jals griaall eyl ok J dac bl Aiad) Jalaw PAs (50 (B24559)

Anld) daglaall e 3ol L e Gl patie Bae dgag dla (8 sl 300 Al Slaay)

b LS sl A0S Ka aild 1 (golew o5 0 (S5l dacssias dlaadl

1
Blasso = qrgmin 3 lY — XBII5 + AllBll,
B0 = RSS(B) + Al

ol Cilasya ggane Ay e (f cdall Slslad Taeetil Jo¥1 anll e SasY) aal il dua) ylss Yl gl
el Asles e (g i) 2@l sag ¢ SN aall e legulas ) Jaws 5 i (RSS)

AaY) alil Luajliss Gub o8 bl JlaaiY) gisal a5 2.2.9
ole USs duajlsall cishaa L Lo

Y, X) ollu) de gaaa seDla )
(Y, X) clibd) degana

’glassoyy Dl gl e 538l Gladeall 4atia rals Al

B =0 cSly Jhall sl i cDlalee pil o) Ja il

Cases 00550 La Dol g5 ecylitl) 383 pne dla 3 Abeon Gl (gilial shalS S el € il 3 paiind ¢ laall Gaaaill 3 €
cAaadieeal) Lonayll li€all e Lol il Taane 00 Lo Wlle g cdua) lsall  Ledll Cigil

Ll Jasesl dlslaall ) 1/2N 5 ¥ 5ol G dila) (San
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repeat

for each je{l,... p}do
Compute the partial residual r;, where

ri=Y-) X

e

Compute OLS coefficient for single predictor

. 1
(Bors)j = E?‘}FXJ

Update 5; (LASSO solution: single variable case)

Bi= Sg}{(ﬁms )j)
2

end

until convergence:;
ﬁ"lasso — ﬁ

Return plasso

N p

RSS(B) = 59 0= » B
=1

i=1

(RSS) sl clasye pgane s e dplSill dalal) (e 8y50 IS A SlaaY) aalil) Laa)lsa ot
ok LS B il Lisa Blaal Laadl dls slas DA e B; <Dalaal aad ) Al

N p
0 -2
a—BjRSS B) = 7; x5 (Vi = ;l&cxik ~ Bxyy)

N p N
= - Z xij (Vi — Z Brxir) + B; Z(xif)z

i= k#j
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oo S oAy P = DLy X (Vi — Xk BreXi) s ;= ()% o el palel (il
Ol sl s gl 5 AN Bl @l (6] oz dgaill Aial) Bl G X il sl Gayin duals
X ial) Cada da i dgail) e AaSUl Aall Bl N (y; — Ny BreXi) e el L juxial

t V) JSA e 3 a0

8 A& _p]+ ﬁ]z} 2.18

P KES I EN il duaiyed Gub (5 s laadl pagi 2.2.10
("EJ Aaledll ‘f C—A‘A‘}A B s ‘&;"".A;y\ @bﬂ\ daa)y)led (;\.Jaluuh (_S‘;)“ ) gland) “r cdalud) W\ Lf
LS ¢(2.17) &) alsbeall b caally labis pasienall st gl BN aall (3Ll QU (ag . (2.18)

-\ ifB; <0
A ifpi>0
OB ALl ) oy dile
A ifB; <0
0p;(lasso) = Bjz; — p; + [-AA] if B;=0
A ifB>0

,Bij—pj—)\ ifﬂj<0
= <[=pj—A—p;+1] ifB =0
,Bij—,Dj-F)\ ifﬁj>0

( A
M lf p] < _}\
9
Bi=+0 ifp; € [-AA]
(pj — )
if pj >2A
\ 2 f pj

o 5l disad e 233l sl yme ey dhanas Talyy oo w38 Lavie axdandy "l e el 2 50 ®
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Ul sadl Ll ARl il b LS el el Jelee DA (e Aasaiual) dasdl LIS e
1(2-16) o8y Aaladl)

A}asSO — Si(p]’l)] 2.19

3j
S Akl igl) i) 2.2.11
2 3sal Blelae e

t b LS s ae A0S (e 43 Ll Liang
p
ﬁ"lasso — ﬁ"OLS_I_ }\Z|'B|
]
j=1

Al A Jo¥) anl) Jiy Alall o3 b o(p = 2 (5) zasail (B Califiens (i dgag plal il (Al gguls
e clinte @1 Lo sty (y —XB)T(y — XB) Ldsials Laall ail) G DAl gpe el
138 aapy (OLS) rwall clasyall [3ae Aty daas (Ellipses) il adad J<i e (Contours)
ol adad J<a Bale 386 Lpa i sl dpdaadl) lyiniall () G cCangd) Al dge il dagdal) ) (<)
Sl D pliad b elesl) dndy IS i L gag Bl g skad

COlalaall dalhall wdll goane 5g8 zigaill COalan o agiall will Siay (sl ¢ B aad) L
Laie cljiahlll sliai 3 (Rhombus 5 Diamond) ¢pall asls Cayed Lwia S 23l 47\25’=1|B}-|
P =2 05

Jiar ) Grally (Cargl) Als Jiay 3) (amilil) pdadll (cpy olal) Al utY H3al JiaY) ) iy
e Gany 33b o ) 505 13 0la (Vertices) guall Gugy) aal o ddaall ods 4 Ladics o2l
aseall 138 ) ISl jelh LA 235l e gy Tadpall il Cada ey Las ¢ hea Lall z3sall

‘Tyas (oeigl)
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chiall aaf Cads Alla — sl st gl el 3(5) J<al
Hastie, T., Tibshirani, R., & Friedman, J. (2009). The Elements of Statistical : jradll

Learning: Data Mining, Inference, and Prediction (2nd ed.). Springer.

slagadl adaiill Jiai . pead) Ol ciliniay Aliadlly ¢ gyreall Cilasyall akal e Jola Bae 35a9 Jaadls
JiaY) dal) e Laxiy) LSy ¢ Bl Slaye oandd A Jal 53 ) By 5 By Aaleall I 5)00d) daidll B
35l A sana it (i (<8 o Alllaal) dakaiall Wi L lsall Cilasye goana 31331 LS (slagul) aaiill)
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Hastie, T., Tibshirani, R., & Friedman, J. (2009). The Elements of Statistical : jyadll

.Learning: Data Mining, Inference, and Prediction (2nd ed.). Springer
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o bl aag Y Julb LA S Al dad JS e @l (Tibshirani R. J., 2012, p. 14)
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Correlation Matrix

10
SalePrice 0.7 0.64 | 0.64 | 0.64 | 0.63 | 0.57 | 0.54 | 0.54 | 0.53 | 051
OverallQual { 0.8 0.57 0.6 0.56 | 0.57 0.5 0.6 0.52 | 0.57 | 0.56 | 0.44 0.9
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Coefficients in the Lasso Model
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Residuals vs Fitted Values
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https://stats.stackexchange.com/questions/17251/what-is-the-lasso-in-regression-analysis/17254#17254
https://stats.stackexchange.com/questions/17251/what-is-the-lasso-in-regression-analysis/17254#17254
http://scott.fortmann-roe.com/docs/BiasVariance.html
https://matplotlib.org/
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y = 0.1280 X GrLivArea + 0.0786 X OverallQual + 0.0633 X YearBuilt

+
+
+

| ++++ | ++++ 1 ++++ + |

+

+

+ 4+ 1+ 4+

+

+ 1+ 4+

+

0.0450
0.0288
0.0234
0.0196
0.0160
0.0155
0.0134
0.0123
0.0117
0.0112
0.0110
0.0105
0.0103
0.0103
0.0102
0.0089
0.0082
0.0078
0.0077
0.0068
0.0067
0.0065
0.0061
0.0056
0.0052
0.0052
0.0047
0.0046
0.0043
0.0039
0.0037
0.0036
0.0033
0.0033
0.0030
0.0030
0.0026
0.0024
0.0022
0.0021
0.0018

X

X X X X X XXX XXX XXX XXX XXX XXX X X X X X X X X X X X X X X X XX

OverallCond — 0.0322 X MSZoning_A (agr)
BsmtFinSF1 + 0.0261 X TotalBsmtSF

GarageCars + 0.0212 X LotArea
SaleCondition_Abnorml

Neighborhood_Crawfor — 0.0155 X MSZoning_RM
ExterQual — 0.0140 X CentralAir_N

BsmtQual + 0.0126 X HeatingQC

KitchenQual + 0.0121 X Neighborhood_NridgHt
ScreenPorch — 0.0113 X MSZoning_C (all
Neighborhood_MeadowV

Neighborhood_BrkSide — 0.0105 x MSSubClass_30
SaleType_New + 0.0104 X BsmtExposure

1stFlrSF + 0.0103 X Exteriorlst_BrkFace
Neighborhood_GrnHill + 0.0103 X Foundation_PConc
Exteriorlst_AsbShng + 0.0097 X Exteriorlst_PreCast
Fireplaces + 0.0087 X BsmtFullBath
Functional_Typ + 0.0079 X LotFrontage
EnclosedPorch + 0.0077 X BsmtFinTypel
GarageArea + 0.0072 X Neighborhood_StoneBr
MSSubClass_160 + 0.0068 x BldgType_1Fam
Neighborhood_Somerst + 0.0067 X Conditionl_Norm
Conditionl_Artery — 0.0062 X Functional_Sev
Neighborhood_SawyerW

MasVnrType_Stone + 0.0055 X SaleCondition_AdjLand
Neighborhood_NWAmes — 0.0052 X Functional_Mod
MSZoning_FV + 0.0051 X PavedDrive_Y

FullBath + 0.0047 X OpenPorchSF
SaleCondition_Family — 0.0044 X Functional_Maj2
GarageCond — 0.0039 x YrSold

SaleType_Con — 0.0037 X Neighborhood_Edwards
BedroomAbvGr — 0.0037 x BldgType_Twnhs
WoodDeckSF + 0.0034 X MasVnrArea

Exteriorlst HdBoard — 0.0033 X Conditionl RRAe
MSSubClass_ 90 — 0.0032 X Neighborhood_Blmngtn
LandContour_HLS — 0.0030 X Alley_None
MSSubClass_70 — 0.0028 X PoolQC_None
Exterior2nd_AsbShng + 0.0026 X Conditionl_PosN
Electrical_SBrkr + 0.0023 X FireplaceQu
MSZoning_I (all) — 0.0021 X HouseStyle_2.5Fin
Exterior2nd_CBlock — 0.0019 X Neighborhood_OldTow
Neighborhood_NoRidge + 0.0018 X Condition1_PosA
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+ 0.0017
+ 0.0016
— 0.0015
— 0.0014
— 0.0013
+ 0.0012
+ 0.0009
— 0.0007
— 0.0005
— 0.0003
— 0.0003
+ 0.0002
+ 0.0002
0.0002
0.0001
0.0000
0.0000
0.0000

+ + +

X X X X X X X X X X X X X X X X X X

BsmtFinSF2 — 0.0017 X SaleType_Oth
Neighborhood_Greens — 0.0015 X Foundation_BrkTil
Conditionl_RRNn — 0.0015 X BldgType_Duplex
Exterior2nd_Plywood — 0.0013 X LotConfig_FR3
Electrical FuseF — 0.0012 X Fence_GdWo

HalfBath — 0.0009 X LotShape_IR3

ExterCond — 0.0007 X Exteriorlst_Stone
Exterior2nd_Wd Shng + 0.0006 x MSSubClass_75
MasVnrType_BrkCmn — 0.0005 X HouseStyle_1.5Unf
LandContour_Low + 0.0003 X SaleType_CWD
Functional_Sal — 0.0003 X GarageType_CarPort
Neighborhood_ClearCr

Neighborhood_Blueste — 0.0002 X MSSubClass_180
Exteriorlst_BrkComm + 0.0002 X LotConfig_CulDSac
Neighborhood_NAmes

SaleCondition_Alloca

Neighborhood_NPkVill

Exterior2nd_PreCast + 0.0000 X CentralAir_Y

AU ol 3By zagall) B dardiial) A ad Al :(2) (3alal

A =1[0.0001, 0.00025, 0.0005, 0.00065, 0.001,

0.00125, 0.0025

0.005, 0.01, 0.1, 1, 1.2, 1.5, 2]

s land) padil asdiual) Python ag< (3) Galall

Ames iaa —

- import pandas as pd

— import numpy as np

- import matplotlib. as plt

- import seaborn as sns

- import matplotlib

- from scipy.

- from sklearn.

- from sklearn.

import boxcox
import r2 score

import mean squared error, make scorer
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- from sklearn.linear model import Ridge, Lasso
- from scipy.special import inv_boxcox

- from sklearn.model selection import GridSearchCV, KFold,
train test split

- from sklearn.preprocessing import StandardScaler
- from sklearn.utils import resample
- import warnings

- warnings.filterwarnings("ignore™)

- %

- # Load data

- 4

- train = pd.read csv("train.csv'")
- test = pd.read csv("test.csv")

- X = train.copyv ()

- X['train']l =1
- test['train']l = 0

- # Combine train & test

- df = pd.concat([test, X], axis=0, ignore index=True)

- # Quick missing overview

- missing = pd.DataFrame ({

- 'types': df.dtypes,

- '"percetange of missing': df.isna().sum() / len(df) * 100
- 1

- missing = missing[missing['percetange of missing'] '= 0]

- print(missing.sort values(by='percetange of missing',
ascending=False))

- %
- # Missing values handling
- %
- df['PoolOC'] = df['PoolQC'].fillna('None')
- df['MiscFeature'] = df['MiscFeature']l.fillna('None')
- df['Alley'] = df['Alley'].fillna('None')
- df['Fence'] = df['Fence'].fillna('None')
- df['FireplaceQu']l] = df['FireplaceQu'].fillna('None')
- train mask = (df['train'] == 1)
1f med =
df.loc[train mask].groupby ('Neighborhood') ['LotFrontage'] .median ()

df['LotFrontage'] =
df ['LotFrontage'].fillna(df['Neighborhood'] .map(lf med))
df['LotFrontage'] = df['LotFrontage'].fillna(df.loc[train mask,
'LotFrontage'] .median())

- # Garage

- garage cols = [c for c in df.columns if c.startswith('Garage')]
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- for c in df[garage cols].seclect dtypes(exclude='object').columns:
- df[c] = df[c]l.fillna(0)

- for c in df[garage cols].select dtypes(include='object').columns:
- df[c] = df[c].fillna('None')

- # Basement

- Dbsmt _cols = [c for c in df.columns if c.startswith('Bsmt')]

- for c in df[bsmt cols].select dtypes(exclude='object').columns:
- df[c] = df[c].fi11na(0)

- for c¢ in df[bsmt cols].select dtypes(include='object').columns:
- df[c] = df[c]l.fillna('None')

- # Masonry

- mas_cols = [c for c in df.columns if c.startswith('Mas')]

- for c in df[mas cols].select dtypes(exclude='object'").columns:
- df[c] = df[c].fi11na(0)

- for c in df[mas cols].select dtypes(include='object'").columns:
- df[c] = df[c]l.fillna('None')

- ms_mode by nb = (

- df.loc[train mask]
.groupby ('Neighborhood') [ '"MSZoning"']
.agg(lambda s: s.mode () .iloc[0] if not s.mode() .empty else
np.nan)
)
df ['MSZoning'] =
df ['MSZoning'].fillna(df['Neighborhood'] .map (ms_mode by nb))

- df['MSZoning'] = df['MSZoning'].fillna(df.loc[train mask,
'MSZoning'].mode () .iloc[0])

- mode row train = df.loc[train mask].mode () .iloc[0]

- df = df.fillna(mode row train)

- #
- # Ordinal mappings
- %
- df['MSSubClass'] = df['MSSubClass'].astype(object)
- df['ExterQual'] =

df['ExterQual']l .map({'Po':0,'Fa':1,'TA':2,'Gd":3,"'Ex":4})
- df['ExterCond'] =

df['ExterCond'] .map({'Po"':0,'Fa':1,'TA':2,'Gd":3,"'Ex":4})
- df['BsmtQual'] =

df['BsmtQual'] .map({'None':0,'Po':1,'Fa':2,'TA"':3,'Gd":4,"'Ex"':5})
- df['BsmtCond'] =

df['BsmtCond'] .map ({'None':0,"'Po':1,'Fa':2,"'TA':3,'Gd"':4,"'Ex"':5})

- df['BsmtExposure']=
df['BsmtExposure'] . .map({'None':0,'No':1,'Mn':2,'Av':3,'Gd"':4})

- df['BsmtFinTypel']=
df['BsmtFinTypel'] .map({'None':0,'Unf"':1,"'LwQ':2,'Rec':3,'BLO"':4,"
ALO':5,"'GLO':6})
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df['BsmtFinType2']=

df['BsmtFinType2'] .map({'None':0,'Unf':1,'LwQ':2,'Rec':3,"'BLQ"':4,"'
ALQ'":5,'GLQ':6})

df['HeatingOC'] =

df['HeatingQC'] .map({'Po':0,'Fa':1,'TA":2,'Gd"':3,"Ex"':4})
df['KitchenQual'] =
df['KitchenQual']l.map({'Po':0,'Fa':1,'TA':2,'Gd":3,"Ex"':4})
df['GarageFinish']=

df['GarageFinish'] .map({'None':0,'Unf':1,'RFn':2,'Fin':3})
df['GarageQual']l =
df['GarageQual'].map({'None':0,'Po':1,'Fa':2,"'TA"':3,'Gd"':4,"'Ex':5}
)

df['GarageCond'] =

df['GarageCond'] .map({'None':0,'Po':1,'Fa':2,"'TA"':3,'Gd"':4,"'Ex':5}
)

df['FireplaceQu'] =

df['FireplaceQu'] .map({'None':0,'Po':1,'Fa':2,'TA"':3,'Gd":4,"'Ex":5
}

#

# Outlier rules

#

train mask = (df['train'] == 1)

df = df.drop(df[train mask & (df['LotFrontage']l > 200)].index)
df = df.drop(df[train_mask & df['lstF1rSE'] > 4000)].index)
df = df.drop(df[train_mask & df['lLotArea'] > 100000)]. index)
df = df.drop(df[train mask & df['BsmtEFinSF1'] > 4000)].index)
df = df.drop(df[train_mask & df['TotalBsmtSE'] > 5000)].index)
df = df.drop(df[train_mask & df['GrLivArea'] > 4000)].index)
#

# Price Variable

#

y = df.loc[df['train'] == 1, 'SalePrice']

y_test real = df.loc[df['train'] == 0, 'SalePrice']

# Drop columns

df.drop ([

'SalePrice', 'Id', 'LowQualFinSF', 'KitchenAbvGr',
'YearRemodAdd',

'3SsnPorch', 'PoolArea', 'MiscVal', 'Street', 'Utilities'

'Condition2', 'RoofMatl', 'Heating'

~

], axis=1, inplace=True, errors='ignore')

#
# One-hot encoding
#
categ cols = df.select dtypes(include=['object']).columns.tolist()

df enc = pd.get dummies(df, columns=categ cols, drop first=False)

# Split back to train/test
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- X = df enc[df enc['train'] == 1].drop(columns=['train'l])
- testX = df encl[df enc['train'] == 0].drop(columns=['train'])
- %

- # Train / Test split and scaling

- %

- X train, X test, y train, y test = train test split(
- X, y, test size=0.3, random state=12345

- scaler = StandardScaler()

- X train sc = pd.DataFrame(scaler.fit transform(X train),
columns=X train.columns, index=X train.index)

- X test sc = pd.Date

columns=X test.colum

Frame(scaler.transform(X_ test),
5, index=X test.index)

- #
- # CV & training
- #
- folds = KFold(n_splits=4, shuffle=True, random state=12345)

- def ModelTrainAndEvaluaion(model, params, fit intercept=False):
- model cv = GridSearchCV(
- estimator=model,
- param grid=params,
- scoring='neg mean squared error',
- cv=folds,
- return train score=True,
- verbose=1
- )
- model cv.fit(X train sc, y train)
is $f" % (model, alpha))

- final model = model cv.best estimator

- alpha = model cv.best params ["alpha"l
- print("Optimum lambda for 1

- # Fit best model
- final model.fit(X train sc, y train)
- y_train pred = final model.predict(X train sc)

- y _test pred = final model.predict(X test sc)

- # Evaluation

- print('R2 score (train) : ', round(r2 score(y train,
y_train pred), 4))

- print('R2 score (test) : ', round(r2 score(y test,
y_test pred ), 4))

- print ('RMSE (train) ',

round(np.sgrt(mean_squared error(y train, y train pred)), 4))
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- print ('RMSE (test) ',
round (np.sgrt (mean squared error(y test, y test pred )), 4))

- # Coefficients vs alpha

- alphas = params['alpha']

- coefs = []

- for a in alphas:

- model.set params(alpha=a, max iter=10000)
- model. it (X train sc, y train)

- coefs.append(model.coef )

- plt. figure(figsize=(10, 6))

- ax = plt.gca()

- ax.plot(alphas, coefs)

- ax.set xscale('log')

- plt.xlabel('Lamda (A) ")

- plt.ylabel('Weights')

- plt.title('Lasso: Coefficients vs Lambda (A) ')
- plt.show()

- # Number of features vs alpha

- num_features = []

- for a in alphas:

- model.set params(alpha=a, max iter=10000)
- model. it (X train sc, y train)

- num_selected = np.sum(model.coef '= 0)

- num_features.append(num_selected)

- plt. figure()

- plt.plot(alphas, num features)

- plt.xlabel('Lambda (A) ")

- plt.ylabel('Number of Features')
t

- plt.title('Number of Features vs. Lambda (A) ')
- plt.show()
- cv_results = pd.Dataframe(model cv.cv results )

- cv_results['param alpha']l =
cv_results['param alpha'l.astype('float32")
- return final model, model cv.cv results ['mean test score']

- params = {'alpha': [0.0001, 0.00025, 0.0005, 0.00065, 0.001,
0.00125, 0.0025,

- 0.005, 0.01, 0.1, 1, 1.2, 1.5, 21}
- params = {'alpha': 0.0001 * np.arange(l, 100)}

- lasso, cv_results = ModelTrainAndEvaluaion(Lasso(max iter=10000),
params, fit intercept=False)

- # Plot CV RMSE vs lambda
- alphas = params['alpha']



109

- cv_rmse = np.sgrt(-cv_results)

- plt.figure(figsize=(10, 6))

- plt.plot(alphas, cv_rmse, marker='o")
- plt.title('Lasso: RMSE vs Lambda (A) ")
- plt.xlabel('Lamda () ")

- plt.ylabel ('"RMSE'")

- plt.xscale('log")

- plt.grid(False)

- plt.show()

- print("Lowest RMSE:", cv_rmse.min())

- %

- # Coefficients table

- 4

- model coefficients = pd.Datalrame(index=X train sc.columns)
- model coefficients['Lasso'] = lasso.coef

- pd.set option('display.max rows', None)

- print(len(model coefficients))

- print("Total no of features : ",

- model coefficients[model coefficients['Lasso'] !=
0][['Lasso']l].shapel[0])

- model coef = (model coefficients[model coefficients['Lasso'] !=
01[['Lasso']]

9]

ort values(by='Lasso', ascending=False,
key=np.abs))

- print(model coef)

- TOP 10 = model coef[:10]
- print(TOP_10)

-
- # Evaluation on the test set
-

- test _aligned = testX.reindex(columns=X.columns, f£ill value=0)

- X Test Real sc = pd.Dataframe(scaler.transform(test aligned),

- columns=X.columns,
index=test aligned. index)

- y test pred real = lasso.predict(X Test Real sc)

- rmse real = np.sgrt(mean squared error(y test real,
y_test pred real))

- print("Root Mean Squared Error (RMSE) on real test alignment:",
rmse real)

# Plot important coefficients
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- coefs = pd. (lasso. , index=X train_ sc. )
- print("Lasso picked " + str((coefs !'= 0).sum()) + " features and
eliminated the other " +
- str((coefs == 0).sum()) + " features")
- 1imp coefs = pd. ([coefs. (). (10),
coefs. (). (10)1)
- imp coefs. (kind="barh'")
- plt. ("Coefficients in the Lasso Model")
- plt. ()
(el A —
# ___________________________
# 0) Imports (collected once)
# ___________________________

import os

import warnings

import numpy as np

import pandas as pd

import matplotlib

import matplotlib.pyplot as plt

import seaborn as sns

from sklearn.model selection import train test split, GridSearchCV, KFold
from sklearn.preprocessing import StandardScaler

from sklearn.linear model import LinearRegression, Lasso
from sklearn.metrics import r2 score, mean squared error

warnings.filterwarnings("ignore™)

# ___________________________
# Load data

# ___________________________
CSV_PATH = "DamascusData.csv"

df = pd.read csv(CSV_PATH)

2) Descriptive Analysis

+ o

quant vars updated = ['Price', 'Area', 'Nrooms',6 'Floor', 'Quality',
'direction']

sns.set(style="whitegrid")
plt. figure(figsize=(15, 18))

for i, var in enumerate (quant vars updated):
plt.subplot(3, 2, i + 1)
sns.histplot(df[var], kde=True, bins=20, color='steelblue')

if var == 'Quality':
title = "Overall Building Quality"
elif var == 'direction':



title =

"Number of Facades"

elif var == 'Nrooms':

title = "Number of Rooms"
elif var == 'Floor':

title = "Floor Number"
elif var == 'Area':

title = "Total Property Area (m2?)"
elif var == 'Price':

title = "Property Price (SYP)"
else:

title = var
plt.title(f"Distribution of {title}")

plt.xlabel(title)
plt.ylabel ("Frequency")

plt.tight layout()

plt.show()
#
# 3) Scatter Plots
#
gquant vars = ['Area', 'Nrooms', 'Floor',k6 'Quality', 'direction']
output dir = "scatter price vs variables"
os.makedirs(output dir, exist ok=True)
for var in quant vars:
plt. figure(figsize=(6, 4))
plt.scatter(df[var], df['Price'], s=15, alpha=0.6, color='blue')

plt.xlabel(var, fontsize=10)
plt.ylabel("Price (SYP)", fontsize=10)
plt.title(f"Scatter Plot of {var} vs Price",
plt.xticks(fontsize=9)
plt.yticks(fontsize=9)

fontsize=11)

plt.tight layout()
plt.savefig(f" {output dir}/scatter {var} vs Price.png", dpi=300)
plt.close()

#

# 4) Linear Regression (train/test)

# Price Variable uses loglp(Price)

#

X 1lr = df.drop(columns=['Price'])

y 1lr = np.loglp(df['Price'])

X train 1lr, X test lr, y train 1lr, y test lr = train test split(
X 1lr, y 1lr, test size=0.2, random state=12345
)

scaler lr = StandardScaler()
X train 1lr sc = scaler lr.fit transform(X train 1r)
X test 1lr sc = scaler lr.transform(X test 1r)

lr model = LinearRegression()
lr model.fit(X train lr sc, y train 1r)

y _train lr pred
y _test 1lr pred =

1r model.predict(X train 1lr sc)
lr model.predict(X test lr sc)
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r2 train = r2 score(y train lr, y train lr pred)

r2 test = r2 score(y test lr, 1y test 1lr pred)

rmse_train = np.sgrt(mean squared error(y train lr, y train 1lr pred))
rmse_test = np.sgrt(mean squared error(y test lr, vy test lr pred))
print("\n[Linear Regression — log(l+Price)]")

print("R? (train):", r2 train)

print ("R? (test) :", r2 test)

print ("RMSE (train):", rmse_ train)

print ("RMSE (test) :", rmse test)

#

# 5) LASSO Regression

#

# Prepare features/target

X = df.drop(columns=['Price'])

y = np.loglp(df['Price'])

# Split

X train, X test, y train, y test = train test split(

)

X, y, test size=0.2, random state=12345

# Standardize

scaler = StandardScaler()

scaler.fit(X train)

X train sc = pd.DataFrame(scaler.transform(X train),
columns=X train.columns, index=X train.index)

X test sc = pd.DataFrame(scaler.transform(X test),
columns=X test.columns, index=X test.index)

# Cross-validation setup and training
folds = KFold(n_ splits=4)

def

ModelTrainAndEvaluaion (model, params, fit intercept=False):
model cv = GridSearchCV(
estimator=model,
param grid=params,
scoring='neg mean squared error',
cv=folds,
return train score=True,
verbose=1
)
model cv.fit(X train sc, y train)
alpha = model cv.best params ["alpha"]
print ("\n[LASSO] Optimum alpha for %s is %f" % (model, alpha))
final model = model cv.best estimator

# Fit & evaluate
final model.fit(X train sc, y train)

y_train pred = final model.predict(X train sc)
y _test pred = final model.predict(X test sc)
print('R2 score (train) : ', round(r2 score(y train, y train pred), 4))
print ('R2 score (test) : ', round(r2 score(y test, y test pred ), 4))
print ('RMSE (train) : ', round(np.sgrt(mean squared error(y train,

y_train pred)), 4))

print ('RMSE (test) : ', round(np.sgrt(mean squared error(y test,

y_test pred )), 4))
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# Coefficients vs alpha
alphas local = params['alpha'l]
coefs = []
for a in alphas local:
model.set params(alpha=a)
model. fit(X train sc, y train)
coefs.append(model. coef )
plt.figure(figsize=(10, 6))
ax = plt.gca()
ax.plot(alphas_local, coefs)
ax.set xscale('log')
plt.xlabel ('Lambda (A)"'")
plt.ylabel ('Weights')
plt.title('LASSO: Coefficients vs Lambda (A)')
plt.show()

# Number of features vs alpha
num_features = []
for a in alphas local:
model.set params(alpha=a)
model. fit(X train sc, y train)
num_selected features = np.sum(model.coef !'= 0)
num_features.append(num_selected features)
plt. figure()
plt.plot(alphas local, num features)
plt.xlabel('Lambda (A)")
plt.ylabel('Number of Features')
plt.title('Number of Features vs. Lambda (A)"'")
plt.show()

# CV results (RMSE curve)

cv_results = pd.DataFrame(model cv.cv results )

cv_results['param alpha'] = cv_results['param alpha'].astype('float32")
return final model, model cv.cv results ['mean test score']

params = {
'alpha': [0.0001, 0.00025, 0.0005, 0.00065, 0.001, 0.00125, 0.0025,
0.005, 0.01, 0.1, 1, 1.2, 1.5, 2]
}

lasso, cv_results = ModelTrainAndEvaluaion(Lasso(), params,
fit intercept=False)

# CV RMSE vs lambda

alphas = [0.0001, 0.00025, 0.0005, 0.00065, 0.001, 0.00125, 0.0025, 0.005,
0.01, 0.1, 1, 1.2, 1.5, 2]

cv_rmse = np.sqgrt(-cv_results)

plt. figure(figsize=(10, 6))
plt.plot(alphas, cv_rmse, marker='o')
plt.title('LASSO: RMSE vs Lambda (A)'")
plt.xlabel('Lambda (A)"')

plt.ylabel ('RMSE"')

plt.xscale('log"')

plt.grid(False)

plt.show()

print ("Lowest RMSE:", cv_rmse.min())

# Coefficients table
model coefficients = pd.DataFrame(index=X train sc.columns)
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model coefficients['LASSO'] = lasso.coef
pd.set option('display.max rows', None)
print ("Total features (including zeros):", len(model coefficients))
kept = model coefficients[model coefficients['LASSO'] !=
OJ[['LASSO']].sort values(
by='LASSO', ascending=False, key=np.abs
)
print("Total non-zero features:", kept.shapel[0])
print (kept.head(10))

# ______________________________________________________________
# 10 random-case comparison on original price scale

# ______________________________________________________________
y_test pred log = lasso.predict(X test sc)

y test real = np.expml(y test)

y _pred real = np.expml(y test pred log)

np.random.seed(42)
sample indices = np.random.choice(len(y test), size=10, replace=False)

comparison lasso df = pd.DataFrame ({

"Listed Price": y test real.values[sample indices].round(0),
"Predicted Price (LASSO)": y pred real[sample indices].round(0),
"Difference": (y pred real[sample indices] -

y_test real.values[sample indices]) .round(0)
}, index=[f"Property {i+l}" for i in range(10)])

print ("\n[LASSO] Random 10 comparisons (original price scale) :")
print (comparison lasso_df)
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Abstract

Estimating real estate prices is a complex task in economic and statistical studies due to the
multitude of factors influencing market value and the difficulty of collecting and analyzing them
within an accurate model. This study aims to construct a statistical model for estimating
residential property prices using the LASSO (Least Absolute Shrinkage and Selection
Operator) regression method and to conduct a systematic comparison with the traditional

Multiple Linear Regression (OLS) model to evaluate the performance of each.

The first phase of the study utilized data from Ames, lowa—widely recognized as a benchmark
in housing price analysis—due to its richness in thoroughly documented and academically
validated variables. This allowed for testing the LASSO model's ability to identify the most
influential predictors within a well-defined environment. Results demonstrated the model’s
effectiveness in reducing the number of included variables while maintaining strong predictive

accuracy.

In the second phase, the model was applied to field data collected from the Damascus real
estate market in 2024. Given the scarcity of official housing data in Syria, the study relied on
non-official field sources. After preprocessing, the final dataset consisted of 250 observations,
including both quantitative and qualitative variables related to property features, location, and

amenities.

The empirical results showed that the LASSO model outperformed OLS by producing a more
parsimonious model (with only seven predictors) without significant loss in performance. The
most influential variables in determining housing prices in Damascus were: area, finishing
quality, furniture availability, balcony presence, number of rooms, elevator access, and floor
level. These findings underscore the importance of using statistical methods like LASSO in
contexts where data are high—-dimensional or scarce, as they provide simpler models with

high interpretability, making them valuable tools in real estate valuation.
Key words:

Real estate prices, LASSO regression, Multiple linear regression, Property valuation,

Variable selection, Coordinate descent, Soft-Threshold.
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