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Abstract

At present, tourism has become an industry that generates significant income
for the country. The Airbnb platform is one of the platforms for sharing local
accommodations for tourists to stay in Thailand. Therefore, we were motivated to
study the prediction of accommodation prices in Thailand, with a particular focus on
Bangkok, utilizing Airbnb data obtained from insideairbnb website. After the data has
been cleaned, it consists of 29 columns and 7,924 rows. This research employs
XGBoost, Support Vector Machine, and Linear Regression as base models. In case of
the XGBoost and Support Vector Machine models, three distinct scenarios were used
for variable selection: variables with an importance value greater than 0, the top 5
variables with the highest importance values, and the top 10 variables with the
highest importance values. On the other hand, for the linear regression model,
variables were selected based on their p-values. By evaluating the MAE, RMSE, and
and R2 values between the training and test datasets, it was found that there is an
issue of overfitting in cases where variables with an importance value greater than 0
are selected in the XGBoost and Support Vector Machine models, as well as in cases
where the top 10 variables with the highest importance values are selected in the
XGBoost model. Further analysis on the test dataset revealed that the Support Vector
Machine model, which selects the top 10 variables with the highest importance
values, demonstrates the most proficient performance in predicting accommodation

prices in Bangkok. Moreover, the top three features that have the most impact on



predicting the accommodation price are the maximum capacity of the listing, tourist

district, and the number of bedrooms.

Keywords : Linear Regression, Accommodation prices, Support Vector Machine,
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;J‘U‘ﬁ 2.2 MaNN159NIUVeY gradient boosting
(Flan - https://dzone.com/articles/XGBoost-a-deep-dive-into-boosting)

2. Decision Tree XGBoost 1% decision tree L‘flu(?hLLUUﬁugmiumm%ﬂui%81ULLG1'63

node agdnsuuniu 2 ngu Ingagvinusunindadmaneiaeli

1. TAssas19vosRulyd

Tnsaa¥e iukuu binary tree filuusiaz node 3¢l 2 node 7uusuen feature vasdoya

2. n1staennIsuen (Split Selection)

XGBoost 1% A1 gain lun1sdndulaiden node lnaazidan node Ml gain iuniian

3. Regularization Tugulsl

d15Un13 regularization Tu decision tree agiin1sivunr1s199lu AU decision tree

wievhlamuuuliiiadgm overfitting 1aiu

A1 Maximum Depth ingnmuaaudnvessulifamsadulaiiomunninugdudou

YOINIMUU %50 N19¥1 Pruning :Faffen1sinumsiuliiieibisulivgaiulalunsdin nms

] v
=

Wi node Ldlavinlsidwuuiusyans nmnavy



3. Regularization

XGBoost +u gradient boosting MfiHeri Ty regularization agluduwuu lng
regularization dlietlesiutlaym overfitting Tae Tusuu 2xdvs L1 (Lasso Regression)

uay L2 (Ridge Regression) Tu objective function (Tewari, 2021)

L1 Regularization (Lasso): 1unisvinlsian parameter filanudndgios wse wnulid
Anudrdgiianduaud viliananududeuliundiuuy Inedeuldinaidenisan 91w

feature Tuswuy

L2 Regularization (Ridge): imsifiuunadlneliiun parameter laggaliAnunn unadnuiags

Inefledldaimuuuinnududougs.

#UN15989IXGBoost (Yang, 2021) wag (Chen wag Guestrin, 2016)

auyAliypdeyaveusnlusudsd e d = {(x;, ¥):i=1..n,x; €
R™,y € R}lagit n = Sruaudous, m = 1w feature uaz y,y
Dusuusluitaddy

y=¢x;) = Z£=1 fre (xi) (2.1)

f1. fonsanassuuuduld Tee fi (2;) asunuazuuusous duliia k autls doya

1 T Tneosiin1s minimize objective function 919819 el feridu fi, vhauls

L(®) = 21y, y) + 2 12(fx) (2.2)
L Ao lost function tilen1sanaududouses model Tngazyiniswen unasing @ Wkl
Tuanduauans
1 T
Q(fk) =yT +52 Dy Wie + @ D= Wy (2.3)

fafdu 2 (fk) Yoeiu overfitting ¥es model

Y lu parameter #ildlunisaunuunadinevessuauduldl T.



A enuauthwinvadlulsl W uasfu coefficient dufumunu L2 regularization
o Lilu coefficient 984 L1 regularization

k iluauanaassiulyd

Wi lu Azuwuuululd

2.5 GWNWBIALINADIUUBTU (Support Vector Machine)

v

Judanesfinvsziannisiseugwuuifasu(supervised learning) Migniaunlag

Q
Vladimir Vapnik (Corinna & Vladimir, 1995) lngaziludanesiiunfiannudaneuwagyinau

197 Weldmuiudeyandnuiutesiarviiaududounnn Fafusing, 2563).

Support Vector Machine Algorithm

. . Support Vectors

. :Class1
. : Class 2

dataaspirant.com

Uil 2.3 Fnmesannmesuuaty
(11 : 970 https://dataaspirant.com/svm-kernels/)

9IN3UT 2.3 nénnN15Ue dmesannnesuudy fensiisazuiagadeyasandy

a03 Uszan Liefiazyinn1suudu optimal hyperplane #ivinlissazi1aseing Léu optimal



a

hyperplane fiuiduus aes idu Tsseevinanniian Inefideyadvgnuuteanitu 2 Ussian

9 Y

A U L3 5 @ ! fe ¥ U s

Ao wadwsduuinuaznaansiiluau dmaansiuuan a1 Y ezl 1 dwaansiduau e

A

Yazilu -1 lnsveudulszegniels 2 Reuly Refiusing, 2563)

Foulvdl 1 Ao Teyarweyluiuiiseninudulse 19e5un31 Hard Margin

Classification

Wouledl 2 Ae Toyasylui ufl seninudulseld 90158071 Soft Margin

Classification

LYTPL LABS

WX+b=0

A A
@
®
@] ®
e °
S
’ ®
)
[
@
\_
P H » &
N | -y
¥ Hard Margin Classification V¥ Soft Margin Classification

gﬂﬁ 2.4 uansdouly Hard Margin wae Soft Margin vesdwnesnnnmasuuedy
(ﬁm : 970 https://entri.app/blog/what-is-svm-algorithm-in-machine-learning/)
#Wandu dmsu SVM for regression (Géron, 2019)
hg = wyix; + wyxy + - +wpx, +b (2.9)
hg =wlx+b (2.5)

e W A Aaaediniln (weight)
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B o A1ANLOULEEN (bias)
x = gadoyaiildlunismsy
Tnenadnsudor v iildavilane fo tuay -1 Taeany aufulumudeulassd
wix+b<0:y=-1 (2.6)
wix+b=>0:y=1 (2.7)

\Wevinn1sleudu optimal hyperplane AMRuALEUUTET 96030 1UVOILE U optimal
hyperplane Tngtdudszunaziunomunusihg (x) widu -1 uag 1 lnsdhwmnefonis
WA w kae b NviliszeyvinveduUsuasidu optimal hyperplanediinunniianlneeg

melatouly hard margin %38 soft margin

Tngfinrudures hg (X) wiriu norm vector 983 A1 w laegainlaain a@uns 2.10

o)
——he(x) = Lilqlwil (2.8)
X
d
a—xhe(x) = |wyl + lwy| + -+ |wy] (2.9)
d
—hp(x) = |[wll; (2.10)
X

' a v & A A = o 1% =
A1 w EiUY i%ﬁl%‘lﬁ’mﬂfﬂzﬂﬁLWJJZJ']ﬂ"UUIﬂEJﬁQLﬂWDLﬂ‘\]']ﬂEUVI 25

wy=1 i wy = 0.5

14 . . - 14 . o
-3 H
Wy -~ ' | -

|
3
) Pom-
N
[oY) S——
|
-
>

UM 2.5 UNUNMLAAIANNENTUSTENING A1 w kA S¥eEYi1e (Geron, 2019)

[
[ YY)

Aty nsminimized w 3sdndulunsiiuszesislinnigalaeiidsasliludeuly hard
margin Wag soft margin @15U hard margin lagunngaunHanduaznediniuinnin 1

A msua1uan #se Manduliandesnin -1 dwmsuaau taewsiaziuuati t9 = 1 #usuan
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un wag t¥ = -1 dmsuAtau Jadsudainialadn tAwxP+b)=1 dmsuynatneu lae
objective function ¥4 Waridu SYM algorithm Inanngl@ifeuly hard margin Wumsaunis
2.11 wag 2.12 (Géron, 2019)

— 1T
Minimize,, E w'w (2.11)
Subject to t® (WTx(i) + b) > 1fori=12,.m (2.12)

d115U soft margin azdiAn slack variable Tng T > 0 dwsuwsazemeou A1 {1 $n91 14
Toyadnnuwiilafiazoyaliegseninaduuszinedonili a1 T dnfigaminiidululy
Tuwauziieafu A minimize objective function tlatiis marginlsiunfign Tneavile1 C 3
\Ju hyperparameter ﬁgﬂﬁmu@sﬁumLﬁaﬁmumsﬁwm slack variable wag objective
function wa3 #aridu SVM algorithm Taenielddouly soft margin Hufaunisi 2.13 was
2.14

1 A
Minimizew,bszW +C 221 (D (2.13)
Subject tot@ (WTX(D A b) >1— ((i) and ((i) forl=12,..m (2.14)
Kernel

Aomediavspdiaaansnidlunsvhouduleyaniinududeusnuieliladanuduius
Wudunse Tegagyinsiddsudmnalunts optimize 1iesa35UM3 optimize MKUTIUU
polynomial lalaglanaansuuuiennu (Aefusing, 2563) lng objective function Tniay

Wuldnuaunisd

i=

m
Mmimizegzizl Zj:l a(l)a(])t(l)t(])x(l)Tx(]) — Z L a(’-)
(2.15)

subject to @ = 0 fori=1,2,.,m (2.16)

Tne kernel azunuiien X DT x 0D Qugums hin(x DT x 0D )2 ileunadaugu

Herdulndu second-degree polynomial

Handu kernel agliANFa@unng
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K(a,b) = (a"bh)? (2.17)
Tne kernel fifesldomiisssolul Rnfusas, 2563)
1.1duns9 (Linear)

K(a,b) =a™b (2.18)

291U (Polynomial)
K(a,b) = (yaTh + )¢ (2.19)

3N WTeU SIRpULUTaNentU (Gaussian RBF)

K(a,b) = eC7lla=bl*) (2.20)
4 3narewn (Sigmoid)

K(a,b) = tanh(ya™b + r)? (2.21)
d = fin3vesnyuy Bafnduan wiladgmlsdudounnndy @eildaaiymoverfitting

Y = Yumuduredkernel function Tagaznisusu Yazdinaneninaiuisalunissuile

Joyaniludanuduiusidudunse

' v
a =

T = term BaseiUSuAEUNNS mapping V84 feature space WNgRANEITW Tuansodna

#BN13 covergence YaddaANesINwAE UM WaLdULUaUwRANAndulals
2.6 NMIANARYLTILEY (Linear Regression)

a v . . & aa aad v o

n1sanneeldudy (Linear Regression) UWignmsmsadanldlunismeanuduiug
Toyasenineiulsnu (independent variable) uazfiaulsdase (dependent variable) lng
AudunusvesteyavviludunsmielndiAes (Data Innovation and Governance

Institute, 2022)

1A8ANUAUNUSTENINAIMUTAULALFILUTANLTSIAUN 98158037 correlation 1ag

| &

edlAnegTening -1 89 1 lneednlng -1 v3e 1 azusvenieanuduiusiiduidunsawuy
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v

2 o w v v = o cav v v 9
AU UIN AdaIny mﬂmlfuﬂﬂa 0 %LLammmmamwuﬁwlﬂﬂLﬁuLaum\‘i (Data

Innovation and Governance Institute, 2022)

Perfect positive Zero Perfect negative
correlation correlation correlation
A E A
. & ¥ By “,
() ] L
.‘ . ® I} o 2
y L - e ..

) )

o’ ° ® Py a
" 4 ° %

< Scribbr

gﬂﬁ 2.6 JULUUUDY correlation
(17‘i:u'1 . https://www.scribbr.com/statistics/correlation-coefficient/)
minnaeslnduazgnuualu 2 wuu fe
NNI0A0DELTIAUDENNE
y = Pot+ X (2.22)
y fio MUsRIu (dependent variable)
X fio fkUs9ase (independent variable)
Lo fo fasidleo a x = 0
B #o Sasdunsdsuulases Y demaiudsuuvames X (Anudi)

Msanoosladuluunga
y = ﬁo + ﬂle + ﬁ2X2+. - +ﬂan + £ (2.23)
y fio AUsnu (dependent variable)

X fio fkUsdase (independent variable)
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Po #o dnsiidie a1 x = 0
B1, -, B Ao Adudszansnsanassladuvesius Xq, ..., Xn
£ D ANAUARIALATOU

msneaevauyisiudmsu B
Hy: o =0 (2.24)
Hi: By #0 (2.25)
Null hypothesis (HO) fie asAgiuil fasil iy 0
Alternative hypothesis (H1) fie assRgiuil Avasil laividy 0

lagagyiinisnan p-value i oldlunisdndulaniadvdify lngagvianisifisuiuen

significance(Ql)
p-value < O 933U sas null hypothesis wazazUladn Apsilaivingu o
p-value > O 993N null hypothesis wazazulain A1ALIIINY 0

nMsnAgeUaNyAgINEmSy fuds Xy, ., Xy

Hi: B, #0 (2.27)

U

UUsEAvE WU 0 tufeduUs X limsegluda

a

Null hypothesis (H0) Ao auyAgIUA A1

9 &«

LUU

(Y] v A o

Alternative hypothesis (H1) fie ausignuil Andudseanslaivindy o dufeduds X aased

Tushuuu

lagagriin1sgan p-value waldlunisdndulaniadeddy lavagvinisiieuduan

significance (Ql)
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p-value < agvin1sufeas null hypothesis uagazulain Arduuseanslidviiiu 0 uagen Xn

TuanasuwUsny

p-value > 0L 9291138835 null hypothesis uazagulain ArduUseanawindy 0 uazen

Xn liflnasafkusnany

2.7 35390USLANSNTNVDIAMUU

ANSTANAYBINISYNUIETIANNNNTLA 891115 TRUSEANS A NvB AT AN L9 b unS
viune Teadunisiiavesneivhugldudssudeuivieya wWedaussansamvesd
wuu tneArnltinUsednsnn agil Mean Absolute Error (MAE), Root Mean Squared Error

(RMSE) waz R-squared (Visitora-at, 2019)

Mean Absolute Error (MAE) AonsuinauInvesmduysaiveda1nnuianaInuim

(Y]

Aade Tnedlgnsnadl.

1 A\
MAE = ~X Yic 1V — vil (2.28)
Y; = Aszanmesiiudsnouduss
Y; = AL UAUDY

n = 9IUILYATeYA

RMSE %38 Root Mean Squared Error ABn13A15UINAUINUDIAIENAIGIdD9UD A"

ANURANAIANMIA1LRRY Waald square root Tngilgnseail.

1 .
RMSE = |-x Y —vi)? (2.29)

N

yi

ANUTEUIUVDIAILUTHOUAUDY

Vi = ANveaiuUInouauad

n = 9IIUYATeYA
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R? %130 R-squared flaf1AnuiuLUsvasiklsnuitaunsaasuielamediiuuiio
& o ] ]
Judndiuwinle

Yiz1vi-¥i)? '
Vi = AUssanavesiiulsnauaues

Vi = ANUeIiuUInouauad

ANRAYUBIAILUTNDUAUDY

=
I

n = 9IUYATeYA
2.8 uIENNeIU09

Sigi Yang (2021) l@vhn1539813 89 dauuunisyhuiasiaiiinly Airbnb (Yang,

2021) Inglaviinisuds dseiganuazaindu vatevanenuinm Weviinis asiadeud

'
a o '

Asdruapeuagmnusiazosiuagyin Mafiuseliiisn ansian A sislddanseny
fusiaiifin Tunsstnfadsemedu TngldvinnisiunesianiiinluAinonb lungadnfstagld
wialln XGBoost waz tAssneUsvamifion nadwslfazuin XGBoost SiUszdvBandidna
dlaisufulaseieyssamiiienlng XGBoost fawuuilar-squared Wiriu 0.8112 uaz
0.6549 dwsuyndoyaiEeuiuazyateyanaaeunudu luvaed fMuvulassedszam
Wigy dAr-squared 111U 0.5087 uag 0.5019 dwmsuyateyalseusiazyntoyanaau

ANUAINU

Ang Zhu and Others (2020) 1#¥1n1538813 09 nsviwredinluAirbnbluiiles

17893NAENTITIUTVBUATE (Zhy, Li, kag Xie, 2020) M1NI5HUST WU wsiazNuAves

[ a

UIENA @nsgoLusng L‘fj‘u 4 Uy ﬁ@i?ﬂ’]gﬂ F1ANUIUNANT TIALING LLa%i’]ﬂ’]i%ﬁ‘Uﬁz Lﬁ@@

43
v Y '

11 Tunsaziundusiainnidusdrslslagazaunudn Tuiun sauwausu1s AT IUTLNA

auisn wuludullesdiiwesniu il sianineglusiaiung waresiAseRungLvinty

Mohamed Mahyoub and Others (2023) 1§v1n153 3813 aavhunasiandi wnlu
Airbnb Tuillesasumeu (Mahypub, Ataby, Upadhyay, kag Mustafina, 2023) Ima%’ayjaﬁi%’

suiutoyaiinAironb Tuasuneu swanagadloTun 7 Sunau w.a.2564 Tnednuiudeoya

o
(g =

Navunazdl 66641 ¥ wadla Mavua 4 vy D1lduuudy, XGBoost, NM13annaulduduns
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uay nsnAsuyans Tasaglduadwsiiin fauuu dilduvudy sheaeulddiaalaed e r-
squared BEffl 0.86944 MuNFIEFILUY XGBoost l 0.86601 FamsatunisAnyues (Yang,
2021) vhmsiunenenfiialutinds Ingld35 XGBoost Tasstnedszamiiion Tne dauvy
XGBoost AilnadwsAAnIlage r-squared ogfl 0.8112 uaz 0.6549 vesyAToyaFoUSIAY

Yatoyanaaey

Yihao Chen and Others (2021) lananalinsyiuiesiatedimisuning egn9tu
Iananeulu 1 Tumsudddglutagdu leewwznmsinsweluladdnngaglunisviue
sty nm3euivetniemie madouiveuniondedn ainmshnisSeuiveanies
danlflunsineleelfimeiafiduazmeiaddn uld Tneasd msonossduduy, Naive
Bayesian, Back Propagation Neural Network, Support Vector Machine, Deep Neural

Network Ingainuadnsazladn n1sannsedadu asinaansiueiiandioisuiusiuuduy

198 SYM 9giUse@nSnndiananlumiuunanin

q

Jibrin Katun Mohammed and Others (2021) l9vinn153381589 nanssnuvaalain
19 PflnanenainsimUIn (Mohammed , Aliyu, Dzukog, uag Olawale, 2021) Taalavinnis
NANNDINANTENUVDILATA 19 AdlAe 57A1UIU71 TUARIASIAIANNLaL U 1URBUT Y &

[

Hansevunslunmsulnuazay Ing Hansenuasiinduainnisiiinuastulagnuiuiuieu

Aaa o

nnnssessutinvieaiieanaladu sessudauviosiuuni laefiarudeinistiuiiiasnie
AuazmInAsuAsUluLauruUnINNIY Tuvued dnansenunisauannuneiiiaduiu
aa1sIatu liisdusafinnas auadd auniuiugas n1sAnedues vise msneaiied

1y 3 3 a
mmmﬂmiaaﬂmawaﬂmm 19

V. Raul Perez-Sanchez and Others (2018) l@vns@ne1391383 The What,
Where, and Why of Airbnb Price Determinants %38 Yadeifiuadosaaesinnly Airbnb
(Perez-Sanchez, Serrano-Estrada, & Marti, 2018) l8vin1sauny 5 J93u fidswanesiand
walu Airbnb e 51A0,8nwafisn (attribute), Tawad, @ MKIAEELYBITINA Az TatATy
yoaiin 91newise lednsAnwunin Tawduiiniuiinaynssnusesimvesiinlngianis
finiilndtuunawioniismdonausunsnvendlosiug Tnsamzszarnaiig dndiuunas

vieadieaunwils s1ATRNAasLiNg UYLy

Tarik Dogru and Osman Pekin (2017) levinn1sAnuideizes eglsfidiinliien
wnfiganandinfisinueshirbnb (Tarik & Pekin, 2017) TngldvinisAunuin Ysennvesd

wnflutwimdmse Wuiesdiudy ssfisiafigeniiiesuuunys egfl 141% and 28%

u
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AUEINU LAIEUT VDL UBITINNNINANTENUABSIAUBITINA LA EA UL YDA 190NN
\Ju superhost agiisnAnaaninussana 5% Weleuidsvesiiniilaldfianiug superhost
way /indeliaiudAy s oe Aud, aduazetn, wtuglan, lawady, uas

Uszaunsallumie



U 3

ASN1SALUUITUIYY

v
a o =

MAeilinsAnwinishuwenaniniungamnamiuasiagyseyndnisieuives

LATDILALINUITE A NYITRILNAMUATUR B Ul UNSANW 9T
v
3.1 ﬂ'ﬁ'ﬁ']U'ﬁ')ﬁJ‘Uaﬂda

mMsvhuenadiinlungamauasiasUssgndnisGeuivennies Insmsindeya
yosdiinly Airbnb ludsinngammwamuns Ussinlng 99nu3ules www.insideairbnb.com
Tnewduteyaswianargeilotuil 22 fusneu ne 2566 Tassrurutoyaasiiionun 20823
fregeuay 75 fauls sosldlidumeulumsiamstudeyadiondeudmiumashuesa

AIBNNIIELUIVDUATRINN

M13197 3.1 Features avHAYRIYATRYA

aviuil | Aedu aui | Aedull

1 id 10 host id

2 listing_url 11 host_url

3 scrape_id 12 host name

4 last scraped 13 host since

5 source 14 host location

6 name 15 host about

7 description 16 host response_time

8 neighborhood overview | 17 host response rate

9 picture_url 18 host acceptance rate




M157199 3.1 Features ﬁmmmmﬂqmﬁﬁayja (519)

20

aduil | redund Suil | eedul

19 host is superhost 36 bathrooms

20 host thumbnail url 37 bathrooms_text

21 host_picture_url 38 bedrooms

22 host neighbourhood 39 beds

23 host listings_count 40 amenities

24 host_total_listings count 41 price

25 host verifications a2 minimum_ nights

26 host_has_profile pic a3 maximum_nights

27 host_identity verified a4 minimum_minimum_nights
28 neighbourhood a5 maximum_minimum_ nights
29 neighbourhood cleansed 46 minimum_maximum_nights
30 neighbourhood group cleansed | 47 maximum_maximum_nights
31 latitude 48 minimum_nights_avg ntm
32 longitude 49 maximum_nights_avg ntm
33 property type 50 calendar_updated

34 room_type 51 has_availability

35 accommodates 52 availability 30
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M13197 3.1 Features MaviAYDIYATRYA (50)

a9 | pedwY a1 | ARAuY

i i

53 availability 60 65 review_scores_checkin

54 availability 90 66 review_scores communication

55 availability 365 67 review scores_location

56 calendar_last scraped 68 review scores value

57 number of reviews 69 license

58 number of reviews ltm | 70 instant_bookable

59 number of reviews (30d | 71 calculated host listings count

60 first_review 72 calculated host listings count_entire_homes
61 last review 73 calculated_host listings count private_rooms
62 review _scores_rating 74 calculated host listings_count shared rooms
63 review scores accuracy 75 reviews_per_month

64 review_scores_cleanliness | 72 calculated host listings count_entire_homes
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3.2 MsIAMstoya
3.2.1 msadudeya

N vimsdudsilidnduesnly 32 duds uaiteyadvivde 43 o

wUsuway 20823 fAlegg

%. ¥1n15U1783a n/a veeiLUT host response time uag host

acceptance rate 980
A. - Ynsaudeya 79 U89 Fus host is superhost

4. Mnsaudeya 119 ¥ee AU bed , review rating, bedroom,

email, phone, work_email

3. v11n1% drop duplicate

Q. NIN15 drop missing value

Y. WN13AIUIN correlation matrix

9 thaoduifislen correlation gatazaedinifliifeivesoon

3.2.2 msuﬂae%’aa&a@eﬂ‘%uﬂm

n. ¥ms standardize AeduiTiiusauiioue

9. 15U outlier anaNARELY 51A7 (Fulsdase)

A. N5 log transformation AeELY $1AN

4. nsunudi % lumreduy host response rate/ host acceptance

rate A18999319 kaAlumsAIe 100

9. MN5UIARAN property type Waz room type 09N
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3.2.3 msudasdoyalennnin

' '
1 IS

. vinsulas aeauil verify 1 poauil 10w 3 Areaud Trifddenu

ANNDUVDIADANLILAN (email, phone, work_email)

9. $MNNSAIANIUABALL amenities 1 @N1E amenities NHINUIULAUAT
YIIUIUYATOYA
A. MnsuUaUsELANYaIAflaaInmaaull amenities Wy 4 Uszuan

i.Comfort & Basics
ii.Appliances & Technology
iii.Safety & Facilities
iv.Convenience
3. #N15A9AY unique value 990 ABANY property type Wazlus
Usziaveonidu 4 Usean
i.entire units
ii.rooms_shared
iii.private_rooms
iv.specialty_accomodation

3. one hot dummy paduundmmauiliungu
3.2.4 M15Y A2uU5310 source B

v caa 1A

f. sy Aeduyd tourist district Wl Toe azidupsduiinien Ao
Tourist Distirct Uag Non-tourist distirct lag gdivdninausidnniniieg nlng

uwidsvieadisauazuaudininuengammaglidinouidiu Tourist District
i. Chatu Chak
ii.Phra Nakhon
iii.Samphanthawong
iv.Pra Wet

v.Parthum Wan



vi.Bang Rak

vii.Vadhana

viii.Ratchathewi

ix.Khlong Toei

x.Klong San

24

VRIHUNTEUIUNMIIANITTOLAUAY Azindiodeyaniavan 7924 uad uay 29 A

4 N .

Remove column

Remove blank

N

Clean missing

Extract
bathroom_text

value
. J .
4 N\ 4
Extract Verify
column
. J \_

Add new
column tourist
district

J/

3UT 3.1 AanuLanInszuIunsinnsioNa daui 1

Ve

Standardize all
numeric
column

N

Remove outlier
of price

.

Log
Transformation
of price column

J/




Extract amenities
and categorize

Drop missing value

Find correlation
matrix

Remove high
correlation column
and unneccsary

3
U

U

IS
7

Change object
column to float

One hot dummy

Extract and
categorize

property_type

Convert % column
to float

R

25

.

Remove
property_type and
room_type column

J

Ve

J

Convert bool to int

~N

3.2 fiunanInszUIumMsInnsteya diui 2



M13197 3.2 JeyandariunszuIun1sinnsteya

26

Variable Name

Type of Variable

Description

host response rate

Quiality

L4 <@ 6
LUBS LY UANIS

AOUAUDIVDILI 1V

)

NNA

host acceptance rate

Quiality

§ @ 6
LB ITURNITHBUAN
AINISLT AW NUD

WUBINNN

host_total listings count

Quality

FIUIUNNNTLIN VD]
Tu Airbnb

email

Quantity

19 99N19N15A AR D

fgemail

—
Il
2D

0 = ludl

phone

Quantity

1999119015 A AR D

18 phone

1 =14

0 = laifl

work_email

Quantity

1989N19015A AK B

fe

Work email

1l
—S
Iy

0= luy




M13197 3.2 YeUanaIIUNITEUIUNTIANTTToLA (si0)
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Variable Name

Type of Variable

Description

accommodates Quiality TIUIUAU GRENT il
sossule

bedrooms Quality I DIUDU

price Quality $1ATNA

minimum_nights Quality FUIUAUTUAIUATT
LN

maximum_nights Quiality UIUANgIantunis
TR

availability. 30 Quality UIUTUINTIUT930
T

number of reviews Quality 1IN

review_scores_rating Quality AZLUUYBINITIII

Comfort & Basics Quantity UTsLANve9d 991U
ANaraaIn(vesld
WugIw)
1=1

pd)}

0 =l
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M13197 3.2 YeUanaIIUNITEUIUNTIANTTToLA (si0)

Variable Name Type of Variable Description

Appliances & Technology Quantity U52LnN9898 98178
AuazaIn(ias osld

wazwalulad)

—
1l
pid)}

0 = laifl

Safety & Facilities Quantity UsgLanvad oy
AIUEEAIN(AINLU
UYaaan glagun

DNUIYANATAIN

—
Il
it}

(]
Il
—
.
D

T

Convenience Quantity UTLLnnve9d981une
ANUATAIN(EID Y

ANUETAIN)

—
11
=D

0 = lydl

host_has_profile_pic t Quantity laafigunnlusla

1=14

0 = lydl




M13197 3.2 YeUanaIIUNITEUIUNTIANTTToLA (si0)
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Variable Name Type of Variable Description
host_identity verified t Quantity leatudiusnu
1 = Budu
0 = higudu
host is_superhost t Quantity loaduguileslaa
1=10u
0 = laiflu
host response time_within a day | Quantity lganavausinielu 1 Ju
1=
0="T
host response time within a few | Quantity Teanauauasniely LA
hours Flug
1=T4
0=ld
host response_time within an | Quantity loanavausanielu 1

hour

SRR




M13197 3.2 YeUanaIIUNITEUIUNTIANTTToLA (si0)
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Variable Name Type of Variable Description
Tourist District_tourist distirct Quantity waviaadien

1 = wavisadien

0 = lulldumvioadien
instant_bookable t Quantity 904leviud

N

0=1ly
category property Private Room | Quantity Foauen

1 = Huouden

0 = Wifuvsaien
category property Room or | Quantity LL%%EZJ
Shared Space Y 4

1= wuuwagy

0 = laiiluuasqu
category property Specialty | Quantity WO UUTLAY

property type

1 = 1 Jueauwu Uiy

0 = luiduiaanuy

Ny
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3.3 As09NaNlY

A15199 3.3 LAseallenly

LA5894lD

ANBBUNY

Microsoft Excel

winsalun1sdnnsteyaiavasans

Pandas Library Python dwsuldlunisdnnisdeya

Numpy Library Python @usuldn1sauaumeein

Matplotlib Library Python dusultlunisvindata visualization

Scikit learn Library Python @1nsuldlunisas19mauuun1svituneu XGBoost /SVM /
Linear Regression

re Library Python d@wusulgid@uniun1inn regular expression

shap Library Python é’wm%’ﬂﬁumiaﬁumamaé’wémaamiﬁﬂuimmm%jm

ast Library Python dwsulalunisdnnisiu python code

3.4 msuusdoyaluyndayaiEeus (training set) Wazyadoyanasau (test set)

nsuusteyailsdudoyaSeus (train setuazdoyanadau (test set) lngazius

Toya 80% Juyndeyasausias 20% Jugadeyanaaeu lneyadeyasouiazlivins

Y

3

Seudiiuuunsouuudnaes Lazyateyanadaudmiun1suiusednianvesiuudnassd

HuMsSeu3

3.5 N1SYINUIESIANNNN

3.5.1 XGBoost

fimsfimunel hyperparameter Wielilikuudnaesniiussdnsainuniian

N v

1ny hyperparameteriltagiisal
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1. alpha : 13ldAquau L1 regularization lngagyvinn1sdn features M4l

AMuERytouesn BellAmin A1 coefficient Balng 0 [0, 1, 5, 10, 15]

2. colsample_bytree : A3UANAILLUIBY features Wignidenlunmagzaulyd

wiaUasiiuoverfitting wag A uduliunlama Fneglugae 0§11 0.1, 0.3, 0.5,

0.7, 0.9]

3. learning rate : 5mﬂmil38u§ﬁﬂmﬁu overfitting [0.001, 0.01, 0.05, 0.1,
0.2]

a. max_depth : AuAnggavesiuldl Tnsnsuiindazyinliduuudaig

Fudaun1ntu winanduiniuliaziintdgmi overfitting winArnLAuly azLin

Usyy1 underfitting [3, 5, 7, 10, 15]

5, n_estimators : a1uauAull lagdruaudulilivey aziulszdnsninnis

FuveIRaRuy senanuansieda overfitting [50, 100, 200, 300, 500]

WaN15MIA hyperparameter MiAvianlagly sridsearchey lunasAnumn

M13197 3.4 A1 hyperparameteriafignainnsly eridsearchcy 484 XGBoost

Hyperparameter Value Best hyperparameter
alpha [0, 1, 5, 10, 15] 0

colsample bytree |[0.1, 0.3, 0.5, 0.7, 0.9] 0.5

learning rate [0.001, 0.01, 0.05, 0.1, 0.2] 0.05

max_depth [3, 5,7, 10, 15] 10

n_estimators [50, 100, 200, 300, 500] 500
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1A hyperparameter 71l§ 115UALLUU XGBoost #feature importance Youaaziwus

udagyinsuuseandu 3 nsdife
1. Filtered feature (Importance > 0)
2. fudsiifien importance mmﬁqm 5 duRULkIn (Top 5)
3. fhudsfifien importance mﬂﬁz‘m 10 dusiuwsn (Top 10)

3.5.2 YWNDIALINLADSWUVTU(SVM)

[

finsAvunAl hyperparameter Naglgnsil

1. C: A1 hyperparmeter @m3sun1munseauvad slack variable [0.1, 1, 10,
100],

2. Gamma: Usuanutued kermel function [scale, auto]

1

® = —
Scale ¥ - DV BTAS

(3.1)

1
® Autoy = ”
(3.2)

3. Kernel: kernel function [rbf, linear]
YIN19AUNT hyperparameter ﬁaﬁqﬂ%ﬁ gridsearchcv

'
a

A19199 3.5 A hyperparameterwﬁﬁqmmﬂmﬂ{f gridsearchcv 989 SVM

Hyperparameter | Value Best hyperameter
C [0.1, 1, 10, 100] 1
gamma [scale, auto] scale

kernel [rbf, linear] rbf
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YINNSASABUY 3 NSEU

° Filtered feature (Importance > 0)
° AkUs9ElA1 importance 1n7ign 5 Suduusn (Top 5)
° AUsNEA1 importance 1Mn#ign 10 sudiuusn (Top 10)

WAYINANTIAUTEANS AN VDIRILUUAIY AT MAE RMSE Way R-squared
3.5.3 N5AAnDULTLEU

M1N15UdTey AT HIUNTEUIUATT preprocessing U11935 OLS (Ordinary Least
Square) L an15UsEUIMAT Wiag feature luduniIsnisannesadu lngvinnisuen

AU VDY feature Tneld A1 p-value tuddndu lnemuuaseau audedulin 95

% (0L = 0.05)
Hy: Bn, =0
Hl: ﬁn * O

lagnnan p-value w03 feature < O azvinsufias Hy win p-value > 0 asvinn1ssousy

Hy

Ineagidan feature dA1 p-value %8N 0.05 WIWINNITATNAIUUNITONDDITILEU



UNa 4

NaN15IuaanUsIeNa

namsAnsmMsihuissniinlunsamnlagyszgndmsiseuvenaies Tnglidoya
Ul insideairbnb SanatgaiieTuil 22 Aueneu w2566 evnnsAnwdadei
denasemaiiinlunsaummuazidieuiisutssansamnmsviunenafinlagldnmsisous
yoaiATes 5emine FBnTya (XGBoost), dwwesnnnimesunsdu (Support Vector Machine)

wagIsN1TNNRYTNLEU(Linear Regression)

4.1 NMYIAUTEENTAINVBIAILUU XGBoost

4.2 MFIAUTEANSANUDIAILUU SYM

4.3 MyInUTEANENINTBIFILUUNTONODULTILEY
4.4 NM3IAUTEENTAINTZAINFIUUY

4.1 MFIAUTEANSNINVBIALUY XGBoost

1319INN13MAN feature importance Ya9LUY XGBoost M4 3 N3t

° Filtered feature (Importance > 0)
° Fusiisia importance 1Anfign 5 Sustuusn (Top 5)
° AuUsNIAY importance mﬂ‘ﬁlz‘m 10 duaUKsn (Top 10)

91nA157AN feature importance azlg AaUsALiAT importance > 0 UBIfILUY XGBoost

ANUANSIN 4.1



A15197 4.1 A feature importance U84 XGBoost (Filtered feature)
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Feature

Feature Importance

host response rate 0.0158
host acceptance rate 0.0216
host total listings count 0.0324
email 0.0212
phone 0.0329
work_email 0.0205
accommodates 0.0652
bedrooms 0.1912
minimum_nights 0.0193
maximum_nights 0.0209
availability 30 0.0177
number_of reviews 0.0189
review scores rating 0.0147
Comfort & Basics 0.0191
Appliances & Technology 0.0153
Safety & Facilities 0.0403
Convenience 0.0208
host_has_profile_pic t 0.0182




A15197 4.1 A feature importance 84 XGBoost (Filtered feature) (s0)

37

Feature

Feature Importance

host_identity verified t 0.0278
host is_superhost t 0.0227
host response time within a day 0.0294
host response_time within a few hours 0.0240
host response_time within an hour 0.0204
Tourist District tourist distirct 0.1513
instant_bookable t 0.0199
category property Private Room 0.0555
category property Room or Shared Space 0.0367
category property Specialty property type 0.0065

AN5197 4.2 A7 feature importance 989 XGBoost (Top 5)

Feature Feature Importance
bedrooms 0.1912
Tourist District_tourist distirct 0.1513
accommodates 0.0652
category property Private Room 0.0555
Safety & Facilities 0.0403
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271NN1391 top 5 AWUTNEA1 importance g47gAY89fIUUU XGBoost WU

Usznoulumedulsfsseluil bedrooms, Tourist District_tourist district, accommodates,

category property Private Room wag Safety & Facilities

A15197i 4.3 @ feature importance 984 XGBoost (Top 10)

Feature Feature Importance
bedrooms 0.1912
Tourist District tourist distirct 0.1513
accommodates 0.0652
category property. Private Room 0.0555
Safety & Facilities 0.0403
category property_Room or Shared Space 0.0065
phone 0.0329
host_total listings count 0.0324
host response time_within a day 0.0294
host_identity verified t 0.0278

9InN1591 top 10 fudsidien importance as¥igauassiakuy XGBoost nuinUsenauluaae

Aaundsaenolull bedrooms, Tourist District tourist district, accommodates,

category property Private Room, Safety & Facilities category property Room or

Shared Space, phone, host_total listings count, host response time within a day,

host_identity verified t

udYINN1TIAN hyperparameter Munzaniuusaziuuululaaznsdl
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AN5197 4.4 A hyperparameter 984 XGBoost (Filtered feature)

Hyperparameter Value Best hyperparameter
alpha [0, 1, 5, 10, 15] 0

colsample bytree [0.1, 0.3, 0.5, 0.7, 0.9] 0.5

learning rate [0.001, 0.01, 0.05, 0.1, 0.2] 0.05

max_depth [3, 5,7, 10, 15] 10

n_estimators [50, 100, 200, 300, 500] 500

Tunsdlfn 1den feature MiA1 importance > 0 @505 XGBoost laA1 hyperparameter 9

mmgamﬁq@é’nﬁ alpha = 0, colsample_bytree = 0.5, learning rate = 0.05, max_depth

= 10 wag n_estimators = 500

A15197 4.5 A hyperparameter U89 XGBoost (Top 5)

Hyperparameter Value Best hyperparameter
alpha [0, 1, 5, 10, 15] 0

colsample bytree [0.1, 0.3, 0.5, 0.7, 0.9] 0.5

learning rate [0.001, 0.01, 0.05, 0.1, 0.2] 0.05

max_depth (3, 5,7, 10, 15] 10

n_estimators [50, 100, 200, 300, 500] 500
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lunsain 1den feature MM importance 11n7gn 5 suAUEIMTUIT XGBoost laan
hyperparameter ﬁmmzauﬂqmﬁaﬁ alpha = 0, colsample_bytree = 0.5, learning rate =

0.05, max_depth = 10 wag n_estimators = 500

AN5197 4.6 A hyperparameter 983 XGBoost (Top 10)

Hyperparameter Value Best Hyperparameter
alpha [0, 1, 5, 10, 15] 0

colsample bytree [0.1,0.3,0.5, 0.7, 0.9] 0.5

learning rate [0.001, 0.01, 0.05, 0.1, 0.2] 0.05

max_depth [3,5,7, 10, 15] 10

n_estimators [50, 100, 200, 300, 500] 500

lunsdifl \den feature MiiA1 importance 41n7dA 10 SUAUAMTUIS XGBoost laa1
hyperparameter ﬁmmzauﬁqméfﬂﬁ alpha = 0, colsample_bytree = 0.5, learning rate =

0.05, max_depth = 10 wag n_estimators = 500

MN5TnUsEanTamvesiiluy XGBoost W1uA1 MAE, RMSE kay R? laguustoyaiin

UsgdnSnmduteyayniSeuiuastayaynnageu
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HANSNARBUAILUY XGBoost Yasyadoyaiseusiaglia1 MAE, RMSE wag R? lun1sin
UsyanSamesaiaLuy XGBoost 14 3 fauuu (filtered feature/ top 5/ top 10) Iaenduly

mmg‘dﬁ 4.1,4.2 uaz 4.3

XGBoost-MAE(Train)
450.0000 1409.0759
400.0000 ; ]

350.0000 i
298.9147

300.0000
250.0000
200.0000
150.0000
100.0000 —F = Trarr=r )

50.0000

0.0000
XGBoost(filtered feature) XGBoost(top 5) XGBoost(top 10)

m MAE(Train)

JUM 4.1 unugiuvisuanadn MAE Yaeyntasaisouiveiiiuy XGBoost

913U 4.1 9emuInFIUUU XGBoost (filtered feature) azdinn MAE agf#l 52.0941 1ng
XGBoost (top 5) a¢ila1 MAE g/l 409.0759uay fuuy XGBoost (top 10) fiA1 MAE ogjfi
298.9147



a2

XGBoost-RMSE(Train)

600.0000 557.7788
500.0000
440.1011
400.0000
300.0000
200.0000
|97.1826 {
100.0000 “
0.0000
XGBoost(filtered feature) XGBoost(top 5) XGBoost(top 10)

W RMSE(Train)

JUN 4.2 unugiiuvisuanadn RMSE veayndeyalieusvedsiuuu XGBoost

MNFUT 4.2 IsNUTIFILUY XGBoost (filtered feature) 95 RMSE ¢jfl 97.1826 Tne
XGBoost (top 5) 9ilen RMSE agil 557.7788 way flluu XGBoost (top 10) ff1 RMSE oy
l 440.1011
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XGBoost-R%(Train)

1.2000

0.9821

1.0000

0.8000
0.6329
0.6000

0.4103
0.4000

0.2000

0.0000
XGBoost(filtered feature) XGBoost(top 5) XGBoost(top 10)

W R2(Train)

JUN 4.3 Ununiiuviauansd R? Ye9nvoyalseusuedsmiiuy XGBoost

913U 4.3 38NUIIUY XGBoost (filtered feature) aziian R? ag/fi 0.982099 Tny
XGBoost (top 5) a¥ilen R? o7l 0.410336 Waz AUV XGBoost (top 10) ld1 R? og
0.632899



a4

1

VOURYANAETDU

HAN1SNAABUAILUU XGBoost vasyndayanaaaulaslda1 MAE, RMSE waz R? lun13in
UsyaNSameBafaLuy XGBoost 14 3 fauuu (filtered feature/ top 5/ top 10) Iaenduly
mmgﬂﬁ 4.4, 4.5 uaz 4.6

XGBoost-MAE(Test)
450.0000 (4136235 |
400.0000 _ 4

1350.5863
350.0000

308.5393 |
300.0000
250.0000
200.0000
150.0000
100.0000

50.0000

0.0000
XGBoost(filtered feature) XGBoost(top 5) XGBoost(top 10)

B MAE(Test)

5UM 4.4 unugduvauandt MAE 903ntoyanaaeuvedsiiuuy XGBoost

91N3U7 4.4 9sNUIILUU XGBoost (filtered feature) aziiA1 MAE gl 308.5393 Tag
XGBoost (top 5) WwilA MAE 8¢l 413.6235 Laz fauuy XGBoost (top 10) fiAn MAE il
350.5863
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XGBoost-RMSE(Test)

600.0000

548.5244

497.2814
500.0000

442.8788

400.0000

300.0000

200.0000

100.0000

0.0000
XGBoost(filtered feature) XGBoost(top 5) XGBoost(top 10)

M RMSE(Test)

JUN 4.5 ununiuviauanad RMSE veaadeyannaautasiibuy XGBoost

9N3UT 4.5 WwNUIWINUY XGBoost (filtered feature) dwdlA1 RMSE ol 442.8788 Tne
XGBoost (top 5) azilen RMSE gl 548.5244 way fluy XGBoost (top 10) fif1 RMSE oy
7l 497.2814
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XGBoost-R? (Test)

0.7000

0.6042

0.6000

0.5010
0.5000

0.3929

0.4000

0.3000

0.2000

0.1000

0.0000
XGBoost(filtered feature) XGBoost(top 5) XGBoost(top 10)

B R2(Test)

JUN 4.6 uNUITUIUARIAT R? YB4YAU0LANAGBUTBRILUY XGBoost

91n3U7 4.6 WNUIWILUY XGBoost (filtered feature) 3zdiA R? agf#l 0.6042 Tnw
XGBoost(top 5) 9iiAn R agil 0.3929 uay fUY XGBoost (top 10) 5iF1 R2 affi 0.5010



ar

A157199 4.7 WSsugua1InUsEans nnueeskuy XGBoost

WUTLAVEA MUY | AU ATIAUITZANTAINALUY
Joyaynseus | Yeyayanaaeu
MAE XGBoost (filttered feature) | 52.0941 308.5393
XGBoost (top 5) 409.0759 413.6235
XGBoost (top 10) 2989147 350.5863
RMSE XGBoost (filtered feature) | 97.1826 442.8788
XGBoost (top 5) 557.7788 548.5244
XGBoost (top 10) 440.1011 497.2814
R? XGBoost (filtered feature) | 0.9821 0.6042
XGBoost (top 5) 0.4103 0.3929
XGBoost (top 10) 0.6329 0.501

191519 US 8 U B UNITIAUSTEANT A NUBIFILUY XGBoost azwiulaqn @auu XGBoost

(filtered feature) LayXGBoost (top 5) dUgyn1 overfitting ftuladn Tnonnizfawuy

[

XGBoost (filtered feature) faii fawuu XGBoost (top 10) Fudusuuuiiiuszansam

Tgaluduuy XGBoost MinunUesnleyaiseuswaryavayavaaay

4.2 N5IAUTLANTAINVDIAILUU SVM

15191NN1391AN feature importance UBRILUY XGBoost 914 3 fruuu

L] Filtered feature (Importance > 0)



° AkUs9EA1 importance 1Mn7ign 5 Suduusn (Top 5)

° MUsNLA1 importance 1n#ign 10 Susiuusn (Top 10)
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91NN151AN feature importance agle AuUsATAT importance > 0 FDIRILUY SYM Al

A15197 4.8

A5197 4.8 A feature importance ¥84 SVM (Filtered feature)

Feature Feature Importance
accommodates 0.2319
Tourist District tourist distirct 0.2044
bedrooms 0.1806
host total listings count 0.0917
availability 30 0.0675
host_is superhost t 0.0667
review_scores rating 0.0652
number_of reviews 0.0618
work_email 0.0617
minimum_nights 0.0486
email 0.0445
instant_bookable t 0.0392




A3197 4.8 A1 feature importance ¥89 SVM (Filtered feature)
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Feature

Feature Importance

category property Private Room 0.0379
maximum_nights 0.0317
category property Room or Shared Space 0.0269
Convenience 0.0204
host response rate 0.0191
Safety & Facilities 0.0144
host_response_time within an hour 0.0125
host response time within a few hours 0.0110
phone 0.01015
host_response time within a day 0.0078
Comfort & Basics 0.0048
host_acceptance_rate 0.0039
host_identity verified t 0.00127
host_has_profile_pic t 0.00016




A5197 4.9 Ffeature importance ¥84 SVM (Top 5)

50

Feature Feature Importance
accommodates 0.2319
Tourist District_tourist distirct 0.2044
bedrooms 0.1806
host_total listings count 0.0917
availability 30 0.0675

39NN top 5 FIMUTNAAT importance geidnvaefiakuy SYM wuUseneuluaiesy

wUsAan e Ul accommodates, Tourist District tourist district, bedrooms,

host_total listings count tag availability 30

15197 4.10 ¢ feature importance U84 SVM (Top 10)

Feature Feature Importance
accommodates 0.2319
Tourist District_tourist distirct 0.2044
bedrooms 0.1806
host total listings count 0.0917
availability 30 0.0675
host is_superhost t 0.0667
review_scores_rating 0.0652
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A5197 4.10 ¢ feature importance 98¢ SVM (Top 10) (#19)

Feature

Feature Importance

number _of reviews 0.0618
work_email 0.0617
minimum_nights 0.0486

31NN top 10 AauUsNilA" importance @3fignuasiauuy SVM nuiusenaulumiest

wusa s aludl accommodates, Tourist District_tourist district, bedrooms,

host_total listings count, availability 30, host is superhost t, review scores rating,

number of reviews, work _email, minimum_nights

filtered features, top 5 features Wag top 10 features 1%1@1 hyperparameter ﬁﬁ‘ﬁqm

1meld gridsearchev

AN3197 4.11 ¢ hyperparameter 483 SVM (Filtered Feature)

Hyperparameter Value Best Hyperparameter
C [0.1, 1, 10, 100] 10

gamma [scale, auto] scale

kernel [rbf, linear] rbof

Tunsdl?l 1deon feature 91lA1 importance > 0 @M5U35 SVM laAn hyperparameter 9

wizaunaneatl C = 10, gamma = scale wag kernel = rbf




AN5197 4.12 A1 hyperparameter 489 SVM (Top 5)

Hyperparameter Value Best Hyperparameter
C [0.1, 1, 10, 100] 1

gamma [scale, auto] scale

kernel [rbf, linear] rof

lunsdlfl 18en feature MdiA1 importance WInvidn 5 dudud1nsuis SVM Laan

hyperparameter Mivanzauigadsil C = 1, gamma = scale wag kernel = rbf

151971 4.13 1 hyperparameter 183 SYM (Top 10)

Hyperparameter Value Best Hyperparameter
C [0.1, 1, 10, 100] 1

gamma [scale, auto] scale

kernel [rbf, linear] rbof

Tunsedly den feature

hyperparameter iz @udAAT

MAsTnUsEanTamvesdiluy XGBoost W1uA1 MAE, RMSE uay R? laguustoyaiin

A

#dA1 importance 11n7gn 10 duaud msuis SVM laan

e

q

UsgdnSnmdudeyayniseuiuastayaynnagou

YC=1, gamma = scale way kernel = rbf
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YAUDUASTIUS
9 Y Y

HAN1INAFBUAILUY SVYM vasyavasyaiiouslaeldrn MAE, RMSE uaz R? Tun1sin

a

UsyanSamasaiaLuy SYM 919 3 MUy (filtered feature/ top 5/ top 10) Tnatfuluaiu

a

UN 4.7, 4.8 uaz 4.9

SVM-MAE(Train)

450.0000

| 4017779

400.0000 367.9701

350.0000
1296.1988 |
300.0000 .
250.0000
200.0000
150.0000
100.0000

50.0000

0.0000
SVM(filtered feature) SVM(top 5) SVM(top 10)

m MAE(Train)

UM 4.7 unugduviauanaan MAE vaeyadasaiseuivesmiiuy SVM

9IN3UT 4.7 95muIndILUY SVM (filtered feature) agiinn MAE 71 296.1988 Tuvaugil SVM

(top 5) wilAN MAE gl 401.7779 Wwag SYM (top 10) asiiAn MAE egil 367.9701



54

SVM-RMSE(Train)

600.0000

551.3955

516.2310
500.0000

437.2480

400.0000

300.0000

200.0000

100.0000

0.0000
SVM(filtered feature) SVM(top 5) SVM(top 10)

H RMSE

5UN 4.8 Ununiiuviasuansdl RMSE veandayaseusvesfuuy SYM

9IN3UT 4.8 NUIFIMUU SVM (filtered feature) aziin RMSE 71 437.2480 Tuvazil SYM

(top 5) azdlA1 RMSE o8l 551.3955 way SVM (top 10) wdiAn RMSE agil 516.2310
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SVM-R?(Train)

0.7000

0.6376

0.6000
0.4949
0.5000
0.4238
0.4000
0.3000
0.2000

0.1000

0.0000 ~ ~
SVM(filtered feature) SVM(top 5) SVM(top 10)

HR2

JUN 4.9 ununiiuvisuanan R 999yndesaliouivediuuy SV

9N3UT 4.9 agnuIIaLUY SUM (filtered feature) agilein R? 11 0.6376 Tuvaigit SYM (top

a1

5) axdien R? 9gffl 0.4238 waz SVM (top 10) 9l R? agil 0.4949
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YAUoyanadaey

HAN1INAFBUAILUY SYM vasyadasyannaaulagldrn MAE, RMSE uag R? lun1sin

a

UsyanSamasaiaLuy SYM 919 3 MUy (filtered feature/ top 5/ top 10) Tnatfuluaiu

a

JUN 4.10, 4.11 Uaz 4.12

SVM-MAE(Test)

420.0000 :
408.2376 |

410.0000 i G il
400.0000
390.0000 | 385.3731
380.0000
> 361,7298 |
. ] 24
360.0000
350.0000

340.0000

330.0000
SVM(filtered feature) SVM(top 5) SVM(top 10)

m MSE(Test)

UM 4.10 unugiiuviaiansal MAE ve3yatayanaaauveiiiuy SYM

9IN3UT 8.10 aznuindaliuy SYM (filtered feature) agslAn MAE  361.7298 luvnigit SVM

(top 5) wilAN MAE agil 4082376 Wwag SYM (top 10) asiiAn MAE il 3853731



57

SVM-RMSE(Test)

550.0000 545.9343
540.0000
530.0000 526.1634
520.0000

510.0000 506.4889

500.0000

490.0000

480.0000
SVM(filtered feature) SVM(top 5) SVM(top 10)

M RMSE(Test)

JUN 4.11 Unuiiuvisiansdl RMSE U84yndayanaasuvedsiiuy SYM

9N5UT 4.1 9enUIIHILUU SYM (filtered feature) 9siiAn RMSE 11 506.4889 Tuvnyil

a1

SVM (top 5) axdifin RMSE 8¢l 545.9303 wag SVM (top 10) a¥ilan RMSE gl 526.1634



58

SVM-R? (Test)

0.6000

0.4824

0.5000
0.4414

0.3986
0.4000

0.3000

0.2000

0.1000

0.0000 ~ ~
SVM(filtered feature) SVM(top 5) SVM(top 10)

B R2(Test)

JUM 4.12 unuiluvianansen R? ve3yadayanndauveiiiuuy SVM

9IN3UT 4.12 aznuTFluU SYM (filtered feature) 2zl B2 1 0.4824 Tutaizil SVM (top
5) QudiAn R2 agil 0.3986uag SYM (top 10) il R ogffl 0.4414



A19199 4.14 WIguguaInUSEaNS NNURIRIUU SYM
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ANINUTZEANDTNNAILUU

WUsEANEAIMALUY | Aauuu
Joyayniseus | Yeyayavadeu
SVM (filtered feature) | 296.1988 361.7298
MAE SVM (top 5) 401.7779 408.2376
SVM (top 10) 367.9701 385.3731
SVM (filtered feature) | 437.248 506.4889
RMSE SVM (top 5) 551.3955 545.9342
SVM (top 10) 516.231 526.1634
SVM (filtered feature) | 0.6376 0.4824
R? SVM (top 5) 0.4238 0.3986
SVM (top 10) 0.4949 0.4414

INAITNNA 4.14 519U 8UNeUNIs TAUSEENS AINVBIFILUY SVM Aguiiulein fakuu

SVM (filtered feature) sy overfitting :@uvilvlsignialuifenld fauddnagiuszdnsam

Aa7an TuUTIAFAILUUTTINLA LagsiIuuU SYM (top 10) diUsedniainiidgalunis

WIguiguiwuu SYM Navainvesyadedaiieusuasyntoyanaasu

4.3 N1590USEANSNINVIIAILUUNISONNDLLTILE U

dusuiuuunsanaesdaudy aglinisidenduusaulaefiansunainan p-value lngagii

o aa

\don@anilAn p-value Wounin 0.05 Aslanslun1s1ei 4.15



A15197 4.15 #1 p-value
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Feature P-value NSLERNIIRIRUY
const 0.00 gnien
accommodates 0.00 Qmﬁaﬂ
Tourist District_tourist 0.00 gniden
category property Private 0.00 Qmﬁaﬂ
host is_superhost t 0.00 Qmﬁaﬂ
availability 30 0.00 gnLaeN
Safety & Facilities 0.00 gnden
bedrooms 0.00 aniden
Convenience 0.00 Qﬂlﬁaﬂ
review scores_rating 0.00 Qniden
minimum_nights 0.00 Qﬂlﬁaﬂ
phone 0.01 anLaen
host response rate 0.02 Qmﬁaﬂ
email 0.02 gnen
host_has_profile_pic t 0.04 QﬂLﬁE}ﬂ
host total_listings count 0.06 lyigniden
category property Room or 0.06 13J'Qﬂl,§aﬂ
Appliances & Technology 0.07 VLliQﬂLﬁE]ﬂ




A15197 4.15 A1 p-value (510)

6

1

Feature P-value NsLaeNUAIMUY
host response_time_within a day 0.23 VLliQﬂLﬁE]ﬂ
maximum_nights 0.27 lyigniden
host response_time within an hour 0.28 13J'Qm§aﬂ
host response_time within a few hours | 0.32 iﬂgmﬁaﬂ
host_identity verified t 0.33 lsigniden
instant bookable t 0.46 lyigniden
number_of reviews 0.49 1ﬂigﬂL§aﬂ
host acceptance rate 0.50 13J'Qm§aﬂ
category property Special 0.57 hjgmﬁaﬂ
work_email 0.89 1ﬂigﬂL§aﬂ
Comfort & Basics 0.94 Lyignifen

a1 o a

WetfmuusAunlal p-value Hosnin 0.05 aglamuuunIsanneeliduniladulssadn

AS0NDDYAIY

Doy



A1519% 4.16 coefficient VoA ILUU Linear Regression
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Feature Coefficients
Intercept 1022.01
host response rate -203.56
email 15.07
phone 26.10
accommodates 469.82
bedrooms 61.65
minimum_nights -24.13
availability_30 3141
review scores rating 29.43
Safety & Facilities 199.22
Convenience 82.83
host_has_profile_pic_t 239.31
host is_superhost t 90.80
Tourist District_tourist distirct 368.54
category property Private Room -220.24

v
v

INAUUTLANTNSONNBUTNEY aunsanwlanalanadl

Po vanefis simadevesdiin wihiu 1022.01 v WedwUsdunndafia =0
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P1 e sieedsvesifiinanas 203.56 um WeRauus host response rate LiinAiy 1

WY wazFUIAUdUa AR

B2 wneiis 1 edsvesiiinanas 15.07 v Wediwindl n1s verify fag email waziauds

AUBUTIAIAIT

Pz weils 1A edevesiwniindy 26.10 v Wiediwnd n1s verify #a8 phone wazdn

wUsAUBUgIAIAIN

P4 vneiis saedevesinniiudu 469.82 U Woduwus accommodates LNTY 1

e wazuluaugdaInm

Ps mneils siedsvesiWniEaL 61.65 um WosuUs bedrooms WinTu 1 e way

FrlUsAuDUaAIAIY

P vaneiis saadsvesfinnanas 24.13 Um diofauds minimum_nights T 1 v

uazsUsIUdU AR

B7 mneds senedsvesfinnindy 31.41 v Wedwds availability 30 Wadu 1 wiae

uazFuUIIudUa AR

Pg el siadsresinniiniy 29.43 um Wiouls review scores. rating LTy 1

e wazmulsaudug AN

'
v

Po wuneiis 9 tedgvesiinniindy 199,22 vm LHeTINnd 981ueANaEAINUIELAN

Safety & Facilities wagAaUsAudUa AR

Y

P10 nuneis 1 nedsvesinniiindy 82.23 v Wefiinil AvwrusanuazainUszian

Convenience LazAILUsAuBUqIAIAIT

'
a o

P11 wneds s nedevesiiniiindu 239.31 v WewWwesfindyulslug uazduds

FUB U LAIALT

P17 wuneis A edsvesfinniinay 90.80 v Wahwesiinniaaiuy superhost wazfa

wUsAUBUgIAIAIN
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1%
v

P13 vneds siaadevesiiiniiingy 368.5¢ um Weinmegluwaviondies wazdauus

FUB U LAY

P14 vaneis seedsvesiinanas 220.24 vm Wefiind &sdrunsauazainlszian

Safety & Facilities WazfiauUsAudulaA1AI9

' P ' '
a = @

P15 mneds saedsvesinniindu 199.22 v Wefiwnd #wiulrsaruazninUszian

Safety & Facilities wazsiauUsnuduiiaA1Add

A19197 4.17 1WSsUNguAInUIE VBN NUOFILUL Linear Regression

ATIUTLANT AN ILUU ANIAUSLAND N NAIBUU

Ytoyaiseus | yndayavadeu

MAE 451.2749 447.3687
RMSE 653.0655 612.9571
R? 0.1917 0.2419

NATNT 417 aziiuladn duwuunisenoeeduduliyszavsnindlid mnganen R? lag

A1 R? andnanansgadeyaiseusiaryadoyanadeu 1 0.1917 uag 0.2419 Aua16y
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4.4 N15IUSEANSNAINTLHRINAUU
YnUoyaseu;

HAN1SNAFBUTENINUAarALUUvntayassuilngldA1 MAE, RMSE uag R? Tunisin

UszdnSnmvesusasiuuulaedulunugud 4.13, 4.14 uay 4.15

MAE(Train)

500.0000 —_ - 451.2749

450.0000 [409.0759 | 401.7779

400.0000 = SR N 367.9701

350.0000 | 298.9147 | / /296.1988 |

300.0000 Naw 7

250.0000

200.0000

150.0000

100.0000 - |52.0941

50.0000

00000 M

Q) S\ O O S N 5
P & & 5 N & »\Q&
< \ < "
N ¢ e N S S
@ & O & S ~N
& & o° & =
S = S S
> N

&

+
B MAE(Train)

JUN 4.13 unuiluviauansdl MAE ve3yndayaiseusenindaiuy

Y

93Ul 4.13 MaFuiisussansnmuesiuuulngld MAE Wufaiaussansnnuesd
LUy 9zuiulein fuuu XGBoost (filtered features) fif1 MAE fidfasfigail 52.0941 Lile
\Wisuisudusuuudu lnedidauuusvM (filtered feature) wag XGBoost (top 10) ﬁﬁqm
T09ANNAMATUT 296.1988 LAy 298.9147



700.0000
600.0000
500.0000
400.0000
300.0000
200.0000
100.0000

0.0000

RMSE(Train)

557.7788

440.1011 437.2480

97.1826

\ |

551.3955

N

516.2310

66

653.0655

| RMSE(Train)

5UN 4.14 unuiiuviauansa RMSE ¥09Yavayalseussemiamiiuy

93U 4.14 msSauiiisvuszansnmvessawuulagly RMSE Wusiinuss@ngainuves
uuy azuiuledn fuuu XGBoost (filtered features) fifn RMSE Tileefianil 97.1826 e

WisuiisuRusiuuudug Inedfauuusvm (filtered feature) Wag XGBoost (top 10) #iian
RMSE floevasnanuandiuil 437.2480 uaz 440.1011
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R2(Train)
1.2000
0.9821

1.0000

0.8000 0.6329 0.6376

0.6000 0.4949

0.4103 0.4238
0.4000
i I 0.1917

0.2000

0.0000 “

Q) O S
73@& (@Q oQ ’8‘\}‘\ (@Q oQ\, \><@
& S N & R S
& o & & S N
& & S5 & R
S + © S
N + N
S N
& \
R\
W R2(Train)

UM 4.15 ununiluviauansen R? vaeyndayalseuiseninduuy

31n3UT 4.15 msiFeuigudssaniamaasdiuuulagld R? Wuddnuszansninve i
wUU 921Ul 3 @ILuU XGBoost (filtered features) fiA1 R? 7 wufmwaﬁm 0.9821 1il®
L‘U'EEJULV]EJUﬂUGI’JLLUU@u‘] 1aBdifuuuSVM (filtered feature) Wag XGBoost (top 10) ﬁdqﬂ

$599R9NMUESUT 0.6376 uaL 0.6329
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YAUoyanadaey

HAN1SNAFBUTENINUAarALUUTntayassuilngldAl MAE, RMSE uag R? Tunisin

UszanSnmvesusasimuuulaadulunugud 4.16, 4.17 uay 4.18

MAE(Test)

500.0000 — 447.3687
450.0000 | 413.6235 = '408 2376
400.0000 _g (3505863 | |361.7298 3853731
350.0000 - 308.5393/
300.0000 N ]
250.0000
200.0000
150.0000
100.0000

50.0000

0.0000
>\ <
& & 5
z'z;& &‘OQ &OQ e’i’& QOQ -@Q S
N I B N S A\
@ o o & S 3
.\\,Q’ _\Sg) o@o .\\.Q’ C’
L ¥ QQ\‘
& 3
& &
SN
B MAE(Test)

‘U‘ﬁ 4.16 LLNUﬂiJLLVNLLﬂﬂQﬂ'] MAE Guawmamamaam PINAILUU

9n3UTl 4.16 MmawSeuiiisutszanBnmvesianuulagly MAE Wusiauseansnimueasi
WUy uiulin fauuy XGBoost (filtered features) fiA MAE fidfoefiandl 308.5393 ile
Wisuiisuiusuuudue Tnesifuuy XGBoost (top 10) wag SYM (filtered feature) fiign
sesauNAudIFUT 350.5863 way 361.7298
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RMSE(Test)
700.0000 612.9571
548.5244 545.9343
600.0000 497.2814| |506.4889 526.1634
500.0000 | 442.8788
400.0000
300.0000
200.0000
100.0000
0.0000
\}@) Q%\ N & ) N &
2 & R > «® R N
N & & 3¢ N &
@ o° L @ S N

i © & i

K +* ®(\

& N
& ™
K\

M RMSE(Test)

JUN 4.17 unuIuviaianse) RMSE 309 UndasanagauseninesiiLuy

913U 4.17 marlFeuifisuussansamuesiuuulaely RMSE Wufinsyansnmaes
vy agutuldin fanuu XGBoost (filtered features) ffn RMSE itfoeiigail 442.8788
deaSsudisuiuiiwuudug Inefiduuy XGBoost(top 10) wag SVM (fittered feature) 7if
A1 RMSE Voeaasnnud1uil 497.2814uay 50648889
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R2 (Test)
0.7000 0.6042
0.6000
0.5000 — 0.4824 0.4414
' 0.3929 0.3986 ’
0.4000
0.3000 0.2419
0.2000
0.1000
0.0000
N N N <
< \e) Q
,@K OQ Q N R Q \QQ?
& é& @ & ®(& & N
& I & & S N
¢ & P & S
& + © &
N + N
S N
& Q
+©
B R2(Test)

JUN 4.18 UnuiilLviaueaniAn R? 109Ynvayana@eauseninafmuy

31n3UT 4.18 msiTeuigudssaniamaasdiuuulagld R? Wuddnuszansninve i
WUU 9ZL9UlA37 FIWUU XGBoost (Altered features) df1 R 91 mmawam‘w 0.6042 1ilo
LiJiEJULV]EJUﬂUGI’JLLUU@N‘] 1ABdAILUUSVM (filtered feature) ag XGBoost (top 10) Al Ejﬂ

$599R9IMNETUT 0.5010 waz 0.4824



A197199 4.18 WIBUWguANIAUSEENS NNUBITEWINIA LU
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WUTLAVBA MUY | AU ATIAUTZANTNINAILUY
leyayaisew; | Teyaynnadeu

MAE XGBoost (filttered feature) | 52.0941 308.5393
XGBoost (top 5) 409.0759 413.6235
XGBoost (top 10) 2989147 350.5863
SVM (filtered feature) 296.1988 361.7298
SVM (top 5) 401.7779 408.2376
SVM (top 10) 367.9701 385.3731
Linear 451.2749 447.3687

RMSE XGBoost (filtered feature) | 97.1826 442.8788
XGBoost (top 5) 557.7788 548.5244
XGBoost (top 10) 440.1011 497.2814
SVM (filtered feature) 437.2480 506.4889
SVM (top 5) 551.3955 545.9342
SVM (top 10) 516.2310 526.1634
Linear 653.0655 612.9570
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A15199 4.18 WIgu g uANIAUSEENS NNURITEWINR LU (D)

WUTLAVBA MUY | AU ATIAUTZANTNINAILUY
Ueyayaisew; | Teyayavadeu
R? XGBoost (filtered feature) | 0.9821 0.6042
XGBoost (top 5) 0.4103 0.3929
XGBoost (top 10) 0.6329 0.5010
SVM (filtered feature) 0.6376 0.4824
SVM (top 5) 0.4238 0.3986
SVM (top 10) 0.4949 0.4414
Linear 0.1917 0.2419

4.5 n1sefUsTeLaraTUNaN1TAaLY
4.5.1 Ugym1 overfitting

9IM15797 4.18 71 AUY XGBoost (filtered feature) fimnsinuszansn nun sy
wuu Lty A1 MAE, RMSE %38 R? duiinadnsvesdayaynnisieusniniinadnsyes
v =3 | ) Y & = v v ) =
Tayaganisnaaeuluegenin Jeanddviiudialami overfitting loeg1ataau &9 1 Ty
Bnsuitaymn overfitting Ao msanduau feature Ameluduuu Tae lusidensed Alad
AILUU XGBoost Mvinsidenianizan feature NiluUsasan 5 wag 10 duduusn Tunisi
fnUsmantuansuduiiuuu XGBoost (Top 5) kag XGBoost (Top 10) amasu lagunin

Mnsifisuan1sinussdnsamassianuy aswulaafluy XGBoost (Top 10) hag SVM

'
=

(filtered featured) HUszAnSamnangaluussadluuavLe Wgwad1 3MNN1TFLNRTY
wutiudadgun overfitting 1 91nA1N619709A1 MAE 903Yatayaiouswazyataya
Nadau lnevlsapsmuuuaziin1 MAE Aflnusisiulssunn 20% Jenuanslmiutaam

overfitting Tu@luy XGBoost (top 10) kaz SVM (filtered feature) faeiuniu
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4.5.2 fuwuuniiuszansnmnange

NA15197 4.18 AnulaandUeynn overfitting lunane vy lnadunalaainen
nsinUsyansnmaesdiuuy Tngagasuladn fawuu XGBoost (filtered feature) , XGBoost

I

(top 10) wag SVM (filtered feature) udauuuiddawm overfitting Tnaagliithduuy
wiardsnldlunsfinsanduuuiiiiussansnmiiafigalunsihunesiadinlungamn Tng
91951971 4.18 aEWUIHILUY SVYM (Top 10) AisluszanSamiidanlunisiunesandiin
Tnsazilan MAE 9gfl 367.9701 uag 385.3731 d1viuyateyaliouiiazyndeyannasy
AdIRU uazilAn RMSE a8l 516.2310 uay 526.1634 dmivyadeyaisousuazyndoya
naaoumuay Tasanvhoaziian R2 og7l 0.4949 waz0.4414 dmiuyndoyaiSeusuazya

a a

Toyanaasunudify Gsainainsinuszansamessnisinduuy azldesnunindiuuy
SVM (Top 10) fiszansnmifngalunsviunenaisinlungamm lngaaiine asuldind
LUU SVM (Top 10) iufuvuiisiussansnmiiifiga Tasdauuy SYM anwnsadanisiu
Jeym1 overfitting lANIGINUY XGBoost wARIMUU SVM Aduszans nmitldldvinfians

wazdandoiunlunsusuussUseansniwsawuulynaulueuieg
4.5.3 faulsndanansznudasavasiwnluunaanasu Airbnb Tungamn

NASNT 610 Tuansda feature importance ¥89fLUU SVM (Top 10) agiiiula
71 feature Mé’ﬂﬁﬂgﬂﬁmuuﬁmmﬁ’ﬁmq\i oA accommodates, bedrooms wag Tourist
District_tourist distirct I@a%za‘gﬂléf’h la119g18u feature bedrooms %38 accommodates
dnudu feature Auansiannuqgegavosdisinlaiindud e suouvseduiunugaani
secfuldvosiiinduandiifiuivivunvesiitnilinrud fauas duladendnlunsisan
fifn wa feature Tourist District_tourist distirct 1{u feature Miuansliiiuisinlaindues
fiindudaruddrenaiifnlasanslanduiioglndfuwausunsnnieaniuiviondeade
Faveangamm saenndosiuimiduves (zhu, Ui, Lag Xie, 2020) waz (Perez-Sanchez,
Serrano-Estrada, wa Marti, 2018) #ildnaniliiaaudfyvedlanduresiinndidiwass

[ o

A o A A A Yo s s = o q v P =
T@ﬂﬁ?ﬂWWVWWI@HLQWW%@HWQS@ﬂWiV]V] ﬂiﬂa lﬂﬁﬂiﬂNqiﬂﬂaﬂLN@QQ%VHIW?WQWT@QV] N

4'
AN
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A3UNaN1TILUAVDLE UL

5.1 @5Unan133dY

Mneuduaiidaszd Wihnisdnwides nsvhwenefiinlungannlaeyszyndlinng
Seusveaaies Ingldvihmairdeyaiiwnainumassesu Airbnb lasdeyamainiiuled
insideairbnb A¥N151u5mTayaiinves Airbnb 1ilaedeyadiléidudeyavesitinly
nyammiidmanaran Wotuil 22 fusneu wa2563 Tnedeyaduiu fiviavun 20823 uan
wag 75 ARRUY NAIINHIUNTEUINNTIANTITOLA AEAaTaNa Useina 7924 Uad uax
29 aadu Iefimssudauuulunmsviiusnaisnlunsammey 3 fuuundn fio XGBoost,
SVM wae msanaesidady tng ssdinsihmsuusiauuudy 3 nsdl dwsudiuuu XGBoost

waz SYM Teide 1) dauwusisiAirnudidyuinnia 0 2) daudsiidiananudiAngean 5

o

JUAULIN 3) AudsATAIAINEAYEEA 10 SUAULSA LAEANNAANSTIIA IwNUI1 AUy

[ |

XGBoost 7R UsNTiANEIAYN1ANTT 0, XGBoost NTRILUsNAIALdAREsan 10

7]

o
o J v A

uauLIniay SVM Aldsanusniauddguinnin 0 Aanuuiisaiuina it uditoym

o

a Ao al 1Y)

overfitting Jwhlvismkuuniuszavganianande SYM nldiudsnsiaranudfygean 10

q q

[

uiunsn) InediAn R? og#l 0.4949 uav0.4414 dwsugndoyaisousuasyntayannaoy

Y

audiu Tnedudsniianudrdgiluesiunndensyiungsiafinn Ao S1uINAugIgaad
Wn5935Ule (accommodates), 3uuaIuau (bedrooms) wag N1sUIUNIINWNLT U
viaaii e (Tourist District) Tagidunisusvandl1vuInvesi wnwazlamd uyasn wnil

NansENUAITIAYasiRnLduagunn

5.2 Uy lunsvinauduadndase MunseuIunsIng Idansdaga wazns

Uiuuse
5.2.1 msiudays

v a < v av v % aAv o Ao . . = ° v
Foyafisrusmuludeyafilduuwnasdeyailiilunianisifitedn insideaironb Jso1avilii

Hadnslanliveyatilinnunainafould
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5.2.2 msdamsdaya

1585719 AANY Tourist District IUaNA15IUN1SEBNWAINNADUNYIBWNLITDAIAULAES

ooulay Fee1avilminenuraaedeuls
5.2.3 msfudeya

Kernel 283 SVM u1egduuy Tanlunssuiivn@ahbiliaunsaussananald way Ainssu

e hyperparameter natlunisussananadium
5.3 daiausuuy

WWoNY150u19N feature NINITATINLALENAD Tourist District tourist distirct MU3

venddlarduvasiiniteglndfivuauduns nvseaniuivieniieadedslunsanmn wuin s

a [ Y

wUsIA1 importance fin Susuasan 3 suruusnlunndiwuy AsimngilaulafinyiAuaii

£ 1% 13

WA maslianudifiun1sas feature Inddmsurnugsminnnssuiun1s1i@a

wuulna i arnnsaviungldwiuguing U u sauludanisidenuazn1syTug uan

hyperparameter Tsuiletam overfitting
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1) Tumeulun1sdanisdeya
Microsoft Excel

1L vhnsiawdsilidnduesnly 32 dauds uditeyadninde 43 daudsuay
20823 §798 19

2. VT’]miﬁﬂ‘a}aﬂﬂa n/a Y99ALUT host response time tag host acceptance
rate 98N

3. inIsauteya 379 U84 fAaUUs host is superhost

4. vinsuUas medu verify 1 meduil 1u 3 Aedul Inddifiienuminauves

AANlLAL(email,phone,work_email)

saa 1A

5. Ny Aeduad tourist district Wnly Tae azidunaduinien fe Tourist

a

Distirct k@ Non-tourist distirct Tag i dninuaiI1ANNAegAlna wradviaaiie

Y

wazhaunininvasngawazladimeulu Tourist District
O Chatu Chak
O Phra Nakhon
O Samphanthawong
(@) Pra Wet
O Parthum Wan
O Bang Rak
O Vadhana
O Ratchathewi
O Khlong Toei

@) Klong San
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A3 extract ALaw wag Haonwsly AeaNl bathroom textilu 2 Aeduil

Tnglmsnusiluneduilmintedn bath unit

7.

MA1saUTeYa 119 ¥ fAILUS bed , review rating, bedroom, email,

phone, work_email

Python

1. vinnsdrop duplicate / ¥n1sstandardize poduumdusiaviaun

2. nasioutlier sanINABANY 1A (FLUTDETY)

3. N5 log transformation AaauY $9A7

q. Nnsh A lunaautl amenities l@NW1E amenities NLTNUIULAUAT 1D

PuUILYAToYa

5. MnsuuaUseanvesafilaanmedusl amenities WWu 4 Usean
O Comfort & Basics : ["Air conditioning”, "Dedicated workspace”,
"Long term stays allowed", "Essentials", "Bed linens", "Shampoo",
"Hangers", "Hot water"],]
O Appliances & Technology : ["Microwave", "Refrigerator”,
"Washer", "Hair dryer", "Iron", "Wif1", "TV"]
(@) Safety & Facilities : ["Smoke alarm”, "Fire extinguisher", "Free
parking on premises", "Elevator", "Kitchen"]
(@) Convenience : ["Self check-in", "Cooking basics", "Dishes and
silverware"]

6. N13drop missing value kay ¥INN13AIUIN correlation matrix

ArdwtnilAcorrelationsnnnii 0.8

[(host total listings count, host listings count)

@)

o) (availability 60, availability 30),
o) (availability 90, availability 30),
O

(availability 90, availability 60),
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(review_scores_accuracy, review_scores_rating)
(review_scores value, review scores rating)

(review scores value, review_scores_accuracy)
(calculated host_listings count, host_listings count)

(calculated host listings count, host total listings count)

O O O O O O

(calculated host listings count _entire homes,
host _listings_count)

O (calculated host listings count entire homes,
host_total listings_count)

@) (calculated host listings count entire homes,

calculated host_listings_count)

saa i

Wneduia1correlationgiuazaeduniiiliigides

host_listings_count

beds

availability 90

availability 60

review scores_accuracy

review scores cleanliness

review scores checkin
review_scores_communication
review_scores_location, review_scores value
calculated host_listings_count

calculated host listings count entire_homes
calculated host listings count private_rooms
calculated host listings count shared rooms
availability 365

number_of reviews (tm
number of reviews (30d

reviews_per_month

neighbourhood cleansed

0O 0 0O 0O 0o 0o OO0 O o O o o o o o o

bathrooms_text
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bath_unit
has_availability
Amenities

latitude

O O O O O

longitude

Mn1sunudl % lupedud host response rate/ host acceptance rate e

299719 haelUnsAle 100

9.

MansfeAunique value 910 AOAUY property type Washuauszian

oMU 4 UseLnm

10.

@) entire_units : [Entire rental unit, Entire townhouse, Entire
condo, Entire loft, Entire home/apt, Entire guesthouse, Entire guest
suite, Entire cabin, Entire vacation home, Entire bungalow, Entire
cottage, Entire chalet, Entire villa, Tiny home, Entire place, Entire
serviced apartment, Entire home]

@) rooms_shared : [Room in aparthotel, Room in hotel, Room in
boutique hotel, Room in hostel, Room in bed and breakfast, Room in
serviced apartment]

O private rooms : [Private room in rental unit, Private room in
hostel, Private room in bed and breakfast, Private room in guesthouse,
Private room in condo, Private room in home, Private room in
townhouse, Private room in serviced apartment, Private room in loft,
Private room in guest suite, Private room in tiny home, Private room in
vacation home, Private room in farm stay, Private room in resort,
Private room in nature lodge, Private room]

@) specialty _accomodation : [Casa particular, Treehouse, Farm

stay, Barn, Pension, Shipping container, Nature lodge]

[

one hot dummy AadNlAl

o host has_profile pic (t, f)
o host_identity verified (t, f)
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o host _is_superhost (t, f)
@) host_response_time (within a day, within a few hours, within an
hour, a few days or more)
@) Tourist District (tourist distirct, non-tourist district)
O instant_bookable (t, f)
O category property
11. wWagucolumn object naewdu float
12, vn15uInedNi property type laz room type 90
13.  wiascolumn 78y bool Tinanendu int
14.  azwide Taya 7924 und uay 29 el
15, yhnsdinen feature price wethluiUeufudyiauseansainaiends lag
¥ms Aavendataframe 31 1iesiinns unlog transformation column price

Lﬁamai%ﬂ"] count/mean/std/min/max

2) pednifiausenly 32 aodurl
id

listing_url

scrape._id

last scraped

source

name

description

neighborhood overview
picture_url

host id



host_url

host name

host since

host location

host about
host_thumbnail_url
host_picture_url
host_neighbourhood
neighbourhood
neighbourhood_group cleansed
bathrooms
minimum_minimum_nights
maximum_minimum_nights
minimum_maximum_nights
maximum_maximum_ nights
minimum_nights_avg ntm
maximum_nights avg ntm
calendar_updated
calendar last scraped
license

first_review
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last_review

3) unaedeBedmunsadiesedenvioniloaves feature tourist district
https://www.lonelyplanet.com/articles/top-things-to-do-in-bangkok
https://www.timeout.com/bangkok/things-to-do/best-things-to-do-in-bangkok

https://www.timeout.com/bangkok/things-to-do/best-things-to-do-in-bangkok
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1) dupeumsinnisveya

1.1) Import library #i5u8u

Ipip install pandas openpyxl

Ipip install shap

import pandas as pd

import numpy as np

import seaborn as sns

import matplotlib.pyplot as plt

from XGBoost import XGBRegressor

from sklearn.model selection import train_test split
from sklearn.metrics import mean_squared error
from collections import Counter

import re

import XGBoost as xgb

from sklearn.model_selection import train_test split
from sklearn.metrics import mean_squared_error
import statsmodels.api as sm

from sklearn.linear model import Lasso

from sklearn.preprocessing import StandardScaler

from XGBoost import XGBRegressor

from sklearn.model_selection import GridSearchCV, cross_val score
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from sklearn.metrics import r2_score

import shap

from sklearn.inspection import permutation importance
import ast

import statsmodels.api as sm

from sklearn.linear model import LinearRegression

from sklearn.metrics import mean_squared _error, r2_score

from sklearn.metrics import mean_absolute error

1.2) Import g excel W
file_path = 'ISs.xlsx'

df = pd.read_excel(file path)

nsifiniazdrop duplicates

df = df.drop_duplicates()

1.3) $1n"3 standardize AaduiTdu numerical

categorical_cols = df.select dtypes(include=['object, 'category']).columns
numerical _cols = df.select dtypes(include=[float64', 'int64']).columns
numerical cols = numerical cols.drop('price’)

scaler = StandardScaler()
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df scaled = df.copy()

df scaled[numerical_cols] = scaler.fit_transform(dfflnumerical_cols])
scaler = StandardScaler()

df scaled = df.copy()

df scaled[numerical_cols] = scaler.fit_transform(dffnumerical_cols])

df=df scaled

1.4) vtazin outlier 88310 column price(@UsDaTY)

# Calculate Q1 and Q3

Q1 = dff'price'].quantile(0.25)

Q3 = dff'price'].quantile(0.75)

# Calculate the IQR

IOR =Q3 -0Q1

# Define the lower and upper bounds for outliers

lower bound = Q1 - 1.5 * IQR

upper_bound = Q3 + 1.5 * |OR

df = df[(dff'price'] >= lower bound) & (df'price'] <= upper bound)]

print(df)

1.5) vin1slog transformation AaaNil price

dff'price'l = np.log1p(dff'price)
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df scaled=df

1.6) Mamenities fifis1unsinnnitndsdmesdeyaiomn
# Extract the 'Amenities' column
amenities_series = df scaled['Amenities']
# Initialize a counter to count occurrences of each amenity
amenities_counter = Counter()
# Process each row in the amenities column
for amenities in amenities_series:
# Convert the string representation of the list to an actual list
amenities_list = ast.literal_eval(amenities)
# Update the counter with the amenities in this row
amenities_counter.update(amenities_list)
# Determine the threshold for the minimum number of occurrences
threshold = len(df scaled) / 2
# Filter the amenities that meet or exceed the threshold

frequent_amenities = [amenity for amenity, count in amenities_counter.items() if

count >= threshold]
frequent_amenities.sort()

frequent_amenities
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1.7) WU9 amenitites ﬁié\’mﬁ]u category
# Define categories and the amenities that belong to them

categories = {"Comfort & Basics": ["Air conditioning", "Dedicated workspace", "Long

term stays allowed", "Essentials", "Bed linens", "Shampoo", "Hangers", "Hot water"],

"Appliances & Technology": ["Microwave", "Refrigerator”, "Washer", "Hair dryer",

"|rOﬂ", "Wiﬁ", u—[—vnl

"Safety & Facilities": ["'Smoke alarm", "Fire extinguisher", "Free parking on premises”,

"Elevator", "Kitchen"],

"Convenience": ["Self check-in", "Cooking basics", "Dishes and silverware"]

# Create a new DataFrame for one-hot encoding
encoded data = pd.DataFramel()
# Process each category
for category, amenities in categories.items():
# Create a column for each category, initially set to 0
encoded data[category] = 0
# Update the column based on the presence of any of the category's amenities
for amenity in amenities:

encoded datal[category] = encoded datalcategory] |

df scaled[Amenities'].apply(lambda x: amenity in x)
# Convert boolean to integer for one-hot encoding

encoded data = encoded data.astype(int)
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# Display the first few rows of the new DataFrame

encoded_data.head()

1.8) 52sone hot encoded dataframe AU dataframe &1L

# Concatenating the one-hot encoded DataFrame with the original DataFrame
df combined = pd.concat([df scaled, encoded datal, axis=1)

# Displaying the first few rows of the combined DataFrame

print(df combined.head())

1.9) ¥inn13drop missing values
# Remove rows with any missing values

df cleaned = df.dropna()

1.10) ¥n1smicorrelation matrix

# Select only numeric columns from the DataFrame
numeric_df = df.select_dtypes(include=[np.number])

# Calculate the correlation matrix on the numeric columns only
corr_matrix = numeric_df.corr()

# Initialize a list to hold pairs of highly correlated features

high corr_pairs = []

# Iterate over the correlation matrix
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for i in range(len(corr_matrix.columns)):
for j in range(i):
if abs(corr_matrix.iloc[i, jl) > 0.8:
col_pair = (corr_matrix.columnslil, corr_matrix.columnsl[j])
high_corr_pairs.append(col_pair)
# Print or return the list of highly correlated column pairs

print(high_corr_pairs)

1.10) vinsdrop columniifiein correlation gauagcolumndilugniu

columns_to_drop = [‘host _listings count', 'beds', 'availability 90',

‘availability 60','review scores accuracy', review scores cleanliness',
'review_scores checkin', 'review scores communication’,
'review_scores_location', review scores value','calculated host listings count,
'calculated host_Llistings count _entire_homes',
‘calculated host _Llistings count_private rooms',

‘calculated host listings count shared rooms’', 'availability 365",

'number_of reviews ltm',

'number_of reviews (30d','reviews per_month','neichbourhood cleansed’,

'bathrooms_text', 'bath_unit|, 'has_availability’, '"Amenities’, latitude','longitude']

df.drop(columns_to_drop, axis=1, inplace=True)
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1.11) uuadcolumn host_response rate wag host acceptance rate Thnaraiduday
(50% nanewdu 0.05)

# Replace percentage sign with nothing and convert to float

df.locl;, 'host response rate'l = df['host_response_rate'l.str.replace('%', ").astype(float)
# Convert to fraction

df.locl;, 'host response rate'l = dff host response rate'] / 100

# Replace percentage sign with nothing and convert to float

df.loc[:, 'host _acceptance rate']l = df('host acceptance rate'l.str.replace('%’,

").astype(float)
# Convert to fraction

df.locl;, 'host acceptance rate']l = dffhost acceptance rate]l / 100

1.12) #1unique value Tucolumn property type
unique values = dfl'property type'l.unique()
unique_count = dfl'property type'l.nunique()

print(f"Unique Values in 'property type" {unique_values}")

1.13) wua Anluproperty type \Uu category
# Define Categories

entire_units = ['Entire rental unit', 'Entire townhouse', 'Entire condo', 'Entire loft', 'Entire

home/apt’, 'Entire guesthouse', 'Entire guest suite', 'Entire cabin’, 'Entire vacation
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home', 'Entire bungalow', 'Entire cottage', 'Entire chalet', 'Entire villa', 'Tiny home',

‘Entire place', 'Entire serviced apartment’, 'Entire home']

rooms_shared = ['/Room in aparthotel’, 'Room in hotel', 'Room in boutique hotel,

'Room in hostel', 'Room in bed and breakfast', 'Room in serviced apartment']

private rooms = [Private room in rental unit', 'Private room in hostel', 'Private room in
bed and breakfast', 'Private room in guesthouse', 'Private room in condo', 'Private
room in home', 'Private room in townhouse', 'Private room in serviced apartment’,
'Private room in loft’, 'Private room in guest suite', 'Private room in tiny home', 'Private
room in vacation home', 'Private room in farm stay', 'Private room in resort’, 'Private

room in nature lodge', 'Private room’]

specialty_accomodation = ['Casa particular’, Treehouse', 'Farm stay’, 'Barn’, 'Pension’,

'Shipping container', 'Nature lodge']
# Categorization Function
def categorize property type(property_type):
if property_type in entire_units:
return 'Entire Unit'
elif property type in rooms shared:
return 'Room or Shared Space'
elif property type in private_rooms:
return 'Private Room'
elif property _type in specialty _accomodation:
return 'Specialty property type'

else:
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return 'Other'
# Apply the Function
dff'category property'] = dff'property type'l.apply(categorize property type)
# Display the DataFrame

print(df)

1.14) yindummy variable
#get dummies

df encoded = pd.get dummies(df, columns=['host has profile pic’,
'host_identity verified','host_is_superhost','host _response time','Tourist District’,

instant_bookable','category property'],drop first=True)

1.15) \Wasucolumn object natendu float
# Select columns that are of type 'object’
object_columns = df encoded.select dtypes(include=["objectT).columns
print(object_columns)
# Convert all columns of type 'object’ that can be converted to "float’
for col in df_encoded.select_dtypes(include=['object']).columns:

try:

df encoded[col] = df encoded[col].astype(float)

except ValueError:
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pass # This column cannot be converted to float
# Check the new data types
print(df encoded.dtypes)
drop column property_type Wag room_type
feature to drop = ['property type', room_type']
# Drop specified columns
df encoded = df encoded.drop(feature to drop, axis=1)

print(df_encoded)

1.17) wascolumn Ay bool Winanerdu int
for column in df encoded.columns:
if df encoded[column].dtype == "bool"

df_encoded[column] = df encoded[column].astype(int)

2). NMIFUFILUUFII9)

2.1) NM3FUAIKUY XGBoost

2.1.1) NM3WUA train test data

#select feature not 0

Xq = df encoded.drop(columns = 'price’)
yq = df encoded['price]

# Split data
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Xq_train, Xqg_test, yq_train, yq test = train_test split(Xq, yq, test size=0.2,

random_state=42)

2.1.2) NM311AN best hyperparameter WU gridsearchcy
# Define the model
model 2 0 = XGBRegressor()
# Define the grid of hyperparameters to search
param_grid = {
‘colsample_bytree": [0.1, 0.3, 0.5, 0.7, 0.9],
'learning rate": [0.001, 0.01, 0.05, 0.1, 0.2],
'max_depth': [3, 5, 7, 10, 15],
‘alpha': [0, 1, 5, 10, 15],

'n_estimators": [50, 100, 200, 300, 500]

# Setup the grid search

grid_search = GridSearchCV(estimator=model 2 0, param_grid=param_grid, cv=3,

scoring="neg_mean_squared error', verbose=1)
# Perform the grid search

grid search.fit(Xq_train, yq_train)

# Best parameters

print("Best parameters:", grid_search.best_params )
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2.1.3) M3n1A1 feature importance UBWAAAILUTAIMTUALUU XGBoost
# Select features and target

Xa = df encoded.drop(columns ='price)

ya = df encoded['price']

# Split data

Xa_train, Xa test, ya train, ya test = train_test split(Xa, ya, test size=0.2,

random_state=42)
# XGBoost regression model

model 1 f = xgb.XGBRegressor(objective="reg:squarederror’, alpha= 0,

colsample bytree= 0.5, learning rate= 0.05, max_depth= 10, n_estimators= 500)
# Fit the model
model 1 f.fit(Xa train, ya train)

feature_importances = model 1 f.feature importances  # This line is model-specific

and might need to be adjusted for a neural network
# Filtering out features with 0.0 importance and including their importance values

filttered features with importance = [(feature, importance) for feature, importance in

zip(Xa.columns, feature importances) if importance > 0.0]

# Printing each feature with its importance

for feature, importance in filtered features with importance:
print(f'{feature}: {importance}")

threshold = 0 # Example threshold
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important_features = [(feature, importance) for feature, importance in zip(Xa.columns,

feature_importances) if importance > threshold]
print(important features)
threshold = 0

filtered features = [feature for feature, importance in zip(Xa.columns,

feature importances) if importance > threshold]
print(filtered features)
# Sorting the filtered features by importance

sorted filtered features = sorted(important features, key=lambda x: x[1],

reverse=True)

# Corrected: Extracting names of top 5 features from the filtered list

top 5 feature_names = [feature[0] for feature in sorted filtered features[:5]]

# Extracting names of bottom 5 features from the filtered list
bottom 5 _feature names = [feature[O] for feature in sorted filtered features[-5:]]
# Sorting the filtered features by importance

sorted filtered features = sorted(important features, key=lambda x: x[1],

reverse=True)

# Extracting names of top 10 features from the filtered list

top 10 feature names = [feature[0] for feature in sorted filtered features[:10]]

# Extracting names of bottom 10 features from the filtered list
bottom 10 feature names = [feature[Q] for feature in sorted filtered features[-10:]]

print(top_5 feature names)
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print(top 10 feature_names)

2.1.4) NM391 best hyperpameter @m3Ufkuy XGBoost (filtered feature)
#select feature not 0

Xb = df encoded(filtered features]

yb = df encoded['price

# Split data

Xb_train, Xb_test, yb train, yb test = train test split(Xb, yb, test size=0.2,

random_state=42)
# Define the model
model 2 0 = XGBRegressor()
# Define the erid of hyperparameters to search
param_grid = {
‘colsample bytree": [0.1, 0.3, 0.5, 0.7, 0.9],
'learning rate": [0.001, 0.01, 0.05, 0.1, 0.2],
'max_depth" [3, 5, 7, 10, 15],
‘alpha": [0, 1, 5, 10, 15],

'n_estimators": [50, 100, 200, 300, 500]

# Setup the grid search
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grid_search = GridSearchCV(estimator=model 2 0, param_grid=param_grid, cv=3,

scoring='neg_mean_squared_error', verbose=1)
# Perform the grid search
grid_search.fit(Xb_train, yb_train)

# Best parameters

print("Best parameters:", grid search.best params )

2.1.5) M99 best hyperpameter @usuiuuu XGBoost (top 5)
#select top 5 feature

Xb 5 =df encoded[top 5 feature names]

yb 5 = df encoded['price’]

# Split data

Xb_5 train, Xb 5 test, yb 5 train, yb 5 test = train_test split(Xb 5, yb 5,

test size=0.2, random state=42)
# Define the model
model 2 5 = XGBRegressor()
# Define the grid of hyperparameters to search
param grid = {
‘colsample bytree" [0.1, 0.3, 0.5, 0.7, 0.9],
'learning rate": [0.001, 0.01, 0.05, 0.1, 0.2],

'max_depth" [3, 5, 7, 10, 15],



105

‘alpha" [0, 1, 5, 10, 15],

'n_estimators": [50, 100, 200, 300, 500]

# Setup the grid search

grid search 5 = GridSearchCV(estimator=model 2 5, param_grid=param_grid, cv=3,

scoring='neg_mean_squared_error', verbose=1)
# Perform the grid search

grid_search 5.fit(Xb_5 train, yb 5 train)

# Best parameters

print("Best parameters:", grid_search.best params )

2.1.6) 1591 best hyperpameter dm3uskuy XGBoost (top 10)
#select top 10

Xb 10 = df encoded[top 10 feature names]

yb 10 = df encoded['price']

# Split data

Xb 10 train, Xb 10test, yb 10 train, yb 10 test = train _test split(Xb 10, yb 10,

test size=0.2, random_state=42)
# Define the model
model 2 10 = XGBRegressor()

# Define the grid of hyperparameters to search
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param_grid = {
‘colsample_bytree": [0.1, 0.3, 0.5, 0.7, 0.9],
'learning rate": [0.001, 0.01, 0.05, 0.1, 0.2],
'max_depth" [3, 5, 7, 10, 15],
'alpha": [0, 1, 5, 10, 15],

'n_estimators": [50, 100, 200, 300, 500]

# Setup the grid search

grid search 10 = GridSearchCV(estimator=model 2 10, param_grid=param_grid, cv=3,

scoring='neg_mean_squared_error', verbose=1)
# Perform the grid search

grid_search 10.fit(Xb_10 train, yb_10 train)

# Best parameters

print("Best parameters:", grid search.best params )

2.1.7) m3dauszanSainaanuudmiudiiuuy XGBoost (filtered feature)
# Assuming df is your DataFrame

# Select features and target

XX = df encoded|filtered features]

yy = df encoded['price']

# Split data
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XX _train, XX_test, yy train, yy test = train_test split(XX, yy, test size=0.2,

random_state=42)
# XGBoost regression model

model 1 0 = xgb.XGBRegressor(objective='reg:squarederror’, alpha= 0,

colsample bytree= 0.5, learning rate= 0.05, max_depth= 10, n_estimators= 500)
# Fit the model

model 1 0.fit(XX_train, yy train)

# Predictions for the training set

yy_train_pred = model 1 0.predict(XX_train)

yy_train_pred unlog = np.explyy train_pred) # Unlog predictions

yy _train_unlog = np.explyy train) # Unlog actual values

# Evaluate on the training set

mse_train_unlog = mean squared_error(yy train_unlog, yy train pred_unlog)
print("Mean Squared Error (unlogged) for the training set: ", mse_train_unlog)
# Predictions for the test set

yy_pred = model 1 0.predict(XX_test)

yy pred _unlog = np.exp(yy pred) # Unlog predictions

yy test unlog = np.explyy test) # Unlog actual values

# Evaluate on the test set

mse test unlog = mean squared error(yy test unlog, yy pred unlog)

print("Mean Squared Error (unlogged) for the test set: ", mse_test unlog)
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# RA2 score for the training set (unlogged)

r2_train_unlog = r2_scorelyy train_unlog, yy train_pred unlog)
print("R-squared (unlogged) for the training set: ", r2_train_unlog)

# RA2 score for the test set (unlogged)

r2_test unlog = r2 scorelyy test unlog, yy pred unlog)

print("R-squared (unlogged) for the test set: ", r2_test unlog)

rmse_train_unlog = np.sgrtimse_train_unlog)

rmse_test_unlog = np.sgrt(mse_test unlog)

print("Root Mean Squared Error (unlogged) for the train set: *, rmse_train_unlog)
print("Root Mean Squared Error (unlogged) for the test set: ", rmse_test _unlog)
# Evaluate on the training set using MAE

mae_train_unlog = mean_absolute error(yy train_unlog, yy train_pred unlog)
print("Mean Absolute Error (unlogged) for the training set: ", mae_train_unlog)
# Evaluate on the test set using MAE

mae_test_unlog = mean_absolute_error(yy test unlog, yy pred_unlog)

print("Mean Absolute Error (unlogged) for the test set: ", mae_test unlog)

2.1.8) M3InUTLANT ANV UEINTUALUU XGBoost (top 5)
#select 5 features
XX 5 = df encoded[top 5 feature names]

yy 5 = df encoded['price’]
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# Split data

XX 5 train, XX_5 test, yy 5 train, yy 5 test = train_test split(XX 5, yy 5,

test size=0.2, random_state=42)
# XGBoost regression model

model 1 5 = xgb.XGBRegressor(objective="reg:squarederror’, alpha= 0,

colsample bytree= 0.5, learning rate= 0.05, max depth= 10, n_estimators= 500)
# Fit the model

model 1 5.fit(XX 5 train, yy 5 train)

# Predictions for the training set

yy_5 train_pred = model 1 5.predict(XX 5 train)

yy 5 train_pred unlog = np.exp(yy 5 train_pred) # Unlog predictions

yy 5 train unlog = np.explyy 5 train) # Unlog actual values

# Evaluate on the training set

mse 5 train_unlog = mean_squared error(yy 5 train unlog,yy 5 train_pred unlog)
print("Mean Squared Error (unlogged) for the training set: ", mse_5 train_unlog)
# Predictions for the test set

yy 5 pred = model 1 5.predict(XX_5_test)

yy 5 pred unlog = np.explyy 5 pred) # Unlog predictions

yy 5 test unlog = np.explyy 5 test) # Unlog actual values

# Evaluate on the test set

mse 5 test unlog = mean squared error(yy 5 test unlog, yy 5 pred unlog)
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print("Mean Squared Error (unlogged) for the test set: ", mse 5 test unlog)

# RA2 score for the training set (unlogged)

r2 5 train_unlog = r2 score(yy 5 train unlog, yy 5 train _pred unlog)
print("R-squared (unlogged) for the training set: ", r2 5 train_unlog)

# RA2 score for the test set (unlogged)

r2 5 test unlog = r2_scorelyy 5 test unlog, yy 5 pred unlog)

print("R-squared (unlogged) for the test set: ", r2 5 test _unlog)

rmse_5 train_unlog = np.sgrtimse 5 train_unlog)

rmse 5 test unlog = np.sgrt(mse 5 test unlog)

print("Root Mean Squared Error (unlogged) for the train set: ", rmse_5 train_unlog)
print("Root Mean Squared Error (unlogged) for the test set: ", rmse_5 test unlog)
# Evaluate on the training set using MAE

mae_5 train_unlog = mean absolute_error(yy 5 train unlog, yy 5 train_pred unlog)
print("Mean Absolute Error (unlogged) for the training set: ", mae 5 train_unlog)

# Evaluate on the test set using MAE

mae 5 test unlog = mean_absolute_error(yy 5 test unlog, yy 5 pred unlog)

print("Mean Absolute Error (unlogged) for the test set: ", mae 5 test unlog)

2.1.9) M3InUTEANT ANV UFINTUAILUU XGBoost (top 10)
#select top 10

XX _10 = df encoded[top 10 feature names]
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yy 10 = df _encoded['price’]
# Split data

XX 10 train, XX 10 test, yy 10 train, yy 10 test = train_test split(XX 10, yy 10,

test size=0.2, random_state=42)
# XGBoost regression model

model 1 10 = xgb.XGBRegressor(objective="reg:squarederror’, alpha= 0,

colsample_bytree= 0.5, learning rate= 0.05, max_depth= 10, n_estimators= 500)
# Fit the model

model 1 10.fit(XX_10_train,yy 10 train)

# Predictions for the training set

yy 10 _train_pred = model 1 10.predict(XX 10 train)

yy 10 train pred_unlog = np.explyy 10 train pred) # Unlog predictions

yy_10 train_unlog = np.exp(yy 10 train) # Unlog actual values

# Evaluate on the training set

mse 10 train _unlog = mean squared error(yy 10 train_unlog,

yy 10 train_pred_unlog)

print("Mean Squared Error (unlogged) for the training set: ", mse 10 train_unlog)
# Predictions for the test set

yy 10 pred = model 1 10.predict(XX 10 test)

yy 10 pred unlog = np.explyy 10 pred) # Unlog predictions

yy 10 test unlog = np.explyy 10 test) # Unlog actual values

# Evaluate on the test set
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mse 10 test unlog = mean_squared_error(yy 10 test unlog, yy 10 pred unlog)
print("Mean Squared Error (unlogged) for the test set: ", mse_10_test_unlog)

# RA2 score for the training set (unlogged)

r2_10 train_unlog = r2_score(yy 10 train_unlog, yy 10 train_pred unlog)
print("R-squared (unlogged) for the training set: ", r2_ 10 train_unlog)

# RA2 score for the test set (unlogged)

r2 10 test unlog = r2_score(yy 10 test unlog, yy 10 pred unlog)
print("R-squared (unlogged) for the test set: ", r2 10 test unlog)

rmse_10 train_unlog = np.sqrt(mse 10 train_unlog)

rmse_10 test unlog = np.sqrtimse 10 test unlog)

print("Root Mean Squared Error (unlogged) for the train set: ", rmse 10 train_unlog)
print("Root Mean Squared Error (unlogged) for the test set: *, rmse_10_test unlog)
# Evaluate on the training set using MAE

mae 10 train _unlog = mean_absolute error(yy 10 train_unlog,

yy 10 train_pred unlog)

print("Mean Absolute Error (unlogged) for the training set: ", mae_ 10 train_unlog)
# Evaluate on the test set using MAE

mae_10 test unlog = mean_absolute error(yy 10 test unlog, yy 10 pred unlog)

print("Mean Absolute Error (unlogged) for the test set: ", mae 10 test unlog)

2.2) NMTSUAILUU SVM



2.2.1) M5 LUY train test data
X = df encoded.drop(columns ='price’)

y = df encoded['price']
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X_train, X _test, y train, y test = train_test split(X, y, test size=0.2, random_state=42)

2.2.1) NM31A1 best hyperparameter d15UAILUU SVM
from sklearn.svm import SVR
from sklearn.model_selection import GridSearchCV
from sklearn.metrics import mean_squared_error
# Define SVR model
svr = SVR()
# Define a grid of parameters to search over
param_grid = {
'C:[0.1, 1, 10, 100], # Regularization parameter
‘samma’: ['scale’, ‘auto’], # Kernel coefficient

‘kernel: ['rbf, 'linear'], # Type of kernel

# Grid search for the best parameters
grid search = GridSearchCV(svr, param_grid, refit=True, verbose=2)
grid search.fit(X train, y train)

# View the best parameters
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print("Best Parameters: ", grid_search.best params )
# Predict with the best estimator

best estimator = grid search.best estimator
y_pred = best_estimator.predict(X_test)

# Calculate Mean Squared Error

mse = mean_squared_error(y_test, y pred)

print("Mean Squared Error: ", mse)

2.2.2) N9 A1 feature importance YaduAaziLUsdmsuaALUY SVM

# Assuming best_params, svr model, X _train, y train, X _test, and y test are already

defined

best params_a = grid_search.best params_
svr_model = SVR(**best params_a)
svr_modelfit(X_train, y_train)

# Calculate permutation importance

perm_importance = permutation importance(svr_model, X _test, y test,

n_repeats=30, random state=42)

# Get the feature names

feature_names = np.array(X.columns)

# Sort features by importance in descending order

sorted_idx = perm_importance.importances_mean.argsort()[::-1]
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# Extract top 5 and top 10 feature names

top_ 5 features = feature_names[sorted idx][:5]

top 10 features = feature_names[sorted idx][:10]

# Also, print the importance values for the top 5 and top 10 features

top_5_importance values = perm_importance.importances_mean[sorted idx][:5]

top_10_importance values = perm_importance.importances_mean[sorted _idx][:10]

print("Top 5 important features and their importance values:")

for feature, importance in zip(top 5 features, top 5 importance_values):
print(f'{feature}: {importance}")

print("\nTop 10 important features and their importance values:")

for feature, importance in zip(top_10 features, top 10 importance values):
print(f'{feature}: {importance}’)

# Identify features with importance greater than 0

important features_indices = np.where(perm importance.importances mean > 0)[0]

important_features = feature_names[important features indices]

important features importance values =

perm_importance.importances mean[important features indices]
# Sort the important features by their importance values in ascending order
ascending order indices = important features importance values.argsort()

sorted important features = important features[ascending order indices]



116

sorted important features importance values =

important_features_importance_values[ascending order_indices]
# Print the important features with their importance values in ascending order

print("\nFeatures with importance greater than 0 and their importance values

(ascending):")

for feature, importance in zip(sorted important features,

sorted_important features importance values):

print(f'{feature}: {importance}")
top_5 = ['accommodates', Tourist District_tourist distirct’,’bedrooms’,
'host_total listings_count','availability 30']
top 10 = ['accommodates', Tourist District tourist distirct','bedrooms’,
'host total listings_count', 'availability 30', 'host is superhost t'

,review. scores_rating', 'number_of reviews', 'work _email’, 'minimum nights']

2.2.3) 1911 best hyperpameter kazn13InUTEANTANWEIMTUALUY SYM (filtered

feature)
Xa = df encoded[important features]
ya = df encoded['price']

Xa_train, Xa_test, ya train, ya test = train_test split(Xa, ya, test size=0.2,

random state=42)
best params_ = grid search.best params_

# Assume svr_model and X test scaled, y test are already defined
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svr_model a = SVR(**best_params )

svr_model a.fit(Xa_train, ya_train)

ya_train_pred = svr model a.predict(Xa_train)

ya_train_pred unlog = np.exp(ya_train_pred) # Unlog predictions
ya_train_unlog = np.exp(ya_train) # Unlog actual values
mse_a_train = mean_squared_error(ya_train_unlog, ya train pred unlog)
r2_a_train = r2 score(ya_train_unlog, ya train_pred unlog)

ya_pred = svr_model a.predict(Xa test)

ya_pred unlog = np.exp(ya pred)

ya_test unlog = np.explya_test)

mse a test = mean_squared_error(ya test unlog, ya pred unlog)

r2_a test = r2 score(ya test unlog, ya pred unlog)

rmse_a_train = np.sgrt(mse_a_train)

rmse_a test = np.sgrt(mse_a test)

mae_a_train = mean absolute error(ya train_unlog, ya train_pred unlog)
mae_a_test = mean_absolute error(ya_test unlog, ya pred unlog)
print("best parameter: ", best params )

print("Mean Squared Error (unlogged) for the training set: ", mse a train)
print("Mean Squared Error (unlogged) for the test set: ", mse a test)
print("R-squared (unlogged) for the training set: ", r2_a train)

print("R-squared (unlogged) for the test set: ", r2_a_test)
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print("Root Mean Squared Error (unlogged) for the train set: ", rmse_a_train)
print("Root Mean Squared Error (unlogged) for the test set: ", rmse_a_test)
print("Mean Absolute Error (unlogged) for the training set: ", mae a train)

print("Mean Absolute Error (unlogged) for the test set: ", mae_a_test)

2.2.8) NM391 best hyperpameter @3UFILUU SVM (top 5)
X5 = df encoded[top_5]
y5 = df_encoded['price’]

X5 train, X5 test, y5_train, y5 test = train_test_split(X5, y5, test size=0.2,

random_state=42)

from sklearn.svm import SVR

# Define SVR model

svr = SVR()

# Define a grid of parameters to search over

param grid = {
'C: [0.1, 1, 10, 100], # Regularization parameter
‘samma’: ['scale’, 'auto’], # Kernel coefficient

‘kernel’: ['rbf, 'linear], # Type of kernel, now including 'poly'

# Grid search for the best parameters

grid_search = GridSearchCV(svr, param_grid, refit=True, verbose=2)
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grid_search.fit(X5_train, y5 train)

# View the best parameters

print("Best Parameters: ", grid search.best params )
# Predict with the best estimator

best_estimator = grid search.best_estimator

y5 pred = best_estimator.predict(X5_test)

# Calculate Mean Squared Error

mse = mean_squared_error(y5_test, y5 pred)

print("Mean Squared Error: ", mse)

2.2.5) M3IaUszansAINEILUUFMTUFUY SYM (top 5)
Xb = df encodedftop 5]
yb = df encoded['price]

Xb_train, Xb_test, yb_train, yb_test = train test split(Xb, yb, test size=0.2,

random state=42)

best params b = grid_search.best params

# Assume svr_model and X test scaled, y test are already defined
svr_model b = SVR(**best_params_b)

svr_ model b.fit(Xb train, yb train)

yb train_pred = svr model b.predict(Xb_train)

yb_train_pred _unlog = np.exp(yb_train_pred) # Unlog predictions



yb_train_unlog = np.exp(yb_train) # Unlog actual values
mse_ b train = mean_squared_error(yb_train_unlog, yb train_pred unlog)
r2 b train = r2_score(yb_train_unlog, yb train pred unlog)

yb pred = svr_ model b.predict(Xb_test)

yb pred unlog = np.exp(yb pred)

yb test unlog = np.explyb test)

mse_ b test = mean_squared error(yb test unlog, yb pred unlog)

r2 b test = r2_score(yb test unlog, yb pred unlog)

rmse_b train = np.sgrt{mse b _train)

rmse_b_test = np.sartimse_b_test)

mae b train = mean_absolute error(yb_train_unlog, yb train_pred unlog)
mae_b test = mean_absolute error(yb test unlog, yb_pred unlog)
print("Mean Squared Error (unlogged) for the training set: ', mse_b_train)
print("Mean Squared Error (unlogged) for the test set: ", mse b_test)
print("R-squared (unlogged) for the training set: ", r2_b_train)
print("R-squared (unlogged) for the test set: ", r2 b _test)

print("Root Mean Squared Error (unlogged) for the train set: ", rmse b train)
print("Root Mean Squared Error (unlogged) for the test set: ", rmse b test)
print("Mean Absolute Error (unlogged) for the training set: ", mae b train)

print("Mean Absolute Error (unlogged) for the test set: ", mae b test)

120
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2.2.6) M1 best hyperpameter dm3ufuuy SVM (top 10)
X10 = df _encoded[top 10]
y10 = df encoded['price'l

X10 train, X10_test, y10 train, y10 test = train_test split(X10, y10, test _size=0.2,

random state=42)

from sklearn.svm import SVR

# Define SVR model

svr = SVR()

# Define a grid of parameters to search over

param_grid = {
'C:[0.1, 1, 10, 100], # Regularization parameter
‘samma’: ['scale’, 'auto'], # Kernel coefficient

‘kernel: ['rbf, 'linear'], # Type of kernel, now including 'poly’

# Grid search for the best parameters

grid_search = GridSearchCV(svr, param_grid, refit=True, verbose=2)
grid search.fit(X10_train, y10 train)

# View the best parameters

print("Best Parameters: ", grid search.best params )

# Predict with the best estimator

best estimator = grid search.best_estimator



122

y10_pred = best_estimator.predict(X10_test)
# Calculate Mean Squared Error
mse = mean_squared error(y10 test, y10 pred)

print("Mean Squared Error: ", mse)

2.2.7) M3InUTEANSAWAILUUFIMTUALUU SVM (top 10)
Xc = df encoded[top 10]
yc = df encoded['price']

Xc_train, Xc_test, yc_train, yc_test = train_test_split(Xc, yc, test_size=0.2,

random_state=42)

best params_c = grid search.best params

# Assume svr_model and X test scaled, y test are already defined
svr_model c = SVR(**best_params c)

svr_model cfit(Xc_train, yc_train)

yc_train_pred = svr_model c.predict(Xc_train)

yC_train_pred_unlog = np.exp(yc train_pred) # Unlog predictions
yc train_unlog = np.exp(yc_train) # Unlog actual values
mse_c_train = mean_squared_error(yc train_unlog, yc train_pred unlog)
r2 c train = r2_score(yc_train_unlog, yc train_pred unlog)

yc_pred = svr model c.predict(Xc_test)

yc_pred_unlog = np.exp(yc_pred)



yc_test_unlog = np.exp(yc_test)

mse c_test = mean_squared _error(yc test unlog, yc_pred unlog)
r2_c_test = r2 score(yc test unlog, yc pred unlog)

rmse_c_train = np.sgrt(mse_c_train)

rmse c test = np.sgrt(mse c_test)

mae_c_train = mean_absolute_error(yc_train_unlog, yc train_pred_unlog)
mae_c_test = mean_absolute error(yc test unlog, yc pred unlog)
print("Mean Squared Error (unlogged) for the training set: ", mse_c_train)
print("Mean Squared Error (unlogged) for the test set: ", mse c test)
print("R-squared (unlogged) for the training set: ", r2 ¢ train)
print("R-squared (unlogged) for the test set: ", r2 c_test)

print("Root Mean Squared Error (unlogged) for the train set: ", rmse_c_train)
print("Root Mean Squared Error (unlogged) for the test set: *, rmse c_test)
print("Mean Absolute Error (unlogged) for the training set: ", mae c_train)

print("Mean Absolute Error (unlogged) for the test set: ", mae_c_test)

2.3) MIFUMULUUNTON0DBLTIEY
2.3.1) NM31A1 p-value VBIAazAILUT
X = df encoded.drop(columns ='price’)

y = df encoded['price']
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X_train, X _test, y train, y test = train_test split(X, y, test size=0.2, random_state=42)
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# Fit a preliminary model to get p-values

X _train_sm = sm.add_constant(X_train)

model sm = sm.OLS(y train, X_train_sm).fit()

p_values = model sm.pvalues

# Convert p-values into a DataFrame for better visualization
p_values df = pd.DataFrame(p values, columns=[p value)
# Display the p-values for all features

print(p_values_df)

2.3.2) NM31a0nFIlUTNNAT p-value 7 < 0.05 LazN153AUTEZANSNINTIAUUNITANOOY

ke

# Set a threshold for p-values, e.g., 0.05 and drop features with higher p-values
high p value features = p_values[p values > 0.05].index.tolist()

low_p value features = p_values[p values <= 0.05].index.tolist()

X _train_reduced = X train.drop(hish_p value features, axis=1)

X_test reduced = X test.drop(high p value features, axis=1)
print(high p value features)

print(low p value features)

# Re-fit the linear regression model with the reduced set of features

model = LinearRegression()

modelfit(X_train_reduced, y_train)
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# Print evaluation metrics for unlogged values

# Make predictions and evaluate the model

y pred train = model.predict(X train_reduced)

y_pred_unlogged train = np.exp(y_pred_train)

y train_unlogged = np.exp(y train)

# Compute MSE and R-squared for unlogged values

mse_unlogged train = mean squared error(y_train_unlogged, y pred_unlogged train)
rmse_unlogged train = np.sqrt(mse_unlogged _train)

r2_unlogged train = r2_scorely train_unlogged, y pred_unlogged train)

# Print evaluation metrics for unlogged values

# Make predictions and evaluate the model

y_pred = model.predict(X_test reduced)

y pred_unlogeed = np.exp(y_pred)

y test unlogged = np.exply_test)

# Compute MSE and R-squared for unlogged values

mse_unlogged = mean_squared_error(y test unlogged, y pred unlogged)
rmse_unlogeed = np.sgrt(mse_unlogged)

r2_unlogged = r2 score(y test unlogged, y pred unlogged)

# Compute MAE for unlogged values for the train set

mae unlogged train = mean absolute error(y train unlogged,

y_pred_unlogged train)
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# Compute MAE for unlogged values for the test set

mae_unlogged test = mean_absolute error(y test unlogged, y pred unlogged)
print(f"Mean Squared Error for train set: {mse unlogged train}")

print(f'/Root Mean Squared Error for train set: {rmse_unlogged train}")
print(f'R-squared for train set: {r2_unlogged _train}")

print(f"Mean Squared Error for test set: {mse_unlogged}")

print(f'/Root Mean Squared Error for test set: {rmse unlogged}")

print(f'R-squared for test set: {r2_unlogged}")

print(f"Mean Absolute Error for train set: {mae unlogeed train}")

print(f"Mean Absolute Error for test set: {mae_unlogged test}")

2.3.3) M391A coefficient YBIRILUUNITONNBEITILAY
y_train_unlogged = np.exp(y_train)

# Fit the linear regression model with reduced features
model = LinearRegression()

model.fit(X_train_reduced, y train_unlogged)

# Coefficients and intercept

coefficients = model.coef

intercept = model.intercept

# Displaying the coefficients and intercept

print("Intercept:”, intercept)
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print("\nCoefficients:")
for feature, coef in zip(X_train_reduced.columns, coefficients):

print(f'{feature}: {coef}")
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