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PREDICTING ACCOMMODATION PRICES ON AIRBNB USING ENTITY EMBEDDING

Nisitra Bunruangl*, Napa Sae-bae?

Abstract

This research aims to develop a predictive model for Airbnb accommodation prices using a dataset of
20,823 rows and 18 columns from the Bangkok metropolitan area, obtained from the website
http://insideairbnb.com//. The study compares the transformation of categorical data into numerical data using
Entity Embedding and One-hot Encoding for high-diversity categorical variables across four models: Neural
Network, Random Forest, K-Nearest Neighbors, and XGBoost. The experimental results demonstrate that
Random Forest with Entity Embedding achieved the most favorable performance metrics. It achieved RMSE of
832.56, MAE of 587.63, and R-squared of 0.25. Conversely, XGBoost demonstrated superior performance when
utilizing One-hot Encoding. This model yielded RMSE of 787.22, MAE of 544.42, and R-squared of 0.37. Even
though One-hot Encoding slightly better predictions, it exhibited higher error rates associated with this technique.
This could be attributed to the insufficient data in the dataset to effectively build a predictive model for
accommodation prices. Therefore, considering additional factors and variables such as accommodation
amenities or interior design, could potentially enhance the performance of the price prediction model. Further
research on these aspects promises to the accommodation price prediction models with higher accuracy and
reliability. Moreover, the application of Entity Embedding visualization techniques reveals the relationship among

various groups, opening up new avenues for data exploration and analysis.
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Variable Description
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name Fodinn
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host name Feveadrvesiiin

neighbourhood_group ﬂéjmhuﬁmzﬂ‘umﬁﬁﬂ

neighborhood gfinn

latitude arAgAUiAN1aImans
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#1579 1 (9B)

Variable Description

longitude apdfgamufiiaenimans
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number of reviews
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@
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reviews per_month
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calculated host_listing count
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M5 2 N13nsyareavesteyaluneainl price

Price Range Frequency
40 - 299 23

300 - 5,000 19,450
5,001 - 10,000 933

10,001 - 100,000 395
100,001 - 500,000 17

500,001 - 1,000,000 5

1NA1319 2 nudeyaiinnsnszaedmeglutiiniannuasiindnisiiuamnatlunedul price Tiagyinli

wuuaesiiladdruaunes outlier egidudruiuinn Jdladinsdadeyaursdriisuarguinanudusiiosnianden

WulTianizdiesaivesdiiniiegszning 300-5,000 wintu dvudeyaluneduil neighbourhood wuinAiiligniuly

Y

Aedutl (unique values) 91uau 50 81U wagnuiusguidmndesiulufionaagyinlimnndu outlier 1§ Fsaugun

4' sl o

a o v v ' o Av 8w Y] ' o § va o 2
A WWUUIG]UEJEJ?W 20 @@ﬂ‘lﬂ LLaSWU'J'1ﬂ'WVl‘liJslﬂﬂUIHﬂ@aM‘l«liﬁ]’]u'JUWQL‘Via@ 47 81U WWIWNQWU?U@QL‘VI@@‘U@\‘IT]EJﬂ'Wﬁ

‘1/1 VUM 18,532 918117 8 AL

@
=]
3000
2500
2000
1500
1000
500
0
o

nsdnmsfufudsUssanmanems] (categorical variables) Ingluspdogafitharllusafedisuysiden

count

g o W@ eo‘» o @Z&\.‘\v\‘ =@ (-@,,n o @‘? \”;9 0 @“ <‘%° e:gt Sy e‘“c’p}* O ANy
ST IO O @ O %Q‘*d‘ PSS Voo & o
NN FP T SN LIS EPOR,
& Q.; FEE P < P

neighbourhood

nmYsgnay 1 nsmuanstivIudeyaluneaind neighbourhood

AUVAINYAT8Ea (high cardinality) ABsalUs neighbourhood FsinsuinAdianISIdsawUY Entity Embedding
uag One-hot Encoding snlglunsdnnisiuduysi

MSDS CS SWU @2024 259



2024 4% Proceeding of the Data Science Conference
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feuntsafauuudaesinisuusdeyaeenduyadeyafin (train data) 80% wazyadeyanaaeu (test data) 20%
Taglusuusna (dependent variable) fnsusunisnszanesvestoyadeds StandardScaler fupoduiiiduiuds
FeUSunnuiann uagluiuusdasy (independent variable) fnsusunisnszanedivestoya 2 35 Ae StandardScaler
uay Logarithm lupaauil price LLazLﬁaﬁfmﬂss?m%mwmaﬂLLUUﬁi’waaaﬁmiv‘hmaé’auﬂé’wm%’aga (inverse) TugiuUsm
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1. Neural Network

#1519 3 WUSUIEUYsEanEn mveauUTIaed Neural Network sliadin1susuaiuaulnumludusieeg

Transform Entity Embedding One-hot Encoding
Data Layer RMSE MAE R-squared  RMSE MAE R-squared
StandardScaler (8, 2) 898.02 658.13 0.12 1,770.70 1,488.87 -2.41
(16, 8) 892.77 655.54 0.13 879.16 638.34 0.16
(32, 16) 888.53 644.74 0.14 880.58 626.38 0.16
(84, 32) 886.81 651.80 0.14 872.16 637.09 0.17
(128, 64) 884.15 647.37 0.15 871.82 652.93 0.17
Logarithm (8,2 899.33 661.29 0.12 886.97 654.63 0.14
(16, 8) 893.34 652.46 0.13 880.16 654.92 0.16
(32, 16) 891.86 655.81 0.13 879.45 626.03 0.16
(64, 32) 889.41 649.26 0.14 872.42 641.28 0.17
(128, 64) 885.81 648.58 0.15 869.72 618.37 0.18

1N01974 3 Weddwuduiiiudunuuiassansaseuilafuniu ilewniinsSsuinudnvusndudeu
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2. Random Forest

#715N 4 WWSHUIgUYsEaNENMYaIUYTI1a89 Random Forest 1dladln75iiv max feature

Transform Entity Embedding One-hot Encoding
Data max_feature RMSE MAE R-squared RMSE MAE R-squared
StandardScaler 0.1 857.32 609.42 0.20 841.93 610.68 0.23
0.2 851.77 603.14 0.21 830.39 594.14 0.25
0.3 848.18 598.26 0.22 825.55 586.86 0.26
0.4 843.76 595.50 0.23 820.31 582.60 0.27
0.5 842.90 592.79 0.22 818.94 578.47 0.27
0.6 841.36 591.01 0.23 817.09 575.92 0.27
0.7 840.33 590.56 0.24 816.18 573.80 0.28
Logarithm 0.1 850.00 608.65 0.21 842.67 612.85 0.23
0.2 844.82 603.17 0.22 829.63 594.65 0.25
0.3 840.12 596.90 0.23 825.73 589.23 0.25
0.4 835.99 592.90 0.24 821.28 583.21 0.26
0.5 833.43 590.19 0.24 820.21 580.32 0.27
0.6 833.49 589.30 0.24 817.46 577.58 0.28
0.7 832.56 587.63 0.25 817.23 575.17 0.29

Tuwuud1a99 Random Forest in15A1uAN1518LA0S LAwn max_depth = 30, max_features = (n),

min_samples_split = 5, min_samples_leaf = 5, n_estimators = 100

INM3N 4 FzuINdedmMainTures max_feature wuudtasswsiiuszdnSa vy duAedwiunudnuuey
(features) Nguidonidanldlunsdnduladioaddvualudulififiuvuiaunsatisananudenlesseninauld vili

wuudaedivssansamlunisvieiudeyaiildweiuanneuldfvuiiewinuuudiaedaifianudoulownndniu

Joyafsnarilanudavegusnniulunisindula
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3. K-Nearest Neighbors (KNN)

915N 5 UaninSUsSeuigulseansnmyeauuudIaed KNN (fednisidun K

Transform Entity Embedding One-hot Encoding
Data K RMSE MAE R-squared RMSE MAE R-squared
StandardScaler 3 945.41 666.83 0.03 989.75 697.99 -0.07
4 926.10 659.08 0.07 962.96 683.87 -0.01
5 913.80 651.98 0.09 952.70 680.05 0.01
6 904.98 647.93 0.11 941.35 674.27 0.04
7 899.13 644.22 0.12 936.29 675.30 0.05
8 897.24 643.56 0.12 935.03 674.52 0.05
9 894.94 643.47 0.13 930.76 674.70 0.06
Logarithm 3 928.83 655.42 0.06 990.38 698.49 -0.07
a4 911.53 651.75 0.10 963.01 683.81 -0.01
5 905.49 649.76 0.11 952.14 679.92 0.01
6 900.69 643.04 0.12 940.69 673.68 0.04
7 893.50 640.13 0.13 936.57 675.72 0.05
8 889.13 637.79 0.14 935.29 674.83 0.05
9 885.38 636.56 0.15 931.12 675.24 0.06

NA1519 5 Awiudndedimaiinturean K azdinislddeyadunumnniiednduls uasifiuanuaansalunis

Janquieyaignienniuiiesniimsinnsandeyadruunintunsindula Jwhlvivssdnsnamesauuinassfy

4. XGBoost

M3 6 WHUMIEUYTEaNENINYBNUYTIADY XGBoost 1lailin iy learning rate

Transform Entity Embedding One-hot Encoding
Data learning_rate RMSE MAE R-squared RMSE MAE R-squared
StandardScaler 0.01 882.93 620.84 0.15 839.59 607.56 0.23
0.02 869.71 597.32 0.16 805.98 571.32 0.29
0.03 868.70 593.12 0.16 796.85 557.62 0.31
0.04 866.48 587.88 0.17 796.07 554.50 0.31
0.05 865.94 583.00 0.18 795.67 553.14 0.31
0.06 864.88 582.96 0.19 794.52 552.23 0.32
0.07 862.71 580.73 0.21 791.22 550.42 0.33
MSDS CS SWU @2024 262



2024 4% Proceeding of the Data Science Conference

#1579 6 (AD)

Transform Entity Embedding One-hot Encoding
Data learning_rate RMSE MAE R-squared RMSE MAE R-squared
StandardScaler  0.01 893.12 625.55 0.13 838.60 606.50 0.24

0.02 891.03 623.82 0.14 804.88 570.22 0.29

0.03 890.08 622.19 0.14 795.55 556.60 0.32

0.04 889.49 621.54 0.15 793.89 552.78 0.33

0.05 887.48 617.23 0.16 792.00 550.11 0.35

0.06 883.28 6168.17 0.17 791.52 549.23 0.37

0.07 881.21 611.53 0.20 787.22 544.42 0.37

Tunuudnaed XGBoost Ansmnuan1sfimes tawn max depth = 30, learning rate = (n), reg alpha = 0.1,

reg_lambda = 0.1, subsample = 0.9, colsample_bytree = 0.9, n_estimators = 100

A5 6 LU LleTn 1 finATUe learning rate avgasliLuudiasdiUszd@nsainaundu 1iesainen

learning rate flunumarAglunisivuansiedsulimvesuudasdlunsusuAms i es Weliy learning rate 919

Prgliwuudiasadinisusualaunntulunsazsauvesnisin viliilanialuniswuainmnia

QAN 4 : N5UTEEUNA

N15U5 U SEANSNNUBAUUIIABIE NS UNITVINUIESIAENISAIURIAIAINNAANALAEBY (Error Metrics) L

Usztdulss@nSnmuseluuinasdsigal RMSE, MAE Wag R-squared

Root Mean Squared Error (RMSE) fio N151AAMNLANANIENINAISIMazAINEINTal E1vnAfIlasiAfites

WERIDIANYNUNTUUSEINUAN I LNALAEITUADSY Adauns 1

RMSE = \/%Z?:l(Yi — Y1)? aunis (1)

Mean Absolute Error (MAE) A mimf’hLaaEJsummmLmnmqamyizﬁiwdwmwsm‘iz:ﬁl,l,asﬁw%q 1INAT MAE

fatlpauanainaninuiedalnalfgeiua1ase asaunis (2)
1 @n . 5
MAE = —3L,|vi -7 aums (2)

R-Squared Ae Avsadanltluniseduieauldsunlasresianlsnu (Dependent Variable) Inatiiguiiu
AUUABULUaweIRILUTDaSY (Independent Variables) R-Squared #nA1 R-Squared Baid1lnd 1 vuned
wuuTaesEsnesuIedayalalieamenusen1s AEuns (3)

SSres
R?> = 1—-2— aunns (3)
SStot
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NAN15298aLaNUII8NaNISIY

£
o va

Tumu%sJﬁm'%’sﬂé’va’]iﬁﬂMﬂﬁv‘imammﬁﬁﬂuu Airbnb TuﬁuﬁﬂEQwauuwuﬂi Taeiinsdnnisiudauys
ﬁﬁmmwwmﬂumaqﬁ (High Cardinality) f8n1sLU1A@LUU Entity Embedding tag One-hot Encoding 2.1udauys
713 (dependent variable) fimsusulssdeyases StandardScaler funedifidusuusidetimnaniomn uazlush
wUsdase (independent variable) dnsusun1snszaneiivestoya 2 75 Ao StandardScaler wag Logarithm Tupadul

price HaNTINUTTAVBATNVBIUUUTIADY LARARIAITI 7

BTN 7 LaRNKANITNOFOUUIEFNENINYSNLUUTIAET

Transform Entity Embedding One-hot Encoding
Data Model RMSE MAE R-squared RMSE MAE R-squared
StandardScaler NN 884.15 647.37 0.15 871.82 652.93 0.17

RF 840.33 590.56 0.24 816.18 573.80 0.28

KNN 894.94 643.47 0.13 930.76 674.70 0.06

XGB 862.71 580.73 0.21 791.22 550.42 0.33
Logarithm NN 885.81 648.58 0.15 869.72 618.37 0.18

RF 832.56 587.63 0.25 817.23 575.17 0.27

KNN 885.38 636.56 0.15 931.12 675.24 0.06

XGB 881.21 611.53 0.20 787.22 544.42 0.37

PNKANTVNAFDUUTTANTAMNVOIUUUTIBDIHIUTTN I SHAWUU Entity Embedding wag One-hot Encoding

AIdulaionnadnsiangans 3 44 laun SAveen15idnsia (encoding method) fvaen1susulsedeya (transform

o saal =

data) fifvesn1snaaeulsEdnEnIMTauUIIaed (model evaluation) luifivesmainsiadsnlvinadwsaiign Ao n1s

\137auuy One-hot Encoding luiiivasn1suiuussdeyaisnlvnadnsinan Ae n1susuuesdeyanieds Logarithm

saa

warluifvaan1smaaaulssanEnIMueIuuUIIaUUIIaeiliNadnsAian Ao XGBoost laeilofasaAIAINL

aawadeulunng f@ fid1 RMSE winfu 787.22 MAE Wiy 544.42 uag R-squared Wity 0.37 Fadlofiansanludid

o

WeIiuLAnIeN1sIsaRUY Entity Embedding 35n15USuusateyaiilvinadnsiinian fe n1susudssdeyanigis

Logarithm waglufifirein1smaaaulssdnSnInueanuudnass wuuinaednbinadnshiign Ae Random Forest lneidle

a

finsandiaunananaeulunng 4@ e RMSE Wiy 832.56 MAE winiu 587.63 uag R-squared Wiy 0.25
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#3UNan15Y

Han1533eagulaIIn15 1 5HaLUY One-hot Encoding $aufiun15vn Logarithm lukuudnass XGBoost 11
maé’wéﬁﬁﬁqm wiilowSeuiieufunisidisiawuy Entity Embedding namsnAEeUUsEaNE A MuaInsIdsRaT 2
wuvlsildunndstusninuazlalafiuszansamlunsinudige dudunsedeyaldlafiduiusmensiwezuay
faesiluyadoyaliifisamesonisvuesan Sdamudulldfeedtadoduitng wu dumisine dssnnean
dzmnvesiiin msnnusennelu Sedlemuduldlgitedesneg warilaeiinadensinnesai uinisdhsfauuy Entity
Embedding aynsaldinatianisandfivestaya (PCA : Principal Component Analysis) \ioanvu1aves Embedded
Feature awnlvianunsauansualugUuuunsuansnm (visualization) lilaefidsanansadnumarudusiusvesdoyalu

ASWARIHALAR

wifnnsidnsauuy Entity Embedding azlallalinadnsiiniign unduisihaulafiannsadiluszendldiu
Joyadiimanunainvaisadld mszausaldinaianisanifvestoya (PCA : Principal Component Analysis) Lite
anuWIAYeY Embedded Feature asulanunsouananaluguuuunisuannin (visualization) tiveliiiiuauduius

vostoyaliietu lnendaunsashwanuduiusvesdeyalaa

2D PCA Scatter Plot
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&haya Thai

FhomBopp Sawr BT SN b 02
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Suanluang
KAASRIN

Component 2
Price

0.50 &hatu Chak

$ang Khen
$ra Wet

$ang Khae $aphan Sung
SHORGANAP YRiMkok Yai
$ak i SaiMal  ghan Na Yao
@long Chok

Khun th: aling Chan at Kraban:
okanti e $angkok Noi ¢ g

-0.75

@Vang Thong Lang
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PonMueang .
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-1.25 ¢

Pusit

-1.50

-25 -2.0 -15 -1.0 -05 0.0 05 10 1.
Component 1 1e17
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