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The rising number of elderly people in Thailand has increased the demand for
a public transportation system that is both appropriate and safe for older adults. This
study aims to develop a model identifying the factors influencing the elderly’s
intention to use public transportation in regional cities and to analyze their travel
mode choices. The analysis is based on the Theory of Planned Behavior (TPB) and
incorporates Machine Learning techniques to enhance the accuracy of travel behavior
prediction.The sample comprised 1,000 elderly individuals aged 60 and above,
selected from four main regions of Thailand. A structured questionnaire was
employed, covering general information, behavioral factors, and travel diary data. The
data were analyzed using Multinomial Logistic Regression (MLR), Structural Equation
Modeling (SEM), and compared with Machine Learning models including Random
Forest, XGBoost, and CatBoost.The findings revealed that attitude, subjective norm,
and perceived behavioral control significantly and positively influenced the intention
to use public transportation. Among the ML models, CatBoost achieved the highest
accuracy on the test dataset (94%), while Random Forest showed the best overall
performance on the full dataset (99.83%). Key factors affecting mode choice included
travel cost, income, distance, and accessibility.SHAP results provided deeper insights
into complex relationships among variables, highlighting the potential of this research
to inform the design of elderly-friendly transportation systems and support
sustainable transportation policy planning.
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S7uTle wu yaeaiiongiungranslunmsdud wazunitenadugiide
Tuoygndud mnaudnvazfinanldiunisdaeduluna Tuuliufezdmaninniai
@mé’ﬂwmz‘ﬁ% ﬂuﬁﬁ%’ﬂimmuﬁﬂammuﬁaﬂismwuLLsmﬁaumnﬂ’j'nwmi’ﬂaaqqunmm
ASITOU

agdlsinuudrazlifinnsdrdnanundenldnuvesgunuunisvudansisas agidls
Anu 9719 1d T d U191 5VUE @51 BT M T AU S U SHANRAUTE N 1R UN 9 La Y
Uanema WudesundfiesuenTnunnisvudsansisasosndulnuniidniadwuuiiuiny/
yseaniilaty wazUsznndidiniad/eensalud® Inuanisdndsuuiuriainuszauiv

TodnANNEINITALEEn ameiulddmsuluuanisiiu wardsiule1ainsnauNay

AnbilangyndEn

sewinsfunauazatomei lifidunianisvudsansisaeiigndes (Wu mndunidieg
Meluauegedn seezaundierudsansisay) aunguiua liiinsiinsseznis
\dednlusi@ og1slsAny o1atiguassalunsufoaiimunliluuisu Tnealulnunnis
Yudsd1s1IuzariodmTouldaunin nsrUIuns aFINEUNINITVUEENSITUEATNNTE
Aumidumaiignieaandumsludaanemisls

2.2 wqwﬁwqanssummmu (Theory of planned behavior)

Mg ufneAnIsumILLKY (Theory of planned behavior - TPB) i unguildviug
naAnssu lasuauteuluanuddeaungingsy (Ajzen, 1991); (Armitage & Conner, 2001)
91989 : Judge, Warren-Myersuag Paladino, 2019) suwuIAANg ¥ N ANTIY ARl
Iumsﬂsw‘hLﬂuﬂﬁaﬁazﬁaumsﬂizﬁw%ﬂéﬂ,ﬂﬁﬁmﬁq@ (Judge, et al., 2019) ylvingud
diluuselomionsnennsaluavesuismnusdlafusanamginssuaseaelidlagaivun
InlaveuyuduarnsLaninginssuvesuywd (P. Vanichkitpisan, C. Temiyasathit, 2017)

nsuansngAinssuvesyaratniintuneldnssuiunsnusuaim fauansean
WA “Aanudale” é’mﬁumsmwﬁ’ﬂﬁﬂamasuaqmiﬂssﬁm%ahiﬂizﬁﬁwqﬁmmﬁgﬂu
owan Arwidladsdoidunisuansisaumdonvasanalunisnssvimginssulanginsau
wils deungAnssuaiaintu lnesiuuda ‘anumila’ funumethebslunisfinunnisuans
NOANTIUVRIYAAR (UTennsal Uszeedna wasaassen lamdig, 2563) (MssAuuy Aumes,
2022) Wi} Ausslaanansaviugldandaduddey 3 Usens suuwain TPB Fawandly
A 2.1 Usznaudae

1) ViruaRfislsongAnssu (Attitude Toward the Behavior)

Ajzen (1991) 88U viruadTiddengAngsy wanefs mssuiuaznsussidiy
yosypmasiengnssunils q Ieudienuveunieliveuidivdla viedumsussiiunuaiuay
NANTENUVDINGANTINAINGT Feimuadluieuinuieidsaudongnssuazdenaneniny
filaftazasiionsesh



2) N13AREAUNGNB1984 (Subjective Norm)

Ajzen (1991) 85U1831 N1IAGREANNGNDNBIN vanede N13FUTVeIUAARDY
Lssnafusdsay Ndwasonisuanaidelinanamginssulangfnssuvis ndnmde yanaay
farsainauseudefiauliaudify wu aseunsa Wiow wiedeeulaesan aan sl
nsgvivdevandsmginssutiuniels FsmueanTildmalnenswonuddlavesyanaly
NSERNUAAINGANTTY

3) ms%’uiﬁqmsmuaquaﬂﬁmmmuLm (Perceived Behavioral Control)

Ajzen (1991) 85U1831 NM155UFNINTAIUANNOANTINVBIAULDY VaNEa TEAU
mssuivesyaralisdfufnenmmsededinveswmuelumssiiunginssulengnssamis
TmEJms%’uﬁﬁawlé’%’u%m%wamﬂwqaﬂssmﬁmum sufsthideisnevioduguassadonis
NILYNGANTIU N1IATLNUNTNULDILANSNINUITONTNEINTNEINBLUNITAIUANNGANTTY
Fainariorudilauazannsarhueiennanduldldlunsuanmginssuldegedaay

Subjective
Norms

Intention Behaviour

Perceived
Behavioural
Control

JUN 2.1 3ULuUeemaun1seeusuuinnssuuasmnalulag
UUELYR 9N Ajzen (1991)

2.3 NISNAFRUAINULNEINSIVDATIIUBNTTIY

AL 890 597044A5 09 0n15TTBAINTaRTIaAe Ul A nAY LT e ure e dE
(Construct Reliability: CR) LLawi’lLa?{EJGUE)\‘Iﬂ’J’mLLﬂiUiauﬁQﬂaﬁﬂiﬁ (Variance Extracted
score: AVE) anansaanalaan aunis (1) uag (2) auainy

AATdasiussdUsznay (Composite Reliability: CR) annsnideulusuauns fail
(Fornell & Larcker, 1981)

n o py?
. (Xiz18i)

= 5 2-1
(S, B) +(Z, 67)



Weo B Aa ANmtnesAUTEnau (factor loading)
o) Ao A1AINULUSUTIUINNANUARIALAFBY (error variance)

TneAadesuveslade (CR) funndn 0.7 Tulduansinfinnudesufioensuls
(HAIR JUNIOR et al., 1998)

AladsvesnunUsUTIuignarnle (Average Variance Extracted: AVE) @13158
Wenluguaunis Asil (Formell & Larcker, 1981)

2
anl Bl
AVE = (‘—) 2-2
n
ge S e ANmtinesAUTEnau (factor loading)
1) Ao ANAULUSUSIUIINAILARIAAABY (error variance)
n A9 IUIUDIAUTENBUNNAITUN

T,maﬂ'wLQ’SEJSU@@MWLLUiﬂsauﬁgﬂaﬁ’mlﬁ (AVE) m1331n171 0.5 (HAIR JUNIOR et al.,
1998) warA1 AVE 110N R? d11150ATI980UAIINYNABIUEILUUTIR0INMTIALS (Fornell
& Larcker, 1981)

2.4  A1599UN5IATILHDIAUTLNOULTIT WU

NMTIATIEN CFA M3UTENIUALUY maximum likelihood (ML) Qﬂﬁm%ﬁawmaau
AruNgaNTa Uit tar s gauTasUsaeslun TnsgitafeBusy
(Goodness of fit indices in CFA models) va3tladnsing 9 figmiunnaasy Usznaudae
fail

Aafidla-auns (Chi-Square Statistics: x2) [uAdsEAldnTIvaUANaDAASDS
nauNdusEnILUUIaesiuteayadaUsEanvlun sy aunsaAalanauns 2-3

¥2=((N — D —-X0) 2-3

TN AMAUALA N 78 9NUIUVDIFIWUT

= a L4 1 %3 L% 2
s A9 LUNSNTAIIUBYTUSIUTINVRIR L USF9LnA L

(observed covariance matrices)

YO A0 LUNSNTAULUSUSIUTINYBINITUTLUIUAN

(estimated covariance matrices)



A83A18dsy (Degree of freedom: df ) tudeyan1sadinm1ansiuansdanis
Uszanaurmsdiwes taea df awisaAiwialaainaunis 2-4

ap= N 24

Toen nviua i N 78 9nuusiUsdunslalunuuinass

NP 79 911U 00 0sNA09Useuuan

A19nI1dulAawAIIAUeIA18asy (chi-square/degree of freedom: Xz/df)

(Normed Chi-square %38 Relative Chi-square) 1Jun1sialaguaisnisaisesrdasy
(X2

df
(Wheaton, 1977)

) Wumsinszauanuaenndoszninmuuiaesiviayaiflszdng misdesnii 5

Advilsniiaesvedruivionideaeaad sunsg1u (Standardized Root Mean
Square Residual: SRMR) udwdiliuseuiisussiuamnunauniuiudoyaifessdne
(tewznsdifidumsissudioulasldidogayaiiedv) daiogszming 0 fe 1 Badlndgud
wansuvuTaesiinunaunduiudoyaidaUszdng uind1 SRMR s 0.08 asly v
MNEANT huuTaeslmunauniuiuteyaidelsedany (Steiger, 2007)

Aswiisniidesvesmnunainpdeuidsaenadslneyszuial (Root Mean Square
Error of Approximation: RMSEA) v uni1sinmanuuansiesenyievesesedasy tned
Tabachnick et al. (2013) t@u»31A1 RMSEA ATUa8NI1M3iAU 0.08 LaAIIILuUd1a9il
ANNADARRBIUTaYaIUsEINY anunsaAalaaInaNnIs 2-5

(x2—df)
N-1

RMSEA = 2-5

Ailinines-g3a (Tucker-Lewis Index: TLI) UaAsdndIuALUANAI9TENINg §2
FwSunuudiasaan (specific model) wagnuuiiasasusiu (null model) Fagnmsie
A1 ¥2 YoUUTIaeusudY TLI fdsening 1 81 0 Tagda TLI Ainnen 0.8 Fuluiduand
gousulaauuuTIasatmunedanunauniuinituuusiasasudu (D Hooper et al.,
2008) gansamualaanaunis 2-6

(Xé de)_(Xg dfT)

(Xg/df3>_1

TLI= 2-6



lnodl dfg uar dfy Ao degrees of freedom dwmiunuuTIasuiudu (Based
model) kg auufAgIuveaLuuIIaalming (Target model) Muadu

ARTEINTZAUAUNALNAUIUSBULTIEU (Comparative Fit Index: CFI) adneiu TLI
Ao WWumsiSeuiieussnirauvsndaundsusiu mmmsﬂsauiamaqLLUUf\i’wamﬁnﬂﬁa
wUsldduiusfufummindamnunususin auulsusiusinvesiuusiaoutmuneds CFl 3
152319 0 89 1 Taedl (L. t Hu & P. M. Bentler, 1999) auali3wnnen CFl 4annin 0.95
FulU wanaiuuusiaeniu q fmunaunauiivensuls CFl @nnsaduinildanauns 2-7

) max|(x%—dfr),0]
max|(xf—dfr),(x5—dfp).0]

CFI 2-7

'
I 1

lunddeilnsvgeuanunaunauseminag el ivteyaidaussindaneaining s

v

199 Ton AdnsiaiulaaLasiuamdass (Xz/df) ANRYHIINNADIDIEIUMAD AR

a9412A8119351U (SRMR) Arduisiniidesvesauaainiad oufndsaeuadslngyszuin
(RMSEA) Aviwilvinines-gla (TLI) wagamneilinseauainunaunauuTeuiieu (CFl) @1u1se
agUinasinisfiansandidugada (cutoff-value) vosArdiinaunaunduiisousuls i
uandlunsadt 2.1

A 3 a A & Y | v Ao & A U 14
$19719N 2.1 LﬂEIJ"Wﬂ'1i‘W‘U’]imqﬂLﬂU@ﬂmﬂﬂ@Qﬂ’lﬂﬁJW}@ﬂ’J’mﬂﬁNﬂﬁuV]EJ@lli‘Ul@

AN Cutoff-value fian
chi-square/degree of freedom (Xz/df) £ 3 (Wheaton, 1977)
Standardized Root Mean Square (Steicer. 2007)
< eiger,

Residual (SRMR) 1\ s

Root Mean Square Error of .
K4 < 0.08 (Tabachnick et al., 2013)

Approximation (RMSEA)

Tucker-Lewis Index (TLI) > 0.8 (D Hooper et al., 2008)

(L. t. Hu & P. M. Bentler,
1999)
INATTIN 2.1 LAALNUNT LY HUNITRINTUIAUFDAAE DIVDILUUTIADINNY

Comparative Fit Index (CFI) > 0.95

anuAgIuiuteyaduszdny lunisinsieiesAusenauledudu (Confirmatory Factor
Analysis: CFA) Tngfiansanandadinsadl snsdulaauaissonsmdass (chi-square/df:
X%/df) a1siiA1daenin 5 (Wheaton et al,, 1977) aviUSsulgunlI1unannau
(Comparative Fit Index :CFl) A25HAILINAIT 0.95 (L.-t. Hu & P. M. Bentler, 1999) madl
Tucker-Lewis Index (TLI) a353A13111n31 0.80 (D Hooper et al., 2008) fydsndiaaives
Aad Brid1deIv8In1sUTENIUAIAINAATALAS 8 (Root Mean Square Error of
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Approximation: RMSEA) aasiiAilasninvaaivndu 0.08 (Tabachnick et al., 2013) uazawil
et lRdsindsassuedIumAnuInggIu (Standardized Root Mean Square Residual:
SRMR) A25ilAtRen1IeLvinny 0.08 (Steiger, 2007)

2.5  m3aaszvinisannaeladaaanings (Multinomial logistic regression

analysis)

¥

a s & . = aag ¥o o a &t
ﬂ'ﬁ'ﬂLﬂi']g‘wuLUULﬂi@Qll'E]Vn\‘iaﬂWiﬁﬁaqﬁi‘U‘Wﬂqﬂiﬂji@ﬂ']aﬁﬂaﬂﬂ'ﬁl)ﬂ@L‘Viﬁlﬂqimiﬂ

aa

wignsadnilslunsalfduyusauduiudsidadausznm (categorical) iflunnninasngy
Tngazdmsisianuduiusseninsdwdsmuduiindsdasy eduamnuuiaziluves
HaanSuiazngy WednisiinuardwUsiuelianmin Ussinnveanisanassineites

fudeyadnuarilaunsaduunls 3 anway laun

1) Binary Logistic Regression @113unTeNfuUInuiNe sd@83a
2) Ordinal Logistic Regression Wiatayaiinsdnaisule
3) Multinomial Logistic Regression dvsuteyavanenaulaglifiddiu

n1sUszgndld MLR Sderimuadosduiiddny Téud

1) daudsmumndufuuadnunnluszduinns Nominal Sedidnaumsnany]
UINNT1ERIAT LgdnwalzUaInguo1aNFAN AN UssaAvasusasnIsANY W wus
ponilu 3 ngu 5 nau e 7 nau dmsumsAnwedatutsiauysnueenidu 7 ndu

2) Fudsviune(x) mseglusivesdanusdsunuviesdelies (Continuous
Variable) iiielviaenndosiunisiiasgiiselunannnes agralsfinm mafulsdaszuns
semaduiudsiauszian (Categorical Variable) Snfudeaisuliiegluguiuussiass
¥30 Dummy Variable Aautiidngnisiiases msldfulsdasziosagneliieuluiidfy
fio Aruduiusseninaduysldnsfusesuivilnandamn Multicollinearity tnevalufion
Tdinausirnavduius (1) laiiiu 80 audeiaueves Stevens (2002) Llendniassnissuniu
fussrineauds uenindl ueesnguiiedeiivanzaunsviiAy 30 whiuluvessiuay
fudsdaseianun (n = 30P) 49 P muedesiurudaudsvimng deiliiolinisuseann
AT iulunaiinuwiug e (Fagn 1ndvgUyen, 2015)

3)  msUssliuRumiuuItaedly MLR @aansaihlalaenisinsigriainutig
Dureamsiianadndaududsny (Y) funiseiwameilsiduasnisiinvesminiuiieg
\Ju (Log-Likelihood: LL) Faenilsirnuieuleaiuannunaanasuesdaulsiininnise
(Residuals) nanafie Afin1ves LL Ustiswuusiaesiimuaenndesiudoyaiiass Sndlda
Tusesufivensuls (Kaiyawan, 2012)



11

4) ldmenuinazifuvesnmsiiamnnisal (Odds Ratio) Tunisudanailundnuse
A1 EXP(B) Inedinanin (Nizami et al., 2017)
4.1) &10dds Ratio =1 uanainnsUdsunlaswes X ldfinase Y
4.2) #10dds Ratio > 1 mneduile X 1isduildlenmavssszsuaufniiiu
iunndu@ansananardesas) Weoflsusuaniuves X (@ulseanaian
Juuin) lnedesaryearOdds
EXP(B)

————x 100 2-8
1+EXP(B)

a. Ratio =

4.3) 810dds Ratio < 1 vunedailoX WindurnlileniauesesuninuAnLiy
traifiarsaunainasesas) WasuduafuweaX @Fulszansianduav)
Ine5a8azuaIA10dds Ratio = (EXP(B) -1) x 100

2.6  n13Uszanalyd Machine Learning Tun1siaanluuanisiiunig

n9denld Machine Learning (ML) lusiiisizsinisidensuuuunisfumaiuty
Tutanda esan ML anansedu anuduiiusfidudounarlidadu (non-linear) szmined
wsdrununnldessiisyansnmnileadaasughfuuusaiy iy Multinomial Logit
(MNL) fiflausfsgmudadunazdodingnu Structure feudamii n1sfnuilag Martin-Baos
et al. (2023) W3suiisu MNL fiu XGBoost kag Random Forest wuin ML Tvinan1svinung
s¥AUTIBYAAA (disaggregate predictive accuracy) 89031 MNL ag1ailtfadfy usindullen
ﬂﬂgﬁvlﬁ\‘iwqﬁﬂiim (behavioral indicators) kagn15UssuIUNAINTIU (aggregate mode
shares) #n31 $11911 Wang and Ross (2018) wuinidlewfisu XGBoost fu MNL uudoya
Delaware Valley XGBoost TWmnuusiugrgenitegrsdaiou (Iasiamizifledoyalsl
unbalanced) wagninlunatslnun wiluea MNL §spsainuuiesuieidsadfla s
donnneaiutafves ML luud predictive capability uaraduavgulunislddoya

2.6.1 wadateuluauiaanluuanunig

LuiAa tree-based ensemble (WU Random Forest, XGBoost, CatBoost gn
Tvog1gunsvane Lﬁaamﬂ%’@mﬁayja mixed types, missing values %30 outliers l9d wag
Tinafliafios (Dahmen et al,, 2024; Wang & Ross, 2018) ©fn3485U5893111559URARUY
ensemble ¥18an variance wag overfitting (Breiman, 2001) Tuveuzdi CatBoost @111150
FamsiuduusigauIavgduiuinlalagnss (Prokhorenkova et al., 2018)

2.6.2 N1SAAMUNAIN ML #28 SHAP

Tun157ATIEL UL Machine Learning A15vA18L 01197 1uAagAuU 53
dvsnandnslsenadnsveslumatuidudsdfy lnsanzegredslunsdidesnisiniig
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waans biarunsaldidunuinislunismvuaulovienseooniuuuinisnig o laegall
Usednsnw el SHAP (SHapley Additive exPlanations) Faitmundulae Lundberg and
Lee (2017) Humadaildsuauaulasniigadmiunisesurenavedluina Machine
Learning Aidudau Iag SHAP ldunAnannguiinuiiionanuas “aeaaudi” wio “yadn”
fifuusuiazsiisensiunsveduing

SHAP fifeldiuSeufidfyfeatnsneduienadnsuetliaauuy “global”
(lne53) waz “local” (seAuTeyAAa) Aag1atnau LU N153LATIER SHAP summary plot
szuandbiviuddanusladnansenuasganenisiuelunIngiy uagn1suania SHAP
seyaratelfdlainililieaiviunedmils 4 Bituiedeiu

nsld SHAP Tumsinwnifaelidiudn Tadeiulddelunadume meld
wazsrgnalBvEnaegeliteddysonisdoninuaniniuniswesigeety uenani SHAP
interaction plot 3tasTiaseiufduiudseninadiuls wu seldiadeusenoudu
Aldfineiigsdmanelonialunisldvimsvudsansisnzednils Ssmnuanansaivas SHAP
forfugaudslumsiianeiilunaadfidadusegns MNL ldannsnduanuduiusidudeu
wuillfegnadaiay

2.7 UAWMNEIVY

Abdullah et al. (2022) lfinsdrsaatadefifavsnasenaidenlnuansfunig
Turaneuuazsznitaiinnisszuinvedlain-19 lnglduuudisaded 3 daundn orfivu (1)
SnuurnediauuazUsseing (2) Jaduiidawaronsidenlnuntisniounaziaesenituin
winnn3al Uszuam Likert 5 Azuuu Adsuasdenisidenivunneulayseninafamgniss uay
(3) MsidengUnuutiananouiauazyassgnituie lasfidinmiisrdunisidonlnun
dmsuszzmnaiidund (<5 nu.) uazenindt (>5 nu.) neukazsewidiiawgnsaisyun
Tneldn153imsney Multinomial logit models natliifudenisldssunauduiasuanas
szifeafunisiu mstudnsedlutddedadnmafiutudntes nauiesidliarudidy
furasinisaudasnds arudasadolse AnudzaInauTe anTusn1edanNEILYARa
Arumieutasandnsdie M350 wazmsTeEuInnudniusunrusvesiiosadlurag
naundszuin eldveiiourasedaieunariladeidsaummiiisdostunisunsssuinade
Tnglufnensaifidmasionisidenivundmsussesiidunin (du < 5 nu) Tusewinens
szurelng luvasiione nsidudivessasud wazselddedeuresndidoudusvhue
dwiumsdenivundmiuszegilnanit (u > 5 nu) TureiiAalsasyuin

Ahmed et al. (2021) N153383zLdUNITANYINTEUIUNISIUNITERNYTELANNIS
\Aumavesyarailiongis 18-25 ¥ msidumaiievianuuazididsuasiiunisiiisuiiioy
nsldsadiuyanauazszuuvudsassue lngldngu) TPB lun1sAnwinisidenguiuy
Tnglamnzanyuuessnudsan-3nine feyansifunsiignuentezgniiusiusinainms
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drsradnduresinifunsengeglurag 18-25 U (n = 3171) endoegluiadsudulunazam
ups Usemroaalnside uuuaeuamgnesniuuiilodadeyaiiefiuviruaivesinifiunis
g 18-25 U Iagfiarsananguuuunsiiunis vsummadsnsuazsuluungingsunis
Auns msldiaannesdaduuarladainuuuluuiuiuldsunsliiduedosdielunis
nennsaianusdlalumadenlnuauasnindendiy madnwmudn fiiumaildsodiuyanad
yunesiidesiuselnuadenann luseninedildsavinisvudanavuiianudedinisvuds
ansnsasziunanndy wimanwnlidiuseiinsauduassasiausiunsasnde

Chang et al. (2019) i iaueuuanien1sld3s Machine Learning wieliinady
Wlasnndstuiidawaronisidonlnun @3 Logit Model WuAsildagnaunsnane fidosin
desnndesfismannigiuiidsidmasonsiansuniBmadumaiudaszdetu Fie1avh
ThAnnsUsznarwmfinesivinnnuaenndeuaznisaanisaiiifend ounsedu
ArIwiugIvIN TIuensinnsiaden fafuunaruildlumansnndoya (Data
Fusion Model) 7idsnunagnsnisdau (Stacking Strategy) uaziaualulAalUUHANTITIL
ImLﬂam’iﬁauiLLUUizjﬁr}gmuqm (Unsupervised) Denoising Autoencoder (DAE) AUN1g
Soufuvuiifeuay (Supervised) Random Forest (RF) uanannildsldviinsdnsuduuas
Anidenandnuay (Features) fionafinadongAnssunsfinnsanyadonlunsifunsngds
Aadenaudnuazlinaiaus JslimmainsowazdszansamgdlumiinszsingAnssy
msidenivun wagilusyavsnmunnnitlieadiuundssiandy 9 nanisAnwienauszyndld
WevamnuithlauazaanuudiassmadenTnuanisidumalsediasud

Du et al. (2020) MuiifnwidladoiidmanenadonivunvesdsaugeTelunisidiia
vimsguam TnenfSsuifisussrinsiiuiigudnanauasymudios voudleslan Ussinadu Tud
2017 snAfedndumsnngilagnisannssladafnmvngy wui gaeorgluvudesdion
saguiinnnIniesnndoufunslnauazidnfsusnsoudsansisazldon dudgsenglu
audnanadnldnaduviesata nawansbiiuirdadenaasvgiauaznisedsaniuasaunsy
funumegredslunisidonivin

Kaye et al. (2020) 19353n1ggeUsalagUssgndldinaila Machine Learning
Iaetanne Random Forest uay Support Vector Machine Lﬁ"aﬁﬂmﬂ’gﬂLL‘U‘UﬂTﬁLaumwm
Usensasisluanizelsni lngdundayaluudounudienginssy nsAnwInudn s
A Afsvinaiidwarenisindulaidenisnmaiums aeil o1y :18ld sziuanusiulase
MR udsUszaunmsaifiiuan lunsli3smadadeuidelvannsndwunngs
W ANTIULALIUEINIINITIATISAT LA UL UULAY

Kim (2021) unAuidiauensid Machine Learning (ML) tile3ias1ssinginssu
msidenldsunuunsifiunidlungslea Tagldluea Extreme Gradient Boosting (XGB) @]
Uszansaminiluinas uq venannd dl435nsinnunadnsues ML wWu n1siansan
AINAIAYVRIAILUIIINAUNTIATIET U duius vinbiidlassdUsenaudrAgaenis
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[ =t

Faduladenlnunldedsdnds nenuiienguazanudlunisidumadudauusdd 39
annsoweliiudeyaidednildannsasiuldlulmaadaiy

Pellicer-Chenoll et al. (2021) in3doAdun153AT19LUY SEM oA nw
AuduTuS TEIesAUsEnaUMsAIIndey TuftesdusznauiudinuiungAnTsunis
Wunsvesdsangeitluadewastenatne andunisiivdeyavengudieg 1961
LUUABUAMEIUIY 300 518 NAANETI BsAUTENEUNINEAMM LU Humafuuagynsan
sufamsitiisgeeensa fnasensiiumsnadaay vuzfinnuidniiile msaduayuan
aseundIgnileuliduiuusudsiiavinanisdoudennfinssuniniuma

Scheiner and Holz-Rau (2007) wawuiiiauedofinnsanmimguiifsatuan
FeulosseninsaniunsaiT3n3dTiansidonaniuiiwnondenasngAnssunsiAunis
paemuHaENEL IS ntrouuuaesaunslassadns malieneituegfudeyaiisiusy
mmﬂmiﬁﬁaﬂuﬁuﬁﬂﬁﬁﬂmLﬁmLﬁﬂuQﬁmﬂIﬂIa@ NUITsLanliiul 303308
unumsenisideninue uiinsidntesudinaniun1saliinzgnaluauiaiy Bvdnaves
anunsniTinsonaidenivuaiiudninaveiidin sninaiiidinuazaniunisaiiindu
wilsfisonsidonlruatudiulngudenardneiruafivesdaaiuilanizuaznisivun
anuidmneiinasonisdenlnundnimmn 15 3euludeiui tngUssasdinmiety
NAUARvOI LR TBLAI N ALY

Soza-Parra et al. (2019) 1435 Multinomial Logistic Regression 31a31190ya31n
LLuuaauamELumquszsmﬂiqﬁ'ﬂumlﬁammqqﬁﬂﬁﬁ Uszmadu Iagyesuseiliudndiuds
anwaen1lsEIns 819 01y 518l LaEIEAUNISANY) IUH90IAUTENBUTDITEUUVUAS
W andilalumsldautnslagans auivesuinig wazauvasads daudsladl
aruddndenadenlnununiian wavesnuiteinuin amdlaasausuladenisld
TPUUIUAANS T VT NagEn

Uddin et al. (2023) U‘i/lmmfrl,ﬁuﬁﬂmwaﬂiz‘mmaqmmﬁmwiawqﬁﬂﬁmms
Hiuns Tnefimsdmnesduseneumsdsatiagdsandouiiiamiunesenisidenivuaues
g idedrdnlunisldauszuvauds Taglddoyanisdrsraniaiiumsluaiaisouusiand
Uszdnd 2017 ves3giawesn denmisfeyafnafudreunuudsefifiauymwanind in
9AuNe uenndl ToyaaningiienmAIINeIANITUIINTIMALNSLATUTIEN AL
Fagnrudiduiudseduafimdilunszuiunsaiuuuiiass Sieseilaglduuudass
Random Parameters Logit iileszyiladuduyana maiiums uavanmuindesdidmasie
maidonluuavesginisifivedidnlunisiunis lunguddtedidnsunsidunisensd
walufzidumslnanitlasmsiiurinluanunsaifivindssiusanuazaniingas
anmemedmasgsdnauienisidonivun Tnefifauiuualiuidesasiviumaiussey
lurnsgp¥ounasnun yarafidsesutiosndomisdidosialunnfunedfelduinsuds
415715 NTONITAYITNNININAT
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MNMIMUMUTIINTINARTeslumMIei 2.2 aansassyreriiwesesdausly
AUNSANYINGANTTUNSIRUNYeIgeenglaegadaau Insangluusunvesseinalneg
Fadaamsdnuidadnlunaiefid uiinnuisedsszmaazisnnuinniiedestu
noAnssuMaAuMsTesUszvsuiily winsidnuludanguigeielnsamzluussmalne
fausngegegnsdnia Usensusn sddednlngiifleglussiuununmadsadinimddny
funguUszrnsTly videnguiamziiunndnsinngudgeoiglutsemelne wu nauieu
v3enguifiddas1inmnes1anie (Ahmed et al, 2021; Uddin et al., 2023) vaiiings
Jaeongluvszmalnefiviunmedany asvgie wazTmusssuilunndisegraitodday
nsfnwitafunidumadeiidmoulandteriadindrilasiame

Usznisfiaes suidelusedvunnmindnuviluviunveadiessunalng 19y
waidsu vdolea Juduiosifssuulasaisfiugiuduauunauiivauuds wavenal
agvoulgynluiessziuginiavesusenamaainuiegeslsenalng mudTedsaden
Anwilu “ilesginin” Falamnanamzdaiuiadouinden szuvvuds uasngAnIsuveq
Uszrnsfigladliiueualamnniinluisivnissedulan

Usznsfiany suddedaunndnldifisand eadlensaifnuuduiu niemada
Machine Learning Lilgaag1aiiealun15aiAsevidayangfinssun1siunig (Chang et al,,
2019; Kim, 2021) vzl uAseaduiilfiinseunguinmedainemginssy fe ngud
WOANTTUAIULNLY (Theory of Planned Behavior: TPB) sideulesfun1siinsgsiaunis
TAs9a$na (Structural Equation Modeling: SEM) it efinuniladeiidsmasneninudslaves
Aasorglunislduimsvudsansisae Saudunisuszandldinailn Machine Learning 1y
CatBoost, XGBoost Lag Random Forest IflaiUSeuiisuainuusiugilunissuunguiuy
NERNTIY

Usgn13qavine usi191ures Du et al. (2020) agAnwiAgaiungAnssunsiAumis
voafigeoglulsunaiuialidnuurunaiszmsndiondatulssmalng uiiuiidnunduidu
Wisuisuseninauadissuazrudosluiu Feuunmedeaniaziasugiadianuunneng
Mndlesginiavesing uideatudTutunis@nvuuuizaduiunvesusandlng
Tnglanz Gadeidumadnduesdmuiludsiiuiiidmneglumidossduuumi
Fremepamani muidsatuifannsossyldiiiunmsifeidanusidunasdinualuds
J91n3 Tnslanzlunisadisesdmuslvadmiunisnsunuinunssvuudaasi s
winzauiugasengluusunveniisaginialulseinalne wazatduayunisimuauleuiy
yudsetnadiBuiiiesesiudnugaisluounan
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. MUY , - - . - . . | nawanie Jaguanie
a1nu \ nauuszvng MANANISAATIZN vsunndanans .
AsUssing : v Hgeony) | (WUszwdlne)
Abdullah et al. | naudszwns Multinomial Logit -
1 ot s UAanu x x
(2022) Pl Models
Ahmed et al Linear Regression, Ny
med et al. - Wwalsy,
2 18-25 4 Binary Logistic -
(2021) Y ) s RRGIZHGE x x
Regression
. Machine Learning, Winsaasien
3 Chang et al. nauUszng Dot Model o x x
o ata Fusion Model, Lazlilgalas,
(2019) Tl - .
Stacking Strategy LWRTUY
nauyUsEng Extreme Gradient nsalea, Lnva
4 Kim (2021) o o
Ml Boosting (XGB) 1A x x
Scheiner and . . -
nauUTErINg Structural Equation ainalalagy,
5 Holz-Rau o ] b - x x
Ml Modeling (SEM) LwoTuil
(2007)
Uddin et al. v 4 Random Parameters Jawesn,
6 NNHAINNNTT ) v x x
(2023) ? Logit Model A3
. Descriptive Analysis, AUINANLAY
; Du et al. UPAREIIE N\ Vo ! % - x
o ultinomial Logistic TULLDIVDY
(2020) (60 Tul) _ ; > ) v
Regression Lmadpﬂﬁn, U
Theory of Planned
Behavior (TPB),
Structural Equation dlosgiinialy
. Modeling (SEM), Uszwealng
8 | This thesi EE) Multinomial Logisti (u el v v
is thesis - ultinomial Logistic ,
(60 VFuly) F

Regression,

Machine Learning L4
CatBoost, XGBoost
ez Random Forest

VBUUAY, YAUT,
<

QLN%)
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TuunilaBunenseuIuNITIUAUNTENTITaYA W lAansAnwkuuTIaedadedn
wﬁwamaﬂmaaﬂsﬂufuummumwaqﬂiummwamsf[,um{Lﬁuu3mimuaammmﬂumm

?
\

=
b\
auana LW@WW‘U’]LLUU%W@@Q LLaumLaua%umauwwmmmmia%u

3.1 UYURBUNISNNIREY

'
=®

nuiiusznaufetunsumssiiumAdetuanidagud 3.1 Tnsaguldwsd

1) Awuelyvideuaringuszasd ssytlynvtedinuiidesnammney fvug
TnUsraeAnanLazoveINIsivy

2)  MIMUMNSIANTTY Anwanddeiiieadestuiiadeifisninadenisifiums
vosdsnugeiluseiusemanazununmd Taogsuuian nauf wasdedeiimsthunfiansan

3)  mseenuuumside dvuanguidvsnoiduuszvnsgeieiendeludesginig
Ya3Usnelng \FoniSqunaudiagne kaginniseenuuuwuuasunulnglinseunquluia
Jadufienvdmasrionguitinmng 91 anmAsugia aniwiisnie anunfoulumsiAunig
ANNAEAINTUNITINTINITUSNTVRITEUUULAS UagNnANTTUNITAUNNG

9 msnrndeuhuuvasunuriainiesdiefllilumsitdunmnminevied

5)  mafAususndeya uandsuuvasuamlufsnguietefiden Annunauas
Wusaudeyangroutuuasuaiy

6)  nsiAsgiteya lasisuduainansitasizdaifidanssaun (Descriptive
Statistics) \ieasursdnuazvosnguiiag1s ntulinmgiadfifaoyutu (nferential
Statistics) sl vn1sTiesginaidensuuunisidunswesszsnsgeiolagldianis
annesladafnmyngy (Multinomial Logistic Regression: MLR) @sansnsafainuidaiasugia
WUAT Odds Ratio wazdedAgyvsana wazuiundisuiisuiuds Machine Learning (ML)
lawn Random Forest (RF), Extreme Gradient Boosting (XGBoost), wag CatBoost il
Usgiduauannsalunisduunnaidenluunnisidumig sis MNL uwag ML aggauseiiiy

Uszansnmlagldawidinna 1wy Accuracy, Precision, Recall, F1-score, AUC wagld k-fold

[
Y

cross-validation wieUsziiupuiadosvesluna wieuva SHAP (SHapley Add|t|ve
exPlanations) 113tAT1zANERYUeIRILUSULAazlea ML Fumeunsiessiiazians
mgﬂ‘m 3.2 9ndRNiunsiATIERaNnIslATIas1s (SEM) AILLUIAAYBIN B NOFNTITUAY



Wi (TPB) Wiedinsvvidadeniidninaseanundlaveslseansgadvlunsldusnsvuds
a1ssauzluilosiiniavesusenalng
7 msagUrauaznisiaueiue laewiuntadeiidnsnaseanunddalunisldusnis

YUAIAFITULLAZNTIRONFURUUNSAUN09UT2 5897y Lauanugimuwazysulse
UINsvudsmseauuMiaumalviaenndesiuaufenIsveslseinsgeeluiieaiinia
8  msdlvusienydds unumamsiToussdoussnulugduuuiidunnesgy
9)  mMumgunInamIelagnsiiuilusasivimvienisinauslunsuseyy
s eliAnuselomisoansisasuasmisnuiiieades

1.Avuadgynidunay

o . —>| 2.A79NUMINIsTNSSy F—>|  3.n1598nkuunisivY
eBIEEGNG

v

4.ﬂ’ﬁ(§]§’ﬁlﬁ@UﬂﬂJﬂ’1W

I | sasiAusiuTitena —>| 6.nsieszvideua
YDUAIDIIDIVE v v

v

7.n3a3UNalaYNg
LEUDUUY

—> 8.MIREUTIBUINY  F—] 9.mSmEUnINanIINY
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Key results _"E SHAP g

Y

Discussion and Conclusions

JUT 3.2 Tunaunsvindeludinvenisinsien MNL wag ML

3.2 Aseslanlylunisive

wdpseflflunuudaosdafeiifidninadoarudilalunsliuinisvudsasansiay
madengUuuumaiunismesUssanigels ideassdldnsiuiindeyadsuuvasua
gilansenmenuieduandbilunianuan n lneudseenidu 3 du Usenousie

dauil 1 1Judeyaiilunaznginssunmsifiumesinounuvasuay 1 e ang
919w Teldladediuyana TsAUszai ANUUNNTMNITIINE @aTunT™ danuznITagende
Fruuandnlunseuaia seiunisfnegege o1dntagiu waiineds srummuzluns
AseUAses Unseygnduiiidenses mwdlunisifiunmalasssuvrudsansisus aquszasd
YBIMIAUNNIIBTLU VLA IEN5NT0E USElnnszuvrudansnsaisigiiumadenlivesiign
SunufAnsalunsidumalagsalasansansisay seauaulindadlelduinmsszuuvuds
A51TUE MANATLAUNIAI8TEUUTLUA A5 UALY ATl AU svesitulaesa
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dudl 2 \Hunstssdudladefiddvsnadonudslavesuszensgedelunislduing
yudsansisazlulszmalng deuszneusie ¢ 998 laud Jadedunissuilunsaiuay
NOANIINVDINULDY (Perceived Behavioral Control) Uadesuviriunaf (Attitude) Uadanu
Ausala (Intention) uazdadesuussving udiay (Subjective Norms) wuvaeuauldunas
drun15Uszliuluy 7 599U (Rating Scale) dwsumsnaumay (szeu 1 lliduseegneds,
seeru 2 lliuseagnannn, seau 3 lisiualeurunans, seeu 4 ldiiusiedndas, seau 5
Wiughewdnties, sedu 6 Wiudeuiunatuay sedu 7 Wiuseog1ady)

dqudi 3 1 0un1581999m 5 A uN1e 99015 U5 unIe (Travel Diary) 84
Usznausae e 91y elfledediuyana 013m srumvueild ddunsiAung Winne
YBINMIAUN DAUTUFUNMTAUNI afiTeUaten1e anufidune anufivanenis
HIAUNNG UTENVU0InIsiumIe s8eaIn1siunig sseevndlaeUssuna sasanlagans
waztadenisideninunnisiiuniman

33 msusiusudays

nsiuTIusLUUIaesladeilidninanennuntlavesigeenglunislduinisauds
arssaugludiosninim Tunsddeduildvinsiiudeayanduiegsiildlunmsfnuassillay
MaAUTIUTITayassMvunvuIndIee1e Ineasuuady 2 Model Auil

3.3.1  MSNMUATUIAALBE19EINTUNITIATIZA SEM Anunges TPB

Tnedrurudeyaiiiv Iduwafnuiainnisiinsgsiaunisiassaing aueuuz sy
Frogiimuzanliin Sausiegsdmiunsussnanigigaananiizidu (Maximum
Likelihood) masiiog1etioy 10 whwessurufaulsdannld (Stevens, 1996) fafu $1uau
frogdeyafiazasdrsramaauniioguivnaglfinsidedeyaly +10 wetdeadiudoya
deomeviseldlild wiriu 24 fudsdunald x 10 =240 fege vnisiivlesduanuiinnain
Ju 250 yafegwianiinim Javinasiiudeya 250x4 =1,000 Faees

3.3.2  ANSIVUATUINAIBENNEINSUNISILASIZIE MLR

mMsfvusrIAngufIegaNTIdsasiinalasnswieananindofiovesnisasy
niaegell 9198angudszeing dnideanunsaivuavuindieg19191nn1UAM1319 803
fuans niensldlusunsupeuiumeslunistieduinauiadaegns Tnglusuiseiasld
TUsunsu G*Power Faanansarmuavuiasiegidlfogramngan @fignus atmnde, 2022)
Taen15UszNIUA1IUINENSNa (Effect Size) astdanld au1n Medium=0.25, 01=0.05 ,
Power=0.95 , Ho=0.2 wawfn odd ratio = 1.4 feifu A1 Sample Size #lddo 967 Foga us
ymstiuiiedesiuauianain Wu 1,000 YAFIBEN
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emnisaeamsiieszdt Whmslusuvaeunuaaientu daiufafuwuuaeun
favua 1,000 gadregsiUszmalne Tasfuniasy 250 gaiegsuazinisfutoyaanis
naudszrnsgatediongwinduniownnndt 60 Tlulvey Feguiaognalaeisnsuvutungd
(Stratified Random Sampling) nsAdiunslunuiiuszneude 5 Ussnmsudn dail

1)

nsustund (Stratification) uusdszrnsdasetgeenidu 4 fugfinnuginia
Usznaumeniawmile aanziueenideunile n1Anae wazaiald lunngilniadl
Fataddmuald (Feodlvl Weosse alue Awnlan, uasswdun veuuny
9ua319514 9n357l, ¥ayT uATAITIA 0ysen UsEAIUATIUS, UATATEITUIIY
awan g3 3§l ifin) faguil 3.3

msfnuavuafegsluudaziugil (Determining Sample Size within Strata)
fmunsiuuiegsiidesmaivainuiazninig taglunsdimmuaiudoya
MAAY 250 F9ENT BeTaTReEY 1,000 fog19vUsIne
nsdudiegengluusazdund (Random Sampling within Strata) nneluyn
afinne (detuni) agynsdudienanindszanagaete Taeld3suvunisdu
9813318 (Simple Random Sampling) #3aguuwuutdussuu (Systematic
Sampling) ﬁ]ﬂﬂLL@iazé’J’wi’ﬂiuqﬁﬂmﬁ?uﬂ
m'ﬁﬁ’sm'gamq'mﬁaasmmﬂwaazﬁﬁgjuaﬁ (Combining Samples across Strata)
sunguieesfilsnnusiazaiiang dieadanguinegieiavan 1,000 frogng
n1snsIvdeuAINaunatazn1stduduny (Ensuring Representation and
Balance) as1adauinnguiiegsannusiazyinaiavaunauazi Jusunuia
yoaUszrnageielunngfinianudndaudindlaly

fupoumartaztelinsdunduiediauutugiidulogsissuy uasshliserins
iegsilddanudusunuifvesssnnsgeieluynnfinavesuszinalne Jannzalu
mstlUieneiuuudnesdadeiiidnsnadenudslavesUssmnsgelodmiunmsliuing
yudsassarludesginiavessemdlne Wewauiwuudaesiadefidviwadonudila
YoeUszynsgeislunislduimyvudaansisagluilewiinieg

Upload Blocked

¥
[

JUN 3.3 Wunfvinsing
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3.4 NSOULUIAANISIAY

3.4.1 NAULWIAA SEM mamgwe)) TPB

mﬁé’]’aﬁiﬁifﬂiauLLmﬁmmquwawqaﬂsﬁmml,mu (Theory of Planned
Behavior: TPB) w83 Ajzen (1991) FadunilsluuumpnddayildluniseSuengfinssuves
uywd Tnslangnainssuifimudala (intention) WWusuysddylumsneinsainanssyinlu
ouAn TPB 1 3 Yaduudndidaasie lamumgfngsu (Behavioral Intention) I

Y a

1) viAuAg (Attitude Toward Behavior)
2) angnanngueany (Subjective Norms)

3) mM3FuimImuAuNgAnTIu (Perceived Behavioral Control)

USUnveInIsiiunslagseuuvudassae 3elalinisussendldnsouwunfn
Hlunmsadunisdnwanuddavesygeglunsldusnsvudansisae duandugun 3.4
warseazdunveInIwlsldlun1sieT e SEM uanslun1s1af 3.1 InensouluiAnuednis

[

ARetusEnaumemwUIDase 3 Ads kagmkUsay 1 fwUsuan fel

1) Attitude Toward Using Public Transport ifiuaflulBauInwioausonis
lgusnsvudsanssag

2) Subjective Norms AINNAIARITINIIEIALLAZLSINAAUIINAUTOUT19TY
ASLYSTUUVLES

3) Perceived Behavioral Control ma%’uifmmamwmiﬁaqﬂaiimamuLaa
Tunaslagusnag

4) Behavioral Intention to Use Public Transport m’méfﬁ%aqﬂizmmggq
Soiarldusnsvudsasisausluouian



INT2

INT3

INT4

i

(Gender)

w Do qw .
Ty Idhlﬂ d1ll‘i:‘,LliJ'ﬂ‘MvNﬂ 1B
(Intention to use Public Transport)

a1y

(Age)

¥ -
FITHNAHNA

(Attitude)}

drussiing wEana

(Subjective Norms)
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- = b =
ISR
=l ===
= W [ %] —_

=
i

=
=
=
=

SN1

n Eed

INTS
INT6 o i N6
" ereeived Behaviaral
Control) PBRC1
e
4 PBC3
Fuldiniia oo
(Salary) { Ari‘:] }
PBC3
PBCo
JU# 3. 4 nsoULIAR SEM mungud) TPB
A151997 1.1 USeennveesiblsnbalun1siiasiyst SEM
AuUs Forfu Uszanaauds Adildluluea
. ) Y 0= %8
Gender LA Mudsdanale -
1 = w9
. 0=>701
Age 91y AakyUsdannle -
1 =60-69 U
o L 0 = 10,000 UN
Salary s1elaede frUsdanale
1 =>10,000 v
oL L . 0 = Twidlaq
Area \wnfiagond FrwUsdaunala »
1 = Yanuiled
ATT YEAUAR AU el
SN UTIIAFIUNGU4B RIRUHIE
oo = - Likert scale 1-5
PBC | nmsfuimsmunungingsy FraUsuela
INT AU IUSNTUUES FaUSIAS (Fudsmnnu)
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3.4.2  aAuufgIuvesiviianuniauniunalulag

wonwiieannsinsiziianutun1sldssuurndsasIsusNIuNsoUNg e
TPB udh uATeilswnamsdnmiladeiifidvinaronisdeninun (Travel Mode) vasiasony
Tuusunase laeldisnisieseriannesladadnnyingy (Multinomial Logistic Regression)
La¥NTAATIZN Machine Learning Famanzauiumndsmuiifuteyadsngumaneyssinn
(categorical outcomes) Faudsdaseildlunsinsziiionianisainisdenlnunnisiiumig
laun we (Gender), 818 (Age), s1eléade (Salary), 818w (Occupation), TrgUssaarng
WUNIS (Travel Purpose), 57u3u;§§’smaumﬂ (Number of Traveling Participants), nandild
lun1siiunna (Travel Time) wagszeen1s (Distance) lngdfudsny Ao JULUUNITHAUNS
(Travel Mode) Wy saeus (Car), 50U (Bus), 5alvl (Rail), wazuudsiansisae (Paratransit)
Judu mﬁmeﬂumuﬁ%maLa%:um'mL%"ﬂﬁ]wqaﬂi'ﬁmmnﬁumw%waqmjmﬁaasjw wag
THUszneufunansiinseiainluea TPB Weliliyuuesdmginssuiiaseunquitaanun
LaENOANTTNATY MIIATIEILUUTIRBsRTNANTEnUsan T danTrLAN AUl TEINg
geivludssinalne lnensuszgndlduuudiasmiadamansmenisidiuuitassanneglad
aAnnunau (MLR) wazn153A3189 Machine Learning Lﬁ'a"imswﬁ%’ayja FaswaziBunvos
nIBULARIFITUT 3.5

fuUs94a52 (Independent)

( wet (Gender) \

fiauUsm1u (Dependent variable)

®  91g (Age)

o slsiade (Salary) f \

®  91Tn (Occupation) EULLU‘Uﬂ’ﬁLau‘ﬂ’N

e IngUszasdAn1siAuma (Travel purpose) - (Travel mode)

e  JudugFILAUNTI (Number of traveling Car, Bus, Rail and
participants) Paratransit

o aildlumsifiuna (Travel time) \ )

® 538NN (Distance)

K Alanelun1sunIe (Travel cost) /

SU7 3.5 nseulnANYes MLR uaz ML
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3.5 AAszvideya

3.5.1 NS5 UUINABIEUNISIASIES19 (SEM)

nsUszgndldnisiiaseidadedudy (CFA) Woamuuudassnisialy
NT8UIUNITATI SEM Lﬂuﬁifumaué’wﬁ’ﬁgsuamu%a Wesainuuudiasinsinazusziiu
AuduRuS STl sTidanele (Indicators) wartadounls (Latent Factors) dwsusness
AAILNeR (Goodness of fit) 7 wuztlunIsRIITUIAIIUADAAR DIVDIRUUTIADIAY
auufguiutayadausednyueinsinsisiesdusenauldsdudu Confirmatory factor
analysis) fifdadeludl ensnsidulaaunrsiussadasy (chi-square/df: y2/df) astiesndn 5
(Wheaton et al., 1977) Adwilinszaununaunaulseuinsy (Comparative Fit Index :CF)
A13UInAI1 0.95 (L.-t. Hu & P. M. Bentler, 1999) a1¢vil Tucker-Lewis Index (TLI) A3
11nn31 0.8 (Daire Hooper et al., 2008) Advfis1nTiasivasrnadomdaoswosnsussana
ANAINLARIALAA U (Root Mean Square Error of Approximation: RMSEA) A251a8n31%30
WU 0.08 (Browne & Cudeck, 1993) wagasail SRMR (Standardized Root Mean Square
Residual) (L.-t. Hu & P. M. Bentler, 1999) kug1131A2518n1%30LMNU 0.08 Lazdinsuan
NYUATINEBUAILLT B9n5IUR AT Bellan15T T (Reliability) Tneaudedurasdadey
(Construct Reliability: CR) :Juadasiialunisnsiaaou LLawhLaﬁ'waqmmLLU%Unuﬁgﬂaﬁ’m
1¢ (Variance Extracted score: AVE) Ingan AVE fisnnndn 0.5 feiduinausiunnsgiudiuansii
Yasefimuundedelussiuiiseusuls (Fornell & Larcker, 1981) uazAn AVE fininnan
squared correlations mmiammaaummgﬂéfawaaLLUU'«ﬁ’waaamii’mlﬁ (Fornell & Larcker,
1981) WlonuuaeensIaNIUNITITIVEOULED AEIUNTTILUUI I8N TTnveusazdade
WriuwuuIaedlaseasale

a 1

3.5.2  N15ATIznlenisannaaladdnnnunay (MLR)

19
GRIRIENY Lﬁumiﬁﬂmﬁﬁaﬁﬁﬁm%waﬁiamméﬂgﬂ'«maammﬂiqﬁdums
lfusnsvudsansisaslugiinavesuseinalng Aiaseviaiensannesladafianvngy (MLR)
N1SNAADUANUMNNEALUYDIANN1TANDBELATARAITN1TATIAARUUTENOUAIY NMTUTETUAN
Audulule (likelihood value) wazn1snaaeyu Hosmer and Lemeshow s18ast8un
Usenousne fail
1) farsanaudululd (likelihood value) Tunisuseiliupnumianeauves
dumsladadin avlden 2LL (=2 log likelihood) tHwsnaust winanddien
ffon uansinaunsladafniinumangansuteyainndu uonanissld
nsneaeutivdfynadiiiensiadeuauduiusvassauysluaunis
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2) NATUEDRNAFOUANIANIZENTYDY Hosmer and Lemeshow agld
nagouAUNIEaN model Tunisnaaeu x? lulidedAgynisadanse
8oUSU HO wansin model diAuinungau

affivadousEAUAUAUNLS ArduUszans naswennsel (R?) Tuaunis

anneeladafia Ao AAuulsUTIuvesikUInNTiaansaesunslilnefuusdasy dedadnd
NAADUIEAUANUFUNUSMA18A1 LA Cox & Snell R Square Lay Nagelkerke R square
LanIEazLSEnl (Kaiyawan, 2012)

1) ahdnaaeu Cox & Snell R Square Wun1sAs1980UAMLABAASDIVEY
Tuna w3 owedidudfiaunsassuisamuususulunisinsegiaiiy
annesladafn 39 Cox& Snell R Square fidntfasndn 1 wue (fae 31
HvdUay, 2015)

2) adfinmaeu Nagelkerke R square Am1afiAuey Nagelkerke R square 9l
anwalzlilounu Cox & Snell R Square WAAZAAININAINALDAT R2 970
Cox & Snell R Square a8z Nagelkerke R square annsoAndulosidud
I§ainnnsunlugueae 100 1Wuan R? ieu 3ei3endn Pseudo R @
Juedidudiosusenuuisunululmansonossladafnnmngy

3.5.3 1514 Machine Learning (RF, XGBoost, CatBoost)

i oUsuUgsmuusuglunsiinseitadoi dnasenisidenguuuunis
Wunawmaila Machine Learning toignihanldifudnuuimidlunisiasgideya Tnensfinw
ﬁyiﬂyslsﬁj Random Forest (RF), Extreme Gradient Boosting (XGBoost) ae CatBoost s?fu‘ﬂu
danessudlasumnudeslunsduunuazsinnedeyaiidudou (Abdulazeez et al., 2023)

n1sLaaNlgoanasoy ML

1) Random Forest (RF) 1 usanea35uuuu ensemble learing 714 Decision
Trees Manadu wialfiuALudue (Khan et al, 2024) wazldudn Bootstrap Aggregation
(Bagging) vt ean Ty overfitting (Mohamed et al., 2025) 1¥%&n Bootstrap Aggregation
(Bagging) Hieadauuusiaasgesiuansei

2) Extreme Gradient Boosting (XGBoost) 1% Gradient Boosting Decision Trees
(GBDT) lorinuszan3nmuasnisiune (L et al, 2024) wasiin sl Regularization (L1/L2
Penalty) 11 884U overfitting (Chuang et al., 2022) gnoonwuunliviaulaiiands
Randomn Forest uaglinadnsiiualugngi

3)  CatBoost senuuuNedan1siy Teyailiiauna (Imbalanced Data) l¢ifina
XGBoost (Sun et al., 2023) waglyimad A Ordered Boosting Lﬁaamﬁm%ﬂ overfitting
(Mohamed et al., 2025)
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HANT5ALATIZNTRYE

nsAnuniiatiuieseiiatefiisninadonindenguuuumaiiunisvesszeins
aeielngUszgnifldns wuudassnisannssladafnuuunnngy (Multinomial Logistic
Regression: MNL) wa watla Machine Learning (ML) laun Random Forest (RF), Extreme
Gradient Boosting (XGBoost) Waz CatBoost iai3suifisuanuanunsalunssiuunuas
yhunegULUUNMSAue wasleliannsasyydaduddniidsuasensidonlmanisiiuma
I$oghaiiszAnsnmbetu uenaniiileAnundaefiisvinadenudilavesussrnsgeds
lumsldusnmsvudiasisasluliewiiniavesUsemealng lnglduuuiassaunsiasasi
(Structural Equation Modeling: SEM) Tunn53tA37e9 ANuLWIART0Ima BWeRANITUAU LAY
(Theory of planned behavior) nan153wszvignuuseaniu 6 neu auingUszasrveInis
W il

poufl 1 nanTinszinisuanuandeyaaly wazandnvazmediauazATYgia

VBINGNAIBLUTEIINTGITY

noufl 2 nan153iAs1vsiad il oedwA BafuauEdd ey (Importance) ‘ﬁ'@fmau

wuuaeunslvliluluugeuay

poufl 3 namITATIgimdIUsEAVSavdTusiiesau

aoufl 4 nansinsIzressUsynoudiadudiu (Confirmatory Factor Analysis)

AOUTl 5 HANITIATITMLUUTIaeENN13IATIAS S (Structural Equation Modeling)

noufl 6 nansangvinnnosladafanvngs (Multinomial logistic regression)

poudl 7 namsisuifieulsydviamassuuudiass Machine Learning

noufl 8 namsUSeufieunIsiasEinsadfitu Machine Learning

4.1 dayaniluuasngAnIsun1snsiunevedgnauluugauasl

HANTIATIEveIUseyInsgeitlulsemalve 913U 1,000 AU nan1sinwkandly
wiwdlserinsngudiegdnlvgidumandgs 91w 543 au (Fewaz 54.3) diulvgjed
Tuga9e1e 60 9 69 U 99w 785 AU (Sevay 78.5) drulvajan uvausa 39w 697 Au
(Sewaz 69.7) anugnisegordediulngazegiunsaunsy/Egua 314U 949 AU (Sogay
94.9) Tushumsanwanilvgmnityanes $1uam 860 au (Gosay 86) Kmeunuvasuny
dauimyjﬁswlﬁdwqﬂﬂaﬁmdﬂ 10,000 Unsiafiay 31U 787 Au (Feway 78.7) JULUU
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nsvinudlngvesussrinsgegazduinnueguazinauuentiu 31w 412 au (Se
Ay 41.2) anugnisaseuasossunIruzdlngiinstionseseuniviug 911U 803 AU
($ovaz 80.3) wazanuzlusygaduddilngjazlaidl dwu 563au (Gevas 56.3) Teya
wandlunnsnad 4.1

ALY NYRIUTEYINTgeiE Ingdiulvgiilsausedi 9uiu 732 AU (Seuas
73.2) Wngazdulsannuduladings lsaumnunaslsalvduluidongmuadu wazauves
UNWI0an19519n78 Taedrulngazliladaiuunniemnesisnie 590 au (Fovaz 59) wazd
AMUUNNTBINIIE19NE 410 Ay ($osay 41) udasliauunnsomanisindeulm ftyw
Tumsueaiiu uaznslddunudiu SeaviBeauandlumsieil 4.1

FUNGANTIUMIIAUN VRS TUILA S5 AIL YR UTENSge T Tine UL U UANY
wuingpevdnlnylduinsvudiansisugusesedaivsennnnd 91uiu 361 au (Seway
36.1) gAsimnevIMIAUMIFIsudRnarudulng fo Wedumdluteves S1uau 346
au (Govay 34.6) Insszuurudinssaidedeslugnounuuasuaudnilvgliuinigse
Uadundn $1uau 329 au (Fevar 32.9) freunuvasuawaulngiildssuvrudsansisas
WUNaieane 310 524 au (Fevar 52.4) anulinsdavesinauiuuasunudlvg
aglindlavunandunmslduimsssuurudsansisay dau 691 au (Gesas 69.1) Savawa
fidenvesimevazisiaagn fanwazainlumsidnie uazszeznanfumsliuiy
AERU wazgranandigneunuuasunaliuinnssalasansansisas sglduinmstiadile
fadn (04:00-09:59 1.) $7uu 644 AU (Sevay 64.4) 1 Uudlng GﬁayjaLLamﬂumiNﬁ 4.2

1599 4.1 nsuanuanteyamiluuazdnuaiensdinuiasAsygRaveInguiieg1e

Aauls AN85U"Y qu 1,000 Au

A9 %
e 18 457 45.70
SN 543 54.30

21y 60-69 U 785 78.5
70-79 ¥ 199 19.9

11nn31 80 U 16 1.6

any lan 68 6.80
e 697 69.70
nihe/mev/ueniueg 235 23.50

dnnugn1segedy aganils 51 5.1
agfiunsauATY/Haua 949 94.9
SEAUNIANY mniUsnaes 860 86.00
USyeyns viseaandn 96 9.60

Buq 44 4.40
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M15999 4.2 MswanuantayamiliuardnuynienadinuunasAsygnaveInguiied 1 (ve)

s AN95U"Y ﬁ]'n:m 1,000 Au

AU %
198 (UneeLFan) 1 10,000 787 78.70
10,000-19,999 106 10.60
20,000-29,999 60 6.00
30,000 ¥i30g9NI1 47 4.70
sURUUNIYhau emuentu 412 41.20
it 255 25.50
Ladvihaw/eg i 333 33.30
ANULNNTATOUATOILUN UG | Terumiuuglun1saseunses 803 80.30
laiflorumnuglunisaseunses 197 19.70
anuzlueygndud fuoygnedud 437 43.70
liflueyandud 563 56.30
Tsmuszdnem flsaUszdem 732 73.20
luifilsauszdnen 268 26.80
ANUNNTO fdauunnges 410 41.00
lufipuunnses 590 59.00

M13199 4.3 NOANTIUNTHAUNNTEUUVUAIASITULVRIEADURUUADUNY

379U 1,000 AU
fianUs ANDBUNY -
AMud %

WuSnsssuurudeenonsasdes | fléves (seduamivieunnni) 361 36.10
I P =

dltluassnsn (eidiow) 347 34.70

fdlaives (osniwilsnswieiou) 285 28.50

lalweldusnng 7 0.70
TPQUITasAvBINITAUNIGIY Waluvieu 8a 8.40
FPUUVUAAITITUY T

WaWnNew/ Yo 235 23.50

iodundlutees 346 34.60

dieAanssufivn (M) 50 50.00

B 285 28.50
svuuTudEssEilinules sod 265 26.50

savd 329 32.90

salu 238 23.80

lameldusnisia 3 wuu 168 16.80
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M13199 4.4 NOANTIUNTHRUNTEUUVUEANESITULVBILABULUUABUDY (D)

379U 1,000 AU
fianus Aasune -
ANUD %
Fuuginnulunsfiunedeaesn | Gumasiuien 504 5240
Tagansanssae v - Y
H3IAUNIWIY 1 A 351 35.10
H3AUN1GILUINNT 2 AY 125 12,50
anulinslalumislduinsssuy | ill5adle 8 0.80
YUEET1TUE y .
Tnaladniioy 91 9.10
Tnalavunans 691 69.10
Tndlaann 179 17.90
Tndlasnniign 31 3.10
mawaﬁLﬁumqﬁaaswuwa’qaw Taidivaden 135 13.50
5150
31A9N 661 66.10
ATIRNDLIAN 305 30.50
Useiiulaluusnisg 143 14.30
Tamumslaiuiu 374 37.40
anlgyninaiy 113 11.30
dvain ansnsaindaladny a57 45.70
fanulasadislunisifunig 361 36.10
B 8 0.80
Frnafilisalagansansisas Faadndin - 161 (04:00-09:59 1) 644 64.40
42988 - U1 (10:00-15:59 u.) 310 31.00
e - 41 (16:00-21:59 11.) a4 4.40
4970 (22:00-00:59 U.) 2 0.20

74

4.2  HNANISIASIZAARRAUDIAUVDILUUFDUAIUNISIASISHAIUEIALY

v

(Important) Ya9gABULUUHBUATY

abfdosduvesderauiafuiadunsinseiaudfyuasanisuf i
(Important Performance Analysis: IPA) nM1sfiansanA1adfi ugiuvesiad Yot ey
AnszviesdusznouidsBudu uaraumslassadilnefinnsandulsiomn 24 fuds a1n 4
Uade loun Aunissuslumsaiuaungfinssuvedniuies (Perceived Behavioral Control)
FuiaunR (Attitude) A1uAIuAla (Intention) war A1uussiagIudsau (Subjective



[

Norms) 15199 4.3 LansanalUnsnuresia1nIuaudIfey (
199 Ingadfidesiuazdsenaunis Anade (mean) drudesuuninggiu (standard
deviation) AU (skewness) wagAulas (kurtosis) A9l

[
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Important) Misunalanaafs

MITNT 4.5 NMTIATIEREDAL U8R UYDIUUUADUNIUNTIATIZRANUEAY (Important)

1,000 A70819
Auds AnasuY
Mean SD SK KU
AunssuzlunismuaungAnssuvenules (Perceived Behavioral
Control) Cronbach’s Alpha = 0.834
PBC1 | dufninszuvvudeiidanuilunisliusnisinn vhlfiesenisiums 640 | 0.867 | -1.706 | 3.512
PBC2 | Sufaszuvvudefidanunssonaivessause wlvinesenisiums 6.30 0.889 | -1.617 | 3.494
PBC3 | Sufeinszuvrudeidrmuasainauisnn vhlsdesenisiunis 622 | 0907 | -1.191 | 1.374
PBCA | Sufeinszuvaudsiisianiumsiigniu vilsiesdenisdunis 6.30 | 0908 | -1.476 | 2.866
SuRnszuvaudaisinmsdadunsldusastdvhias wlviesents
PBC5 “ 6.21 0.928 -1.259 1.790
AU
PBC6 | SufninszuvvudsidrnuUasnsounn Mlriedenisiaumg 6.23 0913 | -1.293 | 1.980
AuviruAR (Attitude) Cronbach’s Alpha = 0.907
Al Suvauldszuvrudsasnsar snanudlunsliusnisiy 6.17 | 0907 | -1.372 | 2.928
A2 FurauldsruurndwEsIsae nalunsAuNIana 6.14 | 0954 | -1.393 | 2723
A3 Furouldsruurudiansnsae WMnAMUEAINAUIENINTY 617 | 0927 | -1.104 | 1.017
A4 | duveuldssuuvudsasisay mnAnAuNIIgnas 6.30 | 0891 | -1.297 | 1.565
FurauldsruurudEisisae nmsdnaslunsidusnisiadaeann
A5 | Ly 615 | 0886 | -0970 | 0.632
PaTu
A6 | dumeuldszuuvudeansisar mnanaaendeifingay 623 | 0900 | -1.193 | 1.399
FUAUATLA (Intention) Cronbach’s Alpha = 0.890
Suarldszuvrudiasisay zdeianualunsliusnisdwane
11 Y . N 608 | 0924 | -1.136 | 1851
Anunslalunsidusnsvesdu
Suarldszuvrudiasisay wsideinanlunsfiunisdwanoniny
12 Y . 5 605 | 0953 | -1.162 | 1.706
palalunislousnisvesiu
Fuarldszuvrudiasisay nszideinauasmnauisdwanonny
3|y o 614 | 0945 | -1.022 | 0.639
falalunsldusnng
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MITNT 4.6 NMTIATIEREDALUIRUTDIUUUADUNINNTIATIZRANUEAY (Important)

(919)
1,000 A70819
Auds Anasune
Mean SD SK KU

Suazldszuvrudiasisay zdeinaiundmansnnusidlolu
14 Y - 6.20 0.938 -1.095 0.687

ASLgUsNNS

Fuaglfszuurudmsisay wnpdohnsindaniuiiinuussieg
15 S M . 612 | 0918 | 0973 | 0564

afedanananuialalunslousnig

Sualdsruvrndiansisar mzdeiaulssnsodmwasionusila
16 Y - 6.19 0.956 -1.314 2.075

Tunnsldusnisg

AUV 1UFsAN (Subjective Norms) Cronbach’s Alpha = 0.846
SN1 | duveuldusmsvudsansisasmszyihlivingdnanuviuady 586 | 1.062 | -1.148 | 1.928
SN2 | dureuldu3nisuudEs TN 1YL IARAUYIUNITHAUN 575 | 1162 | -1229 | 2.026
SN3 | duveultusnisvudsEsIsasmszAtagaInauglunsRuNIg 578 | 1.166 | -1.201 | 2.054
SNG4 | dureulduinisvudsasisagimsztivandymuaiy 575 | 1192 | -1.077 | 1.392
N5 | suweuldusmsvudsansisasinzsdudesnfvesdnu 5.74 1.220 | -1.055 | 1.160
N6 | suzeuldszuurudiansisarauiiausoudwsefiounuyiih 5.75 1.221 | -0.857 | 0.243

MUK SD 1889 standard deviation; SK #sngfa skewness: KU iungfia kurtosis.

[ 4 v v ¢

43  AEUUSIANSANAUNUSTENI9NU DAL IULUUTIADY

a

AnngviAdudsgnsanduiudinesdusenitdundsdunalunuudiaestaly
Wgrdasiuauddlavesdszyinsgelslunisldusnisvudaasnsue wWeliasiey

o

AMUAURUTTENINIUTADIF ANFUUTZANS NDUUIN NUIEAINNINL aFILU AT
~ £ =~ a o =~ ~ & P 1% ' Y a S4A
W LT UNT0anad DNewUsntanaziiud unseanasnulunile d@ruardulseansAnduau
PN DNIDAILUSAINTLNUTUNT DANAS DNAUTNRILLANALIUVT 0anAS L UNANIINTINU
13 SEAUTEAAYURINITNAADUTEYMIELATWINY (*) Wag (%) FaunuAtudfgveadag
56U 0.05 Way 0.01 ANAINU (*p < 0.05, **p < 0.01) HANITIATITRANUFUN UG TG
LUSNY 24 AluwuuT1aoakAazlade nuanAduUseansia1sening 0.193 94 0.757 1l
NITUNANIIVAFBUANNRFIUI WVSnFanduiiusiondnwal (Identity Matrix) %38 ld wudd

'
aaa

1A xA2=14373.538 (df = 276, p < 0.001) s?faﬁﬁhu,mﬂﬁhqmﬂ@uéaéwqﬁﬁaﬁﬁiywamm

[y

520U 0.01 LaZaRnAAaRINUNaNITILATIZNAIRYT Kaiser-Meyer-Olkin (KMO) @iiavinfiu

6

0.940 FalAanU11na 1 wanslmiuIuns ndandunusvaadnlsduna ot ldiduuns nd
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NANBA WALIANUFUNUSAUTENINAILUTUINNONILUIUIATIZTDIAUTENUIUALNNS
TAs9as19lanamnsnen 4.4



A15N7 4.4 Anduuszansanduiusvesnuusladeniideanundavesigeeiglunislduinsvudansisae

;;2 PBC1 PBC2 PBC3 PBC4 PBC5 PBC6 Al A2 A3 A4 A5 A6 11 12 13 4 ] 16 SN1I SN2 SN3 SN4  SN5 SN6
PBC1 1
PBC2 | .728" 1
PBC3 | 586~  .626 1
PBC4 | 573 536 585 1
PBC5 | 563 556 564" 656 1
PBC6 | 541" 556" 586 569  .641 1
Al | 456" 464" 460 432" 430" 523 1
A2 | 381" 368" 339" 343" 396 375 505 1
A3 | 383 389" 4100 386 398" 4200 3917 629" 1
A4 | 398" 400" 426" 502" 486" 458" 448" 393" 491" 1
A5 | 301" 355" 350" 375 406 365 4227 495 492" 473" 1
A6 | 389" 409" 436" 428" 490" 5160 480" 3917 443" 498" 507 1
11| 374" 378" 384 355 404 3717 4327 3707 318" 364 330  .454° 1
12 | 366" 365" 338" 303" 3177 3327 334" 513 415" 345" 4300 361 600" 1
13 | 3297 3417 3327 2007 3097 3137 2907 .409" 464" 327" 427 336 427 637 1
14 | 349" 367" 400" 419" 438" 424" 372" 333" 374" 472" 343" 442" 487 396 504" 1
15 | 336 363 3747 4217 392" 405 383 3797 3927 421" 408" 385 452 487 493" 555" 1
16 | 360" 381" 399" 409" 435" 450" 384" 340" 353 4350 373 490 439" 398" 451" 5250 5227 1
SN1 | 364" 358" 398" 363 335 375 374 289" 270 327 250 349" 442" 337 3197 393" 393" 472" 1
SN2 | 382" 409" 413" 338" 368" 3717 3267 3100 3147 308" 256 3527 365 316 280" 365 334" 434" 614" 1
SN3 | 433" 4217 4297 386 396 402" 3547 2997 342" 317" 237 383" 383" 3000 307 367 323" 464 588" 757 1
SNa | 403" 301" 431" 387" 3767 417" 3560 254" 317" 3550 276 388" 3747 266 308" 3527 3117 435" 572" 6537 754" 1
SN5 | 3517 3797 375 325 323" 385 306 199" 3010 297 234" 359" 300 207 2900 378" 314 362 513 602" 643 736 1
SN6 | 339" 341" 347" 338" 351" 395" 341" 193" 2727 347" 2777 395" 3260 2027 284" 393" 365 433" 485" 508" 580" 6610 711" 1

v o W aada

NN *p<0.05, **p<0.01 naede Auddgvneadiafisediu 0.05 wag 0.01 MNa1AY

o
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4.4  WANISIATIZHBIAUTZNBULTNBUGY (Confirmatory Factor Analysis)

4.4.1 lasead19lumanisdan (Measurement Model)

NTIATIEeIAUsEnauLgagudy (CFA) gnldieussiunnnumsnsaues

35

1A59a1aanan S IANITAUITUULNUE WYY NEANTINAIULKNY (Theory of Planned

Behavior: TPB) Taeidl 4 fauUswaandan tawn

1) viAuAd (Attitude) Talaeg ATT1-ATT6

2) ussinguduyana (Subjective Norms) Jalag SN1-SN6

3) MIAIUANNYANTINTTUS (Perceived Behavioral Control: PBC) fnlae
PBC1 - PBC6

4) RAUUNSIIUSNIS (Behavioral Intention: INT) dalae INT1 — INT6

W69 TAUIISI8ATS LYW ATT2, ATT3, SN2 wag SN3 azdu1nin

83AUsENaU (factor loading) Mndunauiiuuzi (< 0.6) uidegluszauniawnsageusula

nudeLaueuas Hair et al. (2013) uaz Byme (2013) TnetileAraruidasiusiu CR aglu

JEAUEe wazAl AVE aglusyaulnalAganseuinndt 0.5 BaasviaufienunImnisiniiiesne

R

4.4.2 AIAMUMNIZENVRINAA (Model Fit Indices)

NANITIATIEN CFA @385 Maximum Likelihood Estimation Tvaaail
ANMUADAAADIVDILILAA FI9T

A1519% 4.5 MTNUARIANINEENVDIlILAE (Model Fit Indices)

¥
v A v

AYUYIN

AluLAa

LNAUNNITEBUSU

Chi-square / df

1601.425/ 353 = 4.54

< 5.00 (wolwls)

RMSEA 0.057 < 0.08 (@), < 0.05 (AuN)
CFl 0.918 > 0.90 (7), > 0.95 (Aun)
TL 0.907 > 0.90

SRMR 0.042 <0.08

a (3 13 a A U 1 v A
NHANTIATIENDIAUTENDULTNE WY (CFA) wulunan1siniaanu

dennneanulayalusEiu “Atwun” WeRansanandviauaenndesvedling (Model

Fit Indices) %33 Chi-square / df = 4.54 Fafeaninnadi < 5.0 fweusuld (Wheaton et

al,, 1977) RMSEA = 0.057 w¥eutasamidosiu 90% CI (0.054-0.059) oelutnausi
“Wingauan” (< 0.06) ANUTLEUBYAY Hu and and Bentler (1999) CFl = 0.918 wag TL|
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- 0.907 Fannniwnaet > 0.90 wanslumaiauaenndasd (Bentler, 1990) SRMR =
0.042 HeaninAnnast 0.08 Aifmualae Kine (2023) nasimvosiviivenis ifiuin
wuiaesmsinfiauasnadosazmnzaufudeyadiiuannguiesns uazanunsaldlu
NSAATITALULARFUNTIATIASN (SEM) Lasialy

4.43 ARG UVEIRILUTUHY (Standardized Factor Loadings)

AnsaaaminvesiauUsdann (Standardized Factor Loadings) o)
581313 0.616 — 0.873 &3 gandunmsidusfisousuld (= 0.50) MuteLauaes Brown
(2015) wasildeddymeadfnmun (p < 0.001) uanslifiuindulsdunnamisaesue
ANUwUTUTINTRIAILU U lABE 1w gay

AN5197 4.6 LEAINANITIAIILIBIRUTENBULTIEUTY (CFA) YB9UUINGDY

fiauus STDYX S.E. p-value CR AVE
Attitude 0.993 0.464

ATT1 0.672 0.019 <0.001

ATT2 0.637 0.021 <0.001

ATT3 0.642 0.020 <0.001

ATT4 0.713 0.018 <0.001

ATTS5 0.715 0.018 <0.001

ATT6 0.702 0.018 <0.001
Perceived Behavioral Control 0.996 0.555

PBC1 0.719 0.017 <0.001

PBC2 0.730 0.016 <0.001

PBC3 0.747 0.015 <0.001

PBC4 0.748 0.015 <0.001

PBC5 0.778 0.014 <0.001

PBCé6 0.770 0.014 <0.001
Subjective Norms 0.993 0.439

SN1 0.664 0.019 <0.001

SN2 0.619 0.021 <0.001

SN3 0.640 0.020 <0.001

SN4 0.651 0.018 <0.001
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AN 4.6 WAAIHANITIATIZNDIAUTENDULIEUEU (CFA) ¥99bUUINa04 (50)

fiauus STDYX S.E. p-value CR AVE
SN5 0.651 0.020 <0.001
SNé6 0.707 0.018 <0.001
Intention to use Public
0.996 0.621
Transport
INT1 0.675 0.018 <0.001
INT2 0.747 0.015 <0.001
INT3 0.822 0.012 <0.001
INT4 0.875 0.009 <0.001
INT5 0.826 0.012 <0.001
INT6 0.768 0.014 <0.001
AR STDYX N804 Standardized S.E. el Standard Error
AVE vianeile Average variance extracted CR w1889 Construct reliability

PINATNUAAINANTIATIZ0IFUsENa UGB Uy (CFA) wutlimansTadi
THluns@nwiil fanummzanuazaugenadosnslufislunn factor ldud Attitude,
Perceived Behavioral Control (PBC), Subjective Norms (SN) kag Intention to use Public
Transport (INT) Tnefiansanainaanisersimiinuesiawdsdana (Standardized Factor
Loadings: STDYX), AnA2"aliieansssasl (CR) warAesunenuuUsUsIuaas (AVE) gt

1) Attitude A1 STDYX 8g5%314 0.637 ~ 0.715 lagvndauusilaAl p < 0.001
waneIdd1Auvneadn a1 CR = 0,993 wansiaruidesiuniglufimdey A1 AVE
= 0.464 M naiTisensu (> 0.50) ndiey eedlsAmmilesannan CR gann 3
annsafinnsainds factor Hlrnuilesnsasauitsensuls (Formell & Larcker, 1981)
2) Perceived Behavioral Control (PBC) A1 STDYX 8¢/ lua34 0.719 - 0.778
LLazﬁﬁsﬁwﬁ@quaﬁﬁﬁQMum (p < 0.001) A1 CR = 0.996, AVE = 0.555 Faaaoann
HAUNUA IR S51U (CR = 0.70 waw AVE = 0.50) dgsiaudn factor 1§17 9aa11
gonnassnlutazamuansalunsesuIsduUsislan

3) Subjective Norms (SN) A1 STDYX 8¢/ lu%19 0.619 - 0.707 uagynail
odAnymaadia A CR = 0.993 gaunn us AVE = 0.439 fasninunasitdniios usiin
AVE 2891 uin37l CR gaufiu 0.90 vilidsiiadn factor danunsaldldnngldnag
NTUTINgEY (Hair et al., 2013)

4) Intention to use Public Transport A1 STDYX 885¥1314 0.675 — 0.875 R

N v

fi97naenn wazddedAgyn1eadfviandn A CR = 0.996, AVE = 0.621 H1uLnauel
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Favauiu factor fd1Auidaiiuwaraunsadalasiasigaigaluwuudiasinis

[y

3]

)

45  N15AATIRLUUIIAR9ENN151ATIE519 (Structural Equation
Modeling)

N5ILATIERLUUTIa09@UN1TLATIES1S (Structural Equation Modeling: SEM) 1du
TUNBUAIAYIUNITNTIADUANUTUNUSTLTIA 1NN TENINAUTUAN AUNTEULUIAN VDS
N WHUNGFANTIU (Theory of Planned Behavior: TPB) duadusalalduinisvuds

s
a

a1513002veeU 891N 5g981Y lagusziduriuA1Auaennn 09vadlulnalaAdUUTEEN
HUNTENINFIULUS

4.5.1 NISASIVEBUAINNEDAARDIVBILUUINABILATIES19AUALALERAS
waRnssunsldusnsvudassasdmsulgeany

9INWANITIATIZI SEM A9835 Maximum Likelihood Estimation wan13
Anseit i lnaiinuaenadestudoyaidessdndlussduiiuniede Tasaunsn
$r98anepuaenndevastinainansliudalu a3l 4.10 fadl Chi-square / df =
1549.216 / 337 ~ 4.597 (< 5.00: wolalel) RMSEA = 0.057 (< 0.08: #) CFl = 0.920 (> 0.90:
) TLI = 0.911 (> 0.90: ) WA¥SRMR = 0.047 (< 0.08: fun) Adadiamuaagluinasii
aunsngaNsulanudolaueued Hair et al. (2013), Hu and and Bentler (1999) uag Byrne
(2013) uansiluina SEM fiadrstuinnumsnsadlumsssunelasiaisdoyalumuised

4.52  NTIATIEMAUNIANUAUNUSLAZNI TNATRUENNRFIY

INNTUATIERUUVTI18098UNITLATIAT1S (Structural Equation Modeling:
SEM) famns79t 4.7 uae gﬂﬁ 4.1 wundadevateUsznidsnsnass1elitdAgyn1sanfne
arwsslalunisliusnisuudsaionsauesUsEr1nIge0Te (Behavioral Intention) %431
J9dem193ningn (munseu TPB) wastadunuussvinsaans lngarunsanlanaauuigny
W 7 Yol

aunfgiuil 1 (H1) auaddonislduinsuudansisuy (Attitude toward
use) fBvEnamsunsennusslalunmsldusnmsvudansisay nansAnwwun viauaiil
dvBwalgsuInegilsd1AynINEna (B = 0.322, p < 0.001) azﬁau’jflé’muqﬁaﬁﬁgmaq
Feuan Wi mItesiusmsudayan Ysendn Uaeade asiuualiuddaldusnisunnndy
daivirmadlsidaiou

auuAgiuil 2 (H2) vssiaguduyaaa (Subjective Norms) dssaluidauan
semusalalunsldusnsvuds wudn findulsAnSunmagu B = 0.059 uaziideddyni
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aa

afi@ (p < 0.001) uARTIUTINAFLANYARATOUTS 0171 Aundnlunseuata ey vieyuy
TavinasengAnssuvesUseunsaedy

auuAgIud 3 (H3) M133u3MIruANNgANITALLEY (Perceived Behavioral
Control) faviswanisuandeanudalalduins nansnwmui daduussandansgiug
figelulana (B = 0334, p < 0.001) UstiimnUsznsgeoddninanunsadidmdoldou
JruvvUdIlamenuLed Wy N1siuvaliduinvseliuinisenuenuasaan asiluuiliy
dlalduimanniu

auufgiudl 4 (H4) e (Gender) fnansznusioanusslalduinis ua
nsAnelinudnsnasgeivedAgnisada (B = -0.001, p = 0.970) wansiwwelilydady
ddyiitnasomssindulalduinmsvudsesssensgeieluuiuni

auufgIudl 5 (H5) 071y (Age) Tovdnasenuddla nans@nwmuin o1
svswaludsuinsenuddalumsldusnssudasisazedivoddynead B =
0.040, p < 0.001) lnsAmnafimesiiuuinuasiideddnyd Ui nqufaeengidenglios
A1 (60-69 T) fuwlutrdiaruddlalumsliuinmsvudsasisazannmingiifongnnn
(70 Viuly) Feormasioudsauannsalunisadeuln gunmsrenie vidoarushilaluns
THusmsseuvvudsiidseglussiva

auufgud 6 (He) 18lé (Salary) F8nSwarenudsla nanisAnwiien
duuszdns B = 0.073 (p = 0.003) uansnguiisisesuganiniuuwilinfiazdenlduing
Yudsassurannndi azeufiaioulumaassgififunumlunadenlduinisuuds
GRPIVE

aunRgIudl 7 (H7) Nuflegede (Area) dawadanudale nan1snymusn
FuUszan3 B = 0.048 (p < 0.001) Uﬁ’hﬁﬂﬁa&jmﬁa Wi Tudlesniousniilies dnase
WOANTIUNITLYUINITVUAS LU NISLUIAALAMAINUINIS

M5 4.7 MITNUAAIHANTNAFDUANNRFINAINNITIATIwTIUUTIRBIENNsiATEda

AUNAgIY | AUFUNUS Stancfardized SE. | tvalue | p-value | a3Una
Estimate )

H1 ATT — INT 0.322%%* 0.044 7.319 <0.001 gU5U
H2 SN —> INT 0.059%** 0.003 22.454 <0.001 gau5U
H3 PBC — INT 0.334*** 0.043 1.729 <0.001 gU5U
H4 Gender — INT -0.001 0.025 -0.038 0.970 | ldgeonsu
H5 Age — INT 0.040%** 0.001 28.564 <0.001 gau5U
Hé Salary — INT 0.073** 0.025 2947 0.003 gU5U
H7 Area — INT 0.048%** 0.002 28.552 <0.001 gausU

WA - **p<0.001, **p<0.001, *p<0.05
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£ A .
= el oy
rral 5% (Gender) (Age)
d - i**
:
ATTh TO2HER
oo ”,[)40““

T
PR
0794, 2 .
SN3 o, . . Amarmaileld
640k s, AnsTiiag )
N4 GO0 (Subjective Norms) TETTAIA IR 0k
- St Intention o use Public Transpori),
Rl
*
NS oS

*

%135, “be”

PRCT 0.7 b
"
01
i)

= \ly = S

J1glamandy !”Uﬂ1'1ﬂ§1‘ﬂ1ﬁ\g_l

(Salary) (Area)

SUN 4.1 wuuiaesaunslassaiadadenidnsnadenisidensunuunsiiunievegeens
Tuilesginavesdszimelneg

4.6 MIATILviannegladafnnunay (MLR)

n1sAnwtldnisiesivrinieaifsieisnisannesladadaningy (MLR) iofAnw
Jadeniigvsnasensidenuuuunisiaunisvesseunsiasisluliewiiniavesseina
e lovhnmsiesesideyalagldmatia MLR lnesuannisuseiiiunugen

M3N9 4.8 AMUMNZAUVDILUUIIADIMALAT Pseudo R-Square

Model Fittin
$ Likelihood Ratio Tests

Model Criteria
-2 Log Likelihood Chi-Square df Sig.

Intercept Only 4940.585
Final 2561.661 2378.924 a2 0.000

INNTATINEDUAMNMNZANVBILULAE WU LuAa MLR dA1 -2 Log Likelihood
vaslunaganeeyf 2,561.661 Jeanasaintuinaiilufifiiulsdaszedilddodfny (Chi-
square = 2,378.924, df = 42, p < 0.001) LaAIUABNNAIUITUAINITAYIIUIBNISLEDN
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Inualaeg9dusedniainuasinithuudiaoai ugnueg199mau 31N ud AT eina
duuszAnsvesnuusBaseudassn dwwandlumsedaly

o w

M5N9 4.9 AduUsEanSannes (B), A1 Exp(B) wazmimnuiitedAgynana

]

Index A1

Cox & Snell 0.690

Nagelkerke 0.756

McFadden 0.481
ARYil Pseudo R-Square 7la oA Cox & Snell = 0.690, McFadden = 0.481 uag
Nagelkerke = 0.756 @1 Nagelkerke #igafia 0.756 Ustinlunadinaanusalunisesue

ANNKUIUTIVVRIM AnssUNSEoninuavesUseynsasislans 75.6% Taaglusedugn
wagdlmnuleie

4.6.1 n15USEUIUAINISIALMNDSVDILUUINADY (Parameter Estimates)

Multinomial Logit Model (MNL) grifwnldifiolinszvidadefifinasionis
donlnunveUszvinsgede aed "sasusdiuda (Can)' 1unuing198s (Reference
Category) wasiU3suifisuiulvunnisiiumidy 9 loun sava (Bus), salw (Rail), uazauuds
Asansnsauy (Paratransit)

A15197 4.10 NM5USTUIUAINISINNDTVBIMUUI1a8Y (Parameter Estimates)

Mode Choice B Std. Error Sig. Exp(B)
Intercept 6.064 1.748 0.001
21¢ () -0.020 0.019 0.276 0.980
seléiads (Muum) -0.168 0.014 0.000 0.846
SEUTAUAUNG (1N9) 0.080 0.015 0.000 1.083
sgggmslun1siiunie Alawns) 0.025 0.019 0.179 1.025
Aldanelunsifunia -0.120 0.007 0.000 0.887
e e=0, na=1 0.085 0.173 0.623 1.089
Bus LififAnn1u=0, JfAnns=1 2.278 0.192 0.000 9.754
Tuvihau -0.131 0.525 0.804 0.878
WnHew/voudien -0.540 0.345 0.118 0.583
Tudeves -0.648 0.315 0.040 0.523
AanssuAn (N15YUYs) 0.380 0.443 0.390 1.463
Wumnanautnuy -0.537 0.279 0.055 0.584
auuendiu -0.165 0.224 0.461 0.848
lavihe/egtnu -0.411 0.232 0.077 0.663




a2

A15199 4.10 N15USEUIUAINISITMBSUDILUUINEDY (Parameter Estimates) (#18)

Mode Choice B Std. Error Sig. Exp(B)
Intercept 6.981 6.362 0.272
a1y @) 0.044 0.063 0.489 1.045
seldiade (fuum) 0272 0.078 0.000 0.762
SEETANAUN (i) 0.276 0.065 0.000 1.318
sgggmslun1sidun Alawns) 0.122 0.061 0.046 1.130
AlgangTunsidunig -1.085 0.143 0.000 0.338
e e=0, neYa=1 -0.768 0.639 0.230 0.464
Rail LidigAnnu=0, fiffinnu=1 -0.175 0.827 0.832 0.839
Ui -2.097 1.567 0.181 0.123
Wnelew/Moudien -1.919 1.419 0.176 0.147
TUFoves 2130 1.176 0.070 0.119
Aanssuim (nsyuym) 4.186 1.862 0.025 65.751
Wumenautu -1.664 1.022 0.103 0.189
hnuuentiu -0.295 0.926 0.751 0.745
livianw/egtu 0.593 0.930 0.524 1.810
Intercept 8.743 1.726 0.000
21y @) -0.058 0.018 0.002 0.944
s1eldiade (Wuum) 0.111 0012 0.000 0.895
TLYLIANAUNIG (UT) -0.025 0.013 0.062 0.975
sgggmslunsiaun1e Alawns) 0.046 0.017 0.008 1.047
AldelunsAung -0.016 0.003 0.000 0.984
e ¥1e=0, nija=1 -0.181 0.167 0.278 0.834
Paratransit | WiERan1u=0, dffnns=1 2.123 0.185 0.000 8.357
Tuvhau -1.223 0.524 0.020 0.294
Whrlew/Meudien 1154 0.345 0.001 0316
TUFoves 1,09 0.322 0.001 0.334
Aanssuin (Msyuyw) -0.366 0.419 0.383 0.694
Wumenduty -1.035 0.286 0.000 0.355
MauuentIu 0.526 0.218 0.016 1.692
livianwegiu -0.258 0.219 0.237 0.772
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91nM15749 Parameter Estimates wa@n909Ua3 87N ANaR BN15La0NLAUANIT
Wuneweslsynsgels lngnadwsiddgaunsoasulasnad szugnaniunsdisninaigs
vinaen1sidenlasada (Bus) wagsaly (Rail) (Sig = 0.000) F941u18ANNIN BesrezIan
a a d@/ Py [y = 1% Y] = 2 a 49{ 1 & v |
Wiunmaiudu lenandgeisdenldsataniosaluiiiutu A1 Exp(B) > 1 Buduitszeviam
WUNA LUT g8 alanalunisidantdssuurudaansisae altanelunisiiunied
dnsnadsaunansidentdsats, salW wasaudsneanssae (Sig = 0.000) NUNBAINIT N
AldiglunisihumaiudulenianUseynsaaivasiientdvudiansisazanas A1 Exp(B) <
1 dusunnluuanisiiunieiladlysosud wanadnussvinsasisnanideanisldguiuuns
IINENTFRERR LR selalaasbifinaeglidvdAmnenisideniuuan1siiunie (Sig = 1.000)
PUEAINUIN Uimﬁﬂigja’j’aﬁﬁiwléllmﬁmﬁ’u LallgfingRnssunisiunisiiuansneiuetiel
'] ) [ 1 a‘yl v} % 1 Y (Y ) [ a a
WodiAgy vstidadeauselalulaidudanvuananlunisidonluuanisiiunisues
Uszrnsgele diaunsauiedduuldudenlisavalasuudin@sisaeuinnitsagud
d1uf7 A1 Exp(B) = 9.754 dm5usaUd way 8.357 dnSUvudIN@151TME wandliidiudn
UizﬁmmqﬁaﬁLaummu@mﬁuuﬂﬁuLﬁ@ﬂiﬁé’fizwwﬁammimwmmh;liﬁtﬁumqL‘ﬁuﬂfju
[~ Y a a 1 v v A = 1 & v |
Jululedn mstdunispudeidaglissunsgaiviianugangulunisidonldvudansisoe
Wy Aanssuin (nsguyw) Wudseddydmanenisidonldsalwuniian (Exp(B) =
65.751) MNEAIINI1 UseyNTaieiifiumaneidnTuAanssuyusy Wi iw 3en1syuy
= & v | e ' P = a o v &1 Y & =2
Menmadentdsaluuinniifs 65 wih WailSeuiisuiumsldsosudaiuynna wansliiiuis
UNUNENARYRIAIN TN IPUlUM STITUANgANTTUNTRIUN9VeIUTEYINTasly asuna
nmsiasgieldaedmsumsiiumadutaded Ay fdeadonisidenlduudiansisuzuin
a val a a ~ v 1% | | va a ] | a a
Mg Fnnunauseiuvldulduudiasisazainnigibumadungy fanssufim (s
guyy) Wudadeiidinasnonisidensalnuniian lneussvinsgeieiidisiufanssuyuyudl

wunlilesalwainnnalunnIsIAuNIOUe

4.6.2 N1SNAERUINSWAVRIRILUSINETY Likelihood Ratio Tests

Likelihood Ratio Tests gnldiiensivaauitaun1snlainlsng 9 Jud
AULNZALLINNIIN ThuddnUstunseld Teassuiisuaiues Chi-Square (2 Value)
waz P-Value vauAazfILs

mi’Nﬁ 4.11 Likelihood Ratio Tests

Factors influencing 2
X“Value P-Value
mode choice
Intercept 0.000
918 13.042 0.005
s1elaede 202.805 0.000
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M19197 4.11 Likelihood Ratio Tests (/@)

Factors influencing 2
X“Value P-Value
mode choice
TTHUSNN 11.370 0.010
AlraglunIsAuNIg 1347.140 0.000
b 5.938 0.115
IUILERAAL 203.299 0.000
Tuviheu 11.155 0.011
Wnelow/Medien 13.123 0.004
Tugovas 13.680 0.003
NANITUAMT (N5Y3LY) 7.467 0.058
Bug 15.047 0.002
M9uUenUIU 17.174 0.001
Lahvihaw/eginu 4.330 0.228

31nA1574 Likelihood Ratio Tests wuanAnlgigdmiunisidunisiiaiaiy
LANFA9BS -2 Log Likelihood g9an (2 = 1347.140, Sig = 0.000) azvioulsiifiuiraden
waﬂswwiamslﬁaﬂimmms@uwmmnﬁqm s1eldade Jan y2 79014 202.805 (Sig = 0.000)
nanIiszvnsgeisifimnuunnisesssiusgldiunliudonlnuansidumaiiunnsis
AU 528z NAUNINadIAYABNITLADNINNANITIAUNIG (¢ = 88.436, Sig = 0.000) I1UIU
JAamududndadofiianinageienisidenldvudsansisae (2 = 203.299, Sig = 0.000)
wialddnasron1siienIURUUNITAUNIG (¢? = 5.938, Sig = 0.115) WAAIIMNGANTIUATT
Wuvnswesnaazivddildunnseiuegadideddy asulainaldielunsfumadu
Hadeiinasensidonlmanisifiunsanniiga 1eld, sroznandumas uazsuiugfosnu

finaegelidedAgysongAnssunsauniavesyaieny wazmeliddnsnason1sdenjuuuy
NILAUN

4.6.3 MINAFRUAIMTUATIRFUANNIINE1valaAalUN TN NI
TnuAn154aUNIe (Confusion Matrix)

lfuaninani1sminnisalveawuuInasannesladafanyngy (Multinomial
Logistic Regression) Inguansdnau (Sosay) vasdnuiugnaunlunarinuglagndsuas
uglaUSeuLguiuARSweInsdentvun



M391 4.12 M5UEAIAINYNABIYDINTTIMUNNEGH (Confusion Matrix)

Actual
Car Bus Rail | Paratransit
Car 65.60 1.83 0.00 12.06
E Bus 25.31 91.27 1.24 38.67
5 Rail 000 | 030 | 98.76 0.42
g Paratransit | 9.09 6.60 0.00 48.86
Total 100.00 | 100.00 | 100.00 100.00

31191574 Classification Accuracy wui1 lunanisanaesladafanyngy
(Multinomial Logistic Regression) 1A314&@131301UN5IMUATULUUNILAUNIVDINE DY
Tuwazdssnvdlusyduiivannvans Tasanunsneduienansduunvowusaslnunlddsd
fldsalw (Rail) Tmaanunsosuunldgniesnniian Anduiosay 98.76 Ustiuszeinsas
Seidoniiumsiesnliiidnuuzvietadoiamsiidwunlidaey fildsalasasdszdma
(Bus) gnauunligniesiefosay 91.27 Gsieindinnuuiudigs wansitlnaaamsndu
Snwagveanquilldegaiuszavsnm gildsasuddu (Can) gniuunldgniesiosay
65.60 udlazdinuuiugilusgiuiunans usdadinsduunialuidu Bus wag Paratransit
Aowdudosay 2531 uazdoway 9.09 aNdwiu FeainandnuengAnIsunsAunied
AdoadefuluuauIun GRldUINsLAsRses3alE (Paratransit) 1wy Juseimesleduiosn
aosum Sauusiudilunssuundifiaafidosay 48.86 vnusiiontouay 38.67 vaanguilgn
Suundaluduldsalasansuszsing agvioulfifiuinmssuunduldednngudldo
Paratransit uazamdndulumsfinnsandiuusiadslunsinsest Tnsnmsm Tuad
Anuwiudganndmulnuadifidnuasianziiude Wy Rail wag Bus faudiinaziidedin
ogthslumuaninsouenuezdldlnun Paratransit Faprsiinisuiulgauuudians gy ms
WinfuUsiagvioudsnmagannlunisidiis dumeiosdiu sioaudlunisiiumns el

ANULUUENUNTANNNNS ATl UBUNAR

4.7  nsssUNBUUIEANSATNYR9LLlUUTIaBY Machine Learning

wiAtlA Machine Learning (ML) Alalusuideid Usenaunie XGBoost, Random
Forest wag CatBoost
4.7.1  mswWisuiigunauuyatayanagauLaziayanaviun

nsiiguiiigunavuyadeyanaaeuiielilinasnsnilniuuduguay
ansad bl lunnsujUala dnsuuateyaidu 2 nau laun Test Data (30% veslaya
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Nanue) lnsiaaeuauuiug1vakuUdnaes wazReal Data (100% vastayannun) 14
WeINTLUILUNNITAUNIB 9818 Teis1agly ArmIuLsiugn (Accuracy), Precision,
Recall uag F1-Score lunsi3suifigunaansvesyadoua eUssillulszdvinimuadusiay

Tuwma

157991 4.13 HAANWEIN Test Data (30% Vostayanivium)

Macro Macro Macro
Model Accuracy
Precision Recall F1-Score
XGBoost 91% 0.93 0.92 0.92
Random Forest 93% 0.96 0.93 0.94
CatBoost 94% 0.95 0.95 0.95

M9 .13 wanseiitiausyavsnmeediiaanisSeuuss Machine
Learing Wansuuuuuyndayavaaey (Andu 30% vesdayatinun) Inewudn CatBoost 3
AU UL (Accuracy) qdqmﬁ 94% 09a3U1A8 Random Forest (93%) Wag XGBoost
(91%) nadnsfiuszans nmgdluisanulnnativandliifiuinnaiia Machine Learning i
Anumnzauee1ad slumsviuiegluuumsiiunsvesszrnsgeds Tusue macro
precision #WU31 Random Forest s[,ﬁﬁﬁﬁ‘ﬁ'qm (0.96) 599a911A® CatBoost (0.95) uay
XGBoost (0.93) Ine precision Aednaauasnisduuniiiiuuinudigniosads deavvioudn
Random Forest f9ns1n15tAnAIUINLIAEN (false positives) 6‘1;’1‘17{5161 d1m5uA1 macro recall
Feinmrmanmnsalunsnsiadudoyauandiilegaie wud1 CatBoost i1 recall gsfign (0.95)
lowfleufiu Random Forest (0.93) way XGBoost (0.92) Fauanslyiifiudn CatBoost 1313
AANITNAIANIAIUINDTY (false negatives) 1557{@@ E‘]‘mﬁ’leﬂuudﬁuaﬁ macro Fl-score da.8u
Aadueueiinggiing precision uay recall WUl CatBoost fid Fi-score gagndl 0.95
599891178 Random Forest (0.94) Way XGBoost (0.92) Fsawyieuin CatBoost Iiwadns

lngsuingaluyadeyannaey laganunsasneiaugasenine precision wag recall laegadl

Uszansnm

#131971 .18 wAdWSE9N Real Data (100% vosdoyanavun)

Macro Macro Macro

Model Accuracy .

Precision | Recall | F1-Score

XGBoost 98.73% 99.32% 98.62% 98.96%

Random Forest 99.83% 99.84% 99.83% 99.83%

CatBoost 99.83% 99.83% 99.83% 99.83%

M13199 4.14 wanseimdiTauszdnsamvedluinauuyateyanaviun (100%
Y939oya) WuI1 Random Forest TiAuusiugn (Accuracy) asgai 99.83% A1au162e
CatBoost (99.83%) wag XGBoost (98.73%) Fauansiannauuyndeyanageuil CatBoost
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ymanuldffian auuanesienvasiioudseniuaiuisnves Random Forest Tun1sdy
sULuuMNYRteyaruavgllafndt vieiinaindnuasanzveinsuuilayatnngeu

wana1ni Random Forest &ilAn macro precision g3gn (99.84%), macro
recall (99.83%) wag macro Fl-score (99.83%) Uuﬁgmsﬂjagaﬁgﬂﬁm ¥0uzdl CatBoost fifn
3 TalndiABaru Random Forest lunndada d1u XGBoost farsnindntdas
UssAnnmilgeuesiaaniluinauugadeyariomn Suduilueamarifarmannsolums
yhunegUuuuMsAuwesUsznnsgeieldegadiusyaniam uazliuunliuiiazdioven
walddisleuszyndldiudoyalvsl

4.7.2  N9ATIRANUAIAYVBNRILUS (Feature Importance Analysis)

AT 4.15 UAINANITIATIZRA LAY I0IRILU s NIz luLAa

Variable XGBoost | Random Forest | CatBoost
Travel cost | 9.37 0.41 0.39
Income | W 0;29 0.34 0.32

Convenience in accessing
. . 0.23 0.28 0.26
public transportation =

Age y 0.18 | 021 0.20

9113797 4.15 uaAIHaNTAATIEEANdAyvesiuUTnusaziuna
Machine Learning \iloszyadefidenarenisidensuuuumaifunisesszansgsis lng
wud1 “Alddnsluninfiume’ (Travel cost) ifutiadofiddniigaluisanlung tnoddn
AMNEIAYLINAY 0.37 dIM35U XGBoost, 0.41 @15u Random Forest Wag 0.39 d11su
CatBoost Fsnadwiniimmaenndasfuiiguduisanuddyvasiadoduasvgiadens
dndulaidumevetiigiony uazdsaenndesfunanisiinsizsiaanuuudiass MNL Auaasls
wiudnanldanedinafsavedalidud1Agsonnluunnisiunig FauUsiiddysesaunie
“s791@” (Income) Imaﬁmmmﬁﬁmagjﬁ 0.29 (XGBoost), 0.34 (Random Forest) wag 0.32
(CatBoost) musie “Armazmnlunsidnfessuvrudiansisae” uag “o1g” Fanuind
AudAyluaIfuTes waﬁwﬁﬁazﬁauﬁammﬁwﬁ’zysuaaﬁﬁmamwgﬁﬂumilﬁaﬂimmms
\umsvearfgeie vamfetuanuazmnlunsididuanddiiiuidfdunenmidnade
msdadulauiy msdndusunnuddyedadeifirnuasnadesiuluynlunauansds
AL dotieremanITiAT Iy LLasLLuzﬁﬂdﬁJﬁ]51’8mé’n‘fmigﬂﬁ']mﬁmimas;mﬁﬁﬂu
mMsfvuaulouensoaunusEUUTLdsasnsuzdniULgeey laslaniziilonudn “eng”

AR eeNIUITLAUATEENY T991aMNEANUIITBTINANTEAIUYBUTNEITY
ENatosnINANNAINNTIIUNITTILANAUNI



48

4.7.3 A15AIZN SHAP LliWON15AANUNAYBILULAE

NMTILATIERRY SHAP (Shapley Additive Explanations) aaelldlalaedn
fefuusaztadedawangsladonisinduladensuuuunisiiumg SUfl 4.2 uanae
audfyvasiiuusluliea CatBoost Tnenuindadediddsy tun arldarelunisduni,
szogvng, Teld, andung, 01y, wardurugdauAun fedusunadnsainnsiinsie
faudsddnlundaslueg uarliyumondalioudfiouiidndu sUf 4.3 wans unuam
Ufduiusves SHAP Jeuansanuduiusi dudouseninadiuusing 4 lnenuintade
U9egeiignnatiududenisandule u anuduiussendng meladuaildinglunis
Hiuns Fawudn faeongiinelddesiinnuseulmedildiiglunsiiuneannnin §is
510ldge JUA 4.4-4.7 uamanisiidrusanvessudslundaznuansifune liun sagud
g, solavans, sol, uazsavUAsAIEsSE Fa: gﬂﬁ 4.4 (Ivunsneuddiusa): 519187

gawazaAldanglunsiaunieigs Suulduiiszdenldsagudduyanaunnnii vasnnisiy
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FUAUNNNGUaAlENIARINAT FaenvdsiiouistalaSaunmaasygialunisiuniesuiu
TnesguvvudsasITae JUN 4.5 (nuasalagans): :1elaen Anfunia wagn1siysiu
a a & v a v = 9 ) P & v ¢
wWiunna iinaudululanavidenldsalagans Geaonadoeiung uflATugAEnswasNAGNS
INLUUINEDI MNL dw;ﬁqamqﬁﬁwﬁﬁﬁﬂ%wﬁﬂLﬁaﬂi%’U‘%miﬁaImaamﬂwé’ﬂ U7 4.6
Qvuasaly): atfun1ILIL seaznialng wasalda1a61 deualiiwurlduidanfunilae
solunTu wanaliiuirsaliiduniudeniimangdnsunisiiunieszezlnag dsUsenda
\ - P A | e P

WAZEZAINAUIENINNIIMIUEDNDY 9 WazIUN 4.7 (IMuATvudeN@s5ue): N1ilEs
WUNIE LIAAUNINAY Bagseauselauiunane ulanialunisiaanltydsavuaanaansisuy
FI01UANIDIAIUTEUVBINITLAUNILUUNGUNTBLAUN T BEL A UNADINTANUE AN UKL
USNIS099

N3RS SHAP wianlinelvidnlaidadnienseuiunsandulavesdgeeny
lagaunsaszyaudunusyliidudady (non-tinear) wasUdunusszninadauysi
wUUINaRmeadfNlluaalla1usadule Fafiuseleviag19demanisepnwuuuleukay

Usmsvudanneulandnquigaivlnegimsagn
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Not working
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o

4.8  nsUFEUfigunN1sIATILINISEDANU Machine Learning

nsAnwly 2 wwmman lumslesendateninasenisiiensuuuunisiiiunig
V8359918 Laun 1.4uudnaedads Multinomial Logit (MNL) @eldiuagrsunsvaislu
MIANYINOANTTUNITEBNYDIYAAR Wag 2.mATlA Machine Learning (ML) 3aUsenausig

XGBoost, Random Forest Lag CatBoost

mi%‘iﬁ 4.16 Confusion Matrix

Methode Actual
Predicted Car Bus Rail | Paratransit
5 Car 396.00 2.00 0.00 9.00
E Bus 1.00 973.00 0.00 11.00
g Rail 0.00 2.00 159.00 0.00
e Paratransit | 5.00 20.00 0.00 456.00
& Total 402.00 | 997.00 | 159.00 476.00
Car 403.00 0.00 0.00 4.00
*8' Bus 0.00 968.00 0.00 17.00
3 Rail 0.00 2.00 159.00 0.00
Q Paratransit | 3.00 9.00 0.00 469.00
Total 406.00 | 979.00 | 159.00 490.00
Car 363.00 | 15.00 0.00 29.00
‘g Bus 5.00 943.00 0.00 37.00
9.2 Rail 0.00 2.00 159.00 0.00
S Paratransit | 20.00 84.00 2.00 375.00
Total 388.00 | 1044.00 | 161.00 441.00
Car 267.00 | 18.00 0.00 58.00
| Bus 103.00 | 899.00 2.00 186.00
% Rail 0.00 3.00 159.00 2.00
Paratransit | 37.00 65.00 0.00 235.00
Total 407.00 | 985.00 | 161.00 481.00

P151971 4.16 WanNAANE1n Confusion Matrix veausiazluina Ingliseazidon
Aerfvdnnuiiduungndeaasianatnvesusaslmanisiduma Tasiamzlunguggsens
Tunguvedluiaa Machine Learning 1iu XGBoost wamsAusiLgIgean Tasanunsadiuun
J1% sasuddudalagniesii 99.26%, salasans 98.88%, salil 100% way sauudaRs
151304z 95.71% Yngdl Random Forest ¥inausosauilagduungniesdl saeus
98.51%, S01A8E15 97.59%, s0lW 100%, uay 0UAINIEI5I5UY 95.80% Inedofinnann
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ndnvosisaoduaaifnlunin sovudsfsasisaey Ssdinsduuninidu solasans eging
(2.31% dm3u Random Forest Way 3.47% d1v3uU XGBoost) fiodntfesann wanslyifiui
Tuaiaesanusadusuuuuteyaiidudeuldesnaivssaninmuarannsouenuesinun
nadunsldd anuaansolunissiun Tnunsolwldedsauysal (100%) Tusts XGBoost
uaw Random Forest axviouiilvunsalilussmealneddnvasilanidu wu lésvezmalna
wazdidunmaanizinnzas fudedenissuunaninundy CatBoost farmusugiins
dntesundationneglunmd lngaunsadiuun saeus 93.56%, salagans 90.33%, salvl
98.76%, way SOUUAINENSSY 85.03% mnufana1ndulvalAnannsTunAnsEINg
salagansfusnvudsisansisae laswuin 8.05% veslisavudsisansisuzaiegnauun
Husalavans, uay 8.39% vesflisnlasarsaiegnimunidusovudeivaisnsmy Feed
Tnupvudsassaziidnuusueinislduing (du solaasuazsovudifsansisae) o1ad
Audnvugdoui Uiy Feimignenisanund Yatau luniansaduday Tuina MNL
(Multinomial Logit) frnuusiugimnindaaulunatelyun Tnesuunldgnaeadios 65.60%
dmiusosud, 91.27% dwsusalagans, 98.76% dmsusal, uaziiies 48.86% dmsusa
yudshsansisae Taslamglulvunsnoudiaysavudsnsansisueisuunindusalasansge
89 25.31% uar 38.67% mudU wadNSHaTauRy AueuBeswadliag MNL fitnaz
yungindu "solasans’ wilunsdiille Sudunandedrinvedinna MNL Aliawnsady
anuduiusiliidudadunionsufauiussenisiuusldfviiiuliea ML Mihdanade
ynguuuuresluiananusasuunsalulfusiuginn (98.76%-100%) Fanensrinnisiuna
shesolnidnuugiamydiidaou og1slsAnu mmuuandisegiadnausening aruusiue
geadluaa Machine Learning fiu wadwsTisnnIwedinaa MNL Fliduds delsiuioures
ML Aianansaizeudanuduiusidudeulaglifesimunaunisaimin silfmnzauegnad
Tumsldifieviunengiinssunsdenlmuniiunswesgsisluliuniiitedenaediasiudu

A1919% 4.17 MIWTPUNEU Accuracy Uadunazlieg

Predicted
Overall . .
Model Car Bus Rail Paratransit
Accuracy
Random Forest 97.54% | 98.51% | 97.59% | 100.00% 95.80%
XGBoost 98.28% | 99.26% | 98.88% | 100.00% 95.71%
CatBoost 90.46% | 93.56% | 90.33% | 98.76% 85.03%
MNL 76.70% | 65.60% | 91.27% | 98.76% 48.86%

a a a o ° a
M5 4.17 wanan1siUSsuisua kil ug lun1siuIeluaAn1SIAUNI9 D
Aase1ga1nnsidlamanie  laun Random Forest, XGBoost, CatBoost kag Multinomial
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Logistic Regression (MNL) Taguusnisvitutseeniduluunsig 9 laun saeud (Car), 5o
Used1m19 (Bus), sabul (Rail) LAz savUdIR @515 (Paratransit) nadNSAldaNnAnsIeE
Wyl XGBoost \ulumaiilvinadnsafianialufuanuuiuglaesuuaznsiususdaz
TuaAn154iun1e vauzdi Random Forest Wusdondimuiuy Tnsnizlulnunsasusuaz
SovudReas1saE d1u CatBoost way MNL wanwnan1svuieiiningt Insanizluuig

TVUAIY SO8UALALIOVUAINIANSS



unil 5
A3Unan13338 afuTena uasdatauaunue

m'ﬁﬁ‘i’mfl,m81‘1/’1’1,1?u%’aﬁuwuﬁé’wﬁ’zyuamﬂﬁzmiLﬁ'snﬁ’quﬁﬂiimmﬂﬁumqsuaq
Haverglulsenalng uaznandbiviudsanuuananslulssdnsnmsenindsnadfuuy
FadufuiBnisFeusvenados (Machine Learning lun1siiasizsinisidenguuuunisiiums
nan1sAnwthiliiuiinnuduiusidudeussninatladenaasusia denn uaztladedu
AnuazmniiiisnsnasonisiadulasunafunavesUszvnigels wasnavestadoiiil
dnsnasiengAnssunsiiunwesUseynsasisveadiesgiinialulsenalng laelduuifn
MnvguingAnssunuia (1) iuiugiulumslies gy wegnmsinnesiideUima W
n1siesgilassainadadelagldinaia cra, N153ATIEYAEKUUTIA0EUNTIATIETS

(SEM)

51  a@yunanisinen

511  Uadeimuan1siaanguuuun1siiunIevasiEeeny

NANTSILASIZRVDUINT IR UBE19MBLT 9971 "Anlda1eTun1sAune” 1u

Uadenidnsnauniigasienisidenuuuumsiaunievesdgiengluynisnisiiasey sy

s

wuudnaesnaneeladainnvngy (Multinomial Logit: MNL) Feuansedudseansidaauagi

a v o o A o . . d' a
MUSﬁWﬂQIUHﬂEﬂLLUUWWQLﬁ@ﬂ wagluluudiass Machine Learning NN153LAS1Y

De Soa

AudfgyesnUsIndusiuli aldane \usudsdfugan anudeulmseaildaned
919aviaufelaniAoul19wIveIHge ag 78.7% vesrnaukuudaunuisglanindd
10,000 Umisiaifiou Fipulsizuramaasegiaivililseiauduaildaionaedutlade

o w

drrglunisinauladonisihung

" v, < U aAaa a YY) v Ao Yy o v
518l Usingululadeniidnsnaduduass lnegasoneiisglagaduualiy
AN TN UAAIUAININNINNITITVUAIAIFITAE ANUFUNUSTEI9s18lanunisLaan

Inuensiiunilidenaneaiunguiiesugamans 831 gniselaasaunsalinnnuddgyi

o

'
aa v o W

AUFZAINAUIBNINAIIATGIY T9HLUUTIa89 MNL wuA1dulsea@nsidsaunidudfgy
Yosselalunninusvudasisae (salavans sali waznsuind) Wewssuiieuiunsld
FNBUAIUR FIBUTUTaFUNNAINET



nsieusamiAunsdiavinadensidensuiuunisiiunasgafidod Ay
Tnstawglunsdivessolasansuaginsuing Ssadudseansluuusias MNL Sanduuin
og1atLau (OR = 9.754 dmiusolaans uag OR = 8.357 dw¥umsuiing) uandliiiiuin
JefidsunAuns mnuiesduiissdenlvunmariifinduesvnideifisutusosud
drud dedunuiidaudsivaniguiiidaengfnveuldsnsudaud wavasieuldifiui
yudsansisagoradumadenithauladmiumafunsuungy lnsamsiledinisutsiiy
AldenIeiiusagslamudny

nauﬁumqLLazﬁwwwﬁmaﬂswuﬁLmmsmﬁ’umugmwumﬂﬁumq
Tnsanglunsdvossalu haestiadoimduusesaniifuuin wansinilessoymauasiian
Fumadiutu fgeogiuliudentdsalriinniy Wesmndeldisuduamduasau
avman lumanduiy msudindiaduussansideavludosaiunia %aﬁa%ﬁwgmwuﬁ
Dudidoudmdunisiiunissseydy awLﬁaauWmmﬁunu&iaswzmaﬁqaﬂdwgﬂLLUUW?N
A5150uE B 7

5.1.2  n1ssUSeuiigulisnisiasagi

N13WTsusuYsEansaInseninanasldiuudnasmeadAnuua waudy

a = v a . . ! A aa
walan1sieuivauaIe (Machine Learning) wuadiuuand1siiuiaula lngisnsves
Machine Learning wansusza@nsnmimtonituuuidiass MNL sgesetdasluaiuaing
wiugluniswensal lnganizlunaniusednsnmasansens CatBoost Maunsavinuela
aegauaiugie 94% luyndeyanageu Walllguiukuudnaes MNL Fellndnuuduginindd
ag ety Ingemnzlulnuanisiiunisiiesagudaiu (65.60%) Wagn13uin (48.86%)

NI33ATZRLNINgAudUaL (Confusion Matrix) tugliiuinfenfluids
FPUVTRILUUTIA0Y MNL isinaianisalliidldsaeuduagmisuindiduilavanssalagans
a1s1sauziiananludndiuigs Yednntiasiaudn wliuudnass MNL agdiugIunangul

ATuaswazdalalsoustuaudiladnelunisining weadenaldaiuisaduauduiusy
Futounayliidudadusyningmulsisuunlnuanisiuniesng ¢ legraasudiu

luussamaila Machine Leamning Wi CatBoost uansUszansninasgalu

14

Yadayanadoy lnednnuuiug 94% vaued Random Forest YiHauATIaAlUYATRLATI

VI AaeANRNUEIgeae 99.83% Anuuansnsiuiuliiiudanudidgueanisden
Tunalfmngautudnvazvesdoyauazitmanensiiased uanaind mstinseidae
SHAP gathelviidnlarudiiudfitudoussuineiadsing q fAunmsidensuuuumsidumald
og9dnTa Fadudeiaiuannisfinmuuunsdlunsaves MNL
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WONAINHANIINEINTATILUSBUIBUTENI19 MNL wag Machine Learning
W& NTTATILNAEY N1TIATIEYRIAYTENBULTITUSU (CFA) Uag N1TIATITLUUTIABY
Tassa$ns (SEM) Sagnihanldiiionsaaasuanugniesaslasiainamgud waznalnids
ngdnssufiedidomdsnnudslavesdasorglumsliuinsuudsansisas Ingldnsouuwnin
NOBNOANTIUALLAY (Theory of Planned Behavior: TPB)

NaN153LAIEH CFA wansliiuan dauuswds leun Wieruad (Attitude),
UTTVINgIUNGND1989 (Subjective Norm) Uaz N135UFNISAIVANNGANTTY (Perceived
Behavioral Control) i@ factor loading 11AN31 0.60 Lagdiaaatarunefnveslunaly
seuivonsuld (Wu CFI > 0.95 uaz RMSEA < 0.06) Ustilassaiianas TPB fannugndias
waznzaufumsAneil

Tud1uv93 SEM Nan153As12ianaliiudn fuwlswaaiaauiidnsnangi

(%
v o w { (Y

dedrAgynonuaslalunisldvudsaisisuy Iae viruad (B = 0.321, p < 0.001), UTTIA

o

g}

| i

F1UNEN81989 (B = 0.060, p < 0.001) WAz NITTUINITAIUANNGANTIN (B = 0.346, p <

0.001) fudnalulFauINAong ATy LaERUUINADIAINITNDBUILAINNLUTUTINYDIAIY
Adlalafie 71.5% (R? = 0.715) FafioIngeun

1

NASNSAIN SEM H28as 1Attt g3 i uunuImeeItadanieaaninel
wazdennlumsdndulavesdaseny Fe1aliusingdaly MNL 58 Machine Learning 3
Iipsresndsndunalaidundn

[HGE MslER s gsiiviannyvians a MNL, Machine Learning, CFA uag
SEM yihlAnAud1la @ nuag sauAUABNgANTIUNNTLAUN NVREEIRY IneuAasIsH
audaanizsa TiuA Machine Learning Awsunsnennsaifiudugn, MNL dwsunisaaiu
Wawleune wag SEM dmsunnsesuienalnnisnginssulusedunguf] nMsysannssening

WFsUsunanazng el Banginssuddadusumenivszansamlunisfinugmidiunis
AUVN9UBIUTEYINTEND1YBENATULIU

5.2  nsiUSeuUIguUNUIIUIBNEIUNN

nan1sinuilassuiieudenadsstunuideneuntiisafungfinssunisidiuns
vosiaeeny wieuidlideyadvinlmilutiunessemelne lnsanzdadofuasugia
wu Arldarelunmaiunaazseld aldvinasgiifoddnysenisindulavesdgeenglu
Useineilng wadniiaonadoafunuues Luiu et al. (2018) fiszyirdosifammamaiudu
Hadvdndnlunadenlnuaninifumaesdasts uenaind nsfinarlunsidumdmade
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v

madeniviun tnsanizlunsdivessalil Naenadesiu Holmes et al. (2024) finuindgeeny

]

vingulviaudAyiusEeEIaINSRumMINn Aty

nan1siUTeULBUUTEANTAINIENIelAe Machine Learning AUABN1SNS@8ALUU
sl Sraenndesiuauues Huang et al. (2024) §a5z1y71 Machine Learning faanuusiugh
g9n (94.30%) Weldwennsaizuuvunsiiiummesigeoiglunisdhiuudnismansuwnd
Tuvssmadu lneruitedussreuumesdodunufnanlugnnfnssumadunisiluly
Uiunvesszinalng Fananssziuanuuwsiug iilndidssiu (CatBoost 94% vuyanadey

Lae Random Forest 99.83% Uusqm%’au“ai’m)

ag1alsfinu nslduinissalaeanslunguigenglvelusziugs (48.4%) daau
wnasarnNan1sAneluniioswesdulag Wei et al. (2024) Feaziioudsninuuwnnaiediu
Imqa%ﬁqﬁugmmmwmmLLaxgiJqumiﬁ’@umLﬁaaiwdwﬁgqaawimﬂ YULLAYINUY
NENAVDIAINUAIUITANNIUAINHDANTHE DN LAUANSHAUNNFADAAABINUINUVBY Shi et

al. (2024) fiszyianvaznianienimdudadedidylunisimuagleuunisiiuniaes

eXe

1907

uenand dedunuiiiinsiifeusiuiunsdssasionindenlderuurudsansisae
faflolunuesiiunnf1s9nILes Zhang et al. (2024) FafnwiAauansisvesngAnssy
nadumsssninaaeorglumnideuazuunvesdiu wiinuldedarhilduieudo
Tngmsssevinaamdlostusuum uinafiuansdadvswavasilademsdsauogrsdnauilfii
TedusEnauNd AN BviENaneng AnssUNMIALUN1avesHasanglunnuTungteans

gaving mauwiug1vesluiaa Random Forest Tun1silasngsidoyayaifuigeds
99.83% faudanadesiunanIsfinuas Hong et al. (2024) Tuinmald ddldwada
Aenfuuaglininuulugai 92.30% waza1uves Champahom et al. (2025) ludszwnelned
THuvusiaesaodnuazlininuudugii 94.20% anuaenndedlulszdnsnmuodlaaaly
viunedeiivarnuansd uandliifiuinislesgidugeanmisadusuuuunmaiunisues
Hasongldogautiugt ufaediamuaniaduiausssunaslassadatug i

53  U9LduaLieseiieuis: n15sUS UL gusenidne MNL wag Machine

Learning

v

NTIATIENIRUTIUTBUTENINITNMIN A ALUUALANAUTENSIS U va AT BY

o w

(Machine Learning) Tus1u3deil iiausdelauaiesslisulisndAydmsun1sAne1niunig

]
[ a

YU Wiwuudnaemedaannyngy (MNL) 9elNugIuniamg e dniauainiuifnnisuiiy
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a550Usglovil (Utility Maximization) waranuisafiaiuaiduyssanslalaenss uadeasnina
grupusiug lun1snenTald lmiulnuuIiasonaliaunsaasnauaug udouras
nsrvuMsindulanunMiusvedaeeliegaasuii

Tun1enduiu 73015V Machine Learning wansliiiudsused@nsnnlunns
wensalfimilonin Tnesisanusana3sy (XGBoost, Random Forest Wag CatBoost) e
auusiugAund 90% Teldussuiuuldufiwfaanauamnsavestuaaluns
pvduanuduiusuuvhidudadulas fauiusseninsuusidudon Taslidudusos
fvualiaamii Faunndainuuudiass MNL Adesssyufduiusseninadanusarmeh

AUAUYAFIUNNG )
9 9

pgslsfinnu doFsaifinulaeiiilusie Machine Learning Tugugidu “naosdn”
(black box) A wldenniy gaussmasusdnlunuiseisiunsinsesinnudidy
403535 (Feature Importance) way SHAP Fatelidlafedfunnud duasnansenu
aNgYeILsaziuUsiel i TAuMsuiazUssan iusyiuaadlauasanailusslaly
NARNEUY Machine Learning uonaNg mmaaﬂﬂé’aﬂsuaaéﬁummﬁwﬁ’maqﬂﬁamﬂﬁ’jq
ailuina Machine Learning Sadundnguiiundefioddadomarifunuimadgse
WOANTIUNITAUN VDI IRY

NNTDAUNUAINEG Y BAAILF AU IITNITNI9AD A LUV A UAE Machine
. ' = < v o ' v v v a
Learning sneiigaudalutuuvasmu nstduuudnaes MNL Prelvdnlalasasiangiinssung
AUNNULNUIUNG Y Vel Machine Learning Tiaaiuudugiaeninlunisnensal wag
AUV DAUNI AN AU USLTIE N N0 LU UNITIATIZALUUS AN NISHANNAIUITIAD
LWINNTIEINsaITeAUNUNIATOUAR KA ANTININNIINSIEIT A VT e ad e
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Tuduwsn CFA gnihanldiiietududn dudsidunalaanunsaunuaidiudswe laun
yiAuA® (Attitude toward Behavior: ATT), Uiiﬁﬂgﬂuﬂduﬁﬂdﬁd (Subjective Norm: SN) lag
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55  dawdusilisuluigdmiuszuurudavasgean

nansenwineliiAsdaauedwlsuefidfamatsUsensdmunsINUELs YUY
yudsiinouausronufiosnsvesszmnggeeglulssmalne Tneladeidvdnasions
Bonguuvunisidunadinulunuidedanmnsadiinisesnuuumiasnisiangdiu e
duasuANAR IR lUNISIAUNILAZENTEAUAMANTINVBIN Y

5.5.1  anuamnsalunsidinedulinnuiasegne

nsndadearualganslunisiiunatazsslaiiunumaifgrenisandula
Wunwegeeny wansliiiudnudndulunisdammadenidduumngay lny
annsaanfiuulouigluguuuusng q lawa

a l

1 JugaryuanIznay: N5INYIvsevenglasinisananlagansianie
dmiui{gaeny Taslanignguiidseldtos azdroiiunislduinisvuds
ansnsnurlunguuszannsi

2) lasaineAlagansniusigle: N159eniuUITUUAILAYAITRUUKENAY
seiuseld enateliuinisauddinudusssuuazidnfangulsnzunania
wisugRauntu TnefinssnuanudBunisnsiuvesssuul3ls

3)  5UUMII (Integrated ticketing): MawANTFUUMITITERUTIEMNTA
Iusaunulanaigguuuy 19y sawa-saln 38¥38anfuyusInYeIng
wiunslasiannglunsaiifesasunaenuelundaiien

5.5.2 AANINEIANYBINISHUNIG

n1snsiiiousIunsdwasionisiienlyuInisvudeagaundiinidaay
Yonsiunstungudasety Junsaduasunuuleueiiaenaqadls 1

1) wsegehadmsumsiiumadungu: nsiauediuanvsousNTiAYLA
Havengdumadungu asdionseduliimslduimaudasue iy
wazduasuUduiusNIday
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3)  STUULNOUTINNIIET (Travel buddy system): N153A69LATINTT
g1anadasnivargegnidednfnlunisiiunesiugdie agaleLiua
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5.6  U9910AVBINISANEILAZUUINIINITIVY UBUIAR

wilnwddedaviiausdenununinuanieIfungAnssunIsAun1avesdaeiy
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4) msesziuieudiou; MsvenereulanIsAneielSsudisunavediznis
Machine Learning fivannwaneunndu 1w Neural Networks w3e Support
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This investigation analyzes the determinants of transportation mode selection
among elderly populations in Thailand through a comparative approach
utilizing both traditional statistical modeling and contemporary machine
learning technigues. The research compares the predictive effectiveness
of the Multinomial Logistics Regression (MNL) model against advanced
algorithmic approaches including Random Forest (RF), Extreme Gradient
Boosting (XGBoost), and Categorical Boosting (CatBoost) in forecasting elderly
travel behavior. The research utilizes a dataset comprising 1,000 elderly
participants distributed across Thailand’s four geographical regions, with data
collection conducted via structured questionnaires encompassing demographic
factors, journey purposes, frequency of travel, expenditure considerations, and
modal preferences. Results indicate that the Random Forest algorithms achieved
the highest predictive performance on the comprehensive dataset (99.83%
accuracy), while CatBoost demonstrated excellent performance on test data
(94%). Shapley Additive Explanations (SHAP) analysis identified transportation
expenditure, travel party size, temperal considerations, and economic status as
the predominant variables influencing modal selection decisions, with lower-
income elderly individuals showing a greater tendency for public transportation
utilization relative to their more affluent counterparts. The MNL model
revealed transportation cost as the most statistically significant predictor of
public transit usage (p < 0.001), indicating that elderly individuals confronted
with elevated travel expenses tend to substitute public transpertation with
private vehicle alternatives. Concurrently, machine learning methodologies
demonstrated enhanced capacity to capture complex relationships between
predictive factors and exhibited superior predictive accuracy compared to
conventional MNL modeling. These findings offer important implications for
the formulation of age-sensitive public transportation policies, particularly
emphasizing cost reduction strategies and infrastructure enhancements
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designed to accommodate the specific mobility requirements of elderly

populations.

KEYWORDS

elderly, travel mode choice, multinomial logit, machine learning, CatBoost, shap,
XGBoost, random forest

1 Introduction

Demographic transitions represent inevitable future trends
that require strategic preparation and adaptation. A particularly
significant shift is the global aging phenomenon. As of 2019,
the world population totaled 7,713 million and is projected
to reach 9,700 million by 2050 (United Nations, 2019), with
individuals aged 60 and above constituting 13% (1,000 million)
of the total population. By 2050, the population over 65 years
is anticipated to double from 2019 levels (estimated to exceed
1,500 million). Within the ASEAN region, four countries had
transitioned to aging societies by 2019: Singapore, Thailand,
Vietnam, and Malaysia. Thailand specifically is undergoing an
accelerated demographic transformation with its elderly population
doubling within a comparatively brief timeframe. This expanding
elderly demographic is redirecting consumer demand toward goods
and services that address the needs of older adults, creating
substantial opportunities for emerging businesses in this growing
market sector, including healthcare services, medical facilities,
elderly care establishments, and the development of age-friendly
transportation infrastructure (Office of the National Economic and
Social Development Council, 2022).

In contemporary Thailand, many active elderly individuals
maintain independent daily activities, such as social engagement,
medical appointments, and recreational travel. Elderly mobility
encompasses both utilization of public transportation systems
and operation of private vehicles. This raises critical questions
regarding Thailand’s emphasis on public transportation services.
One notable advantage for elderly individuals is their increased
leisure time availability compared to other age demographics,
health without ~mobility-limiting
conditions. Thai elderly generally prefer accompanied travel rather

assuming adequate status
than solo journeys; however, the existing public transportation
infrastructure does not adequately accommodate or ensure
safety for this population segment. Enhanced safety features in
mass transit systems could potentially encourage more elderly
individuals to travel independently. Assessment of Thailand’s
current mass transit systems reveals insufficient accommodation
for this demographic group that will constitute a significant
proportion of the future population. This issue necessitates
strategic planning and comprehensive support mechanisms to
enhance quality of life for elderly citizens (Prasertsubpakij and
Nitivattananon, 2012; Sukto, 2021).

Within the transportation context, elderly individuals require
not only safety and accessibility in public transportation systems
but also autonomy in their daily activities, which significantly
influences their modal choices (Zhang et al., 2025). Developing
responsive policies and designing age-appropriate transportation
systems is therefore essential for enhancing quality of life among this
population segment.
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From the elderly perspective, current transportation systems
demonstrate inadequate alignment with their specific requirements,
resulting in diminished quality of life and restricted mability
options (Elias et al., 2013). Enhancing public transportation systems
through improved service quality and safety protocols represents a
crucial factor in attracting elderly ridership and providing suitable
travel alternatives aligned with their lifestyle preferences and needs
(Luiu et al., 2017). Factors influencing elderly travel mode selection
include financial considerations (many elderly operate within
limited budgets and evaluate expenses when selecting transportation
services) (Luiu et al., 2017); temporal efficiency (certain elderly
groups prioritize journey duration over cost factors, selecting
more expedient and convenient travel options) (Holmes et al.,
2024); (transportation systems
specific elderly requirements, such as ramp access and wheelchair-
compatible vehicles, influence service utilization) (Du et al., 2020);
and service standards (cleanliness, safety measures, and service
frequency impact elderly travel decisions) (Cheng L. et al., 2019).

accessibility accommodating

2 Literature review

Table 1 synthesizes recent research on elderly travel behavior,
examining influential factors, methodological approaches, regional
variations, and existing research gaps. The literature review is
organized into four subsections that highlight key developments in
understanding elderly mobility patterns.

2.1 Factors affecting elderly travel behavior

Several factors have been identified as significant influencers
of elderly travel behavior across multiple studies. Sukkasem and
Soratana. (2024) emphasized the importance of psychological
factors, particularly attitudes and travel confidence, among elderly
air travelers in Bangkok. Their findings connect with (Zhu et al,
2025), who discovered that personality traits significantly influence
risky driving behaviors among elderly drivers in China. Both studies
highlight the critical role of psychological dimensions in elderly
mobility decisions.

Physical capabilities emerge as another crucial factor, as
demonstrated by Shi et al. (2024), who found that physical
characteristics significantly impact elderly walking behavior in
China. This finding complements the work of (Champahom et al,,
2025), who noted that comfort preferences strongly influence elderly
travelers’ choice of high-speed rail for leisure and medical trips
in Thailand.

External factors also shape elderly travel behavior. Zhang et al.,
2025 revealed how epidemic risks alter elderly travel patterns
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TABLE1 Summary of related research.
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Authors Country Methodology Data used Key findings Accuracy (%)
Sukkasem and Soratana. Thailand MNL, Machine Learning Elderly survey data Attitudes and travel 89.40%
(2024) confidence among

elderly air travelers in
Bangkok
Zhang et al. (2025) China Agent-Based Modeling ‘ Lpidemic and travel Flderly travel behavior 91.20%
behavior data changes based on
epidemic risks
Wei et al. (2024) China Random Forest Bus ridership data Elderly passengers’ travel 87.60%
behavior influences
route selection
|
Bakhshi and Atri. (2025) Tran Logistic Regression Tourism preference Key factors influencing §5.30%
survey elderly tourist
destination choices
Zampragno and Hungary K-Means Demographic and travel Flderly public transpart 88.50%
Esztergir-Kiss. (2024) frequency data users categorized into
distinct travel behavior
groups
Huang etal. (2024) China XGBoost, Random ‘ Elderly medical travel Machine Learning 94.30%
Forest data provides superior
aceuracy over MNL in
predicting travel choices
Zhang and Maruyama. Japan Latent Class Model Elderly urban and rural Urban and rural elderly 90.70%
(2024) travel data travelers exhibit distinct
mobility patterns
Shi et al. (2024) China SVM, Random Forest Elderly walking activity Physical characteristics 89.90%
data significantly impact
‘ | elderly walking behavior
1
Asare-Duah. (2024) Ghana Time-Series Analysis Longitudinal travel | Comparison of rural and 86.40%
‘ behavior data | urban elderly travel
patterns
s N \ g i
T
Hong et al. (2024) South Korea XGBoost, Gradient ‘ Public transit ridership Elderly transit use 92.30%
Boosting data patterns shifted
significantly
| post-pandemic
Champahom et al! Thailand Logit Model Approach Survey on high-speed Elderly travelers prefer 94.20%
(2025) rail preferences high-speed rail for
| leisure and medical trips
Zhuetal. (2025) China Mixed Logit Model uay Driver behavior Personality traits 921.80%
Random Bffeets Model ‘monitoring data | influence risky driving
behaviors among clderly
drivers

in China, while Hong et al. (2024) documented significant
shifts in elderly transit use following the pandemic in South
Korea. These studies collectively demonstrate how health concerns
and major disruptive events modily mobility patterns among
older adults.

Travel purpose represents another significant determinant, with
Champahom et al. (2025) noting distinct preferences for high-
speed rail among elderly travelers for specific purposes like leisure
and medical trips. This finding aligns with Wei et al. (2024), who
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observed how elderly passengers’ travel behaviors influence route

selection for bus services in China.

2.2 Models used to analyze elderly travel

behavior

Research methodologies for analyzing elderly travel behavior

have evolved from traditional statistical approaches to advanced
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machine learning techniques. Traditional statistical models, such
as the Multinomial Logit (MNL) model employed by Sukkasem
and Soratana. (2024) and the Logit Model approach used by
Champahom et al. (2025), have provided valuable insights into
elderly travel preferences in Thailand. Similarly, Zhu et al. (2025)
utilized a Mixed Logit Model combined with Random Effects to
analyze driver behavior in China, while Bakhshi and Atri. (2025)
applied Logistic Regression to study tourism preferences among
elderly in Iran.

A notable trend in recent research is the increa

d application of
machine learning techniques. Huang etal. (2024) directly compared
XGBoost and Random Forest algorithms with traditional MNL
models, demonstrating superior accuracy of machine learning
methods (94.30%) in predicting elderly medical travel choices in
China. This methodological advancement connects with Hong et al
(2024), who similarly employed XGBoost and Gradient Boosting
to analyze public transit ridership data in South Korea with high
accuracy (92.30%).

Other
approaches. Zamprogno and Esztergdr-Kiss. (2024) utilized K-

researchers have explored specialized analytical
Means clustering to categorize elderly public transport users in
Hungary, while Zhang et al. (2024) applied a Latent Class Model
to distinguish between urban and rural elderly travel patterns
in Japan. These diverse methodological approaches reflect the
complexity of elderly travel behavior and the need for sophisticated

analytical tools.

2.3 Regional studies

Research on elderly travel behavior reveals significant regional
In Asia,
have provided valuable insights into elderly mobility patterns. In
‘Thailand, Sukkasem and Soratana. (2024) examined elderly air
travelers in Bangkok, while Champahom et al. (2025) focused on
high-speed rail preferences among Thai elderly. These Thailand-

variations across different countries. several studies

based studies connect with research from neighboring countries,
such as China, where Zhang et al,, 2025, Wei et al. (2024), Shi et al.
(2024) have examined various aspects of elderly mobility patterns,
from epidemic-related behavior changes to walking activities and
bus route preferences.

The Japanese context has been explored by Zhang et al.
(2025), who identified distinct mobility patterns between urban
and rural elderly travelers. This connects with findings from South
Korea, where Hong et al. (2024) documented post-pandemic shifts
in elderly transit use patterns. Together, these East Asian studies
reveal both similarities and differences in elderly travel behavior
across the region.

Beyond Asia, research in other regions offers additional
perspectives. In Europe, Zamprogno and Esztergar-Kiss. (2024)
categorized elderly public transport users in Hungary into distinct
travel behavior groups. In the Middle East, Bakhshi and Atri. (2025)
examined elderly tourism preferences in Iran. In Africa, Asare-
Duah. (2024) compared rural and urban elderly travel patterns
in Ghana, highlighting the importance of geographical context in
mobility behavior.

These regional studies collectively demonstrate that while
certain factors universally affect elderly travel behavior, regional
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contexts significantly shape specific mobility patterns and
preferences, necessitating locally tailored transportation solutions.

2.4 Research gaps and current study

Despite the growing body of research on elderly travel behavior,
several important gaps remain. First, while machine learning
approaches have demonstrated superior predictive accuracy in
some contexts, as shown by Huang et al. (2024), Hong et al.
(2024), comprehensive comparisons between multiple machine
learning algorithms and traditional statistical models remain
limited, particularly in the context of elderly travel mode choice.
Second, most studies have focused on a single methodological
approach rather than comparing multiple techniques. For instance,
Wei et al. (2024) used only Random Forest, while Champahom et al.
(2025) emploved only a Logit Model approach. This limits
understanding of which methodological approaches might be
most effective for analyzing different aspects of elderly travel
behavior. Third, while studies have been conducted across various
regions, comparative studies within Southeast Asia remain limited.
‘Thailand’s rapidly aging population makes it a particularly important
context for understanding elderly travel behavior, yet comprehensive
studies examining multiple factors and utilizing comparative
methodoelogical approaches are scarce.

‘The current study addresses these gaps by comparing the MNL
model with three advanced machine learning techniques (XGBoost,
Random Forest, and CatBoost) using elderly travel behavior survey
data from Thailand. This research builds upon previous Thailand-
based studies by Sukkasem and Soratana. (2024), Champahom et al.
(2025) while adopting the comparative methodological approach
demonstrated by Huang et al. (2024). By identifying which
factors most significantly influence elderly travel mode choices and
determining which models provide the most accurate predictions,
this study aims to contribute valuable insights for developing age-
friendly transportation policies in Thailand and similar contexts.

3 Materials and methods
3.1 Research framework

The investigation commenced with an extensive review of
existing literature to identify key determinants of travel mode
selection among elderly populations and to establish appropriate
methodological approaches. Survey instruments were deployed to
capture demographic characteristics, economic factors, and travel
patterns of elderly respondents (Train, 2009). The acquired data
underwent systematic organization and classification based on
fundamental travel attributes.

For the analysis of factors influencing travel mode preferences,
the study implemented a dual methodological approach
combining conventional statistical techniques with contemporary
machine learning algorithms. The Multinomial Logit (MNL)
framework was employed to estimate selection probabilities across
various transportation modes (Ben-Akiva and Lerman, 1985;
Train, 2009). Concurrently, three advanced machine learning
approaches—Random Forest (RF), Extreme Gradient Boosting
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(XGBoost), and CatBoost—were utilized to enhance predictive
capabilities (Breiman, 2001; Prokhorenkova et al., 2018; Tiangi and
Carlos, 2016).

Model effectiveness was evaluated through comparative
analysis of performance metrics including Accuracy, Precision,
Recall, and Fl-score to determine optimal analytical approaches.
Further employed SHAP (Shapley Additive
Explanations) methodology to elucidate the relative importance

examination

of variables affecting transportation decisions among elderly
individuals (Powers, 2020).

The concluding phase involved comprehensive interpretation
and discussion of findings, with particular emphasis on the highest-
performing analytical model and identification of critical factors
shaping elderly mobility patterns (Zhang et al., 2023). This analysis
informed the development of policy recommendations designed to
enhance transportation systems responsive to the specific needs of
aging populations (Du et al,, 2020; Luiu et al,, 2017).

This research addresses a notable gap in existing scholarship
by examining elderly travel behavior through multiple analytical
lenses, comparing traditional statistical frameworks with machine
learning approaches to generate insights for transportation policy
development. The investigation aims to overcome limitations of
previous studies by focusing specifically on infrastructure and
transportation policy development appropriate for Thailand’s elderly
population and offering concrete recommendations to facilitate
mobility among older adults.

3.2 Questionnaire development and data
collection

3.2.1 Questionnaire development

‘The study utilized a Revealed Preference (RP) survey
instrument (Creswell and Creswell, 2017) to explore transportation
mode preferences among Thailand’s elderly population, facilitating
analysis through both Multinomial Logit (MNL) modeling
and advanced machine learning techniques including Random
Forest (RF), Extreme Gradient Boosting (XGBoost), and
CatBoost. The questionnaire design prioritized the collection
of quantitative information amenable to robust statistical
analysis. The survey structure incorporated a combination
of fixed-response and  open-ended (Revealed
Preference - RP Survey) and was structured around two

inquiries
primary components:

3.2.1.1 Section 1: General information and travel behavior.

This section collected demographic and travel behavior
data, including gender, age, income, health conditions, physical
impairments, marital status, household composition, education
level, occupation, residential area type (urban/suburban), vehicle
ownership, frequency of public transport use, and trip purposes.
‘The collected data served multiple purposes: (1) to establish
a preliminary understanding of the respondents’ demographic
characteristics; (2) to assess the representativeness and distribution
of the sample; and (3) to provide essential control variables and
contextual background for subsequent descriptive statistics and
predictive modeling processes.
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3.2.1.2 Section 2: Travel diary data.
This section recorded detailed trip-level information based on

respondents’ most recent travel activities. It included the travel
mode used, trip purpose, origin and destination points, distance
traveled, travel time, number of companions, travel cost, and key
factors influencing the travel mode choice (e.g., cost, convenience,
time, safety, comfort). These two sections provided the necessary
empirical data to investigate the actual travel mode choices and
behaviors of elderly travelers. The information collected was directly
used to build the variables for the descriptive analysis and for
the predictive modeling processes presented in this study. Figure |
shows a sample of a travel diary section.

3.2.2 Data collection

1. Sample Composition and Size: The research population
encompassed individuals aged 60 and above residing across
‘Thailand’s four principal geographical regions:

Northern Thailand: Chiang Mai, Chiang Rai, Sukhothai,
Phitsanulok

Northeastern Thailand: Nakhon Ratchasima, Khon Kaen,
Ubon Ratchathani, Udon Thani

Central Thailand: Chonburi, Nakhon Sawan, Ayutthaya,
Prachuap Khiri Khan

Southern Thailand: Nakhon Si Thammarat, Songkhla,
Surat Thani, Phuket

‘The sampling methodology employed stratified random

selection to lish a total sample of 1,000 participants, with equal

regional distribution of 250 individuals per geographic area.

2. Survey Implementation: Data acquisition occurred
between January and March 2024 at locations commonly
frequented by elderly individuals, including marketplaces,
healthcare facilities, and senior service centers. Paper-
based questionnaires were selected to accommodate
participants with limited technological proficiency. In-
person interviews were conducted by research personnel and
trained assistants. Quality enhancement measures included
linguistically accessible questionnaire design calibrated to
elderly comprehension levels and provision of assistance for
respondents with literacy limitations. A preliminary study
involving 50 participants preceded the main data collection to
refine the survey instrument.

. Data  Validation
verified through questionnaire validity and

2017),

application of Cronbach’s Alpha coefficients. Partial responses

were excluded from analysis, and atypical response patterns
underwent verification. Random sampling of completed
questionnaires was conducted to identify potential recording

w

Procedures: Data  integrity — was
reliability
Creswell, including

assessment  (Creswell and

inaccuracies. The data management protocol incorporated
digital transcription to facilitate analysis and encryption
procedures to safeguard participant confidentiality.

3.2.3 Description of variables

The explanatory variables utilized in the modeling process were
selected based on their relevance to elderly mobility behaviors and
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FIGURE1
Sample of travel diary section

their availability in the collected dataset. These variables included
travel cost (THB), travel time (minutes), travel distance (kilometers),
household income (monthly, THB), vehicle ownership (private
vehicle possession), gender, age, and the presence of mobility
limitations.

Behavioral factors such as comfort, convenience, and safety were
indirectly captured through these variables. Specifically, access time
reflects travel convenience; travel cost reflects financial comfort and
affordability; trust in public transport services reflects perceived
safety; and travel time reflects both the perceived burden and overall
ease of the journey. By integrating these variables into the modeling
framework, the study accounted for critical behavioral dimensions
influencing travel mode selection among elderly individuals.

3.3 Methodological comparison of
statistical and machine learning
approaches

This investigation employs a comparative analytical framework
to evaluate the relative efficacy of traditional statistical modeling
(Multinomial Logit) against contemporary algorithmic approaches
(Random Forest, Extreme Gradient Boosting, and Categorical
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Boosting) in elucidating determinants of transportation mode
selection among elderly The methodological
comparison facilitates comprehensive assessment of predictive

populations.

performance across diverse analytical paradigms while identifying
complementary insights derived from contrasting analytical
(Karlaftis and _ ‘Vlahogianni, 2011).
Analysis of MNL and machine learning Approaches are

techniques Comparative

summarized in Table 2,

3.3.1 Multinomial Logit (MNL) model

‘The Multinomial Logit model represents a cornerstone of
discrete choice analysis in transportation research, grounded
in random utility maximization theory (McFadden, 1973). This
approach posits that individuals select transportation alternatives
that maximize their perceived utility, with utility functions
comprising both observable and unobservable components (Train,
2009). The MNL model calculates the probability of an individual
selecting a particular transportation mode from a set of available
alternatives based on the relative utility of each option. In this
study, the implementation of MNL involves specifying utility
functions for each transportation mode available to elderly travelers,
incorporating variables such as travel cost, travel lime, income
level, physical limitations, and trip purpose. Parameter estimation
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TABLE2 Comparative analysis of MNL and machine learning approaches.

Characteristics

Multinomial logit

(MNL)

Random forest (RF)

XGBoost

10.3389/fbuil 2025.1601754

CatBoost

Theoretical Foundation

Handling Non-linear
Relationships

Utility maximization theory

Limited without manual
transformation

Ensemble of decision trees

Strong capability through
tree-based structure

Gradient boosting framework

Excellent with gradient
optimization

Gradient boosting with
categorical features

Supetior with ardered
boosting

Interpretability

High - direct coefficient
interpretation

Moderate - feature importance
metrics

Moderate - gain and split
counts

Moderate - SHAP values
integration

Computational Efficiency

Low computational demands

Moderate - parallelizable

High with regularization
techniques

Optimized for categorical data

Variable Interactions

Model Assumptions

Limited to specified
interactions

IIA assumption, error

distribution assumptions

Automatically captured in tree
structure
Minimal statistical

assumptions

Dynamically learned during

training

Minimal statistical

assumptions

Advanced handling with
combinatorial features

Minimal statistical

assumptions

Predictive Accuracy

Lower compared to ML

Good with sufficient trees

Superior for structured data

Excellent for mixed data types.

methods

Note: IIA, independence of irrelevant alternatives.

employs maximum likelihood techniques to identify coefficient
values that maximize the probability of observed mode choices
within the dataset (Train, 2009).

‘The MNL model offers distinct advantages in interpretability
and theoretical foundation, as coefficients directly represent the
influence of each variable on travel mode selection. However, it is
constrained by several assumptions, most notably the Independence
of Trrelevant Alternatives (IIA) property. This assumption stipulates
that the ratio of selection probabilities between two alternatives
remains unaffected by the introduction or modification of additional
options—a condition that may be violated in complex transportation
choice scenarios (Ben-Akiva and Lerman, 1985; McFadden, 1973).

3.3.2 Random Forest (RF)

Random Forest represents an ensemble learning method that
generates multiple decision trees and aggregates their predictions
to enhance model robustness and accuracy (Breiman, 2001). The
algorithm constructs individual trees using bootstrap samples from
the training data and incorporates random feature selection at each
node, thereby reducing correlation between trees and mitigating
overfitting risks (Karlaftis and Vlahogianni, 2011).

In the context of elderly travel mode choice, the Random
Forest implementation in this study incorporates all relevant
predictors including demographic variables, trip characteristics,
and contextual factors, The algorithm autonomously identifies
complex, non-linear relationships between predictor variables and
transportation outcomes without requiring explicit specification of
interaction terms (Hagenauer and Helbich, 2017).

Random Forest offers several advantages in transportation
analysis, including robust performance with high-dimensional
data, automatic handling of variable interactions, and built-in
measures of variable importance. The method provides relative
feature importance metrics calculated through mean decrease
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impurity or mean decrease accuracy, enabling identification of
critical determinants in elderly travel behavior (ChengL. et al.,
2019; Ali et al, 2022; Yan et al, 2020). However, the approach
presents limitations in computational efficiency for very
large datasets and may be less interpretable than parametric
models like MNL (Karlaftis and Vlahogianni, 2011).

3.3.3 Extreme Gradient Boosting (XGBoost)

Extreme Gradient Boosting (XGBoost) represents an advanced
implementation of the gradient boosting framework that
sequentially constructs an ensemble of weak learners to minimize
a differentiable loss function. Unlike Random Forest, which
builds independent trees in parallel, XGBoost develops trees
sequentially, with each new tree correcting errors made by the
existing ensemble (Chen and Guestrin, 2016).

In application to elderly travel mode choice, XGBoost
implementation involves ecalibrating multiple hyperparameters
including learning rate, maximum tree depth, subsample ratio, and
regularization parameters to optimize predictive performance. The
algorithm’s architecture facilitates handling of mixed data types
prevalent in transportation research, including categorical variables
(e.g., trip purpose, gender) and continuous measures (e.g., travel
time, income) (Wang and Ross, 2018; Huang et al., 2024; Lee, 2022).

XGBoost offers superior predictive accuracy for structured
data compared to traditional methods, incorporating built-
in mechanisms for handling missing values, and providing
efficient computational performance through parallelization and
cache optimization. The method’s limitations include potential
overfitting with inappropriate hyperparameter selection and
reduced interpretability relative to parametric approaches, although
feature importance metrics and SHAP values can partially address
interpretational challenges (Chen and Guestrin, 2016; Lundberg
and Su-In, 2017).

frontiersin.org




86

Philuek et al

3.3.4 Categorical Boosting (CatBoost)

Categorical Boosting (CatBoost)
boosting implementation specifically optimized for efficient
processing of categorical features, a prevalent characteristic in
transportation data. The algorithm addresses two critical challenges

represents a  gradient

in gradient boosting: prediction shift caused by target leakage in
classical gradient boosting and effective handling of categerical
variables without extensive preprocessing (Dorogush, Ershov, and
Gulin, 2018; Prokhorenkova et al., 2018).

In the context of elderly travel mode choice, CatBoost
implementation benefits from automatic handling of categorical
variables such as gender, education level, trip purpose, and
transportation alternatives without requiring preliminary encoding
transformations. The algorithm’s architecture is particularly suited
to the mixed data types characteristic of transportation research
(Banyong et al., 2024; Banyong et al., 2025).

CatBoost advantages
performance with categorical features, built-in mechanisms to
reduce overfitting, and automatic handling of missing values.

offers  distinct including  superior

‘The method provides integrated interpretability tools including
feature importance metrics and native compatibility with SHAP
(Shapley Additive Explanations) for explaining model predictions.
Limitations include relatively recent adoption in transportation
research compared to established methods and computational
demands that may exceed those of traditional approaches for very
large datasets (Prokhorenkova et al., 2018).

4 Results
4.1 Descriptive analysis

4.1.1 Demographic characteristics of the sample

Table 3 presents the demographic characteristics of the 1,000
elderly respondents in this study. The sample comprised 54.3%
females and 45.7% males, with the majority (78.5%) aged between
60-69 years, followed by 19.9% aged 70-79 years, and only 1.6%
over 80 years. This age distribution reflects Thailand’s current elderly
demographic profile, with a higher proportien of “young elderly”
(60-69 years) compared to older age groups. Most respondents
were married (69.7%), with 23.5% widowed, divorced, or separated,
and 6.8% single. The vast majority (94.9%) lived with family or
caregivers, which is consistent with traditional Thai family structures
where elderly typically reside with their children or relatives, while
only 5.1% lived alone.

Regarding education, 86% of respondents had below a bachelor’s
degree, 9.6% had a bachelor’s degree or higher, and 4.4% had
other educational qualifications. This educational profile reflects
the limited educational opportunities available to the current
elderly generation in Thailand, particularly in rural areas. The
income distribution showed that most respondents (78.7%) had
a monthly income below 10,000 Baht, while 10.6% earned
between 10,000-19,999 Baht, 6% earned between 20,000-29,999
Baht, and 4.7% earned 30,000 Baht or higher This income
distribution highlights the economic vulnerability of many elderly
in 'Thailand, with the majorily living on limited incomes below the
national average.
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In terms of work patterns, 41.2% worked outside the home,
25.5% worked at home, and 33.3% were not working or staying
at home. The high percentage of elderly still engaged in work
(66.7% total) reflects both economic necessity and cultural factors in
Thailand, where many elderly continue working well past traditional
retirement age. Vehicle ownership was high (80.3%), though only
43.7% held a driver’s license, indicating that while many households
have access to private vehicles, the elderly themselves may not be
the primary drivers. The majority of respondents (73.2%) reported
having at least one chronic disease, and 41% reported having
some form of physical disability, highlighting the health challenges
facing this population and their potential impact on mobility and
transportation choices

4.1.2 Elderly travel mode patterns

As shown in Table 4, the most frequently used travel mode by
the elderly was the bus (48.4%), followed by paratransit (23.6%),
private cars (20.0%), and trains (7.9%). This indicates that public
transportation (buses and trains) was the preferred choice for the
majority of elderly travelers, accounting for 56.3% of all travel.
‘The high usage of bus services reflects their widespread availability
throughout Thailand, including in rural areas, as well as their
relatively low cost, making them accessible to elderly on limited
incomes. The substantial use of paratransit (including songtheaws,
motorcycle taxis, and tuk-tuks) highlights the importance of flexible,
on-demand transportation options that can provide door-to-door
service for elderly with limited mobility.

The relatively low usage of private cars (20%) despite high
household vehicle ownership (80.3%) suggests that many elderly rely
on family members for private vehicle transportation rather than
driving themselves. This is consistent with the lower proportion
of elderly holding drivers licenses (43.7%) and may also reflect
concerns about safety, comfort, and physical limitations that prevent
some elderly from driving. The lowest usage was for train services
(7.9%), likely due to the limited rail network in Thailand, which
primarily connects major cities and does not serve many rural or

suburban areas where elderly may reside.

4.1.3 Analysis of factors affecting travel behavior

Table 5 provides detailed information about elderly public
transportation usage patterns. Regarding frequency of public
transportation use, 36.1% were frequent users (weekly or more),
34.7% were occasional users (monthly), 28.5% were infrequent
users (less than once per month), and only 0.7% never used
public transportation. ‘This high overall usage rate (99.3% using
public transportation at least occasionally) demonstrates the critical
importance of public transportation systems for elderly mobility
in Thailand.

The primary purposes for using public transportation
included shopping (34.6%), followed by “other” purposes (28.5%),
leisure/tourism (23.5%), work (8.4%), and sports activities (5%).
‘This distribution reflects the daily activities and priorities of elderly,
with essential activities like shopping dominating transportation
needs. The relatively low proportion of work-related travel (8.4%) is
consistent with the retirement status of many respondents, though it
contrasts somewhat with the 66.7% who reported some form of work
activity, suggesting that many may work from or near their homes.
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TABLE3 General information of sample.

Variable
Male 457 45.7
Gender
Female 543 54.3
60-69 years 785 785
Age 70-79 years 199 19.9
Over 80 years 16 16
Single 68 6.8
Marital Status Married 697 €9.7
Widowed/Divorced/Separated 235 23.5
Living alone 51 51
Living Arrangement
Living with family/caregiver 949 %49
Below bachelors degree 860 86.0
Education Level Bachelor’ degree or higher 96 96
Other 44 14
Below 10,000 787 787
10,000-19,999 106 106
Income (Baht per month) a——————— t
20,000-29,999 60 6.0
30,000 or higher 47 47
‘Working outside home 412 412
Work Pattern Working at home 255 25.5
Not working/staying at home 333 333
Owns a vehicle 803 80.3
Vehicle Ownership
Does not own a vehicle 197 19.7
Has a driver’s license 437 437
Driver’s License Status
Does not have a driver’s license 563 56.3
Has chronic disease 732 732
Chronic Disease
Does not have chronic disease 268 26.8
Has physical disability 410 410
Physical Disability
Does not have physical disability 590 59.0

The most frequently used public transportation types were buses  their higher comfort level and faster service. The relatively high
(32.9%), vans (26.5%), and trains (23.8%), while 16.8% never used train usage reported here (23.8%) compared to the overall mode
any of these three types. The higher usage of buses compared  share (7.9%) suggests that while fewer elderly use trains as their
to vans likely reflects their lower cost and more extensive route  primary mode, a significant number use them occasionally for
network, while vans may be preferred for specific routes or for  specific trips.
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TABLE 4 Most frequently used travel modes.

Travel mode Average (%)

Private Car 20.00%
Bus 48.40%
Train 7.90%
Paratransit 23.60%

Most elderly traveled alone (52.4%), while 35.1% traveled
with one companion, and 12.5% traveled with more than two
companions. This finding challenges the common assumption that
all elderly prefer or require accompanied travel and highlights the
desire for independence among many Thai elderly. However, the
substantial proportion traveling with companions (47.6% total)
underscores the importance of social support and assistance for
many elderly travelers.

Regarding trust in public transportation, the majority expressed
moderate trust (69.1%), followed by high trust (17.9%), little trust
(9.1%), highest trust (3.1%), and no trust (0.8%). This generally
positive perception (90.1% expressing moderate to highest trust)
suggests that safety and reliability concerns are not major barriers
to public transportation use for most elderly, though there remains
room for improvement to increase trust levels.

The most important reasons for choosing public transportation
were low cost (25.9%), convenience and easy access (17.9%),
short travel time (14.6%), travel safety (14.1%), punctuality
(11.9%), no alternative (5.3%), service satisfaction (5.6%), reducing
pollution (4.4%), and other reasons (0.3%). This ranking highlights
the critical importance of economic factors (cost) as well as
practical considerations (convenience, travel time) in elderly
transportation decisions. The relatively low percentage citing
“no alternative” (5.3%) suggests that most elderly use public
transportation by choice rather than necessity, despite having other
options available.

Most elderly used public transportation during early morning
to morning hours (64.4%), followed by late morning to afternoon
(31%), evening to night (4.4%), and very few during late night
(0.2%). This temporal pattern aligns with safety concerns and
lifestyle preferences of elderly, who typically avoid traveling after
dark and prefer to conduct activities during daylight hours. The
concentration of travel in morning hours may also reflect efforts
to avoid peak congestion periods and higher temperatures later
in the day.

4.1.4 Descriptive statistics of key variables

Table 6 presents descriptive statistics for key variables in the
analysis. ‘The average age of respondents was 66.08 years (SD =
4.90), reflecting the predominance of “young elderly” in the sample.
The average travel time was 28.25min per trip (SD = 28.46),
indicating a wide variation in trip durations. The relatively high
standard deviation suggests that while many elderly make short
trips, a substantial number undertake longer journeys. Similarly, the
average travel distance was 19.65 km (SD = 23.15), with considerable
variation around this mean.
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The average travel cost was 39.42 Baht per trip (SD = 43.36),
which is relatively modest given the average travel distance. This
reflects the affordability of public transportation in Thailand,
particularly government-subsidized services. The high standard
deviation indicates substantial variation in transportation costs,
likely reflecting differences in travel modes and distances.

Variables with high positive skewness included travel distance
(2.377) and travel costs (3.101), indicating rightward data dispersion
with some values significantly higher than the average. This pattern
suggests that while most elderly trips are relatively short and
inexpensive, a small proportion of trips involve substantially longer
distances and higher costs. Variables with high kurtosis, such
as work travel (21.859) and travel for social gatherings (16.964),
indicate concentrated distributions where most values cluster tightly
around the mean with few outliers.

‘Iravel purpose variables showed that traveling home was the
most common (mean = 0.469), followed by shopping (mean =
0.207), hospital visits (mean = 0.125), and visiting relatives or other
places (mean = 0.116). Work-related travel (mean = 0.037) and social
gatherings (mean = 0.046) were less common. These patterns reflect
the daily activities and priorities of elderly, with essential activities
like returning home and shopping dominating travel purposes.

4.2 Multinomial Logit model results

The Logit (MNL)
presented in Table 7, with private car serving as the reference
category. The model identified several significant factors affecting
elderly travel mode choices, providing insights into the decision-
making pracesses of elderly travelers.

Multinomial model results are

4.2.1 Factors affecting bus travel choice

For bus travel, the significant factors (p < 0.05) included average
income (f§ = ~0.168, p < 0.001), travel time ($ = 0.080, p < 0.001),
travel cost (f = -0.120, p < 0.001), having companions (§ = 2.278, p
< 0.001), and shopping as travel purpose ( = -0.648, p = 0.040).

The negative coefficient for income (8 = -0.168) suggests
that as income increases, elderly are less likely to choose bus
transportation compared to private cars. For each unit increase in
income category, the odds of choosing bus transportation decrease
by 15.4% (OR = 0.846). This finding is consistent with economic
theory, which suggests that higher-income individuals tend to value
comfort and convenience more highly and can better afford private
transportation.

‘The positive coefficient for travel time (f = 0.080) indicates a
higher propensity to use buses for longer trips. For each additional
minute of travel time, the odds of choosing bus transportation
increase by 8.3% (OR = 1.083). This somewhat counterintuitive
finding may reflect the relatively low cost of bus travel for longer
distances compared to private vehicles or other modes.

The negative coefficient for travel cost (f = —0.120) confirms
the importance of economic considerations in mode choice. For
each additional baht in travel cost, the odds of choosing bus
transportation decrease by 11.3% (OR = 0.887), indicating high price
sensitivity among elderly bus users.

Having companions dramatically increases the likelihood of
choosing buses (f§ = 2.278, OR = 9.754), suggesting that bus travel
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TABLES Public transportation travel behavior of respondents.

10.3389/fbuil.2025.1601754

Variable
Frequent users (weekly or more) 361 36.1
Occasional users (monthly) 347 34.7
How often do you use public transpol
Infrequent users (less than once per month) 285 285
Never use 2 07
Work 84 8.4
Leisure/tourism 235 235
Purpose of travel by public transport Shopping 346 346
Sports activities (gatherings) 50 50
Other 285 285
Van 265 265
Bus 329 329
Frequently used public transportation
Train 238 238
Never use any of the 3 types 168 168
Traveling alane 524 524
Number of companions when traveling by public transport Traveling with 1 companion 351 351
Traveling with more than 2 companions 125 135
No trust 8 0.8
Little trust 91 9.1
Trust in using public transportation Moderate trust 691 69.1
High trust 179 179
Highest trust 1 3l
No alternative 135 S8
Low cost 661 259
Punctuality 305 11.9
Service satisfaction 143 5.6
Reasons for traveling by public transport _s;n_m;l:r: R 374 146
Reducing pollution 13 44
Convenience, easy access 457 179
‘Travel safety 361 141
Other 8 03
Farly morning - Morning (04:00-09:59) 644 644
Late morning - Afternoon (10:00-15:59) 310 310
‘Time periods using public transport
Evening - Night (16:00-21:59) 44 44
Late night (22:00-00:59) 2 0.2
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TABLE & Descriptive statistics for MNL.

10.3389/fbuil 2025.1601754

Variable . Deviation Skewness Kurtosis
Age (Years) 66.081 4.902 1.086 1.134
Average income (Thousand THB) 1.274 0.585 2.008 2.779
Travel time (Minutes) 28252 28.462 2.268 5.897
I'ravel distance (Kilometers) 19.653 23.149 2377 6.323
Travel cost (THB) 39.424 43.360 3101 11.297

is strongly preferred for group travel. This may reflect both practical
considerations (sharing costs) and social factors (companionship
during the journey).

Shopping as a travel purpose reduced the likelihood of choosing
bus transportation (f = -0.648, OR = (.523). This may reflect the
practical challenges of carrying shopping items on buses or the
convenience of private vehicles for shopping trips that may involve
multiple stops.

4.2.2 Factors affecting rail travel choice

For rail travel, significant factors included average income (f =
-0.272, p < 0.001), travel time (B = 0.276, p < 0.001), travel distance
($=0.122, p = 0.046), travel cost (8 = —1.085, p < 0.001), and sports
activities as travel purpose (f = 4.186, p = 0.025).

The strongly negative coefficient for income (f = -0.272)
indicates that lower-income elderly are more likely to choose rail
travel compared to private cars, with each unit increase in income
category decreasing the odds of rail travel by 23.8% (OR = 0.762).

Travel time showed a strong positive effect (§ = 0.276), with
each additional minute increasing the odds of choosing rail by
31.8% (OR = 1.318). Similarly, travel distance showed a positive
effect (§ = 0.122), with each additional kilometer increasing the
odds by 13% (OR = 1.130). These findings suggest that rail is
particularly preferred for longer journeys, where its speed and
comfort advantages may outweigh other considerations.

The strongly negative coefficient for travel cost (f = —1.085)
indicates that cost is a particularly important factor in rail mode
choice, with higher costs substantially reducing the likelihood of
choosing rail transportation. For each additional baht, the odds
decrease by 66.2% (OR = 0.338), suggesting extremely high price
sensitivity for rail travel.

Interestingly, sports activities as a travel purpose dramatically
increased the likelihood of choosing rail (8 = 4.186, OR = 65.751).
This strong effect may reflect the location of sports venues near rail
stations or scheduled group activities that utilize rail transportation.

4.2.3 Factors affecting paratransit travel choice

For paratransit, significant factors included age (8 = —0.058, p
= 0.002), average income (f = —0.111, p < 0.001), travel distance
(B = 0.046, p = 0.008), travel cost (f = —0.016, p < 0.001), having
companions (f = 2,123, p < 0.001), several travel purposes including
work (f = -1.223, p=0.020), leisure/tourism (ff = —1.154, p = 0.001),
shopping (f = —1.096, p = 0.001), and return home (f = -1.035, p <
0.001), and working outside home (8 = 0.526, p = 0.016).

Frontiers in Built Environment

‘The negative coeflicient for age (8 = —0.058) suggests that
older elderly are less likely to use paratransit, with each additional
year of age decreasing the odds by 5.6% (OR = 0.944). This may
reflect increased physical limitations or safety concerns among older
individuals that make paratransit less accessible or desirable.

Income showed a negative effect (§ = —0.111), with each unit
increase in income category decreasing the odds by 10.5% (OR
= 0.895). Travel distance had a positive effect (8 = 0.046), with
each additional kilometer increasing the odds by 4.7% (OR =
1.047), suggesting paratransit is preferred for somewhat longer trips,
perhaps due to its flexibility and door-to-door service.

Travel cost had a negative but relatively modest effect (§ =
-0.016), with each additional baht decreasing the odds by only 1.6%
(OR = 0.984). This lower price sensitivity compared to bus and rail
may reflect the perceived value of the convenience and flexibility
offered by paratransit.

Having companions significantly increased the likelihood of
using paratransit ( = 2.123, OR = 8,357), similar to the effect
observed for bus travel. This strong effect suggests that paratransit
is particularly valued for group travel, perhaps due to the ability to
share costs and the convenience of door-to-door service for groups.

All specific travel purposes (work, leisure/tourism, shopping,
return home) showed negative effects compared to the reference
category (“other purposes”), suggesting that paratransit is
particularly preferred for miscellaneous trips not covered by the
main categories. Working outside the home increased the likelihood
of using paratransit (f = 0.526, OR = 1.692), possibly due to its
flexibility for commuting to workplaces not well-served by regular
public transportation.

4.3 Multinomial Logit model results

4.3.1 Comparison on test dataset

Table 8 presents the performance metrics of the three machine
learning models on the test dataset (30% of the total data). CatBoost
achieved the highest accuracy at 94%, followed by Random Forest
(93%) and XGBoost (91%). This high performance across all three
models indicates that machine learning approaches are well-suited
to predicting elderly travel mode choices.

In terms of macro precision, Random Forest performed best
(0.96), followed by CatBoost (0.95) and XGBoost (0.93). Precision
measures the proportion of positive identifications that were actually
correct, suggesting that Random Forest had the lowest rate of false
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TABLE7 Parameter estimates of MNL.

Mode choice Parameter Std. Error Sig OR
Intercept 6.064 1.748 0.001
Age (Years) -0.020 0.019 0.276 0,980
Average income (Thousand THB) -0.168 014 0.000 0.846
‘Travel time (Minutes) 0.080 0.015 0.000 1083
Travel distance (Kilometers) 0.025 0.019 0179 1.025
Travel cost (THB) -0.120 0.007 0.000 0.887
Gender [0 = male; | = female] 0.085 0.173 0.623 1.089
Bus Companions (1 if has companions, 0 if not) 2.278 0.192 0.000 9.754
Traveling to work (No =0, Yes = 1) ~0.131 0.525 0.804 0.878
"Traveling to hospital (No = 0, Yes = 1) -0.540 0.345 0.118 0.583
Traveling for shopping (No = 0, Yes = 1) -0.648 0315 0.040 0.523
Traveling for social gatherings (No = 0, Yes = 1) 0.380 0.443 0.390 1.463
Traveling home (No =0, Yes = 1) -0.537 0.279 0.055 0.584
Working outside home (No =0, Yes = 1) -0.165 0.224 0461 0.848
Not working/staying at home (No =0, Yes = 1) ~0.411 0.232 0077 0.663
Intercept 6.981 6.362 0.272
Age (Years) 0.044 0.063 0.489 1.045
Average income (Thousand THB) -0:272 0.078 0.000 0.762
‘Travel time (Minutes) 0.276 0.065 0.000 1.318
"Travel distance (Kilometers) 0.122 0.061 0.046 1.130
Travel cost (THB) -1.085 0.143 0.000 0.338
Gender [0 = male; 1 = female] ~0.768 0.639 0230 0464
Rail Companions (1 if has companions, 0 if not) -0.175 0,827 0.832 0.839
Traveling to work (No =0, Yes = 1) —2:09% 0.181 0.123
Traveling to hospital (No = 0, Yes =d19 1419 0.176 0.147
. Traveling for sh(vp;r;(N—o :n, ;;_1) LLA LAl -2.130 1176 0.070 0119
"Traveling for social gatherings (No =0, Yes = 1} 4.186 1.862 0.025 65.751
Traveling home (No =0, Yes = 1) -1.664 1022 0.103 0.189
‘Working outside home (No = 0, Yes = 1) ~0.295 0.926 0.751 0.745
Not working/staying at home (No = 0, Yes = 1) 0.593 0.930 0.524 1810
Intercept 8.743 1.726 0.000
Paratransit P
Age (Years) -0.058 0.018 0.002 0.944

(Continued on the following page)
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TABLE 7 (Continued) Parameter estimates of MNL.

Mode cl

10.3389/fbuil 2025.1601754

Std. Error Sig OR
Average income (Thousand THB) -0.111 0.012 0.000 0.895
Travel time (Minutes) -0.025 0.013 0.062 0.975
‘Travel distance (Kilometers) 0.046 0.017 0.008 1047
Travel cost (THB) -0.016 0.003 0.000 0.984
Gender [0 = male; 1 = female] -0.181 0.167 0.278 0.834
Companions (1 if has companions, 0if not) 2,123 0.185 0.000 8.357
Traveling to work (No =0, Yes = 1) -1.223 0.524 0.020 0.294
Traveling to hospital (No =0, Yes = 1) ~1.154 0.345 0.001 0316
‘Traveling for shopping (No = 0, Yes = 1) 1,096 0.322 0.001 0334
‘Traveling for social gatherings (No = 0, Yes = 1) =0.366 0.419 0.383 0.694
Traveling home (No =0, Yes= 1) 1.035 0.286 0.000 0355
‘Working outside home (No =0, Yes =1) 0.526 0.218 0.016 1692
Not working/staying at home (No = 0, Yes = 1) -0.258 0.219 0.237 0772

The reference category is Car, (Chi-Square = 2378.924, df = 42, p < 0.001), Cox and Snell R-Square = 0.690, Nagelkerke R-Square = 0.756, McFadden R-Square = 0.481.

TABLE 8 Comparison Results from Test Data (30% of data).

Accuracy Macro precision Macro recall Macro F1-Score
| XGBoost 91% 0.93 0.92 0.92
I Random Forest 93% 0.96 0.93 0.94
i CatBoost 94% 0.95 0.95 095

positives. For macro recall, CatBoost outperformed the other models
with a value of 0.95, compared to 0.93 for Random Forest and 0.92
for XGBoost. Recall measures the proportion of actual positives
that were correctly identified, indicating that CatBoost was better
at avoiding false negatives.

The macro Fl-score, which represents the harmonic mean of
precision and recall, was highest for CatBoost (0.95), followed by
Random Forest (0.94) and XGBoost (0.92). This balanced measure
suggests that CatBoost provided the best overall performance on
the test dataset, effectively balancing the trade-off between precision
and recall.

4.3.2 Comparison on full dataset

'The performance metrics on the full dataset (100% of the data)
are presented in Table 9. Interestingly, Random Forest performed
best on the full dataset with an accuracy of 99.83%, followed by
CatBoost (99.83%) and XGBoost (98.73%). This contrasts with the
results on the test dataset, where CatBoost performed best. The
difference may reflect Random Forest's ability to better capture
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patterns in larger datasets or specific characteristics of the training-
test split.

Random Forest also achieved the highest macro precision
(99.84%), macro recall (99.83%), and macro Fl-score (99.83%) on
the full dataset. CatBoost performed similarly to Random Forest
across all metrics, while XGBoost showed slightly lower values. The
high performance of all three models on the full dataset confirms
their effectiveness for elderly travel mode prediction and suggests
that they can generalize well to new data.

4.3.3 Confusion matrix analysis

Table 10 presents the confusion matrix results for all
models, providing a detailed breakdown of correct and incorrect
classifications for each travel mode. Among the machine learning
models, XGBoost demonstrated the highest accuracy, correctly
classifying 99.26% of car users, 98.88% of bus users, 100% of rail
users, and 95.71% of paratransit users. Random Forest followed
closely, achieving 98.51% accuracy for car users, 97.59% for bus
users, 100% for rail users, and 95.80% for paratransit users.
Misclassifications in these models were minimal, with the largest
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TABLE9 Comparison Results from Real Data (100% of data).

Accuracy Macro precision Macro recall Macro F1-Score
XGBoost 98.73% 99.32% 98.62% 98.96%
Random Forest 99.83% 99.84% 99.83% 99.83%
CatBoost 99.83% 99.83% 99.83% 99.83%

TABLE10 Confusion matrix.

Methods Actual
Predicted Paratransit

Car 98.51 0.20 0.00 1.89

Bus 0.25 97.59 0.00 231

Random Torest Rail 0.00 0.20 100.00 0.00

{

Paratransit 1.24 2.01 0.00 95.80
100.00 100.00 100.00 100.00

7(:317 B g 99.20 A T].OD 0.00 [ 0.82

Bus , | 0.00 98.88 0.00 347

XGBoost Rail .00 0.20 100.00 0.00

t

Paratransit 0.74 0.92 0.00 95.71
Total —‘ 100.00 100.00 100.00 100.00

Car 93.56 1.44 0.00 6.58

Bus 1.29 90.33 0.00 8.39

CatBoost Rail 0.00 0.19 98.76 0.00
Paratransit 5.5 8.05 124 85.03
Total 100.00 100.00 100.00 100.00

Car 65.60 1.83 0.00 12.06

Bus 2531 91.2% 1 2% 38.67

MNL Rail 1 0.00 0.30 98.76 042
Paratransit 9.09 6.60 .00 48.86
Total 100.00 100.00 100.00 100.00

Bold values indicate the total percentage of predictions for each actual travel mode category. Each column’s total adds up to 100%, confirming that the confusion matrix values are expressed as
percentages of actual class distributions.

error occurring in the paratransit category, where a small proportion The perfect classification of rail users in both XGBoost
of bus users (2.31% for Random Forest and 3.47% for XGBoost) were and Random Forest likely reflects the distinct characteristics of
incorrectly classified. These high accuracy rates suggest that both  rail travel in Thailand, such as longer distances and specific
models effectively capture complex patterns and can distinguish ~ geographic corridors, making it easier to differentiate from
between different travel modes based on the provided variables. other modes.
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TABLE 11 Comparison of accuracy of each model.

Overall accuracy

10.3389/fbuil 2025.1601754

Predicted

Paratransit

Random Forest 97.54% 98.51% 97.59% 100.00% 95.80%
XGBoost 98.28% 99.26% 98.88% 100.00% 95.71%
CatBoost 90.46% 93.56% 90.33% 98.76% 85.03%
MNL 76.70% 65.60% 91.27% 98.76% 48.86%

CatBoost exhibited slightly lower accuracy but still performed
well, correctly classifying 93.56% of car users, 90.33% of bus
users, 98.76% of rail users, and 85.03% of paratransit users.
Misclassification primarily occurred between bus and paratransit
users, where 8.05% of actual paratransit users were misclassified
as bus users and 8.39% of actual bus users were misclassified
as paratransit users. ‘This pattern suggests that shared public
transportation services, such as buses and paratransit, may
exhibit overlapping features that pose a challenge for precise
classification.

In contrast, the Multinomial Logit (MNL) model demonstrated
substantially lower accuracy across most travel modes, correctly
classifying only 65.60% of car users, 91.27% of bus users,
98.76% of rail users, and 48.86% of paratransit users. The
model particularly struggled with car and paratransit modes,
where 25.31% of actual car users were misclassified as bus
users, and 38.67% of actual paratransit users were misclassified
as bus users. This systematic bias toward predicting bus
usage suggests that the MNL model may have limitations
in  capturing complex, non-linear relationships inherent
in the data.

Interestingly, all models achieved high accuracy in classifying
rail users (98.76%—100%), reinforcing the notion that rail travel
has distinct characteristics. However, the stark contrast between
the superior accuracy of machine learning models and the lower
performance of the MNL model highlights the advantages of
machine learning approaches. Machine learning models can better
capture intricate variable interactions without requiring explicit
specification, making them particularly suitable for predicting
elderly travel mode choices.

Table 11 presents a comparison of prediction accuracy for
elderly travel mode choice using different models, including
Random Forest, XGBoost, CatBoost, and Multinomial Logistic
Regression (MNL). The prediction is divided into different modes:
Car, Bus, Rail, and Paratransit. The results from this table show
that XGBoost is the best model, providing the highest overall
accuracy as well as the best predictions for each travel mode.
Random Forest is also a good option, especially for predicting
Car and Paratransit modes. On the other hand, CatBoost and
MNL show lower prediction performance, particularly for Car and
Paratransit modes.
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4.4 Feature importance analysis

4.4.1 Variable importance across models

Table 12 presents the feature importance analysis for each
machine learning model, identifying the most influential factors
in elderly travel mode decisions. Across all three models, travel
cost emerged as the most important factor affecting elderly travel
mode choices, with impact values of 0.37 for XGBoost, 0.41 for
Random Forest, and 0.39 for CatBoost. This consistent finding across
models confirms the critical importance of economic considerations
in elderly travel decisions and aligns with the MNL results, which
showed significant negative effects of travel cost across all modes.

Income was the second most important factor (XGBoost: 0.29,
Random Forest: 0.34, CatBoost: 0.32), followed by convenience in
accessing public transportation (XGBoost: 0.23, Random Forest:
0.28, CatBoost: 0.26), and age (XGBoost: 0.18, Random Forest:
0.21, CatBoost: 0.20). The high importance of income reinforces the
economic dimension of travel mode choices, while the significance
of convenience highlights the practical considerations that influence
elderly mobility.

‘The consistent ranking of these factors across all three models
confirms the robustness of these findings and suggests that these
variables should be prioritized in transportation policy and planning

for elderly populations. The relatively lower importance of age
compared to economic factors suggests that financial considerations
may outweigh age-related preferences or limitations in determining
travel mode choices.

4.4.2 SHAP analysis for model interpretability

The SHAP (Shapley Additive Explanations) analysis provided
deeper insights into how each factor influences specific travel
mode choices. Figure 2 shows the feature importance of the
CatBoost model, with travel cost, distance, income, travel time, age,
and number of companions emerging as the most important factors.
This visualization confirms the results from the variable importance
analysis and provides a more nuanced understanding of the relative
importance of different factors.

Figure 3 presents the SHAP interaction plot, illustrating the
complex relationships between different variables. This analysis
reveals how factors interact to influence travel mode choices,
capturing relationships that may not be apparent in simpler analyses.
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TABLE 12 Feature importance analysis in each model.

Variable

Travel cost

XGBoost

10.3389/fbuil 2025.1601754

Random forest CatBoost

0.37 0.41 0.39

Income

Convenience in accessing public transportation

Age

0.29 0.34 0.32
0.23 0.28 0.26

0.18 0.21 0.20

CatBooest - Feature Importance

Social gatherings
Waork
Homeing
Shepping
Hospital
Traveling elsewhere
Working at home
Not working
Working outside home
Gender

Features

Companiens
Age

Income

Trave| time
Travel distance
Travel cost

o
w

10

FIGURE 2
Feature importance of CatBoost.

For example, the interaction between income and travel cost may
be particularly important, with lower-income elderly being more
sensitive to travel costs than higher-income individuals.

Figures 4-7 show the SHAP contribution by mode
for car, bus, rail, and paratransit respectively, revealing
how each factor the likelihood of
visualizations

increases - or decreases
selecting a particular - mode. These
detailed insights into the decision-making process for each
travel mode.

For car mode (Figure 4), higher income and higher travel costs
increased the likelihood of choosing a private car, while having
companions decreased this likelihood. The positive effect of travel
cost may seem counterintuitive but may reflect the willingness of
car users to pay more for the convenience and comfort of private
transportation. The negative effect of having companions may reflect

provide

the economic advantages of sharing costs on public transportation
for group travel.

For bus mode (Figure 5), lower income, lower travel costs, and
having companions increased the probability of selecting buses.
These findings align with the MNL results and economic theory,
suggesting that buses are preferred by more price-sensitive elderly
and those traveling in groups. The importance of travel cost and
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income reinforces the economic dimension of bus travel, which is
often chosen for its affordability.

For rail mode (Figure 6), longer travel time, longer travel
distance, and lower travel costs were associated with increased
rail usage. This pattern suggests that rail is particularly preferred
for longer journeys where its speed and comfort advantages may
outweigh other considerations, particularly when it offers cost
savings compared to alternative modes. The importance of travel
distance aligns with the MNL results, which showed a significant
positive effect of distance on rail choice.

For paratransit (Figure 7), having companions, shorter travel
time, and medium income levels increased the likelihood of
choosing this mode. The importance of having companions aligns
with the MNL results and suggests that paratransit is particularly
valued for group travel, perhaps due to its flexibility and door-to-
door service. The preference for shorter travel times may reflect
the higher cost per distance of paratransit compared to other
public transportation options, making it more economical for
shorter trips.

These SHAP analyses provide nuanced insights that complement
the MNL model results, capturing complex, non-linear relationships

and interactions between variables that traditional statistical
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SHAP interaction value
FIGURE 3

SHAP interaction plot

approaches might miss. They offer a more detailed understanding
of the decision-making processes of elderly travelers and can inform

more targeted transportation policies and services.

5 Discussion
5.1 Key findings and interpretation

This research reveals several important insights into elderly
travel behavior in Thailand and demonstrates the comparative
effectiveness of traditional statistical methods versus machine
learning approaches in analyzing travel mode choices. The findings
highlight the complex interplay of economic, social, and practical
factors that influence transportation decisions among the elderly
population.

5.1.1 Determinants of elderly travel mode choice

Qur results consistently identified travel cost as the most
influential factor affecting elderly travel mode decisions across
all analytical approaches. This finding was evident in both the
Multinomial Logit (MNL) model, which showed significant negative
coeflicients for travel cost across all alternative modes, and the
machine learning models, where feature importance analyses ranked
travel cost as the primary determinant. The high sensitivity to travel
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costs among elderly travelers likely reflects their predominantly
lower income levels, with 78.7% of respondents earning less than
10,000 Baht monthly. This economic vulnerability makes cost
considerations paramount in transportation decisions.

Income emerged as the second most influential factor, with
higher-income elderly more likely to choose private vehicles over
public transportation. This relationship between income and mode
choice aligns with economic theory and reflects the ability of higher-
income individuals to prioritize comfort and convenience over
cost, The significant negative coefficients for income in the MNL
maodel for all publie transportation modes (bus, rail, and paratransit)
compared to private cars reinforces this interpretation.

The presence of travel companions significantly influenced
mode choices, particularly for bus and paratransit options. The
strongly positive coefficients in the MNL model (OR = 9.754 for
busand OR = 8.357 for paratransit) indicate that accompanied travel
substantially increases the likelihood of choosing these modes over
private cars. This finding challenges the assumption that elderly
travelers inherently prefer private transportation and suggests that
public options can be attractive for group travel, possibly due to
cost-sharing opportunities and social factors.

Travel time and distance demonstrated different effects across
transportation modes. For rail travel, both factors showed positive
coefficients, indicating that rail is preferred for longer journeys
where its speed advantages become more valuable. In contrast, travel
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FIGURE 4
SHAP contribution by mode-car.

time showed negative effects for paratransit, suggesting this mode is
preferred for shorter trips, likely due to its higher cost per distance
compared to other public options.

5.1.2 Comparison of analytical methods

The performance comparison between traditional statistical
modeling and machine learning approaches revealed compelling
differences. Machine learning methods consistently outperformed
the MNL the best-
performing ML model (CatBoost) achieving 94% accuracy

model in prediction accuracy, with
on test data compared to substantially lower accuracy for the
MNL model, particularly for car (65.60%) and paratransit
(48.86%) modes.

The confusion matrix analysis revealed a systematic bias in
the MNL model toward predicting bus usage, with substantial
misclassifications of car and paratransit users as bus users. This
limitation suggests that the MNL model, despite its theoretical
foundation and interpretability advantages, may fail to capture
complex, non-linear relationships and interactions that distinguish
different travel modes.

Among machine learning approaches, CatBoost demonstrated
superior performance on test data, achieving 94% accuracy,
while Random Forest performed best on the full dataset
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with an accuracy of 99.83%. This variation highlights
the importance of model selection based on specific data
characteristics and analytical objectives. The SHAP analysis
provided wvaluable insights inte how factors influence
specific travel modes, capturing nuanced relationships that
complement the more straightforward interpretations from the

MNL model.

5.2 Comparison with previous research

OQur findings broadly align with previous research on
elderly travel behavior while providing new insights specific to
the Thai context. The importance of economic factors (travel
cost and income) in elderly travel decisions is consistent with
Luiu et al. (2018), who identified financial considerations as
critical determinants of elderly travel mode choices. Similarly, our
finding that travel time significantly influences mode selection,
particularly for rail travel, aligns with Holmes et al. (2024), who
noted that certain elderly groups prioritize journey duration over
cost factors.

The superior performance of machine learning methods over
traditional statistical approaches mirrors the results of Huang et al.
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(2024), who found that machine learning provided greater accuracy
(94.30%) than MNL models in predicting elderly medical travel
choices in China. Our study extends this finding to general travel
behavior in Thailand, with similar accuracy levels (94% for CatBoost
on test data and Random Forest on full data).

‘The high usage of bus services (48.4%) among ‘Thai
elderly contrasts somewhat with findings from urban China by
Wei et al. (2024), likely reflecting differences in transportation
infrastructure and urban development patterns between the two
countries. However, the influence of physical capabilities on
travel choices is consistent with Shi et al. (2024), who identified
physical characteristics as significant determinants of elderly
mobility patterns.

Qur findings regarding the importance of having
companions for public transportation use provide an interesting
counterpoint to Zhang et al. (2024) identification of distinct mobility
patterns between urban and rural elderly in Japan. While our
study did not specifically compare urban and rural populations, the
strong effect of companions suggests social factors may transcend
geographical contexts in influencing elderly travel behaviors.

The high accuracy of our Random Forest model (99.83%
on full data) is comparable to Hong et al. (2024) achievement
of 92.30% techniques in South

accuracy using  similar
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Korea, and Champahom et al. (2025) 94.20% accuracy using the
Logit Model approach in Thailand. This consistency in model
performance across different Asian contexts suggests that advanced
analytical methods can reliably capture elderly travel patterns despite
cultural and infrastructural differences.

5.3 Methodological implications: MNL vs.
machine learning

The comparative analysis of traditional statistical and machine
learning approaches provides important methodological insights
for transportation research. While the MNL model offers
theoretical grounding in utility maximization principles and
readily interpretable coeflicients, its predictive limitations suggest
that it may not fully capture the complexity of elderly travel
decision-making processes.

Machine learning methods demonstrated superior predictive
performance, with all three algorithms (XGBoost, Random Forest,
and CatBoost) achieving accuracy rates exceeding 90%. This
advantage likely stems from their ability to identify non-linear
relationships and complex interactions without requiring explicit
specification. The automatic handling of variable interactions in

20 frontiersin.org
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tree-based models represents a significant advantage over the MNL
approach, where interactions must be manually specified based on
prior theoretical assumptions.

However, the traditional criticism of machine learning as a
“black box” approach with limited interpretability was partially
addressed in this study through feature importance and SHAP
analyses. These techniques provided insights into the relative
importance of different factors and their specific effects on each
travel mode, enhancing the interpretability of machine learning
results. The consistency in feature importance rankings across all
three machine learning models provides robust evidence regarding
the key determinants of elderly travel behavior.

The complementary strengths of traditional statistical and
machine learning approaches suggest
both methodologies. The MNL model offers a theoretically
grounded framework for understanding travel behavior, while

value in employing

machine learning provides superior predictive accuracy and can
identify complex patterns that might be missed in traditional
analyses. This dual approach can provide more comprehensive
insights than either methodolegy alone.
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6 Policy implications for elderly
transportation

‘The findings of this study have several important implications
for transportation policy and planning for elderly populations in
Thailand. The identified determinants of travel mode choices suggest
specific areas for intervention to enhance elderly mobility and
quality of life.

6.1 Economic accessibility

‘The paramount importance of travel cost and income in elderly
travel decisions underscores the need for affordable transportation
options. Policy measures could include:

« Targeted subsidies: Implementing or expanding fare reduction
programs specifically for elderly passengers could significantly
increase public transportation usage among this population,
particularly for lower-income individuals.
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« Income-based fare structures: Developing differentiated Travel buddy systems: Establishing volunteer programs pairing
fare systems based on income levels could make public  mobility-limited elderly with travel companions could increase
transportation more accessible to economically vulnerable  confidence in using public transportation.

elderly while maintaining financial sustainability.

Integrated ticketing systems: Creating seamless payment
systems across different transportation modes could reduce overall 6.3 Mode-specific enhancements
travel costs for elderly who use multiple modes for a single journey.
The distinct patterns identified for different transportation
mades sugges! targeted improvement opportunities:
6.2 Social dimension of travel

« Bus services: Given their high usage rate (48.4%), enhancing

The significant influence of travel companions on mode choices accessibility features, increasing route coverage in areas with
highlights the social dimension of elderly transportation. Policy high elderly populations, and improving comfort could further
interventions could include: increase utilization.

« Rail services: The preference for rail among longer-distance

« Group travel incentives: Offering discounts or special services travelers suggests potential for expanding services connecting
for elderly traveling in groups could encourage public major healthcare facilities, shopping centers, and recreational
transportation use and support social connectivity. destinations frequented by elderly.

+ Community transportation programs: Developing community- Paratransit: The significant use of paratransit options
based transportation initiatives that facilitate group travel for (23.6%) indicates demand for flexible, door-to-door services.
shopping, healthcare visits, or social activities could enhance Formalizing and regulating these services could improve safety
mobility while addressing social isolation. and reliability while maintaining their flexibility advantages.
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6.4 Infrastructure and service design

The identified travel patterns and preferences suggest specific
infrastructure and service design considerations:

» Temporal planning; With 64.4% of elderly using public
transportation during early morning to morning hours,
service frequency and capacity planning should prioritize
these periods.

Accessibility enhancements: Given that 41% of respondents

reported physical disabilities, universal design principles
should be incorporated into all transportation infrastructure
and vehicles.

Information systems: Developing clear, accessible information
systems about routes, schedules, and fares could address uncertainty
that may discourage elderly from using public transportation.

7 Limitations and future research
directions

While this study provides valuable insights into elderly travel
behavior and methodological approaches, several limitations should
be acknowledged. First, the cross-sectional nature of the data
captures travel patterns at a specific point in time and does not
account for potential changes over time or seasonal variations.
Longitudinal studies tracking elderly mobility patterns over
extended periods could provide mare comprehensive understanding
of how travel behaviors evolve with age and changing circumstances.

Second, the sample, while geographically diverse, may not fully
represent all elderly population segments, particularly those with
severe mobility limitations who may be underrepresented in public
spaces where recruitment occurred. Future research should employ
sampling strategies specifically targeting homebound elderly to
understand their transportation challenges and needs.

Third, while the study employed both traditional and advanced
analytical methods, it did not incorporate qualitative approaches
that could provide deeper insights into decision-making processes
and subjective experiences. Mixed-methods studies combining
quantitative analysis with in-depth interviews or focus groups could
enhance understanding of the psychological and social dimensions
of elderly travel behavior. Future research directions could include:

« Cohort analysis: Examining differences between age cohorts
within the elderly population could identify how travel
preferences and behaviors might change as current middle-
aged adults transition into older age with potentially different
technological proficiency and transportation expectations.
Technology adoption: Investigating elderly adoption of
emerging transportation technologies, including ride-
sharing applications, mobile payment systems, and real-time
tracking, could inform the design of more accessible digital
transportation services.

Climate considerations: Exploring how Thailand’s tropical

climate affects elderly travel patterns and meode choices
could identify seasonal variations and inform climate-adaptive
transportation planning.
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« Comparative analysis: Extending the methodological
comparison to include additional machine learning approaches,
such as neural networks or support vector machines, could
further advance understanding of their relative strengths for
transportation analysis.

» Geographic (GIS)

Incorporating spatial analysis to examine how transportation

accessibility varies across different regions and how

geographical factors influence elderly travel choices could
enhance the contextual understanding of mobility patterns.

information  system integration:

Despite the strong predictive performance of machine learning
models in this study, potential limitations must be acknowledged.
Machine learning approaches, including Random Forest, XGBoost,
and CatBoost, are often criticized for challenges in interpretability
and the risk of overfitting, particularly when the models are trained
on specific datasets without sufficient generalization testing. Future

studies should incorporate techniques such as cross-validation,

regularization, and explainable AT methods to mitigate these ris
and enhance transparency for transportation policy applications.

Furthermore, while the sample is geographically diverse within
‘Thailand, the findings may not fully generalize to other countries
with different transportation infrastructures, cultural contexts, and
elderly care systems. Expanding future studies to include multi-
country comparisons within the ASEAN region or globally could
enhance the external validity of the findings.

While health-related factors, including chronic diseases
and physical disabilities, were incorporated into the survey
and descriptive analysis, the study did not conduct an in-
depth examination of how these specific conditions directly
influenced travel mode choices. Future research could further
investigate the relationships between various health limitations and
transportation behaviors, particularly focusing on the accessibility
requirements and safety concerns of elderly individuals with
mobility impairments.

Additionally, the face-to-face survey method may have
inadvertently excluded elderly individuals who are homebound or
severely mobility impaired, potentially introducing sample bias.
Future research could address this limitation by incorporating
telephone surveys, online surveys, or home-based interviews.

Lastly, while this study touched upon economic and physical
factors, the broader social context such as the role of family
caregivers, the effects of social isolation, and community support
systems also plays a crucial role in elderly transportation choices.
Environmental factors such as infrastructure quality and climate
conditions remain important dimensions that merit further
investigation, particularly in developing inclusive transportation
systems for aging societies.

In conclusion, this study provides valuable insights into the
factors influencing elderly travel mode choices in Thailand and
demonstrates the complementary value of traditional statistical and
machine learning approaches. The findings suggest that economic
accessibility, social dimensions of travel, and tailored mode-specific
enhancements should be prioritized in transportation planning for
aging populations, By addressing the identified determinants of
elderly travel behavior, policymakers can develop more inclusive,
accessible transportation systems that enhance mobility and quality
of life for this growing demographic group.
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