N15Us2YUIVINTTLAULIR ATIN 18 umAInendesuiguasuga 2096

9 - 10 n3ngAu 2569

a ¢ v aa ' a =1 v v A vy
ﬂ’]i’]Lﬂi']S‘VI{]QQEJ‘VI&INa(5]E]ﬂ’J’]&lL‘VI‘LIEJ’)‘UENQqﬂﬁl'é]W‘iJ—Lﬁ’]?J'éNﬁSUUIﬂ‘Nﬁ‘J’NLLNuW‘N‘liﬂ’]u

melauruaulnadlsnisiseuivaanios

U U’ Adle endlug’, LnYIuns ¥nlew’ uay a@vied 8amIinn?

fan3yimngsules) AueInemansiasinalulad inninetdesviguasugy
2n1A3Y3mINTIules) ANEIMNTINAENT WINEIREmAlLLAENTEIRUNATUYS
ANYIYIATANARSYNANNTIN AEINemansuazinalulal InTIvedeTUiguaTUgH

*eknara@webmail.npru.ac.th
UNANE

aussnuzunuuHuAulmvesssuulassadusiuiuliay (Flat Plate Systems) Jusgiungiinssuveagn
soszvitsiuwasandundn ulissuilassadutasditeldiuiouludaninenssy winnuneguonsios
9nusadieunya (Brittle Punching Shear Failure) Athandsaundesiddyvazinuiuiulm nmsianudila
Hadeiifinasionnuaninsalunisiuiles (Displacement Ductility Capacity) mawmiama'wf? Jafinnusnduegneda
somssenuuulassaidlivasndy msnuillfinefaniaidouivoneies (Machine Leaming - ML) iionsaadou
armdiiuduuuliidaduiidudeussnianninesmdassadieingg funrumisosgeadeiu-an Tasding
nusmgudeyaiinseunquainuanismaaeduefin uenaint daléldi8nsdadenaadnue (Feature Selection)
vaneFULUU Llesyyradudsiiddvdnasonumilonnniign wadndanmsanuliteyaidedniferiutadodi
NaRaANLUSIE U (Fragility) L%qLwiuﬁulmsuaﬂmaa%ﬂqﬁuﬁmﬂu{]wﬁu wazdunumdunmaifiausyaninm
nseonuuUaReiu-aliiaumiledmivlassaisivzieaislmllueuan

¥

AdAgy: sruuiulinu ukudulv gadeu-ia avuwmilen Mmaleuivennied

a o o v a

WinnssunsITegdinudaniezuaznsiauieg19dsdy



NFUTEYNIYINTTLAUBIA AT 18 W InedessiguasUgy

9 - 10 n3ngAu 2569

Machine Learning-Based Analysis of Factors Influencing the Ductility of Slab-

Column Connections in Flat Slab Systems Under Seismic Loading

Eknara Junda®’, Kanit Akanit?, Ketsarin Chawgien® and Sutat Leelataviwat?

'Program of Civil Engineering, Faculty of Science and Technology, Nakhon Pathom Rajabhat University
“Department of Civil Engineering, Faculty of Engineering, King Mongkut’s University of Technology
Thonburi
*Program of Industrial Education, Faculty of Science and Technology, Nakhon Pathom Rajabhat University

*eknara@webmail.npru.ac.th
Abstract

The seismic performance of flat plate structural systems is primarily governed by the behavior of
slab-column connections. While these systems offer architectural advantages, their susceptibility to brittle
punching shear failure poses a significant risk during earthquake events. Understanding the factors that
influence the displacement ductility capacity of these connections is essential for resilient structural design.
This study utilizes Machine Learning (ML) techniques to investigate the complex, non-linear relationships
between various structural parameters and the ductility of slab-column joints. A comprehensive database
of experimental results was compiled. Several ML-based feature selection methods were used to inform
the most influential features. The findings offer insight into the features that affect the seismic vulnerability

of existing flat-plate structures and how to optimize the design of new ductile slab-column assemblies.
Keywords: Flat Slab System, Earthquake, Slab-Column Connection, Ductility, Machine Learning
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du Ao Teyadmsullnauuuudiaes (Training Set) S1uau 111 degs Ealufesay 80) wardoyadmiunaaey
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2.2.1 Sequential Forward Floating Selection (SFFS)
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2.2.2 Least Absolute Shrinkage and Selection Operator (LASSO)
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Methodology Feature names MSE (%)
SFFS VAV, f, £, S P, Py 1.59
LASSO VNV, d, fc, f, 1.75
Random forest VAV fi P fC, P 1.31
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