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Abstract - Due to the complexities associated with the interaction between steel tube and concrete filling, more advanced re-
gression models are demanded to predict the compressive strength of concrete-filled steel tubular (CFST) columns. Super learn-
er models including various advanced ensemble learning methods, namely, random forest regression (RFR), an Adaptive Boost-
ing (AdaBoost), Gradient Boosting Machine (GBM), eXtreme Gradient Boosting (XGBoost), Light Gradient Boosting Machine
(LightGBM), Categorical Gradient Boosting (CatBoost) are presented to determine the ultimate axial strength as the output vari-
able while the strength of material and geometry are the input data. A total of 1,730 tests, which is divided in two datasets, is
trained and tested in the metamodels. The comparison of the present results and those from the design code (AISC 360-16,
Eurocode 4, and AS/NZS 2327) indicates that the 10-fold cross validation results of the super learner methods show very high

prediction accuracy in terms of four performance measures.
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Table 1. Experimental specimens of circular CFST columns

. No. of
Dataset Loading type Member type PN T
Short column 659
1 Concentric
Slender column 586
2 Eccentric Beam-column 485

Dataset 12] short column¥} slender column< 2+2+ L/D
<49} L/D > 49] 395 ovIsiv] L} D= A2 A1 H =
o]o} 1% ¢ ] v A F= KRlt(Fig. 1). Fig. 201
A= Dataset 19] L/D BE2E Jehf 1 Qith. L/D < 491 ﬁo
92-9] short columnS 25 65971 9] Hlo|E4~& 7}A] 1L
o YHZ] L/D >4 7392l slender column®] EIX = 4_7::
Sgre] 5071 ThopshA Baslojglet,

Concrete —

~ Steel tube
/ (circular hollow section)

Fig. 1. Circular CFST column
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Fig. 2. Histogram of L/D from Dataset 1

Dataset 2+= T A5} 0 & Q15}0] H-7]5(beam-column)
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HZAE YEPWAL 9lom 7 Hapo] Bare v doj
A A8 MaTitt.

Table 2. Summary of input variables in Dataset 1 and 2
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Dataset 0 ! L ¢ % fe
(mm) (mm) (mm) (mm) (MPa) (MPa)
Min. 445 0.5 152.4 - 178.3 7.6
| Max. 1,020.0 16.5 5,560.0 - 853.0 185.9
Mean 158.8 4.3 1,055.1 - 335.7 47.5
Standard deviation 104.8 2.5 1,000.3 - 91.0 30.7
Min. 76.0 0.9 284.5 4.0 185.7 18.4
5 Max. 600.0 16.0 4,956.0 300.0 517.0 176.8
Mean 143.3 4.2 1,758.5 39.9 327.7 51.3
Standard deviation 55.8 2.0 1,042.3 34.3 59.0 26.8
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Fig. 3. Violin plots showing the distribution of Dataset 1

Fig. 4. Violin plots showing the distribution of Dataset 2
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Fig. 5. Correlation matrix heat-map of
the features in Dataset 1
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Fig. 6. Correlation matrix heat-map of
the features in Dataset 2
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+  Coefficient of determination (R*):
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* Root mean square error (RMSE)
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E= ;;(ti y,—)2 (6)

* Mean square error (MSE)
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* Mean absolute error (MAE)
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4.2 Dataset 1

Table 3+ Dataset 19]] T3t A3gHS HojaEa1 Qi A
S 2 EA|S XGBoost, LightGBM, CatBoost2] A=
oPgE BEe RO 2RSS 1) e A3 F

r°l'

Table 3. Comparison between the performance of SL(super learner) with several ensemble methods (test results for Dataset 1)

RSHEG) oy AdaBoost GBM XGBoost | LightGBM | CatBoost [SL-RAGXLC| SL-XLC
indicators
R 0.982 0.984 0.994 0.996 0.994 0.996 1.000 1.000
MSE | 313,801.071 | 146,937.568 | 82,751.150 | 67,990.549 | 68,725.454 | 48,002.295 | 3,699.085 | 4,135.777
RMSE 513.015 371.535 271.501 244.758 256.215 208.634 57.613 61.600
MAE 211.942 246.093 109.842 112.948 122.462 100.551 19.706 30.701

A28 = A34E AR E(EE A1778) 20224 44 105



ZASES Hol=491 3719 ¢arE|Eoelth o1 U=
6719] = e BdZ ARt 739 SL-RAGXLCEH 4
9 372 23 SL-XLCE W31 0™ Table 304 A3+
ZFS BoIsh 2= 9l

SL-RAGXLCE} SL-XLCQ] F8-= A A5 1.0009] Zk
= 7K 2 dE5ES ERoH tE B7He g B
T PAHS PR RDE Al A0 vlmle

2w 4T P BT 53] BE PYE 7Y 27
3} SL-RAGXLCS] A9} A19] 371 Zel S A&} SL-XLC
9] A= ti54A0]5lH SL-RAGXLCS] 737} MSE =
3699.085, RMSE = 57.613, MAE = 19.706 2. & T &
Agkg BT Fig. 72 101 9] AT g2 3 R

A3qgko] gt ¥hA- A7 EF(box-and-whisker plot)S
Rl glos 53 2y BEso) 1 2 58S
B9 &% gk

Fig. 82 A 7}A] 7]7(AISC 360-16, Eurocode 4, AS/NZS

2327 351 A3} SL-RAGXLC A3zke] v w35+
1.00 i’ =_‘E: = _—= ——
i;i ? o e

0.98 EI e °

— o

3

% 0.96

& 094
0.92

o

RFR Ada GBM XG Light Cat  SL-  SL-
Boost Boost GBM  Boost RAGXLC XLC

Fig. 7. Box-Whisker plots of the 10-fold cross validation
for the super learner methods (SL-RAGXLC/SL-XLC)

compared to standalone ensemble models using Dataset 1
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Fig. 9. Effect of steel yield strength on the predictions of
SL-RAGXLC and code for Dataset 1
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Fig. 10. Effect of concrete compressive strength on the
predictions of SL-RAGXLC and code for Dataset 1
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Fig. 11. Performance comparison of ensemble models
using correlation coefficient (R*) with 10-fold cross
validation for Dataset 1

4.3 Dataset 2
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Table 4. Comparison between the performance of SL(super learner) with several ensemble methods (test results for Dataset 2)

Pf;fi‘f;‘(’fr‘;e RFR AdaBoost GBM XGBoost | LightGBM | CatBoost [SL-RAGXLC| SL-XLC
R? 0.940 0.954 0.932 0.958 0.948 0.963 0.999 0.999
MSE 32,364.409 | 31,753.936 | 39,044.021 | 26,347.094 | 34,365.872 | 24,467.605 393.512 415.452
RMSE 173.407 164.654 175.607 147.356 164.014 139.200 18.961 19.554
MAE 83.931 83.340 67.999 68.666 74.252 62.811 7.376 10.043
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Fig. 12. Box-Whisker plots of the 10-fold cross validation
for the super learner methods (SL-RAGXLC/SL-AXC)
compared to standalone ensemble models using Dataset 2
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Fig. 13. Correlation (Q-Q plot: quantile-quantile plot)
between measured and predicted output of Dataset 2
using SL-RAGXLC model
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Fig. 14. Effect of steel yield strength on the predictions of
SL-RAGXLC and code for Dataset 2
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