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Explainable machine learning model for strength-component
correlation analysis of high-performance concrete
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Abstract: The strength of high-performance concrete has an intricate relationship with its components. It is
evident that traditional black-box models are characterised by an absence of interpretability. As a result, they fail
to reveal the actual dependency between concrete strength and its components. Using a large sample dataset of

high-performance concrete, machine learning models are constructed and optimized with the Hyperopt
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algorithm. The models are integrated with SHAP explainability techniques and feature dependency algorithms.
A visual representation of the nonlinear relationship between the strength of high-performance concrete and its
components is calculated. Furthermore, the interaction and coupling effects between multiple components are
examined. The results indicate the following: Hyperopt-extreme gradient boosting model is a trusted machine
learning model with high accuracy and robustness. Among the eight components(factors), age, cement, water
and slag play a key controlling role in compressive strength, and their relationships with compressive strength
satisfy the exponential function, power function, Gaussian function, and exponential function, respectively. At
the same time, there is a significant interactive coupling effect between the four key factors; the interaction
curves between age and cement, water, and slag adhere to the LogisticCum, LogNormal2D, and Power2D
functions. The interaction between cement and water, as well as between cement and slag, conforms to the
Poly2D function, while the interaction between slag and water conforms to the ExtremeCum function.

Keywords: high-performance concrete; Hyperopt hyperparameter optimization; explainable machine learning;

interaction effect
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Fig.1 Overall framework of prediction model for high-performance concrete

TEEARG B ) L e 70 3R 4 MU SRR A . Rl
Jei o HE RFEAR KOG 45 0 A EREHLARAK B4R T 2
SRR LR T AR v B B T A R L g A I AR A
% W Hyperopt 8 i i 17 8 Z 8L b, ) &
Hyperopt-#lL a2 B AL SR PeE REU(R?) 1057
R % (RMSE, Erys) B4R 22 (MAE, Eya) 3
ASVEAN AT R 4 Bl AL 27 > 1558 1) T 0 % e 2E A7 0T
Ay, 7 3 000 A4 AE A PG O AL 2% 2 SRR L e b b
TSR T A B IE e R R AT R
AR WA BRI, 8 A X A DG S AR 3 M A A5 AR
HEAT R RN o BE A5 . BT, T SHAP A fift B4
ARG F RIS AE M ko m iR+ 55 4
g3 (3R Z (B B A0 SC P AT 4 Jmy 5 Ja 0 4 F1E i e o
1.2 AEARBIBENBFED N

KAEAE I A2 U5 8 SCik (2008 19 1 030 41 i vk
FE VR BE 1 0 3 -2 43 B0 2 B0 A TR T IR 4 e
PR 25 IRV o3 BE ML 2 20 B e v, S A S 80k
e PR R VR BE 1 45 4 4 SO IR S IR R A 4R K
AP R R K O K R R R L 4
BE 1A 8 R S8k, th S B0k e R BB VR BE 10
Pt

F 5% 2 BRUT, i SR AR AL i A 50 (D 45 5% g [
) Z [ALAFAE AR OGP, 25 5 SO AL i Tt ) A fige e
REAR 22, N5 | 22 B IR 4R PR 7 Ia) B kg {4 SiE 95 30
RS TR (1 AT SE M AN B S 500 ) ) 2 A G R 8K
NI T 0. 8, 3 F Ik, R FH Pearson £k 1 4 5 & %
XoF JT A A 1 R AR R A5 i A\ S B AT MR AR G M )
B, an B 2 R o B e AR SR IEAE G, S fE AR SR
ARG B R/ R AR 5C R B R/ BB, 3%
BF 2 1 A DG R B ey

2 0T 0L, K8 B i R B K LK R AR K
)RR R 2R RIS 0 A S i A S B0 R) ) AR
REBIE/NT 0.8, REAE Z T L7 1 [n] L, s
JEAILAS 2% 2] BB R Y SR . R, H B 2 358 W] A

-0.16 -0.17

£ z =
®= & &
® §

BRI

&
2 Pearson 83X 4 # &

Fig. 2 Pearson correlation analysis diagram

B Tk AR TR P R B S K U8 = T R K
RN 0,50, A2 it A7 4 43 v 5 0 5 5 AH DG R B0
o FE B TR K 5 BT SR 22 TR B A G AR R
AN LR S R BUAL —0. 11, 8 Ff A & 15 Bt R 5R B
Pearson £& P A1 3¢ 2 B0 K /N1 HE S K U8 = 1 28008
KT = 5y 399 = K = 40 i Rk > R R > 4l R >
>R K
1.3 SEEER B 58 E i f9 1M 55 4R

HE ZEU(R?) 7 iR 25 (RMSE) F ) 46 %f
25 (MAE) /2 HL A% 2% 21 000 455 780 44 2 v 9 F
A8 BRI, Ho R 38 7R A A 1 o o AR L LU
TE O~1 Z ], 4322 3 T 1 38 W 750 400 4 7 B 07
RMSE J W 7 10 A8 5 52 Br {8 09 I 25 72 & s MAE
Feom S B 5 0N =2 ) 1 22 14 4 X3 (B 7Y 7 244
AT LB A AR AR T S A Y 25 B R
RMSE MAE j#/IN, 3% BB R (4 400 & 72 B i 4o
1.4 Hyperopt-HRin# R A RENHEE

B HIL AR AR L0 R AR T B e R AR T R A
Tofs JBE B2 T2 B 0 26 B2 2 2T B Sy fF — 25 4
TR 5 1 B, % H] Hyperopt 15 A6 4 AR XiF 4 Fif 455 #
3  HEAT R S B AR O (8 FH AR Ak IS 08 B2 27 2T B
TR R AR B 45 T 19 v M BB TR BE 1 P e B



% 44

B AR, AR LR T 20 5 AR XM 5 AT H T MR AL S F AR 213

T E . %A R . RMSE .MAE =/ ¥E# $8 5

100
o JIZEE e
o Jilik%E <z

8
o
wd

TN/ MPa
& 3
°
0
5
°
°

%)
=]

o o R RVMSE MAE
IIZEEIEIEhR 098 2.09 137
WREIFN bR 087 531 3.7

20 40 N 60 80 100
HIE/MPa

(a) Hyperopt-Fifi Il 2 A %I

S}

© IR s
o i -

40 .
° (]
o
° e, ° R RMSE MAE
WIGHEFEEHE 099 151 09
WABEIEN SRR 092 433 275
0 20 40 60 80 100
FLSL{H/MPa

(¢) Hyperopt- e 066 i 42 FH A5 Al

T {E/MPa

1)
=

X T 25 R AT R P, A 3 FT R .

© Lt 27
sol Mg -

T/ MPa

4 R RMSE MAE

O PILHELAGHR 099 149 0.92
WIREEENEPR 092 422 271

0 20 40 60 80 100

HYHAE/MPa
(b) Hyperopt-Ff £ £ FH 5 #4

20 oo

o iIgE -,
o HigE 47

T {E/MPa

%)
=)
Q

R RMSE MAE
GSEITRAGRR 099 454 093
ARSI 093 414 268
80 100

0 20 40 N 60
HIE/MPa

(d) Hyperopt-H v 15 1 #2 FH 55 7

3 Hyperopt 1L J5 4 FhHL 35 5 =) A B T 14 &8

Fig. 3 Predictive performance of four machine learning models optimized by Hyperopt
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