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Spearman rank correlation coefficient heatmap
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Table 2 Model hyperparameter optimization results

Model type Hyperparameter Before optimization  After optimization Before/After optimization’s R Optimization method
ANN Learning rate 0.001 0.010 0.:0.82/0.82
Hidden layers 4 2 0.:0.74/0.83
Epochs 250 2500 £4:0.72/0.88
INN Optimizer Adam Adam Experi-ence—based/
Epochs 250 5500 6.:0.96/0.99 Grid search
Batch size 64 32 0u096/0.98
£4,:0.98/0.99
Learning rate 0.010 0.001
SVR C 1000 100 ::0.70/0.82
Kernel type Rbf rbf 6:0.60/0.75
Epsilon 0.01 0.10 £0:0.60/0.71
GBRT N-estimators 500 190
Learning rate 0.018 0.019 6.:0.80/0.91
Max depth 8 6 61.:0.86/0.90
Min samples leaf 10 3 £0:0.81/0.93 Grid search
Min samples split 2 4
XGBoost Max depth 10 3
Learning rate 0.2 0.1 6::0.90/0.92
Colsample bytree 0.5 0.7 61:0.87/0.90
Gamma 0 0 £4,:0.88/0.96
Subsample 1.0 0.5
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Fig. 2 Predictive accuracy evaluation plots for the five model types
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Table 3 Evaluation metrics (R?) for target performance
prediction models
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Fig. 3 Feature importance analysis based on SHAP values for target properties



+ 830 - CRERR Sh2230)

J Chin Ceram Soc, 2026, 54(3): 823841

2026 4F

HH P 3b AT I, FEFN EGC PifusmfER;, FTS.
AAM. AAD. FLD f1 FL 23 IE[A7THk, GGBS.
W/B fil S/B M 2 F [ 5Tk 50 EGC Fihr i 1)
BEBEAREAREPIRRA . WG E . BRI
NGRS 5, o AR 4EHTRL S 2 X% EGC $iihr
5V JEE BN d 25 (AR o, IR TR AT S A
RIGHT, P 5 £ 2 A 5 A ROt SIS 4%
i, (k2 REETT R, MR I B S e AT
PR o AF YRS B R B I S I AR 2RV ERHAIE
BRI, A4S KIEMEER: B
B E G 5 R AT YRR R, BRI S, 2R
MM R BE . BRSO R Y = S B E T R
RS B ST AR B, SR R B )
(1) A= Bl RN AR B B AR, BT X AR P AR
32 K ¥ {1V )RR G 7 ED U 578 (PR E R I
K2 NBRILZEH, BB A2 5] NRERIE 1)
RGN, FEMBHERZ TR AR S i
%R, ISR .

H &l 3¢ ] W, EGC [ fi AR 28 3= B2 20 4
AR T W R e o Horbr, R 46K FE(FL)
R AEPURL R (FTS) R FIB L (AAM) £F 4
K42 LL(FLD) M 41 45 5 (FC) 2 L &2 2 1 [ v ik,
MK LL(W/B) W #1352 (GGBS) AL /K 15 2 (SF)
T3 A7 T 200, 3K R T8 e ) AR 4 b o g
RS (R IE R N 2 B4R Y B, B S 4T 4 i F
2y MK LR 4ERE K 7R X 38, AT F TR fif
PEREDY . Tl 2 3 i A ORI AN S B
PE =R A pH AH , TR M SR A S N ERE
HAERUE 2 N-A-S-H %R, DAMGoRsfhanfE; 5
I R BT, IR A 51 A 5 W) 7K A Tk TR A 1 45 4
A 38 0 P[RR F AR A8 A4 R E dor Ao A2 Hh %
AR E B RS R AL, 2E T 2E EGC (1 hi
PERELS TS K B AT 15 R 3 0 £ R AR R R
R AR 2R, X RSB N 4R 4k 5 344k
() F T L U X 554k %

24 TEXHFMM

Nk — S HE T EER LS HT EGC MEREMAS
Hgma, SR Re e AR M HERT 4 MRRIEREAT RS
BN T B, SRS EGC Pt k50 5
W HEATHR Y, 45K 4. HIE 4 7T, #£ GGBS
5 AAD WAZ AR T, 45 EHIT 6%, —
R B PRI RN, X YE T R
WA i VR 4H 73 B A B A8 40 IR AR SR -4 3R IR, {2
BB AR RO SR, SRS

3%}, HpuE5RE R EILT 6% 9% =4, &
AR 2 B 75 4R R TE 6% LA 1, AR T EGC 1
PUHBRSE, KT b BB ) SR A 5 R k55

HE 4 AT W, GGBS Al AAM 2 [8] LA HARE
s, B2 AAM U8 1.2, GGBS &/MF 60%
B, SRERFAIR. XKW, ZUERAE I &
(B R . I 4 HATLLE HH GGBS 5 FTS (A1)
KFR, MRMGRELALERS, 0B EEINGE% A %
PETFORAE, XA PR I A 5 o P 4 4 2 [1)
(PSR A ERE TR, 45 N ) Refs A ki, M
ISP E A FDRREE 1 R T, M2 , &
550 JiE T 4 T LT O AH . 1Y) v o A A e e o R A
WARIER, 5 WTE S R 15 X 484 th I B 1 K
IR

>
S
o 128
512
e 118
107
s
- 97
£ B
S 15 -76 2
2
- 65
12 4
55 £
] 3
S 34
8 6
<
< . 24
3

0 25 50 75 100
GGBS/%

B4 XA B4 e otk FE fh s A
Fig. 4 Influence patterns of dual variables on compressive
strength

Bl 5 AREESHON EGC Bohi s B (152 Bl
#ill. BI85 AT WL, EGC HIFLHL R 5 4 4Efihn s
JEZ 1A JF AR B A et R R AT R PR 9B AR
T 2000 MPa I, 47047 56 P i B = B8 AR 55 48
174 2 3R T, R B B AR 5 21 4 2 (Rl 7 AE R 4F
OB R o BRI, 22k 2 5 A B T A 5
s AE T, B R IR T AR E TR TR
B H A 2f Yeom g 5 IR om FEANUL LIS, kst
LFYESRIE AN RE R T AR PR R
BB R, RS R X R KRR
TN B K Bk E) 0.8 I, BEARGTHLE
5 iR L R IEAR G, (H 8 00HE B 2 R TR



25455 3

FREIA 55 FET X HARE R VERE I R R B SRR RE AL B « 831 -

BB AL, X 3 B TR K SR )
FEARBREERUG, BB EE AT, B R AR
KB RIEAR, BOR AR S R AE A LU 0 K%
459 52 & APRHE AR 0T AR R 27 2 558 52 T B AT 3R A5
B UL AR o

—_—
[>.2)

AAM/mol
i

1.2

3

<
5
S 6%
2 5§
< 2
x
=}
5]
3 =
2
£
S 1
<
= 0

0 500 1000

1500 2000 2500 3000
FTS/MPa

BSOS B HUhn o B s LA

Fig. 5 Influence patterns of dual variables on tensile strength
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Table 4 Comparison of Predicted vs. Actual values for target properties

Variable Predictied value Actual value
GGBS FA SF AAM AAD S/B W/B FC o Ow ew/% o, Ow ew/%
0.50 0.5 0.00 1.5 0.06 0.25 0.38 2 78.5 7.5 7.12 82.9 6.8 7.50
0.70 0.3 0.00 1.5 0.06 0.25 0.38 2 95.6 8.6 7.08 95.4 7.9 7.70
0.60 0.4 0.00 1.5 0.06 0.25 0.38 2 87.9 8.2 7.13 86.3 7.7 8.20
0.50 0.5 0.00 1.1 0.06 0.25 0.38 2 75.5 5.8 5.79 72.6 5.3 6.60
0.50 0.5 0.00 1.3 0.06 0.25 0.38 2 77.5 6.7 6.42 74.5 59 7.40
0.44 0.5 0.06 1.5 0.06 0.25 0.38 2 68.4 5.7 7.38 72.9 5.7 8.00
0.50 0.5 0.00 1.3 0.06 0.25 0.36 1 74.5 59 6.32 70.8 53 7.10
0.50 0.5 0.00 1.3 0.06 0.25 0.38 1 72.4 5.7 5.79 76.4 6.0 6.60
0.50 0.5 0.00 1.3 0.06 0.25 0.40 1 74.5 5.6 5.42 79.9 6.6 6.00
0.50 0.5 0.00 1.3 0.06 0.30 0.38 1 70.5 5.5 5.78 76.4 5.8 6.60

Note: In the above mix proportions, the values of the three parameters FL, FLD, and FTS are identical, being 18, 0.75, and 3000, respectively.
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Table 5 Parameter constraints for multi-objective optimization
Variable GGBS FA SF S/B W/B AAM AAD FC FL FLD FTS

Min 05 0 0.00 00 022 086 4.08 0.75 12 0.0 1000

Max 08 1 012 1.6 042 225 9.00 200 20 1.5 5000
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Fig. 9 Relationships between the three target performance

variables
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Table 6 Generated mix proportions
GGBS FA SF AAM AAD S/B W/B FC FL FLD FTS o O &w  TOPSIS score
0.74 0.26 0.00 1.39 8.15 0.19 0.26 1.54 17.98 1.37 2945 89.09 8.24 9.38 0.37
0.75 0.25 0.00 1.39 8.15 0.19 0.26 1.54 17.97 1.37 2943 91.69 8.17 9.38 0.38
0.74 0.26 0.00 1.39 7.79 0.08 0.25 1.54 17.92 1.36 3000 87.10 8.24 9.67 0.40
0.77 0.23 0.00 1.39 8.12 0.08 0.24 1.53 17.96 1.37 3000 88.75 8.35 9.60 0.40
0.60 0.37 0.03 1.39 8.13 0.08 0.24 1.62 18.41 1.67 2872 89.36 9.27 9.24 0.44
0.68 0.29 0.03 1.39 8.13 0.01 0.24 1.63 17.84 1.67 2871 91.96 9.32 9.21 0.47
0.71 0.29 0.00 1.39 8.15 0.30 0.22 1.74 17.95 1.56 2937 105.29 10.37 7.99 0.56
0.71 0.29 0.00 1.39 8.15 0.30 0.22 1.89 17.96 1.55 2940 105.07 10.43 8.00 0.57
0.71 0.27 0.02 1.39 8.14 0.27 0.24 1.48 17.91 1.11 2936 98.93 9.92 8.87 0.57
0.71 0.27 0.02 1.39 8.14 0.26 0.22 1.49 17.90 1.33 3000 107.71 11.27 7.41 0.58
0.68 0.29 0.03 1.36 8.13 0.30 0.24 1.63 17.82 1.66 2880 108.72  10.16 8.21 0.59
0.74 0.25 0.01 1.39 7.95 0.27 0.24 1.53 17.95 1.36 2936 102.09 9.88 8.85 0.59
0.68 0.28 0.03 1.39 8.13 0.30 0.24 1.64 17.79 1.55 2878 102.51 8.71 9.79 0.60
x71 EREELL
Table 7 Generated mix proportions
GGBS FA SF AAM  AAD S/B W/B FC FL FLD FTS o O Eu TOPSIS score
0.74 0.26 0.00 1.39 8.12 0.10 0.24 1.53 17.97 1.36 3000 87.48 6.35 9.66 0.41
0.73 0.27 0.00 1.45 7.50 0.08 0.24 1.53 17.96 1.35 2856 88.32 6.52 9.58 0.41
0.70 0.30 0.00 1.39 7.78 0.10 0.24 1.54 17.92 1.37 2997 87.20 6.71 10.89 0.42
*8 EMESL
Table 8 Generated mix proportion
GGBS FA SF AAM AAD S/B W/B FC FL FLD FTS o O I TOPSIS score
0.50 0.50 0.00 1.1 8.4 1.5 0.3 1.6 133 1.3 2194 80 5 8 0.5
9 WiEk&L
Table 9 Validation mix proportions
Group w(GGBS) %%  w(FA)Y”% w(SF)*%  AAM w(AAD)% S/B W/B W(FC)% FL/mm  FLD/(mm-um™) w(Retard)%
MAX3 69 28 3 1.39 8.13 0.30 0.24 1.64 17.79 1.55 0.03
MAXS 70 30 0 1.39 7.78 0.10 0.24 1.54 17.92 1.37 0.03
TARV 68 25 7 1.50 10.00 1.00 0.36 1.00 19.00 1.30 0.03

Note: In the above mix proportions, GGBS, FA, and SF denote the mass percentages of ground granulated blast-furnace slag, fly ash, and silica fume,

respectively, with their sum defined as 100% of the binder content. AAM and AAD are parameters of the activating solution, and AAM is the modulus of the

alkali activator, AAD is defined as the mass ratio of Na,O to the total binder content, while S/B and W/B represent the mass ratios of sand and water to the

binder, respectively. Fiber and retarder are incorporated as external additions. FC denotes fiber content, which is expressed as a volume fraction of the total

composite. FL means fiber length, and FLD is fiber aspect ratio, defined as the length/diameter ratio. Retard is given as a mass fraction of the total composite.

w—Mass fraction; v—Volume fraction.

R 10 BUEMEHESF AR

Table 10 Chemical composition of materials
w/% SiO, CaO Al O3 Fe, 03 MgO Na,O K,O SO3 TiO,
Ground granulated blast-furnace slag 39.66 342 12.94 1.58 6.94 0.2 1.44 0.72 232
Fly ash 40.7 19.5 22.4 7.34 0.85 0.45 0.69 2.17 5.94
Silica fume 92.26 0.49 0.89 1.97 0.96 0.42 1.31 0.33 1.37
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Fig. 12 Dog-bone specimen and tensile test setup
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Multi-Objective Performance

GUO Menghuan, XIE Yongfei, ZHOU Yingwu, CHENG Zhuxin, ZHOU Junhao
(Guangdong Provincial Key Laboratory of Durability for Marine Civil Engineering, Shenzhen University, Shenzhen 518060,
Guangdong, China)

Extended Abstract

Introduction For the “dual carbon” (i.e., carbon peak and carbon neutrality) goals and global sustainable development strategies,
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the construction materials sector rapidly transitions from conventional cement-based materials toward low-carbon, environmentally
friendly, and high-performance alternatives. Engineered geopolymer composites (EGC) as a new generation of green building
materials exhibit superior mechanical properties, thermal stability, and environmental compatibility. However, the performance of
EGC is synergistically governed by multiple factors (i.e., alkali activator concentration, liquid-to-solid ratio, aggregate characteristics,
and fiber geometry). The intricate, nonlinear interactions among these parameters present significant challenges for precise mix
design and performance optimization. Conventional trial-and-error approaches are prohibitively expensive and time-consuming,
rendering them fundamentally incapable of effectively exploring the expansive combinatorial space of EGC mix formulations.
Furthermore, EGC mix design often requires the simultaneous satisfaction of multiple, potentially conflicting performance targets,
such as high compressive strength and high tensile strain capacity. Therefore, this study was to develop an intelligent design
framework for EGC integrating performance prediction and multi-objective optimization. This framework directly addressed the
limitations of conventional “black-box” and “experience-driven” approaches, enabling the intelligent and precise design of sustainable
cementitious materials.

Methods This study established a closed-loop intelligent design framework for EGC based on machine learning (ML),
incorporating “prediction—optimization—feedback”. Firstly, a comprehensive EGC database was systematically integrated, comprising
309 sets of experimental data from domestic and international literature. Eleven key mix proportion parameters (i.e., ground
granulated blast furnace slag (GGBS), fly ash (FA), silica fume (SF), sand-to-binder ratio (S/B), water-to-binder ratio (W/B), alkali
activator modulus (AAM), alkali equivalent (AAD), fiber content (FC), fiber length (FL), fiber length-to-diameter ratio (FLD), and
fiber tensile strength (FTS)) were selected as input variables. The 28-d compressive strength, tensile strength, and tensile strain
capacity were chosen as target output indicators. Five ML models (i.e., Support Vector Regression (SVR), Gradient Boosting
Regression Tree (GBRT), XGBoost, Artificial Neural Network (ANN), and Invertible Neural Network (INN)) were developed to
predict the key mechanical properties of EGC from its mix design parameters. Hyperparameter optimization was conducted using grid
search and experience-based tuning. The SHapley Additive exPlanations (SHAP) method was employed to quantitatively analyze the
influence of each mix parameter on the EGC performance. Finally, the CatBoost model was integrated with the NSGA-III
(Non-dominated Sorting Genetic Algorithm III) multi-objective evolutionary algorithm to achieve targeted performance optimization,
while automatically searching for optimal balanced solutions under various engineering scenarios.

Results and discussion Among the five ML models evaluated, the INN model exhibits the maximum predictive accuracy,
achieving R* values of 0.99, 0.98, and 0.99 for compressive strength, tensile strength, and tensile strain, respectively. The results of
SHAP-based global sensitivity analysis reveal that increasing GGBS content significantly enhances compressive strength via
promoting secondary hydration reactions. The fiber tensile strength (FTS) is the most influential parameter for tensile strength, and
the fiber length (FL) critically determines the tensile strain capacity via improving crack-bridging effects. Alkali equivalent (AAD)
and alkali activator modulus (AAM) both affect all three performance indices. Three optimization objectives are implemented by the
integration of CatBoost and NSGA-III, i.e., 1) simultaneous maximization of all three target performances, 2) targeted optimization
focusing on maximum tensile strain, and 3) precise matching of predefined target performance values. From the set of Pareto-optimal
solutions, the optimal mix proportion is definitively selected using the TOPSIS ranking method for subsequent experimental
validation. The validation results show that the errors between predicted and measured values for the three selected mix proportions
are all within 10%, with the minimum error being only 5.3%, confirming the reliability and engineering accuracy of the proposed
intelligent design framework.

Conclusions This work could establish an intelligent design framework for EGC that integrates INN prediction, SHAP
interpretability analysis, and CatBoost-NSGA-III multi-objective optimization, achieving a full-process closed-loop design from
performance prediction to targeted optimization. The major findings were 1) The INN model demonstrated a superior predictive
accuracy for the three key performance indicators of EGC, providing a robust foundation for forward performance prediction;
2) SHAP analysis quantitatively elucidated the mechanisms of key mix parameters on EGC performance, offering a theoretical
support for precise material design; and 3) The CatBoost and NSGA-III integration effectively enablec\d both multi-objective
collaborative optimization and single-objective precise targeting, validating the feasibility of the reverse design from desired
performance targets to optimized mix proportions through experimental verification. This intelligent design strategy effectively
resolved the conventional strength-toughness conflict, thereby transcending the limitations of “black-box” and experience-driven
methods and propelling a field toward a paradigm of intelligent, data-driven design for next-generation geopolymer composites.
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