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Fig. 1 Single-model enhancement method based on boosting
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Table 1 Descriptive statistics of database variables

Symbol Unit Num Max Min Mean SD VIF
wcL % 291 40.0 10.0 23.50 7.90 1.228
TeL C 291 925.0 600.0 760.70 84.06 1.271
Scr m%/g 291 45.7 2.5 18.50 7.30 1.047

h h 291 3.0 0.2 1.27 0.75 1.946
wce % 291 31.1 0.0 7.50 7.70 2.581
@opc % 291 90.0 37.6 68.90 12.13 2.784
W/B 291 0.9 0.1 0.50 0.09 1.108

T C 291 50.0 5.0 22.60 6.00 1.148
Ru % 291 100.0 80.0 92.30 5.30 1.519

d d 291 270.0 1.0 30.70 41.30 1.057
fe MPa 291 75.0 5.0 39.20 16.60
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Table 2 Optimal parameters of different machine learning

models
Algorithm Optimization Optimum
name parameters Parameter range values
XGB Colsample bytree [0.5,1.0] 0.6
Gamma [0, 5] 1
Max_depth [3,10] 5
N_estimators [100, 1000] 100
Subsample [0.5, 1.0] 0.5
RF Max_depth [5, 100] 100
Min_samples_leaf [1,20] 1
Min_samples_split [2,20] 10
N_estimators [100, 200] 100
MLP Activation [ReLU, Sigmoid, Tanh] Tanh
Alpha [1.0x1076, 0.1] 0.1
Hidden_layer_sizes [1, 100] 1
GPR Kernel [Rbf, Rqk, Maternal] Rbf
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Fig. 3 Prediction performance of MLP, GPR, RF, XGB, and MLP-Boosting
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Table 3 Evaluation of model performance metrics

Model R? RMSE MSE MAE
MLP 0.82 2.99 8.9 2.73
RF 0.86 2.86 8.2 2.67
GPR 0.88 2.65 7.0 2.52
XGB 0.96 1.84 34 1.72
MLP-Boosting 0.97 1.76 3.1 1.68
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Table 4 Material density, cost, and carbon emissions

Material Density/(kg-m™) Cost/(¥t") Carbon emissions/(kg CO»'t 1)
Portland cement (42.5) 3100 500 912.00
Calcined clay 2600 600 230.00
Limestone powder 2700 100 15.77
Water 1000 3 0.00
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Portland cement Calcined clay Limestone W/B Compressive strength / MPa Cost/¥ Carbon emissions / kg
40% 40% 20% 0.4 51.15 390 565.44

4 Zp5EZE
140
41 #ig

1) AR TAE 357 4R 25 ST AR AT DA G 1 T
W LC? BRI PUR SRR, 6 B R AR S B 7E Tt i
RI AT, BRHRE RECN 096, ¥WHHRIRZEN
1.84; 2 JZ AR TN I 1 Rl a2, (HEZR R LA
H N TeHAI ) Boosting MERESE T2 J5, T AE
R I P BTN R — R, AR e R AR 0.97,
BITRREN 1.76.

2) A EbRAEAIENE RE TR, B
LC3 AR S, HUOR B Tk L R m
FARIZE IR MWIRHERIAEM S, KEHE. &
WRE B A KA R LC BTk s
M EESH, BERAMEBLAA MLP-Boosting
LT B OB AR B B AL A 5 DA e 45 3
B, BOUE T LC? FAARSH B TR AR > B
FIHERR T o

3) LC3 AR A ELoA: /KR FH & 40%.

o Carbon emissions/kg
0
S

QS
&

K7 i RFEATH 2R

Fig. 7 Pareto frontier classification diagram

60

[P Experimental results
| ™ Predicted results

38.7040.25

50

40 |

30 26.6227.72

Compressive strength/MPa

’ B R £ & 40%. A Ak & 20%. HUR SR
’ IEF] 51.15MPa, 5SZI0HEARILES, PS5 >
L 2d - pron TTiFAF R R & LA BOR TR L

Ageld 4) G54 LC3 FRMFLES 2 STRAUR NSGA-II%

HARIULREIR T T LC B RS & B i T7
o LB IIERL A AT & TRESERRESR, SR
R RN 77, AT i o R R

K8 RefLC EU T o R 45 2R S 0 X Ll
Comparison of optimal mix compressive strength
results with experimental data

Fig. 8



< 980 - CRERR Th22 300

J Chin Ceram Soc, 2026, 54(3): 970-981

2026 4

TR R A T
42 RE

1) HH A A 5 1 PR 1) AT B RS 2R (192 Ak
IR R, Rk, Aok TAER IS 2 IR
78 51T 5% o) SRS R TR p R M 5 0 Y

2) HNA IR AT — E Al AR TAE 2L
PAZWEC b 23505 779 6 E RN, TR R
B 2= 50 2% R RRAE, RS A T & &
XRD. #EE AT Ak 22w s, DALY (1)
PRATfRAEE

3) A TAERAET ok om B i T 5 % 3 1 R
il BT ALACAE B2 i R 2% R AT A PEFR B o

ZELRTIR, R AR AT TR AR B )
JHEHEZR T LC R &M RE TR ) G B R i [R) 2R A I
LB —E, (EFEE TR, ARFEES L
it —P e .

SE R

[1] 40, ERIEN, RIK, 55 BHRSOKERIDI TR SR, iR
h2EIR, 2022, 50(6): 1592-1606.

QIN Jihui, QIAN Jueshi, SONG Qing, et al. J Chin Ceram Soc, 2022,
50(6): 1592-1606.

[2] HOSEN K, CHEN B. Limestone calcined clay cement (LC3): A review
of materials, properties, production and environmental impact[J]. J
Build Eng, 2025, 112: 113672.

[3] SHEKARCHI M, BONAKDAR A, BAKHSHI M, et al. Transport
properties in metakaolin blended concrete[J]. Constr Build Mater, 2010,
24(11): 2217-2223.

[4] DHANDAPANI Y, SANTHANAM M. Assessment of pore structure
evolution in the limestone calcined clay cementitious system and its
implications for performance[J]. Cem Concr Compos, 2017, 84: 36-47.

[5] NGUYEN H, VU T, VO T P, et al. Efficient machine learning models
for prediction of concrete strengths[J]. Constr Build Mater, 2021, 266:
120950.

[6] ANTONI M, ROSSEN J, MARTIRENA F, et al. Cement substitution
by a combination of metakaolin and limestone[J]. Cem Concr Res,
2012, 42(12): 1579-1589.

[7] FERNANDEZ R, MARTIRENA F, SCRIVENER K L. The origin of
the pozzolanic activity of calcined clay minerals: A comparison
between kaolinite, illite and montmorillonite[J]. Cem Concr Res, 2011,
41(1): 113-122.

[8] MARAGHECHI H, AVET F, WONG H, et al. Performance of
Limestone Calcined Clay Cement (LC3) with various kaolinite contents
with respect to chloride transport[J]. Mater Struct, 2018, 51(5): 125.

[9] NUNEZ I, NEHDI M L. Machine learning prediction of carbonation
depth in recycled aggregate concrete incorporating SCMs[J]. Constr
Build Mater, 2021, 287: 123027.

[10] LAPEYRE J, HAN T H, WILES B, et al. Machine learning enables
prompt prediction of hydration kinetics of multicomponent
cementitious systems[J]. Sci Rep, 2021, 11(1): 3922.

[11] CANBEK O, XU Q Z, MEI Y J, et al. Predicting the rheology of
limestone calcined clay cements (LC3): Linking composition and
hydration kinetics to yield stress through Machine Learning[J]. Cem
Concr Res, 2022, 160: 106925.

[12] #5E 55 FE T HLAS 2% > RO A0 532 R VR e L 1 B T 2 IiE & Lb
BiH[D]. HEAK: HRASE K, 2022,

HU Dingyu. Performance prediction and mix design of concrete based
on machine learning and optimization algorithm [D]. Chonggqing:
Chonggqing Jiaotong University, 2022.

[13] ZAEM8azE, A58, XUEREE. HETUREES: ST 2 H AR AL I TR L e
H BT AR REBIMA FE[]. KRR AR (R 3E30), 2025, 56(4):
194-210.

LI Pengyuan, NIU Haoshuang, LIU Yihao. Water Resour Hydropower
Eng, 2025, 56(4): 194-210.

[14] AKINDAHUNSI A A, AVET F, SCRIVENER K. The Influence of
some calcined clays from Nigeria as clinker substitute in cementitious
systems[J]. Case Stud Constr Mater, 2020, 13: e00443.

[I5]LIN R S, LEE H S, HAN Y, et al. Experimental studies on
hydration—strength—durability of limestone-cement-calcined Hwangtoh
clay ternary composite[J]. Constr Build Mater, 2021, 269: 121290.

[16] DIXIT A, DU H J, PANG S D. Performance of mortar incorporating
calcined marine clays with varying kaolinite content[J]. J Clean Prod,
2021, 282: 124513.

[17] KRISHNAN S, KANAUIJIA S K, MITHIA S, et al. Hydration kinetics
and mechanisms of carbonates from stone wastes in ternary blends with
calcined clay[J]. Constr Build Mater, 2018, 164: 265-274.

[18] MISHRA G, EMMANUEL A C, BISHNOI S. Influence of temperature
on hydration and microstructure properties of limestone-calcined clay
blended cement[J]. Mater Struct, 2019, 52(5): 91.

[19] AVET F, SNELLINGS R, ALUJAS DIAZ A, et al. Development of a
new rapid, relevant and reliable (R3) test method to evaluate the
pozzolanic reactivity of calcined kaolinitic clays[J]. Cem Concr Res,
2016, 85: 1-11.

[20] MSINJILI N S, GLUTH G J G, STURM P, et al. Comparison of
calcined illitic clays (brick clays) and low-grade kaolinitic clays as
supplementary cementitious materials[J]. Mater Struct, 2019, 52(5): 94.

[21] ALUJAS A, FERNANDEZ R, QUINTANA R, et al. Pozzolanic
reactivity of low grade kaolinitic clays: Influence of calcination
temperature and impact of calcination products on OPC hydration[J].
Appl Clay Sci, 2015, 108: 94-101.

[22] LORENTZ B, ZHU H, STETSKO Y, et al. Feasibility study for
calcined clay use in the southeast USA[C]/ Calcined Clays for
Sustainable Concrete. Singapore: Springer Singapore, 2020: 27-36.

[23] MACHNER A, ZAJAC M, BEN HAHA M, et al. Portland metakaolin
cement containing dolomite or limestone—Similarities and differences in
phase assemblage and compressive strength[J]. Constr Build Mater,
2017, 157: 214-225.

[24] XL, AEDL, W4T, % ETHRZEIMEARRELEEAL
BV IIAD]. MR (B ARFHERR), 2023, 50(9): 88-96.

LIU Kaihua, ZHENG Jiakai, XIE Weili, et al. J Hunan Univ:Nat Sci,
2023, 50(9): 88-96.

[25] BICHRI H, CHERGUI A, HAIN M. Investigating the impact of
train/test split ratio on the performance of pre-trained models with
custom datasets[J]. Int J Adv Comput Sci Appl, 2024, 15(2): 331-339.

[26] FHMER, Hotfe, HIMEMK, 55 BBRBEA R HACHIBIRES LKV
FUBERE[T]. TR LR, 2023, 51(9): 2446-2464.

DONG Yemin, QIAN Xiong, HU Chuanlin, et al. J Chin Ceram Soc,
2023, 51(9): 2446-2464.

[27] CHEN X, CHEN W Y, LI Z A, et al. A hybrid prediction and
multi-objective optimization framework for limestone calcined clay
cement concrete mixture design[J]. Sci Rep, 2025, 15(1): 22120.

[28] RUAN Y X, JAMIL T, HU C L, et al. Microstructure and mechanical
properties of sustainable cementitious materials with ultra-high
substitution level of calcined clay and limestone powder[J]. Constr
Build Mater, 2022, 314: 125416.



5 54 555 3 3 Wit 55 SETHMY 2152 B IU R AT B R oK e B et bl st it < 981 -

Intelligent Mixture Design of Limestone Calcined Clay Cement Based on Ensemble
Learning and Multi-Objective Optimization

YANG Jiaxuan, WANG Shiqi, ZHUO Fengyi, GONG Fuyuan
(College of Civil Engineering and Architecture, Zhejiang University, Hangzhou 310058)

Extended Abstract

Introduction Limestone Calcined Clay Cement (LC?) has attracted attention as a promising low-carbon cementitious material due
to its reduced CO2 emissions and satisfactory mechanical performance. However, its properties are strongly affected by raw-material
composition, processing conditions, and mixture proportions. In this study, a database encompassing diverse material parameters and
preparation processes was developed, and multiple machine-learning models were applied to predict the compressive strength of LC?
systems. The predictive accuracy of these models was further enhanced through the Bayesian optimization and the Boosting-based
ensemble strategies. Based on the optimized predictive models, a multi-objective optimization framework was proposed to integrate
compressive strength, materials cost, and embodied carbon emissions. A genetic algorithm was subsequently applied to identify
optimal mixture proportions for LC? matrices. The results showed that the proposed approach could achieve a balanced trade-off
between mechanical performance and sustainability, thereby improving both the scientific robustness and practical applicability of
LC3 mixture design. This work could provide a data-driven pathway for performance-oriented optimization of emerging low-carbon
cementitious materials.

Methods A database of 291 LC? mixtures was compiled, covering a wide range of compositions and curing conditions. Input
variables included clinker, calcined clay, limestone, gypsum, water-to-binder ratio, calcination parameters, curing conditions, and
curing age. The compressive strength served as an output. Correlation analysis and variance inflation factor (VIF) evaluation were
applied to reduce multicollinearity. Four machine learning models (i.e., Multilayer Perceptron (MLP), Random Forest (RF), Gaussian
Process Regression (GPR), and Extreme Gradient Boosting (XGB)) were trained and tuned via the Bayesian optimization. An
ensemble framework was then constructed with MLP as the meta-learner and XGB, RF, and GPR as base models within a Boosting
strategy to enhance accuracy.

In parallel, a multi-objective optimization model was formulated, targeting compressive strength, material cost, and embodied
carbon emissions. Cost and emission factors were drawn from market and life cycle databases. Practical constraints on binder
fractions, water-to-binder ratio, and curing requirements ensured a feasibility. The non-dominated Sorting Genetic Algorithm II
(NSGA-II) was used to search for Pareto-optimal mixtures that reflect different trade-offs among strength, cost, and carbon footprint.

Results and Discussion The ensemble learning notably improves prediction compared with individual models. The XGB provides
the strongest performance among single algorithms, while GPR and RF also yield the good results. The MLP alone is weaker, but the
predictive accuracy is further enhanced when integrating as a meta-learner in the Boosting ensemble. This underscores the advantage
of combining diverse learners to model a complex LC? behavior.

The variable importance analysis identifies curing age as a dominant positive factor, followed by calcined clay fineness and
curing temperature. In contrast, the excessive replacement of calcined clay and limestone has a negative effect, revealing threshold
behaviors. The interactions among clinker, calcined clay, and limestone confirm synergistic benefits in moderate levels, but dilution
effects at a higher dosage. These findings clarify the nonlinear mechanisms affecting LC3 strength and validate the interpretability of
the model.

The NSGA-II optimization generates a Pareto front of candidate solutions. A strength-prioritized mixture achieves mechanical
properties, comparable to OPC concrete with a reduced carbon impact. A carbon-prioritized mixture minimizes emissions, while
maintaining an acceptable strength, making it suitable for sustainability-driven projects. A balanced solution achieves compromise
among all three objectives, representing a practical option for general engineering applications. The verification against experimental
results confirms the reliability of predictions, demonstrating that the proposed framework can simultaneously address the performance,
economic, and environmental targets.

Conclusions This study introduced an integrated framework that could combine ensemble learning with a multi-objective
optimization for LC® mixture design. The main contributions involved, 1) Boosting-based ensemble learning significantly enhanced
the accuracy of compressive strength prediction; 2) Curing age, calcined clay fineness, and curing temperature were identified as key
positive drivers, while excessive calcined clay and limestone replacement exerted negative influences; 3) NSGA-II effectively
produced Pareto-optimal mixtures balancing strength, cost, and carbon emissions, offering flexible solutions under different priorities;
and 4) The experimental validation confirmed that optimized LC3 mixtures could maintain competitive strength, while substantially
reducing both cost and carbon footprint.

The integration of predictive modeling and optimization provided a powerful pathway for advancing LC? research and practice.
It could contribute a methodological innovation and demonstrate a clear potential for sustainable, design of low-carbon cementitious
materials in the construction industry.

Keywords limestone calcined clay cement; compressive strength; mixture design; ensemble learning; multi-objective optimization



