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Table 1 Chemical composition of raw materials w/%

Material SiO, AlLOs Fe,0; CaO MgO SO3 Na,O LOI
PC 22.11 4.43 3.13 62.38 2.28 2.62 0.53 2.04
SF 96.36 0.33 0.05 0.58 0.34 1.05 0.86 2.11
GGBS 26.76 15.26 0.77 4592 6.30 1.16 0.79 1.30
sGGBS 24.11 13.92 0.90 51.16 5.40 1.89 0.54 1.66
FA 45.52 34.39 7.34 6.45 0.70 0.60 1.22 5.08
sFA 47.62 30.92 8.61 5.27 0.73 0.88 1.59 2.32

w is mass fraction; LOI is loss on ignition; PC is portland cement; SF is silica fume; GGBS is ground granulated blast-furnace slag; sGGBS is superfine ground

granulated blast-furnace slag; FA is fly ash; sFA is fly ash microspheres.
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Table 2 Mix proportions of different cementitious material systems /%
Cementitious materials
Samples
Cement SF GGBS sGGBS FA sFA
CS5-20 95, 90, 85, 80 5,10, 15, 20
CGS5-20 95, 90, 85, 80 5,10, 15, 20
CsG5-20 95, 90, 85, 80 5,10, 15, 20
CF5-20 95, 90, 85, 80 5, 10, 15, 20
CsF5-20 95, 90, 85, 80 5, 10, 15, 20
CSGS5-20 85, 80, 75,70 10 5,10, 15, 20
CSsG5-20 85, 80, 75,70 10 5,10, 15, 20
CSF5-20 85, 80, 75,70 10 5, 10, 15, 20
CSsF5-20 85, 80, 75,70 10 5, 10, 15, 20
CSGsG5-20 65, 60, 55, 50 10 20 5,10, 15, 20

@ is volume fraction.
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Table 3 Descriptive statistics of the input and output variables in real dataset
Variable Unit Count Mean Std Min 25% 50% 75% Max Type
Cem 160 0.81 0.11 0.50 0.75 0.80 0.86 0.95 Input
PCE 160 0.64 0.17 0.35 0.52 0.63 0.76 1.10 Input
SF 160 0.06 0.06 0.00 0.00 0.10 0.10 0.20 Input
GGBS 160 0.05 0.08 0.00 0.00 0.00 0.06 0.20 Input
sGGBS 160 0.04 0.07 0.00 0.00 0.00 0.05 0.20 Input
FA 160 0.03 0.06 0.00 0.00 0.00 0.00 0.20 Input
sFA 160 0.03 0.06 0.00 0.00 0.00 0.00 0.20 Input
CA d 160 32.00 34.92 3.00 6.00 17.50 43.50 90.00 Input
WFT nm 160 11.84 3.34 5.17 10.56 11.89 12.62 20.19 Output
CS MPa 160 154.33 25.03 114.00 131.00 157.00 176.00 203.00 Output

Cem is cement; PCE is polycarboxylate superplasticizer; SF is silica fume; CA is curing age; WFT is water film thickness; CS is compressive strength.
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Fig. 1 Distribution comparison of variables in real and synthetic datasets for WFT as output
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Fig. 2 Distribution comparison of variables in real and synthetic datasets for compressive strength as output
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Fig. 3 Cumulative distribution of feature variables in real and synthetic datasets for WFT as output after data augmentation
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Fig. 4 Cumulative distribution of feature variables after data augmentation for compressive strength as output after data augmentation
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Fig. 5 Correlation matrices of feature variables for WFT as output
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Fig. 6 Correlation matrices of feature variables for compressive strength as output
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Table 4 Hyperparameters of the CTGAN model

Hyperparameters Optimization ranges Optimal value
Embedding_dim [64, 128] 128
Generator dim [(128, 128), (256, 256), (512, 512)] (256, 256)
Discriminator dim  [(128, 128), (256, 256), (512, 512)] (512, 512)
Generator_Ir [2x107%,2x107%, 2x1073] 2x107#4
Generator_decay [1x1076, 1x107] 1x107
Discriminator_Ir [2x1075, 2x1074, 2x1073] 2x10~
Discriminator_decay [1x107, 1x107] 1x107
Batch size [100, 800] 500
Epochs [1000, 15 000] 12000
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Table S Hyperparameters of the BO-XGBoost model

Hyperparameters Optimization ranges Optimal value
Max_depth 3-10 6
Learning_rate 0.01-0.20 0.10
N_estimators 50-1000 500
Min_child weight 1-10 7
Subsample 0.5-1.0 0.8
Colsample bytree 0.1-1.0 0.8
Reg lambda 0.01-1.00 0.40
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Fig. 10 SHAP analysis of features variables for WFT as output
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Fig. 11 SHAP analysis of features variables for compressive strength as output
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Fig. 13 PDPs analysis of features variables for compressive strength as output



%54 55 10

SIS HETHLARSE o) B/ AR e Ik RE TR BB Ak BE T K% vl RN 3

. 3449 -

PETTTH RS« BB a4 50 R AH AL,
BVt 5 45 S 18 v i B 7 AR A s, (H LR B
FEAXT LR, HEM S —@ M ARlERG . Mk
2N R SRR AR R A B 5 SR I TF 7] 5T
Wk, (LB RIS THIEE BN LR, B
TEBE AR REEM T TH A — @ BUER, (A3 55 FAH
XA PR

3 i

AR TAEHT UHPC /MNEEA IS Bedls, My 1 il
4 CTGAN il s, VIl fk XGBoost & AT i
FEPENLES 2 21 TV 10 22 RE T 5 73 A AE e, FEXT
AN )15 G RO 7K R J2 JE S 4t s i B2 1) 5 e R
BT T RS0 0, FEERUR:

1) CTGAN 524 B8 A7 R4 21 IR GG 5004 (1) 40 A
FRAIE S AR B 22 TR AR DG OG22, BT AR i) & it A
AL AR G50 B 5 L Se s B B — 3
PE, AT R 7/ MEAREAR B, A 5 A 25
Peft 7 A o EHE SCHE

2) £ T CTGAN M4 58 %45 % 4 & 1 BO-
XGBoost 17 7 7K 1573 J5 B FH47T e 5 FE il o 255 3%
DL BT RS B K MIREE R? 433l £ 0.986 F
0.976, EZESAMEHR BN Sk LE, 250G
% 5 B 1 200 1 %2 2H 43 UHPC 1k 2 TP L S50 5 M fg
Z A E AR AR LI R R .

3) SHAP 7 #r kB, AR Y56 B KR E
JEJE 550 5 B (R AAAE B 3 2 5 . WK E R
FEMIS , BRSOk B AR R I IE M oTmk, FEAAE
HFRIBENIEF TR, MiREK. BN B, Uik
M ESMERERSBE T EHH AR, XFEEE
UHPC 14 & A 1 RURHERUIRAS G OC . X Hi & o 5 1fi
5 AR AR K R 7RO Fe K
KRB, BERRBUNIE I TR, T A SR K
TE B A R R 52 BRI H 47 v 520 o

4) PDPs 7 H1 3R BH, K2 )2 18 3 B2 52 R AR AIE
EYERURAS AR, TR E N 2 5 RNE T &
SERBCEAGS FR B VIM DG, a3 A A ROWLE M RS
5515 R AN Z T R B T RS 240 UHPC
1 R R TEEH .

5) BRI E, AR CTGAN-BO-XGBoost
TRIAESERENS 1L/ D FEA S5 A R SN UHPC SR
RE IR R P TI0I S5 LR R, D 2 Ao IS e R
RINBC A LB SRS AL T — P R Bl
KB T7

(B =+ )\Jmh E R 2R E0)

SE R

(1] xI—W, REEYE, skAFE, 55 B m vk RE IR BE AR Rk K R 4 AT
FUHERE]. RERRER 4R, 2023, 51(11): 3025-3038.

LIU Yifan, WU Zemei, ZHANG Xuanhan, et al. J] Chin Ceram Soc,
2023, 51(11): 3025-3038.

[2] B4, TR, AR IREE TR R H S A R R 5 5 N gk
FE[I]. RERR R4, 2023, 51(5): 1246-1258.

FAN Jiansheng, DING Ran. J Chin Ceram Soc, 2023, 51(5): 1246-1258.

[3] FAN D Q, ZHU J Y, FAN M X, et al. Intelligent design and
manufacturing of ultra-high performance concrete (UHPC)—A review[J].
Constr Build Mater, 2023, 385: 131495.

[4] TKZTE, wKICH, BRRT. St m s iR s Bt il O gh
- J32 S Ak TRERIAI[D). APRLRAR, 2017, 31(23): 1-16.
ZHANG Yunsheng, ZHANG Wenhua, CHEN Zhenyu. Mater Rev,
2017, 31(23): 1-16.

[5] SCHROFL C, GRUBER M, PLANK J. Preferential adsorption of
polycarboxylate superplasticizers on cement and silica fume in
ultra-high performance concrete (UHPC)[J]. Cem Concr Res, 2012,
42(11): 1401-1408.

[6] KHAYAT K H, MENG W N, VALLURUPALLI K, et al. Rheological
properties of ultra-high-performance concrete: An overview[J]. Cem
Concr Res, 2019, 124: 105828.

[71 RFE, B, WER, & BT LS I HR I &k s iR
PERETRIN SR BT [I]. RERR EL 44k, 2025, 53(5): 1165-1176.
YU Rui, CHEN Feixiang, FAN Dinggiang, et al. J Chin Ceram Soc,
2025, 53(5): 1165-1176.

[8] LIU H R, SUN X, DU H, et al. Effects and threshold of water film
thickness on multi-mineral cement paste[J]. Cem Concr Compos, 2020,
112: 103677.

[9]1 EXEA, Bhx, $ML2, & ErtkaR LRt SRtk /0.
FEIR 524k, 2023, 51(8): 1962-1970.

WANG Shengjie, LI Bing, LI Chuanxi, et al. J Chin Ceram Soc, 2023,
51(8): 1962-1970.

[10] YE H, GAO X J, WANG R, et al. Relationship among particle
characteristic, water film thickness and flowability of fresh paste
containing different mineral admixtures[J]. Constr Build Mater, 2017,
153:193-201.

[I1]FAN D Q, YU R, FU S Y, et al. Precise design and characteristics
prediction of Ultra-High Performance Concrete (UHPC) based on
artificial intelligence techniques[J]. Cem Concr Compos, 2021, 122:
104171.

[12] AYLAS-PAREDES B K, HAN T H, NEITHALATH A, et al. Data
driven design of ultra high performance concrete prospects and
application[J]. Sci Rep, 2025, 15: 9248.

[I3]HEY Z, GAO S J, L1Y, et al. Adaptive machine learning framework:
Predicting UHPC performance from data to modelling[J]. Results Eng,
2025, 27: 106724.

[14] FIREAT, Befe, R FETHLES I SHAP Al PDP 204t UHPC
TARPERERIBEFEL]. ARHT R, 2026, 40(2): 86-93.

ZHOU Xiangxu, DUAN Feng, ZHU Bo. Mater Rep, 2026, 40(2):
86-93.

[15] R, FHE, VEH. FETHRAL RIS 5 TR REESRE R
T RSN A e e R o - S 5 R R TR T VD). RERRER A
#H, 2026, 54(3): 842-856.



« 3450 - QEIENEEIY)

J Chin Ceram Soc, 2026, 54(10): 3436-3452

2026 4

YU Rui, LI Wang, FAN Dingqiang. J Chin Ceram Soc, 2026, 54(3):
842-856.

[16] FNARTE, E/M Y, BET, & ETRESSIN 3D fTERE 78R
FRAP 3 2 R REE TN U B ()], RERR AR, 2024, 43(5):
1723-1738.

SUN Junbo, WANG Yufei, ZHAO Hongyu, et al. Bull Chin Ceram Soc,
2024, 43(5): 1723-1738.

[17] WANG Y F, SUNJ B, WANG X Y, et al. Multi-objective optimization
of engineered cementitious composite based on machine learning and
generative adversarial network[J]. J Build Eng, 2024, 96: 110471.

[18] WANG S Q, XIA P, GONG F Y, et al. A Bayesian-physical informed
conditional tabular generative adversarial network framework for
low-carbon concrete data augmentation and hyperparameter
optimization[J]. Eng Appl Artif Intell, 2025, 152: 110811.

[19] HUU NGUYEN M, NGUYEN T A, LY H B. Ensemble XGBoost
schemes for improved compressive strength prediction of UHPC[J].
Structures, 2023, 57: 105062.

[20] HARUNA S I, IBRAHIM Y E, ABBA S I. Machine learning algorithm
for predicting the compressive strength of sustainable ultra-high-
performance concrete (UHPC) containing supplementary cementitious
materials (SCMs)[J]. J Asian Archit Build Eng, 2025: 1-17.

[21] KASHEM A, KARIM R, MALO S C, et al. Hybrid data-driven
approaches to predicting the compressive strength of ultra-high-
performance concrete using SHAP and PDP analyses[J]. Case Stud
Constr Mater, 2024, 20: ¢02991.

[22] Zo ¥k, WIvk3E, AR, 55 ET 2 H Rk aE R m ki
FOZEPRERALRATT]. BERR LR, 2026, 54(3): 823-841.
GUO Menghuan, XIE Yongfei, ZHOU Yingwu, et al. J Chin Ceram
Soc, 2026, 54(3): 823-841.

[23] NGUYEN N H, ABELLAN-GARCIA J, LEE S, et al. Efficient
estimating compressive strength of ultra-high performance concrete
using XGBoost model[J]. J Build Eng, 2022, 52: 104302.

[24] JAISWAL R, BHATTA N, MUHIT I B. An interpretable machine
learning approach for shear capacity prediction of prestressed UHPC
bridge girders with GUI deployment[J]. Structures, 2026, 88: 111793.

[25] XU W Y, ZHANG L Y, FAN D Q, et al. Al-infused characteristics
prediction and multi-objective design of ultra-high performance
concrete (UHPC): From pore structures to macro-performance[J]. J
Build Eng, 2024, 98: 111170.

[26] CHEN J J, KWAN A K H. Triple blending with fly ash microsphere
and condensed silica fume to improve performance of cement paste[J].
J Mater Civ Eng, 2013, 25(5): 618-626.

[27] MARCHETTI G, RAHHAL V F, IRASSAR E F. Influence of packing
density and water film thickness on early-age properties of cement
pasteswith limestone filler and metakaolin[J]. Mater Struct, 2017, 50(2):
111.

[28] LI L G, KWAN A K H. Effects of superplasticizer type on packing

density, water film thickness and flowability of cementitious paste[J].

Constr Build Mater, 2015, 86: 113-119.

[29] PHILIP S, MARAKKATH N. Compressive strength prediction and
feature analysis for GGBS-Based geopolymer concrete using optimized
XGBoost and SHAP: A comparative study of optimization algorithms
and experimental validation[J]. J Build Eng, 2025, 108: 112879.

[30] KWAN A K H, LI Y. Effects of fly ash microsphere on rheology,
adhesiveness and strength of mortar[J]. Constr Build Mater, 2013, 42:
137-145.

[31] RANDL N, STEINER T, OFNER S, et al. Development of UHPC
mixtures from an ecological point of view[J]. Constr Build Mater, 2014,
67:373-378.

[32] ZOU S, SUN Z P, LU Z C, et al. Fresh and hardened properties of
cement paste under the synergistic influence of polycarboxylate
superplasticizer and anionic polyacrylamide[J]. Case Stud Constr Mater,
2024, 21: e03895.

[33] MOULA S, BEN FRAJ A, WATTEZ T, et al. The very early-age
behaviour of Ultra-High Performance Concrete containing ground
granulated blast furnace slag[J]. Constr Build Mater, 2023, 400:
132630.

[34] MOULA S, BEN FRAJ A, WATTEZ T, et al. Mechanical properties,
carbon footprint and cost of ultra-high performance concrete containing
ground granulated blast furnace slag[J]. J Build Eng, 2023, 79: 107796.

[35]HU Q H, ZHANG L, LUO Q, et al. Impact of polycarboxylate
superplasticizer dosage on controlled low strength material flowability
and bleeding: Insights from water film thickness[J]. Constr Build Mater,
2024, 447: 138145.

[36] XIJ Y, LIU J Z, YANG K, et al. Role of silica fume on hydration and
strength development of ultra-high performance concrete[J]. Constr
Build Mater, 2022, 338: 127600.

& SRR RR -

FRIGE: SR EbR, 2510 R R B ERER S R AT
TSR SOHESE R i 5 AR N A S, AR . SHORE 58T
rlfE, SEAHREIREH S5 REM, S 5HE Mt 58RT8, Jf
TITR IR RS S g

AR 250 UANENTRESIETE, FEMs RS
L, 25N BARABITEA R Hritie, SHeSOUANENEES
B T wk

X ZHWSCRANELT IS SHT U BB, XHe SR E
WRFEAZ AR IMEUE W 25 R BIT 5588 T1E, xR
SEARRIERREAR B SET A T Tk

LER: 2 5LRB0RNEE S5, PN I BRI S
SR

MG SEWER B AR, S 58707 Rl S ScER i, Xk
SCRERRT A AT IR R 5IER 2 5RTEENRNITRE BN

# 81 2590 RV ST IR, AR SR A
A EET W



5 54 555 10 1) SIS HETHLARSE o) B/ AR e Ik RE TR BB Ak BE T K% vl RN 3 < 3451 -

Performance Prediction and Interpretability Analysis of Ultra-High-Performance Concrete
with Small Sample Size Based on Machine Learning

ZHANG Zengqi'?, DU Weijie?, LIU Yu?, MA Shanliang?, LIU Xiaoming'?, JING Rui*

(1. State Key Laboratory of Advanced Metallurgy, University of Science and Technology Beijing, Beijing 100083, China;
2. School of Metallurgical and Ecological Engineering, University of Science and Technology Beijing, Beijing 100083, China;
3. China Construction First Group Construction and Development Co., Ltd., Beijing 100102, China; 4. Tangshan Polytechnic
University, Tangshan 063299, Hebei, China)

Extended Abstract

Introduction Ultra-high-performance concrete (UHPC) is widely applied in bridges, prefabricated structures, and advanced
construction owing to its high strength, dense microstructure, and excellent durability performance. Its performance is strongly
governed by the type and dosage of supplementary cementitious materials (SCMs), including silica fume (SF), ground granulated
blast-furnace slag (GGBS), superfine GGBS (sGGBS), fly ash (FA), and fly ash microspheres (sFA), as well as polycarboxylate
superplasticizer (PCE) dosage and curing age (CA). However, the relationships among mixture parameters, water distribution,
hydration, and strength development are highly nonlinear, and conventional empirical models often fail to provide accurate
predictions.

Water film thickness (WFT) is a key microscopic parameter reflecting the free water covering the surfaces of solid particles,
directly influencing particle lubrication, dispersion, and fresh-state behaviour in high-solid-volume UHPC systems. Compressive
strength (CS) is another essential index for mechanical evaluation. Accurate prediction of both WFT and CS is crucial for mixture
design and performance optimization. Nevertheless, UHPC experiments are costly and time-consuming, leading to limited datasets.
To overcome this small-sample challenge, this study proposes an integrated framework combining conditional tabular generative
adversarial network (CTGAN) for data augmentation, Bayesian optimization (BO)-based eXtreme Gradient Boosting (XGBoost) for
predictive modelling, and interpretable machine-learning methods (SHAP and PDPs) for mechanism analysis.

Methods A total of 160 experimental data points were obtained from binary, ternary, and quaternary cementitious systems. The
input variables included cement content, PCE dosage, SF, GGBS, sGGBS, FA, sFA, and CA, while the output variables were WFT
and CS. P-I 42.5 cement was used as the reference cement, and quartz sand with particle sizes of 0.84-2.00 mm was used as the
aggregate. In the binary systems, one mineral admixture was used to replace cement by volume at replacement levels of 0%, 5%, 10%,
15%, and 20%. In the ternary systems, the SF content was fixed at 10%. In the quaternary systems, the GGBS content was fixed at
20% based on the ternary system. WFT was calculated using the wet packing method, and CS was measured after curing for 3, 7, 28 d,
and 90 d.

CTGAN was used for data augmentation to expand the original small dataset. The model learned the joint distribution of the real
experimental data through adversarial training between the generator and discriminator. After optimization, 1000 synthetic samples
were generated for WFT prediction, and 900 synthetic samples were generated for CS prediction. The quality of the synthetic data
was evaluated by comparing histograms, cumulative distribution curves, and correlation matrices between real and synthetic datasets.

The synthetic datasets were used to train XGBoost regression models. BO was applied to optimize hyperparameters, including
tree depth, learning rate, number of estimators, subsample ratio, column-sampling ratio, minimum child weight, and regularization.
Model performance was evaluated by R?, MAPE, RMSE, and MAE. SHAP and PDPs were employed to interpret feature
contributions and nonlinear effects.

Results and discussion The comparison between real and synthetic datasets showed that CTGAN effectively preserved the main
distributional characteristics of the original data. The generated samples had value ranges and distribution patterns similar to those of
the real samples. The cumulative distribution curves also showed good consistency between real and synthetic datasets. In addition,
the correlation matrices indicated that CTGAN captured not only the marginal distribution of individual variables but also the
correlation structure among key variables. Therefore, the generated data could provide a reliable data basis for BO-XGBoost model
training under small-sample conditions.

The BO-XGBoost model exhibited excellent prediction performance. For WFT, test R? reached 0.986, with training and test
RMSE values of 0.909 3 nm and 0.387 6 nm, respectively. For CS, test R?> was 0.976, with RMSE values of 5.244 8 MPa and 3.837 9
MPa. Predicted values clustered around the 45° ideal line, with most samples within £10% error. Residuals were concentrated and
symmetric, indicating no systematic bias, and loss curves showed stable convergence without overfitting. These results demonstrate
that CTGAN augmentation effectively improved the ability of XGBoost to capture complex nonlinear relationships under
small-sample conditions.

The SHAP and PDP analyses further revealed the influence mechanisms of different variables. For WFT, sFA showed a strong
positive contribution, mainly because its fine and spherical particles improved particle dispersion and increased effective water-film
formation. SF had a positive effect at low-to-medium dosages, but excessive SF could reduce WFT because of its high specific
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surface area. GGBS and sGGBS tended to show negative effects at high dosages, which may be related to denser particle packing and
compression of effective water-film space. PCE showed a nonmonotonic effect: moderate PCE improved WFT, while excessive PCE
could weaken the stability of the water-film structure.

For CS, CA was the most important factor and showed a strong positive contribution, reflecting continuous hydration and
microstructure densification with curing time. sGGBS, SF, and sFA generally promoted strength development. sGGBS contributed to
strength through microfilling and potential pozzolanic activity, while SF improved strength through pore refinement and matrix
densification. In contrast, GGBS and FA showed negative effects at high dosages because excessive cement replacement reduced
clinker content and limited the availability of calcium hydroxide (Ca(OH)2) for secondary reactions. These results demonstrate that
different mineral admixtures have dosage-dependent and material-specific effects on UHPC performance.

Conclusions This study establishes a multi-response prediction and interpretation framework integrating CTGAN, BO-XGBoost,
SHAP, and PDPs for UHPC under small-sample conditions. CTGAN effectively generated high-quality synthetic data while
preserving original distribution and correlation characteristics. The optimized BO-XGBoost model achieved outstanding predictive
accuracy and generalization, with test R? of 0.986 for WFT and 0.976 for CS. The interpretability analysis demonstrated that the
effects of mineral admixtures on WFT and CS are highly dependent on material type and dosage: sFA and SF are beneficial for WFT
within suitable ranges, whereas sGGBS, SF, and sFA promote CS; excessive GGBS and FA impair CS due to limited reaction activity.
The proposed framework offers an effective data-driven approach for UHPC mixture design, performance prediction, and mechanism
interpretation when only limited experimental data are available.

Keywords conditional generative adversarial network; ultra-high-performance concrete; data augmentation; water film thickness;
compressive strength





