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Table 1 Main chemical composition of cementitious materials w/%
Material Na;O MgO Al,03 SiO, P,0s SO K20 Ca0 Fe,O3 Lol
OPC 0.17 1.53 4.94 20.81 0.08 1.97 0.91 64.18 3.32 1.59
LP 0.23 0.50 56.00 4323
SF 0.15 0.52 0.11 96.36 0.19 0.18 0.54 0.34 0.06 1.49
SsP 0.12 6.14 421 16.69 1.50 0.34 0.06 41.00 20.46 3.94

w is mass fraction. OPC is ordinary Portland cement. LP is limestone powder. SF is silica fume. SSP is steel slag powder. LOI is loss on ignition.
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Table 2 Distribution of origin dataset

Variables (No.) Mean Std Min Max Missing value ratio/%
Input
OPC (V0) 729.76 137.89 471.60 1006.08 0
SF (V1) 142.73 49.37 55.00 187.00 0
LP (V2) 148.94 108.61 0.00 405.00 0
SSP (V3) 27.36 64.23 0.00 203.00 0
RS-1 (V4) 766.18 365.24 33.82 1183.50 0
RS-2 (V5) 115.04 164.97 0.00 558.45 0
RS-3 (V6) 93.30 192.59 0.00 591.35 0
RS-4 (V7) 83.43 199.61 0.00 619.93 0
SP (V8) 37.02 7.62 27.50 495 0
Water (V9) 191.26 25.35 150.93 270.09 0
Output
Workability/mm 196.40 85.58 100.00 357.00 17.70
Packing density 0.744 0.924 0.53 0.86 0
Flexure strength/MPa 16.42 3.81 8.48 25.96 35.40
Compressive strength/MPa 121.7 35.56 56.00 217.43 0
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Table 3 Statistical results of XGBoost model evaluation index
Training data Testing data
Property
R? MSE RMSE MAE R? MSE RMSE MAE
Workability 0.801 1550.8 39.38 28.30 0.774 1963.7 44.31 33.26
Packing density 0.835 0.0013 0.0366 0.0293 0.805 0.0008 0.0294 0.0246
Compressive strength 0.873 159.62 12.634 8.8154 0.871 112.71 10.616 7.1853
Flexure strength 0.831 2.8696 1.6939 1.3936 0.803 4.0433 2.0108 1.5953

R? is goodness of fit. MSE is mean square error. RMSE is root mean square error. MAE is mean absolute error.
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Table 4 Bayesian algorithm optimization results

Property n_estimater Max_depth Max_leaf _nodes Learning_rate
Search scope (1,50, 1) (1,30, 1) (0.30, 1.00) (0.001, 0.050, 0.001)
Workability 30 37 21 0.04

Packing density 50 2 17 0.049
Compressive strength 50 5 28 0.05
Flexure strength 49 7 17 0.046

%5 XGBoost HETEMNIEIRGITER
Table 5 Statistical results of XGBoost model evaluation index

Training data

Testing data

Property
R? MSE RMSE MAE R? MSE RMSE MAE
Workability 0.998 8.691 3.169 2.098 0.995 6.336 2.517 1.779
Packing density 0.992 0.0002 0.0139 0.0030 0.963 0.0006 0.0253 0.0169
Compressive strength 0.989 13.652 3.6948 0.5701 0.971 33.890 5.7921 0.6355
Flexure strength 0.998 2.1428 1.4638 0.9391 0.980 14.989 3.8716 1.3468
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Table 6 UHPC mixtures designed by MAA model and their predicted performance

Sample Mix proportion/(kg-m-3) Packing  Compressive .
. Workability/mm

No. OPC SF LP SSp RS-1 RS-2 RS-3 RS-4 SP  Water density strength/MPa

S1 680.72 130.70 181.53  0.00  202.69 291.92 90.18 521.94 20 180 0.625 116.3 210.5
S2 635.34 130.70 181.53 4538  202.69 291.92 90.18 521.94 20 180 0.675 1335 220.0
S3 589.96 130.70 181.53  90.76  202.69 291.92 90.18 521.94 20 180 0.678 135.7 200.0
S4 54458 130.70 181.53 136.14 202.69 291.92 90.18 521.94 20 180 0.725 140.1 201.5
S5 499.20 130.70 181.53 18153 202.69 291.92 90.18 521.94 20 180 0.734 146.5 205.0
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Table 7 Multi-objective optimization design of UHPC mixtures kg/m?

Sample No. OPC SF LP SSP RS-1 RS-2 RS-3 RS-4 SP Water
S6 530.33 192.25 165.45 120.87 995.34 26.17 284.14 240.02 25.82 161.23
S7 530.32 192.25 165.60 120.88 995.35 16.02 285.60 240.02 25.84 161.27
S8 533.41 192.51 165.60 120.87 995.35 16.79 285.60 240.02 25.84 161.27
S9 530.33 192.25 165.45 120.87 995.34 26.17 284.14 240.02 25.82 161.23
S10 532.95 192.42 165.38 120.81 995.39 1.35 285.37 494.25 24.41 160.98
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Extended Abstract

Introduction  Ultra-high performance concrete (UHPC) has garnered widespread attention in the field of civil engineering due to its
exceptional mechanical properties, durability, and workability. These superior properties are primarily attributed to its dense
microstructure and unique material composition, which typically includes cement, silica fume, quartz powder, and superplasticizers,
along with reinforcing materials like steel fibers. The remarkable performance of UHPC not only meets the demands for
high-performance materials in modern engineering but also contributes to reducing the life-cycle costs of structures by minimizing
section sizes and extending service life.

However, the development and application of UHPC face several challenges. The complexity of the preparation process,
stringent requirements for raw materials, and the high sensitivity of UHPC properties to mix design variations increase both
production costs and technical difficulties. Traditional experimental design methods struggle to efficiently optimize UHPC mixtures,
and issues such as shrinkage and autogenous cracking require precise design solutions. These challenges make the composition design
and performance prediction of UHPC a focal point in the field. With advancements in computer technology and data science, machine
learning (ML) offers new tools and approaches for UHPC research and development. Therefore, this study aims to promote the
application of ML technology in the UHPC field, thereby advancing the intelligent development of advanced construction materials.

Methods The study introduced a comprehensive ML-based framework for UHPC performance prediction and precise design. The
framework began with data cleaning, where the multiple imputation by chained equation (MICE) method with a predictive mean
matching (PMM) kernel was employed to impute missing data in the UHPC database. Subsequently, the isolation forest algorithm
was applied to identify and eliminate outlier data, thereby improving the quality of the dataset. The cleaned and optimized dataset was
then used to train an XGBoost model, optimized via Bayesian hyperparameter tuning, to accurately predict various UHPC properties.
Two Al-driven approaches for UHPC mix design were also proposed: one that combined the MAA model with ML predictions for
multi-performance optimization, and another that integrated the ML model with genetic algorithm (GA) for multi-objective
optimization.

Results and discussion The application of MICE combined with PMM resulted in a substantial improvement in the accuracy of
the imputed data, as evidenced by the reduced average deviation between imputed and original data values. This enhanced
imputation process allowed for a more reliable dataset, which directly contributed to the performance of the XGBoost prediction
models. Outlier detection via the isolation forest algorithm effectively removed data points that exhibited significant deviation from
the norm, particularly in compressive strength and density measurements. The refined dataset led to more accurate and consistent
predictions across all performance metrics. After hyperparameter optimization, the XGBoost model demonstrated exceptional
predictive capabilities, with notable improvements in performance metrics. The predictive accuracy of the model was further
validated against experimental data, confirming its effectiveness in real-world applications. These results highlight the potential of
ML techniques in advancing the field of UHPC research. The integration of MICE and PMM into the data preprocessing pipeline
ensured more accurate and reliable datasets, which were crucial for developing robust predictive models. The success of the
XGBoost model, particularly after Bayesian optimization, underscores the importance of hyperparameter tuning in enhancing model
performance.
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Furthermore, the study proposes two ML-assisted design strategies for UHPC: 1) a combined physical packing theory and ML
prediction model for initial mixture design, and 2) a multi-objective optimization approach using a metaheuristic algorithm for
fine-tuning UHPC compositions. These strategies provide a framework for the intelligent and efficient design of UHPC materials,
aligning with the growing demand for high-performance, sustainable construction materials.

Conclusions This research demonstrates the significant potential of ML in predicting and optimizing the performance of UHPC. By
addressing data challenges and enhancing prediction models, the study provides valuable insights into the application of ML in UHPC
design. The proposed ML-assisted design strategies offer a practical approach to developing UHPC with tailored properties, paving
the way for more sustainable and efficient construction practices.

Keywords ultra-high performance concrete; machine learning; performance predictions; multi-objective optimization



