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Abstract: Ultra-high-performance concrete (UHPC) mix design remains 

experimentally expensive because many ingredients interact nonlinearly to 

govern flexural behavior. An interpretable machine-learning pipeline was 

developed to predict UHPC flexural strength from literature-derived mixes (317 

observations, 14 input variables). Nine regression models were screened 

under a rigorous Monte-Carlo protocol (1,000 random 70/30 splits). Tree-based 

boosting dominated: on a representative split, CatBoost achieved 

R2test=0.928, RMSE = 1.980 MPa, MAE = 1.454 MPa, MAPE = 8.386%, with 

XGBoost close behind; Random Forest and Gradient Boosting formed a 

reliable second tier, while linear, SVR, and KNN underfit. Global and local 

interpretability (SHAP and PDP) revealed a stable hierarchy of drivers: steel 

fiber content and curing time were strongly beneficial; coarse aggregate 

content was deleterious and nearly monotonic; water became increasingly 

harmful at high dosages; superplasticizer exhibited an interior “sweet spot”; 

cement and silica fume were favorable (silica fume above ~100 kg/m³); sand 

was weakly positive; limestone powder was near-neutral. Guided by 

mean|SHAP|, the feature set was reduced from 14 to 9 variables with only a 

modest trade-off (R2test =0.916, RMSE = 2.143 MPa, MAE = 1.522 MPa, 

MAPE = 9.07%). External verification on an independent dataset confirmed 

generalization and preserved the correct nonlinear response to steel fibers in 

the practical 0-2% range. A lightweight GUI operationalizes the nine-input 

model, enabling rapid “what-if” exploration and reducing measurement burden 

by 36%. The results deliver both accuracy and transparency, distilling 

actionable rules for UHPC tailored to flexure-critical applications: prioritize steel 

fibers and adequate curing, cap coarse aggregate, and maintain 

water/superplasticizer within stable windows while using cement and silica 

fume to tune the matrix. 

Keywords: Ultra-High-Performance Concrete, Flexural Strength, CatBoost, 

SHAP, Partial Dependence Plots. 
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1. Introduction 

Ultra-high-performance concrete (UHPC) 

has been recognized as a family of fiber-reinforced 

cementitious composites engineered with very low 

water-to-binder ratios, dense particle packing, 

refined microstructure, and superior mechanical 

performance and durability [1]. Characteristic 

compressive strengths above 120 MPa at 28 days 

have been widely reported, while discrete fibers 

have been incorporated to bridge cracks and to 

sustain post-cracking tensile capacity, enabling 

use in repair, rehabilitation, and new construction 

[2]. These attributes have been attributed to 

deliberate mix design in which granular packing 

has been optimized, porosity has been lowered, 

and steel or polymer fibers have been dispersed 

within a compact matrix to suppress microcracking 

and to enhance energy absorption [3, 4]. 

UHPC mixtures have typically been 

proportioned under strict rheology control at low 

water-to-binder ratios, with particle size 

distributions across cement, supplementary 

cementitious materials (SCMs) notably silica fume 

and nano-silica and fine aggregates optimized to 

maximize packing density; fiber type, geometry, 

and dosage have been selected to tailor tensile 

and flexural response [1, 4, 5]. The presence of 

coarse aggregate has often been reduced or 

eliminated to improve homogeneity and the 

interfacial transition zone; however, brittleness has 

been observed if fiber bridging is inadequate, 

superplasticizer dosages have required windowing 

to avoid segregation, and curing regimes have 

been shown to condition both early-age and long-

term gains [4, 6]. As a result, a multivariate design 

space has been confronted in practice, within 

which nonlinear interactions among binder 

fractions, aggregate gradation, admixture content, 

fiber parameters, and curing schedule have been 

repeatedly documented [7]. 

Although targeted experiments have clarified 

mechanisms such as silica-fume-induced 

densification, nano-silica seeding, or fiber-shape 

effects on crack bridging comprehensive factorial 

exploration has been found to be costly in time, 

labor, and materials, especially as the number of 

controllable variables grows [5]. To address this 

challenge, data-driven modeling has been adopted 

increasingly, and machine learning (ML) methods 

have been leveraged to learn complex response 

surfaces directly from curated mix property 

datasets [8–10]. On structured, tabular materials 

data, tree-ensemble models including Gradient 

Boosting, Random Forests, XGBoost, LightGBM, 

and CatBoost have been shown to capture 

nonlinearities and interactions while maintaining 

competitive accuracy and computational efficiency 

[11, 12]. Model interpretability has been 

strengthened through Shapley Additive 

Explanations (SHAP) [13] and partial-dependence 

plots (PDP) [14], by which variable attributions and 

response shapes have been exposed and 

compared against micromechanical expectations 

(e.g., beneficial roles of steel fibers and adequate 

curing; adverse effects of excessive water or 

coarse aggregate) [15–19]. In several UHPC 

studies, practical deployment has been facilitated 

by user-facing tools, through which trained models 

have been placed in engineers’ hands for rapid 

“what-if” screening during proportioning and 

specification [20, 21]. 

Despite these advances, persistent gaps 

have been identified. Many datasets have been 

assembled from heterogeneous sources with 

inconsistent measurement conventions, specimen 

geometries, and curing protocols; anomalous 

entries and outliers have not always been 

screened systematically, and generalization has 

consequently been degraded [22–24]. Variable 

sets have often been chosen ad hoc, with weak or 

rarely used contributors retained and practical 

levers omitted, thereby inflating variance and 

blurring attribution [16, 18, 22]. Most importantly for 

serviceability and toughness, flexural behavior has 

been explored less systematically than 

compressive strength in ML settings, despite 

strong experimental evidence that steel-fiber 

dosage and geometry exert nonlinear, saturating 
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influences on flexural response, and that coarse 

aggregate can disrupt homogeneity and fiber 

dispersion [24–28]. In addition, robust anomaly 

detection and rank-based exploratory checks have 

remained underused, even though isolation-based 

screening and nonparametric correlations offer 

practical safeguards for small-to-moderate UHPC 

datasets. 

Within this context, an interpretable pipeline 

focused on UHPC flexural strength has been 

pursued. A curated feature set composed of 

routinely measured quantities cement and SCMs 

(e.g., silica fume, nano-silica, slag, fly ash), 

limestone powder, fine/coarse aggregates, water, 

superplasticizer, steel/polystyrene fibers, and 

curing time has been emphasized to ensure 

usability and auditability in mix design and quality 

control [15, 22, 29]. Model development has been 

carried out using strong baselines across the tree-

ensemble family (Gradient Boosting, Random 

Forests, XGBoost, LightGBM, CatBoost), under a 

disciplined evaluation protocol based on repeated 

Monte-Carlo train/test splits, so that distributions of 

accuracy metrics rather than single-split values are 

reported [30]. Hyperparameters have been 

optimized using modern search strategies to 

mitigate overfitting and to improve robustness [31]. 

Data reliability has been enhanced by isolation-

based anomaly screening and rank-correlation 

diagnostics during exploratory analysis, so that 

spurious leverage is reduced before fitting [25, 26]. 

Interpretability has been delivered with SHAP for 

global and local attributions and with PDP for 

response-shape visualization and uncertainty 

banding across practically relevant dosage ranges. 

Through this approach, a consistent, 

mechanics-aligned picture has been obtained. 

Steel-fiber volume and curing time have emerged 

as dominant positive drivers of flexural strength; 

coarse aggregate within the sampled range has 

shown a monotonic negative effect; cement and 

silica fume have contributed modest gains; water 

above a stable window and excessive 

superplasticizer have been associated with 

declining performance patterns in agreement with 

micromechanics and with classic UHPC 

proportioning heuristics [25, 27]. Accuracy and 

stability have been found to be highest for 

boosting-based learners (CatBoost, XGBoost), 

with Random Forest and Gradient Boosting 

forming a durable second tier, consistent with 

broader findings on structured tabular problems in 

materials engineering [30]. For practical adoption, 

a lightweight graphical user interface has been 

provided so that rapid “what-if” mix exploration can 

be conducted during preliminary design and 

performance screening without displacing 

confirmatory laboratory tests. External 

experimental trends on steel-fiber dosage have 

been used for qualitative verification, and the 

learned nonlinear slope with saturation at ≈2-3 % 

volume has been preserved when compared 

against independent data [7]. 

Following this introduction, the dataset 

together with the analysis is presented in Section 

2. Section 3 describes the 9 machine learning 

algorithms used in this study. The results are then 

developed in Section 4: model performance is 

assessed on repeated splits and Monte Carlo 

simulations is used for evaluating the reliability of 

ML models (4.1), representative prediction 

outcomes are examined (4.2), and a global 

interpretation is provided in Section 4.3, where 

SHAP/PDP analyses are consolidated with a 

lightweight GUI demonstration and out-of-sample 

verification.  

2. Database analysis for Machine Learning 

model 

The dataset used for training the machine 

learning models consists of 317 data points from 

[26], each containing 14 input variables related to 

the composition of concrete. These features, 

including cement content, fly ash content, slag 

content, silica fume content, nano silica content, 

limestone powder content, sand content, coarse 

aggregate content, quartz powder content, water 

content, superplasticizer content, polystyrene fiber 
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content, steel fiber content, and curing time, serve 

as the predictors for flexural strength, the target 

variable. 

Table 1 provides detailed statistics for each 

of the 13 input variables in the dataset. The mean 

represents the average value for each feature, 

while the standard deviation indicates the spread 

or variability of the data. The minimum and 

maximum values show the range of the dataset, 

and the Q25, Q50, and Q75 represent the 25th, 

50th (median), and 75th percentiles, respectively, 

which help to understand the distribution of the 

data. Cement content has a wide range, from 317.0 

kg/m³ to 1079.0 kg/m³, with a mean of 711.7 kg/m³. 

The spread is substantial, indicating variability in 

cement content across the dataset. Fly ash content 

and slag content both show high variability, with 

standard deviations of 96.6 kg/m³ and 126.7 kg/m³, 

respectively, but the median values (Q50) are close 

to zero for many samples. Nano silica content and 

silica fume content are typically low, with the mean 

values being 9.2 kg/m³ and 109.0 kg/m³, 

respectively. This suggests that these ingredients 

are used sparingly in the concrete mix. Sand 

content and coarse aggregate content have high 

mean values (1047.4 kg/m³ and 118.6 kg/m³) and 

show significant variation across the samples, with 

sand content ranging from 408.0 kg/m³ to 1503.4 

kg/m³. Water content shows a mean value of 180.4 

kg/m³, with a relatively low standard deviation (45.5 

kg/m³), indicating that water content does not vary 

as widely as some other materials. Steel fiber 

content and superplasticizer content have 

relatively low means (0.1% and 29.3%) and show 

less variability compared to other ingredients like 

cement content and sand content. 

Table 1. Statistical Summary of Variables in the UHPC Dataset 

 Unit Mean Std Min Q25% Q50% Q75% Max 

Cement content kg/m3 711.7 171.0 317.0 606.4 699.0 850.3 1079.0 

Fly ash content kg/m3 43.1 96.6 0.0 0.0 0.0 0.0 475.0 

Slag content kg/m3 50.3 126.7 0.0 0.0 0.0 0.0 475.0 

Silica fume content kg/m3 109.0 101.7 0.0 0.0 74.5 216.0 273.0 

Nano silica content kg/m3 9.2 15.2 0.0 0.0 0.0 24.0 43.7 

Limestone powder content kg/m3 55.2 104.9 0.0 0.0 0.0 0.0 272.9 

Sand content kg/m3 1047.4 278.3 408.0 1000.0 1056.0 1273.4 1503.4 

Coarse aggregate content kg/m3 118.6 285.1 0.0 0.0 0.0 58.0 990.0 

Quartz powder content kg/m3 16.6 51.5 0.0 0.0 0.0 0.0 175.9 

Water content kg/m3 180.4 15.0 144.0 173.0 177.0 185.0 228.0 

Superplasticizer content kg/m3 29.3 12.1 8.0 21.0 24.0 43.9 52.0 

Polystyrene fiber content % 0.1 0.3 0.0 0.0 0.0 0.0 2.0 

Steel fiber content % 1.9 2.3 0.0 0.0 2.0 2.0 17.0 

Curing time days 50.5 121.6 1.0 7.0 28.0 28.0 730.0 

Flexural strength MPa 19.1 7.6 5.6 12.8 18.9 23.8 41.5 
 

The variability in these features is important 

as it can influence the predictions made by 

machine learning models, and the preprocessing 

steps may involve scaling or normalization of these 

features to ensure consistent input values across 

the dataset. 

Fig. 1 shows the distribution of each input 

variable along with its relationship to flexural 

strength. These plots include scatter plots and 

histograms that depict how each feature correlates 

with the target variable. Cement content (Fig. 1a) 

shows a positive correlation with flexural strength. 

As the cement content increases, flexural strength 

tends to rise as well. This is consistent with the 

correlation coefficient of 0.36 in Fig. 2, indicating a 

moderate positive relationship. Cement content is 
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therefore an important factor in determining 

concrete strength. Fly ash content (Fig. 1b) shows 

a weak positive correlation with flexural strength. 

The scatter plot suggests a slight increase in 

flexural strength with fly ash content, but the trend 

is not as strong as that for cement content. The 

correlation coefficient of 0.18 in Fig. 2 confirms that 

fly ash content has a minimal impact on flexural 

strength. Slag content (Fig. 1c) also shows a weak 

positive relationship with flexural strength. Like fly 

ash, slag content contributes slightly to increasing 

flexural strength, but the effect is not significant. 

The correlation coefficient of 0.26 in Fig. 2 indicates 

a mild positive correlation. 
 

  
(a) (b) 

 
 

(c) (d) 

Fig. 1. Distribution samples of each input variable and Flexural strength of UHPC 
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(e) (f) 

  
(g) (h) 

Fig. 1. (continued) 

Silica fume content (Fig. 1d) has a weak 

positive effect, although it is less pronounced than 

cement content. The correlation coefficient of 0.19 

in Fig. 2 indicates a slight positive relationship, 

suggesting that silica fume content has a modest 

effect on flexural strength. Nano silica content (Fig. 

1e) exhibits a weak negative correlation with 

flexural strength, as reflected in the scatter plot. As 

nano silica content increases, flexural strength 

tends to decrease slightly. The correlation 

coefficient of-0.16 in Fig. 2 suggests a very weak 

negative relationship. Limestone powder content 

(Fig. 1f) shows a weak positive effect on flexural 

strength, similar to silica fume. The correlation 

coefficient of 0.24 in Fig. 2 indicates a slight 

positive relationship. Sand content (Fig. 1g) 

exhibits almost no linear relationship with flexural 

strength, with the scatter plot showing a slight 
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upward trend. However, the correlation coefficient 

of-0.07 in Fig. 2 suggests that sand content does 

not significantly influence flexural strength. Coarse 

aggregate content (Fig. 1h) shows a negative 

correlation with flexural strength. As the amount of 

coarse aggregate increases, flexural strength 

decreases, which is confirmed by the correlation 

coefficient of-0.79 in Fig. 2, indicating a strong 

negative relationship. Quartz powder content (Fig. 

1i) shows a weak positive correlation with flexural 

strength, with the scatter plot indicating a slight 

increase in strength as quartz powder content 

rises. The correlation coefficient of 0.32 in Fig. 2 

supports this weak positive relationship. Water 

content (Fig. 1j) exhibits a negative correlation with 

flexural strength. Higher water content leads to 

lower flexural strength, as reflected in the 

correlation coefficient of-0.43 in Fig. 2. 
 

  
(i) (j) 

  
(k) (l) 

Fig. 1. (continued) 
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(m) (n) 

Fig. 1. (continued) 

Superplasticizer content (Fig. 1k) shows a 

weak positive correlation with flexural strength. The 

correlation coefficient of 0.25 in Fig. 2 suggests a 

slight positive effect, where increasing 

superplasticizer content can improve flexural 

strength. Polystyrene fiber content (Fig. 1l) exhibits 

a negative correlation with flexural strength. As the 

content of polystyrene fibers increases, the flexural 

strength tends to decrease, which is supported by 

the correlation coefficient of-0.21 in Fig. 2. 

Steel fiber content (Fig. 1m) shows a positive 

correlation with flexural strength. The more steel 

fibers are added, the greater the flexural strength. 

This is confirmed by the correlation coefficient of 

0.37 in Fig. 2. 

Curing time (Fig. 1n) exhibits a weak positive 

correlation with flexural strength. The correlation 

coefficient of 0.19 in Fig. 2 indicates that curing 

time has a minor but positive effect on flexural 

strength. 

Fig. 2 presents the correlation matrix of the 

input variables and the target variable (flexural 

strength). This matrix quantifies the strength and 

direction of the linear relationships between the 

features. It supports the trends observed in Fig. 1: 

Cement content has a moderate positive 

correlation of 0.36 with flexural strength, confirming 

its significant role in concrete strength. Coarse 

aggregate content has a strong negative 

correlation of-0.79 with flexural strength, indicating 

that more coarse aggregate generally leads to 

lower flexural strength. Water content shows a 

negative correlation of-0.43, which aligns with the 

observation in Fig. 1j that increased water content 

decreases flexural strength. 

The analysis of the statistical summary, the 

visualizations in Fig. 1, and the correlation matrix 

in Fig. 2 reveals important insights into how each 

feature influences the flexural strength of concrete. 

Variables such as cement content, steel fiber 

content, and curing time show stronger 

relationships with flexural strength, while other 

variables like sand content and coarse aggregate 

content exhibit weaker or negative correlations. 

To evaluate the overall impact of these 

features and to better understand their influence on 

the prediction accuracy of the machine learning 

models by using SHAP (SHapley Additive 

exPlanations) and PDP (Partial Dependence Plots) 

which are two important tools in machine learning 
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for interpreting and explaining model predictions, 

the 13 input variables will be retained for further 

analysis and model development. These features 

will be included in the construction and evaluation 

of the machine learning model aimed at predicting 

the flexural strength of UHPC. The next step 

involves further preprocessing, feature 

engineering, and applying machine learning 

techniques to develop a robust predictive model 

based on these input features. 

 
Fig. 2. Correlation Matrix of Input Variables and Flexural Strength 

3. Machine Learning algorithms 

In this study, nine supervised machine 

learning algorithms were selected to span a 

representative spectrum of model families that are 

suitable for small-to-moderate tabular datasets 

such as UHPC mixture databases. A multiple linear 

regression (LR) model was first included as a weak 

baseline to quantify the performance gains 

obtained from more flexible non-linear learners. 

Support vector regression (SVR) and K-Nearest 

Neighbours (KNN) were then considered as kernel-

based and instance-based methods that can 

capture moderate non-linear relationships while 

remaining relatively simple and robust for limited 

data. A single decision tree (DT) was used as a 

transparent but high-variance benchmark, 

providing intuitive if-then rules at the cost of 

reduced generalization. 

The remaining five models are ensemble 

tree-based algorithms: Random Forest (RF), 

Gradient Boosting (GB), Extreme Gradient 

Boosting (XGBoost), Light Gradient Boosting 

Machine (LightGBM), and Categorical Gradient 

Boosting (CatBoost). Ensemble trees, and in 

particular gradient boosting variants, have 

repeatedly delivered state-of-the-art accuracy for 

concrete strength prediction, clearly outperforming 

traditional regression or single-model baselines in 
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terms of R2 and error metrics. Recent studies have 

shown that optimized XGBoost and related 

boosting models are highly effective for forecasting 

the compressive strength of conventional and fly 

ash concretes, as well as other cementitious 

mixtures [32–36]. In parallel, CatBoost has been 

successfully combined with SHAP-based 

interpretability to design accurate, explainable 

models for concrete compressive strength and 

high-performance concrete mixtures (Fu et al., 

2025; Zhang and Ren, 2024). Moreover, random 

forest models have already been applied to predict 

the flexural strength and flexural behaviour of fiber-

reinforced UHPC, confirming the suitability of tree 

ensembles for this class of materials (Sarmiento-

Pupo et al., 2025). On this basis, the present work 

uses the nine models above to cover a broad range 

of bias-variance trade-offs and modelling 

philosophies that are known to be effective for 

concrete and UHPC datasets, while remaining 

compatible with SHAP and partial-dependence 

analyses. 

The ML models were evaluated based on 

their ability to maximize the coefficient of 

determination R2 and minimize the Root Mean 

Square Error (RMSE), Mean Absolute Error (MAE), 

Mean absolute percentage error (MAPE). 

Linear Regression (Linear) 

Linear regression is one of the simplest and 

most widely used algorithms in machine learning. 

It establishes a relationship between the input 

features and the target variable by fitting a linear 

equation to the observed data. This model 

assumes that there is a linear relationship between 

the predictors and the target variable, making it 

interpretable but sometimes less accurate in 

capturing complex patterns in the data. It is often 

used as a baseline model for comparison. Linear 

regression assumes a linear relationship between 

features and the target variable, which may limit its 

accuracy on more complex datasets. Additionally, 

it is sensitive to outliers, which can significantly 

impact the model's predictions [8]. 

Support Vector Regression (SVR) 

Support Vector Regression (SVR) is a 

regression technique derived from Support Vector 

Machines (SVM). SVR attempts to find a 

hyperplane in a high-dimensional space that best 

fits the data, while also ensuring that the errors of 

the model remain within a specified margin. SVR is 

well-suited for data with complex, non-linear 

relationships, and is often preferred for its 

robustness to overfitting when tuned appropriately. 

SVR aims to find a hyperplane that best fits the 

data while minimizing errors within a specific 

margin, making it robust against overfitting [37]. 

SVR is computationally expensive, particularly for 

large datasets, and requires careful tuning of 

hyperparameters like the kernel and epsilon to 

perform optimally [37]. Moreover, it may not scale 

well to extremely large datasets or complex feature 

spaces. 

K-Nearest Neighbors (KNN) 

K-Nearest Neighbors (KNN) is a simple, yet 

powerful algorithm that classifies a data point 

based on the majority label of its nearest 

neighbors. In regression, the algorithm predicts the 

target variable by averaging the values of the 

nearest neighbors. KNN does not assume any 

underlying data distribution, making it highly 

flexible, though it can be computationally 

expensive for large datasets. KNN can be 

computationally expensive during prediction, as it 

requires calculating distances to all training 

samples. Additionally, its performance may 

degrade in high-dimensional spaces (the curse of 

dimensionality) and is sensitive to the choice of K 

(the number of neighbors) and the distance metric 

used [38]. 

Light Gradient Boosting Machine 

(LightGB) 

Light Gradient Boosting Machine (LightGB) 

is a highly efficient gradient boosting framework 

that is optimized for speed and accuracy. It utilizes 

a histogram-based approach for decision tree 

learning, which helps reduce memory usage and 

improves performance on large datasets. 

LightGBM has become increasingly popular in 
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machine learning competitions due to its high 

efficiency and ability to handle categorical features 

natively. It has proven effective in machine learning 

competitions due to its speed and accuracy [39]. 

While LightGB is powerful, it can overfit if not 

carefully tuned. It also has limitations when dealing 

with imbalanced datasets, although these can be 

addressed with hyperparameter tuning. 

Gradient Boosting (GB) 

Gradient Boosting is an ensemble learning 

method that builds a series of weak learners, 

typically decision trees, in a sequential manner. 

Each new model attempts to correct the errors of 

the previous model, resulting in a strong predictive 

model. Gradient Boosting is known for its high 

accuracy but can be sensitive to overfitting if not 

tuned properly. It performs well on both structured 

and unstructured data [40]. Gradient Boosting can 

be slow to train due to the sequential nature of its 

tree-building process. It also requires careful tuning 

of hyperparameters such as learning rate and 

number of trees to prevent overfitting, which can be 

computationally expensive [40]. 

Random Forest (RF) 

Random Forest is another ensemble learning 

method that constructs multiple decision trees and 

merges them together to improve the accuracy and 

control overfitting. Random Forest is particularly 

useful for handling high-dimensional data and can 

model complex interactions between features. It is 

robust and often provides good results with 

minimal tuning [41]. Despite its strengths, Random 

Forest models can become computationally 

expensive when the number of trees is large. 

Additionally, although it is less prone to overfitting 

than single decision trees, it can still be sensitive to 

noise in the data if not properly tuned [41]. 

CatBoost (CatB) 

CatBoost (Categorical Boosting) is a gradient 

boosting algorithm developed by Yandex, 

optimized for categorical features. It performs well 

on datasets with categorical variables without 

requiring much preprocessing. CatBoost handles 

categorical features efficiently by using ordered 

boosting and supports both regression and 

classification tasks. It performs exceptionally well 

with minimal preprocessing and is efficient in 

handling large datasets. CatBoost has become 

increasingly popular due to its superior 

performance and ease of use with categorical 

variables [42]. Despite its efficiency, CatBoost can 

be harder to tune than other gradient boosting 

methods due to fewer resources available for 

hyperparameter optimization. Additionally, its 

performance on very large datasets may not be as 

high as other tree-based methods like XGB in 

certain scenarios [42]. 

XGB (XGB) 

XGB (Extreme Gradient Boosting) is one of 

the most popular gradient boosting algorithms due 

to its performance and scalability. It is designed to 

be highly efficient, flexible, and portable. XGB is 

widely used in machine learning competitions and 

has been shown to perform excellently on various 

structured datasets. XGB is particularly suited for 

regression and classification tasks on structured 

data [43]. Like other boosting methods, XGB can 

overfit if hyperparameters are not well-tuned. 

Additionally, it can be computationally expensive 

when working with very large datasets, though its 

scalability is one of its key strengths [43]. 

Decision Tree (DT) 

Decision Tree is a non-linear model that splits 

the data into subsets based on feature values, 

creating a tree structure where each leaf node 

represents a predicted value. Decision Trees are 

easy to interpret and visualize, which makes them 

highly useful for understanding how predictions are 

made. They are non-linear and can model complex 

relationships between features and the target 

variable [44]. Decision Trees are prone to 

overfitting, especially when the tree depth is too 

large. They are also less stable, meaning small 

changes in the data can significantly alter the tree 

structure. Furthermore, they may struggle with 

handling missing data or very high-dimensional 

datasets without proper tuning [44]. 

Each machine learning algorithm has its 



JSTT 2026, 6 (1), 215-242                                               P.G. Asteris et al 

 

 
226 

unique strengths and weaknesses, and selecting 

the most appropriate model depends on the 

characteristics of the dataset and the problem at 

hand. Simple models like Linear Regression are 

computationally efficient but may not capture the 

complexity of non-linear relationships. On the other 

hand, more complex models like XGB and 

LightGBM offer higher accuracy and can handle 

large datasets effectively, but they require careful 

hyperparameter tuning to avoid overfitting. 

Random Forest and Gradient Boosting are robust 

ensemble methods that often provide excellent 

performance, while SVR and KNN excel in non-

linear relationships but may struggle with larger or 

high-dimensional data. The performance of these 

algorithms will be further evaluated based on their 

performance metrics including R2, RMSE, MAE 

and MAPE, which will guide the model selection for 

predicting flexural strength in UHPC. 

4. Data splitting and Monte Carlo cross-

validation 

To assess the generalization performance of 

the nine machine-learning models, we adopted a 

Monte Carlo cross-validation (also referred to as 

repeated random sub-sampling or shuffle-split 

cross-validation). In each iteration, the full dataset 

was randomly partitioned into a training subset 

containing 70% of the data and a testing subset 

containing the remaining 30% of the data. The 

model was fitted on the training subset and 

evaluated on the testing subset. This procedure 

was repeated 1,000 times with independently 

generated random splits, and the reported 

performance metrics correspond to the mean and 

dispersion (standard deviation and selected 

quantiles) over these 1,000 Monte Carlo 

replications.  

The 70/30 train-test ratio was chosen as a 

compromise between (i) providing a sufficiently 

large training set to calibrate flexible non-linear 

models, and (ii) maintaining a relatively large, truly 

unseen test set to estimate generalization error 

and compare competing algorithms. Similar 70/30 

hold-out splits have been widely adopted in recent 

machine-learning studies on compressive and 

flexural strength prediction of concrete and ultra-

high-performance concrete with comparable 

sample sizes, which facilitates a consistent 

comparison with the existing literature [12,45–47].  

Using 1,000 Monte Carlo replications allows 

us to substantially reduce the variance of the error 

estimates that arises from the randomness of any 

single train-test split and to approximate the full 

distribution of the performance metrics for each 

algorithm. Methodological work on Monte Carlo 

and resampling-based cross-validation 

recommends using a relatively large number of 

repetitions when the goal is to obtain stable 

estimates and confidence intervals for prediction 

error, rather than relying on a single split or a small 

number of folds [48]. Given the modest size of our 

dataset and the moderate complexity of the 

considered models, the computational cost of 

1,000 repetitions remained low, while the benefit in 

terms of robustness of model ranking and 

uncertainty quantification was significant.  

In this sense, our evaluation protocol can be 

viewed as a Monte Carlo cross-validation scheme 

with a fixed 70/30 split ratio and 1,000 random 

replications, which is statistically equivalent in spirit 

to repeated k-fold cross-validation but offers more 

flexibility in the choice of the train-test proportion 

and provides a richer characterization of the 

variability in predictive performance. 

5. Results and Discussion 

5.1. Evaluating performance of Machine 

learning model 

Using the 317 observations described in 

Table 1, each experiment adopted a 70/30 split 70 

% for training and 30 % for testing and repeated 

this procedure 1000 times under Monte-Carlo 

random sub-sampling. At every run, models were 

refit on the training subset and assessed on the 

hold-out using R2, RMSE (MPa), MAE (MPa), and 

MAPE (%). This design suppresses split 

idiosyncrasies and exposes both the central 

tendency and dispersion of model accuracy. The 

distributional outcomes are visualized as boxplots 



JSTT 2026, 6 (1), 215-242                                               P.G. Asteris et al 

 

 
227 

in Fig. 3, while the means and standard deviations 

aggregated over runs are reported in Table 2 and 

Table 3, respectively. 

The evidence in Fig. 3 is unequivocal: tree-

based boosting dominates. CatBoost and XGB 

show the highest median test R2, the lowest 

median errors, and the tightest interquartile ranges, 

indicating not only accuracy but also robustness to 

resampling. Table 2 quantifies these advantages. 

On the testing set, CatBoost attains R2=0.834 with 

RMSE = 3.041 MPa, MAE = 2.058 MPa, and MAPE 

= 11.70 %, XGB follows closely with R2=0.818, 

RMSE = 3.173 MPa, MAE = 2.052 MPa, and MAPE 

= 11.40 %. These error magnitudes are 

meaningfully lower than the rest and, crucially, 

remain concentrated an observation reinforced by 

the narrow boxes and short whiskers in Fig. 3. 

A second tier is visible just behind the best 

ML model CatBoost. Random Forest and Gradient 

Boosting maintain strong performance but with 

slightly inflated errors and wider spreads. Table 2 

shows RF at R2=0.812, RMSE=3.246 MPa, 

MAE=2.228 MPa, MAPE = 12.37%, and GB at 

R2=0.809, RMSE = 3.268 MPa, MAE = 2.282 MPa, 

MAPE = 13.05 %. Fig. 3 corroborates this: their 

medians remain competitive, but the interquartile 

ranges expand, and occasional outliers appear 

more frequently than for CatBoost/XGB. LightGB 

trails this cluster with noticeably higher errors and 

dispersion, suggesting that its histogram-based 

splits did not exploit the full structure of this dataset 

at the given sample size. 
 

  
(a) R2 for training part (b) R2 for testing part 

  
(c) RMSE for training part (d) RMSE for testing part 

Fig. 3. Using 1000 times of Monte Carlo simulations (MCs) for evaluating the performance of 9 ML models 

Models outside the tree-ensemble family 

underperform for this task. Decision Tree exhibits 

the classic signature of overfitting: extremely high 

training R2 but a sharp decline on testing (Fig. 3 

shows the train box nearly pegged at the top while 

the test box sinks), which Table 2 summarizes with 

a test R2 round 0.70 and RMSE ≈ 4.09 MPa. In 

contrast, Linear regression, SVR, and KNN tend to 
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underfit: both train and test R2 remain low (e.g., 

Linear R2=0.375 on test) and error distributions are 

broad, implying insufficient capacity to capture 

non-linearities and interactions inherent to UHPC 

mix strength relationships. 

Beyond central accuracy, stability matters. 

Table 3 shows that CatBoost and XGB also 

minimize variability across resamples. For 

CatBoost, the test-set standard deviations are 

StD(R2)=0.0510, StD(RMSE)=0.4487 MPa, 

StD(MAE)=0.2120 MPa, and StD(MAPE)=0.0158; 

XGB is comparably tight StD(RMSE)=0.5193 MPa. 

RF and GB exhibit moderate increases in spread, 

while LightGBM, DT, KNN, SVR, and Linear show 

the largest standard deviations, confirming the 

broader boxes and longer whiskers in Fig. 3 and 

signaling higher sensitivity to the particular 

train/test partitions. 

Generalization gaps inferred from Table 2 are 

consistent with these conclusions. Boosting 

models achieve very high training R2 ≈ 0.95-0.98 

yet preserve solid test R2 ≈ 0.81-0.83, indicating 

capacity without collapse. DT’s gap is excessive, 

betraying brittle fits to noise. By contrast, 

Linear/SVR/KNN keep gaps small only because 

their ceilings are low, these ML models fail to model 

the problem’s non-linearity, not because they 

generalize better. 
 

  
(e) MAE for training part (f) MAE for testing part 

  
(g) MAPE for training part (h) MAPE for testing part 

Fig. 3. (continued) 

CatBoost and XGB are the most accurate 

and stable; Random Forest and Gradient Boosting 

form a reliable second tier that remains competitive 

with slightly higher uncertainty. These four 

algorithms are therefore selected for deeper 

analysis in Section 4.2 on predicting UHPC flexural 

strength. 

The random 70/30 partitioning was repeated 

1,000 times. At each repetition, the models were 

re-trained on the training subset and evaluated on 

the independent test subset, and the resulting R2, 

RMSE, MAE and MAPE values were aggregated 
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to compute their means and standard deviations 

(Tables 2–3) and empirical distributions (Fig. 3). 

This procedure corresponds to Monte Carlo cross-

validation, a widely used resampling strategy for 

quantifying prediction error and uncertainty in 

supervised learning. The number of repetitions 

(1,000) was selected because training on this 

relatively small dataset is computationally 

inexpensive, and such a high number of 

replications yields smooth and stable estimates of 

the performance metrics at the two-decimal level. 

The observed high test-set accuracy and moderate 

test-set standard deviations for the best models 

(e.g., CatBoost) further indicate that the dataset 

size (317 mixtures) is sufficient for the class of 

learning algorithms considered in this work. 

Table 2. Performance mean values of Machine Learning Models on Flexural Strength Prediction for 

UHPC after 1000 Monte Carlo simulations 

Ranking ML 

models Training dataset  Testing dataset 

 

 

R2 RMSE 

(MPa) 

MAE 

(MPa) 

MAPE 

(%) 

 R2 RMSE 

(MPa) 

MAE 

(MPa) 

MAPE 

(%) 

1 CatBoost 0.974 1.224 0.748 4.047  0.834 3.041 2.058 11.704 

2 XGB 0.981 1.028 0.328 1.636  0.818 3.173 2.052 11.400 

3 RF 0.961 1.500 0.962 5.248  0.812 3.246 2.228 12.369 

4 GB 0.943 1.800 1.299 7.303  0.809 3.268 2.282 13.047 

5 LightGBM 0.900 2.397 1.708 9.823  0.782 3.502 2.521 14.606 

6 DT 0.981 1.026 0.293 1.427  0.700 4.090 2.707 14.534 

7 KNN 0.735 3.895 2.839 15.959  0.560 4.988 3.691 20.985 

8 SVR 0.442 5.657 4.086 24.492  0.380 5.949 4.445 26.721 

9 Linear 0.493 5.389 4.099 24.619  0.375 5.934 4.426 26.750 

Table 3. Performance StD values of Machine Learning Models on Flexural Strength Prediction for UHPC 

after 1000 Monte Carlo simulations 

ML 

models Training dataset  Testing dataset 

 

R2 RMSE 

(MPa) 

MAE 

(MPa) 

MAPE 

(%) 

 R2 RMSE 

(MPa) 

MAE 

(MPa) 

MAPE 

(%) 

CatBoost 0.0043 0.0981 0.0523 0.0026  0.0510 0.4487 0.2120 0.0158 

XGB 0.0043 0.1189 0.0510 0.0025  0.0625 0.5193 0.2448 0.0179 

RF 0.0052 0.0954 0.0554 0.0030  0.0485 0.4170 0.2316 0.0160 

GB 0.0059 0.0884 0.0679 0.0038  0.0582 0.4804 0.2215 0.0165 

LightGB 0.0106 0.1200 0.0835 0.0052  0.0513 0.3865 0.2113 0.0164 

DT 0.0043 0.1192 0.0520 0.0025  0.0898 0.5765 0.3182 0.0203 

KNN 0.0198 0.1605 0.1253 0.0079  0.0761 0.4441 0.3137 0.0224 

SVR 0.0247 0.1751 0.1424 0.0092  0.0535 0.4355 0.3426 0.0250 

Linear 0.0413 0.2428 0.1616 0.0115  0.1421 0.6494 0.3264 0.0261 
 

5.2. Prediction of UHPC flexural strength based 

on ML models 

This section presents the predictive results 

for the four shortlisted models Gradient Boosting 

(GB), Random Forest (RF), Extreme Gradient 

Boosting (XGB) and CatBoost using the 

representative 70/30 train/test split that underlies 

Figs. 4-6. The corresponding train/test metrics are 

summarized in Table 4 and are used here for all 

numerical statements. 
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Fig. 4. Observed flexural strength vs flexural strength value predicted by (a) GB, (b) RF, (c) XGB, and (d) 

CatBoost 

On the testing set, CatBoost delivers the best 

accuracy with R2=0.928, RMSE = 1.980 MPa, MAE 

= 1.454 MPa, and MAPE = 8.386 %. XGB ranks 

second (R2=0.903, RMSE = 2.298 MPa, MAE = 

1.562 MPa, MAPE = 9.038 %). RF follows 

(R2=0.885, RMSE = 2.507 MPa, MAE = 1.791 

MPa, MAPE = 10.574 %), and GB is close to RF 

(R2=0.891, RMSE = 2.439 MPa, MAE =1.820 MPa, 

MAPE = 10.951 %). On the training set, all four 

models achieve high goodness of fit CatBoost 

R2=0.966, XGB R2=0.974, RF R2=0.954, GB 

R2=0.933 with low errors (RMSE ≈ 1.23-1.98 MPa; 

MAE ≈ 0.43-1.44 MPa). The combination of high R2 

and low errors on both splits indicates that 

nonlinearity and interactions in the data were 

captured effectively. 

Fig. 4 compares predicted and observed 

flexural strength. The solid line shows y=x (perfect 

agreement) and the dashed lines mark a ±20 % 

band. For CatBoost, points lie very close to y=x 

across the full range (~5-45 MPa). The testing 

points remain tightly packed within the ±20 % band, 

consistent with the small RMSE and MAPE in Table 

4. XGB shows a similar pattern with slightly 

broader dispersion and a few underestimates at 

the highest strengths. RF and GB also align with 
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y=x, but the clouds are wider; a mild negative bias 

appears at the upper end, in line with their larger 

MAE/MAPE. The overlap between training and 

testing clouds is most evident for CatBoost and 

XGB, which matches their strong test R2. 

Residual predicted plots are centered around 

zero for all models, which indicates negligible 

global bias. The tightest residual spread occurs for 

CatBoost and XGB; the spread grows modestly 

with predicted strength for GB and RF, revealing 

light heteroscedasticity. Residual histograms 

confirm these findings: CatBoost and XGB produce 

narrow, near-symmetric distributions around 0 

MPa, whereas RF and GB show broader 

histograms with slightly heavier negative tails 

consistent with the small underestimation seen in 

Fig. 4 at high strengths. 

Training-testing gaps are modest for all four 

models. The drop in R2 from train to test equals 

0.038 for CatBoost (from 0.966 to 0.928), 0.071 for 

XGB (from 0.974 to 0.903), 0.069 for RF (from 

0.954 to 0.885), and 0.042 for GB (0.933→0.891). 

In absolute terms, the RMSE increase from train to 

test is +0.57 MPa for CatBoost, +1.07 MPa for 

XGB, +0.86 MPa for RF, and +0.46 MPa for GB. 

Considering the typical flexural strength level of 

about 18-19 MPa (Table 1), test-set RMSE ≈ 2.0-

2.5 MPa and MAPE ≈ 8-11 % represent practically 

useful accuracy for mix-design screening and 

performance checking.
 

 

Fig. 5. Error analysis of flexural strength predicted (a) GB model and (b) RF model 
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Fig. 6. Error analysis of flexural strength predicted (a) XGB model and (b) CatBoost model 

Table 4. Performance value including R2, RMSE, MAE and MAPE of ML models 

Model 

 Training dataset    Testing dataset  

R2 
RMSE 

(MPa) 

MAE 

(MPa) 

MAPE 

(%) 
 R2 

RMSE 

(MPa) 

MAE 

(MPa) 

MAPE 

(%) 

CatB 0.966 1.410 0.862 4.541  0.928 1.980 1.454 8.386 

XGB 0.974 1.233 0.427 2.092  0.903 2.298 1.562 9.038 

RF 0.954 1.650 1.090 5.916  0.885 2.507 1.791 10.574 

GB 0.933 1.983 1.438 7.895  0.891 2.439 1.820 10.951 
 

CatBoost offers the most reliable predictions 

over the entire range because accuracy is high, 

dispersion is small, and the residual distribution is 

compact and symmetric. XGB is a strong 

alternative with very similar behavior and only a 

slightly larger spread. RF and GB remain viable in 

practice but show broader residuals and a mild 

high-end underestimation; these characteristics 

suggest that additional high-strength samples or a 

targeted calibration could improve performance in 

that region. 

Evidence from Table 4 together with the 
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visual checks in Figs. 4-6 leads to a consistent 

ranking: CatBoost → XGB → RF/GB. CatBoost is 

recommended as the primary model for predicting 

UHPC flexural strength, with XGB as the 

secondary choice. RF and GB provide robust 

benchmarks and can serve as backups when 

simplicity of training or model diversity is required. 

5.3. Global interpretation of four Machine 

Learning models 

A model-agnostic view was first obtained with 

SHAP across the four learners (GB, RF, XGB, 

CatBoost) in Fig. 7. The beeswarm plots show the 

signed contribution of each feature (horizontal 

spread = effect size; color = feature value), while 

the right-hand bars rank average importance 

(mean|SHAP|). A consistent hierarchy emerged: 

steel fiber content and curing time dominate; 

cement, superplasticizer, sand, coarse aggregate, 

and water have medium effects; polystyrene fiber, 

slag, quartz powder, fly ash, and limestone powder 

contribute negligibly. Signs were also stable across 

models steel fiber and curing time positive; coarse 

aggregate negative; water slightly negative at high 

values so pruning the five weakest variables is 

justified without sacrificing explanatory power. 

Across the four SHAP summaries, steel fiber 

content consistently exhibits the largest mean 

|SHAP|, with curing time systematically ranked 

second. This indicates that steel fiber content is the 

single most sensitive input variable for UHPC 

flexural strength in the present dataset, while 

curing time is the second most influential driver; all 

remaining variables exert substantially smaller 

average effects. 

 

Fig. 7. Global SHAP interpretation of four ML models (GB, RF, XGB, CatBoost): beeswarm plots (left) 

and mean |SHAP| rankings (right) 

A closer reading of Fig. 7 supports these 

points. As steel fiber increases, points move 

strongly to the positive side (red to the right), 

forming a long right tail; this pattern appears in all 

four learners. Curing time shows the same positive 

drift with sizeable spread at very early ages, hinting 

at interactions with other mix variables. Coarse 

aggregate contributions are compact and negative 

across the board, indicating a robust detrimental 

influence for flexure within the sampled space. The 

mid-tier group behaves as expected: cement is 

modestly positive; superplasticizer is centered 

slightly positive but with two-sided spread (non-

monotonicity); sand is weakly positive; water tilts 

negative at the high end. By contrast, polystyrene 

fiber, slag, quartz powder, fly ash, and limestone 

powder cluster around zero with very short bars. 

Building on the global picture, Fig. 8 reports 

local response shapes for the nine retained 

variables using CatBoost with SHAP-PDP overlays 

and 95% prediction bands. Steel fiber displays a 

steep gain from 0 → ≈2-3 % with clear saturation 
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thereafter; residual uncertainty is small in the core 

range, indicating reliable gains. Curing time yields 

large early benefits to ~28-56 days, followed by 

diminishing returns; bands widen only at very long 

times due to scarce data. Coarse aggregate shows 

a monotonic negative profile with a narrow band, 

confirming a dependable penalization on flexural 

strength. Cement rises gently (positive but 

shallow), while silica fume turns beneficial once 

≈100 kg/m³ is reached. Superplasticizer is non-

monotonic a moderate window is favorable, but 

very high dosages drift negative consistent with 

segregation risks. Water has a broad “safe” zone 

around ~170-190 kg/m³ and becomes increasingly 

negative above ~190-200 kg/m³. Sand is weakly 

positive around ~900-1200 kg/m³. Limestone 

powder remains near-neutral with a slight negative 

drift at the high end. Vertical scatter at fixed x-

values (notably for fiber and curing) indicates 

interactions (fiber×curing, fiber×superplasticizer), 

while band widening at extreme dosages marks 

regions where more experiments would reduce 

uncertainty. 

Taken together, these SHAP–PDP curves 

confirm that changes in steel fiber volume fraction 

have the strongest marginal impact on the 

predicted flexural strength, followed by curing time, 

whereas the other inputs act as secondary 

modifiers or penalties (notably coarse aggregate). 

5.4. CatBoost GUI implements 

 

Fig. 7. (continued) 

The CatBoost GUI implements the nine-input 

model for immediate engineering use. Inputs are 

limited to variables that are routinely measured; 

outputs include the predicted flexural strength and 

transparent quality indicators (R², RMSE, MAE, 

MAPE for train/test). On the independent test split, 

performance remains R² = 0.916, RMSE = 2.143 

MPa, MAE = 1.522 MPa, MAPE = 9.07% a small 

trade-off relative to the 14-variable baseline. In 

practice, the GUI enables rapid what-if exploration 

(fiber, curing, water, superplasticizer, etc.), reduces 

measurement burden by 36% (14 → 9 inputs), and 

shortens the design-trial loop. This is the critical 

step from analysis to deployable decision support 

for UHPC mix design. The GUI (python code) and 

data are available at 

https://github.com/vanquanTRAN/UHPC-Flexural-

strength. 

To complement the accuracy and stability 

analysis, the computational cost of the main 

models was also measured. All experiments were 

carried out on a standard workstation equipped 

with an Intel® Core™ i7-6820HQ CPU @ 2.70 

GHz, 32 GB RAM, a 238 GB SSD, and an NVIDIA 

Quadro M1000M (4 GB), running a 64-bit operating 

system. No GPU acceleration was used for 

training. 

For a single 70/30 train–test experiment (one 
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Monte Carlo repetition), the wall-clock and CPU 

times required to train and evaluate the four most 

competitive ensemble models were as follows: 

CatBoost (true time wall = 1.555111 s, CPU time = 

4.859375 s), Gradient Boosting (true time wall = 

0.139806 s, CPU time = 0.078125 s), Random 

Forest (true time wall = 0.187439 s, CPU time = 

0.187500 s), and XGBoost (true time wall = 

0.119021 s, CPU time = 0.828125 s). The 

remaining baselines (linear regression, SVR, KNN, 

and a single decision tree) trained essentially 

instantaneously on the 317-sample UHPC dataset 

and were not computationally limiting. 

Extrapolating these figures to the full Monte 

Carlo scheme with 1,000 random 70/30 splits 

shows that the total offline training and evaluation 

cost remains moderate: on this CPU-only machine, 

the most expensive model (CatBoost) requires only 

a few tens of minutes of wall-clock time, while the 

other ensembles complete in a few minutes. Once 

a single model has been selected and fitted 

(CatBoost in this work), however, the cost of 

computing the flexural strength for a new UHPC 

mixture is negligible: a single forward pass through 

the trained model takes well below one millisecond 

on the same hardware. Consequently, the 

proposed model can be embedded in the 

accompanying GUI and used in an interactive 

design setting without any perceptible delay for the 

end user. 

 

 

Fig. 7. (continued) 
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(a) (b) 

  

(c) (d) 

  

(e) (f) 

Fig. 8. SHAP-PDP analysis (with 95% prediction band) for the nine retained variables of the CatBoost 

model: (a) Steel fiber, (b) Curing time, (c) Coarse aggregate, (d) Cement, (e) Silica fume, (f) 

Superplasticizer, (g) Water, (h) Sand, (i) Limestone powder 
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(g) (h) 

 
(i) 

Fig. 8. (continued) 

 
Fig. 9. GUI for Catboost model prediction of UHPC flexural strength 
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Fig. 10. Comparison of UHPC flexural strength versus steel fiber content: CatBoost (9 inputs) vs. true 

values [49] and Mahjoubi et al. [26]  

The dataset of Wu et al. [49] is external to 

model training and is used solely for out-of-sample 

verification. Across 0-2% steel fiber, CatBoost 

tracks the true values closely and preserves the 

correct nonlinear slope; a mild underprediction 

appears near ~3%. In contrast, the Mahjoubi et al. 

model [26] overpredicts at higher fiber contents. 

This external comparison confirms that the nine-

input CatBoost generalizes beyond the training 

corpus and better preserves the mechanics-

consistent shape of the fiber-strength relation in the 

practical operating range. 

Figs. 7-10 jointly prescribe a clear recipe: 

prioritize steel fiber (≈0-2.5/3%) and adequate 

curing (≥28 days); limit coarse aggregate for 

flexure-critical targets; tune the matrix with cement 

and silica fume while holding water and 

superplasticizer in stable windows; treat sand and 

limestone powder as secondary knobs. The nine-

input CatBoost remains both accurate and 

interpretable, and through the GUI actionable for 

engineers. Where needed (very long curing or 

extreme dosages), targeted data collection will 

narrow the remaining uncertainty. 

6. Conclusions 

The study established an interpretable 

machine-learning pipeline for predicting UHPC 

flexural strength. Across nine candidate algorithms 

evaluated under 1,000 Monte-Carlo resamplings, 

tree-based boosting consistently prevailed; 

CatBoost delivered the strongest generalization 

with a representative test split of R2=0.928, 

RMSE=1.980 MPa, MAE=1.454 MPa, and 

MAPE=8.386%, while the resampling average 

yielded R2=0.834.  

SHAP/PDP analyses revealed a stable 

hierarchy of effects: steel fiber content and curing 

time were strongly positive, coarse aggregate was 

monotonically detrimental, and water and 

superplasticizer exhibited dosage windows. 

Guided by these diagnostics, the input set was 

reduced from 14 to 9 variables with only a small 

accuracy trade-off; the deployed GUI based on the 

9-input CatBoost maintained R2test=0.916 and 

enabled rapid “what-if” assessments for mix 

design. Out-of-sample verification confirmed that 

the learned response preserved the mechanics-

consistent nonlinear trend with fiber dosage. 

The dataset is modest and heterogeneous 

with incomplete metadata (fiber 

geometry/rheology/curing), leaving residual 

confounding and extrapolation risk; SHAP/PDP 

may also mislead under collinearity or sparsity. The 

present modeling targets only flexural strength and 

does not embed explicit physics constraints. Future 

work will expand and standardize multi-lab 
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datasets, add calibrated uncertainty and drift 

detection to the GUI, integrate physics-guided 

priors and multi-objective optimization (strength-

workability-cost-carbon), and extend to multi-task 

prediction with external blind validation. 
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