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Abstract

The compressive strength of ultra-high-performance concrete (UHPC) is jointly influenced
by multiple factors, including material composition, mixture proportion parameters, and
curing regime. Conventional empirical methods are therefore insufficient to accurately
characterize the highly nonlinear relationships involved. To improve the prediction accu-
racy of UHPC compressive strength and to achieve mixture proportion optimization that
simultaneously considers mechanical performance, economic efficiency, and environmental
impact, this study developed random forest (RF), artificial neural network (ANN), gradient
boosting decision tree (GBDT), and extreme gradient boosting (XGBoost) models based
on 810 publicly available UHPC experimental datasets. Model performance was evalu-
ated using R?, RMSE, MAE, and MAPE. To enhance the robustness of model validation,
repeated K-fold cross-validation, sensitivity analysis with different random seed splits,
and benchmark model comparisons were further introduced. The results indicate that
the XGBoost model achieved superior predictive performance on both the test set and
robustness validation, with test-set R2, RMSE, MAE, and MAPE values of 0.9604, 7.77,
5.58, and 4.80, respectively. The model was further interpreted using SHAP, PDP, and ICE
methods, and the results revealed that curing age, fiber content, silica fume content, and
water-to-binder ratio were important variables affecting the compressive strength of UHPC.
Furthermore, XGBoost was used as a surrogate model and coupled with NSGA-II and
TOPSIS methods for multi-objective optimization. Under the constraints of compressive
strength, water-to-binder ratio, superplasticizer-to-binder ratio, and absolute volume, a
computationally recommended UHPC mixture proportion balancing strength, cost, and
carbon emissions was obtained. This study provides a reproducible machine-learning-
assisted approach for UHPC compressive strength prediction and low-carbon, cost-effective
mixture proportion design.

Keywords: machine learning; ultra-high performance concrete; compressive strength;
SHAP analysis; multi-objective optimization

1. Introduction

Ultra-High-Performance Concrete (UHPC) is a novel cementitious composite char-
acterized by ultra-high strength, excellent durability, and high toughness. It is currently
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broadly used in fields such as long-span bridges, high-rise structures, marine engineering,
and national defense engineering [1].

To further promote the application of UHPC, investigating its relevant mechanical
properties is of particular importance. Compressive strength is one of the primary indices
for evaluating the basic mechanical properties of concrete. Accurately predicting the
compressive strength of UHPC is of great significance for optimizing mix proportion
design and reducing costs. As a key index for evaluating the performance of UHPC,
compressive strength is influenced by multiple factors, and traditional prediction methods
exhibit limitations.

In recent years, owing to the rapid development of computer technology, artificial
intelligence (Al) and big data analysis have experienced rapid advancement. As a branch of
Al [2], Machine Learning (ML) has also been widely applied in predicting the compressive
strength of concrete. Deng et al. [3] established three models—CNN, BP neural network,
and SVM—to predict the compressive strength of recycled concrete by learning deep
features, such as the water-to-cement ratio, recycled coarse aggregate replacement ratio,
recycled fine aggregate replacement ratio, fly ash replacement ratio, and their interactions.
Muhammad et al. [4] employed models such as Lasso, KNN, and SVR models to predict
the compressive strength of self-compacting concrete. Zhou et al. [5] utilized an artificial
neural network (ANN) to establish a compressive strength prediction model for UHPC
and employed a genetic algorithm (GA) to reduce the cost of UHPC. Bolbolvand et al. [6]
employed GB, LightGBM, XGBoost, CatBoost, ERT, and DNN models to predict the com-
pressive strength of UHPC under different input parameters. Gu et al. [7] utilized the
XGBoost and LightGBM algorithms to conduct a time-variant reliability analysis of the
Bazimen landslide in the Three Gorges Reservoir Area, evaluated the importance of these
parameters via SHAP analysis and partial dependence analysis, and finally balanced high
performance, low carbon emissions, and economic feasibility by optimizing the steam
curing process parameters.

Opverall, previous studies have widely applied machine learning methods to the predic-
tion of compressive strength in concrete and UHPC. However, several limitations remain.
First, some studies mainly focus on the prediction accuracy of a single model, while sys-
tematic validation of model generalization ability and sensitivity to random data splitting
is still limited. Second, UHPC mixture variables are strongly coupled. When feature im-
portance, SHAP, or PDP results are directly used for physical interpretation, the effects of
multicollinearity and mixture proportion constraints may be overlooked. Third, existing
multi-objective optimization studies often consider only part of the strength, cost, and
carbon emission objectives, while constraints related to W/B, superplasticizer dosage, abso-
lute volume, and engineering feasibility are not fully incorporated. To address these issues,
this study develops an integrated framework for UHPC compressive strength prediction,
model interpretation, and multi-objective optimization. The framework compares the
predictive performance of RE, ANN, GBDT, and XGBoost, and further introduces repeated
K-fold cross-validation, random-seed-based split sensitivity analysis, benchmark model
comparison, multicollinearity analysis, and interpretability methods including SHAP and
PDP/ICE. These analyses are used to improve the robustness of model evaluation and the
reliability of interpretation. On this basis, NSGA-II and TOPSIS are combined to optimize
compressive strength, material cost, and carbon emissions, while constraints on W/B, SP/B,
absolute volume, and minimum strength are introduced to obtain an engineering-feasible
recommended UHPC mixture. The main contribution of this study lies in integrating robust
validation, interpretability analysis, and constrained optimization into a unified workflow.
This provides a reproducible computational approach for the low-carbon, cost-effective,
and high-performance mixture design of UHPC.
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2. Methods
2.1. Data Collection and Preprocessing
2.1.1. Data Collection

In this study, 810 experimental data points regarding the compressive strength of
UHPC were collected from the Mendeley Data database [8]. The dataset is structured as
an 810 x 14 matrix, where the first 11 variables represent the quantities of various raw
materials per cubic meter of UHPC. These constituents include cement (C), slag (S), silica
fume (SF), limestone powder (LP), quartz powder (QP), fly ash (FA), nano-silica (NS),
aggregate (A), water (W), fibers (Fi), and superplasticizer (SP). The 12th feature is the
curing temperature (T), the 13th feature is the curing age (Age), and the 14th feature is the
corresponding compressive strength value (CS) of the UHPC samples. These data reflect
the compressive strength performance of UHPC with different types and mix proportions
under varying curing temperatures and ages. Table 1 presents the descriptive statistics of
the dataset.

Table 1. Descriptive statistics of the UHPC compressive strength data.

Input Parameter Mean Standard Deviation Minimum Maximum Median Skewness
C/(kg/m?3) 73791 173.46 270.00 1251.20 770.50 —0.23
S/(kg/m3) 25.19 74.37 0.00 375.00 0.00 3.01
SF/(kg/m?3) 136.99 104.14 0.00 433.70 144.00 0.26
LP/(kg/m3) 41.93 133.13 0.00 1058.20 0.00 475
QP/(kg/m?3) 33.27 79.67 0.00 397.00 0.00 2.28
FA/(kg/m?) 26.26 67.46 0.00 356.00 0.00 2.49
NS/ (kg/m?) 3.64 7.78 0.00 47.50 0.00 2.53
A/(kg/m3) 1150.11 312.15 407.80 1992.00 1116.00 0.24
W/ (kg/m?) 179.89 25.57 90.00 272.60 177.00 0.62
Fi/(kg/m?) 56.04 75.23 0.00 234.00 0.00 0.82
SP/(kg/m3) 30.03 13.99 1.10 57.00 30.20 —0.18

T/°C 23.92 16.21 20.00 210.00 21.00 9.13
Age/d 37.09 53.12 1.00 365.00 28.00 3.80
CS/MPa 123.13 40.24 28.51 220.50 122.30 0.0023

To capture the synergistic effects among the components, this study constructed
two interaction features [9]: the W/B ratio (W/B = W/(C + S + SF + FA + NY)), reflect-
ing the proportional relationship between water and cementitious materials; and the
superplasticizer ratio (SP/B = SP/(C + S + SF + FA + NYS)), characterizing the dosage of
superplasticizer relative to cement. Specifically, cement, slag, silica fume, fly ash, and
nano-silica (NS) are classified as cementitious or supplementary cementitious materials
(SCMs). Conversely, limestone powder and quartz powder function primarily as inert
fillers and particle packing modifiers and are, therefore, excluded from the water-to-binder
(W/B) ratio calculation. Following feature engineering, the input variables were expanded
to 15 features.

2.1.2. Data Preprocessing

In this study, data processing primarily involved data cleaning and data normaliza-
tion [10]. To ensure the reproducibility of the data analysis process, the raw dataset was
first subjected to column name standardization, missing value inspection, duplicate sample
checking, and outlier identification. Statistical screening revealed no missing values and
18 duplicate records in the initial dataset. These repeated records were carefully checked
but were not removed. This is because the dataset was obtained from a public secondary
database, and the available information was insufficient to determine whether these entries
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were erroneous duplicates or repeated experimental records reported in the original sources.
For outlier detection, the Z-score method was utilized as an auxiliary tool; any sample
with an absolute standardized value greater than 3 for a specific variable was flagged as
a potential anomaly. It should be noted that, given the UHPC data was compiled from
diverse literature sources and experimental conditions, inherent variations in material
dosages and curing regimes are expected. Therefore, rather than simply discarding all
statistical outliers, these instances were retained and recorded as natural data distribution
variances, which are carefully addressed during subsequent model training and interpreta-
tion. Ultimately, a total of 810 data samples were finalized for model construction. Table 2
is the data preprocessing summary.

Table 2. Data preprocessing summary.

Item Value
Original samples 810
Missing cells 0
Duplicated rows 18
Rows with | Z-score| >3 106
Removed samples 0
Final samples used 810

To prevent data leakage from the test set into the training process, data standardiza-
tion was performed strictly after the dataset partitioning. Specifically, the dataset was first
randomly split into a training set and a testing set at a 7:3 ratio, with a fixed random seed to
ensure computational reproducibility. Subsequently, the standardization parameters (such
as mean and standard deviation) were computed exclusively on the training set, and the
identical scaling rules were then applied to the testing set. This procedure precludes the
inadvertent introduction of test-set statistical information during the model training phase,
thereby enabling a more objective evaluation of the models’ generalization capabilities.
Although data standardization is not a prerequisite for tree-based algorithms, a uniform
preprocessing pipeline was adopted across all algorithms. This ensures the training sta-
bility of models like Artificial Neural Networks (ANN) and Support Vector Regression
(SVR), while maintaining a consistent input format for unbiased performance comparison.
Figure 1 illustrates the distribution of the input variables and their relationships with
compressive strength.

The histograms in Figure 1 illustrate the frequency distributions of each variable, while
the red scatter points indicate the compressive strength levels of different samples with
respect to that variable. The apparent differences in red intensity result from overlapping
transparent markers and do not represent different variables or categories. Overall trends
indicate that the water-to-binder (W/B) ratio exhibits a significant negative correlation
with compressive strength. The contents of cement (C) and silica fume (SF) generally
have a positive promoting effect on the strength, whereas fly ash (FA) and quartz powder
(QP) may exert a negative impact on the strength when used in excess. Furthermore, the
superplasticizer-to-binder (SP/B) ratio is predominantly concentrated within the range
of 0.015 to 0.045, with the highest sample frequency observed around 0.035-0.045. In
contrast, higher value intervals, such as 0.07 and 0.10, contain noticeably fewer samples,
indicating a somewhat imbalanced distribution of this variable within the dataset. Fur-
thermore, the scatter plot reveals no obvious monotonic relationship between the SP/B
ratio and compressive strength, meaning that an increased superplasticizer dosage does
not necessarily dictate an increase or decrease in strength. This suggests that the impact
of the superplasticizer on the compressive strength of UHPC is not governed by a single
factor; rather, it is the result of complex interactions with multiple variables, including the
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water-to-binder (W/B) ratio, the composition of cementitious materials, silica fume content,
aggregate dosage, and curing age.
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Figure 1. Distribution of input variables and their relationships with compressive strength.

2.1.3. Correlation and Multicollinearity Analysis

To analyze the correlations among the different input variables, as well as between
the input variables and UHPC compressive strength, this study employs both Pearson and
Spearman correlation coefficients for a comprehensive evaluation. The Pearson correlation
coefficient is primarily used to measure the degree of linear correlation between continuous
variables [11], whereas the Spearman correlation coefficient captures monotonic relation-
ships, making it adaptable to non-linear monotonic trends. Combining these two metrics
provides a more comprehensive understanding of the statistical associations among the
UHPC mix proportions.

Figure 2 presents the Pearson and Spearman correlation coefficient matrices of the
input variables.
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Figure 2. Pearson and Spearman correlation matrices of input variables.
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As shown, varying degrees of correlation exist among the raw material dosages,
curing parameters, and derived features. It is important to note that the UHPC mix
design is inherently constrained by factors such as the water-to-binder ratio, total binder
content, aggregate volume fraction, admixture dosage, and the absolute volume principle;
consequently, these variables are not entirely independent. In particular, the W/B and SP/B
features introduced in this study are computed directly from the primary material variables,
defined as W/(C + S + SF + FA + NS) and SP/(C + S + SF + FA + NS), respectively. Therefore,
while these derived variables hold explicit engineering significance, they inevitably exhibit
certain correlations with the original components, such as water, cementitious materials,
and the superplasticizer.

To further evaluate the impact of variable redundancy and multicollinearity on the
model interpretation results, the Variance Inflation Factor (VIF) was employed to analyze
the input variables, as illustrated in Figure 3.

Age
NS
Fi
QP

FA

LP

SF

SP

SP_B

w_B

0 2 4 6 8 10 12 14 16
Variance Inflation Factor (VIF)

Figure 3. VIF analysis of input variables.

As illustrated in Figure 3, the VIF values of the different input variables exhibit
significant variations. Notably, the VIF values for C and W/B both exceed 10, indicating
strong multicollinearity between these features and the other input variables. Similarly, the
VIF values for SP, SP/B, and A also surpass 10, demonstrating strong correlations among
the superplasticizer dosage, superplasticizer-to-binder ratio, aggregate content, and the
remaining mix design variables. Furthermore, the VIF values for SF and W range between
5 and 10, suggesting a moderate degree of multicollinearity. In contrast, variables such as T,
Age, NS, Fi, QP, FA, and S yield lower VIF values, which implies a relatively weak degree
of linear redundancy between these features and the other inputs.

The occurrence of this phenomenon is justifiable, as the UHPC mix design is in-
herently governed by constraints such as the water-to-binder ratio, total binder content,
aggregate volume fraction, superplasticizer dosage, and the absolute volume principle. In
particular, W/B and SP/B are derived variables calculated directly from the water, cementi-
tious materials, and superplasticizer; therefore, they inevitably exhibit certain correlations
with the primary variables like C, W, SF, and SP. The rationale for retaining W/B and
SP/B in this study lies in their explicit engineering significance, as they effectively reflect
the combined impact of the water-binder proportion and relative admixture dosage on
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compressive strength. However, due to the presence of multicollinearity, the subsequent
SHAP, PDP/ICE, and feature importance results should not be interpreted as the com-
pletely independent causal effects of a single variable. Instead, they should be understood
as the statistical response patterns learned by the model under the given data distribution
and mix formulation constraints.

2.2. Machine Learning Models and Analytical Methods

In order to systematically assess the predictive capabilities of different machine learn-
ing approaches on the compressive strength of UHPC, a comprehensive comparative
analysis was conducted using four primary models: RF, ANN, GBDT, and XGBoost. Fur-
thermore, Linear Regression (LR), Decision Tree Regression (DTR), and Support Vector
Regression (SVR) were incorporated to serve as benchmark baselines.

2.2.1. Benchmark MODELS

To validate the effectiveness of advanced machine learning algorithms, Linear Re-
gression (LR), Decision Tree Regression (DTR), and Support Vector Regression (SVR) were
concurrently introduced as baseline models. Specifically, LR was employed to characterize
the fundamental linear relationships between the input variables and compressive strength;
DTR provided a predictive reference for a simple non-linear model; and SVR, representing
traditional kernel-based machine learning methods, was used to benchmark non-linear
regression capabilities. These baseline models were not intended to serve as the final surro-
gate models for multi-objective optimization. Instead, they were utilized for performance
comparison against RE, ANN, GBDT, and XGBoost to determine whether more complex
models could significantly enhance prediction accuracy and generalization capability. By
comparing against these baselines, the pronounced non-linear and multi-factor coupled
relationships between UHPC compressive strength and mix proportion parameters can be
more clearly elucidated, thereby reinforcing the rationale behind the algorithmic selection.

2.2.2. Random Forest

Random Forest (RF) is an ensemble learning algorithm that enhances model perfor-
mance by constructing multiple decision trees and aggregating their prediction results [12].
Its core principle lies in the introduction of dual randomness: first, utilizing bootstrap
sampling to generate multiple training subsets (with each subset used to train an individual
decision tree); and second, randomly selecting a subset of features—rather than the entire
feature set—at each node split. This mechanism effectively reduces the bias and variance
of individual trees, thereby enhancing the overall stability of the model. The advantages of
Random Forest include its robust resistance to overfitting, its insensitivity to outliers, and its
capacity to handle high-dimensional, non-linear data. These characteristics make it highly
suitable for the multi-factor interaction scenarios present in UHPC strength prediction.
However, its limitation lies in its dependence on hyperparameters (such as the number of
trees), which necessitates optimization through cross-validation.

2.2.3. Artificial Neural Network

An Artificial Neural Network (ANN) is a computational model that simulates the
connection structure and information processing mechanisms of neurons in the human
brain. Its primary objective is to automatically learn underlying patterns through a data-
driven approach, thereby solving non-linear and complex pattern recognition problems.
The fundamental principle of an ANN lies in simulating the connectivity and signal
processing logic of neurons in the human brain, utilizing artificial neurons as the basic
building blocks to achieve collaborative learning [13]. First, a neuron receives input signals
from the preceding layer (such as raw data or outputs from other neurons). Each input
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is multiplied by its corresponding weight, the magnitude of which reflects the relative
influence of that input. Subsequently, all weighted inputs are summed, and a bias term is
added. This bias serves to adjust the activation threshold of the neuron, thereby overcoming
the limitation of an output dictated solely by the weighted sum of inputs. Finally, an
activation function (e.g., Sigmoid or ReLU) is applied to the resultant sum to perform a
non-linear transformation and generate the neuron’s final output signal; this non-linear
transformation is the fundamental mechanism that enables an ANN to process complex
problems. When a discrepancy exists between the predicted output and the actual value,
the backpropagation algorithm is used to propagate the error from the output layer to
the input layer. Based on the magnitude of this error, the weights and biases of each
layer are iteratively adjusted. This iterative process continues until the error is reduced to
an acceptable range, ultimately achieving the automatic learning of the underlying data
patterns. Through the utilization of activation functions and multi-layer architectures,
ANN s are capable of addressing non-linear problems that traditional linear models cannot
resolve (such as image recognition and speech synthesis).

2.24. GBDT

The Gradient Boosting Decision Tree (GBDT) is an ensemble learning algorithm that
constructs a robust strong learner by sequentially integrating multiple weak learners
(typically shallow decision trees). Its fundamental principle involves first establishing an
initial baseline model using the average output of the training samples. This is followed by
an iterative training process: calculating the residual (or the negative gradient of the error)
from the previous round’s ensemble model to serve as the target label for the current round,
fitting a shallow decision tree to correct this error, determining a learning rate (step size)
to govern the impact weight of the tree before updating the ensemble model, and finally
computing the weighted sum of the predictions from all base trees. Its architecture utilizes
shallow decision trees as base models and adopts a serial weighted ensemble strategy.
Furthermore, it can be adapted for tasks such as classification and regression through the
flexible selection of loss functions. While it possesses strong non-linear fitting capabilities,
minimal requirements for data preprocessing, and relatively high interpretability (by
outputting feature importance), it also presents several disadvantages. These include slow
computational speeds due to the serial training of the base trees, sensitivity to outliers,
complex parameter tuning, and poor adaptability to high-dimensional sparse data [14].

2.2.5. XGBoost

XGBoost (eXtreme Gradient Boosting) is an advanced ensemble learning algorithm
based on the gradient boosting framework, the essence of which lies in constructing
a strong learner through serial iteration [15]. The core concept of this algorithm is to
utilize CART (Classification and Regression Tree) regression trees as weak learners. In
each training iteration, a new tree is constructed along the negative gradient direction
of the loss function based on the residuals of the preceding model. Model optimization
is then achieved by minimizing an objective function composed of both a loss function
and a regularization term. The advantages of this algorithm include: (1) approximating
the objective function through a second-order Taylor expansion, thereby enhancing the
optimization efficiency of gradient descent; (2) incorporating L1 (Lasso) and L2 (Ridge)
regularization constraints to control feature weight sparsity and tree structure complexity,
respectively, which effectively mitigates overfitting; (3) featuring a built-in automatic
handling mechanism for missing values that learns the optimal splitting direction when
sample features are missing, thus avoiding information bias caused by manual imputation;
and (4) achieving parallel computation through feature pre-sorting and block storage,
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which significantly accelerates the training speed on large-scale datasets. The objective
function [16] of XGBoost is expressed as

t

L) = Y. 13 ) + Y. () ®

i=1 k=1

where y; is the actual value of the i-th sample; ]ji(t) is the predicted value of the i-th sample
at the t-th iteration; I(y;, ;) is the loss function measuring the difference between the actual
and predicted values; and Q)( fy) is the regularization term used to constrain the complexity
of the tree and prevent model overfitting.

The formula for calculating Q)(fx) is as follows:

Qf) = 9T+ gAY wf @
j=1

T
where y and A are regularization parameters; T represents the number of leaf nodes in the
tree; and w; represents the sample weight on the j-th leaf node.

During the t-th iteration, building upon the prediction y}(t_l) from the previous round,
the model fits the first- and second-order gradient approximations of the loss function to
derive a new weak learner f;(x). This process can be expressed as:

5 =g 4 filxy) 3)

Through this iterative refinement, XGBoost is capable of gradually reducing the
value of the loss function, continuously correcting the strength predictions, and ultimately
enhancing the model’s predictive performance.

2.3. Evaluation Metrics for the Predictive Accuracy of Machine Learning Models

To quantitatively compare the differences among various models in predicting the
compressive strength of UHPC, this study employs four metrics to evaluate the predictive
models: the coefficient of determination (R?), Root Mean Square Error (RMSE), Mean
Absolute Error (MAE), and Mean Absolute Percentage Error (MAPE). Their respective
formulas [17] are as follows:

n 2

1 .
RMSE =, | =), (vi = ¥) (5)
i=1
1 n
MAE = 2} lyi = ¥l (6)
i=1
n .1
MAPE = 12 YiZ¥il « 100% @)
il Yi

where y; is the actual value, ; is the predicted value, ¥; is the mean of the actual values,
and # is the total number of samples.
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2.4. SHAP Analysis

To provide an in-depth explanation of the contribution of each input variable to the
predictive outcomes of the machine learning models, this study employed the SHAP
method, i.e., SHapley Additive exPlanations [18]. Based on Shapley values derived from
cooperative game theory [19], the SHAP method decomposes model predictions into the
sum of marginal contributions from individual features, thereby providing an interpretable
description [20] of ‘black-box” models. Its core concept is to measure the average marginal
contribution of a specific feature by comparing the difference in the model’s predictive
outcomes when the feature is included versus when it is excluded. This method is appli-
cable not only to global explanations but also to local explanations, and its expression is
as follows:

SIU(1P| — [M] ~1)!

oilf. %) = 7 (MU {i}) = f(M) ®

MCP\{i}

where P is the feature set; M is any subset that does not include feature i; |M| is the size of
the set S; |P| is the total number of features; and fx(M U {i}) and fx(M) are the model’s
prediction results including and excluding feature i, respectively.

In research concerning the prediction of UHPC compressive strength, SHAP analysis
not only quantifies the importance of individual input variables but also reveals the positive
and negative impacts of various features on the predictive outcomes [21], thereby providing
a reliable interpretative basis for material design and construction optimization.

2.5. Partial Dependence Plot (PDP) Analysis

The Partial Dependence Plot (PDP) is an intuitive tool for interpreting machine learn-
ing models. Its core function is to isolate the confounding effects of other features and
demonstrate, either individually or in pairs, the marginal relationship between a specific
target feature and the model’s predictive outcomes. Its principle involves fixing the target
feature x; and computing the marginal average over the remaining features to estimate the
average impact of x; on the model’s predictions [22], which is expressed as:

n

PD(xs) = 13 f(xs, 2" ©)

i=1

where x. represents the other features excluding xs.

Through PDP, the trend of a target feature’s impact on predictive outcomes can
be clearly determined (e.g., linear positive correlations, non-linear inflection points, or
irrelevance). Furthermore, it enables the analysis of interaction effects between pairs of
features (such as the joint influence of a two-feature combination on predictions). This
makes it particularly suitable for the interpretability analysis of complex models (such as
XGBoost and neural networks), aiding in the comprehension of the underlying logic of
feature effects.

2.6. Multi-Objective Optimization

In practical engineering, it is often necessary to simultaneously consider multiple
optimization objectives that are mutually conflicting or restrictive, such as structural safety
versus cost-effectiveness, construction quality versus project duration, or seismic perfor-
mance versus material consumption. These types of problems are difficult to effectively
describe or solve using single-objective optimization methods; therefore, the introduction
of Multi-objective Optimization (MOO) theory for systematic analysis is of significant im-
portance. Multi-objective optimization refers to the problem of simultaneously optimizing
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two or more objective functions under a given set of constraints. Its general mathematical
form can be expressed as:

minF(x) = [f1(x), f2(x),..., fm(x)]

s.t.

Qi(x) <0,i=1,2,...,p (10)
Bi(x)=0,j=12,....9

x €

where x is the vector of design variables; fi(x) is the k-th objective function to be optimized;
gi(x) and h;(x) represent the inequality and equality constraints, respectively; and ()
denotes the feasible region of the design variables.

Unlike single-objective optimization, multi-objective optimization problems typically
do not possess a unique optimal solution. Instead, they form a set of Pareto optimal
solutions A solution is defined as Pareto optimal if it is impossible to further improve at
least one objective function without making any other objective function worse. The set
composed of all Pareto optimal solutions in the objective space is known as the Pareto
Front, which reflects the trade-off relationships between the various objectives. To solve
multi-objective optimization problems, scholars have proposed various methods, which
can be primarily classified into two categories:

1.  Traditional methods based on scalarization, such as the Weighted Sum method, the
e-constraint method, and the Ideal Point method. These methods solve the problem
by transforming multiple objectives into a single objective; however, they are sensitive
to weight coefficients or constraint parameters and often struggle to obtain a complete
Pareto Front;

2. Evolutionary algorithms based on swarm intelligence, such as Non-dominated Sort-
ing Genetic Algorithms (NSGA-II, NSGA-III), Multi-objective Particle Swarm Op-
timization (MOPSO), and Multi-objective Differential Evolution algorithms. These
methods do not require explicit scalarization of the objective functions and are ca-
pable of obtaining a uniformly distributed Pareto solution set in a single simulation
run. Consequently, these methods have been widely applied to complex engineering
optimization problems in recent years.

In the practical design of UHPC mix proportions, it is necessary to pursue ultimate
mechanical performance while remaining constrained by economic budget limitations;
simultaneously, one must respond to global ‘dual carbon’ goals by reducing the carbon
emissions of the concrete. However, these objectives are often mutually conflicting. For
instance, to enhance strength, it is typically necessary to increase the dosages of cement
and silica fume; however, this inevitably leads to a surge in costs and a significant rise
in carbon emissions. To resolve this complex non-linear trade-off problem, this study
introduces the Non-dominated Sorting Genetic Algorithm II (NSGA-II). This algorithm
can simultaneously handle multiple conflicting objective functions and identify a Pareto-
optimal set rather than a single optimal solution, thereby providing decision-makers with
a diverse range of alternatives. Based on the predicted compressive strength of UHPC,
this study further employed the NSGA-II algorithm to optimize the carbon emissions and
material cost objectives of UHPC. The ultimate goal is to achieve a multi-objective balance
characterized by optimal mechanical performance, minimized environmental impact, and
lowest economic cost.
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3. Results and Discussion
3.1. Hyperparameter Optimization of Machine Learning Models

In this study, the collected data for all selected machine learning models were di-
vided into a training set and a testing set at a ratio of 7:3. The training set was employed
to construct performance-optimized machine learning models, while the testing set was
utilized to verify and evaluate the generalization capability of the constructed models.
Hyperparameter optimization is of critical importance in the development of these machine
learning models. To ensure each model operates at its optimal state, this study employs
Grid Search [23] (GridSearchCV) combined with 5-fold cross-validation to perform hyper-
parameter optimization for all models. To rigorously assess model robustness beyond the
conventional 70/30 train-test split, this study additionally incorporates repeated K-fold
cross-validation and random seed sensitivity analysis. The former examines the average
predictive stability and variance across distinct data subsets, while the latter verifies that
model performance is not merely an artifact of a specific data partition. This multifaceted
validation approach ensures a comprehensive evaluation of generalization capabilities,
thereby mitigating the risk of drawing biased conclusions from a singular train-test split.
Table 3 summarizes the optimal hyperparameter configurations for each model.

Table 3. Hyperparameter search space and optimal parameters.

Model Model Type Hyperparameter Search Space  Optimal Hyperparameters
Linear Regression Baseline Linear Model No hyperparameter tuning —
Decision Tree Baseline Non-linear Model max_depth =8 max_depth =8

Kernel = ‘rbf’; C = 100;

SVR Baseline Kernel-based Model , , . fixed hyperparameters
gamma = ‘scale’; epsilon = 0.1
n_estimators = [200, 300]; {'max_depth’”: 10,
RF Tree-based Ensemble Model max_depth = [8, 10]; ‘min_samples_split”: 2,
min_samples_split = [2, 4] ‘n_estimators’: 200}
n_estimators = [500, 1000]; {"learning_rate”: 0.05,
GBDT Gradient Boosting max_depth = [3, 5]; ‘max_depth”: 5,
Ensemble Model learning_rate = [0.01, 0.05]; ‘n_estimators’: 1000,
subsample = [0.8, 0.9] ‘subsample”: 0.9}
hidden_layer_sizes =
N N ) {"alpha’: 0.001,
Artificial Neural [(8’)’(.1 6’)’(32’)’(.12.’8)’(16’10)’(32’16)]”hidden_layer_sizes’: (32,),
ANN learning_rate_init = [ 0.001,0.01]; ) ..,
Network Model learning_rate_init": 0.01,
alpha = [0.0001, 0.001]; ‘max_iter’: 1500}
max_iter = 1500 - ’
n_estimators = [1000]; {"learning_rate”: 0.03,
XGBoost Gradient Boosted Tree Model learning_rate = [0.01, 0.03]; ‘max_depth”: 5,
max_depth = [3, 5] ‘n_estimators’: 1000}

As shown in Table 3, the Linear Regression (LR) model, serving as the baseline linear
model, does not involve hyperparameter tuning. The Decision Tree model, acting as the
baseline non-linear model, has its maximum depth fixed at 8. The SVR model employs
a Radial Basis Function (RBF) kernel with fixed hyperparameters, specifically C = 100,
Y =‘scale’, and e = 0.1. Regarding the ensemble models, the Random Forest (RF) model
achieves optimal performance with 200 decision trees, a maximum depth of 10, and a
minimum samples split of 2. The GBDT model performs best with 1000 weak learners, a
maximum depth of 5, a learning rate of 0.05, and a subsample ratio of 0.9. For the Artificial
Neural Network (ANN) model, the optimal architecture consists of a single hidden layer
with 32 neurons, utilizing a learning rate of 0.01, an L, regularization parameter o = 0.001,
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and a maximum of 1500 iterations. Furthermore, the XGBoost model attains optimal
performance with 1000 weak learners, a maximum depth of 5, and a learning rate of 0.03.

3.2. Machine Learning Model Performance

The machine learning models were trained using the hyperparameters detailed in
Table 3. Subsequently, these models were utilized to generate the predicted UHPC com-
pressive strength values for both the training and testing sets, as illustrated in Figure 4.
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Figure 4. Relationship between predicted and actual values for single models and their relative errors.
(a) RF; (b) XGBoost; (c) ANN; (d) GBDT.

The blue data points represent the actual compressive strength values of the UHPC,
the red data points denote the predicted compressive strength values generated by the
machine learning models, and the yellow lines indicate the error between the predicted
and actual values.

As observed from the training-set results in the figure, all four models, namely RE,
XGBoost, ANN, and GBDT, demonstrate good capability in predicting the compressive
strength of UHPC. The XGBoost and GBDT models exhibit similar and relatively low maxi-
mum absolute and average errors, followed by the RF model. Conversely, the ANN model
yields the highest maximum absolute and average errors, resulting in the poorest predictive
performance. For the testing set, the XGBoost and GBDT models similarly maintain the
best predictive performance. The predictive performance of the RF model ranked next.
Comparatively, the ANN model demonstrated the poorest predictive performance. These
data demonstrate that the compressive strength values predicted by the four machine
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learning models closely align with the actual values, indicating that the four proposed
models possess a certain capability for predicting the compressive strength of UHPC.

In this study, four evaluation metrics—R?2, RMSE, MAE, and MAPE—are employed to
comprehensively evaluate and compare the four machine learning models. R? represents
the model’s capacity to explain the variance within the data, with its value ranging from
0 to 1. A value closer to 1 indicates a better goodness-of-fit for the model. RMSE is utilized
to measure the degree of discrepancy between the predicted and actual values; a lower
value indicates a higher predictive accuracy of the model. MAE represents the average
of the absolute errors between the predicted and observed values, serving to reflect the
absolute magnitude of the prediction error; a lower value indicates a more accurate model
prediction. MAPE is a statistical metric employed to evaluate the accuracy of predictive
models. It measures the average percentage difference between the predicted and actual
observed values; a lower value indicates a higher degree of model accuracy. Table 4 presents
the results of the performance evaluation metrics for each machine learning model.

Table 4. Performance evaluation results of the machine learning model.

Model Dataset R?2 RMSE MAE MAPE

_ Training Set 0.7202 21.53 17.24 17.23

Linear
Test Set 0.7066 21.14 16.34 14.59
Training Set 0.9781 6.03 3.82 3.03

DecisionTree
Test Set 0.9118 11.59 8.57 7.52
SVR Training Set 0.8978 13.01 8.26 9.32
Test Set 0.8542 14.90 10.57 10.18
RE Training Set 0.9869 4.66 3.22 2.77
Test Set 0.9529 8.47 6.29 5.40
Training Set 0.9933 3.33 1.72 1.38
XGBoost

Test Set 0.9604 7.77 5.58 4.80
Training Set 0.9180 11.66 9.17 9.18

ANN
Test Set 0.8698 14.08 10.50 9.29
Training Set 0.9935 3.29 1.62 1.29

GBDT
Test Set 0.9540 8.37 5.88 5.05

As indicated by the data presented in the table, within the training set, although
the R? of the GBDT model marginally exceeds that of the XGBoost model by 0.0002,
it is 0.0064 lower than that of the XGBoost model on the testing set. Furthermore, the
RMSE, MAE, and MAPE metrics all demonstrate that the XGBoost model exhibits the
best predictive performance, achieving R? values of 0.9933 and 0.9604 on the training and
testing sets, respectively. Closely following is the GBDT model, which achieved R? values
of 0.9935 and 0.9540 on the training and testing sets, respectively. The RF model ranks next,
yielding R? values of 0.9869 and 0.9529 on the training and testing sets, respectively. A
comparison between the training and testing set results reveals that the R? of the ANN
model on the training set is significantly higher than that on the testing set, indicating a
certain risk of overfitting on the current UHPC dataset. This phenomenon can likely be
attributed to the ANN’s high sensitivity to sample size, network architecture, initial weights,
and hyperparameter settings. To mitigate the impact of overfitting, this study further
conducted a sensitivity analysis on the ANN’s hidden layer structure, while introducing
early stopping and the L2 regularization parameter « to constrain model complexity.
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Even after applying regularization, the R? of the ANN model on the training set remains
significantly higher than that on the testing set. This indicates that its generalization
capability on the current dataset of 810 UHPC samples is not as stable as that of XGBoost.

Figure 5 presents the scatter plots of the prediction results on the test set for selected
machine learning models. The blue markers show the predicted compressive strengths
against the corresponding experimental values, whereas the red dashed line denotes perfect
agreement. Most data points lie close to this line, indicating good consistency between the
model predictions and the measured results.
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Figure 5. Scatter plots of the prediction results on the testing set for the machine learning models:
(a) RF; (b) XGBoost; (c) ANN; (d) GBDT.

As can also be observed from the figure, the predicted values of the XGBoost model are
more tightly clustered around the ideal line, indicating its superior predictive performance.
To avoid the randomness inherent in relying solely on a single 7:3 train-test split,
this study conducted further model robustness validation alongside the conventional
testing set evaluation. A two-stage cross-validation strategy was employed. The first
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stage focused on hyperparameter optimization, utilizing 5-fold cross-validation combined
with GridSearchCV to search for the key parameters of each model, thereby balancing
computational efficiency and parameter selection stability. The second stage evaluated the
model’s generalization capability; after determining the optimal hyperparameters for each
model, repeated 10-fold cross-validation was applied to test the robustness of the model’s
performance. Specifically, this repeated 10-fold cross-validation partitioned the dataset into
10 subsets and was iterated 5 times, yielding a total of 50 sets of validation results. This
approach allows for a more comprehensive reflection of the average predictive capability
and performance fluctuation across different data partition conditions. The results of the
repeated 10-fold cross-validation are presented in Figure 6.
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Figure 6. Results of the repeated 10-fold cross-validation.

As can be observed from the figure, the predictive performance of the different models
varies across the repeated cross-validations. Notably, the R? distribution of the XGBoost
model is generally higher, and its boxplot range is relatively narrow, indicating that its
predictive results across different data subsets are highly stable with superior generalization
capability. RF and GBDT also exhibit strong non-linear fitting capabilities, although the
fluctuations in their validation results are more pronounced. In contrast, the ANN model
is heavily influenced by network architecture, initial weights, and sample partitioning,
leading to relatively higher volatility in its cross-validation results. The baseline models—
such as Linear Regression, Decision Tree, and SVR—yield an overall performance inferior
to that of the ensemble learning models. This demonstrates that complex non-linear models
are better suited for characterizing the relationship between UHPC mix parameters and
compressive strength.

In addition to repeated cross-validation, this study further conducts a sensitivity
analysis using 7:3 data splits under different random seeds to assess whether model
performance is dependent on a specific train-test set partition. Specifically, multiple random
seeds were established to re-partition the dataset, and the models were respectively trained
and tested under an identical modeling workflow. The R?, RMSE, and MAE of each model
were then compared across these different splitting conditions. The results of the random
split sensitivity analysis are presented in Figure 7.
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Figure 7. Sensitivity analysis of model performance under different random seed partitions.

The results indicate that the XGBoost model maintains a high and relatively stable
testing set R? across different random seed conditions, demonstrating that its superior
predictive performance is not an artifact of a coincidental data split. In contrast, the
ANN and several baseline models are more sensitive to data partitioning, exhibiting more
pronounced fluctuations in their testing set performance.

The aforementioned results demonstrate that XGBoost exhibits superior performance
in terms of both predictive accuracy and robustness. Consequently, this study selects
XGBoost as the surrogate model for the subsequent SHAP interpretability analysis and
NSGA-II/TOPSIS multi-objective optimization.

3.3. Feature Importance Analysis

The impact of various factors on the compressive strength of UHPC may exhibit signifi-
cant variations; therefore, elucidating the relative importance of the input parameters holds
crucial guiding significance for the design of UHPC. Given that XGBoost has been previ-
ously identified as the optimal predictive model, this study analyzes feature importance
utilizing XGBoost’s built-in feature importance and permutation importance. XGBoost’s
built-in feature importance serves as a metric to evaluate the contribution of each feature
to the model’s predictions, and it is calculated primarily based on the splitting process
within the tree models [24]. It quantifies the degree of feature importance by calculating
metrics such as the number of times a feature is utilized as a splitting node across all trees
(Frequency), the reduction in loss achieved by each split (Gain), or the number of samples
involved in the split (Cover). Permutation importance is an approach utilized to evaluate a
feature’s contribution to the model by randomly shuffling its feature values. Specifically,
it operates by randomly shuffling the values of a given feature (thereby disrupting the
original correlation between that feature and the target variable) while keeping all other
features constant. Subsequently, the model makes new predictions, and the resulting
change in predictive performance is calculated. If a specific feature is highly important,
randomly shuffling its values will lead to a substantial decline in model performance;
conversely, if a feature is relatively unimportant, the resulting change in performance will
be minimal. This method is independent of the model type and is applicable to all kinds
of machine learning models. It can more intuitively reflect the actual influence of features
on the prediction results, and is therefore commonly utilized to verify or supplement the
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model’s built-in feature importance assessments. Figures 8 and 9 present the XGBoost
built-in feature importance and permutation importance, respectively.
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Figure 8. Built-in feature importance of the XGBoost model.
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Figure 9. Permutation Importance.

It can be observed from both figures that Age ranks first in both evaluation methods,
indicating that Age is the most critical feature in the model’s predictions and exerts a
significant influence on the results. This is primarily attributed to the hydration products
generated by the prolonged hydration reaction of materials such as cement, silica fume,
and fly ash in UHPC, which fill pores and interweave to form a dense hardened matrix,
thereby enhancing the compressive strength. SF and W/B also demonstrate a high degree
of impact in both evaluation methods. Specifically, due to its extremely fine particle size,
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SF effectively fills the interstices between cement particles, while its abundant reactive
silica engages in a secondary pozzolanic reaction with the hydration product Ca(OH), to
produce additional C-S5-H gel, ultimately elevating the strength of the matrix.

Furthermore, if the W/B ratio is too low, the binder materials cannot fully hydrate;
conversely, if the ratio is too high, the evaporation of excess water creates a large number
of internal voids, thereby decreasing the compactness.

3.4. SHAP Analysis Results

Whereas the preceding subsection elucidated the analysis of feature importance utiliz-
ing XGBoost’s built-in feature importance and permutation importance, the SHAP method
enables a more profound interpretation of the contribution of each input variable to the
model’s prediction results. Specifically, the SHAP method not only provides a global
ranking of feature importance but also reveals the direction and magnitude of feature
effects at the individual sample level [25]. Compared to the two aforementioned methods,
SHAP possesses greater mathematical rigor and enhanced interpretability, enabling it to
uncover non-linear relationships and interaction effects. Figure 10 presents the feature
importance ranking plot generated by SHAP, where a longer blue bar indicates a greater
overall contribution of that feature to the model’s predictions.
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Figure 10. SHAP Feature Importance.

As observed from the figure, Age emerges as the most significant influencing factor
among the 15 feature variables. Fi ranks as the second most important factor, followed
by SP, SF, and others. This finding aligns closely with the conclusions derived from the
previously discussed XGBoost built-in feature importance and permutation importance
analyses. Figure 11 presents the SHAP value distribution plot, which calculates the relative
importance of each variable using SHAP and ranks them in descending order to determine
global feature relevance.
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Figure 11. SHAP Value.

In this plot, the y-axis represents the feature relevance, while the x-axis denotes the
SHAP value. The color bar on the right indicates the magnitude of the feature values, where
red represents high feature values and blue represents low feature values. The gradient
scale ranges from low to high, illustrated by a color transition from blue to red. This figure
elucidates how each feature influences the prediction results of the UHPC compressive
strength model, revealing the distribution of SHAP values for individual data samples
across the various features. As shown in Figure 12, the color transition of the SHAP values
for Age from blue to red reveals a clear positive effect on the predicted compressive strength
of UHPC, with the maximum SHAP value reaching approximately 45. At early ages, Age
makes a negative contribution to the predicted strength, whereas at later ages, it contributes
positively and substantially increases the prediction. This observation is consistent with
the well-established understanding that longer curing ages allow more sufficient hydration
in UHPC, leading to higher compressive strength. Fi also shows a positive contribution
to compressive strength, with a maximum SHAP value of approximately 25. This effect
can be attributed to the role of fibers in improving the macroscopic mechanical behavior of
UHPC through crack bridging, restriction of micro-crack propagation, enhanced matrix
confinement, and improved post-peak toughness. Under compressive loading, fibers can
delay the coalescence and propagation of micro-cracks to some extent, helping maintain
material integrity before failure. This explains why Fi shows high importance in the model.
However, the strength enhancement provided by fibers is not unlimited. When the fiber
content is too high, non-uniform dispersion, reduced workability, and increased pore
defects may occur, which can weaken the reinforcing effect of fibers. Although SF, SP,
and T show relatively small SHAP values and thus make limited positive contributions,
they still remain relevant factors affecting the predicted compressive strength. In contrast,
W/B and A have negative effects on the predicted compressive strength, suggesting that
these parameters should be carefully controlled in mixture design to reduce their adverse
influence on UHPC strength. By comparison, the SHAP values of C, W, NS, and FA are
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more closely clustered around zero, indicating that their contributions to the prediction of
UHPC compressive strength are relatively limited.
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Figure 12. Partial Dependence Plot (PDP). (a) Fi; (b) SF; (c) W/B; (d) SP; (e) Age.

3.5. PDP and ICE Analysis

To further examine how key variables affect the UHPC compressive strength predicted
by the XGBoost model, Partial Dependence Plots (PDP) and Individual Conditional Ex-
pectation (ICE) curves were used as supplementary interpretation tools. PDP and ICE are
model-interpretation methods, and their results describe the response patterns learned
by the trained model under the current data distribution. These patterns should not be
directly interpreted as the causal effect of a single variable on compressive strength. This
point is particularly important for UHPC mixture design, where the input variables are
inherently constrained by factors such as W/B, total binder content, aggregate volume
fraction, superplasticizer dosage, and absolute volume. As a result, the variables are not
fully independent. The PDP and ICE results were therefore interpreted as model response
trends and discussed together with the basic material mechanisms and mixture design
constraints of UHPC.

Figure 12 presents the PDP curves for key variables including Fi, SE, W/B, SP, and Age.

As shown in Figure 12, Age has the strongest influence on the model-predicted
strength. When Age increases from a low level, the predicted compressive strength rises
rapidly, but the growth rate gradually decreases and eventually approaches a plateau. This
pattern suggests that the model effectively captures the typical development of UHPC
compressive strength with curing age. This behavior can be explained by the rapid hy-
dration and microstructural densification that occur at early ages, which make a major
contribution to strength development. At later ages, the rate of strength gain gradually
decreases. This trend is consistent with the general hydration process and strength de-
velopment mechanism of UHPC. For W/B, the PDP curve shows an overall downward
trend, suggesting that, within the current data distribution and the patterns learned by the
model, a higher water-to-binder ratio generally reduces the predicted compressive strength.
This result is consistent with the basic design principle of UHPC, which relies on a low
water-to-binder ratio and a dense matrix. A lower W /B helps reduce capillary porosity
and enhance matrix density, thereby improving compressive strength. However, based
on the aforementioned VIF analysis, W/B exhibits strong multicollinearity with variables

https:/ /doi.org/10.3390/app16147093


https://doi.org/10.3390/app16147093

Appl. Sci. 2026, 16, 7093

22 of 34

such as C, W, and SE. Therefore, this trend should be interpreted as the comprehensive
response of variables related to the water-binder proportions, rather than being construed
as W/B independently determining the compressive strength. The PDP curve for Fi shows
an overall upward trend, suggesting that a higher fiber content generally increases the
model-predicted strength. This effect may be related to the role of fibers in improving
the compressive failure behavior of UHPC, mainly through crack bridging, micro-crack
restraint, and delayed crack propagation, which together enhance its macroscopic com-
pressive performance. For SE, the PDP curve increases in the lower-value range and then
gradually levels off. This pattern suggests that an appropriate dosage of silica fume is
beneficial for improving the predicted strength, mainly because of its micro-filling effect,
pozzolanic activity, and contribution to matrix densification. However, once SF reaches a
certain level, further increasing its content yields limited enhancement in the predicted
strength, demonstrating that the model has learned the diminishing marginal effect of
silica fume. The PDP curve for SP is relatively flat overall, with only a slight increase in the
higher-value range. This suggests that the role of superplasticizer in strength prediction
is mainly indirect. Rather than acting as an independent factor that directly determines
compressive strength, SP may influence the predicted strength by improving workability,
facilitating the compaction of low-W /B mixtures, and promoting matrix densification.

Figure 13 further presents the ICE curves for W/B, SP, and Age. The light-blue solid
curves depict the individual ICE profiles, whereas the blue dashed curve represents their
average value.
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Figure 13. ICE curves for W/B, SP, and Age.

Unlike PDP, which describes the average model response, ICE curves capture sample-
level variations in the response to a given variable. As shown in Figure 13, the average
ICE curve for W/B shows an overall downward trend, and most individual curves also
indicate a decrease in predicted compressive strength as W/B increases. Nevertheless, the
curve levels and slopes vary noticeably among samples. This suggests that the effect of
W /B on model prediction is not independent, but is influenced by other mixture-related
factors, such as binder composition, fiber content, superplasticizer dosage, and curing
conditions. For SP, the ICE curves show a relatively flat average trend, with only a slight
increase in the higher-value range. However, the individual ICE curves vary considerably,
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suggesting that the effect of SP on UHPC compressive strength is strongly dependent on
the mixture conditions. In some mixtures, an appropriate SP dosage may improve strength
indirectly by enhancing particle dispersion and casting quality. In other cases, its effect
may be limited by factors such as W/B, powder composition, and total binder content.
The ICE curves for Age show a relatively consistent upward trend. The increase is more
pronounced at early curing ages and then gradually levels off. This pattern indicates that
curing age has a stable effect on the model-predicted strength, with most samples showing
higher predicted strength as age increases. This result is consistent with the PDP analysis
and further confirms the importance of Age in predicting UHPC compressive strength.

Overall, the PDP and ICE analyses show that Age, W/B, Fi, SF, and SP affect the
XGBoost predictions to different extents. Age has a clear positive effect on the predicted
compressive strength, whereas W /B generally has a negative effect. Fi and SF contribute
positively within certain ranges, while the effect of SP is relatively mild and depends more
strongly on the mixture conditions.

3.6. Multi-Objective Optimization Results
3.6.1. Objective Function

After the optimal predictive model was identified, XGBoost was used as the surrogate
model for UHPC compressive strength prediction and coupled with NSGA-II for multi-
objective optimization. The optimization objectives were to maximize UHPC compressive
strength while minimizing material cost and carbon emissions. Because NSGA-II is com-
monly implemented in a minimization framework, the strength maximization objective
was reformulated as the minimization of negative compressive strength. The three objective
functions can be expressed as follows:

max fi(x) = —CS(x)

min fp(x) = i—il(mi X ¢j) (11)
min f3(x) = i(mz X e;)

Il
—_

where CS(x) denotes the compressive strength of UHPC predicted by the XGBoost model.;
m; represents the amount of the i-th material per unit volume, expressed in kg/m3; c;
denotes the unit price of the i-th material, expressed in USD/kg; e; denotes the carbon
emission factor of the i-th material, expressed in kg CO,-eq/kg.

Table 5 summarizes the carbon emission factors, unit costs, and specific gravities of
the various raw materials, as compiled from the relevant literature [26-36].

Table 5. Carbon emission factors, unit costs, and specific gravities of the raw materials.

Input Parameter Carbon Emission Factor Unit Price Unit Price Used in Model Specific Gravit
P (kg COz-eq/kg) (USD/t) (USD/kg) P ¥
C/(kg/m®) 0.855 400 0.4000 3.14
S/(kg/m?3) 0.052 45 0.0450 2.90
SF/(kg/m3) 0 800 0.8000 2.20
LP/(kg/md) 0.008 50 0.0500 2.73
QP/(kg/m°) 0.01 800 0.8000 2.67
FA/(kg/m°%) 0.009 20 0.0200 2.70
NS/ (kg/m?) 0.0139 5000 5.0000 2.20
A/(kg/m3) 0.004 50 0.0500 2.65
W/ (kg/m?) 0.000318 1.0 0.0010 1.00
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Table 5. Cont.
Input Parameter Carbon Emission Factor Unit Price Unit Price Used in Model Specific Gravit
P (kg COz-eq/kg) (USD/t) (USD/kg) P ¥
Fi/(kg/ m?) 1.496 1800 1.8000 7.85
SP/(/kg/ m?) 0.7200 3400 3.4000 1.05

Material prices and carbon emission factors can vary with region, production process,
transportation distance, and life-cycle boundary. This uncertainty is particularly important
for industrial by-products such as silica fume, slag, and fly ash, because different carbon
allocation methods may lead to noticeable differences in the calculated results. For this
reason, the cost and carbon emission results reported in this study are mainly intended for
relative comparison among mixtures within the same calculation framework, rather than
as absolute values applicable to all regions and production conditions.

3.6.2. Constraints

The dosages of 11 constituent materials were used as decision variables in the multi-
objective optimization, including cement (C), slag (S), silica fume (SF), limestone powder
(LP), quartz powder (QP), fly ash (FA), nano-silica (NS), aggregate (A), water (W), fiber (Fi),
and superplasticizer (SP). The lower and upper bounds of each variable were defined from
the corresponding dosage range in the original dataset to reduce the risk of generating
mixtures far outside the available data distribution. To maintain the engineering feasibility
of the optimized mixtures, several constraints were imposed in the NSGA-II procedure.
The predicted compressive strength of UHPC was required to be no less than 120 MPa. The
water-to-binder ratio (W/B) was limited to 0.18-0.25, and the superplasticizer-to-binder
ratio (SP/B) was limited to 0-0.08. In addition, the total absolute volume of all constituent
materials, calculated from their respective densities, was required to be close to 1 m3, with
an allowable deviation of 10 L/m?>. The above constraints can be expressed as follows:

minm; < m; < maxm; (12)
CS(x) > 120 MPa (13)
0<SP/B <0.08 (14)

018 <W/B <025 (15)
|V (x) —1000| < 10 (16)

Vi) =y (17)
i=1 5Gi

where CS(x) denotes the compressive strength predicted by the XGBoost model, V(x)
represents the sum of the absolute volumes of all constituent materials in a candidate
mixture, expressed in L/m3. and SG; denotes the specific gravity of the i-th material.
Considering possible numerical uncertainties related to database sources, material density
values, and the optimization process, the absolute volume was allowed to vary within
1000 + 10 L/m?3. This constraint helps improve the physical feasibility of the recommended
mixture proportions.

In this study, 120 MPa was set as the minimum compressive strength constraint
to ensure that the optimized mixtures satisfy the basic strength requirement of UHPC.
It should be noted that 120 MPa does not represent the highest performance target for
high-grade UHPC, but rather serves as the minimum mechanical performance threshold
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in the multi-objective optimization process. When material cost and carbon emissions
are simultaneously considered as minimization objectives, the optimization algorithm
may tend to reduce material consumption, cost, and carbon emissions while satisfying
the lower strength limit. Therefore, the recommended mixtures obtained in this study
should be interpreted as economical and low-carbon compromise solutions that meet the
basic strength requirement, rather than as UHPC mixtures designed to achieve the highest
possible strength.

The preceding feature importance and SHAP analyses showed that curing age (Age)
plays an important role in predicting the compressive strength of UHPC. However, the
multi-objective optimization in this study was intended to obtain recommended UHPC
mixture proportions under standard engineering conditions, rather than to optimize the
curing regime itself. For this reason, the curing temperature (T) and curing age (Age)
were fixed at 20 °C and 28 days, respectively, during the optimization process. This
setting represents a typical design scenario for the 28-day compressive strength of UHPC
under conventional standard curing conditions. Accordingly, the recommended mixture
proportions obtained in this study should be understood as computationally recommended
results for the specific condition of 20 °C and 28 days, rather than global optima applicable
to all curing temperatures and ages. Future work may include curing temperature and
curing age as additional optimization variables to enable coupled optimization of mixture
proportions and curing regimes.

3.6.3. TOPSIS Scoring Evaluation

The NSGA-II algorithm inherently yields a series of non-dominated solutions; there-
fore, to identify and recommend the Best Compromise Solution from this Pareto set, the
Technique for Order Preference by Similarity to Ideal Solution (TOPSIS) was employed in
this study. This method determines a relative closeness score by calculating the Euclidean
distance from each solution to both the Positive Ideal Solution (characterized by maximum
compressive strength, minimum material costs, and minimum carbon emissions) and the
Negative Ideal Solution. Ultimately, the solution with the highest relative closeness score
was selected as the TOPSIS-recommended compromise mixture from the feasible Pareto
solutions. This solution should be interpreted as a computationally recommended candi-
date obtained under the specified objective functions, constraints, and equal-weighting
scheme, rather than as an experimentally verified optimal UHPC mix design. Based on the
normalized decision matrix, TOPSIS identifies the positive ideal solution and the negative
ideal solution among the available alternatives. Subsequently, the distances from each
evaluated alternative to the ideal and anti-ideal solutions are calculated to determine the
relative closeness of each alternative to the positive ideal solution. This relative closeness
serves as the foundation for assessing their relative merits. The specific procedure for the
TOPSIS scoring evaluation is detailed as follows:

3
D = | Y (rij—r)? (18)
j=1
3
D; = Z (T'l']' — 7’;)2 (19)
j=1
D~
Ci=—"1—,(0<C <1) (20)
DI +D
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In this study, NSGA-II was used for multi-objective optimization of UHPC mixture
proportions. The population size, number of generations, and number of offspring per
generation were set to 200, 500, and 100, respectively. Real-valued random sampling was
adopted for initialization. Simulated binary crossover (SBX) was used as the crossover
operator, with a crossover probability of 0.9 and a distribution index of 15, while polynomial
mutation (PM) was used as the mutation operator, with a distribution index of 20. To make
the results reproducible, the random seed was fixed at 1, and the algorithm was terminated
after the prescribed number of generations. The optimization problem involved 11 decision
variables, 3 objectives, and 6 inequality constraints. Before TOPSIS-based decision-making,
candidate solutions that failed to satisfy the constraints on compressive strength, water-to-
binder ratio, superplasticizer-to-binder ratio, or absolute volume were further screened out
to ensure the engineering feasibility of the final recommended mixture.

In the baseline analysis, equal weights were assigned to compressive strength, material
cost, and carbon emissions, namely:

1
Wes = WosT = Weo, = 5 (21)

where wcs, wcost, and wco, represent the weights assigned to compressive strength,
material cost, and carbon emissions, respectively. Equal weighting was adopted because
this study aimed to obtain balanced UHPC mixture proportions that simultaneously con-
sider mechanical performance, economic efficiency, and environmental impact, rather than
exclusively pursuing the highest compressive strength, the lowest material cost, or the
lowest carbon emissions. It should be noted that the TOPSIS-recommended solution is
affected by the assigned weights. Therefore, the solution obtained in this study represents
a TOPSIS-recommended compromise mixture under the equal-weighting condition. It
should be viewed as a computational candidate selected from the feasible Pareto solutions,
rather than as an experimentally validated optimal UHPC mix design.

3.6.4. Multi-Objective Optimization Results

Using the trained XGBoost model as the predictive surrogate, NSGA-II was applied
to perform tri-objective optimization of UHPC mixture proportions. The optimization
objectives were to maximize the 28-day compressive strength while minimizing total
material cost and carbon emissions. From the Pareto non-dominated solutions that satisfied
the constraints on compressive strength, water-to-binder ratio, superplasticizer-to-binder
ratio, and absolute volume, TOPSIS was then used to select the recommended compromise
mixture from the feasible Pareto solution set. In this study, total material cost denotes the
cost of raw materials required to produce 1 m> of UHPC, expressed in USD/m3, whereas
carbon emissions denote the total emissions associated with producing 1 m? of UHPC,
expressed in kg COz-eq/m?3.

Figure 14 presents the distribution of the Pareto solutions satisfying the engineering
constraints in the three-dimensional objective space of compressive strength, total material
cost, and carbon emissions.

The Pareto solutions are not clustered in a single region, but are distributed across
the objective space, showing a clear trade-off among the three objectives. In general,
higher material cost and carbon emissions are associated with higher model-predicted
compressive strength. This trend is reasonable because high-strength UHPC often requires
larger amounts of binder materials, silica fume, fibers, or other costly constituents, which
also increases the associated carbon emissions. By contrast, mixtures with lower cost and
lower carbon emissions are more favorable from economic and environmental perspectives,
but they usually show lower predicted strength. These results suggest that UHPC mixture
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optimization should not be driven by a single objective; instead, mechanical performance,
economic efficiency, and environmental impact need to be considered together.
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Figure 14. 3D Pareto Front Surface for Multi-Objective Optimization.

Figure 15 further illustrates the relationship between total material cost and predicted
compressive strength, with the color scale representing the carbon emission level.
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Figure 15. Relationship between total material cost and compressive strength.

As shown in the figure, when the total material cost is relatively low, the pre-
dicted strength of UHPC is mainly distributed within approximately 140-165 MPa. With
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increasing material cost, the predicted strength gradually increases and can exceed 180
MPa. However, this improvement is accompanied by clear trade-offs, as the high-strength
region generally corresponds to higher carbon emissions. Under the current assumptions
for material prices and carbon emission factors, enhancing the compressive strength of
UHPC therefore tends to involve higher economic and environmental costs. The TOPSIS-
selected compromise solution is not located in the highest-strength region, but instead lies
in a balanced region with moderate cost, moderate carbon emissions, and relatively high
strength. This suggests that the selected solution better reflects the principle of overall
compromise in multi-objective optimization, rather than the pursuit of a single optimum.

Figure 16 further illustrates the relationship among total material cost, carbon emis-
sions, and compressive strength.
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Figure 16. Relationship among total material cost, carbon emissions, and compressive strength:
(a) Relationship between total material cost and carbon emissions; (b) Relationship between carbon
emissions and compressive strength.

The relationship between total material cost and carbon emissions shows that most
Pareto solutions follow a similar increasing pattern in both objectives. In other words,
mixtures with higher material costs generally tend to have higher carbon emissions. This
trend is mainly related to the use of higher binder contents, larger silica fume dosages,
fibers, and other high-value constituents in UHPC. However, some candidate mixtures
still show noticeable differences in carbon emissions at comparable cost levels, suggesting
that carbon emissions can be reduced by adjusting the proportions of different constituent
materials without substantially increasing cost. The relationship between carbon emissions
and compressive strength further shows that the predicted strength generally increases
as carbon emissions rise. However, after the strength reaches a relatively high level,
further improvement requires a greater carbon emission penalty. This reflects a marginal
increase in environmental cost associated with strength enhancement in UHPC. In practical
engineering applications, pursuing the highest possible strength may result in substantial
increases in both material cost and carbon emissions, whereas focusing only on minimum
cost or minimum carbon emissions may lead to a loss in mechanical performance. For this
reason, TOPSIS was used to select the TOPSIS-recommended compromise mixture from the
Pareto solution set, providing a recommended mixture that balances strength, economic
efficiency, and environmental impact.

The TOPSIS results show that, under the equal-weighting scheme, the TOPSIS-
recommended compromise mixture had a predicted compressive strength of about
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167 MPa, a total material cost of about 404 USD/m?, and carbon emissions of about
412 kg CO,-eq/m?3. Compared with the highest-strength solution, this mixture reduced
both material cost and carbon emissions, while still providing higher strength than the
lowest-cost or lowest-carbon-emission solutions. It can therefore be considered a balanced
recommended mixture that satisfies the engineering constraints. This mixture is not the
single-objective optimum in terms of strength, cost, or carbon emissions within the Pareto
solution set; rather, it represents the best compromise obtained by jointly considering
compressive strength, material cost, and carbon emissions. The SP/B value of the TOPSIS-
recommended mixture is 0.0012, which is relatively low for a UHPC mixture with high
powder content. Although this solution satisfies the mathematical constraints of the opti-
mization framework and provides a balanced result in terms of predicted strength, material
cost, and carbon emissions, its workability may remain uncertain in practical mixing. This
is mainly because fresh-state properties, such as flowability, viscosity, and rheological
behavior, were not explicitly included as optimization objectives or constraints. Therefore,
the recommended mixture should be regarded as a computational candidate rather than
a directly applicable mix design. The superplasticizer dosage may need to be adjusted in
subsequent experimental trials to meet practical workability requirements.

Figure 17 presents the distribution of material compositions for the candidate mixtures
in the Pareto solution set, with the TOPSIS-recommended mixture highlighted by the
red curve.
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Figure 17. Parallel Coordinate Plot of All Pareto Solutions.

As shown in the figure, the Pareto solutions differ noticeably in the dosages of cement,
slag, silica fume, limestone powder, fly ash, aggregate, water, and fiber. This suggests
that, within the prescribed variable bounds and engineering constraints, NSGA-II was able
to identify a range of feasible mixture combinations rather than converging to a single
compositional pattern. The TOPSIS-recommended mixture is generally characterized by a
moderate cement content, certain amounts of slag and silica fume, a relatively high lime-
stone powder content, an appropriate fly ash dosage, aggregate and water contents within
the feasible range, and relatively low dosages of fiber, nano-silica, and superplasticizer.
These features indicate that the TOPSIS-recommended compromise mixture does not rely
on a large increase in high-cost constituents to achieve the highest possible strength. In-
stead, it balances strength, material cost, and carbon emissions by adjusting the proportions
of binder materials, fillers, and aggregate while still satisfying the strength constraint.

From the viewpoint of mixture design, the relatively high content of limestone powder
mainly provides a filling effect and improves particle packing, helping to maintain matrix
compactness while reducing the demand for high-carbon and high-cost binder materials.
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A proper dosage of silica fume can further refine the UHPC matrix through its micro-filling
effect and pozzolanic activity. The use of fly ash and slag also helps reduce cement con-
sumption, which is beneficial for both cost reduction and carbon mitigation. Although
fibers contribute to crack control and improve the toughness of UHPC under compressive
failure, they also make relatively large contributions to material cost and carbon emis-
sions. For this reason, the fiber content in the TOPSIS-recommended mixture remains at
a relatively low level. This result reflects the compromise reached by the multi-objective
optimization among material performance, cost, and carbon emissions.

The recommended mixture proportion proposed in this study should be regarded
as a computational outcome based on the machine-learning surrogate model, assumed
material prices, carbon emission factors, and the specified constraints. Since material prices
and carbon emission factors can vary with region, transportation distance, procurement
scale, and life-cycle assessment boundary, the optimization results are mainly suitable
for relative comparison among UHPC mixtures within the same parameter framework.
Although the XGBoost model showed good performance on the test set and in the robust-
ness validation, its predictions cannot fully replace experimental testing. Therefore, the
TOPSIS-recommended mixture is better viewed as a candidate scheme for subsequent
experimental verification and engineering mixture design. Before practical application,
further tests on workability, compressive strength, durability, and construction performance
are still needed.

Table 6 further assesses the rationality of the TOPSIS-recommended mixture proposed
in this study, it was compared with the sustainable UHPC containing a high volume of
limestone powder reported by Li et al. [37]. In their study, Li et al. aimed to reduce
cement consumption, carbon emissions, and material cost in UHPC, and systematically
investigated the effects of replacing binder materials with limestone powder on workability,
hydration process, pore structure, compressive strength, shrinkage, carbon emissions, and
cost. Limestone powder replacement levels ranging from 0 to 80 vol% were considered.
Their results suggested that incorporating a high volume of limestone powder can be an
effective approach to reducing the environmental burden and material cost of UHPC.

Table 6. Comparison with Literature-Reported UHPC Mixtures.

Carbon
Source C/kgm~—3 SFkgm3 LP/kgm—3 FA/kgm—3 S/kgm23 Wkgm3 CS/MPa Emissions/
CO,-eq'm~—3
Li et al. [37] M60 448.1 49.8 665.5 —* — 233.7 —
Lietal. [37] high-
50 vol% L 560 o volume LP o o o 153 474 kg
this study 423.34 145.25 739.69 269.62 173.73 185.92 166.87 412.22 kg
* “—" indicates that the corresponding material was either not used in the reference study or not reported in the

same form. The strength reported by Li et al. is an experimental value, whereas the strength reported in this
study is predicted by the XGBoost surrogate model. This comparison is therefore intended mainly to show that
the recommended mixture proposed in this study falls within a reasonable range relative to existing studies on
UHPC with high-volume limestone powder, rather than to replace subsequent experimental validation.

In terms of mixture composition, the M60 mixture reported by Li et al. con-
tained 448.1 kg/m? cement, 49.8 kg/m? microsilica, 665.5 kg/m? limestone powder, and
233.7 kg/m? water. In comparison, the TOPSIS-recommended mixture in this study con-
tained 423.34 kg/m? cement, 145.25 kg/m?3 silica fume, 739.69 kg/m? limestone powder,
and 185.92 kg/m3 water. Both mixtures are characterized by relatively low cement con-
tent and high limestone powder content, suggesting that the recommended mixture in
this study is consistent with the design concept of existing UHPC studies incorporating
high-volume limestone powder.
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In terms of performance, Li et al. reported that the M40 mixture achieved a 28-day com-
pressive strength of 159.5 MPa. After considering both strength and binder efficiency, they
recommended 50 vol% limestone powder as a relatively suitable replacement level, corre-
sponding to a compressive strength of about 153 MPa and an approximately 47% reduction
in embodied CO; emissions. In this study, the TOPSIS-recommended mixture showed a pre-
dicted compressive strength of 166.87 MPa and carbon emissions of 412.22 kg CO,-eq/m?>.
These results suggest that both the strength level and low-carbon potential of the recom-
mended mixture fall within a reasonable range compared with existing studies on UHPC
containing high-volume limestone powder.

It should also be emphasized that the results reported by Li et al. were obtained
from experimental tests, whereas the recommended mixture in this study was derived
from a machine-learning surrogate model coupled with NSGA-II/TOPSIS multi-objective
optimization. The two studies are not fully identical in terms of raw material system,
curing regime, testing conditions, or carbon emission calculation boundary. Therefore, this
comparison is mainly intended to support the rationality of the recommended mixture
in terms of material composition and performance level, rather than to replace further
experimental validation. Additional tests on flowability, compressive strength, durability,
and volume stability are still needed for the proposed mixture.

4. Conclusions and Limitations

In this study, machine learning models, including RF, ANN, GBDT, and XGBoost,
were developed based on 810 UHPC experimental datasets to predict the compressive
strength of UHPC. In addition, SHAP, PDP/ICE, and multi-objective optimization methods
were employed to analyze the influence mechanisms of UHPC mixture proportions and to
obtain low-carbon and cost-effective recommended mixtures. The main conclusions are
as follows:

1. The predictive performance of different machine learning models for UHPC compres-
sive strength varied noticeably. Compared with benchmark models such as linear
regression, decision tree, and SVR, ensemble learning models, including RF, GBDT,
and XGBoost, were better able to capture the complex nonlinear relationship be-
tween UHPC mixture parameters and compressive strength. Among them, XGBoost
achieved high prediction accuracy and stability in the test-set evaluation, repeated
cross-validation, and random-split sensitivity analysis, indicating good generalization
ability. Therefore, XGBoost was selected as the surrogate model for the subsequent
interpretability analysis and multi-objective optimization;

2. The SHAP, feature importance, and PDP/ICE analyses show that variables such as
Age, W/B, SF, Fi, and SP play important roles in the prediction results of the XGBoost
model. Among these variables, Age has a strong positive effect on the predicted
compressive strength, whereas W/B generally shows a negative effect. Within certain
ranges, SF and Fi also contribute to an increase in the predicted strength;

3. Based on the XGBoost surrogate model and the NSGA-II/TOPSIS framework, a
recommended UHPC mixture satisfying the constraints on strength, W/B, SP/B,
and absolute volume was obtained. Under the equal-weighting scheme, the TOPSIS-
selected TOPSIS-recommended compromise mixture had a predicted compressive
strength of 166.87 MPa, a total material cost of 404.67 USD/ m?3, carbon emissions of
412.22 kg COz—eq/m3, a W/B of 0.1835, an SP/B of 0.0012, and an absolute volume of
991.76 L/m?.

Although this study developed an integrated framework for UHPC compressive
strength prediction, model interpretation, and multi-objective optimization, and obtained a
recommended mixture satisfying the engineering constraints, several limitations remain:
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1. The database used in this study was collected from published literature and exper-
imental data. Differences among data sources may exist in raw material properties,
curing regimes, specimen dimensions, and testing methods. Although data prepro-
cessing, repeated cross-validation, and random-split sensitivity analysis were used
to improve the reliability of model evaluation, data heterogeneity may still affect the
stability and generalization ability of the model predictions;

2. The multi-objective optimization in this study mainly considered compressive strength,
material cost, and carbon emissions. In practical engineering applications, UHPC per-
formance is also affected by workability, setting time, shrinkage, tensile performance,
flexural performance, and durability. Since these performance indicators were not
complete in the original database, they were not fully incorporated into the optimiza-
tion objectives or constraints. Future studies may further conduct multi-performance
collaborative optimization after supplementing the database with additional experi-
mental results;

3. The calculation of material cost and carbon emissions was based on unified material
prices and carbon emission factors, and was mainly intended for relative comparison
among different mixtures within the same optimization framework. In real engi-
neering practice, material prices and carbon emission factors can vary with region,
transportation distance, procurement scale, production process, and life-cycle assess-
ment boundary. Future work may therefore incorporate region-specific price data
and life-cycle assessment data to perform sensitivity analysis on cost and carbon
emission results;

4. The TOPSIS-recommended mixture has not yet been validated through actual mix-
ing and experimental testing. Further studies should experimentally evaluate the
recommended mixture in terms of workability, 28-day compressive strength, dura-
bility, and volume stability, and compare the measured results with the model pre-
dictions. Such validation would help further refine and improve the UHPC mixture
optimization framework.

Author Contributions: Conceptualization, R.L. and S.L.; methodology, R.L. and Q.L.; software, T.Z.;
validation, R.L., T.Z. and S.L.; formal analysis, Q.L.; investigation, R.L.; resources, T.Z.; data curation,
S.L. and Q.L.; writing—original draft preparation, R.L. and T.Z.; writing—review and editing, S.L.
and Q.L.; visualization, S.L.; supervision, Q.L.; project administration, R.L. All authors have read and
agreed to the published version of the manuscript.

Funding: This research received no external funding.

Data Availability Statement: The data are available from the website https://data.mendeley.com/
datasets/85r7bh4zsz/1 (accessed on 25 June 2026).

Conflicts of Interest: Author Rong Li and Teng Zhou were employed by CCCC Third Harbor
Engineering Co., Ltd. The remaining authors declare that the research was conducted in the absence
of any commercial or financial relationships that could be construed as a potential conflict of interest.

1.  Nie, J,; Li, C; Qian, G,; Pan, R.; Fei, B.; Deng, S. Effect of shape and content of steel fiber on workability and mechanical properties
of Ultra-High Performance Concrete UHPC. Mater. Rep. 2021, 35, 04042-04052.

2. Tian,],; Yan,].; Wang, X.; Zhao, Y.; Shi, Q. Prediction of load-bearing capacity of steel plate-RC composite coupling beam based
on PSO-SVR algorithm. J. Vib. Shock 2025, 44, 155-162. [CrossRef]

3. Deng, F;He, Y.,; Zhou, S; Yu, Y.; Cheng, H.; Wu, X. Compressive strength prediction of recycled concrete based on deep learning.
Constr. Build. Mater. 2018, 175, 562-569. [CrossRef]

https:/ /doi.org/10.3390/app16147093


https://data.mendeley.com/datasets/85r7bh4zsz/1
https://data.mendeley.com/datasets/85r7bh4zsz/1
https://doi.org/10.13465/j.cnki.jvs.2025.07.018
https://doi.org/10.1016/j.conbuildmat.2018.04.169
https://doi.org/10.3390/app16147093

Appl. Sci. 2026, 16, 7093 33 of 34

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.
20.

21.

22.

23.

24.

25.

26.

27.

28.

Mahmood, M.S.; Elahi, A.; Zaid, O.; Alashker, Y.; Serbanoiu, A.A.; Gradinaru, C.M.; Ullah, K.; Ali, T. Enhancing compressive
strength prediction in self-compacting concrete using machine learning and deep learning techniques with incorporation of rice
husk ash and marble powder. Case Stud. Constr. Mater. 2023, 19, €02557. [CrossRef]

Zhou, S; Jia, Y,; Li, K,; Li, Z.; Wu, X,; Peng, H.; Zhang, C.; Han, K.; Wang, C. Mix proportion optimization of ultra-high
performance concrete based on machine learning. J. Tongji Univ. (Nat. Sci.) 2024, 52, 1018-1023.

Bolbolvand, M.; Tavakkoli, S.M.; Alaee, E]J. Prediction of compressive and flexural strengths of ultra-high-performance concrete
(UHPC) using machine learning for various fiber types. Constr. Build. Mater. 2025, 493, 143135. [CrossRef]

Gu, J; Zhang, Z.; Liu, X.; Chang, B.; Zhao, T. Application of data-driven machine learning in performance prediction and
multi-objective optimization of green sustainable steam-cured concrete. Sustain. Chem. Pharm. 2026, 50, 102336.

Kashem, A.; Karim, R.; Malo, S.C.; Das, P. Ultra-High-Performance Concrete (UHPC); Mendeley Data: London, UK, 2023; Volume 20,
p- €02991. [CrossRef]

Yuan, Z.; Hu, Y;; Yang, Y. Modeling Towards Freeway Real-time Traffic Crash PredictionConsidering Multi-dimensional Dynamic
Feature Interactions. J. Transp. Syst. Eng. Inf. Technol. 2022, 22, 215-223. [CrossRef]

Cao, Y. Investigation into the prediction of concrete compressive strength using a bayesian-optimized CatBoost model. Concrete
2025, 7, 87-94.

Sobuz, M.H.R,; Alzlfawi, A.; Hakeem, 1.Y.; Tilak, M.K.C.; Kabbo, M.K.L; Jameel, M.; Abubakar, S.A. Machine learning-based
modeling to predict and parametrically optimize the compressive strength of nanomaterial concrete composites exposed to
elevated temperatures. Case Stud. Constr. Mater. 2025, 23, e05546. [CrossRef]

Zhang, J.; Guo, W.; Song, B.; Zhuo, Y.; Zhang, Y. Performance prediction of asphalt pavement based on random forest. J. Beijing
Univ. Technol. 2021, 47, 1256-1263.

Abbas, M.M.; Muntean, R. Predictive modelling of concrete tensile strength using ANN and Supplementary Cementitious
Materials (SCMs). Constr. Build. Mater. 2025, 489, 142362. [CrossRef]

Song, Q.; Xu, S.; Lu, Y.; Niu, D.; Xia, J.; Zhao, H.; Lv, Y.; Bao, J.; Xue, S.; Li, R. Study on the characteristics and prediction of
concrete carbon emissions based on a machine learning approach with spatiotemporal heterogeneity analysis. Case Stud. Constr.
Mater. 2025, 23, e05410. [CrossRef]

Alizamir, M.; Wang, M.; Ikram, RM.A.; Gholampour, A.; Ahmed, K.O.; Heddam, S.; Kim, S. An Interpretable XGBoost-SHAP
Machine Learning Model for Reliable Prediction of Mechanical Properties in Waste Foundry Sand-Based Eco-Friendly Concrete.
Results Eng. 2025, 25, 104307. [CrossRef]

Xu, J.; Hou, X.; Wu, X;; Liu, Y.; Sun, G. Slope Displacement Prediction Using the MIC-XGBoost-LSTM Model. China J. Highw.
Transp. 2024, 37, 38-48. [CrossRef]

Kazemi, F,; Shafighfard, T.; Jankowski, R.; Yoo, D.-Y. Active learning on stacked machine learning techniques for predicting
compressive strength of alkali-activated ultra-high-performance concrete. Arch. Civ. Mech. Eng. 2024, 25, 24. [CrossRef]
Padarian, J.; McBratney, A.; Minasny, B. Game theory interpretation of digital soil mapping convolutional neural networks. SOIL
2020, 6, 389-397. [CrossRef]

Lundberg, S.M; Lee, S.-I. A unified approach to interpreting model predictions. Adv. Neural Inf. Process. Syst. 2017, 30, 4768-4777.
Ekanayake, I.; Meddage, D.; Rathnayake, U. A novel approach to explain the black-box nature of machine learning in compressive
strength predictions of concrete using Shapley additive explanations (SHAP). Case Stud. Constr. Mater. 2022, 16, e01059. [CrossRef]
Raihan, M.; Khan, M.; Kee, S.; Nahid, A.A. Detection of the chronic kidney disease using XGBoost classifier and explaining the
influence of the attributes on the model using SHAP. Sci. Rep. 2023, 13, 6263. [CrossRef] [PubMed]

Wang, J.; Wang, X.; Li, Y.; Ye, A. Machine Learning Prediction and Interpretability Comparison for Seismic Response Analysis of
Small-to-medium Span Conventional Continuous Girder Bridges. China J. Highw. Transp. 2025, 38, 61-74. [CrossRef]

Wang, Z.; Wang, Z.; Li, Z.; Miao, P.; Wu, L. Prediction of sandy soil liquefaction based on machine learning-GridSearchCV. J. Vib.
Shock 2024, 43, 82-93. [CrossRef]

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. Build. Eng. 2025,
108, 112879. [CrossRef]

Chen, Y.; Zhu, ]J.; Tian, Y.; Ouyang, Z.-H.; Long, J. Analysis of Factors Contributing to Traffic Accident Severity Based on an
Integrated Framework of K-Means-XGBoost-SHAP. China |. Highw. Transp. 2025, 38, 209-223. [CrossRef]

Van den Heede, P; De Belie, N. Environmental impact and life cycle assessment (LCA) of traditional and ‘green’concretes:
Literature review and theoretical calculations. Cem. Concr. Compos. 2012, 34, 431-442. [CrossRef]

Zhao, J.; Wang, A.; Zhu, Y.; Dai, ].-G.; Xu, Q.; Liu, K.; Hao, F,; Sun, D. Manufacturing ultra-high performance geopolymer concrete
(UHPGC) with activated coal gangue for both binder and aggregate. Compos. Part. B Eng. 2024, 284, 111723. [CrossRef]

Shi, Y.; Long, G.; Ma, C.; Xie, Y.; He, ]. Design and preparation of ultra-high performance concrete with low environmental impact.
J. Clean. Prod. 2019, 214, 633-643. [CrossRef]

https:/ /doi.org/10.3390/app16147093


https://doi.org/10.1016/j.cscm.2023.e02557
https://doi.org/10.1016/j.conbuildmat.2025.143135
https://doi.org/10.17632/85r7bh4zsz.1
https://doi.org/10.16097/j.cnki.1009-6744.2022.03.024
https://doi.org/10.1016/j.cscm.2025.e05546
https://doi.org/10.1016/j.conbuildmat.2025.142362
https://doi.org/10.1016/j.cscm.2025.e05410
https://doi.org/10.1016/j.rineng.2025.104307
https://doi.org/10.19721/j.cnki.1001-7372.2024.10.004
https://doi.org/10.1007/s43452-024-01067-5
https://doi.org/10.5194/soil-6-389-2020
https://doi.org/10.1016/j.cscm.2022.e01059
https://doi.org/10.1038/s41598-023-33525-0
https://www.ncbi.nlm.nih.gov/pubmed/37069256
https://doi.org/10.19721/j.cnki.1001-7372.2025.07.005
https://doi.org/10.13465/j.cnki.jvs.2024.05.009
https://doi.org/10.1016/j.jobe.2025.112879
https://doi.org/10.19721/j.cnki.1001-7372.2025.05.018
https://doi.org/10.1016/j.cemconcomp.2012.01.004
https://doi.org/10.1016/j.compositesb.2024.111723
https://doi.org/10.1016/j.jclepro.2018.12.318
https://doi.org/10.3390/app16147093

Appl. Sci. 2026, 16, 7093 34 of 34

29.

30.

31.

32.

33.

34.

35.

36.

37.

Chiaia, B.; Fantilli, A.P.; Guerini, A.; Volpatti, G.; Zampini, D. Eco-mechanical index for structural concrete. Constr. Build. Mater.
2014, 67, 386-392. [CrossRef]

Li, L.; Shao, X.; Ling, T.-C. Life cycle assessment of coal gangue composite cements: From sole OPC towards low-carbon
quaternary binder. J. Clean. Prod. 2023, 414, 137674. [CrossRef]

Miiller, H.S.; Haist, M.; Vogel, M. Assessment of the sustainability potential of concrete and concrete structures considering their
environmental impact, performance and lifetime. Constr. Build. Mater. 2014, 67, 321-337. [CrossRef]

Amitani, A.; Miller, S.A. Material performance, economic feasibility, and greenhouse gas emissions of natural pozzolans in
concrete: A review and meta-analysis. Resour. Conserv. Recycl. 2026, 228, 108769. [CrossRef]

Alsalman, A.; Assi, L.N.; Kareem, R.S.; Carter, K.; Ziehl, P. Energy and CO, emission assessments of alkali-activated concrete and
Ordinary Portland Cement concrete: A comparative analysis of different grades of concrete. Clean. Environ. Syst. 2021, 3, 100047.
[CrossRef]

Gu, Y; Fan, R;; Li, Y;; Zhao, J.; Song, Z.; Chu, H. Multi-Objective Optimization for Nano-Silica-Modified Concrete Based on
Explainable Machine Learning. Nanomaterials 2025, 15, 1423. [CrossRef] [PubMed]

Phan, T.D.; Noh, HW.; Lee, S.Y.; Kim, D.]. Effects of high-volume limestone powder substitution on hydration and mechanical-
microstructural development of low-carbon cement pastes: Simulation and experiment. Constr. Build. Mater. 2025, 471, 140710.
[CrossRef]

Wakjira, T.G.; Kutty, A.A.; Alam, M.S. A novel framework for developing environmentally sustainable and cost-effective ultra-
high-performance concrete (UHPC) using advanced machine learning and multi-objective optimization techniques. Constr. Build.
Mater. 2024, 416, 135114. [CrossRef]

Li, PP; Brouwers, H.; Chen, W.; Yu, Q. Optimization and characterization of high-volume limestone powder in sustainable
ultra-high performance concrete. Constr. Build. Mater. 2020, 242, 118112. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

https:/ /doi.org/10.3390/app16147093


https://doi.org/10.1016/j.conbuildmat.2013.12.090
https://doi.org/10.1016/j.jclepro.2023.137674
https://doi.org/10.1016/j.conbuildmat.2014.01.039
https://doi.org/10.1016/j.resconrec.2025.108769
https://doi.org/10.1016/j.cesys.2021.100047
https://doi.org/10.3390/nano15181423
https://www.ncbi.nlm.nih.gov/pubmed/41003059
https://doi.org/10.1016/j.conbuildmat.2025.140710
https://doi.org/10.1016/j.conbuildmat.2024.135114
https://doi.org/10.1016/j.conbuildmat.2020.118112
https://doi.org/10.3390/app16147093

	Introduction 
	Methods 
	Data Collection and Preprocessing 
	Data Collection 
	Data Preprocessing 
	Correlation and Multicollinearity Analysis 

	Machine Learning Models and Analytical Methods 
	Benchmark MODELS 
	Random Forest 
	Artificial Neural Network 
	GBDT 
	XGBoost 

	Evaluation Metrics for the Predictive Accuracy of Machine Learning Models 
	SHAP Analysis 
	Partial Dependence Plot (PDP) Analysis 
	Multi-Objective Optimization 

	Results and Discussion 
	Hyperparameter Optimization of Machine Learning Models 
	Machine Learning Model Performance 
	Feature Importance Analysis 
	SHAP Analysis Results 
	PDP and ICE Analysis 
	Multi-Objective Optimization Results 
	Objective Function 
	Constraints 
	TOPSIS Scoring Evaluation 
	Multi-Objective Optimization Results 


	Conclusions and Limitations 
	References

