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Abstract:

Ultra-High-Performance Concrete (UHPC) exhibits highly nonlinear compressive strength behavior
governed by complex interactions among mixture constituents and curing conditions, which are difficult to
capture using conventional empirical models. This study applies explainable machine learning techniques
to predict and interpret UHPC compressive strength using a curated database of 810 experimental mixtures
compiled from peer-reviewed literature. Four machine learning algorithms namely Support Vector
Regression (SVR), Artificial Neural Network (ANN), Random Forest (RF), and Extreme Gradient Boosting
(XGBoost) were trained and evaluated using systematic hyperparameter optimization and five-fold cross-
validation. Among the evaluated models, XGBoost achieved the highest predictive performance with a test
R2 of 0.9641, RMSE of 7.3237 MPa, and MAE of 5.0748 MPa, while cross-validation produced a mean R?
of 0.970 £ 0.004, indicating strong generalization capability. Pearson correlation analysis showed that silica
fume (r = 0.521), fiber content (r = 0.440), curing age (r = 0.415), and superplasticizer dosage (r = 0.396)
had the strongest positive correlations with compressive strength. SHapley Additive Explanations (SHAP)
were subsequently employed to interpret the governing parameters influencing model predictions. SHAP
analysis identified fiber content and curing age as the most influential variables controlling UHPC
compressive strength development. Local SHAP interpretation further demonstrated that fiber content and
curing age contributed +14.82 MPa and +12.26 MPa, respectively, toward a representative predicted
strength of 153.65 MPa. The explainability analysis revealed physically meaningful trends associated with
hydration maturity, matrix densification, and fiber-reinforcement mechanisms, demonstrating that
explainable machine learning can provide both high predictive reliability and engineering interpretability

for UHPC strength assessment.
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1 Introduction

Ultra-high-performance concrete (UHPC) represents a major advancement in cementitious composites,
characterized by an exceptionally dense microstructure and superior mechanical performance[1,2]. UHPC

compressive strength typically exceeds 150 Mpa [3], with lab/specialized mixes (pressure-heat cured



reactive powder concrete) reaching up to 810 MPa [2]. UHPC's exceptional strength, durability, and energy
absorption capacity makes it more appealing for demanding structural applications such as long-span
bridges, high-rise structures, and protective infrastructure systems. Compressive strength is considered the
most important mechanical property since it directly affects structural integrity, load-bearing capacity,
safety, and long-term serviceability[4]. These exceptional properties arise from fundamental material
science mechanisms, including microstructural refinement, reduced porosity, and enhanced homogeneity
[4,5]. The scientific complexity of UHPC stems from its carefully engineered composition, which
incorporates an ultra-low water-to-binder (w/b) ratio typically between 0.15 and 0.25 and a high content of
cementitious materials combined with fine pozzolanic additives such as silica fume [6]. Strength
development in UHPC is inherently time-dependent and governed by continuous hydration, as well as by
the interaction between the dense cementitious matrix and micro-steel fibers that bridge microcracks and
provide lateral confinement[7,8]. These coupled mechanisms generate a highly nonlinear and
multidimensional performance space, in which the influence of individual parameters such as
superplasticizer dosage is strongly modulated by factors including the specific surface area of fine powders
and the w/b ratio. Consequently, UHPC exhibits interaction-driven behavior that fundamentally
distinguishes it from conventional concrete, as variations in a single constituent can disproportionately

affect overall performance [9,10].

Although UHPC exhibits advanced material properties, its compressive strength is still commonly assessed
through destructive testing of standard specimens at fixed curing ages. This approach is time-consuming,
material-intensive, and retrospective. To reduce experimental dependency, empirical and regression-based
predictive models have been proposed as cost-effective alternatives. However, these formulations typically

impose predefined functional structures, such as:
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where f3; are regression coefficients estimated via ordinary least squares or maximum likelihood methods.
Such linear or weakly nonlinear mappings are may not adequately capture of representing higher-order
feature interactions, multiplicative coupling effects, and the threshold-sensitive nonlinearities intrinsic to
UHPC hydration and microstructural systems. Polynomial extensions and interaction terms can partially
mitigate these constraints, but they require manual feature engineering and remain vulnerable to
multicollinearity among highly correlated mix design parameters such as the co-variance between cement
content, silica fume dosage, and water-to-binder ratio[9,11-13] . Furthermore, widely adopted design
standards, including ACI 318-19 and Eurocode 2 (EN 1992), lack explicit constitutive provisions for UHPC
and rely on simplified stress—strain relationships calibrated for normal-strength concrete[9,14]. Existing
code-based models cannot fully represent the complex failure behavior of UHPC under compression,

leading to less accurate and less reliable predictions for different mix compositions.[15].



Machine learning (ML) offers a fundamentally different modeling paradigm that demonstrates improved
interpretability by approximating nonlinear input-output mappings directly from experimental data, without

imposing constitutive constraints:
y=fx)+e 2

where x € R% represents the d-dimensional feature vector comprising mixture parameters and curing
conditions, f(x) is a learned nonlinear function unconstrained by predefined analytical forms, and ¢ is the
irreducible stochastic error term [16]. This formulation allows ML models to autonomously identify
interaction effects, feature non-monotonicities, and latent structural patterns embedded within
high-dimensional UHPC strength datasets. Early applications to UHPC compressive strength prediction
primarily used standalone learners such as Artificial Neural Networks (ANNs), Support Vector Regression
(SVR), and univariate Decision Trees. Although these models can approximate smooth nonlinear response
surfaces, their predictive reliability is limited by sensitivity to hyperparameter settings, initialization in
gradient-based optimization, and susceptibility to overfitting when trained on the sparse and imbalanced
databases typical of UHPC research. The bias—variance trade-off inherent in single-estimator models is
particularly problematic in low-data regimes, where high-variance learners tend to memorize noise rather

than generalize underlying material behavior.

Ensemble learning methods improve prediction accuracy by combining the outputs of multiple base learners

instead of relying on a single estimator:

K
9= wi he(x) 3

k=1

where hj, (X) denotes the prediction of the k-th base estimator (typically a shallow decision tree), wy, is its
associated weighting coefficient, and K is the total ensemble cardinality. Bagging-based methods such as
Random Forest reduce prediction variance by constructing each h;, on bootstrap-resampled subsets of the
training data combined with random feature subspace selection, thereby promoting decorrelation among
base learners[17]. Boosting-based algorithms such as XGBoost and CatBoost, in contrast, operate through
sequential residual correction, where each successive learner hy ¢ is trained to approximate the negative
gradient of a differentiable loss function with respect to the ensemble's current prediction effectively
performing functional gradient descent in hypothesis space[18,19]. This hierarchical residual-fitting
strategy enables improved variance reduction, enhanced generalization under distributional shift, and
superior representation of nonlinear parameter interactions and locally varying feature importance, making
ensemble methods particularly well-suited to the complex, interaction-driven compressive strength
behavior of UHPC.

Although ensemble machine learning models provide highly accurate predictions, their complex structure

and lack of simple mathematical equations make them difficult to interpret, verify physically, and widely



accept in structural practice. The opacity of high-capacity learners often described as the "black-box"
problem renders it impossible to audit whether model predictions arise from physically grounded feature
relationships or from spurious statistical correlations induced by data imbalances or distributional
artifacts[20,21]. To address this critical limitation, Explainable Artificial Intelligence (XAI) methods were
systematically integrated into the predictive framework as post-hoc interpretability tools. Among available
XAI approaches, SHapley Additive exPlanations (SHAP) provide the most theoretically rigorous
framework for local model explanation, grounded in axiomatic cooperative game theory. SHAP

decomposes the prediction for any individual observation into additive feature contributions according to:

where ¢, denotes the baseline prediction corresponding to the mean model output over the training
distribution, and ¢; represents the Shapley value for the i-th input feature defined formally as the weighted

average of the marginal contribution of feature i across all possible feature coalitions S € F \ {i}:
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Where, S= subset of features F= full feature set | S |= cardinality. This formulation satisfies the classical
Shapley axioms of efficiency, symmetry, dummy, and linearity, ensuring that attribution values are unique,
consistent, and invariant to model architecture. The resulting additive decomposition enables both global
feature importance ranking aggregated via mean absolute SHAP values across the dataset and local sample-
level attribution, allowing examination of how individual mix design decisions influence a specific

predicted strength outcome.

Previous SHAP-based UHPC studies have typically identified curing age and cement content as dominant
they directly governing parameters because influence hydration kinetics and C—S—H formation, while
water-to-binder ratio exerts a strong nonlinear negative effect on strength consistent with the Powers—
Brownyard hydration theory [14]. However, the relative importance of individual parameters depends on
mixture diversity, curing regime distribution, and dataset composition, which motivates the dataset-specific
SHAP analysis performed in this work. In the present study, SHAP is applied to the best-performing
XGBoost model to quantify the relative influence of mixture composition and curing conditions including
fiber content, curing age, silica fume dosage, and superplasticizer content on UHPC compressive strength.
This explainable ML framework provides engineering insight into the key governing parameters and
supports performance-based UHPC mix design and optimization, directly aligning with the empirical

findings reported in the subsequent sections.



2 Conceptual Framework

This study applies machine learning (ML) and explainable artificial intelligence (XAI) techniques to
investigate the governing parameters influencing the compressive strength of Ultra-High-Performance
Concrete (UHPC). Due to the highly nonlinear behavior of UHPC, conventional empirical models often
fail to fully represent the combined effects of mixture composition and curing conditions. Machine learning
models are used to capture complex relationships among input variables, while SHapley Additive
Explanations (SHAP) are employed to interpret the relative influence of different parameters on
compressive strength development. This approach improves model transparency and provides engineering
insight into the material mechanisms governing UHPC strength behavior, including hydration, matrix

densification, and fiber reinforcement effects.

Figure 1: Data-Driven Predictive and Interpretability Framework for UHPC Compressive Strength

The end-to-end workflow follows a structured pipeline designed to ensure robustness and reliability. As
illustrated in the flowchart Figure 1 the process begins with the compilation of a comprehensive
experimental database derived from peer-reviewed literature, followed by rigorous data preprocessing to
handle cleaning and normalization. After an exploratory correlation analysis, the data is divided into an

80/20 train-test split to facilitate multi-model learning using Random Forest, SVR, ANN, and XGBoost.



Each model is quantitatively evaluated through statistical metrics such as, RMSE, and MAE, alongside
graphical diagnostics to assess stability and bias. Once the best-performing model (XGBoost) is identified,
it is subjected to SHAP analysis to perform global and local feature attribution. This final step bridges the
gap between raw data and engineering interpretation, providing a dependable tool for performance-based

UHPC mixture design and optimization.
2.1 Experimental Data Acquisition and Curation

The foundation of this study is an experimentally derived database compiled from [22] Dataset. The dataset
compiles experimental results from multiple peer-reviewed sources and represents a high degree of UHPC
mix diversity, encompassing a broad range of binder systems, supplementary cementitious materials, fiber
dosages, and various curing regimes. To ensure the credibility and reliability of the data-driven models,
strict inclusion and exclusion criteria were implemented. The collected data were screened for completeness
and physical consistency; records with missing key parameters, duplicate entries, or physically inconsistent
values such as unrealistic material proportions or anomalous strength results were excluded to minimize

noise and prevent information leakage.

Following systematic screening and quality control, the curated database comprised 810 unique UHPC
mixtures, each associated with a measured compressive strength value. The dataset contains 13 physically
measurable input variables and one output variable (compressive strength), ensuring statistical

representativeness while preserving engineering interpretability.
2.2 Data Preprocessing and Strength-Development Regime Identification

The UHPC experimental database was carefully processed to create a reliable dataset for machine learning
analysis. First, duplicate and incomplete records were removed to ensure that each mixture represented a
unique experimental result. Mixtures with unrealistic material proportions or abnormal compressive
strength values were also excluded to reduce noise and improve data quality. In addition, only directly
measurable and physically meaningful parameters were selected as input features. This helped reduce
redundancy, prevent overfitting, and ensure that the models learned from actual material behavior rather

than misleading data patterns.
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Figure 2: Classification of UHPC compressive strength development regimes based on curing age (from the
algorithm)
An important part of the data processing was dividing the UHPC data into two curing-age groups because

curing age strongly affects hydration and strength development. The dataset was classified into:
Early-age regime: Age < 28 days
Later-age regime: Age > 28 days

Out of 810 samples, 628 samples (77.53%) belonged to the early-age group, while 182 samples (22.47%)
were in the later-age group. The 28-day limit was used to separate the two stages of strength development,
as shown in Figure 2. The early-age stage represents rapid strength gain due to active hydration and
microstructural development, whereas the later-age stage reflects slower strength growth as the concrete
approaches a stable structure. Including both stages helps the model learn short-term and long-term strength

behavior, improving prediction reliability and reducing bias.
2.3 Statistical Description of Input Variables

The dataset consists of 13 input variables, including cement (C), sand (S), silica fume (SF), limestone
powder (LP), quartz powder (QP), fine aggregate (FA), nano-silica (NS), aggregate(A), water (W), fiber
content (Fi), curing temperature (T), and curing age (Age). The output variable is compressive strength
(CS). These variables were selected to ensure mechanistic relevance and to minimize redundancy or
information leakage. Table 1 represents the statistical summary of these input variables, including their
minimum, maximum, mean, and standard deviation values. The statistics highlight the variability in UHPC

mixture compositions and curing conditions across the compiled dataset.

Table 1: Statistical Summary of Input Variables (dataset:[22])

Variable Mean Std_Dev Min Max Count

C 737.91 173.46 270.0 1251.2 810




S 25.19 74.37 0.0 375.0 810

SF 136.99 104.14 0.0 433.7 810
LP 41.93 133.13 0.0 1058.2 810
QP 33.27 79.67 0.0 397.0 810
FA 26.26 67.46 0.0 356.0 810
NS 3.64 7.78 0.0 47.5 810
A 1150.11 312.15 407.8 1992.0 810
W 179.89 25.57 90.0 272.6 810
Fi 56.04 75.23 0.0 234.0 810
SP 30.03 13.99 1.1 57.0 810
T 23.92 16.21 20.0 210.0 810
Age 37.09 53.12 1.0 365.0 810

The maximum curing temperature of 210 °C corresponds to accelerated heat-curing and autoclave regimes
reported in selected UHPC studies. However, most samples in the compiled database were subjected to
standard laboratory curing conditions (20-25 °C), which explains the relatively low mean curing
temperature of 23.9 °C. The dataset therefore incorporates both ambient and elevated-temperature curing
regimes to ensure broader generalization capability of the predictive model across diverse UHPC

production practices.
24 Machine Learning Model Development and Evaluation Framework

To predict the compressive strength of Ultra-High-Performance Concrete (UHPC), four machine learning
models Random Forest (RF), Support Vector Regression (SVR), Artificial Neural Network (ANN), and
Extreme Gradient Boosting (XGBoost) were used. These models represent different machine learning
approaches, including ensemble-based, kernel-based, and neural-network-based methods, allowing a
balanced comparison of predictive performance. The prediction problem was formulated as a supervised

regression model:
CS=f(X)

where CSis the compressive strength and Xrepresents the mixture composition and curing-related input

variables.



Before training, all input variables were standardized to improve numerical stability and reduce scale-
related bias. The dataset was divided into training and testing subsets using an 80/20 split, and the same

data partition was applied to all models to ensure fair comparison.

To improve model reliability, hyperparameter optimization was performed using GridSearchCV and
RandomizedSearchCV with five-fold cross-validation. The coefficient of determination (R?) was used as
the optimization metric. RandomizedSearchCV was applied to RF, ANN, and XGBoost, while

GridSearchCV was used for SVR. In addition, random seeds were fixed at 42 to ensure reproducibility.

The optimized hyperparameter configurations obtained through systematic cross-validation-based tuning
are summarized in Table 2. For ensemble-based models, the optimization process identified configurations
that effectively balanced predictive accuracy and overfitting resistance. The Random Forest model achieved
optimal performance using 500 estimators with unrestricted tree depth, while XGBoost performed best with
500 boosting estimators, a learning rate of 0.1, maximum tree depth of 6, and a subsampling ratio of 0.8.
For SVR, the optimal radial basis function kernel parameters were identified as C = 500and y =auto. The
ANN model achieved the best performance with a hidden-layer architecture of (100, 50), a learning rate
initialization of 0.01, and L2 regularization parameter ¢ = 0.01. These optimized configurations were

subsequently used for final model training and evaluation.

Table 2: Hyperparameter Configuration of Machine Learning Models (from the algorithm)

Model Search Method Search Space Best Parameters

Random Forest RandomizedSearchCV  n_estimators: [100, 300, 500], n_estimators = 500,

(RF) max_depth: [10, 15, None], max_depth = None,
min_samples_split: [2, 5, 10] min_samples_split = 2

SVR GridSearchCV C: [10, 100, 500], gamma: [0.01, C =500, gamma = auto
0.1, auto], kernel = rbf

ANN RandomizedSearchCV  hidden_layer_sizes: [(50,50), hidden_layer_sizes =

(MLPRegressor) (100,50)], learning_rate_init: (100,50), learning_rate_init
[0.001, 0.01], alpha: [0.0001, 0.01] =0.01, alpha =0.01

XGBoost RandomizedSearchCV  n_estimators: [100, 300, 500], n_estimators = 500,

learning_rate: [0.01, 0.05, 0.1],
max_depth: [4, 6, 8], subsample:
[0.8, 1.0]

learning_rate = 0.1,
max_depth = 6, subsample =
0.8

Model performance was evaluated using a combination of quantitative statistical metrics and graphical

diagnostics to ensure a rigorous and holistic assessment. The coefficient of determination (R?), root mean



square error (RMSE), and mean absolute error (MAE) were employed to evaluate goodness-of-fit,

prediction accuracy, and average error magnitude, respectively.
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In addition to these numerical measures, actual-versus-predicted plots were used to assess the alignment of
predictions with experimental values, residual scatter plots were examined to detect potential bias or
heteroscedasticity, and error distribution histograms were analyzed to evaluate error concentration and tail
behavior. This integrated evaluation strategy ensures that the selected optimal model demonstrates not only
high predictive accuracy but also stability, robustness, and reliable generalization across the full range of

UHPC strength development mechanism.
3 Statistical Characteristics and Correlation Analysis

The correlation heatmap (Figure 3) illustrates the statistical relationships between Ultra-High-Performance
Concrete (UHPC) mixture parameters and compressive strength, providing an initial insight into the linear

dependencies within the experimental database.

Figure 3: Correlation heatmap of UHPC mixture parameters and compressive strength



The correlation matrix shown in Figure 3 was computed from the curated UHPC experimental database to
evaluate the linear relationships between mixture parameters and compressive strength (CS). The analysis
provides preliminary insight into the governing variables influencing UHPC strength development and
helps identify potential interactions among material constituents and curing conditions. Among all input
variables, silica fume (SF) exhibited the strongest positive correlation with compressive strength ( 7 =
0.521), indicating its significant role in enhancing matrix densification and pozzolanic reaction activity
within UHPC systems. Fiber content (Fi) also showed a strong positive correlation ( 7 = 0.440), reflecting
the contribution of steel fibers to crack-bridging, confinement, and stress redistribution mechanisms. Curing
age demonstrated a moderate positive correlation with compressive strength (r = 0.415), consistent with

the continued hydration and microstructural refinement processes governing UHPC strength maturation.

In addition, superplasticizer dosage (SP) showed a positive association with compressive strength ( 7 =
0.396), suggesting its influence on particle dispersion, workability improvement, and enhanced packing
density. In contrast, the age-related parameter (A) exhibited a moderate negative correlation with
compressive strength ( 7 = —0.399), indicating an inverse relationship with strength development under

the studied conditions.

Several other parameters, including cement content (C) and quartz powder (QP), demonstrated weaker
positive correlations, whereas limestone powder (LP), nano-silica (NS), and fine aggregate (FA) exhibited
relatively low or negative linear relationships with compressive strength. Overall, the correlation analysis
indicates that UHPC compressive strength is governed by multiple interacting variables rather than a single
dominant parameter, highlighting the necessity of nonlinear and explainable machine learning approaches
for understanding complex UHPC strength behavior. It is important to note that the Pearson correlation and
SHAP importance rankings differ because they measure fundamentally distinct quantities. Silica fume
exhibited the highest Pearson correlation with compressive strength (r = 0.521), indicating a strong positive
linear relationship when examined in isolation. However, within the multivariate XGBoost model, silica
fume ranked third in global SHAP importance (¢ = 6.53 MPa), because its contribution is strongly
conditioned on cement content and water-to-binder ratio meaning its effect is partially absorbed by
correlated features during ensemble learning. In contrast, curing age ranked first in SHAP importance (¢ =
18.69 MPa) despite its moderate Pearson correlation (r = 0.415), reflecting its highly nonlinear, threshold-
sensitive interaction with hydration kinetics and microstructural development an effect that bivariate linear
correlation cannot detect. The Pearson analysis therefore serves as a useful screening tool for linear trends,
while SHAP values provide the mechanistically superior representation of governing parameter influence

in the nonlinear UHPC strength system.
3.1 Distribution Characteristics of Compressive Strength

To further examine dataset variability, the distribution of compressive strength (CS) values was analyzed.

The histogram of CS (Figure 4) reveals a broad strength range spanning low to ultra-high-strength regimes,



confirming the dataset’s suitability for training nonlinear predictive models. The distribution exhibits
moderate right-skewness, reflecting a higher concentration of early-age strength measurements, consistent
with the regime distribution analysis. The absence of extreme outliers indicates effective data curation and

quality control.

UHPC Compressive Strength Distribution
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Figure 4: Histogram of UHPC compressive strength distribution
3.2 Comparative Performance of Machine Learning Models

The comparison between experimental and predicted Ultra-High-Performance Concrete (UHPC)
compressive strength reveals clear differences in predictive performance among the four evaluated machine
learning models. The Artificial Neural Network (ANN) model exhibited the weakest predictive capability,
achieving the lowest test R?value of 0.8678 along with the highest prediction errors (RMSE = 14.0472 MPa
and MAE = 9.5168 MPa), as presented in Table 3. In the actual-versus-predicted plot, ANN predictions
display considerable scatter around the 45° reference line, particularly at higher compressive strength levels,
indicating limited generalization capability in capturing the highly nonlinear behavior of UHPC materials.
This behavior is further reflected in the residual scatter plot (Figure 5), where ANN residuals show relatively
wide dispersion with several deviations exceeding +40 MPa. The corresponding residual distribution
histogram also appears broader with noticeable tails, confirming reduced prediction stability across the full-

strength range of the dataset.

In comparison, the Support Vector Regression (SVR) model demonstrated moderate predictive performance
with a test R?value of 0.9025, RMSE of 12.0635 MPa, and MAE of 8.0717 MPa. Although SVR provided
improved predictions relative to ANN, the model still exhibited noticeable dispersion in both prediction and
residual plots, suggesting limitations in representing the complex nonlinear interactions governing UHPC

compressive strength development.
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Figure 5: Actual versus predicted UHPC compressive strength for (a) SVR, (b) ANN, (c) Random Forest, and (d)

XGBoost models.

The Artificial Neural Network (ANN) model demonstrated comparatively lower predictive performance
than the ensemble-based approaches, achieving a test R%value of 0.8678, with an RMSE of 14.0472 MPa
and an MAE of 9.5168 MPa. Although the ANN predictions generally followed the overall experimental
strength trends, the actual-versus-predicted plot still exhibited noticeable dispersion at both lower and
higher compressive strength ranges. Residual analysis further revealed relatively wide error dispersion

across the full-strength range, with several residuals exceeding +40 MPa.

The corresponding residual distribution histogram showed a broader spread and more pronounced tails
compared with the ensemble-based models, indicating reduced prediction stability and intermittent large
deviations. These results suggest that the ANN model had limited capability in consistently capturing the

highly nonlinear and interaction-driven behavior governing UHPC compressive strength development.



Table 3: Comparison of Model Predictive Accuracy

Machine Learning Model Train R2 Test Rz RMSE (MPa) MAE (MPa)
Support Vector Regression (SVR) 0.9472 0.9025 12.0635 8.0717
Artificial Neural Network (ANN) 0.9410 0.8678 14.0472 9.5168
Random Forest (RF) 0.9891 09502 8.6173 6.3600
Extreme Gradient Boosting (XGBoost) 0.9929 09641 7.3237 5.0748

The Random Forest (RF) model showed excellent predictive performance, demonstrating the advantage of
ensemble-based learning methods over standalone models. In the actual-versus-predicted plot, most RF
predictions were closely distributed around the 45° reference line, indicating strong agreement between
experimental and predicted values. The RF model achieved a high test R%value of 0.9502 with relatively
low prediction errors (RMSE = 8.6173 MPa and MAE = 6.3600 MPa). Residual analysis also showed
improved stability, with most residuals distributed within +15 MPa around the zero-error line. The residual
histogram appeared relatively narrow and symmetric, indicating reduced prediction variance and improved
robustness. Among all evaluated models, the Extreme Gradient Boosting (XGBoost) model achieved the
best overall performance, with the highest test R?value of 0.9641 and the lowest prediction errors (RMSE
= 7.3237 MPa and MAE = 5.0748 MPa). The actual-versus-predicted plot showed very close agreement
with the experimental results across the full-strength range. Residual analysis further confirmed the strong
stability of XGBoost, with most residuals tightly concentrated around zero and generally remaining within
+10 MPa. In addition, the residual histogram for XGBoost was the most compact among all models,

showing minimal skewness and very few extreme errors.

To further evaluate model reliability, five-fold cross-validation was performed for all machine learning
models. The mean coefficient of determination (R?) and corresponding standard deviation obtained from

the cross-validation process are presented in Table 4.

Table 4: Five-Fold Cross-Validation Performance

Model Mean R2 (CV) Std Dev

SVR 0.873 0.020
ANN 0.902 0.026
RF 0.959 0.007

XGBoost  0.970 0.004
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Figure 6: Five-fold cross-validation comparison of machine learning models (mean R? values)

Figure 6 presents the five-fold cross-validation results used to evaluate the generalization performance of
the machine learning models. The results show that ensemble-based algorithms achieved better predictive
performance than the other models. XGBoost obtained the highest mean R? value of 0.970 with the lowest
standard deviation (£0.004), indicating strong prediction stability across different validation folds. Random

Forest also demonstrated reliable performance with a mean R%value of 0.959 + 0.007.

In comparison, ANN and SVR produced lower mean R?values along with relatively larger standard
deviations, suggesting greater sensitivity to variations in the training and testing data partitions. Overall,
the cross-validation results confirm that gradient boosting and ensemble learning methods are highly
effective in capturing the complex nonlinear relationships governing UHPC compressive strength

prediction.



3.3 Error Distribution Characteristics of the Developed Model
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Figure 7: Residual Distribution Histograms of Machine Learning Models (a) SVR, (b) ANN, (¢) Random Forest, and
(d) XGBoost (from the algorithm)

Figure 7 illustrates the residual distribution histograms of the four machine learning models used for UHPC
compressive strength prediction. The XGBoost model, identified as the optimal predictor, demonstrates
strong predictive performance and error stability across the entire experimental range. Diagnostic analysis
of the residuals reveals a high concentration around the zero-error axis, with the majority of prediction

deviations tightly confined within a narrow interval of £10 MPa.

The robustness of the proposed XGBoost model was further evaluated using five-fold cross-validation. The
model achieved a mean R? of 0.970 with a standard deviation of 0.004, confirming stable predictive
performance across different data partitions. Moreover, the residual distribution for XGBoost is the most

compact and sharply peaked among all evaluated algorithms, characterized by minimal skewness and the



absence of extreme outliers. This superior error behavior underscores the model’s ability to mitigate
prediction uncertainty and provide consistent and reliable estimates, making it a robust tool for

performance-based design and optimization of UHPC mixtures.

3.4 Explainability and Feature Influence Analysis
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Figure 8: SHAP explanation of a single UHPC strength prediction, showing how feature contributions move the
baseline to the final output.

At the local level, the SHAP waterfall plot shown in Figure 8 explains how individual input variables
contribute to a representative UHPC compressive strength prediction. Starting from a baseline expected
value of approximately 126.7 MPa, the final predicted strength increases to 153.6 MPa through the
combined effects of several influential features. Fiber content (Fi) provides the largest positive contribution
(+14.82 MPa), followed by curing age (+12.26 MPa). Fine aggregate (FA) and cement content (C) also
contribute positively with smaller effects of +1.93 MPa and +1.67 MPa, respectively.

In contrast, several parameters slightly reduce the predicted strength. Superplasticizer (SP), age-related
parameter (A), silica fume (SF), nano-silica (NS), and water content (W) exhibit relatively small negative
SHAP contributions ranging from approximately —0.34 MPa to —1.56 MPa. The remaining features

collectively contribute only marginally to the final prediction.

The SHAP decomposition demonstrates that the XGBoost model predictions are governed primarily by
curing age and fiber content, which is consistent with established UHPC hydration, matrix densification,
and fiber-reinforcement mechanisms. The local interpretability provided by SHAP therefore improves

transparency and increases confidence in the engineering reliability of the developed predictive framework.



3.5 Effect of Key Parameters and Sensitivity Analysis

To further examine the governing behavior captured by the predictive model, partial dependence plots
(PDPs) and sensitivity analysis were used to evaluate the marginal effects of key parameters while
averaging the influence of the remaining variables. The PDP for curing age shows a rapid increase in

predicted compressive strength at early ages, followed by a gradual plateau beyond approximately 28 days.
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Figure 9: (a) Partial dependence plots showing the marginal effects of key variables on UHPC compressive strength.
(b) Sensitivity analysis of curing age using the XGBoost model, illustrating the nonlinear strength development
trend.

This trend is consistent with the transition from hydration-dominated strength development to slower long-
term microstructural stabilization in UHPC. Fiber content exhibits a positive monotonic relationship with
compressive strength, although the rate of increase becomes smaller at higher dosages, indicating
diminishing marginal benefit at elevated fiber contents. Cement content also shows a moderate positive
effect on predicted strength, suggesting its primary contribution is related to matrix densification and

packing improvement rather than abrupt strength gain.

The sensitivity analysis for curing age further supports these observations by showing a smooth and
monotonic increase in predicted strength with age. Sensitivity is pronounced up to approximately 28 days
and then gradually levels off, indicating smaller strength increments at later ages. The absence of strong

oscillations or unrealistic fluctuations suggests stable model behavior across the investigated curing range.

Overall, the effects identified through PDP and sensitivity analysis are consistent with established UHPC
behavior, particularly hydration development, fiber bridging, and cementitious matrix densification. These
results indicate that the model captures physically plausible nonlinear relationships among the governing
parameters. Within the limits of the compiled dataset, the XGBoost-based model provides a transparent and
reliable basis for interpreting UHPC strength behavior and supporting mix optimization and performance-

based decision-making.



4 Conclusion

This study applied explainable machine learning techniques to investigate the governing parameters
influencing the compressive strength of Ultra-High-Performance Concrete (UHPC) using a curated
database of 810 experimental mixtures. Four machine learning models namely Support Vector Regression
(SVR), Artificial Neural Network (ANN), Random Forest (RF), and Extreme Gradient Boosting (XGBoost)

were evaluated using systematic hyperparameter optimization and five-fold cross-validation.

Among all evaluated models, XGBoost achieved the highest predictive performance with a test coefficient
of determination ( R?) of 0.9641, RMSE of 7.3237 MPa, and MAE of 5.0748 MPa, while cross-validation
produced a mean R%value of 0.970 + 0.004, confirming strong prediction stability and generalization
capability. In comparison, RF achieved a test R%of 0.9502, whereas SVR and ANN produced lower
predictive performance with test R?values of 0.9025 and 0.8678, respectively.

Correlation analysis revealed that silica fume (SF) exhibited the strongest positive linear relationship with
compressive strength (7 = 0.521), followed by fiber content (Fi) ( v = 0.440), curing age ( r = 0.415),
and superplasticizer dosage (SP) ( r = 0.396). In contrast, the age-related parameter (A) showed a
moderate negative correlation with compressive strength ( 7 = —0.399). SHAP-based explainability
analysis further demonstrated that fiber content and curing age were the most influential governing
parameters affecting UHPC strength predictions. Local SHAP interpretation showed that fiber content
increased the representative predicted strength by +14.82 MPa, while curing age contributed +12.26 MPa
toward the final predicted compressive strength of 153.65 MPa.

Partial dependence and sensitivity analyses further confirmed physically realistic nonlinear strength-
development trends associated with hydration maturity, matrix densification, and fiber-reinforcement
mechanisms. Residual diagnostics showed that XGBoost produced the most stable prediction behavior,
with most residuals concentrated within £10 MPa and minimal systematic bias across the evaluated strength

range.

The results demonstrate that explainable machine learning can effectively identify the governing parameters
controlling UHPC compressive strength while maintaining high predictive reliability. The findings provide
meaningful engineering insight into the relative influence of mixture constituents and curing conditions,

supporting scientifically informed UHPC mix design and performance-based engineering applications.
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