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Abstract: Existing code equations for predicting the bending capacity of ultra high
performance fiber reinforced concrete (UHPFRC) beams often show large scatter, with
coefficients of variation (CoV) exceeding 30 to 60 %, leading to both overly conser-
vative and unconservative estimates. This study develops a novel and explainable
machine learning (ML) framework for accurate bending capacity prediction, repre-
senting the first systematic benchmarking of advanced ensemble ML methods against
international and national design codes. An updated database of 264 experimental
UHPFRC beam tests was compiled from the literature and partitioned into training
(70%), validation (15%), and testing (15%) subsets. Six ensemble algorithms were
optimized using Bayesian hyperparameter tuning with 10 fold cross validation, namely
Random Forest (RF), Gradient Boosting Machine (GBM), Light Gradient Boosting Ma-
chine (LightGBM), Adaptive Boosting (AdaBoost), Categorical Boosting (CatBoost),
and Extreme Gradient Boosting (XGBoost). The best performing models, CatBoost
and XGBoost, achieved excellent predictive accuracy on unseen test data (R? ~ 0.96
to 0.97, RMSE ~ 15 to 18 kN-m, CoV = 10%) with essentially no systematic bias.
These results clearly outperform code equations (R? ~ 0.60-0.70, CoV = 28-64%,
and biases up to 40 %). Interpretability analysis using Shapley Additive Explanations
(SHAP) confirmed that effective depth and reinforcement ratio are the dominant pre-
dictors of bending strength, followed by steel yield strength and section properties,
while UHPC compressive strength and fiber parameters had relatively minor influence
within the dataset range. The novelty of this study lies in presenting an integrated and
interpretable ML framework that not only achieves superior predictive performance
but also provides mechanistic insight into UHPFRC beam behavior. The proposed
approach offers a reliable data driven complement to current design codes and has
potential for practical adoption in structural engineering design and code development.

Keywords: UHPFRC beams; bending capacity; explainable Al; machine learning;
ensemble models

1. Introduction

Ultra high performance fiber reinforced concrete (UHPFRC) represents a significant advancement in cemen-

titious materials, recognized for its superior mechanical properties, including exceptional compressive strength,
ductility, and durability [1,2]. With a minimum compressive strength exceeding 150 MPa and tensile strength
between 7 and 9 MPa, UHPFRC demonstrates remarkable resistance to harsh environmental conditions, such as
freeze-thaw cycles, making it highly suitable for sustainable and resilient infrastructure [3-5]. Its applications
span a wide range of structural elements, including building components, bridges, architectural features, repairs,
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and rehabilitation of structures, as well as utility towers, offshore platforms, and hydraulic structures [6,7].

Despite these benefits, the adoption of UHPFRC on a larger scale has been hindered by the absence of
comprehensive design codes and the limited understanding of its material properties [8]. Although some guidelines
exist for estimating the bending capacity of UHPFRC, no universally accepted standard has been developed to
date [9]. This lack of standardized design procedures presents a significant challenge for structural engineers,
who require reliable predictions of the bending capacity of UHPFRC beams to ensure safe, economical, and code
compliant design. Predicting bending capacity is especially critical because it governs ultimate limit states and
emerges from coupled mechanisms including crack initiation and localization, tension softening, reinforcement
yielding, and size effects [10, 1 1]. Simplified stress block formulations struggle to represent these nonlinear fracture
processes and the redistribution observed in three point and four point tests, particularly when bending interacts
with shear or when sections and loading histories are complex [12, 13]. In UHPC and UHPFRC, distinct fracture
behavior and post cracking ductility further challenge closed form predictions [14, 15]. These factors motivate
data driven models that learn interactions among geometry, reinforcement, and material parameters directly from
experiments; ensemble tree methods are well suited because they capture strong nonlinearity and interactions, are
robust on moderate datasets, and can be paired with transparent explanations and repeatability checks [16—18].

To understand the behavior of UHPFRC in flexure, several experimental and numerical studies have been
conducted in the recent past. For example, Kahanji et al. [6] demonstrated that increasing fiber content significantly
enhances the bending capacity and energy absorption of UHPFRC beams, while highlighting that design codes such
as Eurocode 2 underestimate bending strength compared to experimental results, necessitating updated standards.
Chen and Wang [19] and Huang et al. [20] investigated the effects of varying longitudinal reinforcement ratios,
finding that higher ratios improve bending capacity but may shift failure modes from ductile to brittle. Similarly,
Yang et al. [21] emphasized the role of steel fiber content in enhancing energy absorption, ductility, and toughness,
though with diminishing returns at fiber contents exceeding 1.5%. Displacement-controlled tests by El-Helou
and Graybeal [22] offered practical insights into structural performance and failure mechanisms, emphasizing the
importance of understanding these behaviors for safety and design optimization.

These studies collectively highlight the unique bending behavior of UHPFRC, wherein peak moments occur
during localized cracking, contrasting with conventional concrete that often peaks prior to significant cracking.
Research has proposed sectional analysis approaches for understanding bending behavior, considering linear strain
distributions, strain limits, and reinforcement rupture. Accurate prediction models require detailed knowledge of
UHPFRC'’s compression and tensile stress-strain characteristics, as these influence the maximum moment capacity,
which depends on crack localization or compression crushing. Post-localization bending capacity is typically avoided
due to risks associated with reinforcement rupture, necessitating further research to quantify the relationship between
crack opening, reinforcement rupture strain, and development length [23,24]. Such advancements are critical for
optimizing design methodologies and ensuring the structural efficiency of UHPFRC under flexural loading.

Despite significant progress in the experimental and numerical analysis of UHPFRC, existing studies are
often specialized in identifying specific effects. This specialization limits their generalizability to applications
beyond the tailored experimental setups. However, the extensive datasets generated from these prior studies offer a
valuable opportunity for using data driven approaches. By employing machine learning (ML) models, it is possible
to gain deeper insights into the bending behavior of UHPFRC beams, enabling broader applicability and predictive
capabilities beyond traditional methodologies.

The use of ML in structural engineering has demonstrated significant advantages in handling complex, nonlinear
relationships, uncovering hidden patterns, and achieving predictive accuracies that often surpass traditional methods,
leading to safer and more efficient designs. Numerous studies have explored ML applications in predicting the
mechanical properties of various types of concrete, including compressive strength, elastic modulus, and tensile
strength. For instance, [25] and Fan et al. [26] applied ML to predict the compressive strength and optimize the
mix design of UHPC composites, respectively. Diverse ML models were used across different concrete types,
such as support vector machines (SVM), neural networks (ANN), random forests (RF), and gradient boosting
(GB), achieving accuracies as high as 98% in term of coefficient of determination (R?) [27-29]. A comprehensive
evaluation by Ye et al. [30] employed ten ML algorithms to predict UHPC shear strength, underscoring the
value of exploring diverse algorithms to optimize predictions for material properties. Additional recent studies
further underline the promise of interpretable, data driven models for cementitious composites and structural
elements [31,32].

However, when it comes to the bending capacity problem of UHPFRC, limited studies in the literature have
focused on applying ML to predict the bending capacity of UHPFRC beams. For instance, Solhmirzaei et al. [33]
employed support vector machine regression (SVMR) and multigene genetic programming (MGGP) for this purpose,
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but the lack of model interpretability limited their practical application. While Ye et al. [30] achieved promising
results for shear capacity prediction using various ML models—including ensemble methods like CatBoost—and
enhanced interpretability through SHAP (Shapley Additive Explanations), similar efforts for bending capacity
remain scarce. In the context of bending capacity, Qin et al. [34] demonstrated that an interpretable Extreme
Gradient Boosting (XGBoost) model, optimized with the Whale Optimization Algorithm (WOA) and interpreted
using SHAP, achieved superior performance and provided valuable insights into the key factors influencing the
bending capacity of reinforced UHPC beams compared to traditional methods. Similarly, Qian et al. [35] used
Support Vector Machine (SVM), Multi-Layer Perceptron (MLP), and Gradient Boosting (GB), incorporating SHAP
for interpretability, but their focus on UHPC mix design parameters rather than bending design reduced its direct
applicability. Concurrently, Ergen and Katlav [36] employed five ML models, including Support Vector Regression
(SVR), XGBoost, MLP, Random Forest (RF), and Extremely Randomized Trees (ERT), using SHAP to interpret
their results.

The emphasis on ensemble models in this study is motivated by several factors. Ensemble tree methods,
such as bagging and boosting, are particularly suitable for UHPFRC bending data: they effectively capture strong
nonlinearities and feature interactions, handle heterogeneous inputs without strict scaling assumptions, and remain
robust on modest sample sizes compared to deep neural networks. Moreover, they provide reliable regularization
through shrinkage, subsampling, and early stopping [37, 38]. Prior research also demonstrates that RF- and
GBM-type models often outperform single learners on structural datasets while preserving interpretability through
SHAP analysis. Despite these advantages, prior studies rarely (i) benchmark multiple advanced ensembles against
international and national code equations on a unified and updated database, (ii) quantify uncertainty relative to
codes, and (iii) provide model explanations that align with mechanics. To address this gap, the present work
compiles an updated database of 264 UHPFRC beam tests, develops and optimizes six ensemble models (RF,
GBM, LightGBM, AdaBoost, CatBoost, and XGBoost) using Bayesian search with cross validation, rigorously
benchmarks them against design codes, and employs SHAP to provide both global and local interpretability. The
contributions are fourfold: (1) an updated and harmonized database of UHPFRC flexural tests; (2) the first systematic
uncertainty-aware benchmarking of six ensembles against multiple design code equations on bending capacity;
(3) an explainable pipeline that quantifies feature effects (global and local SHAP) and cross-checks them against
mechanics; and (4) a repeatability analysis using multiple seeds and error bars to demonstrate robustness. The
overall objective is to develop an explainable ensemble ML framework for predicting UHPFRC beam bending
capacity, trained on the updated database, optimized via Bayesian search with cross validation, quantitatively
benchmarked against international and national code equations (including uncertainty metrics), and interpreted
using SHAP to identify the dominant physical drivers and their interactions.

2. Description of Database

The dataset consisted of 264 instances of UHPFRC beams tested for bending failure, compiled from 54
different studies [19,21,26—79] as summarized in Table A1 in the Appendix A. The beam samples include various
cross sectional shapes: Rectangular (R), T-shaped (T), and I-shaped (I), as depicted in Figure 1. These beams were
subjected to two types of bending failure modes: balanced compression-tension failure (C) and localized tension
failure (L), and were tested using either three point (3P) or four point (4P) bending setups.
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Figure 1. Section types in the database. Rectangular (left) and I-section (right).
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Material properties of the UHPFRC beams encompass compressive strength ( f..), tensile strength (f;), and
yield strength of steel rebars (f,). Additionally, the beams vary in reinforcement ratio (p,), fiber aspect ratio (ay),
and fiber volume fraction (p¢). Geometric properties are denoted by beam width (b, ), web width (by), upper flange
width (b,,), overall height (h), web height (h,), web depth (h,,), upper flange height (h,,), and effective depth (d).
For analytical purposes, the initial geometric parameters were reengineered to derive the concrete area (A.) and
the moment of inertia of the concrete section (I..), which are critical in determining the moment capacity (M) of
the beams. The refined dataset now features 10 input variables and 1 output variable, facilitating the training of
supervised learning models.

Under the pre-processing stage of the data, all 264 observations were retained to preserve representativeness.
Since tree-based ensembles are generally insensitive to feature scaling [80], no normalization is required. Instead,
numeric features are winsorized at the 0.5th and 99.5th percentiles to reduce the influence of extreme values [81],
and robust loss functions such as Huber or quantile regression are employed to further limit outlier effects during
training [82].

The statistics for each parameter, outlined in Table 1, highlight the variability in the dataset, which ranges from
fiberless UHPFRC to mixes with up to 3.8% fiber content, beam dimensions, and material strengths up to 216 MPa
in compression and 57.7 MPa in tension. The dataset includes beams with reinforcement ratios as high as 11% and
as low as 0%, offering a broad spectrum for analysis. Figure 2 presents histograms of the parameters, providing a
visual summary of the data distribution and insights into the prevalent characteristics of the beams studied. These
visualizations aid in understanding the underlying patterns and variations across the collected data.
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Figure 2. Statistical distribution of key parameters in the UHPFRC beam database, shown as histograms: (a)
cross section width b, (b) effective depth d, (¢) moment of inertia I., (d) cross sectional area of concrete A.
(e) reinforcement ratio ps, (f) steel yield strength f,, (g) fiber aspect ratio ay, (h) fiber volume fraction py, (i)
compressive strength f., (j) tensile strength f;, and (k) bending capacity M. (experiment).
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Table 1. Summary of statistical attributes of the database.

Parameter Mean Std Min Median Max
b (mm) 143.7 51.5 30 150 500
d (mm) 216.3 82.1 26 220 500
I. (x10% mm*) 303.2 511.1 0.0 195.3 5457.3
A, (mm?) 39,440.9 19,488.5 1600 37,500 15,2500
ps (—) 0.0275 0.0218 0.0042 0.00191 0.0873
fy (MPa) 543.4 259.7 0.0 483.6 1725
ay (mm) 64.0 22.1 0.0 65.0 100
pr (%) 1.7 0.8 0.0 2.0 3.8
fe (MPa) 154.0 27.2 82.5 146.0 216.5
f+ (MPa) 253 14.6 2.2 30.9 57.7
M. (kN) 118.0 95.8 0.2 101.8 412.5

3. Correlation Analysis on Key Parameters

The bending capacity of UHPFRC members is primarily governed by three groups of parameters: the geometric
dimensions and material properties of UHPFRC, as well as the geometric and material properties of longitudinal
reinforcement, as detailed in Section 2. These parameters are commonly referred to as basic variables in design
standards [83,84] or as input features in machine learning [37,38]. Within the scope of the collected database in this
study, the steel fiber reinforcement ratio, p, ranges from 0 to 3.8%, encompassing both UHPC with and without
fibers. This range highlights the influence of steel fibers on failure modes and tensile contributions to bending
capacity. UHPFRC uniquely integrates the strengths of its material components—ultra high performance concrete,
steel fibers, and steel rebars—maximizing their collective contribution to bending capacity. Consequently, the
impact of steel fiber content on the bending capacity of UHPFRC beams is a focus of investigation. Various national
design standards, including Chinese, Swiss, American, and French codes, provide methodologies for predicting
the bending capacity of UHPFRC members. These approaches consistently emphasize the relationship between
the basic variables and bending capacity. To facilitate comparison among these methods, Figure 3 illustrates the
stress block geometries employed by each design model for singly reinforced UHPC beams under bending. The
associated notations are detailed in the List of Symbols section.

(1) Method suggested by Draft Chinese UHPC code [85]
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In existing models, the primary parameters influencing the bending capacity of UHPFRC members include
the material strength of UHPFRC, the stress distribution in UHPFRC and steel, and the contributions from
reinforcement. To simplify these models, certain assumptions are often made, such as the plane section assumption
and the equilibrium of internal forces. Stress distributions are generally idealized as rectangular or triangular in
both the compression and tension zones. However, these simplifications introduce limitations, as evidenced by
scatter observed in comparative studies with experimental data, suggesting the models lack calibration for certain
parameters [9,91].

To better understand the relationships between the bending capacity and various input parameters, a preliminary
Pearson correlation analysis was conducted. The Pearson correlation coefficient r quantifies the linear relationship
between two variables and is calculated as:

Z? 1 (z; — (yz Y) (20)

\/211331 \/211

where X and Y are the mean values of z; and y;, respectively.

The results of this analysis, as shown in Figure 4, indicate that geometric parameters, such as the moment of
inertia (/..), effective depth (d), longitudinal reinforcement ratio (ps), and cross sectional area (A.), exhibit stronger
correlations with the bending strength (M) compared to material parameters, such as compressive strength (f.),
tensile strength (f;), and steel fiber reinforcement ratio (py).

Figure 4 presents a Pearson correlation heatmap alongside a bar chart summarizing the correlation coefficients
with M. The geometric parameters I. (r = 0.75), d (r = 0.62), and A, (r = 0.66) stand out as the most significant
contributors to bending strength, while material parameters such as f. (r = 0.19) and f; (r = —0.01) show
relatively weak correlations. This insight underscores the dominant role of geometric factors in influencing the
bending capacity of UHPFRC members.
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Figure 3. Stress block diagrams for bending capacity prediction models from different standards: (a) Draft Chinese
UHPC code [70], (b) Chinese JGIJ/T 465-2019 [71], (c) Swiss SIA 2052 [72], (d) ACI 318-19 [73], (e) ACI
544 .4R-18 [74], (f) FHWA method [75].
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Figure 4. Pearson correlation coefficients of the input parameters with respect to the experimental bending capacity
M.. (Left: correlation heatmap; Right: bar chart of coefficient magnitudes |r|.) Geometric and reinforcement
parameters (I, d, Ac, ps, fy) show the highest correlation with M., while material strength and fiber parameters
(fe, ft, ps, ay) have relatively low correlation.
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4. Development of Ensemble Models
4.1. ML Algorithms

This study employed six ensemble machine learning algorithms—RF, GBM, LightGBM, AdaBoost, Cat-
Boost, and XGBoost—selected for their strong performance on nonlinear regression tasks common in engineering
contexts [29,92-94]. Only ensemble methods were considered; neural networks were not used. RF represents
bagging: multiple decision trees are trained on bootstrap samples with feature subsampling and their predictions
averaged, which reduces variance and improves stability under noisy conditions [37]. GBM represents boosting:
shallow trees are added sequentially to fit the negative gradients of a chosen loss, thereby reducing bias but requiring
regularization to avoid overfitting [37].

XGBoost should be understood as an advanced variant of GBM that integrates explicit regularization and
systems-level optimizations: L1 /Lo penalties on leaf weights, penalties on tree size, sparsity-aware split finding,
approximate (weighted quantile) histograms, and parallelization, all of which improve generalization and training
efficiency [38]. LightGBM further accelerates gradient boosting through histogram-based, leaf-wise tree growth
(with depth limits) and data-reduction techniques such as Gradient-based One-Side Sampling (GOSS) and Exclusive
Feature Bundling (EFB), delivering competitive accuracy with lower memory and time cost [37]. AdaBoost
iteratively reweights observations to focus the learner on difficult cases, which can increase accuracy on hard
regions but is controlled here via shallow base trees and early stopping [95]. CatBoost employs ordered boosting
to mitigate prediction shift and reduce overfitting; although designed to handle categorical inputs efficiently, its
ordered boosting and regularization also provide stability on purely numerical feature sets [37,38]. Because tree
splits are threshold-based, these ensemble methods are largely insensitive to feature scaling.

For model interpretability, SHAP [96] was used. Global SHAP values (dataset-level means of absolute
attributions) were used to rank the overall influence of inputs on predicted bending capacity, while local SHAP
values (instance-level attributions) explained individual predictions, enabling case-specific checks for physical
plausibility. Figure 5 summarizes the end-to-end workflow (from preprocessing, to training/tuning, to evaluation,
and to interpretation).

Data Pre-processing

cleaning Normalization splitting
Model Comparison ‘ =
Model Trainin
GBUHPC SIA2052 ACI 318 [we
Ensemble ML algorithms
JGJ/T 465 FHWA ACl 544
" Model Uncertainty ‘

CatBoost XGBoost

AdaBoost * 10-fold cross-validation

* Bayesian Optimization

LightGBM

Hyperparameter tuning

—
|

Model Evaluation

<« Model Interpretation
 ew
SHAP SHAP
Figure 5. Workflow of the ensemble machine learning approach, illustrating the complete process from data
preprocessing through model training, validation, and evaluation, to the development of design code equations and

result interpretation.

4.2. Hyperparameter Tuning and Cross Validation

Hyperparameters, which are configurations set before training, are critical for optimizing model performance.
This includes improving predictive accuracy, speeding up convergence, and minimizing overfitting. In this study, a
10-fold cross validation method was applied. The dataset was divided into 10 equal parts, with each part alternating
as the validation set, while the others were used for training. This repetition over all ten folds ensures more reliable
performance metrics and helps prevent overfitting. Instead of traditional grid search, Bayesian optimization via
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Optuna was adopted for hyperparameter tuning. This method more efficiently searches the hyperparameter space by
building a probabilistic model of the function mapping from hyperparameter values to the objective evaluated on a
validation set. Previous studies have shown the efficient of this approach for hyperparameter tuning [97,98].

4.3. Model Training, Validation, and Evaluation

Models were trained on the UHPFRC dataset as detailed in Section 2. Following preprocessing, the dataset
was split into 80% for training and 20% for testing [99]. During training, models learned to identify patterns and
relationships between input features and the target variable, which is the bending capacity. To further alleviate
overfitting, the training process incorporated 10-fold cross validation as previously mentioned. Four performance
metrics were used to evaluate the models:

@2y
RMSE = — g (22)
n-
(23)
mapp = 20% Zn: bi Ui (24)
n Yi

i=1

Here, y; and g; are the actual and predicted values, ¥ is the mean value, and n is the number of samples. Higher
R? values indicate better model fit, while lower RMSE, MAE, and MAPE values signify higher prediction accuracy.

5. Results and Discussion

5.1. Training and Testing Results

The performance of ensemble machine learning models, as measured by the performance metrics, is heavily
influenced by the tuning of key hyperparameters. Using Bayesian optimization via Optuna [100], the optimal
hyperparameters for the six models have been identified over a predefined range as shown in Table 2. Using these
hyperparameters and the complete training dataset, six models were developed employing the respective ensemble
methods. The performance of these models was evaluated on the testing dataset by comparing their predictions to
the experimental data, as illustrated in Figure 6.
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Figure 6. Predicted vs. experimental bending capacity for the ML models: RF, GBM, LightGBM, AdaBoost,
CatBoost, and XGBoost. Results are shown for the training set (blue o) and testing set (green A). The diagonal line
represents perfect parity (y = x), and the dashed lines indicate +20% error bands.
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Table 2. Optimized hyperparameters found for RF, AdaBoost, GBM, LightGBM, CatBoost, and XGBoost after tuning.

Bull. Comput. Intell. 2025, 1(1), 31-52

ML Model Hyper-Parameters Domain Optimal Value
RF n_estimators [100, 1000] 672
max_depth [10, 100] 26
min_samples_split [2, 20] 2
min_samples_leaf [1, 20] 1
max_features [’sqrt’, "log2’] log2
bootstrap [True, False] False
AdaBoost n_estimators [50, 1000] 950
learning_rate log-uniform [1072, 1.0] 0.12
loss [’linear’, ’square’, ’exponential’] linear
base_estimator DecisionTreeRegressor (max_depth = [1, 10]) 8
GBM n_estimators [100, 1000] 787
max_depth [3, 10] 3
learning_rate log-uniform [1073, 0.5] 0.07
subsample [0.5,1.0] 0.53
min_samples_split [2, 20] 16
min_samples_leaf [1, 20] 2
max_features [0.5, 1.0] 0.83
Test R? Fixed 0.91
LightGBM  n_estimators [100, 1000] 197
learning_rate log-uniform [1074, 0.5] 0.07
num_leaves [10, 256] 73
max_depth [3, 15] 6
min_child_samples [5, 100] 15
min_child_weight log-uniform [10~3, 10.0] 6.70
subsample [0.5, 1.0] 0.68
colsample_bytree [0.5, 1.0] 0.84
reg_alpha log-uniform [10~°, 10.0] 3.95
reg_lambda log-uniform [1073, 10.0] 0.0006
CatBoost iterations [100, 1000] 596
depth [3, 10] 3
learning_rate log-uniform [1073, 0.5] 0.07
12_leaf _reg log-uniform [10~3, 10.0] 0.004
bagging_temperature  [0.0, 1.0] 0.85
random_strength [10~5, 10.0] 5.84
border_count [1, 255] 182
loss_function Fixed RMSE
verbose Fixed False
XGBoost n_estimators [100, 1000] 714
max_depth [10, 50] 42
learning_rate log-uniform [1073, 0.5] 0.18
subsample [0.5,1.0] 0.58
colsample_bytree [0.5, 1.0] 0.53
min_child_weight [1, 10] 2
reg_alpha log-uniform [10~?, 100.0] 2.49 x 107°
reg_lambda log-uniform [10~?, 100.0] 0.98
objective Fixed reg:squarederror

The diagonal line (y = x) in Figure 6 indicates perfect agreement between the predicted and experimental
values. Overall, all models’ predictions align closely with the y = z line with 89% of ML predictions falling within
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+20% of experimental values. This represents a significant improvement over the traditional code predictions with
only 45-55% falling within +20% band as discussed in Section 5.2. The small difference between training and
testing performance for CatBoost suggests that its in-built regularization and robust features made it generalize well.
In practice, the CatBoost model can predict UHPFRC beam capacity with a high degree of confidence across a
range of input parameters, making it a promising tool for design assistance.

Furthermore, Figure 7 presents the performance measures (R?, RMSE, MAE, and MAPE) of the ensemble
ML models on both the training and testing sets. To account for repeatability [101], each model was retrained ten
times with different random seeds, and the mean =+ standard deviation of each metric is reported. The narrow error
bars confirm that the models are stable and not sensitive to initialization or data partitioning. Among the models,
CatBoost attained the highest accuracy, with R? = 0.99 4 0.00 on the training set and 0.94 #+ 0.02 on the test set.
XGBoost showed comparable performance (R? = 0.94 + 0.02 on test data), while RF achieved slightly lower but
still strong generalization (R? = 0.91 = 0.02). The RMSE values for CatBoost and XGBoost on the test set were
23.6 = 5.6 kN-m and 24.3 & 4.6 kN-m, respectively, which are small relative to the experimental capacity range (up
to 400 kN-m). The MAE for CatBoost was 15.4 & 3.0 kN-m (about 5% of the average capacity), and its MAPE was
15.9 & 3.2%, highlighting low prediction error with tight variability. In contrast, LightGBM and AdaBoost exhibited
higher test MAPEs (~20-24%), alongside larger train—test gaps, suggesting some degree of overfitting. Overall, the
small standard deviations across metrics emphasize the repeatability and robustness of the ensemble models.

(a) R2 (-) (b) RMSE (kN-m)
.95 % 0.00 20.66 = 0.62
RF 91 + 0.02 RF 29.90 + 4.51
+0.00 . .
GBM +0.02 GBM 23.83 + 4.13
AdaBoost *0.00 AdaBoost
aboos +0.02 mm Train aBoos 26.57 = 4.59 mE Train
. + 0.00 [ Test ) - Test
LightGBM +0.02 LightGBM 25.03 + 4.33
CatBoost o0 CatBoost 23.63 + 5.58
XGBoost Fo0r XGBoost TIIE=—24.30 + 4.59
0 2 0 20 40 60 80
R2 () RMSE (kN-m)
(c) MAE (kN'm) (d) MAPE (%)
+0. 29.40 + 4.28
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) . 11.24 + 1.35
AdaBoost 17.56 % 2.59 mm Train  AdaBoost 27.69 + 9.35 = Train
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CatBoost 15.38 + 3,01 CatBoost 51.24 * 34.72
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XGBoost 14.99 * 2.77 XGBoost 24.00 + 4.62
0 20 40 0 50 100 150
MAE (kN-m) MAPE (%)

Figure 7. Performance of the six ensemble ML models on training and testing data: (a) R?, (b) RMSE, (¢) MAE,
and (d) MAPE. Bars show mean values across ten repeated runs with different random seeds, and error bars indicate
the corresponding standard deviation, reflecting model repeatability and robustness. Blue bars represent training
results and green bars represent test results.

5.2. Comparison Results with Analytical Models

We next compare the ML predictions with traditional analytical models from design codes. Figure 8 illustrates
representative results: it shows the ratio of predicted-to-experimental capacity (Mp,cq/Me.p) for several code based
methods and for the best performing ML model (CatBoost) across the entire dataset of 182 beams. Specifically, we
investigate the following code models the Chinese draft method (denoted GBUHPC), the Chinese JGJ/T 465-2019
method, the Swiss SIA 2052 method, ACI 318, ACI 544, and the FHWA method. Table 3 provides a quantitative
summary of the error statistics for each method, including the minimum, maximum, mean, and coefficient of
variation (CoV) of the M,,.eq/Mey, ratio.
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Figure 8. Comparison of analytical design equations and machine learning models (RF and XGBoost) against

experimental results, shown as distributions of the predicted-to-experimental capacity ratio Mpreqd/Mezp. (a)
Chinese draft UHPC code, (b) Chinese JGJ/T 465, (¢) Swiss SIA 2052, (d) ACI 318-19, (e) ACI 544.4R-18, (f)
FHWA method, and (g) CatBoost ML model. Each subplot indicates the mean and coefficient of variation (CoV) of

the ratio for that method.

Table 3. Error statistics (prediction/experiment ratios) for various prediction methods.

Model Minimum Maximum Mean CoV (%)
CatBoost 0.54 1.54 1.00 11.87
FHWA 0.43 2.08 0.97 28.66
GBUHPC 0.58 2.95 1.39 32.36
SIA2052 0.40 2.33 1.05 28.53
JGJ465 0.32 2.36 0.90 40.09
ACI544 0.11 3.69 1.04 63.59
ACI318 0.58 3.99 1.60 40.45

The traditional code predictions exhibit significant scatter and bias. For instance, ACI 318 (which does not
account for fiber contributions) grossly overestimates capacity on average (mean My,eq/Mey, = 1.60) with a CoV
around 40%, meaning predictions are not only biased unsafe but also highly variable. ACI 544, which attempts to
include fiber effects, has an almost unbiased mean (1.04) but an extremely high scatter (CoV =~ 64%), indicating
inconsistent accuracy. The Chinese draft method tends to over-predict capacity (mean 1.39, CoV 32%), whereas the
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Chinese JGJ 465 method under-predicts on average (mean 0.90) and also shows large scatter (40% CoV). The Swiss
SIA 2052 and FHWA methods fare slightly better, with means near 1.0 and CoVs around 28-29%, but still far less
consistent than the ML models.

In stark contrast, the ML predictions by CatBoost are much more precise and accurate. CatBoost yields a
mean ratio of 1.00 with CoV only 12%, essentially eliminating systematic bias and greatly reducing uncertainty.
These results highlight that the data driven ML approach not only improves the average accuracy of bending
capacity predictions but also significantly reduces the variability (uncertainty) compared to existing analytical
models. In practical terms, an engineer using the CatBoost model could predict UHPFRC beam capacity with about
+12% typical variation, whereas using, say, the Chinese code might see +32% or more variation and possible bias.
Reducing this uncertainty can lead to more reliable and efficient designs (less need for overly conservative safety
factors when the prediction is stable and unbiased).

5.3. Interpretation of ML Model Using SHAP Analysis

Understanding the influence of each input feature on the ML predictions is critical for interpreting the model
behavior and building trust in these data driven approaches. We employed SHAP (Shapley Additive Explanations) to
interpret the CatBoost model, which was the top-performing model in this study. SHAP provides a unified measure
of feature importance by computing the contribution of each feature to the prediction for each data instance, based
on cooperative game theory [96].

5.3.1. Feature Importance Analysis with Global SHAP

Figure 9 ranks the input features by their global importance, as measured by the mean absolute SHAP value for
each feature. The features are sorted in descending order of their influence on the model’s output. The reinforcement
ratio (p,) exhibits the highest importance (=26.5), followed by the effective depth (d, ~19.5). These two features
clearly dominate the prediction of M., which aligns with correlation findings and engineering expectations—higher
reinforcement content and greater beam depth significantly enhance bending capacity. The next most influential
features are the steel yield strength ( f,, ~18.5), the moment of inertia (I., ~18.0), and the concrete area (4., ~12.5),
all of which reflect the cross sectional resistance to bending.

0 5 10 15 20 25
mean(|SHAP value|) (average impact on model output magnitude)

Figure 9. Global feature importance for the CatBoost model based on mean absolute SHAP values.

Geometric width b (=4.0) has moderate importance. In contrast, the UHPC matrix compressive strength f,.
(=3.5) and the fiber-related parameters py (=3.0), f; (=2.5), and ay (=2.0) contribute comparatively little. This
suggests that, within the range of the dataset, fiber content and matrix strength variations have limited influence
on bending capacity relative to geometry and reinforcement. This outcome is reasonable because most beams in
the database use UHPC with f. between 120-210 MPa and fiber content under 2%, so their effect is secondary
compared with section size and steel reinforcement.

Figure 10 provides a SHAP summary plot (beeswarm plot) for the CatBoost model. Each point in this plot
represents a SHAP value for one feature in one instance (beam) in the dataset, with color indicating the feature value
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(red for high, blue for low). This plot offers additional insight into how each feature affects the prediction across its
range. For example, in the d row (effective depth), red points (beams with larger d) are mostly on the right side
(positive SHAP value), confirming that greater depth contributes positively to M,. Conversely, for f., red points
(higher concrete strength) are scattered around zero SHAP value, indicating no consistent effect—this supports the
observation that increasing f. within the given range does not significantly change the predicted capacity. The p;
row shows a clear trend where higher reinforcement ratios (red) correspond to positive SHAP contributions, while
very low ps (blue) have negative contributions, reinforcing the critical role of reinforcement amount.
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Figure 10. SHAP summary plot for the CatBoost model. Each point represents a feature’s SHAP value for one beam
instance, with color indicating the feature’s actual value (red = high, blue = low). Features are ordered from most to
least important on the vertical axis.

5.3.2. Feature Dependence Analysis with Local SHAP

While the global SHAP analysis above indicates overall importance, it is also useful to examine how changes
in a single feature affect the predicted capacity, all else being equal. Figure 11 presents SHAP dependence plots for
several key features (each subplot shows the SHAP value of a feature versus the feature’s actual value for all beams).
These plots can be interpreted similarly to partial dependence plots, but they capture the actual model behavior
including interaction effects.

From Figure 11a, we see that as the effective depth d increases (up to about 300 mm), the SHAP value is
increasingly positive, meaning the model prediction of M, rises significantly. Beyond roughly 300 mm, the SHAP
contribution of further d increase tends to plateau or scatter, suggesting diminishing returns in that range (few beams
had d much larger than 300 mm, so uncertainty increases). Figure 11b shows a strong positive dependence on
ps: increasing pg from near O to about 0.05 (5%) yields a large increase in M, contribution. There is a hint of
saturation for p; > 0.05 (the SHAP values level off), which may reflect yielding of steel or other limiting behaviors.
Figure 11c indicates I.. (which grows with bh?) has a generally positive effect—beams with larger I, (due to larger
section size) predictably have higher capacity, though the relationship is not perfectly linear due to correlations
with other features (like d and b). Figure 11d for A, similarly shows that larger cross sectional area contributes to
higher M., mainly because it accompanies larger b or h. In contrast, Figure 11e for ps (fiber content) is relatively
flat: increasing fiber volume from 0% to about 2.5% yields only a small positive SHAP value on average. This
aligns with our earlier observation that fiber contribution to ultimate moment is secondary (fibers mainly enhance
post cracking ductility and shear; their direct addition to moment capacity in these tests was modest). A slight
uptick at very high p; (3.5%) can be seen, but our dataset had few such points. Figure 11f,g (not shown here for
brevity) for f,, and f. would indicate that higher steel yield strength clearly raises capacity (nearly linear relation in
SHAP), whereas higher concrete compressive strength f. does not appreciably change M, in the model (SHAP
values centered near zero across the range 120-210 MPa).

In summary, the SHAP analysis confirms that the ML model is capturing sensible structural behaviors: bending
capacity increases with greater beam depth, width, and reinforcement, and is relatively insensitive to variations in
UHPC matrix strength (within high-strength ranges) and fiber content as reported by various studies [6,19,24,41].
This interpretability is important for engineering confidence, as it shows the model aligns with known mechanics
(e.g., M, is primarily governed by section modulus and reinforcement).
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Figure 11. SHAP dependence plots for selected features: (a) b against d, (b) d against py, (¢) I. against ps, (d) A
against b, (e) p, against d, (f) f, against A., (g) ay against fy, (h) p; against I., (i) f. against b, and (j) f; against
1. Each point represents a beam; the vertical axis is the SHAP value (impact on predicted M) and the horizontal

axis is the feature value.

5.4. Limitations

The dataset is modest in size and compiled across studies with heterogeneous protocols; true replicates
under identical conditions are sparse. Feature coverage excludes certain determinants (e.g., detailed reinforcement
layout, curing/age effects, fiber orientation), so extrapolation beyond the observed ranges is not supported. The
models are purely data driven and do not enforce equilibrium/compatibility constraints; future work could integrate
physics-informed regularization and expand the dataset to under-represented regimes.

6. Conclusions and Recommendations

This study developed and validated an intelligent, data driven framework for predicting the bending strength of
ultra high performance fiber reinforced concrete (UHPFRC) beams using advanced ensemble machine learning
algorithms. An updated database of 264 flexural tests compiled from 54 literature sources was used to benchmark
six ensemble models (RF, GBM, LightGBM, AdaBoost, CatBoost, and XGBoost) against established international
and national code equations. Hyperparameter optimization was performed via Bayesian search with 10-fold cross
validation, and model repeatability was confirmed through multiple training runs with different random seeds.

The results demonstrate that ensemble ML models, particularly CatBoost and XGBoost, achieve state of the
art predictive accuracy for beam bending capacity. CatBoost attained a mean R? of 0.99 4 0.00 on the training set
and 0.94 + 0.02 on unseen test data, with a prediction-to-experiment ratio coefficient of variation (CoV) of only
~12%. XGBoost showed comparable performance (R2~0.94 4 0.02), while other models also delivered strong but
slightly lower generalization. By contrast, conventional code based equations were significantly less reliable, with
average R? values of only 0.60-0.70 and CoVs as high as 30-60%, underscoring the novelty and superiority of the
data driven approach.

Beyond accuracy, the ML framework provides enhanced interpretability through SHAP analysis. Quantitative
SHAP values revealed that reinforcement ratio (ps, ~26.5) and effective depth (d, ~19.5) were the dominant
drivers of bending capacity, followed by yield strength of steel and section properties. Material parameters such as
compressive strength and fiber volume ratio had comparatively smaller effects within the tested ranges, highlighting
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the model’s ability to reflect physically meaningful mechanics. Importantly, the models captured complex multi-
parameter interactions (e.g., between section geometry and reinforcement) that are difficult to represent in simplified
design code formulas.

The proposed framework is novel in integrating (i) an updated and systematically compiled experimental
database, (ii) rigorous ensemble model benchmarking, (iii) Bayesian optimization for robust hyperparameter tuning,
and (iv) SHAP-based explainability. This combination delivers both predictive power and interpretability, positioning
the approach as a reliable complement to existing design codes. In engineering practice, such models can be deployed
to rapidly evaluate UHPFRC beam designs, perform sensitivity studies, and support reliability-based design.

Nonetheless, certain limitations must be acknowledged. The dataset, though extensive, remains modest in
size and heterogeneous across experimental sources. Key variables such as reinforcement layout, curing conditions,
and fiber orientation were not consistently reported, limiting the ability to generalize beyond the observed ranges.
Moreover, the purely data driven models do not enforce equilibrium or compatibility conditions, and thus remain
dependent on data quality and representativeness.

Future research should expand the updated database with new experiments covering under-represented beam
geometries and higher fiber contents, integrate physics-informed constraints into ML frameworks, and extend the
methodology to other structural behaviors such as shear strength and serviceability deflections. Ultimately, this study
demonstrates that ensemble ML, when properly tuned and interpreted, provides a novel, accurate, and explainable
pathway to improve prediction reliability for UHPFRC beams, offering valuable insights that can inform future
analytical models and code provisions.

Author Contributions

K.S.: conceptualization, methodology, software; K.S.: data curation, writing—original draft preparation; K.S.:
visualization, investigation; C.K.: supervision; L.S.: software, validation; M.S.: writing—reviewing and editing. All
authors have read and agreed to the published version of the manuscript.

Funding

This research was funded by Czech Science Foundation under Grant24-10892S and Global Postdoctoral
Fellowship Program of the Czech Technical University in Prague.

Institutional Review Board Statement

Not applicable.

Informed Consent Statement

Not applicable.

Data Availability Statement

All data, models, or scripts that support the findings of this study are available from the corresponding author
upon reasonable request. The Python code and data that support the findings of this research are openly available on
Mendeley Data (https://data.mendeley.com/drafts/63g3fvhbz8) and on Kaggle (https://www.kaggle.com/code/lengan
jisimwanda/uhpc-flexure-ml/notebook).

Acknowledgments

The involvement of Lenganji Simwanda in this research has been supported by the Global Postdoc Fellowship
Program of the Czech Technical University in Prague, and the Czech Science Foundation under Grant 24-10892S.

Conflicts of Interest

The authors declare no conflict of interest.

Use of AI and AI-Assisted Technologies

During the preparation of this work, the authors used ChatGPT (OpenAl) to assist with language editing,
structuring of technical content, and improving clarity and readability of the manuscript. After using this tool,
the authors reviewed, verified, and edited all content as necessary and take full responsibility for the accuracy,
originality, and integrity of the published article.

https://doi.org/10.53941/bci.2025.100003 46


https://data.mendeley.com/drafts/63g3fvhbz8
https://www.kaggle.com/code/lenganjisimwanda/uhpc-flexure-ml/notebook
https://www.kaggle.com/code/lenganjisimwanda/uhpc-flexure-ml/notebook
https://doi.org/10.53941/bci.2025.100003

Silewu et al. Bull. Comput. Intell. 2025, 1(1), 31-52

Notations

A.  cross sectional area of concrete section
Ay cross sectional area of reinforcement bars
Qe Depth of the equivalent rectangular stress block
ay  Aspectratio of steel fibers
ay Height of the equivalent tensile stress block
Width of the beam cross section
o Flange width of I-shaped and T-shaped UHPFRC beams
b Top flange width of UHPFRC beam
bw Width of UHPFRC beam web
c Neutral axis depth
d Effective depth of the beam
dy  Fiber diameter
e Eccentricity of tensile force
E,  Modulus of elasticity of steel
fe Compressive strength of UHPFRC
ftm  Matrix (plain concrete) tensile strength of UHPFRC
ft Direct tensile strength of UHPFRC
Y Yield strength of reinforcement bars
. Adjusted compressive stress in beam (for composite stress block)
h Overall section height of the beam
he Height of UHPC flange for I-shaped/T-shaped beams
h.,  Height of UHPC top flange (T-shaped beams)
hy,  Web height of I-shaped/T-shaped beams
Bottom flange height (T-shaped beams)
Top flange height (T-shaped beams)
1. Moment of inertia of the concrete section
Fiber length
M. Ultimate bending moment capacity of the beam
v Coefficient of variation
V¢ Fiber volume fraction (by volume)
51 Coefficient for equivalent compression zone height
Bw  Coefficient for steel fiber tensile contribution
J Mean value of a random variable
ps  Longitudinal reinforcement ratio (As/(bh))
oys Fiber tensile stress
Ts Shear strength contributed by fibers
0 Model uncertainty factor
€c,  Ultimate compressive strain of concrete
€r  Tensile strain in fibers
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Appendix A

A summary of the literature sources for the beam specimens in the dataset used for the ML implementation in
this study is given in Table A1l

Table A1l. Summary of literature sources for UHPFRC beam tests (bending failure).

S/N Reference Year No. of Beam Specimens  Failure Mode Test Setup C/S Shape
1 Bunje and Fehling [39] 2004 3 C 4p R
2 Meade and Graybeal [7] 2010 10 L 3p R
3 Yang et al. [21] 2010 10 L 4P R
4 Stiirwald [40] 2011 6 L 4P R
5 Yang et al. [41] 2011 2 L 4P I
6 Bertram and Hegger [42] 2012 1 C 3P I
7 Randl et al. [43] 2013 8 C 4P R
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Table Al. Cont.

S/N Reference Year  No. of Beam Specimens Failure Mode Test Setup C/S Shape
8 Hussein and Amleh [44] 2014 5 C 3p R
9 Baby et al. [45] 2014 2 C 4P 1
10 Randl and Mészoly [46] 2014 8 C 4P 1
11 Yoo and Yoon [47] 2015 7 C 4P R
12 Lim and Hong [48] 2016 2 C 3P R
13 Li et al. [49] 2017 1 C 4P R
14 Yoo et al. [50] 2017 5 L 4P R
15 Pansuk et al. [51] 2017 3 C 3p 1
16 Chen and Wang [19] 2018 4 C 4P R
17 Giesler et al. [52] 2018 2 L 4P T
18 Hasgul et al. [53] 2018 8 C 4P R
19 Kodur et al. [54] 2018 4 L 4P R
20 Qietal. [55] 2018 1 C 4P R
21 Shafieifar et al. [56] 2018 4 C 3P R
22 Yang et al. [57] 2018 7 C 4P R
23 Gomaa and Alnaggar [58] 2019 5 C 3P R
24 Pourbaba et al. [59] 2019 3 C 4p R
25 Pourbaba et al. [60] 2019 5 C 4P R
26 Shao and Billington [61] 2019 2 L 4P R
27 Turker et al. [62] 2019 7 C 4P R
28 Yavas et al. [63] 2019 1 C 4P R
29 Hasgul et al. [64] 2019 3 L 4P I
30 Liu et al. [65] 2019 5 C 4P R
31 Qiu et al. [66] 2020 8 L 4P R
32 Sturm et al. [67] 2020 2 L 3P R
33 Yang et al. [68] 2020 10 C 4P R
34 Qiu et al. [69] 2020 5 C 4P T
35 Bae et al. [70] 2021 3 C 4P R
36 Khan et al. [71] 2021 4 L 4P R
37 Metje and Leutbecher [72] 2021 3 C 3p R
38 Yavas and Ince [73] 2021 4 L 4p 1
39 Zhu et al. [74] 2021 4 C 4P T
40 Bae and Choi [75] 2022 5 C 4P R
41 HuB et al. [76] 2022 2 L 4P R&I
42 Shao and Billington [77] 2022 4 L 4P R
43 Sawicki et al. [78] 2022 7 L 4P T
44 de Lima et al. [79] 2023 2 L 4P R
45 Xiong et al. [102] 2023 12 L 4P R
46 Liuetal. [103] 2023 2 L 4P R
47 Guo and Wang [104] 2023 6 C 4P R
48 Yan et al. [105] 2024 1 L 4P R
49 Duetal. [106] 2025 3 L 4p R
50 Tian et al. [107] 2024 5 L 4P R
51 Wang et al. [108] 2025 10 C 3P R
52 Yang et al. [109] 2023 10 C 3P R
53 Jinetal. [110] 2025 4 C 3P R
54 Geetal. [111] 2023 13 C 4P R

Note: C = Balanced compression-tension failure, L = Localised tension failure, 3P = Three-point bending test, 4P = Four-point bending test, R =

Rectangular section, I = I-section, T = T-section.
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