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ARTICLE INFO ABSTRACT
Keywords: High-performance fibre-reinforced concrete (HPFRC), a type of cementitious composite material
High-performance fibre-reinforced concrete known for its exceptional mechanical performance, has widespread applications in structures

Machine-learning-based modelling
Global sensitivity analysis
Fracture strength analysis
Interpretable approach

Proactive failure analysis

exposed to severe dynamic loading conditions. However, understanding nonlinear HPFRC frac-
ture behaviour, particularly under high strain rates, remains challenging given the complexities of
assessment procedures and cost-intensive nature of experiments. This study presents an inter-
pretable framework for modelling and analysing HPFRC fracture strength at high strain rates. A
wide range of machine learning methods, including ensemble techniques, were employed to
capture multivariate effects of eight essential input features (e.g., mortar compressive strength,
fibre physical and mechanical properties, cross-sectional area, and strain rate) on fracture
strength response. To assess the derived models, a novel evaluation procedure was proposed
involving a data-based analysis, employing established metrics (i.e., coefficient of determination,
root mean squared error, and mean absolute error via K-fold cross-validation) and a domain
experts-involved evaluation utilising global sensitivity analysis to discern first-order and higher-
order interactions among input factors. The proposed approach efficiently yielded both quanti-
tative and qualitative insights into crucial input factors governing HPFRC fracture strength with
limited experimental data. The obtained findings highlight the significance of multivariate effects,
such as the interaction between strain rate and fibre tensile strength, and between fibre volume
and fibre diameter, on fracture behaviour. The proposed interpretable framework aims to provide
a powerful tool for proactive material failure analysis by understanding fracture behaviour and
identifying potential weak and strong interactions among input factors of HPFRC-based samples.
Moreover, the utilisation of the proposed approach enables researchers and civil engineers to
efficiently focus on the most critical input parameters during the early design stage and ensuring
the structural integrity and safety of HPFRC-based constructions.
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1. Introduction

High-performance fibre-reinforced concrete (HPFRC) has become a widely used material in the construction industry due to its
exceptional energy absorption capacity [1]. This material incorporates natural or synthetic fibres into the cementitious matrix of
concrete to enhance its mechanical properties. Steel fibres, in the form of straight, twisted, or hooked shapes, are often integrated into
HPFRC to bridge cracks and prevent crack growth, compensating for typical issues associated with low tensile strength and resistance
to impact forces in plain concrete structures. HPFRC containing less than 2.5 % by volume of randomly oriented steel fibres was
reported to possess high compressive strength within the range of 160-250 MPa and tensile strength exceeding 8 MPa [2-7].
Therefore, its outstanding durability enables a reduction in size of structural elements, of up to 30 % by weight compared to con-
ventional reinforced concrete structures [8]. HPFRC has been used in various applications including beams [3] and facade panels [9]
which require high impact resistance, particularly to mitigate the adverse consequences of extreme events such as typhoons, earth-
quakes, tsunamis, and explosions [3,4].

Fracture strength describing the fracture behaviours of HPFRC structures is considered as a quantitative parameter to analyse their
brittleness and cracking resistance. Previous studies [10,11] indicate that fracture strength primarily depends on physical and me-
chanical properties of fibres, cementitious matrix strength and strain rate. HPFRC specimens exhibit tensile-hardening behaviour at
high strain rates ranging from 5 to 92 s~!, with improved strength due to the rate-sensitive interfacial bond characteristics between the
cementitious matrix and fibres [12]. To measure HPFRC fracture strength at high strain rates, Tran and Kim [13] proposed the use of a
strain energy frame impact machine (SEFIM). This testing system, comprising a high-speed camera and dynamic strain gauges, was
developed to analyse direct tensile behaviour of HPFRC beams at high strain rates of up to 92 s 1. Another testing system to evaluate
HPFRC fracture strength is the fibre optics brag grating sensor introduced by Wahba and Marzouk [14], where fibre optic strain gauges
were attached to a testing machine to determine the stress-strain relationship of large-sized HPFRC beams with length of up to 1 m.
Uniaxial tensile tests were also conducted on double-bell-shaped HPFRC specimens to examine their tensile behaviour [15-17].

While laboratory experiments are effective in providing direct insights into HPFRC fracture behaviour under high-rate loading,
significant challenges remain due to limitations in standardising testing criteria, expensive equipment and materials and other issues
related to machine frame stability, gripping and eccentricities [18]. Dang and Kim [19] assessed the effect of strain rate, fibre volume
and types on fracture behaviour of ultra-high-performance fibre-reinforced concrete (UHPFRC) incorporating nanoparticles under
high strain rate ranging from 0.000333 to 156.55 s *. The testing UHPFRC beams showed high rate-sensitive fracture resistance when
strain rate increased. This experimental study focused solely on the impact of individual input features without considering the
combined effects of multiple input features. Multivariate effects of various factors such as fibre content, mortar compressive strength
and curing age on UHPFRC properties were investigated in the study by Zou et al. [20]. However, this study primarily focused on
UHPFRC compressive strength at static loading conditions. Designing UHPFRC structures to withstand dynamic loading conditions
requires a comprehensive understanding of their fracture behaviour under high strain rate. This highlights the need for an efficient
approach to evaluate effects of multiple input features on HPFRC fracture strength.

Despite extensive research on quasi-static behaviour of HPFRC structures [21-23], findings on fracture properties of such material
under high-rate loading is limited due to the complexity of experiments involved. A thorough literature search revealed that there has
been no comprehensive research on the use of data-driven approaches to analyse HPFRC fracture behaviour subjected to high strain
rates. One of the major barriers to this adoption is the scarcity of data available to facilitate this investigation. Specifically, evaluating
the performance of machine learning (ML) models with small sample sizes poses a significant challenge. Randomly selecting training
and validation data [22,23] may not eliminate data biasing and randomness in assessing prediction models. Other techniques, such as
K-fold cross-validation, were employed to eliminate randomness from performance evaluation [5,24-26], but they were still limited by
small-size data constraints that prevent them from overcoming the potential problem of data biasing and overfitting. As a result, such
schemes may not provide a reliable indication of the accuracy of prediction models on unobserved data, thereby limiting their ap-
plications on predicting HPFRC properties. Moreover, existing data-driven ML models are often regarded as ‘black boxes’ with no
explanation of their internal inference. In short, the application of conventional data-driven approaches to analyse HPFRC fracture
behaviour may be ineffective due to the limited number of samples and the difficulty in conducting experiments. It is therefore
essential to validate and comprehend the applicability of novel approaches, such as using interpretable modelling approaches for
HPFRC.

In this context, sensitivity analysis has emerged as an advanced technique for gaining insights into the input-output relationships in
prediction models. It measures the impact of input variables on the output by observing how the output changes with varying inputs.
Two primary methods, known as local and global analysis, are employed for sensitivity analysis. The local approach is deemed suitable
for linear models since it examines the effect of individual input variables by changing one variable at a time [27]. Local sensitivity
analysis is preferred in various material studies due to its simplicity, minimal data requirements and low computation costs [26,
28-30]. However, applying local sensitivity analysis to nonlinear models can sometimes lead to unreliable conclusions [27,31]. On the
other hand, global approaches (such as the Sobol method) provide a more accurate and intricate analysis of nonlinear and non-additive
models [32]. As such, global sensitivity analysis is deemed to be more suitable for evaluating ML-based prediction models incorpo-
rating human domain knowledge. Despite its advantages over local sensitivity analysis, global sensitivity analysis has not been
effectively employed to interpret ML models using for characterising HPFRC.

This paper aims to address two major gaps in the analysis of HPFRC fracture behaviour at high strain rates: (a) the challenges
associated with conducting experimental studies due to their expensive and complicated setups, and (b) the limitations in applying ML
approaches to assess HPFRC fracture behaviour. A number of ML models (i.e., Random Forest, Extreme Gradient Boosting, Deep Neural
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Network, and Deep Residual Network) were implemented both with and without ensemble techniques. These models underwent
training using small-scale datasets obtained from our prior experiments, as detailed in relevant experimental works [1,3,12,13,18].
Furthermore, a novel assessment method that combined data-based evaluation and human-involved evaluation was proposed in this
study. Specifically, a hybrid procedure was developed in which the performance of derived prediction models was evaluated in two
different ways (i) a conventional data-based approach (i.e., using error metrics such as coefficient of determination, root mean squared
error and mean absolute error): under a K-fold cross-validation scheme; and (ii) a human-involved assessment approach with global
sensitivity analysis. In the latter approach, domain experts evaluated the multivariate effects between input and output parameters in
the derived prediction model. More importantly, the proposed interpretable modelling framework provides a powerful tool for pro-
active material failure analysis for HPFRC structures, offering numerous insights into nonlinear HPFRC fracture behaviour, particu-
larly under high strain rates.

The remainder of this paper is organised as follows. Section 2 outlines the proposed methods for constructing HPFRC prediction
models, both with and without ensemble techniques. This section also provides a detailed description of the hybrid validation
approach using an interpretable machine learning approach. In Section 3, the findings obtained from applying these proposed methods
to the analysis of HPFRC fracture behaviour is presented, together with a discussion on their applicability. Finally, Section 4 presents
the key conclusions from this research, its limitations and discusses directions for future work.

2. Methodology
2.1. Data collection

The HPFRC investigated in this study comprised high strength mortar matrix and various types of steel fibres. Specimen preparation
and test setup are presented in Fig. 1. A strain energy frame impact machine (SEFIM) [18] was used to transfer tensile stress wave at
high rate to the HPFRC beams by releasing strain energy in the frame. Tensile stresses were recorded by two strain gauges attached to
the transmitter bar while displacements were obtained by a high-speed camera system. Additional information on the material
components, mixture formulation, specimen preparation, and testing setup can be found in our previously published works [1,3,12,
18].

ML-based modelling approaches were developed based on data obtained from laboratory experiments using SEFIM machine [1,3,
12,18] to assess HPFRC fracture behaviour under high strain rates. A set of 147 datasets was collected from the aforementioned studies
for training process of the proposed frameworks in Section 2. Each dataset includes eight independent variables representing physical
and mechanical properties of fibre, mortar compressive strength, specimen’s cross-sectional area and strain rate, and a dependent
variable indicating fracture strength. Input variables include compressive strength of mortar matrix (M.Comp), specimen
cross-sectional area (S.Cross), fibre diameter (F.Dia), fibre shape (F.Shape), fibre length (F.Length), fibre volume (F.Volume), fibre
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Fig. 1. Test setup of HPFRC specimens with the Strain Energy Frame Impact Machine.
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tensile strength (F.TStr) and strain rate (S.Rate). HPFRC beams were subjected to strain rates of up to 100 s!, with specimens having
cross-sectional areas ranging ranging from 625 to 1250 mm?, composed of mortar with compressive strengths ranging from 56 to 180
MPa, and various types of fibre, including hooked, twisted, and short smooth shapes. Two input parameters, fibre density and modulus,
are omitted from the proposed machine-learning-based model due to their constant setup in the experiments. Table 1 summarises the
ranges of each variable included in this study.

2.2. Regression models for fracture strength of HPFRC at high strain rates

Multivariate regression models were used to assess HPFRC fracture behaviour subjected to high strain rates based on the datasets
described in the preceding section. To model and analyse the relationships between the selected independent variables and the fracture
strength, multiple machine learning techniques were employed as a class of regression analysis. The following subsections provide a
brief mathematical background and description of the proposed approaches.

2.2.1. Regression analysis

The modelling of HPFRC fracture strength was developed based on input variables including mortar strength, specimen cross-
sectional area and fibre physical/mechanical properties along with strain rate. The problem of estimating fracture strength was
formulated as a regression task, which involved learning an estimation function f(x,xa, ...,Xn) mapping input variables X={xz,x2, ...,
Xxn} to the output y, i.e., fracture strength. Regression analysis infers the model of the independent input variables X={x7,x», ...,x,} and
output dependent variable y (Eq. (1)), with the error term e representing the noise in observable data.

y=f(X)+e @

The objective of regression analysis is to minimise the loss function (¥ ~ f(X), y), where y represents the observed output.
Commonly used loss functions for regression problems are the squared error and the absolute error functions (Egs. (2) and (3)
respectively).

LE0=) ) @

LGy = =X @)

Regression analysis can provide forecasts and predictions based on recorded observations (X;y;) by inferring the causal relation-
ships between independent (input) variables and dependent (output) variables. Various methods, such as ML models, were investi-
gated to optimise the representation for f by minimising the loss function

= argm/inE(x,)-)J(yvf(X)) @

where 7" is the loss function chosen based on the optimisation method, and E(x ) is the expectation over the entire set of independent
variables X and dependent variable y.

2.2.2. Machine learning-based prediction models

Conventional regression modelling of material properties has relied on ML techniques [22,23,28,33-39]. This strategy typically
requires a substantial quantity of training and evaluation data. In this study, these approaches were extended by (i) employing a wide
range of ML models to construct such data-driven ML models with limited data and (ii) proposing an advanced method for evaluating
these models. A comprehensive evaluation of numerous ML models representing various ML method categories was conducted with (i)
ensemble-based algorithms (Bootstrap Aggregating approach with Random Forests and Gradient Boosting approach with eXtreme
Gradient Boosting) and (ii) feed-forward gradient-based neural networks (Deep Learning approach with Deep Neural Network and
Deep Residual Neural Network).

Random Forest: Developed from Decision Tree [39,40], Random Forest (RF) [41] is a ML method using to build multiple

Table 1
Description of input and output variables considered in this study.
Variable Unit Nomenclature Investigated values
Input Mortar compressive strength MPa M.Comp [56—-180]
Specimen cross-sectional area mm? S.Cross 25 x 25, 25 x 50
Fibre diameter mm F.Dia [0.2-4.3]
Fibre shape - F.Shape Hooked, twisted, long smooth, short smooth
Fibre length mm F.Length [13-18,21-32]
Fibre volume % F.Volume [1-1.5]
Fibre tensile strength MPa F.TStr [2311-2788]
Strain rate st S.Rate [0.000167-100]
Output Fracture strength MPa - [6.2-45]
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independent trees to address the generalisation of bias problem. RF applies the Bootstrap Aggregating (Bagging) methods [42],
involving the creation of multiple parallel independent trees and a discriminant function to combine the predictions of these trees
while still maintaining their accuracy in making the prediction. The tree construction in the RF algorithm [43] is based on randomly
selecting subspaces from the entire feature space. Each tree is built with the whole training data of corresponding selected features with
the option with and without bootstrapping, i.e., drawing samples with and without replacement [43]. In this way, each tree follows its
own optimisation paths with different sets of input features. The use of all these predictions from multiple trees, therefore, eliminates
the bias of a single decision tree.

Utilising a discriminant function, the predictions generated by multiple decision trees are aggregated to yield a final outcome. Chou
et al. [34], for instance, employed an averaging function to amalgamate the independent predictions from each individual tree within
the "forest", in order to build a comprehensive model for high-performance concrete compressive strength:

~ 1<
J=g 25X ®)

where B is the number of decision trees that the RF algorithm generates, X}, is the subset of input features used to build decision tree b,

fp(Xp) is the estimated output from decision tree b given input Xp, and jA‘ is the bagging output for the RF algorithm.

Extreme Gradient Boosting Algorithm: In contrast to the Bagging approach [42], Friedman [44] proposed an alternative
decision-tree solution in which multiple trees were sequentially constructed from the residuals of their predecessors. Chen and
Guestrin [45] implemented eXtreme Gradient Boosting (XGBoost), which significantly enhanced system scalability and parallel
out-of-core tree learning with regularisation. Typically, XGBoost uses an additive model with the addition of K weak prediction models
fX)|k = 1..K to accurately predict output y [44,45]:

Fi=(X) =Y _fi(X) ©)

where (X;y;) exemplifies the training data, and fi represents the space of regression trees. Regularisation can also be incorporated into
XGBoost objective function to prevent overfitting and reduce the model complexity [45]. The loss function is then adjusted accordingly
to Eq. (7).

L(@)=>_1G0y) + Y _Q(h) @
i k
where Q(f) = yT + %AH&)HZ with T representing the number of leaves in a tree fi, ® representing the weights associated with the f tree,

and [ representing the loss function of the difference between the target value y; and its prediction y;. Using the assumptions that t is the

iteration index and fy(X;) is the addition function at t-iteration ?Etil), the loss function L at t-iteration is rewritten in Eq. (8) [45].
2= (03 1K) + Q) ®
Chen and Guestrin [45] used a second-order approximation for f/(.) to ascertain the optimal weights for the tree:
JOX) = 80X0) + pf 060 ©

where g = dyen l(y;, y* V) and by = 0;(,,1Jl(yi,?("1)).
The weights of the leaf j, wj, is then optimised by considering the loss function .#*(q):

. 1<

where q represents the tree’s structure, and I; represents the instance set for the leaf j.
To improve the prediction accuracy, branches are added to the tree (by continuously split leaves) from candidate split points
identified using the loss function in Eq. (11) [45]:

2 2
2
&) (=) )
& _ 1 i€l i€lg icl
Jsplit - (1 1)

B D E T S I s v I

i€l i€lg iel

where I is the instance set of all nodes, while I} and Iy are the instance sets of left and right nodes respectively.
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Deep Neural Network. Deep Neural Network (DNN), also known as Deep Feed Forward Network, constitutes a deep learning
model characterised by the presence of numerous layers of perceptron. DNN models the mapping y = f(x;6), where x is the input
features, y is the output, and 6 represents the model’s parameters. In DNN models, information flows in a forward direction, from the
first layer to the final layer without any feedback links [46].

DNN comprises multiple processing units, or single perceptron, characterised by three essential components: weights (w), bias (b),

and activation function (g(.)). Fig. 2 depicts an example of a conventional processing unit in a DNN model. Denoting that am is an

output value of the j-th unit in the previous layer (¢-1), w; ) is the weight coefficient associated with the j-th input and the i-th unit in the
layer t, and g(.) is the activation function of the unit, the output of the described processing unit is calculated following Eq. (12):

) = (ZW” a(r ! ) (12)

The network structure of DNN is constructed by interconnecting multiple layers, where each layer consists of multiple processing
units. In the specific case of a 3-layer network structure depicted in Fig. 3, the output is computed in matrix form using Eq. (13).

Y= ( (Z)TA(2)+b(2))
— g(WTg(WITAD 450 4 b2) s3)
=g(WTg(WWTx + b)) +5))

where g(.) is an element-wise activation function, W®7 is the transposed weight matrix for layer ¢, b is the bias terms associated with
layer ¢, X is the input vector, and Y is the prediction output of DNN.

To optimise the performance of DNN, the backpropagation algorithm and chain rule [47] were used to compute the gradient of
coefficients (weights and biases) for each processing unit. These coefficients were then updated using the gradient descent method [48,
49]. For regression problems, the backpropagation loss function is typically the squared error, as defined by Eq. (14).

1 -~
3O) =3I = VI a4

Multiple methods were proposed to improve the performance of DNN, such as increasing the network’s complexity [46,50],
applying regularisation methods [51-53], employing normalisation techniques [54], or substituting canonical gradient descent with
other optimisation methods [55-57].

Despite DNN being widely applied to address numerous regression and classification problems, it is susceptible to the issue of
gradient vanishing, a challenge shared by other network structures trained with the backpropagation algorithm [58,59]. Several
proposed solutions to this problem include unsupervised pre-training [60], using dropout [51], utilising sigmoid-alternative activation
functions such as a rectified linear function [61], or employing deep residual networks [36,62].

Deep Residual Network. Deep residual networks (ResNet) [62] have demonstrated their effectiveness in addressing the persistent
challenge of gradient vanishing in DNN, particularly when dealing with increased network complexity [59]. The key to this
improvement lies in the incorporation of shortcut links between layers within the network architecture [62], enabling the neural
network to proficiently learn novel mapping functions. Specifically, Fig. 4 (left) presents a simplified ResNet configuration featuring an
identity shortcut originating from the input. Without the skip connection, Fig. 4 closely resembles a two-hidden-layer DNN aiming to
learn the mapping function H(X). By employing the skip connection in ResNet, H(X) can be partitioned into two distinct components: X
(from the skip connection) and F(X) (a mapping function formed by the two weight layers), as depicted in Eq. (15), assuming that the
input and output dimensions are identical.

H(X)=F(X)+X (15)

He et al. [62] proposed a generalised formulation (derived from Eq. (15)) for the ResNet structure, which accounts for discrepancies
in input and output dimensions (see Eq. (16)). In Fig. 4 (right), an additional layer is incorporated to ensure alignment between the
dimensions of the skip connection and the output of F(X) before their summation [36].

H(X)=F(X) + W,X (16)

Nguyen et al. [36] showcased the enhanced performance of ResNet in systems featuring network structures comparable to DNN. In
addition, some variants of ResNet architecture for regression problems were also presented, incorporating standard implementations

& @

Zi(z) _Z (0] (:)+ b(c) Ui(t) =g(zi(t))

J

®
)

a®*D = o®

Fig. 2. Anatomy of the i-th processing unit in layer t, depicting inputs from units in the previous layer (t-1) and output to the next layer (t+1).
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Layer . Hidden
Hidden Layer 2

Layer 1
Fig. 3. A 3-layer network architecture depicting each processing node described in Fig. 2. The leftmost layer, comprising input features, is referred

to as the input layer. The two intermediate layers, positioned in the middle and containing network values, are denoted as hidden layers. The
rightmost layer is designated as the output layer.

Input X Input X
Weight Layer Weight Layer
Activation Activation Weight Layer
Function Function
Weight Layer Weight Layer
Activation Activation
Function Function
Output Y Output Y

Fig. 4. (Left) A simple ResNet block structure comprising 2 wt layers and an identity shortcut connection from input to output. (Right) A generalised
ResNet block structure featuring an additional weight layer to ensure matching of input and output dimensions.

of dropout and regularisation techniques into the ResNet framework.

2.2.3. Hybrid evaluation method for fracture strength prediction models

This section introduces a hybrid approach to evaluate prediction models for HPFRC fracture strength under high strain rates. The
approach encompassed two evaluation methods: a data-based method and a sensitivity-analysis-based method. The data-based method
employed a validation set of data to quantify the error between the predicted and target values. Sensitivity-analysis-based method
utilised global sensitivity analysis to explore the relationship between independent input and dependent output features. This method
allowed interpretation of the models and their validation using empirical knowledge obtained from experiments or domain experts.
The combination of both methods provides a more comprehensive evaluation of the model’s accuracy and reliability, especially for
models derived from limited experimental data.

2.2.3.1. Data-based evaluation method. In order to evaluate the accuracy of the proposed models using data-based evaluation method,
multiple error measures were employed to compare the predicted output values generated by the models with the target values ob-
tained from physical experiments in the prepared datasets. Statistical error metrics, including the coefficient of determination (R%),
root mean square error (RMSE), and mean absolute error (MAE), were utilised to assess the performance of the prediction models.
To ensure proper evaluation and avoid overfitting models, data-based assessment of regression models requires random division of
the original dataset into training and evaluation datasets. It is important to note that for small datasets, the arrangement of data
samples into training and testing sets has a significant impact on the statistical error metrics. In such cases, the utilisation of the K-fold
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cross-validation method may be necessary to account for the randomness in testing model performance, considering the limitations
posed by the size of the data.

Error metrics: Three commonly used error metrics, namely R2, RMSE, and MAE, were utilised to assess the accuracy of regression
models in predicting fracture strength (Eq. (17)-(19)). These metrics have a well-established presence in the literature for evaluating
the performance of models in predicting concrete’s properties.

01— )
Rl -7 a7
RMSE = % Z (yi - ?x)z (18)

yi — i (19)

where n is the sample size, y; is the observed output value of the i-th sample, y; is the predicted output value of the i-th sample, and y =
1> i1y is the mean of observed output values.

K-fold cross-validation scheme: The K-fold cross-validation method involves dividing the original dataset into K folds and
performing K independent training iterations with (K-1) folds used for training various prediction models, and the last fold reserved for
validation. Fig. 5 illustrates a fundamental example of the K-fold cross-validation scheme. In this study, K=10 was chosen as the
number of folds. Average values of R?, RMSE, and MAE obtained from K-training and evaluation iterations were used to assess the
performance of prediction models. The evaluation of the prediction models’ performance was carried out using the following equation:

LS
My _po1a = X Z my (20)
P

where Mg_gq denotes a general metric measurement when K-fold cross validation scheme is applied, and my is the metric mea-
surement in the k-th iteration of the procedure.

2.2.3.2. Global sensitivity analysis-based evaluation method. In addition to data-based evaluation method, a global sensitivity analysis
approach was also developed to further evaluate the performance of HPFRC fracture strength. This method allows for a more
comprehensive investigation of the effects of individual independent variables, as well as their interactions, on the dependent variable
compared to local analyses. The Sobol sensitivity analysis [32] was chosen as a typical global sensitivity analysis as it offers a
model-agnostic strategy treating prediction models as black boxes with a general mapping function of Y = f(X), where X = {x1,x2, ...,
Xxg}. In this approach, the variance of f(.) is decomposed as shown in Eq. (21) [63]:

Var(Y): iD,(Y) +iDU(Y)++D123d(Y) (21)

i=1 i<j

where Var(Y) is the variance of Y = f(X), D;(Y) = Var(E[Y|x;]), Dj(Y) = Var(E [Y\Xi,Xj]) — D;(Y) — D;(Y) and similarly for other higher-
order components of Var(Y). Sobol variance-based indices are measured based on Eq. (22) [63]:

S, = S = — (22)

Entire Data | | I | ‘ I DTraining Fold
. Validation Fold

Iteration 1 -:I:D:l —m;
Iteration 2 l:.:l:':] —m;
Iteration 3 | | - | I ——my | Mspy
Iteration 4 l:':':-j —my
Iteration 5 Dj:':- — Mg

Fig. 5. An example of K-fold cross-validation scheme with K = 5.
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The total effects of an input feature i to the variance of the output is then calculated in Eq. (23):

Sn=> 8 (23)

Ic#i

where #i denotes all subsets of {1,2,3,..,d} containing i. Sobol method [32] also includes a Monte-Carlo approximation approach for
calculating Sobol indices, which estimates Sobol indices based on the model’s response to given inputs according to a predetermined
scheme.

While local sensitivity analysis has been commonly used in developing prediction models for concrete materials [26,28-30], its
limitations in assessing nonlinear models have been reported in several studies [27,31]. In contrast, global sensitivity analysis, such as
the Sobol method [32], offers a more comprehensive and accurate analysis of nonlinear models. This approach proves particularly
valuable in validating machine learning-based prediction models by incorporating human domain knowledge. However, despite the
potential advantages of global sensitivity analysis in the application of machine learning models to concrete, its full potential remains
underutilised, necessitating further investigation to fully harness its capabilities.

2.2.4. Learning framework for fracture strength assessment

The proposed framework for constructing and validating regression models to assess HPFRC fracture strength comprises four
primary steps: (i) collecting and pre-processing data from experiments; (ii) selecting the most effective learning technique using the K-
fold cross-validation scheme and data-based evaluation methods; (iii) interpreting the models from step (ii) using sensitivity analysis
and expert validation; and (iv) exploring the possibility of integrating an ensemble method with K model instances from step (ii). Step
(iii) can also be used to identify interesting input-output relationships for further experimental investigation.

2.2.4.1. Framework for machine learning model selection. The application of ML models on predicting material mechanical properties
has been explored by previous studies in the current literature. Yeh [33] used artificial neural network (ANN) and 4-fold
cross-validation method to model compressive strength of high-performance concrete (HPC). Chou et al. [34,35,64] investigated
different data-mining techniques to improve the accuracy of HPC compressive strength models, using a 10-fold cross-validation
strategy to evaluate the regression models. Other studies [23,28,37,65] trained various ML models using a simple training/testing
data split or a K-fold cross-validation scheme to minimise the loss function between predicted and target values of the dependent
variable. Although these models were evaluated with different error metrics, only a few models underwent sensitivity analysis after
data-based evaluation phase [28].

To mitigate the risk of inferring spurious correlations between independent and dependent variables in datasets with limited
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Fig. 6. Framework for machine learning model selection in predicting high strain rate behaviour of HPFRC.
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sample sizes, a hybrid evaluation method was employed to assess the performance of learned prediction models. Fig. 6 depicts the
proposed framework for comparing and selecting the optimal prediction model using diverse ML techniques. Notably, an additional
phase encompassing global sensitivity analysis and validation based on empirical knowledge extracted from experiments was
incorporated into the K-fold cross-validation scheme to evaluate prediction models alongside error metric measurements.

The proposed framework facilitated the comparison and selection process of prediction models using various ML techniques,
augmented by domain-specific expertise and global sensitivity analysis. While ML techniques excel at capturing complex and non-
linear relationships between inputs and outputs, a notable drawback is the lack of interpretability in the resulting models. In addi-
tion, the scarcity of validation data in laboratory-based studies, particularly for HPFRC under high strain rates, due to costly and
lengthy preparation of specimens has raised concerns about the reliability and applicability of ML models. To address these concerns,
the suggested framework incorporated a hybrid validation procedure including global sensitivity analysis (i.e. Sobol sensitivity
analysis) to comprehensively investigate the impact of inputs and their interactions on the output.

One objective of the proposed framework is to address the prevalent data limitations in experimental domains and establish
interpretable relationships between inputs and outputs, thereby enhancing confidence in the utilisation of ML-based "black-box"
prediction models. In situations where peculiar interactions among input variables are detected, targeted and efficient supplementary
experiments may be suggested to elucidate these relationships and ensure the validity of the models.

2.2.4.2. An ensemble approach to improve machine learning-based models. In the final step, upon selecting the ML algorithms for
modelling fracture behaviour, the possibility of further improving the performance of the selected model was considered by examining
two approaches: (i) optimising the model using the entire dataset (referred to as "Train-All"), and (ii) constructing a K-fold ensemble
model by bootstrapping K model instances from a K-fold cross-validation scheme (referred to as "K-fold Ensemble"). Fig. 7 presents a
framework with two hierarchical levels of K-fold cross-validation for generating and comparing these models. Specifically, the first K-
fold scheme (Level 1) compares the performance of the model trained with all available data to the ensemble model created by
bootstrapping all model instances from the second K-fold scheme. The model instances from the second K-fold scheme (Level 2),
obtained with an early-stopping feature based on RMSE measurement, are combined using bagging technique [42,44] to generate the
K-fold ensemble model.

3. Results and discussion

This section provides an analysis and interpretation of various ML models applied for predicting HPFRC fracture strength using four
ML approaches, including ensemble-based methods represented by RF and XGBoost, and feed-forward gradient-based neural network
solutions represented by DNN and ResNet. These ML models were configured using diverse settings, and the ensemble technique was
used to improve their prediction performance. Several additional trials with extended results are presented in Appendix A. To assess
the trials, a hybrid validation process that combined data-based evaluation with global sensitivity analysis-based evaluation was
utilised. The data-based evaluation allowed for a quantitative assessment of the prediction performance of the derived ‘black-box’
models from ML modelling approaches. Due to the limited sample size in experimental fields, global sensitivity analysis, particularly
Sobol scoring, was utilised in this study to further qualitatively assess and analyse prediction models. It is important to note that this
evaluation method focused on assessing the model itself, rather than examining the relationships between the inputs and the output
from collected datasets.
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Fig. 7. Framework to compare 2 directions: (i) optimising the model using the entire dataset, and (ii) bootstrapping K model instances from a K-fold
cross-validation scheme.
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3.1. Data-based validation for fracture strength prediction models

To assess the performance of ML approaches in modelling HPFRC fracture strength subjected to high strain rates, a 10-fold cross-
validation scheme was utilised to eliminate biases produced by splitting the training and evaluation sets. The error metrics, including
R, RMSE, and MAE, were calculated on different evaluation sets under the K-fold cross-validation scheme, and the results are dis-
played in the boxplots of Fig. 8. The length of each box in Fig. 8 represents the interquartile interval, illustrating the range of mea-
surement results obtained from a K-fold cross-validation scheme, spanning from the 25 % quartile to the 75 % quartile. The feed-
forward gradient-based neural network group, represented by DNN and ResNet, demonstrated superior prediction ability on
HPFRC fracture strength compared to ensemble-based techniques such as RF and XGBoost. However, the obtained error metrics were
found to vary among folds in all models, indicating significant impact of limited datasets and biases in selecting data for training and
evaluation sets on the derivation of prediction models. These results verify the necessity of using a K-fold cross-validation scheme when
testing models with insufficient datasets. In other words, simple random splitting for training and validation sets is not an appropriate
method for evaluating models with limited datasets.

As shown, the ResNet model (referred to as configuration 6 in Table Al in appendix A) had the lowest average RMSE/MAE (RMSE
= 2.956; MAE = 2.297) and the highest average R? = 0.886, making it the most accurate model for predicting fracture strength. This
model also demonstrated a more stable and consistent performance in all K-fold iterations compared to the others, as evidenced by its
smaller interquartile ranges for all metric measures (Fig. 8).

The results shown in Fig. 8 demonstrate the effectiveness of the ResNet model in learning the mapping between input features and
HPFRC fracture strength. This modelling approach was selected to be considered in constructing the final models, referred to as "Train-
All" and "K-fold Ensemble." A boxplot comparison of these implementation options is shown in Fig. 9. In training and testing these
models, "K-fold Ensemble" outperformed "Train-All" with the exact data folds. Mean values of error metrics with the "K-fold Ensemble"
model were R% = 0.863, RMSE = 3.350, and MAE = 2.519, which were higher compared to those with "Train-All" model (R%2 = 0.840,
RMSE = 3.631, and MAE = 2.699). This result highlights the effectiveness of using a combined model constructed with distinct subsets
of data, similar to the method employed by RF and XGBoost.

The sample size for each fold was smaller than those split in Fig. 9 because these comparisons relied on the testing method with two
K-fold cross-validation schemes, as shown in Fig. 7. Therefore, the error metrics between Figs. 8 and 9 cannot be compared. Instead,
both schemes can be considered two crucial steps to the proposed strategy.

The accuracy of the proposed model, “K-Fold Ensemble” with the better performance compared to “Train-All”, was compared to
other ML models in previous studies as shown in Table 2. Since the application of ML models in the literature of UHPFRC fracture
behaviour under high strain rate is scarce, there is insufficient numbers of articles with similar topics. Therefore, ML models used to
predict different types of mechanical properties, including tensile and flexural strength, reported in previous studies [66-71] were
considered for comparison purposes. As shown, the proposed model “K-Fold Ensemble” presented better performance than other ML
models for predicting UHPFRC tensile strength including ANN and CBR with small-sized samples of up to 157 dataset Ramezansefat
[67], with gain in percentage of up to 425.7 %. Regarding the studies with more datasets [68-71], “K-Fold Ensemble” model showed
moderate positive outcome with higher R? compared to ANN, SVM and GPR models (a gain of 4.3 %-15 %), and lower accuracy (up to
9.9 %) than other ML models including XGBoost, SVR and GB. This observation can be explained by the fact that these studies [66-71]
only assessed tensile and flexural behaviours of various fibre-reinforced concrete types under normal loading condition with greater
data availability. Characterising fracture behaviour of brittle materials such as HPFRC at high strain rate is deemed to be more
challenging due to the complexity of testing setup to satisfy stress equilibrium requirements [72], leading to a scarcity of data needed
for ML model development. Thus, the prediction accuracy of the proposed ML model is deemed to be acceptable for estimating HPFRC
fracture strength at high strain rate.
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Table 2
Performance comparisons with previous studies [66-71].
References Prediction models Material Material type Numbers of R? Gain in
properties datasets (%)
Khosravani et al. [66] CBR Tensile strength UHPFRC 55 0.234 22.9 —
- 268.7
0.702
Ramezansefat et al. ANN Tensile strength Fibre reinforced concrete 157 0.006 13.8 —
[67] - 425.7
0.758
Khokhar et al. [68] ANN, SVM, CART, XGBoost, Tensile strength Fibre reinforced concrete 438 0.740 -9.2 —
GPR - 16.6
0.950
Guo et al. [69] ANN, SVR, CART, XGBoost Tensile strength UHPFRC 387 0.827 -9.9 —
- 4.3
0.957
Qian et al. [70] SVM, MLP, GB Flexural strength UHPFRC 317 0.710 —5.2 —
- 21.5
0.910
Kulasooriya et al. [71] DT, GB, LGB Flexural strength Basalt fibre reinforced - 0.803 -2.2 —
concrete - 7.4
0.893

Note: ANN = Artificial Neural Networks; SVM = Support Vector Machine; CART = Classification And Regression Tree; GPR = Gaussian process of
regression; MLP = Multi-Layer Perceptron; GB = Gradient Boosting; DT = Decision Tree; LGB = Light Gradient Boosting; SVR = Support Vector
Regression; CBR = Case-based Reasoning.

3.2. Global sensitivity analysis-based evaluation of fracture strength prediction models

To increase the validity of the derived ML prediction models, global sensitivity analysis and human domain expertise were
employed to further validate these models. Fig. 10 illustrates the contribution of each input variable to two scopes - first-order effect
and total effect - for the four prediction models. The first-order effect indicates the effect of each input on output without considering
the interaction between inputs, while the total effect identifies the impact of each input on output, considering the interaction between
inputs. This study considered eight selected input variables, including concrete mortar compressive strength, specimen cross-sectional
area, fibre diameter, fibre shape, fibre length, fibre volume, fibre tensile strength and strain rate.

In Fig. 10 (a), the RF model indicates that the compressive strength of cementitious mortar and fibre characteristics had minor roles
in explaining the output variation, while the most influential factors on HPFRC fracture strength were fibre volume, strain rate, and
specimen cross-sectional area. The sensitivity score of their first-order effects indicated that roughly 67.9 % of the output variation can
be explained by first-order input variation, with fibre volume having the highest score at 37.7 %. Considering interactions between
inputs, the total-effect score for fibre volume was approximately 59.1 %, followed by strain rate (37.7 %) and specimen cross-sectional
area (25.5 %). Similarly, for the XGBoost model, Fig. 10 (b) shows high sensitivity scores ranging from 11.1 % to 35.7 % for the first-
order effect and from 16.7 % to 44.2 % for the total effect, indicating the significance of the same set of input variables (i.e., fibre
volume, strain rate, and specimen cross-sectional area) in explaining output variation. The remainder of the inputs in XGBoost model
had negligible effects on predicting HPFRC fracture strength, similar to RF model.

In contrast to RF and XGBoost models, feed-forward gradient-based models involved more inputs in configuring the model,
resulting in a more uniformed distribution of input’s impact on the output. In DNN model, except for strain rate, which has the highest
sensitivity score (26.1 % for the first-order effect and 44.4 % for the total effect), the remaining inputs, including fibre shape and
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Fig. 10. First-order and total effect sensitivity scores of models trained using various data-driven methods: (a) RF, (b) XGBoost, (c) DNN and
(d) ResNet.

mortar compressive strength were the least influential parameters with the lowest first-order and total effect scores ranging from 1.5 %
to 3.4 % and 2.6 %-6.4 %, respectively. ResNet model identified the contribution from most inputs including fibre volume and
properties, specimen cross-sectional area and strain rate with sensitivity scores ranging from 7.3 % to 26.1 % and 7.9 %-32.2 % for the
first-order and total effects, respectively. Fibre volume was the most critical variable in explaining output variation with the highest
sensitivity scores. Unlike other models, the effect of fibre shape on HPFRC fracture strength obtained in ResNet model was not
generally negligible with total sensitivity score of 7.9 %, thus varying fibre geometry in the specimens might cause variations in their
fracture behaviour. This observation is in agreement with other experimental studies [73-75].

The second-order sensitivity analysis results for all machine learning models are presented in Fig. 11 as a heat map, which illus-
trates the interaction between pairs of eight input parameters. They highlighted the impact of one factor on another for the investi-
gated inputs investigated. For both RF and XGBoost models, the input pairs (F.Volume, S.Cross) and (F.Volume, S.Rate) played the
dominant role among all the pairs, respectively, as shown in Fig. 11(a and b). In contrast, the pair (S.Rate, F.TStr) was the most
influential pair for both DNN and ResNet models, with a second-order score of up to 0.094 (or 9.4 % in output variation), demon-
strating that their interaction was important for controlling the variability of fracture strength. The consistency of DNN and ResNet was
then highlighted in comparison to RF and XGBoost models in fracture strength prediction. The pronounced effect of high strain rate on
HPFRC fracture behaviour was also observed, in line with expectations, as both concrete and steel are known to be strain-rate sensitive
materials [76]. Unlike limited scope in previous studies [1,3,6,73], the obtained results also revealed the interaction between various
input factors such as strain rate and fibre tensile strength. The input pair (S.Rate, F.TStr) with a second-order score of 0.057 (or 5.7 % in
output variation) was important in controlling the variability of fracture strength. Additionally, the mutual effect between the pair (F.
Volume, F.Dia) in DNN and ResNet models, with a sensitivity score of up to 0.032 (or 3.2 % in output variation), was also detected
significant for HFPRC fracture behaviour.
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Fig. 11. Second-order sensitivity scores obtained from Sobol sensitivity analysis for: (a) RF, (b) XGBoost, (c) DNN and (d) ResNet models.

Sensitivity scores from total effect measurements indicated that strain rate, fibre volume, and specimen cross-sectional area were
the most influential inputs for modelling HPFRC fracture strength in the four selected models. This result was consistent with previous
experimental studies [12,77-79] employing SIFIM to investigate HPFRC fracture behaviour subjected to high strain rates. These
studies discovered that a higher fracture strength associated with a higher strain rate due to rate-sensitive interfacial bond strength
between mortar matrix and fibre, as well as the physical and mechanical properties of fibres (i.e., shape, length and tensile strength).
The alignment of the findings obtained from this study with those studies supports the proposed approach of integrating ML and global
sensitivity analysis for small-scale datasets.

From the validation process using global sensitivity analysis, the ML modelling approach leveraging ResNet architecture was
considered the most effective method for modelling HPFRC fracture behaviour due to its high reliability in terms of statistical error
metrics (Fig. 8) and its interpretation of input factors (from sensitivity analysis results in Fig. 10). Validation results for the ResNet
model, demonstrating the best error metrics on the validation sets using the K-fold cross-validation scheme, are presented in Fig. 12. In
addition, sensitivity scores for the first-order and total effects of ResNet models trained in the first, third, fifth, and seventh K-fold
iterations were included in this figure. The sensitivity scores for the "Train-All" and "K-fold Ensemble" models are shown in Fig. 13,
following the process outlined in Fig. 7. The alignment of the results across multiple models and validation methods strengthened the
reliability and robustness of this ML modelling approach.

As shown, fibre volume, tensile strength, strain rate, and specimen cross-sectional area remained the most critical input features.
The sensitivity score distribution of the "K-fold Ensemble" model presented in Fig. 13 (a) closely resembled that of "Train-All" model in
Fig. 13 (b), derived from the training procedure with all available data. Both of these models demonstrated that all input features
significantly contribute to output variation, i.e., fracture strength. In contrast to ResNet models presented in Fig. 12, "Train-All" and "K-
fold Ensemble" models consistently presented the influence of fibre physical properties (i.e., shape, length, and diameter) on fracture
strength. This result is consistent with other experimental studies [12,77-79], in which HPFRC fracture strength was highly sensitive to
these variables. The fact that the sensitivity analysis of the proposed ML models matches those of expert-designed experiments
consolidated the confidence in employing the ensemble models derived from the method illustrated in Fig. 7.
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Fig. 12. First-order-effect and total-effect sensitivity scores for Resnet models trained under K-fold cross-validation scheme: (a) Fold 1, (b) Fold 3,
(c) Fold 5 and (d) Fold 7.

4. Conclusion

This study proposed a novel framework for modelling HPFRC fracture behaviour subjected to high strain rates ranging from
0.000167 to 100 s~! by utilising interpretable machine learning modelling approaches. The following highlights a summary of the

findings:

e Among the four approaches, ResNet model demonstrated the highest performance with the lowest average RMSE/MAE and the
highest average R? (R? = 0.886, RMSE = 2.956 and MAE = 2.297). Therefore, this model was selected to construct the final models,
"Train-All" and "K-fold Ensemble”, in which the later outperformed the former with R?= 0.863, RMSE = 3.350, and MAE = 2.519.

e Deviations in data-based evaluation results for derived machine learning models were observed across different K-fold iterations,
which highlighted the challenges associated with training and evaluating modes with limited experimental data. The proposed
framework, which incorporates data-driven approaches and Sobol global sensitivity analysis, provided insights into the con-
struction and validation of prediction models in such situations. In addition, the hybrid evaluation procedure and data-driven
modelling approaches can be adapted to similar tasks associated with small dataset collections.

e HPFRC fracture strength were significantly influenced by various input factors, including fibre volume and mechanical/physical
properties, strain rate, specimen cross-sectional area, and their interactions with other inputs.

e HPFRC specimens were sensitive to various input pairs including strain rate — fibre tensile strength and fibre volume - fibre
diameter. To prevent fracture failure, the inclusion of high tensile strength fibres correspondingly to strain rate or adjusting fibre
dosage and its physical properties in HPFRC is recommended.
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Fig. 13. First-order and total effect sensitivity scores for Resnet models: (a) Train-All and (b) K-fold Ensemble.

The proposed framework is deemed to serve as a valuable starting point for improving both accuracy and reliability of ML models
performance in predicting HPFRC mechanical properties, especially when confronted with limited datasets from laboratory-based
experiments. The integration of human expert feedback proves crucial, underscoring its significance relative to dataset size. The
necessity of validating the model through both a data-based approach (utilising error metrics) and a global sensitivity analysis-based
approach (including validation from domain experts) was emphasised through the obtained findings. The final model, built based on
the Resnet architecture and K-fold Ensemble approach, was shown to meet both these validation criteria.

5. Limitation and future research

The proposed interpretable framework demonstrates the capability to model mechanical characterisation of HPFRC under high rate
loading. A diverse adoption of ML models leads to variations in prediction accuracy as well as the impact of input parameters on
HPFRC fracture strength. Regarding the fine-tuning process described in Appendix A, it is important to note that further optimisation of
hyperparameters, changes in ML algorithms and architectures, and the inclusion of additional input features may enhance the accuracy
in predicting HPFRC fracture strength. The selection of machine learning models in the proposed framework, although intentionally
diverse, remains flexible and may pave the way for future research endeavours, incorporating a hybrid evaluation system with
continuous human feedback in the loop to develop a more sophisticated interactive prediction model.

Finally, it is important to acknowledge that the data collection used in this study relied on published data from established ex-
periments with HPFRC at high strain rates [1,3,12,13,18]. Consequently, the findings of this study may be subject to the experimental
designs employed in these sources. A future study with a more extensive collection of data may be needed to further validate the
obtained findings. The establishment of computational simulation for HPFRC samples should be considered as a potential method for
comparison with the results obtained from machine learning approaches. Further investigation on the application of the proposed
framework on different types of mechanical properties (e.g., fracture energy, crack growth rate) is suggested for future research to
develop a more comprehensive approach to characterise HPFRC structures.
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Appendix A. Tuning hyperparameters for HPFRC fracture strength models

Four exemplary machine learning techniques were utilised to model the fracture strength of HPFRC subjected to high strain rates.
Ensemble-based techniques, including RF and XGBoost, and feed-forward neural network solutions, such as DNN and ResNet, were
employed. The hyperparameters for RF and XGBoost were optimised using grid search on popular ranges of key hyperparameters,
while those for DNN and ResNet were determined based on the performance of six configurations listed in Table A1. A conventional
two-hidden-layer ReLU-activated neural network with 256 and 128 nodes per layer was designed for the DNN model, while ResNet was
constructed with an additional skip-connection weight layer containing 128 nodes (as shown in Fig. 4). The configurations with the
Adam optimiser and LayerNorm normalisation appeared to be the optimal settings for DNN and ResNet, based on the average accuracy
of the model’s predictions under the K-fold cross-validation scheme (Table Al). The greatest accuracy among their respective types
was achieved by RF and XGBoost models using the hyperparameters listed in Table A2. However, it should be noted that further
optimisation of the hyperparameters and/or inclusion of additional input features may lead to even higher accuracy in predicting
HPFRC fracture strength using the proposed machine learning models. Therefore, the framework presented in this study serves as a
valuable starting point for future investigations aiming to improve the prediction performance and reliability of these models in
material property analysis with limited datasets collected from small-scale experiments.

Table A.1

Validation results of multiple deep learning models for predicting HPFRC fracture strength under the K-fold cross-validation scheme.
Config. Number Network Architecture Optimisation Method Dropout Normalisation Method R? RMSE MAE
1 DNN Adam Yes None 0.849 3.372 2.591
2 DNN Adam Yes Batchnorm 0.848 3.388 2.586
3 DNN Adam Yes Layernorm 0.886 3.059 2.221
4 Resnet Adam Yes None 0.874 3.158 2.416
5 Resnet Adam Yes Batchnorm 0.810 3.212 2.494
6 Resnet Adam Yes Layernorm 0.886 2.956 2.297

Table A.2

Optimised hyperparameters of RF and XGBoost models for predicting HPFRC fracture strength using
grid search, implemented with the scikit-learn library [45].

Method Hyperparameters

Random Forest criterion = mse n_estimators = 1000
bootstrap = True, min_samples split = 2
max features = auto min_samples leaf = 1,

XGBoost objective = reg:squarederror max depth = 6,
n_estimators = 1000 gamma = 0,
nsubsample = 0.3, colsample_bytree = 1.0,

learning rate = 0.01,
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Appendix B. Global sensitivity analysis for remaining models obtained from K-fold cross validation scheme

040 : 0.40
035 | R First-order effect ‘ | (a) 035 [ First-order effect
2 [ Total effect | : : ; : [ Total effect

(b)

=

w

S
=
w
S

=

N

a
S
N
a

Sensitivity Score
o
[

o
Sensitivity Score
o
N
o

0.15 0.15

0.10 0.10

0.05 0.05

B & & - D = % = = ra
£ ¢ 1B g 2 E 2 ¥ § ¢ 8 k] > £ P2 B
e 2 % un 3 3 v g4 S o % B 8 35 u g
= »n w w i = »n w w i

Resnet - Fold 2 Resnet - Fold 4
0.40 : 0.40
0.35 _- First-order effec{' : - © ; 0.36 | = First-order effecbt' (@ _
[ Total effect | : j : B Total effect
030 -+ 0.30

S

N

o
=
N
a

Sensitivity Score

o

N

L =

Sensitivity Score

o
N
o

0.15 0.15

0.10 0.10

0.05 0.05

0.00 e g 2 o8 g 2 5 2 0.00 e g 2 o2 £ 2 5 @
S o Q 8 2 ] - & 5] =4 a 5 e E - &
O o * 5 8 5 u g4 O o * FH & 5 u g4

) 8 : i >
= 2 w w i = [%2] w w &
Resnet - Fold 6 Resnet - Fold 8
0.40 ‘ ‘ 0.40 T
0.35 | First-order effect| 1 - (e : 0.35 | [ First-order effect, ®
1 Total effect ; : B Total effect

0.30 0.30

24

)

o
S
)
a

Sensitivity Score
o
N
L~ 3
Sensitivity Score
o
N
o

0.15 0.15
0.10 0.10
0.05 0.05
0.00 0.00

Resnet - Fold 9 Resnet - Fold 10
Fig. B.14. Sensitivity scores of first-order and total-order effects for ResNet models derived from multiple K-fold iterations in a K-fold cross-

validation scheme..

18



Q.D. Nguyen et al. Heliyon 10 (2024) 24704

References

[1]
[2]
[3]
[4]
[5]
(6]
[71

[81
91

[10]
[11]
[12]

[13]
[14]

[15]
[16]
[17]
[18]
[19]
[20]
[21]
[22]
[23]

[24]
[25]

[26]

[27]
[28]

[29]
[30]

[31]
[32]
[33]
[34]

[35]
[36]
[371
[38]

[39]
[40]
[41]
[42]
[43]
[44]
[45]

[46]
[47]
[48]

T.K. Tran, D.J. Kim, E. Choi, Behaviour of double-edge-notched specimens made of high-performance fiber reinforced cementitious composites subject to direct
tensile loading with high strain rates, Cement Concr. Res. 63 (2014) 54-66.

S. Pyo, S. El-Tawil, A.E. Naaman, Direct tensile behavior of ultra high performance fiber reinforced concrete (UHP-FRC) at high strain rates, Cement Concr. Res.
88 (2016) 144-156.

N.T. Tran, T.K. Tran, D.J. Kim, High rate response of ultra-high-performance fiber-reinforced concretes under direct tension, Cement Concr. Res. 69 (2015)
72-87.

R. Sovjak, P. Maca, T. Imlauf, Effect of fibre length on the fracture energy of UHPFRC, Int. Conf. Anal. Model. New Concepts Concr. Mason. Struct. AMCM’2017
193 (2017) 74-79. Prague: Procedia Engineering.

M.A. Al-Osta, Exploitation of ultrahigh-performance fibre-reinforced concrete for the strengthening of concrete structural members, Adv. Civ. Eng. 2018 (2018)
8678124.

D.L. Nguyen, G.S. Ryu, K.T. Koh, D.J. Kim, Size and geometry dependent tensile behavior of ultra-high-performance fiber-reinforced concrete, Composites, Part
B 58 (2014) 279-292.

D.L. Nguyen, M. Ngoc-Tra Lam, D.J. Kim, J. Song, Direct tensile self-sensing and fracture energy of steel-fiber-reinforced concretes, Composites, Part B 183
(2020) 107714.

D.Y. Yoo, N. Banthia, Mechanical properties of ultra-high-performance fiber-reinforced concrete: a review, Cem. Concr. Compos. 73 (2016) 267-280.

M.F. Leone, G. Nocerino, Advanced modelling and digital manufacturing: parametric design tools for the optimization of UHPFRC (ultra high performance Fiber
reinforced concrete) shading panels, Autom. Constr. 126 (2021) 103650.

H. Kim, G. Kim, S. Lee, M. Son, G. Choe, J. Nam, Strain rate effects on the compressive and tensile behavior of bundle-type polyamide fiber-reinforced
cementitious composites, Composites, Part B 160 (2019) 50-65.

G.D. Ashkezari, F. Fotouhi, M. Razmara, Experimental relationships between steel fiber volume fraction and mechanical properties of ultra-high performance
fiber-reinforced concrete, J. Build. Eng. 32 (2020) 101613.

N.T. Tran, T.K. Tran, J.K. Jeon, J.K. Park, D.J. Kim, Fracture energy of ultra-high-performance fiber-reinforced concrete at high strain rates, Cement Concr. Res.
79 (2016) 169-184.

T.K. Tran, D.J. Kim, Strain energy frame impact machine (SEFIM), J. Adv. Concr. Technol. 10 (2012) 126-136.

K. Wahba, H. Marzouk, The use of FBG sensor to determine the fracture energy properties of UHPFC, Civ. Struct. Heal. Monit. Work., e-Journal of
Nondestructive Testing (eJNDT) 4 (2013) 1-9. Poster 02.

K. Wille, A.E. Naaman, Fracture energy of UHP-FRC under direct tensile loading, Proc. Fram. (2010) 65-72.

E. Denarié, E. Briihwiler, Structural rehabilitations with ultra-high performance fibre reinforced concretes (UHPFRC), Restor. Build Monum. 12 (2006) 453-468.
X. Shen, E. Briithwiler, Tensile behavior of UHPFRC under uniaxial and biaxial stress conditions, J. Asian Concr. Fed. 4 (2018) 67-78.

T.K. Tran, D.J. Kim, Investigating direct tensile behavior of high performance fiber reinforced cementitious composites at high strain rates, Cement Concr. Res.
50 (2013) 62-73.

V.P. Dang, D.J. Kim, Fracture resistance of ultra-high-performance fiber-reinforced concrete containing nanoparticles at high strain rates, Eng. Fract. Mech. 289
(2023) 109436, https://doi.org/10.1016/j.engfracmech.2023.109436.

D.L. Zou, L.L. Wu, Y.F. Hao, L. Xu, J.J. Chen, Composition-strength relationship study of ultrahigh performance fiber reinforced concrete (UHPFRC) using an
interpretable data-driven approach, Construct. Build. Mater. 392 (2023) 131973, https://doi.org/10.1016/j.conbuildmat.2023.131973.

B.K. Oh, H.S. Park, B. Glisic, Prediction of long-term strain in concrete structure using convolutional neural networks, air temperature and time stamp of
measurements, Autom. Constr. 126 (2021) 103665.

D. Qu, X. Cai, W. Chang, Evaluating the effects of steel fibers on mechanical properties of ultra-high performance concrete using artificial neural networks, Appl.
Sci. 8 (2018) 1120.

J. Duan, P.G. Asteris, H. Nguyen, X.N. Bui, H. Moayedi, A novel artificial intelligence technique to predict compressive strength of recycled aggregate concrete
using ICA-XGBoost model, Eng. Comput. 37 (2021) 3329-3346.

International Organisation for Standardisation, Strategic Business Plan, 2016. ISO/TC 071.

A. Ashrafian, M.J. Taheri Amiri, P. Masoumi, M. Asadi-Shiadeh, M. Yaghoubi-Chenari, A. Mosavi, et al., Classification-based regression models for prediction of
the mechanical properties of roller-compacted concrete pavement, Appl. Sci. 10 (2020) 3707.

H. Guo, Y. Dong, E. Bastidas-Arteaga, X.L. Gu, Probabilistic failure analysis, performance assessment, and sensitivity analysis of corroded reinforced concrete
structures, Eng. Fail. Anal. 124 (2021) 105328.

A. Saltelli, M. Ratto, T. Andres, F. Campolongo, J. Cariboni, D. Gatelli, et al., Global Sensitivity Analysis, The Primer, 2007.

T. Nguyen, A. Kashani, T. Ngo, S. Bordas, Deep neural network with high-order neuron for the prediction of foamed concrete strength, Comput. Civ. Infrastruct
Eng. 34 (2019) 316-332.

B. Kiani, A.H. Gandomi, S. Sajedi, R.Y. Liang, New formulation of compressive strength of preformed-foam cellular concrete: an evolutionary approach,

J. Mater. Civ. Eng. 28 (2016) 04016092.

D. Van Dao, H.B. Ly, S.H. Trinh, T.T. Le, B.T. Pham, Artificial intelligence approaches for prediction of compressive strength of geopolymer concrete, Materials
12 (2019) 983.

G. Qian, A. Mahdi, Sensitivity analysis methods in the biomedical sciences, Math. Biosci. (2020) 323.

1.M. Sobol, Global sensitivity indices for nonlinear mathematical models and their Monte Carlo estimates, Math. Comput. Simulat. 55 (2001) 271-280.

I.-C. Yeh, Modeling of strength of high-performance concrete using artificial neural networks, Cement Concr. Res. 28 (1998) 1797-1808.

J.-S. Chou, Chien-Kuo, P.E. Chiu, M. Farfoura, I. Al-Taharwa, Optimizing the prediction accuracy of concrete compressive strength based on a comparison of
data-mining techniques, J. Comput. Civ. Eng. 25 (2011) 242-253.

J.S. Chou, A.D. Pham, Enhanced artificial intelligence for ensemble approach to predicting high performance concrete compressive strength, Construct. Build.
Mater. 49 (2013) 554-563.

K.T. Nguyen, Q.D. Nguyen, T.A. Le, J. Shin, K. Lee, Analyzing the compressive strength of green fly ash based geopolymer concrete using experiment and
machine learning approaches, Construct. Build. Mater. (2020) 247.

Q. Han, C. Gui, J. Xu, G. Lacidogna, A generalized method to predict the compressive strength of high-performance concrete by improved random forest
algorithm, Construct. Build. Mater. 226 (2019) 734-742.

G. Konstantopoulos, E.P. Koumoulos, C.A. Charitidis, Classification of mechanism of reinforcement in the fiber-matrix interface: application of Machine
Learning on nanoindentation data, Mater. Des. (2020) 192.

J.R. Qinnlan, Simplifying decision trees, Int. J. Man-Machine Stud. 27 (1987) 221-234.

P.E. Utgoff, Incremental induction of decision trees, Mach. Learn. 4 (1989) 161-186.

T. Kam Ho, Random decision forests, Proc. 3rd Int. Conf. Doc. Anal. Recognit. (1995) 278-282.

L. Bbeiman, Bagging predictors, Mach. Learn. 24 (1996) 123-140.

T. Kam Ho, A data complexity analysis of comparative advantages of decision forest constructors, Pattern Anal. Appl. 5 (2002) 102-112.

J.H. Friedman, Greedy function approximation: a gradient boosting machine, Ann. Stat. 29 (2001) 1189-1232.

T. Chen, C. Guestrin, XGBoost: a scalable tree boosting system. Proc. ACM SIGKDD Int. Conf. Knowl. Discov. Data Min., Association for Computing Machinery,
2016, pp. 785-794.

1.J. Goodfellow, Y. Bengio, A. Courville, Deep Feedforward Networks. Deep Learning, MIT Press. MIT Press, 2016.

D. Rumelhart, G. Hinton, R. Williams, Learning representations by back-propagating errors, Nature 323 (1986) 533-536.

C. Lemarécha, Cauchy and the gradient method, Doc. Math Extra Vol. ISMP (4) (2012) 251.

19


http://refhub.elsevier.com/S2405-8440(24)00735-7/sref1
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref1
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref2
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref2
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref3
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref3
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref4
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref4
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref5
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref5
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref6
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref6
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref7
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref7
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref8
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref9
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref9
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref10
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref10
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref11
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref11
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref12
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref12
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref13
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref81
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref81
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref15
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref16
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref17
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref18
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref18
https://doi.org/10.1016/j.engfracmech.2023.109436
https://doi.org/10.1016/j.conbuildmat.2023.131973
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref19
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref19
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref20
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref20
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref21
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref21
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref22
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref23
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref23
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref24
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref24
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref25
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref26
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref26
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref27
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref27
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref28
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref28
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref29
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref30
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref31
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref32
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref32
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref33
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref33
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref34
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref34
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref35
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref35
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref36
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref36
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref37
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref38
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref39
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref40
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref41
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref42
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref43
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref43
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref44
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref45
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref46

Q.D. Nguyen et al. Heliyon 10 (2024) e24704

[49]
[50]
[51]

[52]
[53]

[54]
[55]
[56]
[57]
[58]
[59]
[60]
[61]
[62]
[63]
[64]
[65]
[66]
671
[68]
[691]
[70]

[71]

[72]
[731]

[74]
[75]

[76]
[77]

[78]
[79]

H.B. Curry, The method of steepest descent for non-linear minimisation problems, Q. Appl. Math. 2 (1944) 258-261.

G. Urban, K.J. Geras, S.E. Kahou, O. Aslan, S. Wang, A. Mohamed, et al., Do Deep Convolutional Nets Really Need to Be Deep and Convolutional, 2016. ArXiv.
N. Srivastava, G. Hinton, A. Krizhevsky, R. Salakhutdinov, Dropout: a simple way to prevent neural networks from overfitting, J. Mach. Learn. Res. 15 (2014)
1929-1958.

R. Caruana, S. Lawrence, L. Giles, Overfitting in neural nets: backpropagation, conjugate gradient, and early stopping, Adv. Neural Inf. Process. Syst. 13 (2000).
Ng A.Y., Feature selection, L 1 vs. L 2 regularization, and rotational invariance, Proc. twenty-first Int. Conf. Mach. Learn. Assoc. Comput. Mach. Banff, Canada
(2014) 1-8.

J.L. Ba, J.R. Kiros, G.E. Hinton, Layer Normalization, 2016 arXiv:1607.06450. ArXiv.

D.P. Kingma, J. Ba, Adam: A Method for Stochastic Optimization, 2014 arXiv:1412.6980. ArXiv.

M.D. Zeiler, Adadelta: an Adaptive Learning Rate Method, 2012 arXiv:1212.5701. ArXiv.

S. Ruder, An Overview of Gradient Descent Optimization Algorithms, 2016 arXiv:1609.04747. ArXiv.

J. Hochreiter, Untersuchungen zu dynamischen neuronalen Netzen, Technical University of Munich. Technische Universit at M unchen, 1991.

G.B. Goh, N.O. Hodas, A. Vishnu, Deep learning for computational chemistry, J. Comput. Chem. 38 (2017) 1291-1307.

D. Erhan, Y. Bengio, A. Courville, P.-A.M. Ca, P.V. Ca, B. Com, Why does unsupervised pre-training help deep learning? Pierre-antoine manzagol pascal vincent
samy bengio, J. Mach. Learn. Res. 11 (2010) 625-660.

X. Glorot, A. Bordes, Y. Bengio, Deep sparse rectifier neural networks, Proc. 14th Int. Conf. Artif. Intell. Stat. 15 (2011) 315-323.

K. He, X. Zhang, S. Ren, J. Sun, Deep Residual Learning for Image Recognition, 2015 arXiv:1512.03385.

B. Iooss, P. Lemaitre, A review on global sensitivity analysis methods, Oper. Res. Comput. Sci. Interfaces Ser. 59 (2015) 101-122.

J.S. Chou, C.F. Tsai, A.D. Pham, Y.H. Lu, Machine learning in concrete strength simulations: Multi-nation data analytics, Construct. Build. Mater. 73 (2014)
771-780.

H.IL Erdal, O. Karakurt, E. Namli, High performance concrete compressive strength forecasting using ensemble models based on discrete wavelet transform, Eng.
Appl. Artif. Intell. 26 (2013) 1246-1254.

M.R. Khosravani, S. Nasiri, D. Anders, K. Weinberg, Prediction of dynamic properties of ultra-high performance concrete by an artificial intelligence approach,
Adv. Eng. Software 127 (2019) 51-58, https://doi.org/10.1016/j.advengsoft.2018.10.002.

H. Ramezansefat, M. Rezazadeh, J. Barros, 1. Valente, M. Bakhshi, Modelling the High Strain Rate Tensile Behavior of Steel Fiber Reinforced Concrete Using
Artificial Neural Network Approach, 2022, pp. 1099-1109, https://doi.org/10.1007/978-3-030-88166-5_96.

A. Khokhar, T. Ahmed, R.A. Khushnood, S.M. Ali, Shahnawaz, A predictive mimicker of fracture behavior in fiber reinforced concrete using machine learning,
Materials 14 (2021) 7669, https://doi.org/10.3390/mal4247669.

P. Guo, W. Meng, M. Xu, V.C. Li, Y. Bao, Predicting mechanical properties of high-performance fiber-reinforced cementitious composites by integrating
micromechanics and machine learning, Materials 14 (2021), https://doi.org/10.3390/mal4123143.

Y. Qian, M. Sufian, A. Hakamy, A. Farouk Deifalla, A. El-said, Application of machine learning algorithms to evaluate the influence of various parameters on the
flexural strength of ultra-high-performance concrete, Front. Mater. 9 (2023), https://doi.org/10.3389/fmats.2022.1114510.

W.K.V.J.B. Kulasooriya, R.S.S. Ranasinghe, U.S. Perera, P. Thisovithan, I.U. Ekanayake, D.P.P. Meddage, Modeling strength characteristics of basalt fiber
reinforced concrete using multiple explainable machine learning with a graphical user interface, Sci. Rep. 13 (2023) 13138, https://doi.org/10.1038/541598-
023-40513-x.

M. Hassan, K. Wille, Direct tensile behavior of steel fiber reinforced ultra-high performance concrete at high strain rates using modified split Hopkinson tension
bar, Composites, Part B 246 (2022) 110259, https://doi.org/10.1016/j.compositesb.2022.110259.

M. Mohtasham Moein, A. Saradar, K. Rahmati, A. Hatami Shirkouh, I. Sadrinejad, V. Aramali, et al., Investigation of impact resistance of high-strength portland
cement concrete containing steel fibers, Materials 15 (2022) 7157.

Y. Su, J. Li, C. Wu, P. Wu, Z.X. Li, Effects of steel fibres on dynamic strength of UHPC, Construct. Build. Mater. 114 (2016) 708-718.

F. Deng, Y. He, S. Zhou, Y. Yu, H. Cheng, X. Wu, Compressive strength prediction of recycled concrete based on deep learning, Construct. Build. Mater. 175
(2018) 562-569.

X.X. Zhang, A.M. Abd Elazim, G. Ruiz, R.C. Yu, Fracture behaviour of steel fibre-reinforced concrete at a wide range of loading rates, Int. J. Impact Eng. 71
(2014) 89-96.

H. Zhang, Y jie Huang, M. Lin, Z jun Yang, Effects of fibre orientation on tensile properties of ultra high performance fibre reinforced concrete based on meso-
scale Monte Carlo simulations, Compos. Struct. 287 (2022) 115331.

B. Luccioni, F. Isla, D. Forni, E. Cadoni, Modelling UHPFRC tension behavior under high strain rates, Cem. Concr. Compos. 91 (2018) 209-220.

K. Hauch, K. Maryamh, C. Redenbach, J. Schnell, Predicting the tensile behaviour of ultra-high performance fibre-reinforced concrete from single-fibre pull-out
tests, Materials 15 (2022) 5085.

20


http://refhub.elsevier.com/S2405-8440(24)00735-7/sref47
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref48
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref49
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref49
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref50
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref52
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref53
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref54
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref55
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref56
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref57
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref58
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref58
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref59
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref60
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref63
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref62
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref62
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref61
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref61
https://doi.org/10.1016/j.advengsoft.2018.10.002
https://doi.org/10.1007/978-3-030-88166-5_96
https://doi.org/10.3390/ma14247669
https://doi.org/10.3390/ma14123143
https://doi.org/10.3389/fmats.2022.1114510
https://doi.org/10.1038/s41598-023-40513-x
https://doi.org/10.1038/s41598-023-40513-x
https://doi.org/10.1016/j.compositesb.2022.110259
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref64
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref64
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref65
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref66
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref66
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref67
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref67
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref68
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref68
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref69
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref70
http://refhub.elsevier.com/S2405-8440(24)00735-7/sref70

	Fracture behaviour assessment of high-performance fibre-reinforced concrete at high strain rates using interpretable modell ...
	1 Introduction
	2 Methodology
	2.1 Data collection
	2.2 Regression models for fracture strength of HPFRC at high strain rates
	2.2.1 Regression analysis
	2.2.2 Machine learning-based prediction models
	2.2.3 Hybrid evaluation method for fracture strength prediction models
	2.2.3.1 Data-based evaluation method
	2.2.3.2 Global sensitivity analysis-based evaluation method

	2.2.4 Learning framework for fracture strength assessment
	2.2.4.1 Framework for machine learning model selection
	2.2.4.2 An ensemble approach to improve machine learning-based models



	3 Results and discussion
	3.1 Data-based validation for fracture strength prediction models
	3.2 Global sensitivity analysis-based evaluation of fracture strength prediction models

	4 Conclusion
	5 Limitation and future research
	Additional information
	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgement
	Appendix A Tuning hyperparameters for HPFRC fracture strength models
	Appendix B Global sensitivity analysis for remaining models obtained from K-fold cross validation scheme
	References


