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This study investigates the mechanical properties of glass fibre concrete (GFC) through experimental and pre-
dictive analysis using advanced machine learning (ML) techniques. The experimental work focuses on the me-
chanical and durability characteristics of GFC. The data obtained in the experimental testing were added to the
dataset collected from the literature for the application of machine learning algorithms. The dataset contains 108
compressive strength and 87 split tensile strength data points that evaluated vital factors, including fly ash,
cement, aggregates, water, fibre content, superplasticizer, fibre length, fibre diameter, and micro-silica. Optuna,
a state-of-the-art hyperparameter optimization library utilizing deep learning, was employed to determine the
optimal hyperparameters for each model. The best hyperparameters were selected based on the highest average
performance from 5-fold cross-validation. Experimental results showed significant influences of fibre content on
GFC mechanical and durability characteristics. The Gradient Tree Boosting Regression (GTBR) model was
identified as the optimal model for predicting the compressive and split tensile strength of GFC. The model
demonstrated high predictive accuracy for both compressive and split tensile strengths, with R? values of 0.968
and 0.954, respectively. Shapley Additive exPlanations (SHAP) analysis emphasized the significant impact of fine
aggregate, cement, and the amount of glass fibre on both compressive and split tensile strengths, providing
valuable insights into the contribution of each feature and enhancing the explainability of the optimum ML
model. Finally, a user-friendly online interface was developed, allowing users to predict GFC properties based on
the trained GTBR model. This tool, featuring interactive sliders for input variables, ensures precise predictions
within the collected data range.

1. Introduction of concrete increases with higher fibre dosage, especially when using

steel, glass, and polyvinyl alcohol fibre [7-9]. However, some research

Fibre Reinforced Concrete (FRC) is widely used in numerous appli-
cations, including tunnel linings, railway slabs, concrete barriers, and
ground slabs. Plain concrete, while strong in compression, is inherently
brittle and has low tensile strength [1-3]. The addition of fibres signif-
icantly enhances its tensile properties by bridging cracks, thereby pre-
venting their propagation and improving both strength and
post-cracking behaviour [4]. Normal Strength Concrete (NSC),
commonly used in construction, is prone to issues such as plastic and
drying shrinkage cracking. Incorporating fibres can effectively reduce
these shrinkage cracks and enhance the mechanical properties of con-
crete [5].

Recent research has investigated various types of fibre in FRC,
including metal, synthetic, and mineral fibre, each offering unique
properties [6]. Several studies have shown that the compressive strength
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indicates that glass fibre do not significantly affect compressive strength
[10,11]. While it is well established that fibers improve the tensile
properties of concrete, the effect on compressive strength remains
inconsistent across studies. Research indicates that the loss of
compressive strength depends on fiber size, surface texture, and
dispersion within the matrix, which influence porosity and the bond
strength at the fiber-matrix interface [12]. Larger fiber diameters and
smooth fiber surfaces often reduce the bond strength, leading to lower
compressive strength, whereas rougher textures improve mechanical
interlocking and stress transfer [10]. Furthermore, improper dispersion
of fibers can create localized weak zones with increased porosity,
negatively impacting mechanical performance [13].

Despite extensive research on the effects of fibres on compressive
properties, there remains a notable gap in studies specifically examining
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specific volume fractions, and lack of theoretical models to predict the
mechanical properties of GFC. Given the complexities of traditional
methods for determining the mechanical properties of glass fibre con-
crete, there is increasing interest in utilizing innovative approaches,
particularly those involving advanced machine learning (ML). Few
studies have investigated the application of advanced ML techniques,
such as ensemble ML algorithms, to estimate the mechanical properties
of glass fibre concrete [14,15]. Historically, research has predominantly
used traditional machine learning models and basic artificial neural
networks to predict properties, such as compressive and tensile strengths
[16-18]. While these conventional methods offer simplicity and inter-
pretability, they often face limitations in predictive accuracy, especially
when addressing the complex, non-linear interactions characteristic of
fibrous concrete materials. This gap highlights the need for more so-
phisticated ML approaches to enhance prediction capabilities and opti-
mize the performance of glass fibre concrete.

This study aims to evaluate the mechanical and durability properties
of Glass Fibre Reinforced Concrete (GFC) through experimental analysis
and machine learning (ML)-based predictive modeling. The research
specifically investigates how fibre parameters (content, length, and
diameter), cementitious material proportions (cement, fly ash, micro-
silica), and mix properties (water-cement ratio, superplasticizer) influ-
ence compressive strength, split tensile strength. Furthermore, the study
integrates advanced machine learning models to predict GFC properties
with high accuracy and provide an explainable feature importance
ranking through SHAP analysis. This approach enables a comprehensive
understanding of the relationships between material composition and
concrete performance, contributing to optimized mix designs for struc-
tural applications. Fig. 1 illustrates the flowchart for the ML framework
applied in this research.

2. Research significance

Understanding and predicting the mechanical properties of glass
fibre concrete (GFC) is essential in civil engineering and construction to
ensure the structural integrity and durability of buildings and
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infrastructure. Despite its importance, there is a lack of widely used,
data-driven methods for estimating the compressive and split tensile
strengths of GFC. This research addresses this gap by leveraging
advanced machine learning (ML) models to accurately predict these
properties. Additionally, a user-friendly online interface has been
developed to make these ML predictions accessible to academics and
professionals.
The main goals of this research are:

o Identify the optimal mix design for GFC that enhances both me-
chanical properties (compressive and split tensile strength) and
durability.

e Develop predictive ML models capable of accurately estimating GFC
properties based on material composition.

e Analyze the contribution of individual input variables (fiber content,
cement, aggregates, etc.) to GFC strength using SHAP analysis.

e Provide an accessible online tool that allows practitioners to predict
the mechanical properties of GFC for specific mix compositions.

3. Materials and methods
3.1. Materials

Ordinary Portland cement (OPC) ASTM Type I was used in this study.
Natural Coarse aggregates with a maximum size of 10 mm and retained
on 4 mm sieve. Fine aggregate, natural sand, with a maximum size of
2.36 mm and below was considered in this study. Fine aggregate was
dried in the open air before usage. All the materials were sourced from
Travis Perkins [19]. Potable tap water is used for mixing and curing of
the test specimens.

Commercially available Alkali Resistant Glass Fibre (GF) from
Oscrete Construction Products, was used in this research its general
properties are listed in Table 1.

Data collection

v v

test set (20%)

!

Preprocessing and scaling of data

Feature importance

0
Performance evaluation > !Hli
(MAPE%, MAE, RMSE, R?)
SHAP

v

Choosing the best model — User-friendly
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)

Fig. 1. Flowchart of the ML process with the user-friendly interface.
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Table 1
Fibre properties.
Specific Fibre Modulus of Tensile Softening
Gravity (g/ Length Elasticity (GPa) Strength Point (°C)
cm®) (mm) (MPa)
2.68 12 72 1700 860

3.2. Mix proportions

Concrete mix design of characteristic strength 30 MPa using Ordi-
nary Portland Cement Type I was considered in this study. As the pri-
mary function of Fiber Reinforced Concrete (FRC) is not to maximize
compressive strength but to enhance the tensile strength-to-compressive
strength ratio and improve ductility. Prior research has shown that
higher compressive strength may overshadow the relative improve-
ments in tensile properties, making it more challenging to isolate fiber
effects [20]. Additionally, many real-world applications of GFC—such
as overlays, industrial floors, and repair materials—require moderate
compressive strengths while prioritizing improved tensile and
post-cracking behaviour [12]. Total of four mixes were prepared, the
control mix is made of cement, water, coarse aggregates, and fine ag-
gregates. The water-cement ratio was maintained at 0.4 for all design
mixes in this investigation. Three percentages of glass fibre were
examined: G1 with 0.75 % by cement weight (equivalent to a 0.12 %
Vp), G2 with 1.32 % by cement weight (0.22 % V;), and G3 with 2.63 %
by cement weight (0.43 % Vj). These specific percentages were chosen
because there were no previous studies in the literature that investigated
these particular values, and it will be used in the training of the proposed
machine learning model. The details of the mix design are depicted in
Table 2.

3.3. Experimental procedure

The mixing process began by thoroughly combining the coarse and
fine aggregates. Glass fibres were then gradually incorporated into this
mixture, ensuring a homogeneous blend. Following this, cement was
added to the mixer, and water was introduced incrementally. Once a
uniform and consistent mix was achieved, the slump test was performed
to evaluate the workability of the concrete as shown in Fig. 2.

3.3.1. Fresh properties

The slump test conducted in this study adhered to the standards
specified in BS EN 12350-2:2009 [21]. After placing the concrete mixes
in the moulds, they were vibrated to facilitate the removal of air bubbles
and to ensure the liquefaction of mixtures with lower water content. The
specimens were then kept in the steel moulds for the first 24 hours under
lab conditions.

3.3.2. Hardened properties

The compressive strength test conducted in this study followed the
guidelines of BS 1881: Part 116:1983 [22]. Concrete cube samples, each
measuring 150 mm x 150 mm x 150 mm, were used. Six specimens
were prepared for testing at 7, and 28 days. After 24 hours of casting, the
concrete specimens were demoulded and placed in a curing tank for
water curing. The compressive strength tests were performed at 7 days

Table 2

Mix design proportions.
Mix ID Cement Fine Coarse Water Fibre

(Kg/m?>) aggregate aggregate (Kg/m®)  amount
(Kg/m®) (Kg/m?) (Kg/ m®)

Control 440 752 1158 176 0
Gl 440 752 1158 176 3.3
G2 440 752 1158 176 5.808
G3 440 752 1158 176 11.572
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and 28 days post-curing.

The splitting tensile strength test was conducted according to ASTM
C 496 [23], using a Universal Testing Machine with a capacity of
3000 kN. Cylindrical samples, 150 mm in diameter and 300 mm in
height, were tested after 28 days of water curing.

3.3.3. Rate of water absorption

Measurements of capillary absorption were carried out using the
cubes after oven drying in the oven for 24 hours at 110 °C and after
cooling in the laboratory temperature then rested on rods in water
containers to allow free access of water to the inflow surface as shown in
Fig. 3. The water level was maintained to remain at no more than about
5 mm above the base of the specimens. The lower areas on the sides of
the specimens were coated with grease to achieve unidirectional flow.
The cumulative water absorbed was recorded at different time intervals
of up to two hours by weighing the specimen after removing the surface
water using a dampened tissue.

3.3.4. Bulk density

To determine the bulk density three concrete cubes, each with di-
mensions of 150 mm, were prepared for each mix design. These cubes
were subjected to oven drying at a temperature of 110°C for a duration
of 24 hours to ensure complete removal of moisture. Then the specimens
were allowed to cool to ambient temperature for a period of 2 hours and
the dry weight of each specimen was recorded. The bulk density was
calculated by dividing the oven-dry weight of each cube by its volume.
The average bulk density for each mix design was then determined by
averaging the densities of the three specimens.

3.3.5. Moisture content

Moisture content is a key factor in concrete’s durability and strength.
To measure it, samples were removed from the curing tank and surface-
dried with a cloth. Each sample was then weighed to obtain the wet
weight. By comparing this wet weight with the dry weight recorded
earlier, the moisture content was calculated.

3.4. Machine learning framework

3.4.1. Data description

To conduct this study, a comprehensive dataset comprising 108 data
points for compressive strength and 87 data points for split tensile
strength was gathered from 26 journal articles and the experimental
work conducted in this study [5,24-48]. The full dataset is detailed in
the appendix section. This dataset encompasses key factors influencing
the mechanical properties of glass fibre concrete. The factors included in
this study are fly ash content, cement content, fine and coarse aggregate
contents, water content, amount of fibre, superplasticizer (SP) content,
fibre length, fibre diameter, and microsilica content. These variables
were used to evaluate their impact on both compressive and split tensile
strengths of glass fibre concrete using different ML algorithms. Table 3
provides a detailed overview of the dataset’s descriptive statistics and
variable nomenclature.

3.5. Pre-processing of data

3.5.1. Correlation matrix

A correlation matrix was used to identify linear associations between
dataset features, as shown in Fig. 4. It quantifies relationships between
input variables and the output variable, with values ranging from —1
(perfect inverse correlation) to 1 (perfect direct correlation).

The correlation matrices for compressive strength (CS) shown in
Fig. 4a and split tensile strength (ST) shown in Fig. 4b of glass fibre
concrete highlight several important factors. For compressive strength,
fly ash (0.50) and superplasticizer (SP) (0.47) show moderate positive
correlations, indicating their significant influence. Conversely, micro-
silica exhibits a weak negative correlation (-0.071). For split tensile
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Fig. 3. Rate of water absorption with the cubes in the capillary tray.

Table 3
Descriptive statistics of the dataset.
Parameters Mean Standard Minimum  Maximum
deviation

MicroSilica (Kg/m®) 14.880 29.550 0 132

Fly Ash (Kg/m®) 33.141 55.494 0 137.5

fine aggregate (Kg/m>) 786.898  107.986 600 1100

coarse aggregate (Kg/ 905.322 294.943 0 1333
m®)

Cement (Kg/m>) 432.788  124.099 280 940

Water (Kg/m®) 180.281 34.545 129 319.6

Amount of fibre (Kg/ 11.970 13.775 0 53.6
m3)

SP ((Kg/m®) 5.684 6.398 0 26.37

Diameter (pm) 26.685 87.431 0 540

Length (mm) 14.093 12.168 0 50

Compressive strength 52.135 14.623 23.2 84.079
(MPa)

Split-tensile strength 4.544 1.465 2 10.010
(MPa)

strength, microsilica (0.26), amount of fibre (0.23), and superplasticizer
(SP) (0.22) show weak positive correlations, suggesting their positive
impact. Fly ash, on the other hand, shows a weak negative correlation
(-0.097). These factors are crucial in understanding the mechanical
properties of glass fibre concrete and guide further optimization of
concrete mix designs using the proposed ML algorithms.

3.5.2. Data visualization using pair plots

Scatter plots were created to visualize the pairwise relationships
among the dataset’s features for the compressive and split tensile
strengths of glass fibre concrete (GFC) using the Seaborn library in Py-
thon [49], as depicted in Figure A1 and Figure A2. These plots provide a

Construction and Building Materials 472 (2025) 140951

(b)

Fig. 2. Mixing of concrete specimens; (a) Adding GF to the mix; (b) Concrete samples in moulds.

comprehensive view of the distributions and interactions between var-
iables, offering initial insights into potential outliers and the overall data
structure. Both the correlation matrix and pair plots are crucial for
developing hypotheses about feature interactions and identifying
various trends within the data.

3.6. Proposed ML models

This section offers a summary of the ML models utilized in the
research. Six ML models were evaluated with the objective of formu-
lating a robust and accurate prediction model for the compressive and
split tensile strength of glass fibre concrete, as discussed below.

3.6.1. Support vector regression

Support Vector Regression (SVR) is a machine learning algorithm
used to predict continuous target values by mapping data into a higher-
dimensional space using a kernel function. In this space, a hyperplane is
identified that minimizes the error between predicted and actual values
within a predefined margin of tolerance, known as the epsilon (g)-tube.
This technique optimizes the tube to best fit the data for accurate pre-
dictions. [50-55].

SVR employs four types of kernel functions:

e Linear Kernel: Computes the dot product of two input vectors, suit-
able for linearly separable data.

e Polynomial Kernel: Computes the dot product raised to a power,

suitable for non-linearly separable data. Higher degrees increase

complexity and risk of overfitting.

Hyperbolic Tangent Kernel: A non-linear function similar to the

sigmoid function, less prone to overfitting compared to the poly-

nomial kernel.

o Radial Basis Function (RBF) Kernel: Based on the Gaussian distri-
bution, this non-linear function is robust against overfitting and
suitable for non-linearly separable data. The width of the kernel af-
fects the smoothness of the resulting curve.

Hyperparameters for all four kernels were optimized to ensure the
best predictive performance of the SVR model.

3.6.2. Decision tree

The Decision Tree (DT) is a non-parametric supervised machine
learning technique with a flowchart-like structure. Predictions are made
by following paths from the root to the leaf nodes, where each internal
node represents a test, and each leaf node represents the test’s outcome.
DTs can be used for both classification and regression tasks. For
regression, the tree splits the data into terminal nodes and establishes a
regression model within each node, using the feature that provides the
most significant information gain [56,57].
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Fig. 4. Correlation matrix for the input and output parameters; (a) Compressive strength; (b) Split tensile strength.

Key hyperparameters such as tree depth, minimum samples for
splitting nodes, minimum samples at leaf nodes, and maximum input
features per node are optimized to achieve the best model performance,
which has been done in this study. Although decision trees are easy to
interpret and visualize, a single tree may not capture the complexity of
the data, leading to overfitting and challenges with variance and bias.

3.6.3. Random forest regression

Random Forest Regression (RFR) is an ensemble learning technique
that enhances prediction accuracy by combining multiple decision trees.
Each decision tree is trained on a random subset of the training data and
a random subset of input features. The final prediction is obtained by
averaging the predictions from all the trees. This method, known as
bootstrap aggregation or bagging, involves creating random subsets
(bootstrap samples) of the dataset to train each tree. The use of different
bootstrap samples for each tree increases the model’s robustness and
reduces the risk of overfitting [58,59].

3.6.4. Extra tree regressor

Extra Trees Regression (ETR) builds on the Random Forest method to
improve prediction accuracy by generating and combining many diverse
decision trees. It achieves this by randomly selecting feature subsets and
split points for each feature at each node, creating a more varied
ensemble. The final prediction is the average of the predictions from all
trees. ETR is particularly robust against noisy or irrelevant features,
often leading to superior model performance [60].

3.6.5. Gradient tree boosting regression

Gradient Tree Boosting Regression (GTBR) is an advanced machine
learning algorithm used for regression and classification. It builds an
ensemble of decision trees sequentially, with each tree correcting the
errors of the previous one. Using gradient descent optimization, it iter-
atively minimizes the residuals between observed and predicted values.
This approach results in a robust and accurate model, making GTBR a
popular choice for various predictive modeling tasks [61].

3.6.6. Extreme gradient boosting (XGBoost)

XGBoost is a sequential boosting algorithm that combines multiple
decision trees to create a robust model. Starting with an initial tree, it
calculates the residuals between actual and predicted values. Each
subsequent tree is designed to correct these residuals, refining the model

layer by layer. This iterative process enhances the model’s predictive
accuracy by continuously adjusting to previous errors [62].

3.7. Shapley Additive exPlanations (SHAP)

Shapley Additive exPlanations (SHAP) is a method used to explain
the impact of individual features on model predictions. Based on coop-
erative game theory, SHAP assigns each feature an importance value,
ensuring a fair contribution distribution. This method enhances the
interpretability of model outcomes by providing a detailed under-
standing of feature impacts. In this research, SHAP analysis will be
applied to the best-performing model to examine feature contributions.
Additionally, feature dependency plots will be analyzed to explore in-
teractions between factors and their most dependent variables [63].

3.8. User friendly interface

A user-friendly interface was created using Gradio V4.36.1, a Python
library for rapid interface generation, and deployed online via Hugging
Face. After evaluating various machine learning models, the best-
performing one will be selected for its superior predictive capabilities.
This optimal model will be used to predict the compressive strength and
split tensile strength of glass fibre concrete, ensuring precision and ease
of use through the Gradio interface. The trained model file and source
code are available at this link (https://huggingface.co/spaces/Mohame
dRabie26/Glass_fibre_concrete/tree/main).

4. Criteria for performance evaluation and hyperparameter
selection

4.1. Performance evaluation criteria

Achieving optimal outcomes in statistical and data-driven models
requires continuous performance assessment during training. In this
study, each model’s hyperparameters were optimized using the Optuna
library, which performs efficient hyperparameter optimization. The ML
models underwent 5-fold cross-validation on the training dataset,
dividing it into five parts. In each iteration, four parts were used for
training, and one part for performance assessment. The model with the
best-performing hyperparameters was selected for predictions.

The performance of different ML models was evaluated using four
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metrics: Mean Absolute Percentage Error (MAPE), Mean Absolute Error
(MAE), Root Mean Squared Error (RMSE), and the Coefficient of
Determination (R?), as defined in Eqgs. 1 to 4:

MApE — 1005~ =Y [6))
n i=1 _yi
I=n .
MAE = ;Zizl lyi — ¥ ®)

I ~
RMSE =\/=% | (i = %)’ ®

R2=1- M 4)

Z?:l (.yi -y )2

wherey; and y; are the target and predicted values, respectively,y is
the mean of values, and n is the number of data points.

A superior model exhibits lower MAE and RMSE values, coupled

with a higher R? value. Where overfitting of a model shows higher error

metrics on the test set compared to the training set and a significant

discrepancy between training and test R?> values.

4.2. Hyper parameter selection

Hyperparameters are crucial elements in defining the characteristics
and learning process of a machine learning model, necessitating careful
optimization for effective performance and accuracy. This study uses
Optuna, a next-generation hyperparameter optimization framework
known for its robustness and unique features, to optimize model
hyperparameters. Compared to the traditional grid search method,
Optuna is more efficient and flexible. Leveraging techniques from deep
learning, Optuna efficiently handles high-dimensional and non-convex
parameter spaces, a common challenge in ML model optimization. Its
pruning feature stops unpromising trials early, saving computational
resources and accelerating the optimization process. Further details on
Optuna can be found in [64].

Table 4 presents a detailed overview of the optimized hyper-
parameter values and the best-performing settings, offering a compre-
hensive summary of the parameters that led to the model’s optimal
performance.

5. Results and discussion
5.1. Experimental work

5.1.1. Fresh properties

The results of the slump test for GFC concrete, as illustrated in Fig. 5.
The workability of different concrete mixes, including a control mix and
three glass fibre concrete (GFC) mixes with varying fibre contents (G-1,
G-2, and G-3). The control mix exhibited a slump value of 60 mm,
establishing the baseline for comparison. The GFC mixes, identified as G-
1(0.12 % V), G-2 (0.22 % Vy), and G-3 (0.43 % Vy), all demonstrated a
consistent slump value of 65 mm. This uniform increase in slump across
the fibre-reinforced mixes, compared to the control mix, indicates that
the inclusion of glass fibres within the tested volume fractions slightly
enhances the workability of the concrete, which was consistent to the
findings in the literature [65]. The consistent slump values among the
GFC mixes suggest that the addition of fibres, up to 0.43 %, does not
significantly hinder the workability, thereby ensuring proper compac-
tion and consolidation during placement.

5.1.2. Hardened properties

The compressive strength results indicate that the inclusion of glass
fibres impacts concrete performance at both 7 and 28 days as shown in
Fig. 6. The control mix had compressive strengths of 20.807 MPa at 7
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Table 4
Optuna optimized hyperparameters.
Model hyperparameter Range CS Value ST Value
Support vector C: [0.1, 2000] 39.94 91.76
regression (SVR)
epsilon: [0.0001, 1] 0.00084 0.00057
gamma: [auto, scale] auto auto
kernel: [rbf, linear, poly, rbf poly
sigmoid]
Decision tree (DT) max_depth: [1500] 141 92
max_features: [1,50] 39 9
min_samples_leaf: [1,50] 1 1
min_samples_split: [0,1] 0.11 0.0990
- random_state: [5] 5 5
Random forest max_depth: [10,50] 37 11
regression (RFR)
max_features: ['log2’, log2 log2
’sqrt’]
min_samples_leaf: [1,40] 1 1
min_samples_split: [2,10] 2 2
n_estimators: [50,1000] 376 641
- random_state: [5] 5 5
Extra tree regressor max_depth: [3,50] 14 37
(ETR)
- max_features: ['log2’, sqrt sqrt
’sqrt’]
min_samples_leaf: [1,40] 1 1
min_samples_split: [2,10] 2 3
n_estimators: [10,1000] 734 590
- random_state: [5] 5 5
Gradient tree boosting n_estimators: [50,1000] 867 463
(GTB)
- max_depth: [4,8] 6 4
learning rate: [0.02, 0.5] 0.0853 0.0905
subsample: [0.2, 0.5] 0.3354 0.3096
max_features: [7,50] 13 37
min_samples_split: [2,6] 6 2
min_samples_leaf: [1,40] 1 1
- random_state: [5] 5 5
Extreme gradient n_estimators’: [50,550], 500 393
boosting
(XGBoosting)
’max_depth’: [4,40], 4 18
’learning_rate’: [0.05, 0.1180 0.0881
0.3],
’subsample’: [0.2, 0.5], 0.2958 0.2680
*colsample_bylevel’: [0.6, 0.6505 0.6115
0.7],
*colsample_bynode’: [0.9, 0.9526 0.9884
1.01,
*colsample_bytree’: [0.9, 0.9895 0.9874
1.01,
‘reg_alpha’: [0, 0.1], 0.000279 0.0097
‘reg_lambda’: [0.9, 1], 0.9475 0.9172
*gamma’: [0.0, 0.1], 4.533e—-05 3.972e—-05
‘random_state’: [5] 5 5

days and 29.973 MPa at 28 days. The G-1 mix, with 0.12 % fibres,
recorded 18.477 MPa at 7 days (an 11 % reduction) and 29.613 MPa at
28 days (a 1% reduction), suggesting minimal long-term impact.
Conversely, the G-2 mix with 0.22 % fibres showed significant re-
ductions, with 16.167 MPa at 7 days (22 % decrease) and 25.390 MPa at
28 days (15 % decrease). The G-3 mix, containing 0.43 % fibres, had
18.467 MPa at 7 days (11 % decrease) and 26.327 MPa at 28 days (12 %
decrease). These results highlight that higher fibre contents consistently
impair compressive strength, whereas a moderate fibre content (G-1)
shows potential for minimal adverse effects over time.

The split tensile strength results demonstrate the varying effects of
glass fibre content on concrete as illustrated in Fig. 7. The control mix
exhibited a split tensile strength of 2.004 MPa. The G-1 mix, with 0.12 %
fibres, showed a slight increase to 2.017 MPa, reflecting a 1%
improvement. The G-2 mix, containing 0.22 % fibres, significantly
enhanced the split tensile strength to 3.415 MPa, marking a substantial
70 % increase. Similarly, the G-3 mix with 0.43 % fibres achieved a split



Construction and Building Materials 472 (2025) 140951

M. Rabie and 1.G. Shaaban

%

7

e nan ey
RNy,
B LR Y
555555 505605555555 555 5506000445555

75

N EF YR Y Y EE
CLLGziizsiziiaeiz
CELiEziizsiziiiei:
PR R R R R R R R R R
o n o n o
~ (\o} O N wn

(ww) dwn|s

G-1 G-2 G-3

Control

Fig. 5. Slump test results.

o7d
E128d

35

o
m

LN o n o
~ o~ — —

(ediNl) Yy18uaus anissasdwo)

Control

Fig. 6. Compressive strength results for 7 days and 28 days.

ST %

B R RN Ry

T
\'\."!"-\."\.\
e
R
s
e
R
e
s
s
e
s
s
e
A

™ n ~ n — n
~ — o

(ed) ya8uans ajisuay Hids

3.5

G-3

G-2

G-1

Control

Fig. 7. Split tensile strength of glass fibre concrete.



M. Rabie and 1.G. Shaaban

tensile strength of 3.075 MPa, corresponding to a 53 % increase. These
results indicate that increasing glass fibre content positively influences
the split tensile strength, with the most notable improvement observed
at 0.22 % fibre content.

The observed differences in compressive and split tensile strength
results for glass fibre concrete (GFC) are due to several factors. In
compressive strength tests, higher fibre content can introduce micro-
cracks and weak points, leading to reduced strength, while in split
tensile strength tests, fibres effectively bridge cracks, enhancing tensile
capacity [66]. The orientation and distribution of fibres, along with the
fibre-matrix bonding, play crucial roles; fibres tend to align and bond
better under tensile stress, improving tensile strength significantly [67,
68]. Additionally, higher fibre content can cause stress concentrations
and non-uniform stress distribution in compressive loading, further
reducing compressive strength. These factors collectively explain why
higher fibre content improves split tensile strength but impairs
compressive strength.

5.1.3. Rate of water absorption

The results for the rate of water absorption are shown in Fig. 8. The
control mix shows a gradual increase in capillary absorption from
0.000422 g/mm? at 1 minute to 0.006936 g/mm? at 10,080 minutes.

In contrast, the GFC mixes exhibit higher initial and long-term ab-
sorption rates. At 1 minute, G-1, G-2, and G-3 have absorption rates of
0.00084 g/mm?, 0.00064 g/mm?, and 0.0006933 g/mm?, respectively.
Over time, these rates increase more significantly compared to the
control. At 10,080 minutes, G-1 reaches 0.01 g/mm? G-2 reaches
0.01001 g/mm?, and G-3 reaches 0.0103911 g/mm?>.

The increased absorption rates in the GFC mixes suggest that the
inclusion of glass fibres, particularly at higher percentages, leads to
greater porosity and micro-cracking, facilitating more water ingress
[13]. G-3, with the highest fibre content (0.43 % V), consistently shows
the highest absorption values across all time points, indicating the most
significant increase in permeability. These findings highlight the ne-
cessity to balance the mechanical benefits of fibre reinforcement with
potential impacts on concrete durability, especially regarding water
absorption and long-term performance.

5.1.4. Bulk density

Fig. 9 illustrates the bulk density (kg/m®) of the control mix and
three glass fibre reinforced concrete (GFC) mixes with varying fibre
contents (G-1, G-2, and G-3). The control mix shows the highest bulk
density at approximately 2195 kg/m® . The G-1 mix (0.12 % V) has a
slightly lower bulk density, around 2185 kg/m®. The bulk density
further decreases with increasing fibre content, with the G-2 mix
(0.22 % V) at approximately 2170 kg/m?® and the G-3 mix (0.43 % Vy)
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at around 2150 kg/m?® . This trend suggests that the inclusion of glass
fibres reduces the overall density of the concrete, likely due to the
lightweight nature of the fibres and the increased void content resulting
from fibre dispersion.

5.1.5. Moisture content

Fig. 10 displays the moisture content (%) of the control mix and the
three GFC mixes. The control mix has a moisture content of about 5 %.
The G-1 mix shows a slight increase to approximately 5.2 %. The G-2
and G-3 mixes exhibit further increases in moisture content, with values
around 5.8 % and 6.2 %, respectively. These results indicate that the
addition of glass fibres, particularly at higher contents, increases the
moisture content of the concrete. This could be attributed to the higher
porosity and larger surface area introduced by the fibres, which en-
hances the concrete’s ability to absorb and retain moisture [13].

5.2. Performance of ML models

5.2.1. Compressive strength

Table 5 presents the performance indices for compressive strength
prediction using various machine learning (ML) models, evaluated
across training, test, and whole datasets as shown in Fig. 11. The metrics
considered are Mean Absolute Percentage Error (MAPE), Mean Absolute
Error (MAE), Root Mean Squared Error (RMSE), and the Coefficient of
Determination (R2).

SVR demonstrated a MAPE of 9.07 % on the training dataset and
6.77 % on the test dataset. The MAE and RMSE for the training dataset
were 0.053 MPa and 0.110 MPa, respectively, with an R? of 0.784. For
the test dataset, the MAE was 0.060 MPa, the RMSE was 0.084 MPa, and
the R?was 0.837. These results indicate moderate accuracy, with better
performance on the test dataset compared to training.

The Decision Tree model achieved a MAPE of 6.71 % on the training
dataset and 7.88 % on the test dataset. The training dataset showed an
MAE of 0.052 MPa and an RMSE of 0.071 MPa, with an R%of 0.912. The
test dataset results included an MAE of 0.066 MPa, an RMSE of
0.108 MPa, and an R2of 0.734. The DT model exhibited strong perfor-
mance on the training data but showed a decrease in accuracy on the test
data.

RFR displayed a MAPE of 3.11 % on the training dataset and 4.88 %
on the test dataset. The training dataset had an MAE of 0.021 MPa and
an RMSE of 0.030 MPa, with an R%of 0.986. On the test dataset, the MAE
was 0.039 MPa, the RMSE was 0.049 MPa, and the R? was 0.946. These
results highlight RFR’s high accuracy and robustness, particularly on the
training dataset.

ETR yielded a MAPE of 9.07 % on the training dataset and 3.90 % on
the test dataset. The MAE and RMSE for the training dataset were
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Table 5

Performance indices for different ML algorithms in predicting the compressive strength of GFC.

Training dataset

Test dataset

Models MAPE (%) MAE (MPa) RMSE (MPa) R? MAPE (%) MAE (MPa) RMSE (MPa) R?

SVR 9.07 0.053 0.110 0.784 6.77 0.060 0.084 0.837
DT 6.71 0.052 0.071 0.912 7.88 0.066 0.108 0.734
RFR 3.11 0.021 0.030 0.986 4.88 0.039 0.049 0.946
ETR 9.07 0.053 0.110 0.784 3.90 0.031 0.045 0.954
GTBR 0.00 1.31E-08 2.13E-08 1.000 3.53 0.030 0.037 0.968
XGBoosting 0.70 0.0051 0.007 0.999 4.20 0.035 0.048 0.948

0.053 MPa and 0.110 MPa, respectively, with an R%of 0.784. For the test
dataset, the MAE was 0.031 MPa, the RMSE was 0.045 MPa, and the
R?was 0.954. This model showed excellent performance on the test
dataset, indicating strong generalization ability.

GTBR achieved exceptional results with a MAPE of 0.00 % on the
training dataset and 3.53 % on the test dataset. The MAE and RMSE for
the training dataset were negligible, with an R?of 1.000. For the test
dataset, the MAE was 0.030 MPa, the RMSE was 0.037 MPa, and the
R?was 0.968. These metrics demonstrate GTBR’s superior performance,
particularly in terms of accuracy and predictive reliability.

XGBoosting also performed excellently, with a MAPE of 0.70 % on

the training dataset and 4.20 % on the test dataset. The MAE and RMSE
for the training dataset were 0.0051 MPa and 0.007 MPa, respectively,
with an R%of 0.999. On the test dataset, the MAE was 0.035 MPa, the
RMSE was 0.048 MPa, and the R>was 0.948. These results indicate that
XGBoosting is highly accurate and reliable across datasets.

Among the models evaluated, the Gradient Tree Boosting Regression
(GTBR) emerged as the best performer, exhibiting near-perfect accuracy
on the training dataset and maintaining high performance on the test
dataset. This model’s superior metrics, including the lowest MAPE and
high R? values across datasets, underscore its robustness and reli-
ability for predicting compressive strength.
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Fig. 11. Comparison of experimental and predicted compressive strength based on different ML algorithms; (a) SVR; (b) DT; (c) random forest; (d) extremely

randomized trees; (e) gradient tree boosting; and (f) XGBoost.

5.2.2. Split tensile strength

Table 6 presents performance indices for predicting split tensile
strength using various machine learning (ML) models, evaluated across
training, test, and whole datasets as shown in Fig. 12.

The SVR model achieved a MAPE of 5.50 % on the training dataset

10

and 14.60 % on the test dataset. The MAE and RMSE for the training
dataset were 0.018 MPa and 0.034 MPa, respectively, with an R%of
0.949. For the test dataset, the MAE was 0.066 MPa, the RMSE was
0.109 MPa, and the R> was 0.767. These results indicate good training
performance but significantly lower accuracy on the test dataset, sug-
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Table 6
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Performance indices for different ML algorithms in predicting the split tensile strength of GFC.

Training dataset

Test dataset

Models MAPE (%) MAE (MPa) RMSE (MPa) R? MAPE (%) MAE (MPa) RMSE (MPa) R?

SVR 5.50 0.018 0.034 0.949 14.60 0.066 0.109 0.767
DT 5.20 0.025 0.034 0.957 10.32 0.054 0.09 0.843
RFR 2.61 0.010 0.016 0.989 10.96 0.052 0.085 0.859
ETR 5.50 0.018 0.034 0.949 12.07 0.054 0.089 0.846
GTBR 0.00 1.20E-06 1.59E-06 1.000 6.40 0.033 0.048 0.954
XGBoosting 1.78 0.008 0.010 0.996 9.78 0.046 0.071 0.900

gesting potential overfitting.

The Decision Tree model showed a MAPE of 5.20 % on the training
dataset and 10.32 % on the test dataset. The MAE and RMSE for the
training dataset were 0.025 MPa and 0.034 MPa, respectively, with an
R2%0f 0.957. On the test dataset, the MAE was 0.054 MPa, the RMSE was
0.090 MPa, and the R? was 0.843. The DT model demonstrated strong
training performance and reasonable accuracy on the test dataset,
indicating balanced performance.

The RFR model exhibited a MAPE of 2.61 % on the training dataset
and 10.96 % on the test dataset. The MAE and RMSE for the training
dataset were 0.010 MPa and 0.016 MPa, respectively, with an R? of
0.989. For the test dataset, the MAE was 0.052 MPa, the RMSE was
0.085 MPa, and the R?> was 0.859. These results highlight RFR’s high
accuracy on the training data and robust performance on the test data.

The ETR model achieved a MAPE of 5.50 % on the training dataset
and 12.07 % on the test dataset. The MAE and RMSE for the training
dataset were 0.018 MPa and 0.034 MPa, respectively, with an R®> of
0.949. For the test dataset, the MAE was 0.054 MPa, the RMSE was
0.089 MPa, and the R? was 0.846. This model demonstrated balanced
performance across both datasets, with slightly better generalization
than SVR.

The GTBR model excelled with a MAPE of 0.00 % on the training
dataset and 6.40 % on the test dataset. The MAE and RMSE for the
training dataset were negligible, with an R> of 1.000. On the test
dataset, the MAE was 0.033 MPa, the RMSE was 0.048 MPa, and the
R? was 0.954. These metrics illustrate GTBR’s superior accuracy and
predictive reliability, particularly on the test data.

XGBoosting also performed exceptionally well, with a MAPE of
1.78 % on the training dataset and 9.78 % on the test dataset. The MAE
and RMSE for the training dataset were 0.008 MPa and 0.010 MPa,
respectively, with an R? of 0.996. For the test dataset, the MAE was
0.046 MPa, the RMSE was 0.071 MPa, and the R? was 0.900. These
results indicate XGBoosting’s high accuracy and reliability across
datasets.

Among the models evaluated, the Gradient Tree Boosting Regression
(GTBR) emerged as the best performer, showing near-perfect accuracy
on the training dataset and maintaining excellent performance on the
test dataset. Its superior metrics, including the lowest MAPE and highest
R? values, underscore its robustness and reliability for predicting split
tensile strength.

5.3. Explainability and feature importance

The SHAP analysis reveals distinct patterns in how various features
influence compressive strength and split tensile strength of concrete. As
shown in Fig. 13 for compressive strength, fly ash emerges as the most
critical factor, negatively impacting strength as its content increases.
Cement content, however, plays a vital role in enhancing compressive
strength, consistent with its function as a primary binding agent in
concrete. Fine aggregate and water content also significantly influence
compressive strength, with higher water content leading to reduced
strength due to increased porosity.

In contrast as shown in Fig. 14, for split tensile strength, fine
aggregate is the most influential feature, positively affecting the tensile
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capacity of concrete. Cement content again shows a strong positive
impact, indicating its fundamental role in both compressive and tensile
properties. Interestingly, the amount of fibre has a more pronounced
positive effect on split tensile strength than on compressive strength,
highlighting the fibres’ role in improving concrete’s resistance to tensile
stresses. Fibers enhance the split tensile strength by bridging cracks and
providing additional tensile capacity within the concrete matrix. This
enhancement underscores the importance of fibre content in applica-
tions where tensile strength is critical, such as in pavements and precast
concrete elements.

Water content’s negative impact on tensile strength aligns with its
effect on compressive strength, further emphasizing the importance of
optimal water-cement ratios in concrete mix designs. The presence of
superplasticizers (SP) and other admixtures also plays a role, though to a
lesser extent, in fine-tuning the properties of both types of strength.

Overall, the SHAP analysis underscores the need to tailor concrete
mix designs to balance both compressive and tensile properties,
considering the distinct influences of various features. These insights are
crucial for developing high-performance concrete with optimized me-
chanical properties for diverse structural applications.

5.4. User-friendly interface

user-friendly interface has been developed and deployed online,
accessible through the following link: (https://huggingface.co/space
s/MohamedRabie26/Glass_fibre_concrete). This tool allows users to
utilize the optimum machine learning model identified in this study, the
Gradient Tree Boosting Regression (GTBR) model, to predict the
compressive and split tensile strengths of glass fibre concrete. The tool
leverages the ten factors investigated in this study for its predictions.

The interface features sliders that enable users to select values within
the range of the data collected, ensuring accurate predictions based on
the trained ML models and dataset. To switch between models, users can
click on the “Split Tensile Strength” tab in the top left corner for split
tensile strength predictions and click the corresponding tab for
compressive strength predictions. Fig. 15 provides a screenshot of the
tool, illustrating its application for both compressive and split tensile
strength predictions of glass fibre concrete. This tool facilitates easy and
precise assessments, making it an invaluable resource for practitioners
and researchers in the field.

6. Conclusions

In this research, extensive experimental work was conducted to
evaluate the mechanical and durability properties GFC focusing on
compressive strength and split tensile strength, which are crucial in civil
engineering. The experimental data was combined with a dataset
sourced from previous studies, encompassing 108 data points for
compressive strength and 87 for split tensile strength. Various machine
learning (ML) algorithms were examined, including Support Vector
Regression (SVR), Decision Tree (DT), Random Forest Regression (RFR),
Extra Trees Regressor (ETR), Gradient Tree Boosting (GTBR), and
Extreme Gradient Boosting (XGBoosting). The dataset was split, with
80 % allocated for training and 20 % for testing. Optuna library was
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Fig. 12. Comparison of experimental and predicted split tensile strength based on different ML algorithms; (a) SVR; (b) DT; (c) random forest; (d) extremely

randomized trees; (e) gradient tree boosting; and (f) XGBoost.

used for hyperparameter optimization. Model performance was assessed
using key statistical indicators such as MAE, MAPE, RMSE, and R2.
Additionally, SHAP (Shapley Additive exPlanations) analysis was
employed to determine the influence of each feature on the models’
predictions, providing deeper insights into feature importance. This

approach integrates rigorous experimental work with advanced ML
techniques to enhance the predictability of GFC properties.
From the presented study, the following key conclusions can be

drawn:

12



M. Rabie and 1.G. Shaaban

High
Fly Ash (Kg/m3) oo on.
Cement (Kg/m3)
fine aggregate(Kg/m3) "
Water (Kg/m3)
Amount of fibre (Kg/m3)

SP (Kg/m3)

Feature value

Length (mm)
Diameter (um)
coarse aggregate (Kg/m3)

MicroSilica (Kg/m3)

T T T T Low
-0.2 0.0 0.2 0.4
SHAP value (impact on model output)

(a)

Construction and Building Materials 472 (2025) 140951

Fly Ash (Kg/m3)

Cement (Kg/m3)

fine aggregate(Kg/m3)
Water (Kg/m3)

Amount of fibre (Kg/m3)
SP (Kg/m3)

Length (mm)

Diameter (um)

coarse aggregate (Kg/m3)

MicroSilica (Kg/m3)

0.00 0.02 0.04 0.06 0.08 0.10
mean(|SHAP value|) (average impact on model output magnitu

(b)
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Fig. 14. SHAP analysis; (a) SHAP summary plot of the split tensile strength predictions (MPa); (b) ranking of feature’s impact on the prediction model.

e The inclusion of glass fibres in concrete showed varying effects on
compressive and split tensile strengths.

The G-1 mix (0.12 % fibres) had a minimal impact on compressive
strength, with an 11 % reduction at 7 days and a 1 % reduction at 28
days.

Higher fibre content (G-2 with 0.22 % and G-3 with 0.43 %) resulted
in more significant reductions in compressive strength, with de-
creases up to 22 % at 7 days and 15 % at 28 days.

Split tensile strength was positively influenced by higher fibre con-
tent, with the G-2 mix showing a 70 % increase and the G-3 mix
showing a 53 % increase compared to the control mix at 28 days.
Gradient Tree Boosting (GTBR): Emerged as the most accurate model
for both the compressive strength and split tensile strength of GFC.
SHAP analysis indicated that factors such as fine aggregate content,
cement content, and the amount of glass fibre significantly
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influenced the models’ predictions, highlighting their critical roles in
determining the mechanical properties of GFC.

e An online user-friendly interface was developed to enable academics
and professionals to efficiently estimate the mechanical properties of
GFC based on the optimum ML model. This tool, featuring interactive
sliders for input variables, ensures precise predictions within the
collected data range.

These findings demonstrate the effectiveness of integrating experi-
mental work with advanced ML techniques to enhance the predictability
and understanding of GFC properties, ultimately contributing to more
efficient and durable concrete formulations.
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Appendix B

Dataset parameters for compressive strength of GFC

MicroSilica Fly Ash Fine Coarse Cement Water Amount of SP Diameter Length Compressive
(Kg/m3) (Kg/ aggregate aggregate (Kg/ (Kg/ms) (Kg/ms) fibre (Kg/ms) (Kg/ (pm) (mm) strength (MPa)
m®) (Kg/m®) m® m®)
0 0 780 1140 380 186 0 0 0 0 61
0 0 780 1140 380 186 0.19 0 14 12 65.67
0 0 780 1140 380 186 0.38 0 14 12 72
0 0 780 1140 380 186 0.57 0 14 12 68.67
0 0 780 1140 380 186 0.76 0 14 12 54.67
0 0 680 1225 440 157 0 0 0 0 51.582
0 0 680 1225 440 157 2.4 0 12 50 52.34
0 0 680 1225 440 157 3.2 0 12 50 54.044
0 0 680 1225 440 157 4 0 12 50 55.432
0 0 680 1225 440 157 4.8 0 12 50 60
0 0 680 1225 440 157 2.4 0 14 15 56.014
0 0 680 1225 440 157 3.2 0 14 15 56.77
0 0 680 1225 440 157 4 0 14 15 60.26
0 0 680 1225 440 157 4.8 0 14 15 62.417
0 0 1100 740 350 175 0 3.5 0 0 43.916
0 0 1100 740 350 175 0.5 3.5 185 24 45.66
0 0 1100 740 350 175 1 3.5 18.5 24 45.916
0 0 1100 740 350 175 2 3.5 18.5 24 45
0 0 1100 740 350 175 3 3.5 18.5 24 43.416
0 0 765 935 400 200 0 0 0 0 53.38
0 0 765 935 400 200 6.25 0 14 12 54.77
26.5 0 740 890 503.5 195 1.007 10.07 14 12 46.75
26.5 0 740 890 503.5 195 2.014 10.07 14 12 48.7
26.5 0 740 890 503.5 195 3.021 10.07 14 12 50.05
26.5 0 740 890 503.5 195 4.028 10.07 14 12 46.72
0 120 764 1147 280 166 0 2 0 0 41.8
0 120 759 1138 280 166 12.9 2 540 36 45.6
0 120 754 1130 280 166 25.8 2 540 36 47
0 120 748 1122 280 166 38.7 2 540 36 47.5
0 0 825 980 355 195 0 0 0 0 38.027
0 0 825 980 355 195 6.5 0.89 14 12 38.583
0 0 825 980 355 195 13 1.45 14 12 39.76
0 0 825 980 355 195 19.5 2.31 14 12 39.88
0 0 825 980 355 195 26 2.84 14 12 39.22
22 86 655 1165 280 129 0 6.45 0 0 28.8
22 86 655 1165 280 129 10.62 6.45 15 12 35.5
22 86 655 1165 280 129 21.24 6.45 15 12 42.2
22 86 655 1165 280 129 30.68 6.45 15 12 43.9
55 0 600 950 550 143 0 18 0 0 52
55 0 600 950 550 143 13 18 14 36 53.75
55 0 600 950 550 143 19.5 18 14 36 55
55 0 600 950 550 143 26 18 14 36 56.84
55 0 600 950 550 143 32.5 18 14 36 58.12
55 0 600 950 550 143 39 18 14 36 58
55 0 600 950 550 143 45.5 18 14 36 56.3
55 0 600 950 550 143 52 18 14 36 54.67
0 0 791.27 1237.8 328.33 147.74 0 4.92 0 0 40.2
0 0 791.27 1237.8 328.33 147.74 13.4 4.92 22 6 42.6
0 0 791.27 1237.8 328.33 147.74 26.8 4.92 22 6 45.7
0 0 791.27 1237.8 328.33 147.74 40.2 4.92 22 6 44.3
0 0 791.27 1237.8 328.33 147.74 53.6 4.92 22 6 43.7
0 40 749 1333 362 181 0 3.2 0 0 41.9
0 40 749 1333 362 181 2.4 3.2 14 18 40.6
0 40 749 1333 362 181 4.8 3.2 14 18 44.7
0 40 749 1333 362 181 7.2 3.2 14 18 42.1
56 0 770 350 560 170 0 5.6 0 0 24.53
56 0 770 350 560 170 11.2 5.6 28 23 26.37
56 0 770 350 560 170 22.4 5.6 28 23 27.5
56 0 770 350 560 170 33.6 5.6 28 23 28.76
56 0 770 350 560 170 44.8 5.6 28 23 27.66

Dataset parameters for compressive strength of GFC (continued)
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MicroSilica Fly Ash Fine Coarse Cement Water Amount of SP Diameter Length Compressive
(Kg/m3) (Kg/m3) aggregate aggregate (Kg/ (Kg/ms) (Kg/m3) fibre (Kg/ (Kg/ (pm) (mm) strength (MPa)
(Kg/m®) m®) m®) m®)
0 0 845 880 390 221.38 0 0 0 0 38.94
0 0 845 880 390 221.38 6.5 0.45 14 12 42.71
0 0 845 880 390 221.38 13 0.98 15 12 42.26
0 0 845 880 390 221.38 19.5 213 16 12 41.46
132 0 940 0 940 319.6 0 3.4 0 0 40
132 0 940 0 940 319.6 7 3.4 14 20 50.21
132 0 940 0 940 319.6 21 3.4 14 20 55.83
132 0 940 0 940 319.6 35 3.4 14 20 59.17
0 0 900 650 450 190 0 5 0 0 71.26
0 0 900 650 450 190 2.68 5.12 14 12 70.4
0 0 900 650 450 190 5.36 5.15 14 12 70
0 0 900 650 450 190 8.04 5.4 14 12 68.45
0 0 900 650 450 190 10.72 5.65 14 12 67.377
0 0 900 650 450 190 13.4 5.85 14 12 63.836
0 0 900 650 450 190 16.08 6 14 12 60.662
0 0 900 650 450 190 18.76 6.15 14 12 53.36
0 0 900 650 450 190 21.44 6.25 14 12 47.606
0 0 865 1075 335 182 0 0 0 0 34.597
0 0 862 1072 335 182 6.5 0.56 14 12 35.169
0 0 859 1069 335 182 13 1.4 14 12 36.838
0 0 852 1062 335 182 26 2.35 14 12 35.468
0 137.5 768.5 768.6 412.5 192.5 0 5.5 0 0 71.767
0 137.5 768.5 768.6 412.5 192.5 9.1 6.05 13 12 70.882
0 137.5 768.5 768.6 412.5 192.5 18.2 7.15 13 12 70.503
0 137.5 768.5 768.6 412.5 192.5 26 7.69 13 12 73.157
0 137.5 768.5 768.6 412.5 192.5 39 8.79 13 12 74.548
11 137.5 766.6 766.6 401.5 192.5 0 7.14 0 0 74.522
11 137.5 766.6 766.6 401.5 192.5 9.1 12.08 13 12 74.169
11 137.5 766.6 766.6 401.5 192.5 18.2 13.18 13 12 74.421
11 137.5 766.6 766.6 401.5 192.5 26 14.28 13 12 74.978
11 137.5 766.6 766.6 401.5 192.5 39 15.93 13 12 78.163
22 137.5 764.7 764.8 390.5 192.5 0 20.88 0 0 77.733
22 137.5 764.7 764.8 390.5 192.5 9.1 21.99 13 12 78.656
22 137.5 764.7 764.8 390.5 192.5 18.2 23.62 13 12 80.919
22 137.5 764.7 764.8 390.5 192.5 26 24.72 13 12 81.323
22 137.5 764.7 764.8 390.5 192.5 39 26.37 13 12 84.079
0 0 751.319 1010.35 450 162 0 0 0 0 47.77
0 0 751.319 1010.35 450 162 0.54 0 13 6 50.19
0 0 751.319 1010.35 450 162 0.81 0 13 6 53.66
0 0 751.319 1010.35 450 162 1.08 0 13 6 57.33
0 133.19 853.1 782.6 430 154.8 0 4.5 0 0 54.44
0 133.19 853.1 782.6 430 154.8 0.54 4.5 13 6 57.55
0 133.19 853.1 782.6 430 154.8 0.81 4.5 13 6 61.33
0 133.19 853.1 782.6 430 154.8 1.08 4.5 13 6 65.55
0 0 752 1158 440 176 0 0 0 0 29.973
0 0 752 1158 440 176 3.3 0 14 12 29.633
0 0 752 1158 440 176 5.808 0 14 12 23.2
0 0 752 1158 440 176 11.572 0 14 12 26.327
Appendix C

Dataset parameters for split tensile strength of GFC

MicroSilica Fly Ash Fine aggregate  Coarse Cement Water Amount of Sp Diameter Length Split-tensile
(Kg/1 m3) (Kg/ m3) (Kg/ m3) aggregate (Kg/ (Kg/ 'm? ) (Kg/1 m3) fibre (Kg/ ms) (Kg/ (pm) (mm) strength (MPa)
m? ms)

0 0 680 1225 440 157 0 0 0 0 4.278

0 0 680 1225 440 157 2.4 0 12 50 4.351

0 0 680 1225 440 157 3.2 0 12 50 4.4732

0 0 680 1225 440 157 4 0 12 50 4.635

0 0 680 1225 440 157 4.8 0 12 50 4.808

0 0 680 1225 440 157 2.4 0 14 15 4.523

0 0 680 1225 440 157 3.2 0 14 15 4.685

0 0 680 1225 440 157 4 0 14 15 4.857

0 0 680 1225 440 157 4.8 0 14 15 4.908

0 0 1100 740 350 175 0 3.5 0 0 3.659

Dataset parameters for split tensile strength of GFC (continued)
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MicroSilica Fly Ash Fine aggregate = Coarse Cement Water Amount of SP Diameter Length Split-tensile
(Kg/m3) (Kg/m3) (Kg/m3) aggregate (Kg/ (Kg/m3) (Kg/m3) fibre (Kg/m3) (Kg/ (pm) (mm) strength (MPa)
m® m3)

0 0 1100 740 350 175 0.5 3.5 18.5 24 3.805
0 0 1100 740 350 175 1 3.5 185 24 4
0 0 1100 740 350 175 2 3.5 18.5 24 3.861
0 0 1100 740 350 175 3 3.5 18.5 24 3.625
0 0 765 935 400 200 0 0 0 0 3.03
0 0 765 935 400 200 6.25 0 14 12 3.61
26.5 0 740 890 503.5 195 1.007 10.07 14 12 6.55
26.5 0 740 890 503.5 195 2.014 10.07 14 12 6.82
26.5 0 740 890 503.5 195 3.021 10.07 14 12 7.01
26.5 0 740 890 503.5 195 4.028 10.07 14 12 6.54
0 0 825 980 355 195 0 0 0 0 2.781
0 0 825 980 355 195 6.5 0.89 14 12 3.3
0 0 825 980 355 195 13 1.45 14 12 3.373
0 0 825 980 355 195 19.5 2.31 14 12 3.365
0 0 825 980 355 195 26 2.84 14 12 3.277
22 86 655 1165 280 129 0 6.45 0 0 7.18
22 86 655 1165 280 129 10.62 6.45 15 12 7.69
22 86 655 1165 280 129 21.24 6.45 15 12 9.2
22 86 655 1165 280 129 30.68 6.45 15 12 10.01
55 0 600 950 550 143 0 18 0 0 4.99
55 0 600 950 550 143 13 18 14 36 5.15
55 0 600 950 550 143 19.5 18 14 36 5.43
55 0 600 950 550 143 26 18 14 36 5.67
55 0 600 950 550 143 325 18 14 36 5.87
55 0 600 950 550 143 39 18 14 36 5.76
55 0 600 950 550 143 45.5 18 14 36 5.43
55 0 600 950 550 143 52 18 14 36 5.29
0 0 791.27 1237.8 328.33 147.74 26.8 4.92 22 6 4.8
0 40 749 1333 362 181 0 3.2 0 0 3.74
0 40 749 1333 362 181 2.4 3.2 14 18 3.75
0 40 749 1333 362 181 4.8 3.2 14 18 4.41
0 40 749 1333 362 181 7.2 3.2 14 18 3.78
56 0 770 350 560 170 0 5.6 0 0 2.09
56 0 770 350 560 170 11.2 5.6 28 23 3.03
56 0 770 350 560 170 22.4 5.6 28 23 4.13
56 0 770 350 560 170 33.6 5.6 28 23 5.33
56 0 770 350 560 170 44.8 5.6 28 23 4.24
0 0 845 880 390 221.38 0 0 0 0 3.14
0 0 845 880 390 221.38 6.5 0.45 14 12 3.57
0 0 845 880 390 221.38 13 0.98 15 12 3.71
0 0 845 880 390 221.38 19.5 2.13 16 12 3.65
0 0 900 650 450 190 0 5 0 0 5.741
0 0 900 650 450 190 2.68 5.12 14 12 5.852
0 0 900 650 450 190 5.36 5.15 14 12 5.981
0 0 900 650 450 190 8.04 5.4 14 12 6.089
0 0 900 650 450 190 10.72 5.65 14 12 6.263
0 0 900 650 450 190 13.4 5.85 14 12 6.350
0 0 900 650 450 190 16.08 6 14 12 6.566
0 0 900 650 450 190 18.76 6.15 14 12 6.678
0 0 900 650 450 190 21.44 6.25 14 12 6.695
0 137.5 768.5 768.6 412.5 192.5 0 5.5 0 0 3.101
0 137.5 768.5 768.6 412.5 192.5 9.1 6.05 13 12 3.249
0 137.5 768.5 768.6 412.5 192.5 18.2 7.15 13 12 3.402
0 137.5 768.5 768.6 412.5 192.5 26 7.69 13 12 3.649
0 137.5 768.5 768.6 412.5 192.5 39 8.79 13 12 3.901
11 137.5 766.6 766.6 401.5 192.5 0 7.14 0 0 3.249
11 137.5 766.6 766.6 401.5 192.5 9.1 12.08 13 12 3.515
11 137.5 766.6 766.6 401.5 192.5 18.2 13.18 13 12 3.697
11 137.5 766.6 766.6 401.5 192.5 26 14.28 13 12 3.818
11 137.5 766.6 766.6 401.5 192.5 39 15.93 13 12 4.047
22 137.5 764.7 764.8 390.5 192.5 0 20.88 0 0 3.58
22 137.5 764.7 764.8 390.5 192.5 9.1 21.99 13 12 3.69
22 137.5 764.7 764.8 390.5 192.5 18.2 23.62 13 12 3.951
22 137.5 764.7 764.8 390.5 192.5 26 24.72 13 12 4.153
22 137.5 764.7 764.8 390.5 192.5 39 26.37 13 12 4.387
0 0 751.319 1010.35 450 162 0 0 0 0 3.6
0 0 751.319 1010.35 450 162 0.54 0 13 6 3.78

Dataset parameters for split tensile strength of GFC (continued)

19



M. Rabie and I.G. Shaaban

Construction and Building Materials 472 (2025) 140951

MicroSilica Fly Ash Fine aggregate  Coarse Cement Water Amount of Sp Diameter Length Split-tensile
(Kg/ma) (Kg/m3) (Kg/m3) aggregate (Kg/ (Kg/ma) (Kg/m3) fibre (Kg/m3) (Kg/ (pm) (mm) strength (MPa)
m3 m?)

0 0 751.319 1010.35 450 162 0.81 0 13 6 3.92
0 0 751.319 1010.35 450 162 1.08 0 13 6 4.1
0 133.19 853.1 782.6 430 154.8 0 4.5 0 0 3.85
0 133.19 853.1 782.6 430 154.8 0.54 4.5 13 6 4.13
0 133.19 853.1 782.6 430 154.8 0.81 4.5 13 6 4.24
0 133.19 853.1 782.6 430 154.8 1.08 4.5 13 6 4.39
0 0 752 1158 440 176 0 0 0 0 2
0 0 752 1158 440 176 3.3 0 14 12 21
0 0 752 1158 440 176 5.808 0 14 12 3.41
) 0 752 1158 440 176 11.572 0 14 12 3.07
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