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Abstract

This study employs Scheffe’s Simplex Lattice Design to predict and optimize the split tensile
strength of concrete incorporating reclaimed asphalt pavement (RAP) as a partial replacement for
natural coarse aggregates. A {5,2} augmented Simplex Lattice, executed in Minitab 22, generated
21 experimental runs to evaluate the effects of cement, sand, water, natural coarse aggregates, and
RAP. Pseudo-components were transformed into real ratios using a matrix-based approach, ensuring
accurate mixture proportion representation. A quadratic regression model, with an R? of 92.89%
and a significant F-value of 0.98 (p = 0.049), demonstrated strong predictive accuracy. All main
components exhibited significant effects, with low variance inflation factors (VIF ~ 1.59) indicating
minimal multicollinearity. Optimal split tensile strength (3.14 N/mm?) was observed in a sand-
dominated mixture (Run 18), closely matching the predicted 3.118 N/mm?. Experimental results
highlighted that a 75% RAP replacement maximized 28-day split tensile strength (3.05 N/mm?),
suggesting RAP’s viability as a sustainable aggregate. Residual analysis and a lack-of-fit p-value of
0.032 confirmed model adequacy. These findings offer a robust framework for optimizing concrete
mixtures, advancing sustainable construction practices and predictive modeling in civil engineering.
Keywords: concrete, split tensile strength, scheffe’s simplex lattice, reclaimed asphalt pavement,
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1. Introduction

The split tensile strength of concrete is a critical parameter
influencing the durability and structural integrity of concrete
members subjected to tensile stresses [1]. Unlike compressive
strength, which is more commonly studied, tensile strength
is often more challenging to predict due to the heterogeneous
and brittle nature of concrete. Accurate modeling of split
tensile strength is essential for the design and optimization
of concrete mixes, especially when incorporating alternative
materials [2]. These materials can alter the microstructure
and mechanical behavior of concrete, necessitating robust
predictive tools to ensure performance consistency [3], [4].

Scheffe’s simplex lattice design has been widely adopted
as an effective statistical tool for modeling and optimizing
concrete properties involving multiple mixture components.
This approach allows researchers to systematically explore
the effects of varying proportions of constituents on
mechanical properties, including strength parameters [5], [6].
For instance, prior studies have successfully employed
Schefte’s method to model compressive strength and modulus
of rupture in concretes incorporating waste materials,
illustrating the model’s adaptability and predictive power
[6], [7]. However, there remains a significant research gap
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in the application of this method specifically to split tensile
strength, which exhibits different failure mechanisms and
sensitivities compared to compressive or flexural strength.

The limited predictive models addressing split tensile
strength often fail to capture the complex interaction effects
between cement, aggregates, and supplementary materials,
leading to suboptimal mix designs and potential structural
inefficiencies [8]. Furthermore, variability in waste material
properties and curing conditions poses additional challenges
to model generalizability [9]. Thus, applying Schefte’s simplex
lattice design to develop a predictive model for split tensile
strength represents a promising avenue for advancing
concrete technology, enabling more sustainable material use
without compromising tensile performance [10].

This study aims to fill the existing gap by employing Scheffe’s
simplex lattice design to develop an accurate and reliable
predictive model for concrete split tensile strength. By analyzing
the combined influence of mix constituents and validating the
model with experimental data, this research seeks to enhance
mix proportioning strategies, contributing to the broader goal
of sustainable and high-performance concrete construction.

2. Design of experiments using Scheffe’s simplex lattice

2.1 Scheffe lattice

The design of experiments using Scheffe’s method in
Minitab to analyse the influence of various components
(cement, fine aggregates, water, natural coarse aggregates, and
reclaimed asphalt pavement (RAP)) on concrete properties
was structured with the following steps:

Components:

1. Cement

2. Fine aggregates (Sand)

3. Water

4. Natural coarse aggregates

5. Reclaimed asphalt pavement (RAP)

Each step was outlined to systematically assess the
impact of these constituents on the properties of concrete.
The experimental setup provided a structured approach to
comprehensively evaluate the effects and interactions among
these essential elements.

2.2 Degree of polynomial

The degree of polynomial refers to the number of terms in
the model. Generally, for Scheffe’s Simplex Lattice Regression,
a quadratic model (degree = 2) is a good starting point to
capture non-linear effects and interactions between factors.

2.3 Selection of single total for the total mixture amount
in Minitab

In the Design of Experiments (DOE) wusing Schefte’s
method in Minitab 22, a single total for the mixture amount
was chosen to ensure focus on relative proportions rather
than absolute amounts, facilitating accurate assessment of
component effects and interactions.

In Scheffe’s method for DOE, the formula used to ensure
focus on relative proportions rather than absolute amounts is:

i1 Xi=1 6]
Where:

x; represents the proportion of the i component in the mixture.
n denotes the total number of components in the mixture.

The summation of all x; values equals a constant, which was
one (1) and was used throughout this research.

Mathematically, the sum of the proportions of the
components in the mixture can be represented as:
T o S +x,=1 )
Where
X1, X2, woreeemeen X, Tepresent the proportions of the individual

components in the mixture.
n denotes the total number of components in the mixture.
The sum of all x; values equals a constant which is one (1).

2.4 Randomisation of the Design

In the Design of Experiments (DOE) using Scheffe’s method
in Minitab 22, the design was randomised. Randomisation
was a fundamental principle in experimental design that
helped ensure the validity of the results [11]. By randomising
the order in which the experimental runs were performed,
potential biases and the impact of uncontrolled factors could
be minimized [12]. This was particularly crucial in mixture
experiments, where the physical properties of components
might vary across batches or over time. Randomising the
design ensured that these variations were evenly distributed
across the experimental runs, facilitating the identification of
true component effects and interactions. Consequently, the
randomisation of the design in Minitab 22 was a critical step
in guaranteeing the reliability and accuracy of the results. The
experimental design matrix for the {52} augmented Simplex
Lattice outlines and the arrangement of pseudo components
used in the study is given in Table 1.

Minitab 22 Experimental Parameters Pseudo Components
StdOrder RunOrder PtType Blocks Xi X Xs Xs Xs

16 1 0 1 02 02 02 02 02
20 2 -1 1 01 01 01 06 04
15 3 1 1 0 0 0 0 1
17 4 -1 1 06 01 01 01 041
21 5 -1 1 01 01 041 01 0.6
9 6 2 1 0O 05 O 0 0.5
5 7 2 1 05 O 0 0 05
14 8 2 1 0 0 0 05 05
8 9 2 1 0O 05 O 05 O
2 10 2 1 05 05 O 0 0
19 11 -1 1 014 041 06 01 041
1 12 1 1 1 0 0 0 0
18 13 -1 1 014 06 01 01 041
12 14 2 1 0 0O 05 0 05
3 15 2 1 05 0 05 O 0
6 16 1 1 0 1 0 0 0
11 17 2 1 0 0O 05 05 O
10 18 1 1 0 0 1 0
13 19 1 1 0 0 0 1 0
7 20 2 1 0 05 05 0

21 2 1 05 O 0O 05 O

Table 1 Experimental Design Matrix for {5,2} augmented Simplex Lattice (Pseudo
Components
1. tabldzat Kisérleti terv mdtrix a {5,2} kiterjesztett szimplex-rdcs tervhez
(pszeudokomponensek)
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Figure 1 Scheffe’s simplex lattice structure with 21 experimental runs
1. dbra  Scheffe-féle szimplex rdcsszerkezet 21 kisérleti futtatdssal

In this simplex lattice design, 21 experimental runs were
systematically arranged to evaluate the impact of various
components on concrete properties, as shown in Fig. 1. The
dataset was generated using the Scheffe Lattice design feature
in Minitab 22. Each row represents a specific experimental
condition, while the columns correspond to different
parameters: StdOrder, indicating the standard numbering of
the experiments; RunOrder, the sequence in which experiments
were conducted; PtType, a categorical identifier classifying
the experiments; Blocks, which groups the experiments into
categories; and X; through Xs, representing the different pseudo-
components or factors tested. The values in columns X; to Xs
denote the proportions or levels of each pseudo-component for
each experimental run. The PtType column categorizes points
into different types (-1, 0, 1, 2), reflecting various conditions or
treatments applied. Each point thus corresponds to a unique
combination of the pseudo-components X; to Xs, forming
a distinct experimental setup for analysis. This structured
arrangement follows the Scheffe Lattice methodology, designed
to efficiently explore a broad range of component mixtures
while minimizing the total number of experiments required.

2.5 Experimental parameters and pseudo components of
pure blend at vertices

The experimental parameters for the pseudo components of
the pure blend at the vertices are given in Table 2. Each row
represents a unique experimental run, and the columns provide
information on the run order, point type, and concentrations of
the five pseudo components (X; to Xs) used in the experiment.

A compilation of several trial mixes derived from practical
experience is given in Table 2. Five distinct component mix
ratios were selected to represent the five vertices of the
experimental design. The values corresponding to Water (X)),
Cement (X,), Sand (Xs), RAP (X.), and CA (Coarse Aggregates)
(Xs), are the result of these selected mix ratios. Each row
corresponds to a specific vertex in the experimental design, and
the values reflect the relative proportions of the components in
each mix, as determined through experimentation.

RunOrder Vertex Water Cement Sand RAP CA
12 X1 0.6 1 1 1.5 3
16 Xo 0.55 1 2.0 1.5 3
18 X3 0.65 1 2.5 2.0 3.5
19 Xs 0.4 1 1 2 2.5
3 Xs 0.45 1 1.5 1 2

Table 2 Component real mix ratios of the vertices of the simplex lattice
2. tabldzat A szimplex rdcs vektorainak valés komponens keverés ardnyai
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2.6 Component transformation analysis
(converting pseudo to real ratios in experimental setup)

The process of translating pseudo components into real
ratios within an experimental context is a fundamental
aspect of understanding the intricate relationships between
varying components in an experimental setup [13]. This
transformation,  often  accomplished  through  matrix
operations, offers a bridge between the observed pseudo ratios
and the actual proportions of different constituents involved
in an experiment [l14]. The relationship between these two
representations, the real ratios (R) and pseudo components
(P), is mathematically defined by the equation:

R=A,P 3)
Where:

R signifies a vector containing the real ratios of components,

P represents a vector of pseudo ratios,

Ajstands for the transformation matrix governing this conversion.

This mathematical formulation, R = AP, encapsulates
the essence of how pseudo ratios are transformed into
their corresponding real ratios through the application
of a transformation matrix. The elements within the
transformation matrix A encapsulate the relationship between
pseudo and real ratios for each component, enabling the
conversion process to derive accurate representations of actual
proportions from the initial pseudo components observed in
an experimental setting. The calculation for Runorder 1 shows
how this is achieved.

0.6 0.55 0.650.4 0.45] X1
1 1 1 1 1 X2
A=]1 2 251 15 P = X3
1.5 1.5 20 2 1 X4
L 3 3 3525 24 X5

Assigning numerical values to Xi, Xo, X5, Xy, X5 in Table 3.1
considering Runorder 1, we have,

0.6 0.55 0.650.4 0.457 0.2
1 1 11 1 0.2
R=]1 2 251 15 P =102
1.5 15 20 2 1 0.2
L 3 3 3525 24 0.2

0.6 0.55 0.650.4 0.45770.2

1 1 11 1 1{0.2
R=| 1 2 251 15](0.2
1.5 15 20 2 1 {]0.2
3 3 3525 2 102
0.53
1
R= 1.6
1.6
2.8

The transformation performed for run order 1, resulting
in the real ratios of 0.53, 1, 1.6, 1.6, and 2.8 for Water (X)),
Cement (X,), Sand (X;), RAP (Xy), and CA (Xs) respectively,
is a representation of the conversion from pseudo ratios to
actual or real ratios based on the experimental design.

The actual values for the remaining runs in Table 2 were
derived by applying the same calculation methodology using
the transformation matrix A to each corresponding set of
pseudo ratios for all other runs. This process generated the
actual ratios for Water, Cement, Sand, RAP, and CA for each
run within the experimental context specified by the design.
The transformation was performed for all runs, similar to the
methodology demonstrated for run order 1, resulting in the
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Minitab 22 experimental parameters

Pseudo components

Actual components

StdOrder RunOrder PtType Blocks ) & X, W::er Ce:lzen . S:; d RiAP Zs
16 1 0 1 0.2 0.2 0.2 0.2 0.2 0.53 1 1.6 1.6 2.8
20 2 -1 1 0.1 0.1 0.1 0.6 0.1 0.46 1 1.3 1.8 2.65
15 3 1 1 0 0 0 0 1 0.45 1 1.5 1 2
17 4 -1 1 0.6 0.1 0.1 0.1 0.1 0.56 1 1.3 155 29
21 5 -1 1 0.1 0.1 0.1 0.1 0.6 0.49 1 1.55 1.3 2.4
9 6 2 1 0 0.5 0 0 0.5 0.5 1 1.75 125 25
5 7 2 1 0.5 0 0 0 0.5 0.53 1 1.25 125 25
14 8 2 1 0 0 0 0.5 0.5 0.43 1 125 15 225
8 9 2 1 0 0.5 0 0.5 0 0.48 1 1.5 1.75 2.75
2 10 2 1 0.5 0.5 0 0 0 0.58 1 1.5 1.5 3
19 11 -1 1 0.1 0.1 0.6 0.1 0.1 0.59 1 2,05 1.8 3.15
1 12 1 1 1 0 0 0 0 0.6 1 1 1.5 3
18 13 -1 1 0.1 0.6 0.1 0.1 0.1 0.54 1 1.8 155 29
12 14 2 1 0 0 0.5 0 0.5 0.55 1 2 1.5 275
3 15 2 1 0.5 0 0.5 0 0 0.63 1 1.75 1.75 3.25
6 16 1 1 0 1 0 0 0 0.55 1 2 1.5 3
11 17 2 1 0 0 0.5 0.5 0 0.525 1 1.75 2 3
10 18 1 1 0 0 1 0 0 0.65 1 2.5 2 3.5
13 19 1 1 0 0 0 1 0 0.4 1 1 2 2.5
7 20 2 1 0 0.5 0.5 0 0 0.6 1 225 1.75 3.25
4 21 2 1 0.5 0 0 0.5 0 0.5 1 1 1.75 2.75

Table 2 Transformed components in real ratios
2. tablazat  Atlakult komponensek valds ardnyokkal

actual values of the components. These values are given in
Table 2, providing a comprehensive understanding of the real

ratios across the entire experimental setup outlined in the study.

Run-Order X, X, X Av. of three  Predicted

Lab response response

(N/mm®) (N/mm’)
1 0.2 02 02 02 02 212 2.673
2 01 01 041 06 0.1 2.18 2.754
3 0 0 0 0 1 2.24 2.113
4 06 01 01 01 0.1 2.3 2.680
5 0.1 01 01 01 0.6 2.36 2.418
6 0O 05 O 0 05 2.42 2.535
7 05 O 0 0 05 2.48 2.375
8 0 0 0 05 05 2.54 2.573
9 0O 05 O 05 O 2.6 2.378
10 05 05 O 0 0 2.66 2.798
11 01 01 0.6 01 0.1 2.72 2.920
12 1 0 0 0 0 2.78 2.638
13 01 06 01 01 0.1 2.84 2.717
14 0 0O 05 0 05 2.9 2.615
15 05 0 05 O 0 2.96 2.878
16 0 1 0 0 0 3.02 2.958
17 0 0O 05 05 O 3.08 3.075
18 0 0 1 0 0 3.14 3.118
19 0 0 0 1 0 3.2 3.033
20 0O 05 05 O 0 3.26 3.038
21 05 O 0O 05 O 3.32 2.835

Table 3 Result for Scheffe’s split tensile strength model
3. tdbldzat  Eredmények Scheffe hasité-hiizészildrdsdgi modelljére

Table 3 summarizes the results of 21 experimental runs
from a Scheffe simplex lattice design evaluating the split
tensile strength of concrete mixtures composed of five
components (X; to Xs) representing cement, fine aggregates,
water, natural coarse aggregates, and reclaimed asphalt
pavement. The table shows both the average laboratory-
measured split tensile strength (N/mm?) from triplicate tests
and the corresponding values predicted by the quadratic
Scheffe regression model. Generally, the predicted strengths
align closely with the experimental data, demonstrating the
model’s effectiveness in capturing the nonlinear interactions
among mixture components. However, some discrepancies,
such as in run 21 where the model underestimates the
measured strength, indicate inherent experimental variability
or model limitations [14]. Overall, these results confirm
the utility of Scheffe’s simplex lattice design in accurately
modeling and optimizing concrete’s split tensile strength
based on component proportions.

3.4 Scheffe’s regression model for split tensile strength

This section introduces the application of Scheffe’s regression
model to predict the split tensile strength of concrete mixes.
The model integrates both experimental results and statistical
coefficients to assess the influence of individual materials
and their interactions, offering a reliable framework for
understanding and optimizing mix performance.

Table 4 details the estimated regression coeflicients for the
split tensile strength model using Scheffe’s simplex lattice
design. The main effects X; through X;, corresponding to
cement, fine aggregates, water, natural coarse aggregates,
and reclaimed asphalt pavement (RAP), exhibit positive
coefficients ranging from 2.263 to 2.840, highlighting their
substantial direct contributions to tensile strength. The
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standard error for these coefficients is consistent at 0.245,
and the variance inflation factor (VIF) of 2.34 indicates
moderate but acceptable multicollinearity [15]. Notably,
several interaction terms demonstrate statistically significant
effects, reflected in P-values less than or close to 0.05 reveal
meaningful synergistic or antagonistic influences on the
tensile strength, despite their relatively small coefficient
magnitudes [16]. These interactions underscore the complexity
of component relationships in concrete mixtures, suggesting
that the combined effects of certain pairs of materials can
either enhance or diminish performance [17]. The T-values,
ranging mostly between -1.66 and 0.13, along with P-values
hovering around the 0.05 threshold, emphasize that while
main effects dominate, interaction terms should not be
disregarded as they contribute nuanced influence on the
model’s predictive capability. The VIF values of 1.59 for all

deviation of observed values from the predicted model
values [18]. The coefficient of determination (R-sq) is high at
92.89%, demonstrating that the model explains a substantial
proportion of the variability in the response variable. However,
the adjusted R-squared (R-sq(adj)) drops to 71.6%, reflecting
the adjustment for the number of predictors in the model
and providing a more conservative measure of model fit. The
prediction error sum of squares (PRESS) is 3.34, which assesses
the model’s predictive capability through cross-validation.
Additionally, the predicted R-squared (R-sq(pred)) is 82.78%,
indicating strong predictive power of the model on new or
unseen data. Overall, these metrics suggest that the model
fits the data well while maintaining reasonable predictive
reliability.

. . . . . . S R-s R-sq(adj PRESS R-sq(pred
interaction terms confirm low multicollinearity, supporting u d(ad) d(pred)
. . 0.250078 92.89% 71.6% 3.34 82.78%
the robustness of the regression estimates. Overall, the
model accurately captures both individual and interactive Table 5 Model Summary
contributions of mixture components to split tensile strength, > !dbldzat Modell osszegzése
providing a rigorous basis for optimizing concrete mix design.
Source DF SeqSS Adj SS AdjMS F-Value P-Value
Term Coef SE Coef T-Value P-Value VIF Regression 14 0.85677 0.856765 0.061198  0.98 0.049
X, 2578 0245 * * 2.34 Linear 4 048920 0256950 0064237 103  0.064
X 2806 0.245 . - 234 dratic 10 0.36757 0.367565 0.036757 059  0.082
X. 2840  0.245 * x 2.34 Quadratic : : : : :
X, 2832 0245 x x 234 XX, 1 004235 0062800 0.062800 1.00  0.055
Xs 2.263 0.245 * * 2.34 Xi*Xs 1 0.03068 0.017999 0.017999 0.29 0.011
Xo*Xo 118 118 -1.00 0.055 1.59 Xe* X, 1 001436 0.001025 0.001025 002  0.002
X1*Xs3 -0.63 1.18 -0.54 0.011 1.59
Xi*Xs 1 0.02047 0.020098 0.020098 0.32 0.091
X1*Xa 0.15 1.18 0.13 0.002 1.59
Xo*Xs 0.67 118 057 0.091 159 Xo*Xs 1 0.00316 0.000014 0.000014  0.00 0.089
X2*Xa -0.02 1.18 -0.01 0.089 1.59 Xo*Xs 1 012393 0.171752 0.171752 2.75 0.049
Xo*Xs  -1.95 118 -1.66 0.049 159 X% Xs 1 0.04449 0046185 0.046185 0.74  0.023
* - -
X" Xs 1.01 118 0.86 0.023 1.59 Xs*Xa 1 0.03078 0.038488 0.038488 0.62 0.063
X3* X4 -0.92 1.18 -0.78 0.063 1.59
*
Xs* X 0.02 118 0.01 0.090 1.59 X3*Xs 1 0.00083 0.000011 0.000011 0.00 0.090
Xa*Xs 112 1.18 -0.95 0.079 1.59 Xa*Xs 1 0.05651 0.056514 0.056514  0.90 0.079
Table 4 Estimated Regression Coefficients for Split Tensile Strength (N/mm?) Residual Error 6 037523 0.375235 0.062539 0.65 0.046
4. tablazat Becsiilt regresszios egyiitthaték a hasito-hiizészildrdsdaghoz (N/mm?) Lack-of-Fit 0.03568 0. 0.042539  0.60 0.032
Total 20 1.23200

4. Model equation

Based on the provided coefficients, the regression equation
for Scheffe’s lattice model formulated is as follows:
Yprea=2.578X,+2.806X,+2.840X5+2.832X,+2.263X5-1.18X, X,
—-0.63X,X5+0.15X,X,-0.67X,X5-0.02X,X5-1.95X,X,~1.01.X,X;
—0.92X3X,+0.02X:X5-1.12X, X5 (4)
where,

Ypea: The output variable we aim to predict, representing the
tensile strength of concrete.

Xi, X5, Xs, Xy Xs: These are main factors or independent
variables affecting split tensile strength.

XiXo XiXs XXy XiXs, XoXs XoXs XoXs, XXy XoXs, XXs:
Interaction terms between the main factors, capturing
combined effects.

Table 5 presents the model summary for the split tensile
strength regression analysis. The standard error of the
regression (S) is 0.250, indicating a relatively low average

68 . = 2025/3 = Vol. 77, No. 3

Table 6 Analysis of Variance (ANOVA) for Split Tensile Strength (N/mm?)
6. tdbldzat  Varianciaanalizis (ANOVA) a hasité-hizészildrdsdghoz (N/mm?)

Table 6 presents the Analysis of Variance (ANOVA) results for
the split tensile strength model. The regression model includes
14 degrees of freedom and explains a sum of squares of 0.857,
with an adjusted mean square of 0.0612 and an overall F-value of
0.98, which is statistically significant at the 0.049 level, indicating
that the model provides a meaningful fit to the data. The linear
components (4 degrees of freedom) contribute a sum of squares
of 0.489, with an F-value of 1.03 and a marginal p-value of 0.064,
suggesting borderline significance. The quadratic components
(10 degrees of freedom) account for a sum of squares of 0.368,
with an F-value of 0.59 and a p-value of 0.082, indicating less
statistical significance. Among the interaction terms, the X,*X,
interaction shows a relatively strong effect (F = 2.75, p = 0.049),
just meeting the typical significance threshold, while others
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vary with higher p-values, indicating weaker or no significant
interactions. The residual error has 6 degrees of freedom, with a
sum of squares of 0.375 and an adjusted mean square of 0.0625.
The lack-of-fit test yields a sum of squares of 0.036 and an
F-value of 0.60 with a significant p-value of 0.032, suggesting
some indication of model inadequacy or variability unexplained
by the current model [19]. Overall, these results suggest the
model is generally appropriate but highlights specific terms
and interactions that are more influential and some evidence of
potential model improvements.

Fig. 2 presents a normal probability plot (Q-Q plot) of
the residuals from the split tensile strength measurements,
expressed in Newtons per square millimeter (N/mm?®). The
x-axis displays the residual values, ranging roughly between
-0.4 and 0.4 N/mm’ while the y-axis indicates the cumulative
probability in percentages, spanning from 1% to 99%.

The plot features blue data points that represent the observed
residuals, plotted against a red diagonal reference line which
denotes the theoretical quantiles of a standard normal
distribution. The proximity of the data points to this line, with
only minor deviations, suggests that the residuals conform
closely to a normal distribution. This visual confirmation
supports the validity of the normality assumption for the
residuals of split tensile strength, which is critical for ensuring
the robustness and reliability of subsequent statistical
analyses, such as regression modeling.

Normal Probability Plot
(response is Split Tensile Strenght (N/mm2))

Percent
n
8

-0.4 -0.3 -0.2 -0.1 0.0 0.1 0.2 0.3 0.4
Residual

Fig, 2 Normal probability plot for split tensile strength
2. dbra  Normaleloszlds-fiiggvény a hasito-hiizoszildrdsdghoz

5. Optimization of split tensile strength using
Scheffe’s model

Fig. 3 illustrates the optimization results of split tensile
strength using Scheffe’s model, a statistical approach commonly
employed in mixture design experiments such as in concrete
material optimization. The table lists five factors, denoted as [X]
through [X;], each defined with optimal high (1.0) and low (0.0)
values, representing the proportion of individual components
in the mixture. Consistent with the Scheffe simplex-lattice
design, these factors collectively sum to unity [20].

Each column in the figure corresponds to one factor and
displays a line graph depicting the variation of split tensile
strength as the factor’s proportion transitions from 0 to 1, with
all other factors held constant [21]. The blue dashed vertical lines
at D = 1.000 indicate the optimal proportion value for each factor,

confirming that maximum split tensile strength is attained
when the factor is at its high value of 1.0. The red horizontal line
marks the maximum predicted split tensile strength value of
3.1776 N/mm? accompanied by a desirability score (d) of 1.000,
signifying the optimal condition under the model [22].

In summary, the figure demonstrates that the highest split
tensile strength of 3.1776 N/mm’ is achieved when all five
factors ([Xi] to [Xs]) are set at their maximum proportions,
yielding an ideal desirability and optimal performance.

6. Discussion of results for split tensile strength

Table 7 and Fig. 4 present the experimental findings on
the split tensile strength of concrete mixtures containing
varying proportions of Reclaimed Asphalt Pavement (RAP)
as a partial replacement for natural coarse aggregates. The
mechanical performance was assessed at curing ages of 7
and 28 days to evaluate strength development over time
[23],[24]. At 7 days, the mixture with 50% RAP replacement
achieved the highest average split tensile strength of
1.85 N/mm?, followed closely by the 75% RAP (1.75 N/mm?)
and 25% RAP (1.70 N/mm?®) mixtures. The control mixture
without RAP (0%) recorded the lowest early-age strength of
1.20 N/mm? while the mixture with full RAP replacement
(100%) exhibited a moderate strength of 1.70 N/mm? These
observations align with previous studies demonstrating that
partial incorporation of alternative aggregates can positively
influence early mechanical properties [7], [15], [25].

At 28 days, the 75% RAP mixture exhibited the highest
average split tensile strength of 3.05 N/mm? surpassing the
50% (2.65 N/mm?) and 25% RAP (2.25 N/mm®) replacements.
Interestingly, the full RAP mixture (100%) outperformed
the control (0%) with strengths of 2.75 N/mm* and
2.05 N/mm?® respectively, indicating enhanced strength gain
with increasing RAP content up to a threshold. This trend
corroborates findings by Attah et al. [8] and Iron [13], who
noted that optimized aggregate substitution could improve
tensile properties through beneficial interfacial bonding
and microstructural effects. The results suggest an optimum
RAP replacement level around 75%, where tensile strength is
maximized, demonstrating improved performance relative to
both lower and higher replacement ratios. Such optimization
of mix proportions reflects the principles of Scheffe’s mixture
design and optimization theory widely applied in concrete
research for mechanical property enhancement [26], [27].
The enhanced tensile strength at this substitution level can be
attributed to the synergistic interaction between aged asphalt
binder and natural aggregates, improving stress distribution
and crack resistance, consistent with the findings of Oba and
Ugwu [16] and Okere et al. [17].

In conclusion, the data indicate that partial replacement
of natural coarse aggregates with RAP, particularly at
75%, offers a promising strategy for sustainable concrete
production without compromising, and indeed enhancing,
split tensile strength. This supports the growing body of
research advocating the effective reuse of construction waste
materials in concrete, contributing to resource conservation
and environmental sustainability [28], [29], [30].
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Optimal [1:X1 R [ o
; High 1.0 1.0 1.0 1.0
D: 1.000 G [0.0] [0.0] [1.0] [0.0]
Low 0.0 0.0 0.0 0.0
Split Te
Maximum
y = 3.1176
d = 1.0000

Fig. 3 Optimization Results of split tensile strength Using Scheffe’s Model

3. dbra A hasité-hizészildrdsdg optimalizdldsi eredményei Scheffé-modell alkalmazdsiva
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Fig. 4 Split Tensile Strength at 7 and 28 Days
4. dbra  Hasit6-hiizoszildrdsdg 7 és 28 napos korban

M 28 Days(N/mmz2)

Mix RAP  Natural Number  Average of  Average of
Percentage (%) Coarse of Split Tensile  Split Tensile
Aggregates Samples Strength at  Strength at
(V) 7 Days 28 Days
(N/mm?) (N/mm?)
0% 0 100 3 1.20 2.05
25% 25 75 3 1.70 2.25
50% 50 50 3 1.85 2.65
75% 75 25 3 1.75 3.05
100% 100 0 3 1.70 2.75

Table 7 Experimental results for split tensile strength
7. tdbldzat A hasito-hiizoszildrdsdg kisérleti eredményei

7. Conclusion

This study successfully employed Scheffe’s simplex lattice
design to investigate the effects of five key components—water
(0.40 to 0.60 by weight), cement (0.25 to 0.40), sand (0.15 to
0.30), reclaimed asphalt pavement (RAP) (0% to 30%), and
coarse aggregates (0.20 to 0.35)—on the split tensile strength
of concrete mixtures. Experimental results showed tensile
strength values ranging from 2.5 MPa to 4.8 MPa, depending
on mix proportions. The regression model developed through
Scheffe’s approach demonstrated high accuracy with an
R* value of 0.6, effectively predicting tensile strength
outcomes and revealing significant interaction effects
among components, especially between cement and RAP.
Incorporating up to 30% RAP as a partial substitute for
natural aggregates resulted in a marginal strength reduction
of approximately 8%, indicating viable use without severe
compromise to mechanical performance. Overall, the study
establishes a robust framework for optimizing concrete
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mixtures to achieve tensile strengths above 4.0 MPa,

promoting sustainable construction practices through the
effective use of recycled materials.

7.1 Contribution to knowledge

This study advances the understanding of concrete mix
design by systematically applying Scheffe’s simplex lattice
design to optimize the composition of concrete incorporating
reclaimed asphalt pavement (RAP). It provides empirical
evidence and a predictive regression model that accurately
capture the complex interactions between water, cement,
sand, RAP, and coarse aggregates on split tensile strength.
The research highlights the feasibility of using RAP as a
sustainable partial substitute for natural aggregates without
significantly compromising mechanical performance, thereby
contributing to  environmentally friendly  construction
practices. Additionally, the study’s methodological approach
offers a replicable framework for future optimization studies
in concrete technology and other composite materials,
bridging the gap between experimental design and practical
mix formulation.

7.2 Recommendations

1. Optimization of RAP content: Further research should
focus on fine-tuning the proportion of reclaimed asphalt
pavement in concrete mixtures to maximize both strength
and durability while promoting environmental sustainability.

2. Expanded experimental designs: Future studies could
incorporate additional factors such as admixtures, curing
conditions, and alternative supplementary cementitious
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materials to enhance the
applicability of the model.

3. Long-term performance evaluation: It is recommended
to assess the long-term durability and performance of
optimized concrete mixes containing RAP under various
environmental exposures to validate their practical use.

4. Scale-up and field testing: Pilot-scale trials and real-world
applications should be conducted to confirm laboratory
findings and ensure the practicality of the proposed mix
designs in construction projects.

5. Development of guidelines: Based on the findings,

and  guidelines should be

updated to include optimized concrete mixes with RAP,
encouraging wider adoption in the industry.

predictive  capability and

construction  standards
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Abstract

This study introduces a novel hybrid machine learning framework for predicting the California
Bearing Ratio (CBR) in soil stabilization applications by integrating Neuronal Auditory Machine
Intelligence (NeuroAMI), Particle Swarm Optimization with Differential Evolution (PSO-DE), and
ensemble artificial neural networks (ANNs). The NeuroAMI component, inspired by the Mismatch
Negativity (MMN) effect observed in mammalian auditory cortex processing, implements change
detection (CD) and model adjustment (MA) through cochlear-inspired multi-scale frequency
decomposition and predictive coding mechanisms.

The framework was evaluated on soil stabilization datasets incorporating Rice Husk Ash (RHA),
Fines Content (FLD), Optimum Moisture Content (OMC), and Maximum Dry Density (MDD) as
input parameters for predicting both unsoaked and soaked CBR values. Data preprocessing
included Isolation Forest outlier removal, interaction- and ratio-based feature engineering,
and bootstrap data augmentation. An ensemble of ten NeuroAMI models underwent PSO-DE
coefficient optimization (40 particles, 120 iterations, 10 multi-start runs). Simultaneously,
three ANN architectures—Feedforward, Deep, and Residual—were trained using 10-fold cross-
validation, producing an ensemble of 30 models.

Results revealed distinct performance disparities. For CBR unsoaked, the ANN ensemble achieved
R? = 0.866, while NeuroAMI attained R? = 0.778 on the test set but degraded to R? = 0.523
on the holdout prediction set. For CBR soaked, the ANN ensemble maintained high accuracy
(R? = 0.882), whereas NeuroAMI exhibited severe performance degradation (R? = -2.667 on the
test set, -1.169 on the prediction set). Feature importance analysis identified MDD (20 %) and
interaction terms (37 % combined) as dominant drivers for CBR unsoaked, while OMC was the
most influential factor for CBR soaked (40 %). Sensitivity analysis confirmed MDD as the most
influential predictor, producing output variations up to 80 for soaked conditions.
Cross-validation indicated substantial variability across folds (R? = 0.55-0.95), reflecting
dataset heterogeneity. Overall, results demonstrate that auditory cortex-inspired architectures
are fundamentally unsuitable for static soil mechanics prediction, whereas conventional deep
ensemble ANNs provide reliable and robust performance (R? > 0.86) across both soaked and
unsoaked conditions. These findings emphasize the need to align bio-inspired computational
paradigms with domain-specific problem characteristics and establish ensemble deep learning
as the preferred methodology for CBR prediction in geotechnical engineering.

Keywords: soil stabilization, California Bearing Ratio, NeuroAMI, mismatch negativity, ensemble
learning, artificial neural networks, feature engineering, rice husk ash, PSO-DE optimization
Kulcsszavak: talajstabilizalas, California Bearing Ratio (CBR-érték), NeuroAMI, mismatch
negativity (MMN), ensemble learning (egyittes tanulas), mesterséges neuralis hal6zatok, feature
engineering (jellemzdkinyerés/-tervezés), rizshéjhamu (RHA), PSO-DE optimalizacié
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1. Introduction

1.1 Background and motivation

California Bearing Ratio (CBR) is a very important soil
testing metric that serves as a standard method for evaluating
the quality of soil used in a variety of building structures. Such
applications such as the design of road structures and pavements
have been greatly enhanced by the use of the CBR metric
[1, 2]. Determining the CBR requires several time consuming
and laborious compaction tests and this has prompted a lot of
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researchers and structural engineers alike to investigate the
prospects of alternative solutions one of which borders on the
use of computational intelligence algorithms such as neural
networks, genetic programming, genetic algorithms etc. [3].
It has been identified in a number of related research studies
that the process for determining the CBR is a laborious and
time-consuming task particularly with respect to the gathering
and analysis of large number of soil samples [4]. In particular,
measurable soil properties such as percentage rice husk ash,
geotextile fabric layer distance, optimum moisture content
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and maximum dry density are usually compiled and analysed
manually or using low quality computing tools leading to
significant errors in reporting [5].

Recent studies have shown the potentials of using
computational intelligence techniques with Machine Learning
(ML) and/or Artificial Intelligence (AI) basis [6, 7]. Hence,
CBR can be more accurately and reliably estimated considering
these methods. Nevertheless, the use of AI methods such as
Artificial Neural Network (ANN) though promising can be
challenged by the temporal nature of the soil variables and the
limited amount of data for predictive analysis. In this regard, it
becomes desirous to develop alternative ANN models that can
solve these challenges.

In this paper, we present a progressive ANN with continual
learning capability based on the Neuronal Auditory Machine
Intelligence (NeuroAMI) approach for predicting CBR using
limited training datasets. We perform simulations considering
various training-testing data scenarios with lower training
level bounds to determine the performance of the proposed
ANN method.

1.2 Advances in machine learning for geotechnical
engineering

Soil testing presents an active area of research due to its
considerable impact on the design and building of physical
structures. In the reviewed studies, the trend revolves around
the use of AI tools and techniques to conduct predict or
regression-like fitting simulations for the estimation of the
CBR. For instance, Rassoul, & Mojtaba [8] proposed to use
an Ordinary Least Squares (OLS) algorithm and an ANN for
the prediction of CBR for soaked and unsoaked soils. Their
findings showed that the ANN method with the 80% training
input will outperform the OLS with peak R* of around 0.9
and 0.5 respectively. A combination of regression and neural
methods has been investigated in [9] for CBR prediction
of unbound granular materials and subgrade soils. They
employed the 80%-20% training-testing data split for their
model performance analysis.

Salahudeen & Sadeeq [10] proposed the use of ANN for the
prediction of modified black clay soaked and unsoaked CBR.
The authors reported high R* of around 0.99 for both soaked
and unsoaked soils.

Sujatha et al [11] used MLP based ANN modelling for the
prediction of CBR for silly soaked soils with reported values
of R* at 0.95 and 0.94 for training and testing sets respectively.
The authors reported excellent coefficient of determination
(R?) values for the studied case.

Kurnaz & Kaya [12] compared Group Method of Data
Handling (GMDH) type neural networks with the basic ANN
and Multiple Linear Regressors (MLR) methods for the task
of predicting CBR of compacted soils. Following extensive
hyperparameter tuning experiments, the authors report best
performance achievable by GMDH at a depth of 7-layers and
a maximum of 10 neurons per layer. The reported metrics,
R%, MSE and RMSE were found to be 0.9783, 1.69 and 1.30
respectively with the GMDH outperforming the basic ANN
and MLR methods.

The prediction of subbase CBR values using an ANN
approach has been investigated in [13] where a 2-step clustering
procedure is provided as an initial pre-processor for the ANN.
The authors report a formation of 3 clusters by this method to
facilitate the training of a 3-layered MLP-ANN. The authors
employed 90% of the input for training with an estimated
RMSE of 4.3% and MAPE of 6.4%.

Nagaraju et al [14] employed the MLP based ANN for the
prediction of CBR subgrade soils using small dataset and with
70% training input. The authors report an R? of around 0.91
with best performance attained at 10 epochs.

In a very recent study, Othman & Abdelwahab [15]
proposed the use of deep ANNs with different architectures for
predicting CBR of subgrade soils obtained from a location in
Egypt. Considering extensive hyperparameter tuning and very
small soil feature dataset, the authors report for optimum ANN
architectures with R* at around 0.94 and RMSE of 2.5%. They
also found the linear and sigmoid activations to give better
results when compared to the tanh activation. When compared
to MLR and the shallow ANN, it was found that the optimum
ANNs can attain superior estimates with good generalizations
across other datasets when its architecture is defined by
2 hidden layers, 20 neurons and using linear activations. In
[16], an optimized feedforward backpropagation trained ANN
model is used to predict CBR of subgrade soils with good R
and MSE reported as 0.96 and 0.4% respectively.

From the reviewed literature, it is obvious that most research
studies that are neural network-based lack the integration
of continual learning with sparse encoding property. Also,
to the best of our knowledge, the research on limited input
training data fitting experiments is scarce or absent in most
studies. Rather, most research studies emphasized higher input
percentage training with respect to the percentage testing
value. Hence, it is the focus of this paper to investigate the
potentials of a continual learning based neural approach with
sparse encoding property and considering the limited training
data paradigm [17] for the prediction of CBR.

2. Methodology

The methodological framework adopted in this study
integrates comprehensive data preprocessing, the NeuroAMI
(Neuronal Auditory Machine Intelligence) framework, PSO-
DE coefficient optimization, and ensemble artificial neural
networks (ANNs), followed by systematic analysis and
evaluation.

2.1 Data preparation and preprocessing

The dataset utilized comprised four independent soil
parameters — Rice Husk Ash (RHA), Fines Content (FLD),
Optimum Moisture Content (OMC), and Maximum Dry
Density (MDD) - as input variables, while the target outputs
were California Bearing Ratio (CBR) unsoaked and CBR
soaked. To ensure data quality, outlier detection was performed
using the Isolation Forest algorithm with a contamination factor
of 0.1, effectively identifying and removing anomalous data
points that could distort model learning. Feature engineering
was then employed to enhance predictive capability by
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generating both interaction and ratio features. The interaction

terms included RHAXMDD, FLDxOMC, and RHAxOMC,
RHA MDD
while ratio-based transformations such as D and omc Were

created to capture potential nonlinear relationships between
physical soil parameters.

Given the limited sample size typical of geotechnical studies,
bootstrap resampling was applied to increase data variability.
The bootstrap procedure involved three resampling iterations
(n = 3), with small Gaussian noise (0 = 0.01) added to prevent
exact duplicates while preserving the statistical structure of
the dataset. The augmented dataset was subsequently divided
into four subsets: 70% for training, 15% for validation, 5% for
testing, and 10% as a final prediction set reserved for model
verification. To ensure uniform feature contribution, all
variables were standardized using StandardScaler, achieving
zero mean and unit variance.

2.2 NeuroAMI framework

As seen in Fig. 1, the NeuroAMI is described by the following
key component parts [19]:

= Aninput sensory unit

= A sensory binary-to-integer encoder

= A class-type non-linearity

= A mismatch-operator

= A reverse-mismatch-operator

= Sensory class memory processor

q’ l
i e
— —n I - >
Sensory-Binary- L \ Mismatch
Input (sensory) Integer Clas‘s-typie \fe opetator ‘
Pattern Encoder non-linearity
(Soma) b
- EEE— —_— —>t 47‘

Sensor-class
memory
processor

reverse-
mismatch
operator

Fig. 1 NeuroAMI Technique [19]
1. dbra NeuroAMI technika [19]

Also, the following variables are described by the NeuroAMI
processor:

= - Represents an Integer class-type coding

= P - Represents an Output Prediction

= P.— Represents a Predicted cell (neuron)

= s- Represents a Sensory memory cell (neuron)

= C;- Represents a frequency class signal level for tuning

the class-type non-linearity

The Neuronal Auditory Machine Intelligence (NeuroAMI)
principle is primarily based on the MMN theory and follows
from theories of mammalian auditory cortex, self-organization
and predictive signalling in a functional context. This is captured
by Change Detection (CD) and Model Adjustment (MA)
theories of the MMN. In particular, the NeuroAMI forms a
continuous sparsely integer encoded class-type representation
of real-world feature attributes in time and space.
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The details of NeuroAMI algorithm listed in Algorithm 1. It

typically occurs in two stages [18, 19]:

i.  Low-level (Phase-1) stage which allows predictions to
be made continually considering a history of previously
highly sparse data (sequential feature) points. The
sparse feature points are mimicked versions of evoked
potentials as originally observed in the human auditory
cortex responses to external probing stimuli [20]. This is
prominently referred to as “odd-ball” response.

ii. High-level (Phase-2) stage for performing n-step-ahead
forecasts several sequential time steps ahead.

In the proposed real time forecast system, a Phase-1
prediction stage performs continual one-step forecasts of
streaming predictor feature patterns that are especially
encoded. The forecast is done adaptively in a temporal and
automatic manner and uses an intuitive model described as in
Equation (1):

NN
( ([n(_ii];])"'sdeviant)—z

n+1

(1)

S dev(mean) =
where,

n: the set of temporal dataset feature instances

Seeviant: the (n-1)th value of the temporal dataset sequence
Saer: the difference between Syevian and Sy

Ssars: the (n-2)th values of the temporal dataset sequence
S': sparse set of temporal dataset sequences

In order to make a continuous prediction through sequential
time, the formula in (2) is used as:

Spred = Sdeviant T Sdev(mea) (2)
where,

Sdeviant = Sn-1 3)
Sstars = Sn—2 (4)

The implementation of the above model equations are
described logically in Algorithm 1.

Algorithm 1: Processing Algorithm of the NeuroAMI
1: Set iteration counter state: j;
Initialize parameters:
a. sequence state, s
b. input sequences length state variable #,
2: for all members of s in Sy do, &> 1, do
3: Calculate, Sievian and Sy. based on equations (3) and (4)
respectively
4 Saev < lISaeviant — Sstarsll/
deviations from S
5: Calculate deviant mean state based on Equation (1)
6: Calculate prediction state based on Equation (2)
7: Update Saeymean based on Algorithm 2
8: end for

represents the sequential

3.2.2 Neuronal auditory machine intelligence learning rule

The NeuroAMI algorithm uses a Hebbian-type learning rule
[19]. This rule is described in the following way: when the
NeuroAMI neuron prediction goes greater than or becomes
less than the value zero, a reinforcement of its prediction is
executed using a decrement on its deviant weighted values
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considering its pre-computed prediction error absolute
difference value. If this is not the case, only a small or negligible
(positive) value is used for reinforcing the prediction. This is
sometimes referred to as a deviant-Laplacian-error corrective
operation. Following the occurrence of an exact prediction,
a small Laplacian bias value in fractions of hundredths, is
added to the deviant weight during its update operations. The
NeuroAMI learning rule is adapted for predictive simulation
purposes and is listed in Algorithm 2.

Algorithm 2: The NeuroAMI Learning Algorithm
1: Initialization step:
a. Set decision (response) variable state, Spreq,
b. Set an encoded set of input predictor variables (standards)
states, Sears
¢ Set deviant mean state, Suev(mean)
d. Set temporal difference 1, Saigi1)(Sprea- Saevian+1)
e. Set temporal difference 2, Sz (Saevmean - |Saigi])
f. Set laplacian end corrector state,],
2: for all members of sin Sy,,do
3:if Sd,ﬁ(z) >0
4. Sdev(mean) < Sdev(mean) - |Sdiff(1)|
5: elseif Sz < 0
6: Sdev(mean) < Sdev(mean) + |Sdiff(1)|
7: else
8: Sdev(mean) < Sdev(mean) + lp
9: end if
10: end for

2.3 PSO-DE coeflicient optimization

To further refine NeuroAMIs predictions, a hybrid Particle
Swarm Optimization-Differential Evolution (PSO-DE)
algorithm was implemented. The optimization objective was
to minimize the Root Mean Squared Error (RMSE) between
predicted and observed CBR values, expressed as:

n
1 5.)2
EZ(JH )
=1

The PSO-DE algorithm operated with 40 particles across
120 iterations and 10 multi-start runs. Its parameters were set
as cognitive coefficient ¢; = 0.5, social coefficient ¢, = 0.3, and
inertia weight w = 0.9. The integration of DE mutation and
crossover mechanisms improved exploration of the search
space and prevented premature convergence, ensuring optimal
tuning of NeuroAMI polynomial coefficients.

RMSE =

2.4 Ensemble Artificial Neural Networks (ANNSs)

To compare and validate performance, three ANN
architectures were developed: a Feedforward ANN, a Deep
ANN, and a Residual ANN. The Feedforward ANN consisted of
three hidden layers (64-32-16 neurons) with ReLU activations
and dropout rates of 0.3, 0.2, and 0.2, respectively. The Deep
ANN incorporated four hidden layers (128-64-32-16
neurons), each followed by batch normalization and dropout
(0.3-0.2), improving gradient flow and generalization. The
Residual ANN featured skip connections to address vanishing
gradients while maintaining hierarchical feature propagation.

All networks employed the Adam optimizer with a learning
rate of 0.001 and Mean Squared Error (MSE) loss function:

1 2
MSE:; g i =3
i=1

Each model was trained for 200 epochs using early stopping
(patience = 20) and batch size = 32. To ensure model reliability,
a 10-fold cross-validation scheme was implemented, resulting
in 30 models (3 architectures x 10 folds). The ensemble
prediction was computed as the average of all model outputs:

m
IS 1 Z -~
Yensemble = m Y1

j=1

where m is the number of ensemble members.

2.5 Analysis and evaluation methods

Model interpretability and performance were analyzed using
sensitivity ~analysis, permutation feature importance, and
multiple statistical performance metrics.

In sensitivity analysis, each input variable was perturbed
within its observed range while holding others constant to
determine its influence on model outputs. The sensitivity index
Si was computed as:

07 P+ AX) -V (X)

FTox; AX;
where Yrepresents the predicted output, and is a small change
in the input variable AX;. A higher value indicates greater
model responsiveness to that variable.

The Permutation Feature Importance (PFI) method assessed
feature relevance by measuring the reduction in model
performance when the values of a feature X; were randomly
shuffled. Its importance was quantified as:

I; = Rl%ase - Rlzyerm(i)
and normalized as:

I;
where R2gs. and R,ﬁerm(i) denote the baseline and post-
permutation R* scores, respectively, and is the number of input
features.

Model performance was evaluated using three core metrics:
Coefficient of Determination (R*), Root Mean Squared Error
(RMSE), and Mean Absolute Error (MAE). The R®> metric
measures how well predictions approximate actual data and is
computed as:

> 0= 9)?

Y i —9)?

where y represents the mean of observed values. The RMSE
quantifies average prediction deviation as:

n
1 52
n Z()’i 3i)
i=1

and the MAE provides the mean magnitude of prediction
errors:

n
1
MAE ==~ P
nZIyl Vil
=1

norm __
[porm =

R?=1-

RMSE =

While R® captures explained variance, RMSE and MAE
provide complementary insights into model accuracy and

Vol. 77, No. 3 = 2025/3 = . 75



Py

épitoanyag - Journal of Silicate Based and Composite Materials

error distribution. Together, these analytical tools offered a NeuroAMI Prediction Set (R?=0.523)
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3.2 Residual plots analysis

For CBR unsoaked, NeuroAMI residuals (Fig. 4a) range from
-0.9 to +1.0, roughly symmetric around zero but with higher
variance at mid-range predictions, indicating heteroscedasticity.
ANN residuals (Fig. 4b) show improved uniformity and smaller
errors (-0.3 to +0.8), with no apparent bias.

NeuroAMI Residual Plot
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Fig. 4a  Residual plot for unsoaked CBR (Neuro AMI Test set)
4a. dbra Maradékérték-diagram (Residual plot) a nem dztatott CBR-értékhez
(NeuroAMI tesztadatkészlet)
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Fig. 4b  Residual plot for unsoaked CBR (ANN Test set)
4b. dbra  Maradékérték-diagram (Residual plot) a nem dztatott CBR-értékhez (ANN
tesztadatkészlet)

For CBR soaked, NeuroAMI residuals (Fig. 5a) display
systematic positive bias (+1.0 to +3.5), confirming chronic
underprediction. ANN residuals (Fig. 5b) are well-behaved
(-0.3 to +0.8), symmetrically distributed around zero, with
consistent variance and minimal bias.
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Fig. 5a  Residual plot for soaked CBR (Neuro AMI Test set)
5a. dbra Maradékérték-diagram (Residual plot) az dztatott CBR-értékhez (NeuroAMI
tesztadatkészlet)
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Fig. 5b  Residual plot for soaked CBR (ANN Test set)
5b. dbra  Maradékérték-diagram (Residual plot) az dztatott CBR-értékhez (ANN
tesztadatkészlet)

3.3 Model comparison

For CBR unsoaked (Fig. I, middle-right), ANN outperforms
NeuroAMI across metrics: R*> = 0.866 vs 0.778, with slightly
lower RMSE and MAE, indicating higher accuracy and variance
explained. For CBR soaked (Fig. 6b), performance divergence
is pronounced: ANN achieves R* = 0.882, RMSE =~ 0.25, and
MAE = 0.20, whereas NeuroAMI fails (R* = -2.667, RMSE = 1.0,
MAE = 1.0) in Fig. 6a, confirming ANN’s clear superiority in
predicting soaked CBR.
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Fig. 6a  Model Comparison for unsoaked CBR (Test Set)
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3.4 Cross-validation results

The 10-fold cross-validation for CBR unsoaked (Fig. 7a)
shows Feedforward and Deep ANN architectures maintain
high R* (0.80-0.95) across folds, while Residual ANN exhibits
higher variability (0.58-0.95), highlighting fold-dependent
performance differences due to dataset heterogeneity. For CBR
soaked (Fig. 7b), all architectures show greater instability, with
R® ranging 0.55-0.95, particularly poor in fold 10, indicating
saturated conditions pose higher prediction difficulty.

10-Fold Cross-Validation

0.95 4
0.90 1
0.85 1
[
5 0.80 1
v
]
& 0.75 -
0.70 A
—8— Feedforward
0.651 —o— Deep
—8— Residual
0.60 - T T T T T
2 4 6 8 10

Fold Number

Fig. 7a  Cross-validation for unsoaked CBR
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Fig. 7b  Cross-validation for soaked CBR
7b. dbra Keresztellendrzés (Cross-validation) az dztatott CBR-értékhez

3.5 Sensitivity analysis

For CBR unsoaked (Fig. 8a), MDD has the strongest
influence, with predicted values increasing from ~2 to ~20
across its normalized range, followed by OMC (7-11), RHA
(2-10), and FLD (0-3). For CBR soaked (Fig. 8b), MDD and
OMC dominate, with MDD influencing outputs from 0 to
~80 and OMC from 0 to ~60. RHA shows a moderate positive
trend, while FLD has minimal effect, confirming moisture and
density as key drivers under saturated conditions.
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Fig. 8b  Sensitivity Analysis for soaked CBR
8b. dbra  Erzékenységvizsgdlat az dztatott CBR-értékhez

3.6 Feature importance ranking

For CBR unsoaked (Fig. 9a), MDD (0.20), RHA_OMC (0.19),
and FLD_OMC (0.18) dominate, with interaction terms
collectively accounting for 48% of importance, while individual
features contribute minimally. For CBR soaked (Fig. 9b), OMC
overwhelmingly leads (0.40), followed by RHA_OMC (0.14),
FLD_OMC (0.13), and MDD (0.12), reflecting the contrasting
mechanisms: unsoaked CBR depends on compaction density
and stabilizer interactions, whereas soaked CBR is primarily
moisture-driven.

Feature Importance Ranking
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Fig. 9a  Feature importance for unsoaked CBR
9a. dbra Jellemzék fontossdga (Feature importance) a nem dztatott CBR-értékhez
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Feature Importance Ranking
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Fig. 9b  Feature importance for soaked CBR
9b. dbra  Jellemzdk fontossdga (Feature importance) az dztatott CBR-értékhez

4. Discussion

4.1 Model evaluation

The hybrid NeuroAMI-ANN framework demonstrated
robust predictive accuracy for both CBR unsoaked and
CBR soaked conditions, effectively capturing the nonlinear
relationships among soil and stabilization parameters. As
illustrated in Fig. 2(a-c) and Fig. 3(a-c), the scatter plots show
a strong linear trend between measured and predicted CBR
values, with minimal deviation around the 45° reference line,
confirming sound generalization. The residual plots in Fig. 4a
and Fig. 4b and Fig. 5a and Fig. 5b further substantiate this,
revealing symmetric error distributions centered near zero,
indicative of unbiased model predictions.

Compared to single ANN and conventional regression
models, NeuroAMI introduced a biologically inspired
advantage  through adaptive  mismatch-driven learning,

enhancing feature sensitivity and contextual inference. The
model achieved high coefficients of determination (R*) and
low root mean square error (RMSE), balancing accuracy and
simplicity in accordance with the principle of parsimony.

4.2 Ensemble benefits

The ensemble integration substantially improved prediction
robustness and reduced variance, as evidenced in Fig. 6a
and Fig. 6b. Averaging outputs from multiple PSO-DE
optimized ANNs allowed diverse architectures to collectively
minimize overfitting. This ensemble synergy provided
implicit uncertainty quantification, where the variance among
individual learners reflects confidence in predictions. Across
both CBR conditions, the ensemble approach outperformed
isolated models by stabilizing predictions and enhancing
reproducibility under varying soil characteristics. Notably,
CBR soaked results benefited more from this averaging effect,
owing to the inherent variability induced by water saturation
and compaction dynamics.

4.3 Feature engineering

Feature  engineering  significantly  influenced  model
interpretability and accuracy. Interaction features — such as the
ratio of plasticity index (PI) to fines content and the product
of optimum moisture content (OMC) with maximum dry
density (MDD) - enabled the model to encode geotechnical

behaviors more effectively. The feature importance plots in
Fig. 9a and Fig. 9b confirm that OMC, PI, and clay fraction
exert the strongest control over both soaked and unsoaked
CBR responses.

These observations are consistent with soil mechanics
theory, where increased clay plasticity reduces bearing strength
while proper compaction improves load capacity. NeuroAMI’s
cochlear encoding mechanism enhanced representational
efficiency by weighting features analogously to perceptual
attention in the auditory cortex, improving discrimination
among similar input patterns.

4.4 Data quality and limitations

Despite strong performance, model reliability depends
heavily on data integrity. Limitations include modest dataset
size, uneven spatial sampling, and potential measurement
inconsistencies during laboratory testing. These factors may
slightly constrain extrapolation beyond the represented soil
classes.  Additionally, NeuroAMIs multi-layer  processing
increases computational cost during PSO-DE tuning, making
it less efficient for real-time applications.

Future studies should expand the dataset geographically
and integrate adaptive noise regularization to mitigate bias. As
shown in Fig. 5a and Fig. 5b, residual clustering in high-CBR
regions indicates potential overfitting to dense data segments,
warranting further validation using larger and more diverse
samples.

4.5 Practical recommendations

From a  practical engineering  perspective, the
NeuroAMI-ANN hybrid model can be incorporated into CBR
prediction tools for early-stage pavement and subgrade design.
It provides a rapid, non-destructive estimation mechanism
that reduces laboratory workload. Engineers should prioritize
monitoring OMC and PI during stabilization, as these
parameters exert the strongest influence on CBR outcomes.

The ensemble system’s probabilistic averaging also supports
decision-making under uncertainty by offering confidence-
weighted predictions. Integration with IoT-based field
monitoring could further enable real-time retraining, allowing
adaptive forecasting of subgrade performance under changing
moisture or load conditions.

5. Conclusion

This study has demonstrated the efficacy of a hybrid
NeuroAMI-ANN  modeling  framework  for  predicting
California Bearing Ratio (CBR) under both soaked and
unsoaked conditions. By integrating biologically inspired
auditory learning (NeuroAMI) with ensemble-optimized
artificial neural networks, the model successfully captured the
nonlinear interdependencies among compaction parameters,
moisture content, and stabilizer composition. The ensemble
approach,  strengthened through PSO-DE  optimization,
yielded consistent improvements in predictive accuracy and
generalization, especially for the more complex CBR soaked
responses.
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From a geotechnical standpoint, the findings reaffirm that
maximum dry density (MDD) and optimum moisture content
(OMC) remain the most influential factors governing soil
bearing capacity, while interaction terms such as RHA_OMC
and FLD_OMC significantly enhance model interpretability.
The NeuroAMI mechanism provided an adaptive learning
perspective analogous to change detection in natural
auditory systems, offering a novel paradigm for representing
geotechnical data.

Despite strong results, model performance remains sensitive
to dataset scale and measurement precision. Future research
should explore larger, more heterogeneous soil datasets and
couple NeuroAMI with physics-informed neural architectures
to strengthen physical interpretability. Integrating real-time
field data through IoT and remote sensing could further
enable dynamic model updating for sustainable pavement and
foundation design.
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APPENDIX A
%RHA FLD OMC% MDD (Kg/m?) CBR CBR
(X1)  (X2) (X3) (Xa) Un-soaked (%) Soaked (%)

0.0 0.0 12.40 1532 0.827 0.630
0.0 0.2 12.00 1584 0.75 0.678
0.0 04 11.20 1592 0.772 0.683
0.0 0.6 12.40 1588 0.788 0.694
0.0 0.8 15.00 1620 0.799 0.700
1.0 0.0 12.40 1532 1.323 1.020
1.0 0.2 12.00 1584 1.405 1.070
1.0 0.4 11.20 1600 1.520 1.100
1.0 0.6 12.40 1608 1.630 1.160
1.0 0.8 15.00 1632 1.920 1.210
2.0 0.0 8.40 1648 2.315 1.710
2.0 0.2 12.60 1648 2.480 1.820
2.0 04 12.40 1673 2.650 1.820
2.0 0.6 9.20 1626 2.920 1.980
2.0 0.8 12.50 1627 3.420 2.090
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Abstract

Accurate prediction of the California Bearing Ratio (CBR) is fundamental for pavement design
and foundation engineering, as it determines load-bearing performance, service life, and cost
optimization. Traditional empirical correlations often fail to capture the complex, non-linear
relationships between soil properties and bearing capacity, particularly in stabilized soils
incorporating supplementary materials such as rice husk ash (RHA) and geotextile reinforcement.
These limitations highlight the need for advanced modeling techniques that can represent
underlying physical-mechanical behaviors more accurately.

This study developed a hybrid machine learning framework integrating enhanced Genetic
Programming (GP) with Particle Swarm Optimization-Differential Evolution (PSO-DE) coefficient
refinement and multi-architecture ensemble Artificial Neural Networks (ANN) for CBR prediction.
Four original variables—RHA content, fabric layer distance (FLD), optimum moisture content (OMC),
and maximum dry density (MDD)—were transformed into more than fifty engineered features.
Bootstrap augmentation expanded the dataset sixfold, and a rigorous three-tier validation protocol
ensured robust performance assessment. The GP model was trained through 15 ensemble runs
with 800 individuals evolved over 150 generations and optimized via a 7-parameter PSO-DE
search with 60 particles over 200 iterations. The ANN ensemble combined 50 models across
five architectures—Feedforward, Deep, Residual, Wide, and Attention—validated through 10-fold
cross-validation.

The ANN ensemble achieved superior performance with R? = 0.856, RMSE = 0.415, and
MAE = 0.328, while GP achieved R? = 0.767, RMSE = 0.521, and MAE = 0.412. Notably,
GP outperformed its test set accuracy on the holdout prediction set (R? = 0.821), indicating
strong generalization. ANN exhibited stable error distribution (0.4 units), whereas GP showed
heteroscedasticity (+1.0 unit).

Both models exceed engineering acceptance thresholds (R? > 0.75). ANN offers maximum
predictive accuracy, while GP provides interpretable symbolic expressions with superior
extrapolation potential. A hybrid deployment strategy is recommended for robust, transparent,
and operationally effective CBR prediction in soil stabilization projects.

Keywords: California Bearing Ratio, genetic programming, artificial neural networks, soil
stabilization, machine learning, geotechnical engineering, model interpretability, ensemble
methods, rice husk ash, geotextile reinforcement

Kulcsszavak: California Bearing Ratio (CBR-érték), genetikus programozas (GP), mesterséges
neurdlis hal6zatok (ANN), talajstabilizalas, gépi tanulas, geotechnikai mérndki tudomanyok,
modell értelmezhetdség, ensemble (egylttes) modszerek, rizshéjhamu, geotextilia erdsités
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1.1 Introduction

California Bearing Ratio (CBR) represents one of the widely
adopted metric and standard for evaluating soil stabilization
processes and in particular, the design of pavement thickness
of a variety of structures [I, 2]. The CBR metric or ratio is
hence an important requirement for construction engineers
seeking to maximize the soil density as well as the available
soil resources. By modifying the soil particles in the black
cotton soil, it becomes stable and suitable for construction or
building work and the CBR provides an adequate indicator
in this regard [3]. But the process for determining the CBR
considering measurable soil properties such as percentage rice
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husk ash, geotextile fabric layer distance, optimum moisture
content and maximum dry density is usually a laborious
and time-consuming task particularly when large number
of soil samples are involved [4, 5]. Thus, researchers resort
to computational intelligence feature engineering software
programs, techniques and tools to salvage the situation.

The estimation requirement for CBR ratios typically
demand that low error levels be sought and this results in the
use of competing Machine Learning (ML) and/or Artificial
Intelligence (AI) techniques [6, 7]. However, this particular
requirement presents an additional challenge as the soil
compositions across many zones differ and reporting of results
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may be inconsistent with the defacto standards. Hence, it
becomes imperative to develop reliable prediction systems
and/or models that meet the expectations of soil engineers and
geo-technicians.

One of the core benefits of a reliable prediction system is in
its expressibility with respect to the underlying input events
and considering the minimum error accuracy requirements.
In this regard, researchers have investigated the application of
symbolic computing tools such as Genetic Programming (GP)
and Gene Expressing Programming (GP) for the prediction of
CBR considering several correlated input feature patterns [8, 9].

In this paper, we present for the first time, a GP solution
methodology for predicting CBR using limited training
datasets. Furthermore, we identify for different limited training
data scenarios the best training-testing configuration and
corresponding GP model that gives least root mean squared
error.

1.2 Machine learning approaches in geotechnical
engineering

The application of artificial intelligence and machine learning
to geotechnical problems has accelerated over the past decade,
driven by increased computational power, availability of digital
testing data, and proven successes in several engineering
domains [10-14]. Artificial Neural Networks (ANNs) [15, 16]
have emerged as dominant predictive tools, demonstrating
strong performance in applications such as bearing capacity
prediction, slope stability, settlement forecasting, and soil
classification. Their universal approximation capability enables
them to capture the highly non-linear moisture-strength
interactions that characterize CBR behavior.

Recent advances - including deep architectures, residual
connections,  attention  mechanisms, and regularization
techniques - have further improved neural network
performance and generalization. Ensemble learning strategies
also help stabilize predictions across multiple models.
However, their “black box” nature remains a critical barrier
to widespread engineering adoption, where transparency,
regulatory compliance, and liability considerations demand
explainable and auditable design methods. This is particularly
significant for soaked CBR predictions, which directly inform
pavement design thickness and structural safety.

Genetic Programming (GP) offers an attractive alternative,
evolving explicit mathematical expressions that combine
machine learning accuracy with interpretability [15, 17].
Unlike neural networks, GP produces transparent formulas
that can be manually verified and embedded into engineering
standards [18, 19]. It can generate separate predictive
expressions for unsoaked and soaked CBR, potentially
highlighting differences in stabilization effects under varying
moisture conditions. By using multi-objective optimization and
post-processing techniques like Particle Swarm Optimization
(PSO) and Differential Evolution (DE), GP can balance
simplicity and predictive power [20, 21]. Although GP may not
always match the absolute accuracy of deep neural networks,
its transparency makes it valuable for practical design and
regulatory environments [5, 15].

This study aims to bridge the gap between predictive
performance and interpretability for CBR prediction in
stabilized soils. It develops and compares an enhanced Genetic
Programming approach with PSO-DE optimization and
multi-architecture ensemble ANN models for dual-condition
prediction, focusing on accuracy, generalization, and practical
deployment.

2. Methodology

2.1 Data collection and experimental program

The experimental dataset for this study consists of California
Bearing Ratio (CBR) test results on soil samples stabilized
with rice husk ash (RHA) and reinforced with geotextile fabric
layers at varying depths. Testing was performed under both
unsoaked and soaked conditions in accordance with ASTM
D1883. The experimental program systematically varied RHA
content between 0% and 15% by dry weight of soil and fabric
layer depth between 0 mm and 50 mm, reflecting typical
stabilization and reinforcement configurations in pavement
engineering. Optimum moisture contents ranged from 12%
to 25%, while maximum dry densities spanned 1.6 g/cm® to
2.1 g/cm’, covering representative subgrade compaction states.

Sample preparation followed ASTM D698 for moisture—
density determination and ASTM D1883 for CBR testing.
After compaction at the optimum moisture content, unsoaked
CBR testing was conducted immediately, while soaked CBR
testing involved 96 hours of water immersion under a 4.5 kg
surcharge to simulate worst-case field saturation. This ensured
equilibrium  moisture distribution and accurate soaked
response. The full dataset comprised 87 unique sample pairs
with four input variables - RHA content (%), fabric layer
depth (FLD, mm), optimum moisture content (OMC, %),
and maximum dry density (MDD, g/cm’) - and two target
variables: CBR unsoaked (%) and CBR soaked (%). Descriptive
statistics and experimental ranges for all variables are presented
as shown in Table 1.

Variable Count Mean Std Min 25% 50% 75% Max
Dev

RHA(%) 65 600 377 000 300 600 900 12.00
FLD 65 040 029 000 020 040 060 0.80
OMC (%) 65 1081 187 720 920 1120 1240 15.00
MDD 65 167152 69.49 1532 1627 1670 1690 1889
(Kg/m?3)

CBR

Un-soaked 65 426 175 075 303 452 573 694
(%)

CBR

Soaked 65 380 179 063 215 413 463 650

(%)

Table 1 Descriptive statistics and experimental ranges for all variables
1. tdbldzat Az Osszes vdltoz6 leiré statisztikdja és kisérleti tartomdnya

2.2 Advanced data preparation and feature engineering

Data preprocessing involved outlier detection using the
Isolation Forest algorithm (contamination = 0.10) to remove
anomalous values without distorting the natural variability
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of soaked/unsoaked ratios. Bootstrap augmentation was then
applied to expand the dataset fivefold, increasing the effective
size from 78 to approximately 468 paired samples. This was
achieved through sampling with replacement and slight
Gaussian perturbations (0 = 1-2% of feature range) while
preserving the unsoaked-soaked pairing structure.

Feature engineering transformed the four original inputs
into more than 50 engineered variables. Transformations
included polynomial interactions, ratios, power functions,
logarithmic and exponential terms, trigonometric basis
functions, and domain-specific indices such as compaction
index (MDD/OMC) and (RHAXMDD).
Feature selection using mutual information regression retained
the 50 most informative features, which were standardized
using z-score scaling after Yeo—Johnson transformation to

stabilization factor

reduce skewness.

2.3 Data splitting and validation strategy

To ensure robust model evaluation, the dataset was split
into 70% training, 15% validation, 5% test, and 10% holdout
prediction sets using stratified sampling based on soaked CBR
values. This strategy maintained consistent data distributions
across subsets and allowed for strong generalization testing.
All model tuning and selection were performed exclusively on
the training and validation sets; the holdout set was reserved
for final performance evaluation.

2.4 Genetic programming with PSO-DE optimization

Genetic Programming (GP) was applied using a symbolic
regression  framework to derive explicit mathematical
relationships for both unsoaked and soaked CBR. The GP
function set comprised arithmetic operators (+, —, X, =+),
power, logarithmic, exponential, and trigonometric functions.
An initial population of 800 individuals was evolved over 150
generations using NSGA-II multi-objective optimization to
minimize both RMSE and expression complexity. Crossover
and mutation probabilities were set at 0.7 and 0.3, respectively,
with maximum tree depth capped at 20 to control code bloat.
GP parameter specifications is shown in Table 2.

Parameter Default Value

No. of Populations 800
No. of Generations 150
Selection Method Tournament
Tournament size 12
Elite fraction 0.01
Lexicographic pressure True
Maximum Tree Depth 2
Maximum Mutation Depth 2
Maximum number of Genes 4
Function set +- %,

Table 2 GP Parameter Specifications
1. tabldzat Az Osszes viltozé leiro statisztikdja és kisérleti tartomdnya

84 . = 2025/3 = Vol. 77, No. 3

Generate Population of
Random programs

——

s N
Evaluate Fitness

.

Darwinian Selection

.

Genetic operations

—

e

Best Solution

(. J

Fig. 1 Genetic Programming Process [21]

The top 20 expressions from each run were then refined
with a Particle Swarm Optimization-Differential Evolution
(PSO-DE) hybrid algorithm optimizing seven coefficients in
a nonlinear correction function. PSO used 60 particles and
200 iterations, while DE introduced additional exploration to
escape local minima. Fifteen multi-start runs ensured robust
convergence. The final GP-PSO-DE models were selected

based on validation R* and generalization on the unseen
prediction set. Model configuration and hyperparameters are
presented in Table 3.

Model Layers  Epochs Learning Regulari- Activation Optimi-
Rate zation Function  zation
Feed- egc?(:(:\s Dropout  ReLU (hid-
forward 5064 1) (Zan 0001 02, den)Linear Adam
ANN y 12=0001  (out)
stop)
Deep 1R AL Dropout
ANN (50 ;22 % 64 . 3(?0?15 0.001 0.3, RelU Adam
P 12=0.001
Residual  [50-128-
300 Dropout
ANN 128-.1] + epochs 0.001 03 RelU Adam
skip
Wide Parallel
ANN 64,329> 39 o1 DOPOUL ey Adam
epochs 0.2
merge — [1]
Attention  [50-atten-
ANN tion (64)- 300 0.001 Dropout RelU Adam
64-1] epochs 0.4

Table 3 Hyperparameters for ANN model
3. tabldzat Az ANN (neurdlis hdlozat) modell hiperparaméterei

2.5 Multi-architecture ensemble artificial neural networks

To complement the interpretable GP models, Artificial
Neural Network (ANN) models were developed across five
architectures: Feedforward (FFNN), Deep, Residual, Wide, and
Attention networks. All models used 50 input features, a single
linear output, and Adam optimization with an initial learning
rate of 0.001. Training ran for a maximum of 300 epochs with
early stopping (patience = 30) and learning-rate reduction on
plateau. Regularization techniques included dropout (0.2-0.4)
and L2 penalties (A = 0.001).
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Each architecture was trained with 10-fold cross-validation,
generating 50 models per target. The final prediction was
obtained by ensembling model outputs through simple
averaging, which improved robustness and reduced variance.
Detailed hyperparameters for each ANN architecture are
provided in Table 3, while performance metrics will be
presented in the Results section.

3. Results

The predictive performance of both the Genetic
Programming (GP) and Artificial Neural Network (ANN)
ensemble models was systematically evaluated for soaked and
unsoaked California Bearing Ratio (CBR) conditions using
both test and independent prediction sets. To ensure a rigorous
assessment, the analysis incorporated model performance
evaluation, feature importance ranking, cross-validation, and
sensitivity analysis. All quantitative results are summarized in
Tables 4-6, while Fig. 2-5 present residual distributions, feature
sensitivity curves, and comparative model accuracy plots.

3.1 CBR soaked performance

For the soaked CBR prediction,
expression was formulated as:
CBRyurea=add(protected_exp(protected_sqrt(protected_div(x7,x7))),x0)
where corresponds to Rice Husk Ash (RHA) content and
denotes the RHA-FLD ratio. This base expression was further
refined using Particle Swarm  Optimization-Differential
Evolution (PSO-DE) with optimized coefficients , improving
fit stability and predictive precision.

On the test set, the GP model achieved an R’ of 0.767,
RMSE of 0.6354, and MAE of 0.5925. Performance improved
on the independent prediction set, reaching R?=0.8212,
RMSE = 0.5936, and MAE = 0.4689. This reflects a 7.1%
increase in explained variance and a 20.9% reduction in
absolute error, demonstrating good generalization capability.
The ANN ensemble outperformed GP with a test set R of
0.8556, RMSE of 0.5002, and MAE of 0.4245, and achieved
exceptional prediction set performance (R?, RMSE = 0.4046,
MAE = 0.3370). These results are summarized in Table 4, and
the corresponding scatter plots and residual plots are illustrated
in Fig. 2(a-c) and Fig. 3(a-b), showing tighter residual clustering
for ANN compared to GP.

the Dbest-evolved GP

Model Dataset R2 RMSE MAE AR? (Pred-Test)
GP Test 0.7670 0.6354 0.5925 -

GP Prediction 0.8212 0.5936 0.4689 +7.1%
ANN Test 0.8556 0.5002 0.4245 -

ANN Prediction 0.9169 0.4046 0.3370 +7.2%

Table 4 Performance metrics for soaked CBR prediction
4. tabldzat Teljesitménymutatok az dztatott CBR-érték elérejelzéséhez

Permutation-based feature importance further revealed that
RHA content accounted for nearly all the explained variance
in soaked CBR, with relative importance of 1.0000, while all
other engineered features had negligible influence. This finding
aligns with geotechnical expectations: under soaked conditions,
stabilizer content (RHA) dominates the bearing capacity response.
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Fig. 3b  Residual plot for soaked CBR (ANN Test set)
3b. dbra  Maradékérték-diagram az dztatott CBR-értékhez (ANN tesztadatkészlet)

3.2 CBR unsoaked performance

For the unsoaked condition, the optimal GP expression was:
CBRunsoakes=add(x6,protected_exp(protected_sqrt(protected
exp(protected_sqrt(protected_div(x3,x3)))))))
where is the maximum dry density (MDD) and represents
the RHAXOMC interaction term. The PSO-DE optimization
produced coeflicients [-7.398,—2.086,4.081,1.783,—0.170],
explicitly emphasizing the importance of moisture-stabilizer

interactions.

GP achieved moderate test set performance (R?=0.4062,
RMSE = 1.0017, MAE = 0.8820), but its performance improved
dramatically on the independent prediction set (R’=0.7687,
RMSE = 0.6946, MAE = 0.5186), indicating an 89.2% increase
in explained variance and over 40% error reduction. The ANN
ensemble again demonstrated superior results with test set
metrics of R>=0.8630, RMSE = 0.4811, and MAE = 0.3894, and
prediction set performance of R=0.9123, RMSE = 0.4278, and
MAE = 0.3714. The complete results are presented in Table 4.

The scatter plots and residual plots in Fig. 4(a-c) and Fig. 5(a-b)
confirm that ANN residuals are more homoscedastic and tightly
distributed compared to GP, which exhibited larger variance in
the mid-range of CBR values. Feature importance analysis also
identified the RHAXOMC interaction as the dominant variable
(relative importance = 1.0000), contrasting with soaked CBR
behavior. This indicates that unsoaked bearing capacity is
governed primarily by the interplay between stabilizer dosage
and moisture content during compaction.
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4c. dbra  Pontdiagram a nem dztatott CBR-értékhez (GP predikcids adatkészlet)

Model Dataset R2 RMSE MAE AR? (Pred-Test)
GP Test 0.4062 1.0017 0.8820 -

GP Prediction 0.7687 0.6946 0.5186 +89.2%
ANN Test 0.8630 0.4811 0.3894 -

ANN Prediction 0.9123 0.4278 0.3714 +5.7%

Table 4 Performance metrics for unsoaked CBR prediction

4. tabldzat Teljesitménymutatok a nem dztatott CBR-érték eldrejelzéséhez
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3.3 Cross-validation performance

Ten-fold cross-validation was used to evaluate model
stability and robustness. For soaked CBR, the feedforward
architecture achieved the highest average R* of 0.8674 with
a standard deviation of 0.0761, followed closely by deep
and residual networks with slightly higher variability. For
unsoaked CBR, the feedforward architecture again performed
best (R*= 0.8697 + 0.0421), showing the lowest coefficient of
variation (4.8%), as summarized in Table 5.

The lower variability observed in the feedforward and deep
architectures indicates that the ensemble ANN model is stable across
different training subsets, contributing to its superior prediction set
performance. Fig. 6(a-b) illustrates the cross-validation accuracy
distributions across architectures, highlighting the consistently
higher median performance of the feedforward models.

Target Architecture Mean R2 Std CV (%)
Soaked Feedforward 0.8674 0.0761 8.8
Soaked Deep 0.8644 0.0773 8.9
Soaked Residual 0.8400 0.0845 10.1
Unsoaked Feedforward 0.8697 0.0421 4.8
Unsoaked Deep 0.8063 0.0860 10.7
Unsoaked Residual 0.8001 0.1318 16.5

Table 5 10-Fold cross-validation results
5. tdbldzat  10-szeres keresztellendrzés (10-fold cross-validation) eredményei
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3.4 Sensitivity analysis

A global sensitivity analysis was performed to understand
the influence of input variables on predicted CBR values. For
soaked CBR, increasing RHA content from 0% to 12% led to a
nearly linear rise in predicted values across the response range,
with minimal sensitivity to FLD, OMC, or other engineered
features. This observation corroborates the feature importance
findings and confirms that soaked bearing capacity is primarily
governed by stabilizer content.

In contrast, for unsoaked CBR, the RHAXOMC interaction
exhibited a strongly nonlinear effect: intermediate OMC levels
(close to optimum) combined with increasing RHA produced
the highest CBR values, while deviations from optimum
moisture caused sharp declines. The corresponding sensitivity
curves, shown in Fig. 5, clearly depict this interaction effect
and the higher flexibility of the ANN ensemble in capturing
nonlinear relationships compared to GP.
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Fig. 7a  Feature Importance ranking for soaked CBR
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3.5 Comparative generalization and success criteria

A direct comparison of model performance across both
targets confirms the superior accuracy and stability of the
ANN ensemble. GP demonstrated strong generalization
behavior, particularly for soaked CBR, but underperformed for
unsoaked conditions where nonlinear interactions dominate.
As summarized in Table 6, ANN consistently exceeded the
target threshold of R*> 0.85 on both test and prediction sets,
while GP met this criterion only for soaked prediction data.

GP exhibited a 7.1% improvement in R* from test to
prediction for soaked CBR and an 89.2% improvement for
unsoaked CBR, indicating strong generalization but also
reflecting the variability of the test data. ANN displayed smaller,
more stable improvements (7.2% and 5.7%), confirming robust
generalization with minimal data sensitivity.

Condi- Mod- Pred RMSE RMSE MAE MAE
s Test R? AR?
tion el R? (Test) (Pred) (Test) (Pred)
Soaked GP 0.7670 0.8212 +71% 0.6354 0.5936 0.5925 0.4689
Soaked ANN 0.8556 09169 +7.2% 0.5002 0.4046 0.4245 0.3370
Un- GP  0.4062 0.7687 +89.2% 1.0017 0.6946 0.8820 0.5186
soaked
Un- ANN 0.8630 0.9123 +5.7% 0.4811 0.4278 0.3894 0.3714
soaked

Table 6 Comparative model performance summary
6. tabldzat Osszehasonlité modell teljesitmény dsszefoglalds

4, Discussion

4.1 Model performance

The predictive performance of the GP and ANN models
shows distinct patterns in terms of accuracy, generalization,
and uncertainty. As summarized in Table 4 and illustrated
in Fig. 2 and Fig. 4, the ANN ensemble achieved the highest
predictive accuracy for both unsoaked and soaked CBR values.
ANN outperformed GP by approximately 11.6% in R*> [24]
and reduced the mean absolute error (MAE) by up to 28%,
indicating that neural network architectures more effectively
captured the complex nonlinear interactions between soil
properties, moisture conditions, and stabilization variables.
These improvements were particularly pronounced for soaked
conditions, which are traditionally more challenging to model
due to additional water-induced mechanisms.

However, the GP  model demonstrated  stronger
generalization on the unseen holdout dataset, exceeding ANN
test set performance by approximately 7% for unsoaked and
6.3% for soaked conditions. This suggests that GP identified
simplified but physically meaningful functional relationships
that enable more robust extrapolation beyond the training
data. Unlike ANN, which behaves as a black box, the GP model
outputs explicit symbolic equations, allowing engineers to
identify physical trends such as compaction influence, moisture
penalty terms, and reinforcement effects. This interpretability
is particularly valuable in regulatory and field deployment
contexts where prediction transparency is required.

Moisture significantly influenced model performance. The
lower R? values for soaked predictions (ANN: 0.843; GP: 0.751)
reflect the inherent difficulty of modeling soil behavior under

88 . = 2025/3 = Vol. 77, No. 3

saturation. Soaked conditions involve mechanisms such as
pore water pressure build-up, interparticle bond degradation,
and moisture-induced weakening that are difficult to quantify
directly from the measured input variables. Experimental
variability during the 96-hour soaking period further amplifies
this uncertainty. Nevertheless, the relatively small performance
gap between soaked and unsoaked predictions demonstrates
that the feature engineering process described in Table 2
captured much of the relevant behavior governing moisture
susceptibility in stabilized soils.

4.2 Cross-validation and model stability

Cross-validation results provided critical insight into the
reliability and deployability of the models. As presented in
Table 5, individual neural networks showed considerable
performance variability across folds, with R*> values ranging
from 0.66 to 0.97, highlighting the instability of single deep
learning models. Ensemble learning significantly mitigated
this instability, reducing the coefficient of variation from
about 9-10% in single models to 6-7% in the ensemble. This
improvement indicates that averaging predictions across
multiple architectures and initializations stabilizes performance
and reduces overfitting.

Among the different ANN architectures, residual networks
demonstrated the most consistent results across both moisture
conditions, while deep networks occasionally produced peak
performance but with higher variance. Feedforward networks
provided stable baseline behavior and improved ensemble
robustness. Notably, the same challenging folds persisted
across both unsoaked and soaked predictions, indicating
that data distribution and sample representation rather than
architecture choice primarily drive difficulty in certain regions
of the input space. This finding underscores the potential
benefits of targeted data collection in underrepresented soil-
moisture-stabilizer configurations.

The GP model, while less accurate overall, showed narrower
performance variability than individual ANN models and
maintained stable extrapolation capacity. This stability,
combined with interpretability, positions GP as a valuable
reference model during deployment, particularly in design
auditing and quality control scenarios.

4.3 Sensitivity analysis and variable importance

The results of the sensitivity analysis, shown in Table 6 and
visualized in Fig. 7a and Fig. 7b, highlight the dominant role
of moisture-related parameters in determining CBR values.
Optimum moisture content (OMC) exhibited the highest
sensitivity for soaked CBR predictions, followed by maximum
dry density (MDD) and rice husk ash (RHA) content. This aligns
with physical expectations: moisture content fundamentally
controls soil strength, and increased compaction improves
load-bearing capacity. RHA, with its pozzolanic activity,
contributed to strength enhancement particularly in drier
conditions, though its influence diminished as saturation
increased.

The GP models captured these patterns through explicit
polynomial, logarithmic, and interaction terms involving
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OMC, MDD, and RHA, while ANN models learned similar
relationships  implicitly through nonlinear transformations.
The sensitivity analysis also revealed that fabric layer distance
(FLD) had a moderate but consistent influence on CBR
values, particularly in soaked conditions, where reinforcement
becomes critical for maintaining residual strength. These
insights provide not only model interpretability but also
valuable engineering guidance on which variables to prioritize
during field testing and mix design.

4.4 Implications and limitations

The findings of this study emphasize the complementary
strengths of ANN and GP approaches. ANN ensembles deliver
superior predictive accuracy, making them ideal for operational
deployment during pavement design, construction planning,
and optimization. GP models, though slightly less accurate,
offer interpretability and better extrapolation, which are
crucial for regulatory compliance, field calibration, and quality
assurance. A hybrid deployment strategy — where ANN is used
for primary predictions and GP serves as an interpretability
and validation layer — can leverage the advantages of both
methods. For instance, model disagreement greater than 10%
can flag data for further inspection or additional field testing,
improving the reliability of design decisions.

Despite promising results, the study is constrained by the
relatively small number of real measurements (87 samples),
which were augmented through bootstrap techniques to
approximately 600 observations. This limits the diversity of
soil types and environmental conditions represented in the
dataset. Additionally, critical variables such as clay mineralogy,
microstructure characteristics, or in-situ moisture fluctuation
were not explicitly captured. GP model complexity limitations
also restrict performance at the extremes of the CBR range,
while ANN remains difficult to interpret without additional
tools such as SHAP or feature attribution methods. Future work
should focus on expanding the dataset, integrating additional
physical variables, and developing more advanced hybrid
frameworks to fully exploit the complementary strengths of
symbolic and connectionist approaches.

5. Conclusion

This study evaluated Genetic Programming (GP) and
a hybrid GP-PSO-ANN model for predicting soaked and
unsoaked CBR of stabilized soils. The hybrid model achieved
high predictive accuracy (R* = 0.856 unsoaked, 0.843 soaked)
and effectively captured nonlinear soil-moisture-stabilizer
relationships. Although trained on a small dataset (65 samples),
its performance was comparable to other machine-learning
models in the literature (R* = 0.90-0.99), demonstrating strong
robustness under limited data.

Cross-validation and sensitivity analyses confirmed the
model’s reliability and identified OMC, MDD, and RHA as
the most influential factors. The ANN component contributed
superior accuracy, while the GP component ensured
interpretability and transparency.

A hybrid modeling strategy is therefore recommended -
leveraging ANN for precision and GP for explainable validation

- to enhance soil stabilization and pavement design practices.
Future studies should enlarge the dataset and integrate more
geotechnical features to strengthen model generalization and
field applicability.
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enhanced workability and compressive strength. Although chloride content (1.95 mol%) raises
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1. Introduction

Concrete remains fundamental to modern infrastructure due
to its mechanical versatility and durability [1, 2, 3]. However,
owing to the shortcomings of its primary binder, Portland
cement, it is imperative to source an alternative material with
binding properties. Cement production is among the most
energy-intensive  industrial ~processes, releasing  significant
quantities of CO,, thus posing sustainability challenges that
undermine the ecological viability of conventional concrete
[4, 5, 23]. This dilemma has catalysed the integration of
supplementary cementitious materials (SCM’s) as partial cement
replacements, a strategy that seeks to reconcile performance
demands with environmental imperatives [6, 7, 8]. SCM’s offer
potential reductions in carbon emissions; their efficacy hinges
on the balance between sustainability gains and the retention or
enhancement of critical concrete properties such as strength and
durability. Not all SCM’s exhibit uniform pozzolanic reactivity
or contribute equally to concrete performance, demanding
rigorous characterisation and optimisation in mix design to
prevent compromises in structural integrity [9]. Therefore, the
deployment of SCM’s embodies a complex trade-off, requiring
a holistic evaluation that encompasses environmental,
mechanical, and durability dimensions to ensure genuinely

sustainable construction practices. At the core is optimising
concrete composition for sustainability, emphasising the need
to create mixtures that reduce environmental impact while
preserving structural integrity.

The pozzolanic reactivity of Metakaolin varies significantly
with source purity, calcination, and particle morphology,
causing  inconsistent  hydration =~ and  microstructure
development in concrete [10, 22]. While its fine particles
enhance early strength, they increase water demand,
challenging workability, and require admixture optimisation
[11, 12, 24]. Durability improvements, such as sulphate and
chloride resistance, depend heavily on curing conditions and
interactions with other SCM’s, without uniform effectiveness
[13, 14, 15, 16]. Environmentally, metakaolin reduces
cement use and emissions, but requires energy-intensive
production and limited raw materials, raising concerns about
its sustainability and cost [17, 18, 25]. Thus, standardising
metakaolin properties and integrating long-term performance
data under varied exposures is essential to reliably harness the
benefits in sustainable concrete production [19, 20].

The research aims to characterise the chemical composition
and particle size distribution of metakaolin using advanced
analytical techniques, which assess the influence of metakaolin
incorporation on the compressive strength and density of
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both normal-strength and high-strength concrete at 7- and
28-day curing periods. It also establishes correlations between
chemical and physical characteristics of metakaolin and the
observed mechanical performance of concrete, which further
provides insights and recommendations for the practical use of
metakaolin in sustainable construction.

Despite extensive research on metakaolins chemical and
physical properties, a comprehensive understanding of how
specific ~chemical compositions correlate with concrete’s
mechanical strength and durability remains limited. Most
studies isolate either chemical characterisation or mechanical
testing, lacking integrated analyses that link oxide profiles
to strength and density evolution over time. Variability in
metakaolin sources and processing further complicates the
prediction of concrete behaviour, challenging the development
of generalised performance models. Additionally, density
changes and the influence of minor oxides and trace elements
on hydration and microstructure are often overlooked. Few
studies combine advanced characterisation techniques with
systematic mechanical testing across curing ages, hindering a
robust predictive framework.

Finally, despite the existence of extensive literature on
metakaolin, no prior study has examined a locally sourced
kaolin-based metakaolin from Umuahia, calcined under
controlled conditions at 800°C, with integrated chemical,
particle-size, and mechanical performance characterisation
across both normal- and high-strength concrete. This work
therefore contributes new insights by directly linking oxide
composition and particle-size distribution to strength and
density evolution, quantifying the synergy between metakaolin
and a high-performance superplasticiser, and identifying a
chloride-related durability risk unique to this material source.

Addressing these gaps is critical for optimising metakaolin
use as a sustainable SCM and advancing durable concrete
technologies.

2. Materials and methods
2.1 Materials

The materials employed in this study were carefully selected
to ensure consistency and reliability in assessing the effects of
metakaolin on concrete properties.

2.1.1 Limestone Portland cement

Grade 42.5N Lafarge Superset was used as the primary binder.
The cement was characterised by its chemical composition,
fineness, and setting times to establish baseline properties.

2.1.2 Metakaolin

The key supplementary cementitious material under
investigation was procured from a kaolin mining site at Umuahia,
Abia State, Nigeria, calcined to a temperature of 8000°C at the
University of Nigeria, Nsukka, and subjected to preliminary
characterisation to determine its chemical composition through
XRF (X-ray Fluorescence) technology and physical properties
tests. The metakaolin was produced through the controlled
calcination of kaolin clay at 800°C to achieve the amorphous
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aluminosilicate phase critical for pozzolanic activity, as shown
in Table 1, in comparison with ASTM C150 [28]. Table 2
shows the physical properties of aggregates used in line with
BS EN 933-1 [29]. The particle size and molecular weight were
measured by a Malvern Zetasizer, utilising Dynamic Light
Scattering (DLS) and Electrophoretic Light Scattering (ELS) to
analyse the metakaolin sample stability and characteristics.

Meta-
kaolin
(Mea-

ASTM
Standard
Requirement

S/ Parameter Cement
\[1] (Mea-

Compliance
Assessment

sured)

sured)
1 Silicon C150[28]: No Cement:
Oxide limit; C618[27]: Within typical
(Si0,, %) 2103 67.48 Si0,+Al,03+Fe,05 OPC range;
270% MK: Conforms
2 Calcium No limit in
Oxide C150[28];
(a0, %) 619 055 Notspecifiedin  COormS
€618[27]
3 Aluminum C150[28]: 2-8%
Oxide 3.4 26.54  typical; in C618[27] Conforms
(Al,03, %) total oxides
4 Ferric C150[28]: <6%
Oxide 29 1.63 typical; in C618[27] Conforms
(Fe203, %) total oxides
5 Magnesium
Oxide 2.8 0 C150[28]: <6.0% Conforms
(Mg, %)
6 Sulphur C150 [28][28]:
Trioxide 31 0.61 <3.5%; C618: Conforms
(SOs, %) <4.0%
7 Loss on Cement:
Ignition 12 ~ C150 [28]: <3%; Conforms;
(LOI, %) ’ C618: <10% MK: Requires
measurement
8 Lime
Saturation o4 Not in ASTM; Cement:
Factor typical OPC: 92-98  Acceptable
(LSF, %)
9 Chloride Cement: OK;
(CI, %) 0.092 1.95 ACI 318 (301 MK: Excessive
durability <0.1% .
chloride
10 Chromium
(Cr, 2.75 0.01 <3.0 Conforms
mg/cm?)

Table 1 Comparison of cement and metakaolin chemical properties against ASTM
standards
1. tdbldzat A cement és a metakaolin kémiai tulajdonsdgainak Osszehasonlitdsa az
ASTM szabvinyokkal

ASTM C150[28] applies to Portland cement; ASTM C618 [27]
applies to pozzolans, including metakaolin. Limits shown are
maximum allowable values unless otherwise stated.

2.1.3 Aggregates

The aggregates used in this study included both coarse and
fine aggregates. The coarse aggregate was sourced from a
crushed rock quarry at Akamkpa, Cross River State, Nigeria,
while the fine aggregate was sourced from a natural Ogbogoro
River, Rivers State, Nigeria. The aggregates were subjected to
standard grading, cleanliness, and moisture content assessments
to guarantee uniformity in particle size distribution and avoid
extraneous influences on concrete behaviour.
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2.1.4 Potable water complying

Potable water complying with standard specifications for
concrete mixing obtained from the running tap of the Rivers
State University, Port Harcourt, conforming to BS EN 1008
[26], was utilised throughout the experimental program to
avoid contamination or variability in hydration.

S/No Material/ Chippings CET Cement Metakaolin
Test
Source Akamkpa Ogbogoro Lafarge Umuabhia,
River Superset Nigeria
1 Bulk
Density 1655.06  2121.45 1452.3 1215.5
(Kg/md)
2 Specific 2.63 2.71 3.09 2.41
gravity
3 Finest
Modulus 4.5 2.38
4 Cc 0.57 1.03
5 Cu 2.21 5
6 Gradation 40mm
Nominal
Gradation Zone 2
curve

Table 2 Physical properties of chippings, sand, cement, and metakaolin
2. tabldzat A ziizottké (chippings), homok, cement és metakaolin fizikai tulajdonsdgai

2.1.5 Ultracrete61

This is a high-range water reducer sourced from Purechem
Industries Ltd, Lagos.

2.2. Methods
2.2.1. Particle size distribution via laser diffraction

Laser diffraction with a Malvern Zetasizer was used to
analyse particle size distribution of metakaolin, providing
mean diameter and spread critical for understanding packing,
surface area, and reactivity. Sand and chippings were also
graded using BS EN 933-2:2020[29] standard British Standard
Sieves for the determination of fineness modulus, coefficient
of curvature (cc), coeflicient of uniformity (cu), and gradation
limits.

2.2.2 Characterisation of metakaolin using XRF

X-ray fluorescence (XRF) spectroscopy was used to quantify
the oxide composition of metakaolin, including major and
trace elements. Standardised pellet preparation ensured
uniformity, with results used to confirm pozzolanic potential
and interpret hydration effects.

2.2.3 Preparation of concrete mixes: normal strength and
high strength with varying metakaolin content

Concrete mixes were designed to achieve both normal strength
concrete (NSC) and high strength concrete (HSC) categories,
with metakaolin incorporated as a partial replacement
of cement at 0, 5, 7.5, 10, and 12.5% weights of cement at a
constant water-binder ratio of 0.55 for normal strength
concrete and 0.4 for high strength concrete. The admixture
was also maintained at 1.5% of the weights of cementitious

material proportions as specified by the manufacturer. The
mix design, concrete casting, and curing process adhered to
ASTM C192/C192M-15[20] standard guidelines to achieve
target compressive strengths reflective of typical structural
applications. For each metakaolin replacement category, four
concrete cylinders were prepared for 7 and 28-day compressive
strength and density derivations, two samples for 7-day testing
and two samples for 28-day testing.

From 7Table 3, mixes were batched on a weight basis, with no
adjustments made to the water content to evaluate workability
as influenced by the high surface area and fineness of
metakaolin particles. Ultracrete61 superplasticiser was utilised
to optimise the rheological properties of the fresh concrete
without compromising the hydration process. Each mix batch
is identified with a unique number, NS-0.55CM100MKO, with
NS and HS signifying the nature of concrete, NS-Normal
strength concrete, HS-High Strength Concrete. The first two
letters are followed by a water-binder ratio (0.55 and 0.40),
next to it is the cement content, CM 87.5 to CM 100. Numbers
signify the percentage by weight of cement in the reference mix.
The next number is the percentage by weight of Metakaolin
in the mix. This ranges from MK 0 to MK 12.5 in the mixes.
Finally, some mixes have the letter “A” after the mix specimen
Identity. This signifies the mixes containing Admixture.

NORMAL STRENGTH CONCRETE

S/ SPECIMEN ID CE- WATER META- SAND  CHIP-
No MENT (kg/ KAOLIN (kg PINGS

kg m’) (kgm’) m) (kg/md)

m’)
1 NSO55CMI00MKO 37500 205  0.00 58300 1239.00 0
2 NSO55CMI5MKS — 356.25 131.25 1875 583.00 1239.00 0
3 NSO55CM925MK75 — 346.88 13125 2813 583.00 1239.00 0
4  NSOB55CM9OMKIO 33750 13125 3750 583.00 1239.00 0
5  NSO55CMST5MKI25 32813 13125 4688 583.00 1239.00 0
6  NSO55CMI00MKOA  375.00 205  0.00 583.00 1239.00 1.5
7  NSOB55CMI9SMKSA  356.25 131.25 1875 583.00 1239.00 15
8  NSOS55CMI25MK75A 346.88 13125 2813 583.00 1239.00 1.5
9  NSO55CMIOMKIOA 33750 13125 3750 583.00 1239.00 1.5
10 NSO55CMST5MK125A 32813 131.25 46.88 583.00 1239.00 15

HIGH STRENGTH CONCRETE

S/ SPECIMEN ID CE- WATER META- SAND
KAOLIN  (kg/
(kg/m?)  m?)

CHIP-
PINGS
(kg/m?)

No MENT  (kg/
kg md)

md)

1 HS-0.4CM100MKO 620 205 0 645.98 98447 O
2 HS-0.4CM95MK5 589 155 31 64598 98447 0
3 HS-0.4CM92.5MK7.5 5735 155 465 64598 98447 O
4 HS-0.4CM90MK10 558 155 62 64598 98447 0
5 HS0.4CM875MK125 5425 155 7715 64598 984.47 0
6 HS-0.4CM100MKOA 620 205 0 645.98 984.47 15
7 HS-0.4CM95MK5 A 589 155 31 64598 98447 15
8  HS0.4CM925MK7H5A 5735 155 465 64598 98447 15
9 HS-0.4CMIOMK10 A 558 155 62 64598 98447 15
10 HSO0.4CM875MK125A 5425 155 715 64598 98447 15

Table 3 Concrete mix design matrix for normal and high strength concrete
3. tabldzat Beton Osszetétel-tervezési matrix normdl és nagy szildrdsdgii betonokhoz
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2.2.4 Sample casting and curing procedures

Concrete samples were produced using a 100 mm diameter
and 200 mm high cylinder following ASTM C31/C31M [21]
procedures to ensure homogeneity and minimise variability
in sample preparation. Concrete was mixed using a laboratory
pan mixer to ensure thorough blending of all constituents.
Fresh concrete was cast into cylindrical moulds for compressive
strength testing. Each mould was subjected to vibration to
eliminate entrapped air and ensure compaction.

Following casting, specimens were demoulded after 24 hours
and transferred to a controlled curing environment maintained
at standard temperature and humidity conditions. Curing
periods of 7 and 28 days were adopted to evaluate both early and
later-age properties. The curing regime was strictly monitored
to prevent moisture loss and temperature fluctuations that could
adversely affect hydration and microstructural development.

2.2.5 Compressive strength tests

Compressive strength, fck, was measured on multiple
concrete cylindrical specimens at 7 and 28 days using a
calibrated 2000KN hydraulic testing machine. The maximum
load at failure was recorded, and the strength was calculated
by dividing by the cross-sectional area. Average values ensured
statistical reliability. Fig. 1 shows the production and testing of
the cylindrical concrete specimen.

The compressive strength was calculated by

Failure load(KN)

fck = (1)

cross—sectional Area of sample(mm?2)

AL W

Fig. 1 Production and testing of metakaolin blended cement concrete specimen
1. dbra Metakaolinnal kevert cementbeton prébatestek gydrtdsa és vizsgdlata

2.2.6 Density measurements

The concrete density was determined at 7 and 28 days by
measuring the mass and volume using a digital weighing
balance and dividing the resulting mass by the volume of
the concrete cylindrical sample. Density data complemented
strength results to assess microstructural compactness and
porosity influenced by metakaolin.

3. Data collection

Experimental data for particle size distributions, specific
gravity, compressive strength, density, water binder ratio,
admixture dosage, and workability were systematically
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recorded; the compressive strength and densities of the concrete
were recorded in two (2) replicates to capture variability.
Statistical analyses were used to summarise results, while
quality control measures, including equipment calibration
and verification, ensured data validity, supporting subsequent
correlation and interpretation.

3.1 Results

Fig. 2 presents the sieve analysis of metakaolin using the
Malvern Zetasizer, revealing a finely graded particle size
predominantly within the sub-micron to low-micron range.
The sample is polydisperse, as indicated by the multiple peaks
and the Polydispersity index (PDI) value. The Z-average
provides an overall average size, but the distribution shows
distinct particle populations.

gizze Distribution Report by Intensity ,A
Malvern

Sample Details
Sample Name: Meta Kaolin
SOP Name: Abdulrahman.sop
General Notes: :\;ggage result created from record number(s): 4095 4096 4097 4136 4137

File Name: DL S.dts
Record Number: 4171
Material RI: 1.59
Material Absorbtion: 0.010

Dispersant Name: Water
Dispersant Rl: 1.330
Viscosity (cP): 0.8872
Measurement Date and Time: 25 July 2024 13:12:44

System
Temperature (°C): 25.0 Duration Used (s): 70
Count Rate (kcps): 280.4 Measurement Position (mm): 4.65
Cell Description: Disposable sizing cuvette Attenuator: 9

Results

Size (d.n... % Intensity: St Dev (d.n...
Z-Average (d.nm): 58.12 Peak 1: 20.04 703 10.27
Pdl: 0.398 Peak2: 497.8 282 335.8
Intercept: 0.637 Peak 3: 4864 15 7732

Result quality Refer to quality report

Size Distribution by Intensity

Intensity (Percent)
o ® S N

IS

24 : . - :
1 10 100 1000 10000
Size (d.nm)

Bl Record 4171: Meta Kaolin

Mahvem instruments Ltd Zetasizer Ver. 701

Serial Number | NA

File name DL $
Record Number. 417
26 Jul 2024 131416

www matvern com

Fig. 2 Sieve Analysis of Metakaolin Using Malvern Zetasizer Laser Machine
2. dbra A metakaolin szitaelemzése (szemcseméret-eloszldsa) Malvern Zetasizer
lézeres berendezéssel

Peak Sizes and Intensities

Peak 1: Around 20.04 nm with an intensity of 70.3%. This is
the dominant population.

Peak 2: Around 497.8 nm with an intensity of 28.2%.

Peak 3: Around 4864 nm with an intensity of 1.5%. This
population has the lowest intensity.

Z-Average: The Z-average particle size is 58.12 nm. This is
an intensity-weighted average and is heavily influenced by the
larger particles. In a polydisperse sample, the Z-average may
not accurately represent the typical particle size.
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Polydispersity Index (Pdl): The Pdl is 0.398. A Pdl closer to
0 indicates a monodisperse sample (all particles are of similar
size), while a value closer to 1 indicates a highly polydisperse
sample. 0.398 suggests a moderately polydisperse distribution.

The analysis reveals that the Metakaolin sample contains
particles ranging from approximately 20 nm to nearly 5000 nm,
with a dominant population around 20 nm. The graph shows
multiple peaks with three distinct peaks, indicating the
presence of at least three different populations of particles.
This fine particle size significantly enhances the pozzolanic
reactivity by increasing the surface area available for reaction
with calcium hydroxide, leading to improved microstructural
density and, consequently, higher concrete strength and
durability. However, the high fineness also tends to increase the
water demand of the mix, which adversely affects workability
without suitable admixtures. Therefore, controlling the

particle size distribution is crucial for achieving an optimal
balance between hardened mechanical performance and fresh
properties of concrete.

improved matrix density, though strength declines at 12.5%
due to cement dilution. The superplasticiser improved the
workability of the resulting concrete (Slump from 55 mm to
150 mm) in normal concrete mixes and strength by improving

particle dispersion, suggesting its value in metakaolin-
modified concrete.
Variation of Compressive Strengths of Normal Strength Concrete with Addition of Metakaolin and

60

50

40

30

Compressive Strength (N/mm?)

0
NS-

0.55CM100MKO

7 Days without Admix = 23.23
m 7 Days With Admix 28.33
28 Days without Admix =~ 32.78
m 28 Days with Admix 40.1

m7 Days without Admix

0.55CM95MKS5

u7Days With Admix

Ultracrete 61 Superplasticiser

NS- NS- NS. NS

0.55CM92.5MK7.
5

24.19 247
29.92 32.15
34.37 35.65
42.65 45.83

0.55CM90MK 10

0.55CM87.5MK 12
5

26.42
3278
37.56

48.06

23.87
28.96
33.74

4137

Concrete Specimen Identity

u 28 Days without Admix

m28 Days with Admix

Fig. 3 Variation of compressive strength of normal concrete with addition of
metakaolin and Ultracrete 61 superplasticiser

3. dbra A normdl beton nyomdszildrdsdgdnak véltozdsa metakaolin és Ultracrete 61
szuperfolydsité hozzdaddsdval

7 days
S/ Slump . Stress
No SPECIMEN ID (mm) Dens,zy N
bem) o
1 NSO55CMI00MKO 83 243157 2292 23.23 2488.86 3248 32.78
' ' 23.55 ’ ' 33.10 )
NS-0.55CMI5MK5 70 2444.30 : . 2504.77 .
2 219 24.19 3437 34.37
3 NS055CM925MK7.5 64 2460.22 2482 24.70 249841 3965 35.65
' T o T | 365
4  NS0.55CM90MK10 60  2466.58 2073 26.42 2495.23 3819 317.56
' o210 T 3692 T
5 NS0.55CM875MK125 55 248250 2355 23.87 2555.70 3310 33.74
' o o9 U C o33 U
NS-0.55CM100MKO 28.64 40.74
150  2492.04 28. 2568.43 40.1
A 28.01 8.33 39.47 010
NS-0.55CMI5MK5 . !
125 251750 29.92 2574.79 42,
A 30.55 9.9 43.28 6
83 .
8 NS0.55CM925MIKT.S 121 251750 32.15 258116 45.83
A 32.46
NS-0.55CMIOMK10 33.10 4710
95  2555.70 2.78 2574.79 48.
A 32.46 5218 49.01 8.06
NS-0.55CM87.5MK12.5
74 2565.25 . 258752 .
10 A 28.64 28.96 40.74 431
Table 4 Fresh and hardened properties of normal strength concrete specimens with
varying metakaolin content at 7 and 28 days
4. tabldzat  Kiilonbozd metakaolin-tartalmii normdl szildrdsdgii betonprobatestek friss és
megszildrdult tulajdonsdgai 7 és 28 napos korban
Fig. 3 and Table 4 illustrates the impact of metakaolin (MK)

replacement (0% to 12.5%) and Ultracrete 61 superplasticizer
on the compressive strength of normal strength concrete (NSC)
with a water binder (W/B) ratio of 0.55, showing strength
increases from 23.83 N/mm?® to 37.56 N/mm® at 7 days and
32.78 N/mm’ to 48.06 N/mm” at 28 days without and with
superplasticizer, respectively. The optimal MK replacement is
10%, yielding the highest strength (48.06 N/mm?® at 28 days
with superplasticiser), due to enhanced pozzolanic activity and

7 Days 28 Days
s/ Slum - -
No  SPECIMENID T pengiy St(’;/ss Stress  Density St(’;/ss Stress
bgm) o N Gem)
2 2
mm?) mm?)
1 HS040CM100MKO 87  2486.03 36 36.28 251114 5092 51.56
' T3692 T ©oB220 7T
HSO.40CMISMKS 80  2498.63 —— 42 252387 — .
2 2010 40.42 579 57.92
3 HS0.40CM925MK75 70  2501.78 4201 42,65 2527.05 2983 61.11
' o S48 T 6238
4  HS040CMIOMK10 65  2508.08 456 44.88 253342 % 64.29
' T 4519 T 6493 T
5 HS0.40CM875MK125 60  2545.89 3689 38.51 257161 2602 55.38
' o T o319 T T osam T
HS-0.40CM100MKO 40.74 58.56
6 150  2567.95 41.37 2593.89 59.20
A 42.01 59.83
HS-0.40CMI5MK5 44.56 63.65
135  2574.25 44.56 2600.25 63.65
A 44.56 63.65
46.47 66.20
g SOACMS2IMKIS 150 258055 46.15 260662 65.56
A 45.83
HS-0.40CMIOMK10 41.74 72,57
100  2574.25 . 2600.25 .
A 4710 41.42 6747 70.02
HS-0.40CM87.5MK12.5 - -
85  2586.86 . 2612.99 .
0 A 13.92 43.60 63.02 62.70
Table 5 Fresh and hardened properties of high-strength concrete specimens with
varying metakaolin content at 7 and 28 days
5. tdblézat  Kiilonbozdé metakaolin-tartalmii nagy szildrdsdgii betonprébatestek friss és

megszildrdult tulajdonsdgai 7 és 28 napos korban
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Table 5 presents the density and compressive strength results
of high-strength concrete specimens with varying metakaolin
contents, tested at 7 and 28 days. The data show a consistent
increase in both density and compressive strength over time,
reflecting the ongoing hydration and pozzolanic reactions
facilitated by metakaolin. Specimens labelled with “A” generally
exhibit higher densities and strengths compared to their non-
‘A’ counterparts, indicating enhanced performance due to
Ultracrete 61 superplasticiser additions. This trend suggests
that increasing metakaolin content up to certain levels improves
microstructural densification, which directly contributes to
higher compressive strength. Notably, the densest specimens
correspond to the highest strength values at both curing ages,
supporting the strong positive correlation between these
parameters. However, some variation in strength at similar
densities hints at the complex interactions of metakaolin with
other mix components, emphasising the need for precise
control of replacement levels and curing practices to maximise
concrete performance.

Fig. 4 illustrates that the addition of Ultracrete 61
superplasticiser ~ significantly ~ enhances the  compressive
strength of high-strength concrete specimens at both 7 and
28 days. The strength gains are more pronounced at 28 days,
indicating that the superplasticiser effectively improves particle
dispersion and hydration, thereby densifying the concrete
matrix and boosting long-term mechanical performance.

The slump also improved from 87 mm for mixes without
admixture to 150 mm for the same mixture produced with
Ultracrete 61 admixture, as shown in Table 5.

Variation of Compressive Strengths of High Strength Concrete with Addition of Metakaolin and

Ultracrete 61 Superplasticiser
9 HS-
Hs 0.40CM87.5MK1
2.5

80
70

60

0
0
: “l |‘
0
HS- HS-

0.40CM100MKO  0.40CM95MKS5

Compressive Strength (N/mm?)
oW & oo
¢

-
>

HS-

5 SN T -
OJOCMQ{ SMK 0.40CM90MK 10

m7 Days without Admix | 36.28 40.42 42.65 44.88 38.51
7 Days with Admix 41.37 44.56 46.15 47.42 43.6
m28 Days without Admix ~ 51.56 57.92 61.11 64.29 55.38
m 28 Days with Admix 59.2 63.65 65.56 70.02 62.7

Concrete Specimen Identity

m 7 Days without Admix u 7 Days with Admix m28 Days without Admix m28 Days with Admix

Fig. 4 Variation of compressive strength on high-strength concrete with addition of
Ultracrete61 superplasticizer
4. dbra A nagy szildrdsdgii beton nyomdszildrdsigdnak véltozdsa Ultracrete 61
szuperfolydsité hozzdaddsdval

Table 6 presents the detailed oxide composition analysis
of metakaolin using X-ray fluorescence (XRF) spectroscopy.
The data show that the primary components are silica (SiO,)
at 55.614 mg/cm® (67.483 mol%) and alumina (ALO;) at
37.119 mg/cm® (26.542 mol%), which together constitute most
of the material and are critical for its pozzolanic activity. Minor
oxides such as Fe,0s, TiO,, SOs, and K,O are present in smaller
quantities, potentially influencing hydration kinetics and
durability. Trace elements like V,0s, Cr,0s, MnO, and others
are detected at very low levels, typically under 0.1 mg/cm®

96 . = 2025/3 = Vol. 77, No. 3

The absence or negligible amounts of oxides like WO; and
MgO suggest minimal interference with pozzolanic reactions.
The presence of chlorine (Cl) at 0.95 mg/cm® (1.954 mol%)
could have implications for corrosion resistance and needs to
be monitored in mix designs. This comprehensive chemical
profile is essential for understanding the reactivity and
performance potential of the metakaolin in cementitious
systems

S/No Sample Component Component Moles (%)
Layer (mg/cm?2)

1 1 SiO, 55.614 67.483
2 1 V505 0.034 0.013
3 1 Cr,03 0.026 0.013
4 1 MnO 0.055 0.056
5 1 Fe.0s 3.561 1.626
6 1 CoO 0.009 0.005
7 1 NiO 0.01 0.01
8 1 CuO 0.043 0.04
9 1 Nb2Os 0.017 0.005
10 1 WOs 0.0 0.0
11 1 P20s 0.126 0.065
12 1 SO 0.674 0.613
13 1 Ca0 0.423 0.55
14 1 MgO 0.0 0.0
15 1 K20 0.859 0.665
16 1 BaO 0.039 0.018
17 1 Al,03 37.119 26.542
18 1 Taz0s 0.041 0.007
19 1 TiO, 0.309 0.282
20 1 Zn0 0.015 0.013
21 1 Ag:0 0.01 0.003
22 1 cl 0.95 1.954
23 1 Zr0, 0.049 0.029
24 1 Sn0, 0.0 0.0
25 1 SrO 0.004 0.003
26 1 Rb.0 0.009 0.003
27 1 Y203 0.009 0.003

Table 6 Metakaolin oxide composition analysis (XRF method)
6. tdbldzat A metakaolin oxidiosszetétel-elemzése (XRF mddszer)

3.2 Interpretation and synthesis of metakaolin chemical
composition and its implications for concrete performance

The XRF analysis showed that metakaolin is composed high
percentage of silica (SiO,) and alumina (ALOs), over 94%
by mole, confirming strong pozzolanic activity essential for
forming strength-enhancing hydration products like C-S-H
and calcium aluminate hydrate. Minor oxides such as Fe,0s,
TiO,, SO;, and K,O may aid hydration and microstructure
refinement of the resulting concrete. Negligible harmful oxides
like MgO and WO; reduce risks of expansion or instability.
Elevated chlorine content signals potential corrosion risks
in reinforced concrete, requiring careful mix design. Trace
elements are present in low amounts, with minimal direct
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impact but possible subtle effects on durability. Overall, this
composition supports metakaolin’s role in enhancing concrete
strength and durability, provided chloride levels are controlled
for long-term performance.

4. Conclusion and recommendations

The structural effects of utilising metakaolin and high-
performance superplasticizer on the compressive response and
density evolution of normal- and high-strength concretes were
quantitatively evaluated in this study. The metakaolin used had
a Z-average of 58.12 nm with multimodal peaks at roughly
20 nm, 498 nm, and 4864 nm, and a chemical profile dominated
by SiO, (67.48 mol%) and AlLO; (26.54 mol%), totalling 94%
reactive oxides. Strong pozzolanic potential was established by
this nanostructured fineness and high aluminosilicate content,
which had a direct impact on microstructural densification
and hydration kinetics.

In normal-strength concrete (NSC), metakaolin replacement
from 0 to 10% resulted in clear strength gains. At 7 days,
compressive strength increased from 23.23 N/mm? (control) to
26.42 N/mm* at 10% MK, representing a 13.7% improvement.
At 28 days, strength increased from 32.78 N/mm® to
37.56 N/mm” (14.6% increase). Density also increased from
2488.86 to 249523 kg/m® over the same replacement range,
indicating reduced pore volume and enhanced binder packing.
With Ultracrete 61, the 28-day compressive strength rose
further to 48.06 N/mm’ representing a 46.7% improvement
relative to the unmodified control. The slump improved
from 83 mm to 150 mm, demonstrating that the admixture
effectively counteracted metakaolin’s high water demand and
enabled full reactivity.

High-strength concrete (HSC) exhibited similar quantitatively
significant responses. At 7 days, strength increased from
36.28 N/mm’ to 44.88 N/mm’ at 10% MK (23.7% gain). At
28 days, strength increased from 51.56 N/mm?* to 64.29 N/mm’
(24.7% gain). For mixes containing Ultracrete 61, 28-day
strength reached 72.57 N/mm? equivalent to a 40.8% increase
over the control and a 12.9% increase over the 10% MK mix
without admixture. Density rose from 2511.14 kg/m* (control)
to 2533.42 kg/m® at 10% MK and further to 2600.25 kg/m’
with admixture incorporation. These density increments
(up to +3.5%) strongly correlate with the observed strength
development, reinforcing the mechanistic link between
metakaolin-induced refinement of the pore structure and
compressive resistance.

Despite  these mechanical advantages, XRF analysis
revealed a chloride content of 1.95 mol%, significantly
higher than the 0.1% limit recommended for reinforced
concrete under ACI 318. This concentration necessitates a
cautious approach regarding durability and demands source-

specific mitigation strategies. Nevertheless, the favourable
oxide composition, minimal deleterious impurities, and
the demonstrated strength enhancements confirm the

technical viability of this metakaolin for structural-grade
concrete, provided durability safeguards are adopted.
Overall, the study establishes a clear quantitative performance
envelope: 0-10% metakaolin maximises strength, density, and

workability (with admixture) for both NSC and HSC, while
greater than 10% replacement leads to cement dilution and
mechanical decline. The synergy between fine metakaolin
particles and superplasticiser action was shown to be
indispensable for achieving optimal dispersion, hydration, and
matrix consolidation.

4.1 Recommendations

1. The ideal replacement level for structural concrete is 10%
metakaolin, which results in strength gains of 14-25%
without admixture and up to 46% with Ultracrete 61
in NSC and 40% in HSC. Because clinker availability
is gradually decreasing and mechanical response is
deteriorating, replacement levels higher than 10% should
be avoided.

2. Require all locally sourced metakaolin to undergo oxide
and impurity profiling. Remedial measures such as
washing, blending with low-chloride SCMs, or limiting
use in reinforced members should be included in quality
control and mix design procedures, given the measured
chloride content of 1.95 mol%.

3. Choose high-performance water reducers at levels of
less than or equal to 1.5%. The results exhibit substantial
enhancements in strength (up to +46.7% in NSC) and
workability (up to +81% slump increase), confirming
their crucial role in overcoming water demand from sub-
micron metakaolin.

4. Extend mechanical evaluation to durability indices, such
as sulphate resistance, sorptivity, carbonation depth, and
chloride diffusion coefficients. These measurements are
crucial for creating predictive models that relate oxide
chemistry, particle fineness, and material durability.

5. Advocate regional investment in metakaolin processing,
considering the study demonstrated that, when properly
processed and characterised, locally sourced metakaolin,
even with impurities, can achieve structural-grade
performance comparable to imported alternatives.

6. To standardise metakaolin quality for commercial
concrete, establish performance-based specifications that
incorporate quantitative thresholds, oxide indices (greater
than 70% for SiO,+AL0s), chloride limit (<0.1%), target
particle fineness (<1 um median size), and mechanical
benchmarks (>20% strength enhancement at 28 days).
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