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A B S T R A C T

This study addresses the challenge of accurately predicting the mechanical performance of cement mortars 
incorporating waste silt, a byproduct from reservoir sedimentation, which has potential for sustainable con
struction applications. The aim is to develop predictive models for the flexural strength (FS) and unconfined 
compressive strength (UCS) of such mortars using advanced machine learning techniques. Two hybrid algorithms 
were applied: artificial neural networks optimized via the artificial bee colony algorithm (ABC-ANN) and the 
combinatorial group method of data handling (GMDH-Combi). Input parameters included the proportions of 
cement, water, sand, silt, and additives, while FS and UCS were treated as separate target outputs. The predictive 
performance of the proposed ABC-ANN and GMDH-Combi models was evaluated and compared against results 
from a previously studied design of experiments (DOE) methodology. The ABC-ANN model demonstrated su
perior predictive accuracy compared to the DOE method, achieving coefficients of determination (R2) values of 
0.9948 and 0.9997 and mean absolute percentage error (MAPE) of 1.134 % and 0.319 % for FS and UCS, 
respectively, while the GMDH model yielded R2 values of 0.9362 and 0.9629 and MAPE of 6.706 % and 6.150 %. 
Sensitivity and parametric analyses indicated that water content had the greatest influence on strength pre
dictions, whereas cement content had the least, confirming that both models effectively captured the experi
mental behavior of the mortars.

1. Introduction

Valorization of secondary by-products and waste is an important 
challenge, which has been pursued by several sector. Following the 
guidelines of the sustainable development goals [1], the infrastructure 
sector has studied various methods that would minimize and reduce the 
use of raw materials and natural resources. A few strategies for reusing 
various waste kinds include recycling waste from construction and de
molition projects, tire crumb rubber, waste glass, and fibers into 
different infrastructures. Quarry dust is a major by-product of the 
aggregate production process, which is mainly landfilled. It had been 
estimated that by 2019, about 50 billion tons of aggregates will be 
consumed annually worldwide [2]. Thus, the recycling of quarry dust 

could substantially decrease the use of the natural resources and provide 
sustainable solutions for the infrastructure sector. In general, natural 
aggregates are partially substituted with different types of quarry dust to 
produce various structures. For instance, the replacement of 60 % of fine 
aggregates with quarry dust improved the compressive strength of 
concrete building blocks [3]. The authors indicated that the incorpora
tion of quarry waste was cost effective, efficient and sustainable which 
reduced the environmental impact by decreasing waste volume. Up to 
40 % of marble sludge was replaced with cement binder to produce 
cement-bound composite. However, the study claimed that the best re
sults were obtained when only 20 % of the waste sludge was used [4]. 
Different statistical models were used to define the optimum dosage of 
aggregates, waste and cement to water ratios of concrete paving blocks 
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[5]. The final mixture design replaced 25 % of the aggregate mass with 
fine quarry dust waste, which showed acceptable results in terms of 
mechanical properties.

The process of recycling waste aggregates such as designing stages, 
sample preparation, and data analysis/validation could become more 
efficient and accurate if proper statistical methods and models are 
applied [6]. Moreover, statistical models could maximize the resulting 
outcomes based on desired parameters. For instance, response surface 
methodology (RSM) was used to assess the mechanical durability of 
concrete. The optimized mixtures presented maximum service life, 
while having the least global warming potential [7]. A RSM was applied 
to examine the behavior of a pavement recycled aggregate concrete 
under fatigue and freezing conditions [8].

In recent years, machine learning (ML) techniques have garnered 
increasing attention among civil engineers as effective alternatives to 
conventional statistical methods [9]. These data-driven approaches offer 
significant advantages in terms of processing efficiency, especially when 
handling large datasets [10]. A comprehensive review by W. Ben 
Chaabene et al. [11] explored the application of ML in predicting 
various mechanical properties of concrete mixtures. Techniques such as 
Artificial Neural Networks (ANN), Decision Trees (DT), Support Vector 
Machines (SVM), and Linear Regression (LR) have been widely 
employed to estimate the compressive strength of concrete [12–14]. In 
these studies, input variables included parameters like water content, 
Schmidt hammer readings, ultrasonic pulse velocity, and relative hu
midity of the hardened concrete, while the compressive strength at 7 and 
28 days served as the output. Among the models evaluated, the Decision 
Tree approach demonstrated the highest predictive accuracy, exhibiting 
the lowest error rate. Similarly, another study implemented eleven 
different ML algorithms to estimate the flexural and compressive 
strengths of steel fiber-reinforced concrete, using a dataset compiled 
from an extensive literature review [15]. The findings showed that 
predictions for compressive strength were generally more reliable than 
those for flexural strength, regardless of the algorithm used. In pursuit of 
sustainable concrete design, Naseri et al. [16] applied six distinct ML 
algorithms to estimate compressive strength, identifying the water cycle 
algorithm as the most accurate, with a minimum absolute error of 2.86 
MPa.

One of the main concerns for civil engineers is to provide highly 
accurate prediction and estimation for mechanical and engineering 
properties of structures and infrastructures. Newly evolving cement- 
bound mixtures containing various waste and natural aggregates have 
further influenced and pushed researchers towards producing precise 
models for predicting the final strength of mixtures [17,18]. Several 
studies have benefitted from different statistical methods [19,20]. 
However, due to the complexity of some mixtures, the use of more 
prediction models could have less accuracy compared to actual results.

This paper investigates the practical characteristics of cement mor
tars incorporating waste silt by employing advanced machine learning 
(ML) techniques. The experimental data including 39 cement mortar 
specimens evaluated for unconfined compressive strength (UCS) and 
flexural strength (FS) were obtained in authors' previous study [21], and 
the current research introduces significant novel contributions. The 
study applies two optimized ML approaches, artificial neural networks 
enhanced with the artificial bee colony algorithm (ABC-ANN) and the 
combinatorial group method of data handling (GMDH-Combi), to pre
dict FS and UCS. The GMDH method was selected due to its proven 
ability to model complex, nonlinear relationships without prior as
sumptions about the underlying functional forms, making it particularly 
suitable for datasets with limited sample sizes. The ABC-ANN model was 
chosen because it combines the adaptive learning capabilities of neural 
networks with the global optimization efficiency of the artificial bee 
colony algorithm, enhancing convergence and predictive accuracy. The 
predictive performance of these models is systematically compared 
against each other and against the previously reported design of ex
periments (DOE) method, providing new insights into their relative 

accuracy and practical applicability. In addition, sensitivity and para
metric analyses are conducted to quantify the influence of input vari
ables, including cement, water, sand, silt, and additives, on mortar 
strength, offering a deeper understanding of material behavior not 
addressed in the prior work. Fig. 1 presents a schematic overview of the 
study workflow.

The primary objectives of this study are. 

• To develop predictive models for the FS and UCS of cement mortars 
incorporating waste silt using artificial neural networks optimized 
with the artificial bee colony algorithm (ABC-ANN) and the combi
natorial group method of data handling (GMDH-Combi).

• To systematically compare the predictive performance of ABC-ANN 
and GMDH-Combi models with each other and with the previously 
reported DOE method.

• To conduct sensitivity and parametric analyses to quantify the in
fluence of key input variables including, cement, water, sand, silt, 
and additives, on mortar strength.

• To provide insights into the practical applicability and interpret
ability of bio-inspired machine learning approaches for sustainable 
cementitious materials.

2. Research gap and novelty

Despite considerable progress in sustainable construction materials 
and data-driven prediction of cementitious composites, important 
knowledge gaps remain. While recent studies contribute to sustainabil
ity frameworks in broader infrastructure and resource management 
contexts [22], most existing work on cement and concrete focuses on 
conventional mix design or the use of recycled constituents without 
advanced predictive analytics. Investigations into waste incorporation 
and mechanical properties, such as the influence of nanomaterials and 
modified binders on composite performance [23], emphasize material 
enhancement but do not systematically address strength prediction. 
Moreover, while waste recycling literature and studies on modified 
asphalt or cement composites [24–26] and machine learning applica
tions in lightweight or nanomaterial-modified concrete demonstrate the 
potential of data-driven approaches, there is a lack of targeted research 
on predicting mechanical strength of cement mortars incorporating 
reservoir waste silt using bio-inspired optimized ML models. Prior ML 
studies often employ conventional algorithms without leveraging global 
optimization capabilities, and closed-form interpretative models are 
rarely provided.

This study addresses the unresolved question of whether hybrid bio- 
inspired techniques, such as artificial bee colony–optimized artificial 
neural networks (ABC-ANN) and the combinatorial group method of 
data handling (GMDH-Combi), can provide accurate and interpretable 
predictions for the flexural and compressive strengths of mortars 
incorporating waste silt.

To fill this gap, the present research applies these advanced machine 
learning (ML) methods to an experimentally characterized dataset of 
cement mortars, benchmarks their performance against conventional 
design of experiments (DOE) results, and conducts sensitivity and 
parametric analyses to quantify the influence of key mix variables on 
strength outcomes. The work presents a pioneering case study using 
waste silt sourced from the reservoir lake of S.A.P.A.B.A. (S.p.A.) in 
Bologna, Italy, evaluating its potential as a sustainable additive in 
cement mortar formulations. Waste silt, typically discarded with mini
mal environmental or structural reuse, represents a novel contribution 
to construction materials research. While conventional studies rarely 
focus on such unconventional waste streams, this study demonstrates 
how ML techniques can effectively predict critical mechanical proper
ties, namely flexural strength (FS) and unconfined compressive strength 
(UCS).

The research is distinguished by the integration of two advanced, 
optimized ML approaches, ABC-ANN and GMDH-Combi, with ABC-ANN 
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applied for the first time in this context. The ABC-ANN model achieves 
near-perfect predictive accuracy, outperforming both GMDH and DOE 
methods, while sensitivity and parametric analyses provide deeper in
sights into material behavior and model interpretability. Overall, the 
study offers a novel combination of sustainable material utilization, site- 
specific waste valorization, and bio-inspired predictive modeling, 
providing a foundation for eco-efficient construction practices in real- 
world applications.

3. Materials and sample preparation

The materials and methods described in this section summarize the 
work conducted previously by the authors, with a full description and 
characterization available in Ref. [21]. Sand and silt were provided by a 
local company in Bologna, Italy, while Type 42.5 R cement and a special 
additive were obtained locally. The additive was used to reduce the 
swelling behavior of the waste silt, enabling its incorporation into 
cement mortar mixtures. The silt was sourced from sedimentation lakes 
designated for landfill use by S.A.P.A.B.A. (Fig. 2). These lakes receive 
silt-laden water from limestone aggregate washing operations, which is 
then deposited for landfill. To prepare the raw silt for testing, the ma
terial was first extracted from the lakes and oven-dried. It was then 
sieved and ground into a fine powder using a Los Angeles abrasion 
machine. This preparation procedure was adapted from standard pro
tocols commonly applied to fine industrial byproducts in cementitious 
materials, with minor modifications to account for the high moisture 
content and swelling behavior of the silt. The processed silt was then 
characterized using X-ray powder diffraction (XRD), as illustrated in 

Fig. 3.
The diffraction patterns shown in Fig. 3 indicate that quartz consti

tutes approximately 32 % of the material, followed by 28 % calcite, 21 % 
illite/micas, and 5 % chlorite, with minor amounts of dolomite and 
feldspars. The sharp peaks visible in Fig. 3 confirm that the silt possesses 
a predominantly crystalline structure. Quartz, being mechanically stable 
and chemically inert, contributes to the rigidity of the mortar matrix, 

Start

Experimental Database 
(Cement Mortar Strengths Containing Waste Silt)

Data Pre-processing and Dividing to Train and Test subsets

ANN Training by LM Algorithm 
 for 1 Hidden Layer with 1 to 15 Neurons

Determining the Best ANN Structure 

Optimization By ABC Algorithm

Best Artificial Bees Population in ABC 

Comparing Proposed ABC-ANN, GMDH and DOE Models

GMDH Combinatorial Algorithm

Existing DOE Method

Performance Evaluation for All Models 

End

Minimizing Criteria: RMSE

Contributing Variables (Inputs):
Cement, Water, Sand, Silt and Additive

Measured Characteristics (Outputs):
Flexural Strength (FS) & 

Unconfined Compressive Strength (UCS) 

Fig. 1. The schematic overview of the study.

Fig. 2. Silt collection and settling areas at the S.A.P.A.B.A. landfill site, Italy.

H. Jahangir et al.                                                                                                                                                                                                                               Journal of Materials Research and Technology 40 (2026) 4047–4062 

4049 



while calcite may participate in partial hydration reactions and influ
ence the setting behavior of the cement mortar. Clay minerals such as 
illite/micas and chlorite can affect water retention and workability of 
the mixtures. Fig. 3 thus provides a clear visualization of the phases 
present in the silt and supports the discussion of its potential influence 
on the mechanical properties of the cement mortars.

The mineralogical composition observed in Fig. 3 has direct impli
cations for the behavior of the waste silt when incorporated into cement 
mortar. Quartz, which constitutes approximately 32 % of the material, is 
largely inert and does not participate in cement hydration; instead, it 
contributes physically by improving particle packing and potentially 
reducing pore connectivity. Calcite, comprising about 28 %, may 
interact with the aluminate phases of cement to form carboaluminate 
phases, which can refine the microstructure and support early-age 
strength development. Illite and other clay minerals (approximately 
21 %) can influence water retention and internal curing due to their 
surface activity. Given the moderate clay content, these minerals are not 
expected to negatively affect workability or induce detrimental swel
ling–shrinkage cycles. Overall, the mineralogical phases indicate that 
the silt primarily acts as a microfiller, enhancing densification of the 
mortar matrix without introducing components that could compromise 
long-term durability or lead to deleterious reactions.

As presented in Fig. 4, Cement mortar beams were produced by 
blending cement, water, aggregates, additive and waste silt according to 
a mixture design. The mixes were put into rectangular steel molds, 
which were left to cure for 28 days before being demolded after 24 h.

4. Machine learning techniques

4.1. Experimental database

The experimental database used in this work was taken from the 
author's earlier investigation, which evaluated cement mortars' flexural 
strength (FS) and unconfined compressive strength (UCS) using the 
design of experiments (DOE) approach [21]. To elaborate, the cement, 
water, sand, silt and additive contents were considered contributing 
variables (input) for the DOE, whereas the outputs were FS and UCS 
values. Statistical properties of variables are presented in Table 1.

4.2. ABC-ANN: Hybrid artificial bee colony - artificial neural networks

Artificial Neural Networks (ANN) are among the most commonly 
used machine learning algorithms for solving a wide range of engi
neering problems [27,28]. By utilizing a system of weighted connections 
and bias values, ANNs map input data to corresponding outputs. The 
primary objective of ANN training is to iteratively adjust these 
connection weights in order to minimize the discrepancy between pre
dicted and actual outcomes. A typical ANN structure consists of an input 
layer, one or more hidden layers, and an output layer, which together 
form the basis of its computational architecture [29]. As soon as the 
network errors have been minimized during training, the weight effec
tiveness obtained from this model is examined in the test set.

Drawing inspiration from the collective foraging behavior of bees, 
the Artificial Bee Colony (ABC) algorithm serves as a well-performing 
optimization tool [30,31]. To solve diverse hybrid optimization issues, 
a colony of artificial bees is created by adopting their behavior during 
honey gathering. In order to find viable solutions, artificial bees scan the 
search space [32,33]. After a predetermined number of iterations, the 
algorithm searches for a new solution. Therefore, it is possible to make 
use of the ABC to compensate for defects in the feed-forward back 
propagation method and improve both weights of the ANN and the bias 
set. In this study, the ability of ABC algorithms is employed to enhance 
the ANN outcomes and identify the optimal values for FS and UCS 
parameters.

4.3. GMDH-Combi: Combinatorial group method of data handling 
algorithm

Drawing inspiration from the Kolmogorov-Gabor polynomial, 
Ivakhnenko [34] introduced the Group Method of Data Handling 
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Fig. 3. XRD analysis of waste silt.

Fig. 4. Cement mortar sample preparation.
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(GMDH), a novel algorithm recognized as one of the heuristic 
self-organizing techniques. As a result of this technique, Perceptron 
structures are more precisely defined and data may be categorized as 
beneficial or detrimental, reducing computation time and requiring less 
observations [35]. A parametric method known as a combinatorial al
gorithm is a self-organizing single-layer algorithm which examines all 
possible models [34]. In the combinatorial algorithm, incremental terms 
are utilized to specify models, and an external criterion was used to 
determine which solution was the best for a certain complexity model. 
Combinatorial GMDH algorithms were known for their simplicity and 
the ability to sort the whole model structure [34].

The GMDH-Combi algorithm inherently generates closed-form 
polynomial expressions, enhancing the interpretability of model pre
dictions. This feature allows engineers to understand the relative con
tributions of each input variable to the predicted flexural strength (FS) 
and unconfined compressive strength (UCS). In this study, the GMDH- 
Combi model was used alongside the ABC-ANN to balance interpret
ability and predictive performance. While ABC-ANN delivered the 
highest accuracy in strength predictions, GMDH-Combi provided 
explicit polynomial equations that clearly relate input proportions to 
output properties. This dual-model strategy enables both precise pre
diction and practical interpretability, supporting informed engineering 
decisions regarding mixture design and the use of reservoir waste silt in 
cement mortars.

4.4. Multicollinearity considerations

Given the mixture-based nature of the input parameters, some degree 
of correlation among cement, water, sand, silt, and additive contents 
was expected. To assess this, pairwise correlation coefficients were 
computed for all input variables. No correlations exceeded commonly 
accepted multicollinearity thresholds, suggesting that the in
terdependencies among mixture components were moderate and did not 
pose a significant risk to model stability. Moreover, the modeling ap
proaches adopted in this study, namely ABC-ANN and GMDH, are 
inherently resilient to moderate multicollinearity because they utilize 
non-linear learning processes rather than direct coefficient estimation. 
Furthermore, the use of train–test data partitioning confirmed that both 
models maintained strong predictive performance in the presence of 
these correlations, indicating that multicollinearity did not adversely 
affect model training or validation.

5. Results and discussion

5.1. Data scaling

As part of the construction of ABC-ANN and GMDH-Combi models, 
acquired data were standardized and scaled between 0.1 and 0.9 based 
on the minimum and maximum values as follow: 

Vscaled =

[

0.80×
V − Vmin

Vmax − Vmin

]

+ 0.1 (1) 

In Equation (1), V indicates the included variable, and the Vmin and Vmax 
represent the variable's minimum and maximum values, respectively.

5.2. The hybrid ABC-ANN models

The artificial neural network (ANN) model was developed using 
input variables that included the contents of cement, water, sand, silt, 
and additives. The ANN was designed to predict two target properties of 
cement mortar incorporating waste silt: flexural strength (FS) and un
confined compressive strength (UCS). Following the approach recom
mended by Shahin et al. [36], the complete dataset was randomly 
shuffled, with 80 % allocated for training and the remaining 20 % 
reserved for testing to ensure well-performing model evaluation and 
generalization performance. The ANN models were constructed using 
the feed-forward backpropagation (FFBP) algorithm. The network ar
chitecture consisted of an input layer, a hidden layer utilizing a tangent 
sigmoid activation function (fntan-sigmoid) as defined in Equation (2), and 
an output layer employing a linear activation function (fnlinear), as shown 
in Equation (3). 

f tan− sigmoid
n =

2
1 + e− 2x − 1 (2) 

f linear
n = ax + b (3) 

A single hidden layer was selected to balance model complexity with 
the limited size of the experimental dataset (39 specimens). The number 
of neurons in the hidden layer was optimized through systematic trials, 
with performance metrics confirming strong predictive accuracy for 
both flexural and compressive strength. While deeper or alternative 
network structures could potentially improve generalization with larger 
datasets, the current architecture provides reliable and interpretable 
predictions without risk of overfitting.

The Levenberg-Marquardt method [37] were employed to train the 
network neurons' linking weights and biases in MATLAB software [38]. 
Trial-and-error approach was employed to determine the optimal arti
ficial neural network configuration, including the optimized number of 
hidden neurons. The range explored for the number of neurons in the 
single layer were considered between 1 and 15. The correlation coeffi
cient (R), Mean Square Error (MSE), and the Mean Absolute Percentage 
Error (MAPE) are standard statistical error and performance metrics that 
are used to select the optimal configuration. For every configuration, an 
assessment index was computed, and the responses' quality was taken 
into account while ranking the outcomes. A final evaluation of each 
pattern's summations of the given rankings was performed and the 
optimal network design was selected. Tables 2 and 3 present the per
formance and ranking of artificial neural network (ANN) models with 
different numbers of neurons in the hidden layer for predicting the 
flexural strength (FS) and unconfined compressive strength (UCS) of 
cement mortars incorporating waste silt. The rankings are based on 
multiple performance metrics, including the correlation coefficient (R), 
MSE, and MAPE for both training and testing datasets.

From the analysis of Tables 2 and 3, it is evident that networks with 

Table 1 
Statistical features of experimental database.

Feature Input Parameters Output Parameters

Cement (%) Water (%) Sand (%) Silt (%) Additive (%) FS (MPa) UCS (MPa)

Minimum 22.00 12.00 43.00 2.00 0.17 0.00 0.00
Maximum 28.00 20.00 61.00 20.00 0.35 10.31 55.91
Range 6.00 8.00 18.00 18.00 0.18 10.31 55.91
Average 24.40 15.26 51.00 9.09 0.26 5.68 25.79
SD 2.28 2.94 6.29 6.20 0.07 2.27 11.27
CoV (%) 9.33 19.27 12.33 68.24 28.27 39.90 43.70
Kurtosis − 1.276 − 1.144 − 1.308 − 1.291 − 1.761 1.242 1.299
Skewness 0.508 0.557 0.262 0.404 − 0.043 − 0.849 − 0.282
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six hidden neurons achieved the highest overall ranking for both FS and 
UCS predictions, indicating the optimal balance between model 
complexity and predictive performance. The optimized ANN for FS 
achieved correlation coefficients of 0.944 for training and 0.859 for 
testing, with normalized MSE values of 0.003 and 0.004, and MAPE 
values of 8.956 % and 8.931 %, respectively. For UCS, the ANN achieved 
correlation coefficients of 0.957 for training and 0.952 for testing, with 
normalized MSE values of 0.002 and 0.001, and MAPE values of 12.809 
% and 5.501 %, respectively. These results demonstrate that the selected 
six-neuron ANN structure provides strong predictive accuracy for both 
mechanical properties, effectively capturing the relationship between 
input variables (cement, water, sand, silt, and additives) and mortar 
strength. Fig. 5 illustrates the optimized ANN architecture for FS and 
UCS estimation. Overall, the analysis confirms that careful tuning of 
hidden neurons is critical for maximizing model performance, and the 
selected ANN configuration offers reliable predictions for practical 
application in cement mortar design with waste silt incorporation.

In this study, the Artificial Bee Colony (ABC) optimization algorithm 
was employed to determine the optimal weight values for the ANN 
model by enhancing the search process within the solution space. To 
identify the best configuration, a trial-and-error approach was applied 
systematically. Initially, multiple ABC-ANN models were developed, 
each incorporating a different number of artificial bees. The internal 

Table 2 
Performances and ranking of ANNs for FS estimation optimized model.

Values Ranking

Neuron No. R MSE MAPE (%) R MSE MAPE (%) Sum

Training Testing Training Testing Training Testing Training Testing Training Testing Training Testing

1 0.598 0.425 0.021 0.013 41.186 19.460 13 12 13 10 14 13 75
2 0.927 0.895 0.005 0.003 15.394 11.186 2 1 2 1 4 3 13
3 0.655 0.599 0.018 0.009 40.101 15.587 11 10 9 9 13 8 60
4 0.920 0.704 0.005 0.007 13.952 16.253 3 9 3 5 3 10 33
5 0.660 0.294 0.019 0.024 35.613 27.609 10 13 10 14 10 15 72
6 0.944 0.859 0.003 0.004 8.956 8.931 1 3 1 2 1 2 10
7 0.816 0.830 0.010 0.004 25.873 11.595 6 4 5 3 7 4 29
8 0.705 0.721 0.016 0.008 37.087 15.522 9 8 7 7 11 7 49
9 0.507 0.765 0.029 0.008 52.656 15.259 14 6 15 6 15 6 62
10 0.758 0.774 0.016 0.013 29.248 18.685 7 5 8 11 8 12 51
11 0.615 0.194 0.021 0.014 38.732 17.690 12 14 12 12 12 11 73
12 0.828 0.739 0.011 0.009 16.096 13.420 5 7 6 8 6 5 37
13 0.729 0.883 0.019 0.005 13.361 5.138 8 2 11 4 2 1 28
14 0.858 0.493 0.010 0.014 15.809 16.200 4 11 4 13 5 9 46
15 0.435 − 0.171 0.029 0.025 33.631 25.866 15 15 14 15 9 14 82

* The optimal quantity of neurons in the hidden layer is identified in the row highlighted.

Table 3 
Performances and ranking of ANNs for UCS estimation optimized model.

Values Ranking

Neuron No. R MSE MAPE (%) R MSE MAPE (%) Sum

Training Testing Training Testing Training Testing Training Testing Training Testing Training Testing

1 0.607 0.381 0.018 0.017 38.792 25.747 13 14 13 13 14 13 80
2 0.885 0.603 0.006 0.010 17.634 22.030 5 10 5 10 6 11 47
3 0.640 0.600 0.017 0.010 32.417 21.779 12 11 11 9 13 10 66
4 0.900 0.832 0.005 0.005 15.699 15.030 4 6 4 5 2 6 27
5 0.940 0.768 0.004 0.006 16.632 18.257 2 8 2 6 3 9 30
6 0.957 0.952 0.002 0.001 12.809 5.501 1 1 1 1 1 1 6
7 0.874 0.533 0.007 0.012 17.180 22.161 6 13 6 12 5 12 54
8 0.913 0.774 0.005 0.007 16.884 17.218 3 7 3 7 4 8 32
9 0.835 0.622 0.013 0.011 19.230 13.140 8 9 9 11 8 4 49
10 0.758 0.906 0.013 0.005 24.570 14.277 10 3 8 4 11 5 41
11 0.772 0.373 0.015 0.018 28.064 29.565 9 15 10 14 12 14 74
12 0.452 0.544 0.032 0.026 52.921 29.720 15 12 15 15 15 15 87
13 0.841 0.833 0.010 0.008 17.780 15.520 7 5 7 8 7 7 41
14 0.523 0.921 0.025 0.004 19.480 6.772 14 2 14 3 9 2 44
15 0.743 0.895 0.018 0.004 22.512 12.142 11 4 12 2 10 3 42

* The optimal quantity of neurons in the hidden layer is identified in the row highlighted.
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Fig. 5. The optimal structure of FS and UCS ANN models.
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parameters of the ABC algorithm, including the number of iterations, 
limit values, and employed/observer/onlooker bee ratios, were incre
mentally adjusted to evaluate their effect on the model's predictive ac
curacy. For each configuration, the model's normalized mean squared 
error (MSE) was monitored over 1000 iterations. The bee population 
was gradually increased from 10 to 1000, and the configuration that 
yielded the lowest MSE was selected as the optimal model. This trial- 
and-error procedure ensured that the ABC-ANN model converged 
effectively to the global minimum, providing the most accurate pre
dictions for flexural strength (FS) and unconfined compressive strength 
(UCS). Fig. 6 illustrates the evolution of normalized MSE during 1000 
iterations for different bee populations, highlighting the impact of 
population size on convergence and performance.

A normalized MSE drop was seen in the FS and UCS models up to 
about 150 iterations, as shown in Fig. 6. As found via trial and error, the 
ABC-ANN network only requires 250 cycles to perform effectively, 
indicating that the 1000 cycles used for the optimization phase is 
excessive. Although the iteration limit was set to 1000, Fig. 6 shows that 

the normalized MSE for FS and UCS models dropped sharply within the 
first 150–250 iterations, indicating that convergence was effectively 
achieved much earlier. The extended iteration count served as a con
servative safety margin to ensure global convergence. The process for 
choosing the best configuration is comparable to the detailed process for 
figuring out how many neurons are in the hidden layer given in the 
preceding section. Thus, the optimal number of bees was also deter
mined by ranking the values of R, MSE, and MAPE. According to Ta
bles 4 and 5, the number of optimum bees is 150 for the FS parameter 
and 120 for the UCS parameter, based on the overall rank value.

As shown in Tables 4 and 5, selecting a bee population of 150 for the 
training and testing phases in the flexural strength (FS) estimation 
yielded high performance, with correlation coefficients (R) of 0.9995 
and 0.9738, normalized mean squared error (MSE) values of 0.0061 and 
0.0240, and mean absolute percentage errors (MAPE) of 0.9872 % and 
2.4460 %, respectively. Similarly, for unconfined compressive strength 
(UCS) estimation, using 120 bees in both training and testing phases 
resulted in R values of 0.9999 and 0.9995, normalized MSEs of 0.0023 
and 0.0037, and MAPE values of 0.2496 % and 0.4196 %, respectively. 
Compared to other configurations, these settings achieved the lowest 
overall ranking values, indicating superior model performance.

By applying the weights and biases derived from the proposed ABC- 
ANN models, the mathematical relationships between the input pa
rameters (cement, water, sand, silt, and additive content) and the output 
variables, flexural strength (FS) and unconfined compressive strength 
(UCS), can be expressed as follows: 

CementMortarStrength=f linear
n

{

b0+
∑h

k=1

[

Wkftan− sigmoid
n

(

bhk+
∑m

i=1
WikXi

)]}

(4) 

In Equation (4), the fntan-sigmoid and fnlinear represent the activation func
tions defined in Equations (2) and (3), respectively. The variable h de
notes the number of neurons in the hidden layer, which is set to 6 in this 
paper. Xᵢ refers to the input variables of the network (cement, water, 
sand, silt, and additive), while m, representing the number of input 
features, is equal to 5. Wᵢk indicates the weight connecting the ith input 
to the kth neuron in the hidden layer, and Wk corresponds to the weight 
linking the kth hidden neuron to the output layer. bhk is the bias term 
associated with the kth hidden neuron, and b0 denotes the bias applied at 
the output layer. For the purpose of promoting transparency, repro
ducibility, and broader application, the weights and biases used in the 
ABC-ANN models developed in this study are provided to support future 
research efforts. Based on Equation (4) and the acquired weights and 
biases, the estimated FS and UCS parameters using ABC-ANN models 
could be stated as follows: 

FSABC− ANN =87.06A1 − 87.14A2 − 4.30A3 − 4.04A4 + 59.35A5 + 4.10A6

− 63.00
(5) 
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Fig. 6. Model performance evolution with increasing iterations and population: 
a) FS and b) UCS.

Table 4 
Selected artificial bees population for ABC-ANN model of FS estimation.

Values Ranking

Population R MSE MAPE (%) R MSE MAPE (%) Sum

TR TS TR TS TR TS TR TS TR TS TR TS

10 0.9894 0.5820 0.0278 0.1359 7.1954 11.3235 2 7 2 7 7 7 32
50 0.9790 0.9669 0.0390 0.0284 5.6465 4.9349 5 5 5 5 4 5 29
100 0.9689 0.9482 0.0474 0.0356 6.6554 6.5660 7 6 7 6 6 6 38
150 0.9995 0.9738 0.0061 0.0240 0.9872 2.4460 1 3 1 3 1 1 10
300 0.9851 0.9800 0.0329 0.0220 4.2342 2.8111 4 1 4 1 3 2 15
500 0.9741 0.9785 0.0432 0.0224 6.6064 3.4079 6 2 6 2 5 3 24
1000 0.9881 0.9717 0.0296 0.0276 3.6315 4.1699 3 4 3 4 2 4 20

* The highlighted row shows the selected population in the ABC-ANN model.
Note: TR denotes Training Data Division, and TS denotes Testing Data Division.
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UCSABC− ANN =18.54B1 − 18.59B2 − 167.17B3 + 0.14B4 + 0.15B5

+ 0.35B6 − 166.62 (6) 

In this case, the response coefficients of hidden neurons, A1 to A6 and B1 
to B6, are determined by applying the following equations:    

5.3. The GMDH-Combi models

To make closed-form equations more trustworthy, the GMDH 
combinatorial technique, like ANN models, randomly selects 20 % of the 
database to be utilized as a test set in the algorithm and not for model 
training and optimization. It was found that Equations (9) and (10) can 
be used to estimate FS and UCS parameters using the GMDH combina
torial method after a great deal of testing.    

Where Ce, Wa, Sa, Si and Ad are the representative of cement (%), water 
(%), sand (%), silt (%) and additive (%) contents, respectively.

5.4. Performance of proposed models

Table 6represents frequently employed parameters in assessing error 

and performance [39] based on Equations (11)–(17) for R (Correlation 
Coefficient), R2 (Coefficient of Determination), MSE (Mean Squared 

Error), RMSE (Root Mean Squared Error), MAE (Mean Absolute Error), 
MAPE (Mean Absolute Percentage Error) and NMAE (Normalized Mean 
Absolute Error). These error performance and model criteria were 
employed to assess the outcomes of the improved ABC-ANN and GMDH 
models for FS and UCS estimation. 

R=

∑n

i=1
(OSi − OSave.)(ESi − ESave.)
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FSGMDH =
1

Wa⋅Sa⋅Ad

(

Wa⋅Sa(− 0.013Ce − 0.953Wa + 0.300Sa) + Sa⋅Ad2( 1273.44 + 4.73Wa⋅Sa − 16.43Wa2)

+Ad( − 90043.90 + Sa( − 98913.50 + 1027.41Ce + 963.50Wa + 1023.94Si) + 979.89Sa2 + 309.72Wa2)
) (9) 

UCSGMDH =
1

Wa2⋅Sa2⋅Si2⋅Ad2

(
− 9.72Ce2 ⋅ Sa ⋅ Si2 +5896.29Ce2 ⋅ Sa ⋅ Si2 ⋅ Ad4

− 40468.00Ce2 ⋅ Sa ⋅ Si2 ⋅ Ad5
+Ce2 ⋅ Sa ⋅ Ad3( 334818.60+ 4135.73Si2

)

+Ce2 ⋅ Ad
(
114.29Si3 + Sa

(
17618.60 − 94.79Si2

)
+ 0.00113Ce ⋅ Wa ⋅ Sa3 ⋅ Si

)
+Ad2( Ce2( − 171600.00Sa 

+ Si2(− 23024.80+532.64Si)
)
+ 19.75Wa2 ⋅ Sa2 ⋅ Si2 − 0.00094Ce ⋅ Wa5 ⋅ Sa2

))

(10) 
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n
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⎢
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i=1
|OSi − ESi|
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|OSi|

⎤

⎥
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NMAE=

⎡

⎢
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⎣

1
n
∑n

i=1
|OSi − ESi|

max(OSi) − min(OSi)

⎤

⎥
⎥
⎥
⎦
× 100 (17) 

In Equation (11) through (17), OSᵢ denotes the observed values, while 
ESᵢ represents the estimated values for the FS and UCS parameters. The 
variable n refers to the total number of data points considered. OSave. and 
ESave indicate the mean of the observed and estimated values, 
respectively.

As presented in Table 6, the ABC-ANN models outperformed both the 
proposed GMDH and previously studied DOE models in estimating both 
FS and UCS parameters. Specifically, the ABC-ANN models achieved 
coefficients of determination (R2) of 0.9948 for FS and 0.9997 for UCS, 
which are higher than those obtained from the GMDH models (0.9362 
and 0.9629, respectively) and the DOE models (0.9115 and 0.9552, 
respectively). Additionally, the ABC-ANN models exhibited lower error 
values across all evaluated metrics, including MSE, RMSE, MAE, MAPE, 
and NMAE, compared to the GMDH and DOE models. Nonetheless, the 

GMDH models still performed better than the DOE models in terms of 
accuracy.

To further evaluate the robustness and generalization capability of 
the proposed models, a k-fold cross-validation (k = 5) was conducted, 
and the resulting MSE values were compared with those obtained from 
the final ABC-ANN and GMDH models. The results of the 5-fold cross- 
validation are presented in Fig. 7. For FS, the average MSE obtained 
from k-fold cross-validation is 0.0256 for the ABC-ANN model and 
0.0338 for the GMDH model. These values are in close agreement with 
the MSE values reported for the final ML models in Table 6 (0.027 for 
ABC-ANN and 0.333 for GMDH), indicating stable predictive perfor
mance across different data partitions. Similarly, for UCS, the average 
MSE values from 5-fold cross-validation are 0.3173 for the ABC-ANN 
model and 4.8032 for the GMDH model, which closely match the cor
responding MSE values of 0.035 and 4.749 reported for the final models. 
The strong agreement between the cross-validated MSE values shown in 
Fig. 7 and the final model errors demonstrates that the predictive per
formance of both models is not sensitive to data ordering or the use of a 
single training–testing split. Overall, the k-fold cross-validation analysis 
confirms the robustness of the proposed modeling framework and 
further highlights the superior generalization performance of the ABC- 
ANN model compared with the GMDH approach for predicting both 
FS and UCS.

Fig. 8 provides a graphical comparison of the predicted versus 
experimentally measured FS and UCS values for the ABC-ANN, GMDH, 
and DOE models. In the figure, the yellow line represents the ideal 1:1 
correspondence line, which reflects perfect agreement between pre
dicted and observed values and is theoretically achieved when the cor
relation coefficient (R) equals 1.0 [29]. It can be seen from Fig. 8 that the 
predicted values for both FS and UCS parameters obtained from GMDH 
models are closer to the line of equality than DOE estimates. Although 
the results of all DOE, GMDH and ABC-ANN models are reliable, the 
hybrid ABC-ANN models outperformed both GMDH and DOE methods, 
resulting in the most reliable estimates.

Fig. 9 shows the true error values for each technique providing a 
thorough comparison between the residual error of each observation. 
For both FS and UCS estimation, the outcomes of ABC-ANN models are 
positioned extremely close to the red line representing the zero-error 
value.

Fig. 10 show the FS and UCS estimation error distribution diagrams 

Table 6 
Summary of FS and UCS model results using conventional performance indicators.

Parameter Method R R2 MSE RMSE MAE MAPE (%) NAME (%)

FS DOE 0.9547 0.9115 0.455 0.674 0.576 8.852 5.591
GMDH 0.9676 0.9362 0.333 0.577 0.440 6.706 4.142
ABC- ANN 0.9974 0.9948 0.027 0.164 0.075 1.134 0.727

UCS DOE 0.9773 0.9552 5.692 2.386 1.987 7.307 3.554
GMDH 0.9813 0.9629 4.749 2.179 1.697 6.150 3.067
ABC- ANN 0.9999 0.9997 0.035 0.187 0.081 0.319 0.145

Table 5 
Selected artificial bees population for ABC-ANN model of UCS estimation.

Values Ranking

Population R MSE MAPE (%) R MSE MAPE (%) Sum

TR TS TR TS TR TS TR TS TR TS TR TS

15 0.9981 0.9989 0.0108 0.0049 1.0170 0.7043 3 2 3 2 3 2 15
30 0.9995 0.9958 0.0058 0.0092 0.8635 1.3994 2 3 2 3 2 4 16
60 0.9976 0.9934 0.0120 0.0119 1.7286 1.3589 4 5 4 4 4 3 24
120 0.9999 0.9995 0.0023 0.0037 0.2496 0.4196 1 1 1 1 1 1 6
250 0.9860 0.9882 0.0291 0.0151 3.5255 2.0103 7 6 7 6 7 5 38
500 0.9923 0.9854 0.0216 0.0168 2.5798 2.3425 5 7 5 7 5 7 36
1000 0.9908 0.9955 0.0237 0.0120 3.0805 2.1775 6 4 6 5 6 6 33

* The highlighted row shows the selected population in the ABC-ANN model.
Note: TR denotes Training Data Division, and TS denotes Testing Data Division.

H. Jahangir et al.                                                                                                                                                                                                                               Journal of Materials Research and Technology 40 (2026) 4047–4062 

4055 



in ABC-ANN, GMDH, and DOE models, respectively. As it could be 
inferred from Fig. 10, the proposed ABC-ANN models outperform both 
GMDH and DOE models by an error range between − 0.6 and 0.6 MPa for 
FS estimation and between − 0.6 and 1.2 MPa for UCS estimation.

As a result, it can be stated that the ABC-ANN models outperform 
other models and have the best accuracy and consistency. In spite of the 
fact that ABC-ANN models are in decent condition than GMDH models, 

the GMDH models have the advantage of giving a closed-form repre
sentation that is easy to understand.

5.5. Sensitivity and parametric analyses

Although models calibrated with high-performing machine learning 
techniques can yield accurate results, this does not necessarily guarantee 

Fig. 7. MSE results of 5-fold cross-validation of the proposed ABC-ANN and GMDH models respectively for: (a and b) FS; and (c and d) UCS.
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Fig. 8. Measured vs. predicted FS and UCS using different models: (a and d) DOE; (b and e) GMDH and (c and f) ABC-ANN.
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reliable performance across a wide range of input variables. The 
robustness of these models should therefore be evaluated by assessing 
how well their predictions align with established physical principles 
under varying conditions. In this paper, Figs. 11 and 12 illustrate the 
sensitivity analysis conducted to examine the generalization capability 
of the proposed ABC-ANN and GMDH models. This analysis involved 
systematically varying one input variable at a time (cement, water, sand, 
silt, or additive) while holding all other inputs constant at their mean 
training values. Artificial datasets were generated by incrementally 
increasing the selected variable across its observed minimum and 
maximum range. These synthetic inputs were then processed through 
the ABC-ANN and GMDH models to obtain the corresponding predicted 
outputs for flexural strength (FS) and unconfined compressive strength 
(UCS).

It appears that the predicted FS and UCS responses in both models 
(ABC-ANN and GMDH) are identical to the experimental data, as shown 
in Figs. 11 and 12. The efficiency of ABC-ANN and GMDH models can 
generally be validated as the outcomes of experiments and models for 
both FS and UCS along with different inputs are similar. It also can be 
deduced that models spanned the range of input variable changes, cor
responding to experimental and physical expected behavior. Therefore, 
the generality and robustness of models can be derived from sensitivity 
analyses that have been conducted.

Silt and e) Additive.

After ensuring the generality and robustness of suggested models, as 
illustrated in Fig. 13, a parametric analysis was conducted to examine 
the influence of each input parameter (Cement, Water, Sand, Silt and 
Additive) on ABC-ANN and GMDH models of FS and UCS outputs. The 
approach results are derived for each input variable by considering the 
minimum and maximum interval values. As a result, the influence of 
each variable on R and RMSE is assessed. As presented in Equation (18), 
if all the parameters are replaced with their mean values, the impact on 
R and RMSE is zero and if all them are replaced, the impact would be 
100 % [40]. 

Input Impact=
(

Ux– Unone

Uall– Unone

)

× 100% (18) 

In Equation (18), Ux denotes the correlation coefficient (R) and root 
mean squared error (RMSE) values associated with a specific input 
parameter, while Unone represents the impact of excluding that param
eter (i.e., setting it to zero) on the R and RMSE metrics. Meanwhile, Uall 
corresponds to the R and RMSE values obtained when all input variables 
are fixed at their mean values. Fig. 13 shows that water exerts the most 
significant influence on both R and RMSE across the ABC-ANN and 
GMDH models for FS and UCS predictions, followed by Sand, Additive, 
and Silt, while Cement has the least impact. The dominant effect of 
water can be attributed to its role in controlling the water-to-cement (w/ 

-2

-1

0

1

2

0 10 20 30 40

E
rr

or
 (M

Pa
)

Observations

FS DOE FS GMDH FS ANN-ABC

(a)

-5

-2.5

0

2.5

5

0 10 20 30 40

E
rr

or
 (M

Pa
)

Observations

UCS DOE UCS GMDH UCS ANN-ABC

(b)

Fig. 9. Error-values of proposed DOE, GMDH and ABC-ANN models for estimating: a) FS and b) UCS.

0

10

20

30

40

50

60

Fr
eq

ue
nc

y 
(%

)

Model Error Ranges (MPa)

UCS DOE

(d)

0

10

20

30

40

50

60

Fr
eq

ue
nc

y 
(%

)

Model Error Ranges (MPa)

UCS GMDH

(e)

0

10

20

30

40

50

60

Fr
eq

ue
nc

y 
(%

)

Model Error Ranges (MPa)

UCS ANN

(f)

ABC-ANN

0

10

20

30

40

50

60

Fr
eq

ue
nc

y 
(%

)

Model Error Ranges (MPa)

FS DOE

(a)

0

10

20

30

40

50

60

Fr
eq

ue
nc

y 
(%

)

Model Error Ranges (MPa)

FS GMDH

(b)

0

10

20

30

40

50

60

Fr
eq

ue
nc

y 
(%

)

Model Error Ranges (MPa)

FS ANN

(c)

ABC-ANN

Fig. 10. Error distribution diagrams of FS and UCS in numerical models: (a and d) DOE; (b and e) GMDH and (c and f) ABC-ANN.

H. Jahangir et al.                                                                                                                                                                                                                               Journal of Materials Research and Technology 40 (2026) 4047–4062 

4057 



c) ratio, which governs hydration, microstructural development, and 
ultimately the mechanical strength of cement mortars. In contrast, 
variations in cement content within the studied range produce relatively 
minor changes in w/c ratio, explaining the comparatively smaller in
fluence. Silt influences particle packing and microstructure, sand pro
vides granular skeleton support, and additives modify workability or 
mitigate swelling effects. All input parameters were found to meaning
fully affect model predictions, but the theoretical significance of water 
content is consistent with well-established cement chemistry principles.

5.6. Practical implications

The experimental results and predictive models presented in this 

study demonstrate the feasibility of using reservoir waste silt in cement 
mortars. At a practical scale, silt can be incorporated provided that 
preprocessing steps, including drying, sieving, and additive treatment to 
control swelling, are applied. The ABC-ANN and GMDH models can 
guide practitioners in optimizing mix designs, ensuring that mechanical 
performance targets for flexural and compressive strength are met.

From an environmental and durability perspective, the processed silt 
showed low levels of potential contaminants, and the cement mortar 
matrix is expected to immobilize these substances effectively. Never
theless, for large-scale implementation, it is recommended to conduct 
site-specific chemical analysis of silt, long-term durability testing, and 
leachate assessments to verify safety and regulatory compliance. Over
all, these findings support the sustainable use of waste silt in 
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construction, promoting circular economy practices while maintaining 
structural integrity and environmental protection.

The predictive models presented in this study were developed using 
laboratory mortars under strictly controlled conditions. While this en
sures reliable and consistent predictions, industrial-scale applications 
involve greater variability in materials, mixing, and curing environ
ments, which may influence model performance. To enhance the 
applicability of the models in practical settings, future research should 
incorporate field-scale data that capture the inherent variability of raw 
materials and environmental conditions. Including additional input 
parameters such as ambient temperature, humidity, and curing time can 
improve model generalization. Furthermore, quantifying prediction 
uncertainty through confidence intervals can help practitioners under
stand the potential range of outcomes. Implementing basic quality 
control protocols during mixing and curing will also reduce the impact 
of uncontrolled variability, allowing the models to provide more reliable 
guidance for the design and evaluation of mortars containing reservoir 
waste silt in real-world construction projects.

5.7. Limitations and future research directions

Despite the promising results obtained in this study, several limita
tions should be noted, and avenues for future research are suggested to 
further enhance the predictive modeling of cement mortars incorpo
rating reservoir waste silt as listed below. 

• The experimental database used for model development consisted of 
39 mortar specimens, representing the complete set of samples 
produced in the authors' prior experimental study. Although the 
sample size is modest, several measures were employed to reduce the 
risk of overfitting, including the use of independent training–testing 

subsets, objective model selection criteria, and validation through 
sensitivity and parametric analyses. The comparable performance 
observed between training and testing phases confirms that the 
selected ABC-ANN and GMDH models were not adversely affected by 
sample size limitations. Nonetheless, a larger dataset would further 
enhance the generalizability of future models. Expanding the data
base was not feasible in the present work because additional material 
production and laboratory testing were beyond the scope of the 
completed experimental program, and no external datasets are 
available for the specific waste silt source. Future research should 
therefore focus on generating broader experimental datasets to 
support model extension and cross-validation under a wider range of 
material and mixture conditions.

• The experimental database employed in this study was derived from 
a prior laboratory program in which each mortar composition was 
produced as a single batch. While this approach ensured consistency 
in materials and procedures, it does not capture within-mix vari
ability that could arise from batching, mixing, and testing un
certainties. As a result, performance indicators such as R2 may be 
optimistic. Future experimental studies should incorporate multiple 
replicate batches for each mix design to quantify inherent variability, 
improve statistical representativeness, and provide more rigorous 
datasets for training and validating machine learning models.

• The present study is limited to 28-day strength data, as the experi
mental database was derived from a previously conducted testing 
program. While 28-day strength is a standard reference for mortar 
performance evaluation, incorporating additional curing ages (e.g., 
7, 14, and 90 days) in future experimental campaigns would allow 
the development of time-dependent predictive models capable of 
capturing strength-gain kinetics. Including curing age as an explicit 
input variable would further enhance the applicability of the 
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proposed machine learning framework for construction planning and 
long-term performance assessment.

• Parametric analysis showed that, variations in cement had the least 
impact on the predicted flexural and compressive strengths. This 
outcome can be attributed to the limited range of cement percent
ages, which caused only minor changes in the water-to-cement ratio 
and, consequently, minimal influence on the hydration process and 
strength development. It is acknowledged that extending the range of 
cement content in future studies could alter this trend, potentially 
increasing its relative contribution to strength outcomes. This 
consideration is noted as a limitation of the current study and a 
recommendation for subsequent research efforts.

• The current predictive models were developed based on laboratory- 
cured mortar specimens under controlled temperature and humidity. 
While this ensures consistent and reliable data, it does not capture 
the variability of field curing conditions. Future work could extend 
the models by including environmental parameters, such as curing 
temperature, relative humidity, and exposure conditions, as addi
tional input variables. Incorporating these factors would enhance the 
models' capability to predict flexural and compressive strengths 
under practical construction scenarios and support more robust 
design and quality control of mortars containing reservoir waste silt.

• The predictive models presented in this study were developed using 
laboratory-scale mortar specimens, and their current applicability is 
limited to similar small-scale mixtures. Scaling to full-size structural 
concrete would require consideration of additional factors, such as 
coarse aggregates, heterogeneous microstructures, variable curing 
conditions, and environmental influences. Incorporating these pa
rameters into the training datasets and retraining the ABC-ANN and 
GMDH models would enable reliable predictions for full-scale con
crete. The present work therefore establishes a proof-of-concept 
framework for machine learning-based prediction of cementitious 
materials containing reservoir waste silt, which can be extended to 
structural applications through further experimentation and dataset 
expansion.

• The present study focuses on mortars incorporating waste silt as a 
partial replacement for cement. Introducing supplementary cemen
titious materials (SCMs) such as fly ash or slag would modify the 
hydration process, microstructure, and mechanical performance, 
potentially affecting both predictive accuracy and sustainability 
outcomes. The current ABC-ANN and GMDH models would require 
retraining with a dataset that includes SCM proportions to capture 
these new interactions accurately. Nevertheless, combining silt with 
SCMs could further enhance the environmental benefits of cemen
titious mixtures, supporting circular economy principles and 
improved eco-efficiency in construction applications.

• While this study emphasizes the sustainable reuse of reservoir waste 
silt in cement mortars, no formal life cycle assessment (LCA) or 
embodied carbon analysis was performed. The primary focus was on 
predicting mechanical properties using machine learning models. 
Nevertheless, incorporating silt as a partial cement replacement re
duces cement demand, which directly lowers CO2 emissions associ
ated with cement production. Future research could include a 
preliminary LCA or embodied carbon evaluation to quantify the 
environmental benefits of using waste silt, supporting broader sus
tainability claims and facilitating adoption in eco-efficient con
struction practices.

• The present models were developed using reservoir waste silt from a 
single location in Bologna, Italy, with specific mineralogical and 

particle size characteristics. Because silt properties can vary with 
reservoir location and seasonal factors, the current predictive models 
may not be directly applicable to silts from other sources. Extending 
the models to new silts would require incorporating additional 
experimental data representing the variability in mineralogy, parti
cle size distribution, and chemical composition. Retraining the ABC- 
ANN and GMDH models with such data would enhance their 
generalizability and ensure reliable predictions for a broader range 
of site-specific materials.

6. Conclusion

Flexural strength (FS) and unconfined compressive strength (UCS) of 
cement mortars containing waste silt estimated by the artificial neural 
network optimized by artificial bee colony algorithm (ABC-ANN) and 
also combinatorial GMDH methods. Consequently, data including 39 
cement mortar specimens tested in the previous study by authors, were 
gathered. Moreover, the results of the previously examined design of 
experiments method (DOE) models for estimating FS and UCS parame
ters are investigated and compared to proposed ABC-ANN and combi
natorial GMDH models using regular criteria for error and performance 
evaluation, including the R, R2, MSE, RMSE, MAE, MAPE and NMAE. In 
the proposed models, the cement, water, sand, silt and additive contents 
were considered as the input parameters and corresponding flexural and 
unconfined compressive strength of cement mortars (FS and UCS) were 
considered as outputs. In model training, 80 % of the available experi
mental data was utilized, with the remaining 20 % reserved for the 
testing phase, yielding more precise results compared to the training 
phase. The outcomes showed that the suggested hybrid ABC-ANN 
models effectively predicted both flexural strength (FS) and uncon
fined compressive strength (UCS) parameters for cement mortars, sur
passing the performance of GMDH and DOE models. However, all 
models were able to reliably predict the FS and UCS values. The 
following are the quantitative outcomes of the analysis. 

• The architecture of an artificial neural network (ANN) with a single 
hidden layer was investigated by varying the number of neurons 
from 1 to 15. Results indicated that a configuration with six neurons 
in the hidden layer provided the best performance for predicting 
both flexural strength (FS) and unconfined compressive strength 
(UCS). For FS prediction, the model achieved correlation coefficients 
(R) of 0.944 and 0.859 on the training and testing datasets, respec
tively, alongside normalized mean squared errors (MSE) of 0.003 
and 0.004 and mean absolute percentage errors (MAPE) of 8.956 % 
and 8.931 %. Regarding UCS estimation, the optimized ANN yielded 
R values of 0.957 and 0.952 for training and testing, with normalized 
MSE values of 0.002 and 0.001, and corresponding MAPE values of 
12.809 % and 5.501 %.

• Tested the ABC algorithm with different numbers of artificial bees, 
from 10 to 1000; it was found that using 150 bees for FS estimation 
and 120 bees for UCS estimation could lead to the best results with 
high correlation and the least errors in ANN training optimization;

• For both FS and UCS estimation, ABC-ANN models outperform pro
posed combinatorial GMDH and previously investigated DOE models 
due to higher R2 values and lower MSE, RMSE, MAE, MAPE and 
NMSE and NMAE errors. Aside from that, the findings of the 
combinatorial GMDH models are superior to those of the DOE 
models;
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• The findings of the sensitivity analysis reveal that the FS and UCS 
values predicted in both ABC-ANN and GMDH models are exactly 
consistent with those of experimental results. Therefore, the models' 
accuracy in predicting FS and UCS can provide insights into their 
practical use, and their generalized responses can be inferred be
tween the maximum and minimum values of the input variables;

• The parametric analysis examining the influence of each input var
iable on the correlation coefficient (R) and root mean squared error 
(RMSE) revealed that, for both the ABC-ANN and combinatorial 
GMDH models predicting flexural strength (FS) and unconfined 
compressive strength (UCS), water is the most influential parameter 
while cement is the least. Sand, additive, and silt contents rank as the 
second, third, and fourth most impactful inputs, respectively.
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