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ABSTRACT

ARTICLE INFO

Recycled Aggregate Concrete (RAC) can represent as a sustainable alternative to con-
ventional concrete; however compressive strength prediction of RAC is difficult due
to the complex and nonlinear interactions between the materials in the mix. Re-
searchers have been utilizing soft computing tools like: Genetic Programming (GP),
Artificial Neural Network (ANN) etc. for predicting compressive strength, however
the performance of these models is satisfactory. To leverage the characteristic of evo-
lutionary optimization in Multi Gene Genetic Programming (MGGP): variant of GP
and the effective nonlinear input and output mapping through ANN, the present
study introduces a Novel Neuro Genetic Programming framework (NMGGP), an ad-
vanced hybrid approach that combines the strengths of MGGP and ANN. The NMGGP
framework is a framework devised in three phases: (i) MGGP constructs a multigene
model, where each gene represents a weighted mathematical expression derived
from input parameters; (ii) High-weighted genes, are selected, and transformed into
transformed inputs to enhance the learning process. (iii) These transformed inputs,
along with the original output, are fed into an ANN enabling advanced nonlinear map-
ping and precision in prediction. The proposed model was tested for predicting the
28-day compressive strength of RAC which considered 8 inputs as the kg/m3 quan-
tity of concrete mix. Further three highly weighted genes were transformed into
transformed inputs and predictions were done in phase III. The results displayed an
excellent model with r=0.967, RMSE as 4.744 and MAE as 3.944 as compared to the
stand-alone models of MGGP and ANN with r=0.930, RMSE more than 5.0 and MAE
mode than 5.0. The results also can be said to be robust through a balanced scatter
plot and graphical comparison between predicted and observed 28-day strength of
RAC.
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1. Introduction

Recycled aggregates (RA) and recycled aggregate con-
crete (RCA) have been used as replacement to certain ex-
tent with the original materials and can be said a step to-
wards sustainable approach. Recycled Aggregates and
RAC differ from the original materials and normal con-
crete in their characteristics and thus predicting their
strength is a daunting task (Adriana et al. 2013; Duan et

al. 2013). The properties of recycled aggregate concrete
using the recycled aggregates are highly dependent on
the source and quality of the recycled aggregate. Deter-
mining strength of recycled aggregate is more critical as
the recycled aggregates contain the adhered mortar
which can lead to higher porosity and water absorption,
potentially lowering the concrete's strength and worka-
bility. These properties of the recycled aggregates and
their interaction in the resulting strength of recycled ag-
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gregate concrete are often non-linear and complex
(Hamada et al. 2017). Determination of 28-day compres-
sive strength of RAC is very important as it allows the de-
signer to modify the mix proportion accordingly if the
concrete fails to reach designed strength reducing the
risk of construction failures resulting in less use of raw
material and material costs and in a more economical
way. In the traditional way, compressive strength of any
concrete is determined by testing done in the lab which
consumes time and materials which can be minimized by
use of Data Driven Techniques (DDTs) like Artificial Neu-
ral Network (ANN), Genetic Programming (GP), Model
Tree (MT), etc. These DDTs have been studied for predic-
tion of compressive strength of concrete in last two dec-
ades with considerable results (Adriana et al. 2013; Duan
et al. 2013; Deshpande et al. 2014; Tran et al. 2022).

ANNs are characterized by recognizing intricate non-
linear connections between input-output data which
prove to be suitable for finding solutions were describ-
ing procedures through physical equations presents
a challenge (Hsu et al. 1995; Li et al. 2022, ASCE Task
committee, 2001). ANNs have been broadly employed in
concrete strength modelling and show significant posi-
tive results. Deshpande et al. (2014) designed ANN mod-
els to predict the strength of RAC at 28 days, incorporat-
ing both per cubic meter material proportions and non-
dimensional parameters. In a comparative analysis of
ANN and GP techniques to predict 28-day compressive
strength of RAC, ANN predicts the strength of concrete
with good accuracy as compared to GP which can be ev-
ident from the higher R values (0.937 and 0.941). Find-
ings of Kulkarni et al. (2019) indicated that ANNs outper-
formed non-linear regression models, with the inclusion
of non-dimensional parameters enhancing predictive ac-
curacy. Similarly, Onyelowe et al. (2022) employed a
novel ANN model using a sigmoid function, achieving a
correlation coefficient (r) of 0.99 and a mean squared er-
ror (MSE) of 28.67% during training, demonstrating
high predictive performance. Duan et al. (2020) devel-
oped an ANN model to predict the compressive strength
of RAC, considering parameters such as water-cement
ratio, recycled aggregate replacement ratio, and curing
age. Their model achieved high accuracy (R? > 0.95),
demonstrating ANN's effectiveness in strength predic-
tion. The technique of MGGP was used to anticipate mod-
ulus of elasticity of concrete. A universal model was sug-
gested for Normal strength concrete and high strength
concrete using the 28-day strength data (Bayazidi et al.
2014). MGGP was also used for 28-day compressive
strength prediction of RAC which show that ANN outper-
forms MGGP and Model Tree techniques (Kulkarni et al.
2019). Hybrid models are also been used like ANFIS
which leverage the characteristics of ANN and fuzzy logic
(Khademi et al. 2016). Pan et al. (2022) introduced a hy-
brid model combining ANN with Genetic Algorithm (GA)
optimization to predict the compressive strength of
green concrete, achieving enhanced accuracy over
standalone ANN models.

Thus, earlier studies have shown that hybrid models
display better accuracy than the standalone techniques
in the area of strength determination of concrete. In the
present study, the novel Neuro Genetic Programming

framework (NMGGP) of modelling is proposed which
uses an interaction of MGGP and ANN techniques. The
aim of the present study is to develop a novel NMGGP
framework by integrating Multi-Gene Genetic Program-
ming (MGGP) and Artificial Neural Networks (ANN) for
accurate prediction of the 28-day compressive strength
of recycled aggregate concrete (RAC). Specifically, the
study seeks to transform conventional mix design pa-
rameters into high-performance gene-based features
through MGGP, which are then utilized as enhanced in-
puts for ANN modelling. By combining the strengths of
evolutionary feature engineering and neural network
prediction, the research aims to achieve higher accuracy
and robustness than standalone MGGP or ANN models,
thereby contributing to sustainable and reliable strength
prediction of RAC. The motivation of this study was de-
rived from a hybrid ANN model for typhoon-rainfall
forecasting and brought together different kinds of im-
plicit neural networks (Lin and Wu, 2009). In addition to
ensuring forecasting accuracy, this study emphasizes its
novelty compared to earlier research. To achieve this ob-
jective, the MGGP technique is employed to first trans-
form the observed mix design parameters in kg/m3 i.e.
inputs into high-performance genes. The high weighted
genes are selected and used to generate new transformed
inputs (termed as transformed inputs in this work) or fea-
tures as in feature engineering which can now serve as
new inputs for predicting strength of RAC via artificial
neural networks (ANN). While Artificial Neural Networks
(ANN) and Genetic Programming (GP) have been widely
applied individually in compressive strength prediction,
this study is, to the best of the authors' knowledge, the
first to combine MGGP with ANN to develop a novel
NMGGP framework. Additionally, it incorporates feature
engineering by transforming original inputs into more
meaningful transformed inputs parameters to enhance
the accuracy of ANN-based strength predictions.

The paper opens with a brief introduction to the tech-
niques used in the study. This is followed by an overview
of the study area and the data characteristics. The ap-
proach section specifies the parameters that were re-
quired to be input and output, the model architecture,
and the performance indicators which were utilized to
evaluate the model effectiveness. Lastly, the results are
analyzed and evaluated, with visual representations
such as hydrographs, scatter plots, and a Taylor diagram
included toward the conclusion of the paper.

2. Computational Techniques

The techniques used in the present work are Multi-
gene Genetic Programming, Artificial Neural Network
and the novel Neuro Genetic Technique.

2.1. Multigene Genetic Programming (MGGP)

Multi-Gene Genetic Programming (MGGP) is a devel-
opment from classical Genetic Programming (GP), which
in turn originated from the evolutionary ideas sug-
gested by Koza in 1992. MGGP adds more expressive
power into the traditional GP model by employing mul-
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tiple low-complexity trees, each of them capturing one
weighed linear expression and assembling as one global
model. This architecture places MGGP in a position to ad-
dress non-linear regression problems with a large, com-
plicated set of input data to a single target output. MGGP
Unlike classical GP which can result in complex and less
interpretable models, MGGP retains a simple, more un-
derstandable structure, as it is the product of aggrega-
tion of smaller sub-models (genes), and a Population in-
itialization. The final prediction is the linear combination
of these genes, leveraging linear regression techniques
to estimate weights. The key advantage of MGGP lies in
its ability to generate concise, interpretable mathemati-
cal expressions that can be readily implemented in com-
mon computational tools such as Microsoft Excel. This
makes MGGP particularly suitable for practical engineer-
ing applications, including tasks like strength prediction
etc. where model transparency and ease of deployment
are important (Koza 1992; Searson 2015).

2.2. Artificial Neural Network (ANN)

Artificial Neural Networks (ANNs) are adaptable com-
putational models modelled after how the human brain
processes information (ASCE Task committee, 2001).
They excel at identifying complex, non-linear relation-
ships within datasets. ANNs predict output values
through a training process that involves continuous ad-
justments of weights and biases. Typically, an ANN is
made up of an input layer, one or more hidden layers,
and an output layer. These layers are interconnected by
a network of weighted links, along with bias terms, and
operate using summation and activation functions.
Throughout the training process, the discrepancy be-
tween the predicted and actual output—known as the
error—is computed and minimized through optimiza-
tion algorithms that adjust the network’s weights and bi-
ases. The procedure is carried out multiple times, or
across several epochs, until the network reaches a satis-
factory level of performance (Rumelhart et al. 1986). Af-
ter training, the artificial neural network with fine-tuned
parameters can be utilized to predict outcomes for new
datasets. Readers are further referred to ASCE Task
Committee (2001) for details. In this study, the ANN
model was created and trained using MATLAB 2023
(MathWorks 2023).

2.3. Neuro Genetic Programming (NMGGP)

The Novel Neuro Genetic Programming framework
(NMGGP) approach is based on the idea of feature trans-
formation which is an important aspect of feature engi-
neering. In feature transformation the present input var-
iables are restructured to understand the subtle patterns
or relationships in the input data that might not be evi-
dent in their original form. By creating new transformed
parameters or modifying the original ones, the model
gains more information on inputs, which can signifi-
cantly enhance prediction accuracy.

In the present study, the proposed NMGGP model
uses the characteristics of traditional Multi-Gene Genetic
Programming (MGGP) and Artificial Neural Networks

(ANN). Traditional MGGP linearly combines all the
genes, while NMGGP selects only the most impactful
genes which are identified by their highest weights
based on their mathematical expressions. These genes
are further transformed to new inputs (termed as trans-
formed inputs) by their mathematical expressions and
original input data alongside the original output varia-
ble. Further ANN model is developed with these trans-
formed inputs and original output. This approach yields
a powerful model, making it highly suitable for predict-
ing tasks like compressive strength determination.

The NMGGP technique is studied in 3 stages: Stage 1:
Development of standalone MGGP model: Initially, the
original inputs and the output parameter are used to
train a standalone MGGP model. MGGP generates several
gene expressions, each representing a mathematical
combination of input parameters, bias and coefficients.
The optimal number of genes (e.g G1, G2, .., Gn) is deter-
mined by balancing forecast accuracy and model com-
plexity, frequently with the help of Pareto-front analysis.
Each gene is assigned a weight based on its contribution
to the final output. Stage 2: Selection of critical Genes:
From the standalone MGGP output i.e the genes, the
highest-weighted genes are selected which are the math-
ematical expressions that most strongly influence the
output parameter. For instance, if G2, G3, and G5 are the
highly weighted, they are selected for the third of
NMGGP. These high-weighted genes display the most
critical and informative relationships between the in-
puts and their effect on prediction of output. Stage 3:
Modelling using ANN: The selected gene expressions are
evaluated to generate new input parameters termed as
transformed inputs (e.g TG2, TG3, TG5). These trans-
formed inputs also linearly consider the weighted coeffi-
cient of bias for the selected gene. These transformed in-
puts, along with the respective original output parame-
ter, are used to develop predictive model using ANN. The
ANN recombines these high-level transformed inputs to
model complex, non-linear relationships, further en-
hancing predictive performance. ANN thus acts as a fine-
tuning layer that leverages the condensed information
captured in the MGGP genes.

This hybrid strategy of NMGGP enables deriving
meaningful, high-level inputs from the original data al-
lowing the ANN to learn and predict more accurately.
The key advantage lies in selectively using only the most
informative genes, which reduces unnecessary complex-
ity while improving model precision.

Fig. 1 shows the complete NMGGP workflow in three
stages. The process of optimizing gene selection, trans-
forming inputs, and fine-tuning relationships through
ANN integration ultimately leads to more reliable and in-
sightful predictions. The NMGGP technique discussed
was tested on predicting 28-day strength of RAC.

3. Experimental Data

The data used in the study was obtained from fresh
experimentation done by the authors as well as from the
published literature (Deshpande et al. 2014). With a to-
tal data of 228 mix design samples were used which
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mainly contained proportions of materials used for man-
ufacturing concrete with conventional materials and
concrete with Recycled Concrete Aggregates (RCA). As
per standard mix design procedures followed all over
the world following parameters in kg/m3 are considered
as input parameters in concrete mix design (Shetty
2005; Deshpande et al. 2014): cement (C), natural fine

aggregate (NFA), natural coarse aggregate-20mm
(NC20), natural coarse aggregate-10mm (NC10), recy-
cled coarse aggregate-10mm (RCA10), recycled coarse
aggregate-20mm (RCA20), admixture (A), water (W).
The 28-day compressive strength (CS) of concrete is con-
sidered as the output. Table 1 below shows the charac-
teristic of data adopted in the present study.

[NMGGP)

Meuro Genetic Programming framework

i |

Inputs: X, Xz, ¥3..Xn
QOutput: v
l Appropriate selection of:
Mo. of population,
Standalone Model development: Model generation, No. of genes,
development using standalone _ rate  of cross  over
Multi gene genetic programming (MGGP) mutation,  reproduction,
Termination criterion,
- Tournament size, Tree
E - depth, mathematical
= Output by standalone MGGP: Symbolic operators
equation e.g.: (y=a;X;+a:Xz...anXs) which is
combination of Genes which hawve their
mathematical expressions and weights (e.g.
G1: Expression: a,X; and weight: -2; G2:
Expression: MXsMas and weight 3; Gm:
Expression: a3*X1+Xn"an and weight :10)
Result Assessment
= Selection of Genes: Select genes with higher
ﬁ d weights (e.g G: and G,) and solve the
£ individual expressions ([now called as
Transformed inputs: TG: and TG.)
NMGGP Development: Artificial Neural Appropriate selection of:
Network Model development - Number of hidden neurons,
Inputs: Transformed Inputs: e.g TGz and TG transfer function, number
= Output: y of layers etc.
2k ]
o
Assessment of the results: Performance
metrics and visual evaluation
Fig. 1. Flowchart of NMGGP model.
Table 1. Characteristics of experimental data.
i e C NFA NC-20 NC-10 RC-20 RC-10 A w CS
(kg/m?) (kg/m?) (kg/m?) (kg/m?) (kg/m?) (kg/m?)  (kg/m?)  (kg/m?) (MPa)
Maximum 645.000 1,050.000 1,508.640 553.000 1,508.640 840.000 41.600 271.000 100.500
Minimum 235.000 217.000 0.000 0.000 0.000 0.000 0.000 120.000 10.319
Average 381.788 707.263 435.828 121.208 420.379 102.599 3.080 187.394 42.757
Standard deviation 67.662 118.063 391.357 177.671 399.802 187.003 5.731 25.108 15.799
Skewness 1.116 -0.472 0.386 1.137 0.653 2.154 2.984 0.170 0.767
Kurtosis 3.928 3.918 -0.825 -0.132 -0.493 4.670 11.756 0.460 0.897
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The statistical analysis of the input and output data
reveals that most features exhibit non-normal distribu-
tions, with admixture showing extreme right skewness
(skewness = 2.984) and sharp kurtosis (11.756), indicat-
ing the presence of outliers. Cement and water content
display more stable distributions, suggesting their relia-
bility as predictors. The target variable, compressive
strength, shows moderate variability (mean = 42.76
N/mm?, standard deviation = 15.80) and a right-skewed
distribution, implying the presence of high-strength con-
crete samples in the dataset. These characteristics high-
light the need for data preprocessing and feature scaling
prior to modeling.

4. Methodology

The aim of the present study is to check the usability
of the novel NMGGP technique to predict the 28-day
strength of RAC. Any model development demands in-
puts and output parameters and thus in the present
study the input parameters (in kg/m3) are: cement (C),
natural fine aggregate (NFA), natural coarse aggregate—
20mm (NC20), natural coarse aggregate-10mm (NC10),
recycled coarse aggregate-20mm (RCA20), recycled
coarse aggregate-10mm (RCA10), admixture (A), water
(W) (Shetty 2005; Deshpande et al. 2014). The 28-day
compressive strength of concrete was considered as the
output. Using the relevant output and input parameters,
models were constructed employing standalone ANN,
MGGP, and the novel NMGGP, with a comparative analy-
sis of their performance.

NMGGP is a framework in which the highly weighted
genes from standalone MGGP are selected. Each gene is
a mathematical equation which displays the contribu-
tion of each input parameter and/or the relation be-
tween the parameters. Further the calculated value of
mathematical expressions emerging out of the selected

genes from MGGP make a new input data set which is the
transformed data from the input and is now termed as
the transformed inputs. These transformed inputs are
used as the input parameters in further stage in which
the output is 28-day compressive strength of RAC. The
output parameter i.e. 28 compressive strength of RAC in
the standalone MGGP, ANN and NMGGP remain the
same.

MATLAB 2023 platform was used for developing all
the models along with GPTIPS2: the open-source GP
toolbox to attain the best multigene model for MGGP and
NMGGP (Searson 2015). GPTIPS is a flexible script de-
signed for developing MGGP regression models which
integrates various genes in a least squares way with a
constant value. For standalone ANN, MGGP, and NMGGP
models, parameters as population, generations, number
of hidden neurons etc. were chosen to optimize perfor-
mance and achieve the best results. The Feed forward
back propagation ANN training was done till the decided
number of epochs for ANN and number of generations
for MGGP were reached. The allowable number of genes
and tree depth in standalone MGGP and NMGGP were
optimized to maintain a balance between model com-
plexity and efficiency of the solutions generated. The
best models from standalone MGGP, ANN, and hybrid
NMGGP were selected based on their fitness value on the
validation and testing data. The parameters for the
standalone MGGP, ANN and NMGGP are detailed in Ta-
bles 2 and 3 respectively. The parameters like popula-
tion size, generation size, tournament size, crossover
rate, termination criteria, number of genes and tree
depth etc. for MGGP and NMGGP were selected by com-
bining the analysis of literature review and trial and er-
ror basis on the data. Similarly in ANN, the number of
hidden neurons, transfer function, training function etc.
were selected. Thus, in both the techniques, parameters
were decided depending on the fitness and performance
of the models along with its computational efficiency.

Table 2. Parameter settings for standalone MGGP.

Parameters Parameter settings Parameters Parameter settings

Size of population 100-500 Criteria for termination gz;i;g;gf;%;zgg:::igzzsf(i):sioo
Generation numbers 150-500 Maximum of genes 4-8

Selection method Tournament Maximum number of tree depth 4-8

Tournament size 13-15 Mathematical operations +, -, X, /, exp, sqrt, {}

Cross-over rate 0.75-0.84 Mutation rate 0.13-0.20

Table 3. Parameter settings for standalone ANN and NMGGP.

Parameters Parameter settings
No. of hidden neurons 2-35
No. of epochs 500

Transfer functions
No. of hidden layers 1

Training algorithm Levenberg-Marquardt

Logsigmodial and linear between input and hidden and between hidden layer and output, respectively
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About 70% of the data was utilized for training each
of the models (standalone MGGP, ANN, and NMGGP) in-
dicated in Table 3, with the remaining 30% being used
for validation (15%) and testing (15%) respectively. The
effectiveness of the developed models during the testing
phase was evaluated by comparing observed strength of
RAC with estimated/predicted strength of RAC using
performance metrics: Root Mean Squared Error (RMSE),
Mean Absolute Error (MAE) and Correlation Coefficient
(r). Lower MAE and RMSE and higher r values indicate
improved (Legates and McCabe 1999). A value closer to
1 of correlation coefficient shows a better agreement of
estimated/predicted values with the observed dis-
charge values of any model. The visual evaluation of
model performance, comparing observed 28-day com-
pressive strength and the predicted strength, was con-
ducted using a scatter plot and a graph of observed com-
pressive strength to predicted compressive strength.
Scatter plots exhibit relationship between changes ob-
served in two different sets of variables and graph shows
the closeness and trend of compressive strength predic-
tion.

5. Results and Discussion
This present study aims to predict 28-day compres-

sive strength of RAC in MPa using standalone MGGP and
ANN techniques and the novel NMGGP technique. In the

phase 1 of the work, the models were developed using
relevant inputs i.e. mix design parameters in kg/m3 and
output in MPa. The developed models were evaluated on
unseen data during the testing/validation phase, and
their performance was analyzed both using statistical
performance metrics and visual assessment. Table 4 pre-
sents the effectiveness of the models during the valida-
tion/testing phase, comparing standalone ANN, MGGP,
and the innovative NMGGP approaches.

Table 4 shows good performance of standalone ANN
and MGGP models with correlation coefficient of 0.927
and 0.933 respectively, lower RMSE 6.134 and 5.898 re-
spectively and lower MAE values. The ANN performed
slightly better than MGGP, reflecting its strength in
modelling complex nonlinear input-output relation-
ships. However, MGGP provided interpretable mathe-
matical expressions that explicitly revealed the contri-
bution of each input parameter. However, NMGGP out-
performs standalone ANN and MGGP with a higher
value of correlation coefficient of 0.965 and lower RMSE
(4.744) and MAE (3.944). The improvement in the per-
formance of the NMGGP is due to its two-step process:
first, MGGP identifies and extracts the most informative
gene expressions (G3, G4, G6), which capture hidden lin-
ear, nonlinear, and interaction effects among mix pa-
rameters; second, ANN leverages these transformed in-
puts to refine nonlinear mappings. This synergy allowed
the model to both preserve interpretability and improve
accuracy.

Table 4. Model performance for the compressive strength prediction.

Error
Model Root Mean Squared Mean Absolute Correlation
Error (RMSE) Error (MAE) Coefficient (r)
NMGGP 4.744 3.944 0.965
Standalone ANN 6.134 4922 0.933
Standalone MGGP 5.898 5.067 0.927

The accuracy of any model depends on understanding
the influence of the inputs on the output. In ANN the in-
fluences of inputs can be seen through Hinton diagram
and in MGGP through frequency analysis chart. A Hinton
diagram is a visual representation of the weights and bi-
ases matrix in a neural network. It displays the values of
the matrix using colored squares, where the size of the
square corresponds to the magnitude of the value and
the color represents its sign (positive or negative). With
red color denoting negative sign and green the positive
weights. Hinton diagram shows the connection strengths
in neural networks that higher the width and weight of
bars in diagram, higher is the influence of the parameter.
Frequency analysis in MGGP on the other hand provides
insight into the most influential parameters helping to
identify which input variables are most relevant to the
output through graphical frequency analysis of individ-
ual models or a user-defined portion of the population
(Searson 2015). As shown in the Figs. 2 and 3, The Hin-
ton diagram shows cement with an indirect influence on

the compressive strength of concrete with highest con-
tributions being that of NC20, RC20, water followed by
RC10. Increase in cement content increases the strength
of concrete however after a certain limit its increase can
decrease the strength of concrete owing to increase in
the paste content.

On the other hand, increase in the aggregate content
(NC20, RC20) shows a positive weighted indicating its
increase increases the compressive strength of concrete.
Water on the other hand shows a higher influence as spe-
cifically in RAC, more water is required due to the pres-
ence of RA, which consists of old mortar content on the
aggregates which increase the requirement of water
(Deshpande et al. 2014; Zongjin 2011). The analysis of
variable usage frequencies within evolving models in
frequency analysis shows NFA as the most used param-
eter followed by RCNC10, RC20 and water as influential
parameter which also is seen in the fundamentals of con-
crete technology (Deshpande et al. 2014; Zongjin 2011)

(Fig. 3).
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The input parameters, which can effectively influence
the desired output can be identified and used for model
development. However, with only the input parameters,
the interrelation between the input parameters is not
captured and thus to enhance the model's performance,
these input parameters can undergo transformation, as
demonstrated in this study. Transforming input param-
eters enables the discovery of hidden relationships and
patterns within the data that may not be readily appar-
ent in their original form. By generating new features
from the input parameters, the transformed inputs re-

veal critical insights that improve the model’s ability to
make accurate and reliable predictions. The first step to-
wards the same in the present study is to use the input
parameters in the standalone MGGP which are propor-
tions in kg/m3 of cement (C), natural fine aggregate
(NFA), natural coarse aggregate-20mm (NC20), natural
coarse aggregate-10mm (NC10), recycled coarse aggre-
gate—20mm (RCA20), recycled coarse aggregate-10mm
(RCA10), admixture (A), water (W) and output as 28 day
compressive strength of concrete (in MPa) in standalone
MGGP. With the use of this input-output combination,
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the model's accuracy evolves with each generation dur-
ing the training phase and is shown in Fig. 4, which is a
graphical representation of a GPTIPS iterations seen in
terms of predictive performance (RMSE error on train-
ing data). The blue line in the first half off the graph
shows that the fitness of the 'best' model in population is
achieved at 440 generations, after which the fitness
curve becomes smoother and further iterations or of
MGGP will not show any significant change in the fitness.
The orange line in second part of graph which represents
the mean performance of the population of models also
show the best performance at 440 generations. It indi-

cates that running the genetic programming for more
generations does not result in a more favourable out-
come. Thus, it suggests that the genetic programming al-
gorithm should have to run for at least 440 generations
(Pandey et al. 2015).

The trees developed for standalone MGGP i.e. for the
respective genes are shown in Fig. 5 along with the math-
ematical equations in Table 5. Along with the mathemat-
ical expression for each gene, Fig. 6 also shows the
weighing coefficient (of gene weights) for each gene. The
weighting coefficient determines the importance or con-
tribution of each gene to the final output.

Summary of 1st runin merged population
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Fig. 4. Summary of MGGP runs for the model.
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Table 5. Genes and mathematical expression for the model.

Term Value
Bias -7.3
Gene 1 —1.66e — 5(RC20 — 10 - RC10)(C + NC10 + A) — 1.66e — 5 - NFA%? — 1.66e — 5 - NC10?
Gene 2 0.0257 - (NC10 + C/W)(C/NFA + NFA'/?)
Gene 3 0.0861 - C + 0.0861 - NC20 + 0.431 - NC10 + 0.0861 - RC10 4+ 0.172 - A
Gene 4 —(1.18 - (NC10 - W2 + RC102))/W?
Gene 5 —4.1e — 5+ (C+ NC20 — 1.0 - NC10 + RC20 + A)?
Gene 6 (4.3-C%/(W?)
Gene weights
8
4
-1.66e-05 0.0257 0.0861 4.1e-05

v -1.18

-4

-8

Bias Gene 1 Gene 2 Gene 3 Gene 4 Gene 5 Gene 6

Fig. 6. Weighing coefficient (of gene weights) for each gene.

The mathematical expressions developed for each
gene is a linear combination of highly weighted genes
and can be further combined as input parameters for the
third stage of developing NMGGP. Thus, in the first stage
of standalone MGGP, only the original input parameters
are considered to predict the output (28-day compres-
sive strength of RAC). However, since these genes have a
weighing coefficient which signifies the importance of
that gene in prediction of output, an approach of using
only the highest weighted genes for prediction of output
can be attempted. The mathematical equation of each
gene can unveil the interrelation between the original in-
put parameters which is missing in the standalone mod-
elling. Thus, in the stage 2 of the work, the high weighted
suitable genes from standalone MGGP model are se-
lected and the remaining genes are neglected. In the pre-
sent RAC model, the selected genes are Gene 3, Gene 4
and Gene 6 respectively owing to their higher weighing
coefficient (weight of G3-0.0861, weight of G4-1.18 and
weight of G6-4.3). Further stage 3 includes creating new
inputs termed as transformed inputs (TG) from original
ones to capture relationships between the input param-
eters. Since evaluated mathematical expressions of high
weighted genes are used as transformed input parame-
ters for ANN in the next phase of NMGGP, the hypothesis
of improved accuracy in model can be explained. The

transformed inputs i.e. using gene 3 as TG3, using gene 4
as TG4 and using gene 6 as TG6 from the selected genes
as mentioned are used for estimation and prediction of
output using ANN in the third stage of the model devel-
opment.

The gene 3 with its mathematical expression:
[0.0861-C+ 0.0861-NC20+ 0.431-NC10 + 0.0861 -
RC10 + 0.172 - A]; shows a linear combination of the in-
put parameters and each input contributes proportion-
ally to its weight (coefficient). All the inputs show a di-
rect proportionality towards 28-day compressive
strength of RAC. An increase in the respective input (ac-
cording to the coefficient) will show an equivalent in-
crease in the output. NC-10 is most important input pa-
rameter with 0.431 as its positive coefficient followed by
admixture (A) showing a notable impact (positive coeffi-
cient of 0.172). Cement (C) and NC20 have equal but
comparatively less impact. Gene 4 with the equation:
[-(1.18- (NC10- W2 + RC10%))/W?] describes a rela-
tionship between variables NC10, RC10, and W, with a
positive constant added at the end (weighted coefficient
of bias). The NC10 term remains constant, while the
RC10 becomes less significant as W increases, due to the
inverse square relationship. The equation outputs a
value that increases with larger W, depending on how
NC10 and RC10 interact. Gene 6 with the equation:
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[((4.3-C?)/(W?))—9.72] shows a relationship be-
tween variables C and W, where C is squared and scaled
by 4.3, then divided by the square of W. This shows that
the term increases as C increases and decreases as W in-
creases. The result of this fraction is then reduced by a
constant value of 9.72. Thus, each gene with its mathe-
matical expression shows the inter relationships be-
tween the inputs and further they are transformed to
transformed inputs. Thus, the value of transformed in-
puts derived through the respective weighted genes cap-
ture the linear, nonlinear and interaction between the
original inputs which can be useful to increase the effi-
ciency of the ANN model in next stage of 28-day com-
pressive strength prediction. Thus, it can be said that
MGGP also understands the fundamentals of the prob-
lem and further is transferred to the NMGGP method as
well. Further in the third stage the transformed inputs -
TG3, TG4 and TG6 along with the 28-day compressive
strength of RAC as output is modelled using ANN. A trial-
and-error approach was used to select the number of
hidden neurons for development of ANN model with
transformed inputs and respective output and the archi-
tecture was 3:5:1. The performance of NMGGP shown in
table 2 outperforms the standalone MGGP and ANN
model. The results show a 21.794% decrease of RMSE
than that of ANN and 19.566% decrease from MGGP us-
ing NMGGP. Similarly, a 16.423 % and 22.163% decrease
in MAE is seen for model developed using NMGGP tech-
nique and standalone ANN and standalone MGGP. To
compare the statistical significance of the observed val-
ues of 28 days compressive strength of RAC with the
same predicted by NMGGP, ANN and MGGP, a single-fac-
tor ANOVA test was used. The F value, F critical value and
p value for NMGGP is 0.255, 0.614 and 3.913 respec-
tively, for ANN is 0.367, 0.83 and 3.913 respectively and
for MGGP is 0.066, 0.797 and 3.913 respectively. The val-
ues indicate that the F-value was less than the F-critical,
and the P value was more than 0.05, indicating that the
discrepancy between the expected and actual values was
not statistically significant (Parveen et al. 2019).

The framework’s synergy between genetic program-
ming and neural networks ensures better non-linear
mapping, robustness against overfitting, accelerating ef-

ficiency while maintaining interpretability. NMGGP cre-
ates a better representation of the data, enhancing the
ANN's ability to learn by better capturing patterns in the
data through influential transformed genes as inputs.
Visual analysis of the model performance in form of scat-
ter plot (Fig. 7) shows a balanced scatter with NMGGP
achieving the nearest value for observed compressive
strength of RAC for lower and higher values of strength.
No obvious under or over-predictions can be seen in the
scatter plot in Fig. 7 for lower or higher strength values.
It can also be seen that predictions of 28-day strength
done, on testing dataset by model 1 i.e. NMGGP shows a
higher correlation and lower RMSE with a lower stand-
ard deviation of 13.631, 15.399 with standalone MGGP
and 15.451 with standalone ANN. The maximum ob-
served compressive strength is 100.5 MPa and that pre-
dicted by NMGGP is closer to the observed with 91.917
MPa and that of standalone MGGP with 95.724 MPa and
lower with standalone ANN as 90.366 MPa. The predic-
tion of 28-day compressive strength of RAC shows a sim-
ilar trend as that of observed compressive strength of
RAC as shown in Fig. 8.
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Fig. 7. Scatter plot for the model.
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Thus, the novel NMGGP technique integrates the in-
terpretability of MGGP with the nonlinear learning ca-
pacity of ANN to provide a more accurate model for pre-
dicting the 28-day compressive strength of RAC. The re-
duction in prediction errors and improved correlation
confirm the effectiveness of NMGGP framework and fea-
ture transformation. Importantly, this approach not only
enhances accuracy but also ensures that the relation-
ships among mix design parameters are better under-
stood.

6. Conclusions

The present study proposes a novel hybrid frame-
work: Neuro Genetic Programming framework
(NMGGP), which integrates Multi-Gene Genetic Pro-
gramming (MGGP) with Artificial Neural Networks
(ANN) in a structured three-stage process. Within this
framework, the most influential genes, representing op-
timized mathematical expressions obtained through
standalone MGGP, are selected and used as transformed
input parameters for the ANN. The ANN subsequently
utilizes these inputs to enhance the accuracy of compres-
sive strength prediction. The developed NMGGP model is
applied for predicting the 28-day compressive strength
of Recycled aggregate concrete (RAC) by using the mix
design parameters as input parameters. The study
shows that:

e The standalone MGGP and ANN models efficiently
predict the 28-day compressive strength of RAC with
a correlation coefficient of 0.927 with MGGP and
0.933 with ANN. Lower RMSE (MGGP:6.134 and
ANN:6.134) and lower MAE (MGGP:5.067 and
ANN:4.922)

e NMGGP outperforms Standalone ANN and MGGP
models which can be seen through higher correlation
coefficient of 0.965, lower RMSE (4.744) and MAE
(3.944) values. NMGGP displays a 21.794% decrease
of RMSE than that of standalone ANN and 19.566%
decrease from standalone MGGP using NMGGP. Simi-
larly, a 16.423 % and 22.163% decrease in MAE is
seen for model developed using NMGGP technique
and standalone ANN and standalone MGGP respec-
tively. This highlights the effectiveness of feature
transformation and hybridization in enhancing pre-
dictive performance.

e NMGGP is characterized by removing the genes with
less weight and using only the informative genes
termed as transformed inputs in the form of expres-
sions, which add to the performance of the models.
These informative transformed inputs with ANN can
use the meaningful relations between them enhanc-
ing its predicting efficiency.

e The visual performance analysis of models in form of
scatter plot and comparative graphs confirms the ro-
bustness and reliability of NMGGP by showing a bal-
anced scatter and similar trends of predictions.
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