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Abstract: By lowering environmental impact and increasing
resource efficiency, agro-waste in concrete provides a sustain-
able substitute for traditional materials. This study focuses on
optimizing concrete mix designs using agricultural bypro-
ducts such as corn cob ash, palm oil fuel ash, rice husk ash,
sugarcane bagasse ash, and wheat straw ash, alongside
water-cement ratio and curing duration. An experimental
dataset was compiled, targeting compressive strength (CS)
and tensile strength (TS) as output parameters. Two advanced
machine learning (ML) techniques, gene expression program-
ming (GEP) and multi expression programming (MEP), were
applied for predictive modeling and optimization. Model
accuracy was assessed using statistical metrics and Taylor’s
plots, while SHapley Additive exPlanations analysis was used
to interpret input parameter influence. Results showed that
MEP outperformed GEP in both CS and TS predictions. For CS,
the MEP model achieved an R* of 0.963 compared to 0.934 for
the GEP model, while for TS, the MEP model reached 0.961
compared to 0.945 for GEP. The study highlights the role of
ML in enhancing mix design efficiency, reducing trial-and-
error experimentation, and accelerating the development of
sustainable, high-performance construction materials. Such
studies demonstrate how ML can streamline concrete mix
design by minimizing experimental trials, saving both time
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and resources. By incorporating agro-waste materials, they
provide engineers with practical tools to develop sustainable,
high-performance concretes that lower environmental
impact while maintaining structural reliability.
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multi expression programming, compressive and tensile
strength

1 Introduction

Due to its significant use as a critical building material, the
environmental impact of concrete has been thoroughly
examined over many years [1]. Cement and concrete
demand is projected to triple by 2050, leading to faster-
than-expected increases in carbon emissions and reduc-
tions in ecosystem diversity [2]. Researchers are looking
for alternative materials with lower carbon footprints
[2,3]. Binding concrete requires Portland cement, whose
production utilizes around 1.80 metric tons of raw mate-
rials and produces about 0.8 metric tons of carbon dioxide
gas [4]. Consequently, immediate action is required to
decrease cement output in order to diminish the environ-
mental impact [2]. One methodical and technical approach
to ensure the materials’ long-term viability is recycling
waste from agriculture and industry into new construction
materials [5,6]. Production of supplementary cementitious
materials (SCMs) from recycled materials from agriculture
and manufacturing has societal, economic, and ecological
advantages [7-9]. Substituting recycled materials for Port-
land cement is an efficient, long-term, and economical
approach to reduce environmental impact [10-12].

The materials for this investigation were agro-wastes,
which are both common and cheap, because they are sus-
tainable and practical. Statistical analysis in both devel-
oped and developing nations shows that biomass only
makes up around 9-14% of total energy sources [13]. Major
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environmental problems might arise from the widespread
practice of leaving wastes behind or burning them in
fields. In addition to their use as extra cementitious
materials, these agro-waste products can also be used as
alternative aggregates in building projects [14]. When com-
pared to developing nations, developed nations are usually
better at managing and making use of agricultural waste
[15]. Simultaneously, emerging nations are highly focused
on finding the right ways to tackle environmental and
wastage concerns [16,17]. Because of the palm oil industry’s
significance to Thailand’s agro-industries, the country’s
resource usage of palm oil ash is a major worry [18]. Still,
every year, a mountain of solid trash is generated, com-
prising things like palm fiber remnants, rice husks, sugar-
cane bhagasse, and wheat straw. Not only does the yearly
growth in disposal take up a lot of room, but it also pro-
duces major issues including air pollution and possible
health and safety risks following combustion. The use of
agro-waste ash as a cement component, however, has
attracted the attention of numerous researchers. Scientific
investigations have shown that agro-waste ash has the
potential to be utilized as a pozzolanic material due to its
high concentration of amorphous silica [19,20]. By partially
replacing 10-30% of cement with agro-wastes, researchers
have proven the importance of agro-waste ash in produ-
cing high-strength concrete [21]. Cement that contains agro-
waste ash has shown excellent performance in mortar and
concrete, even when exposed to a hydrochloric acid solu-
tion [21], despite these substitutions. Research from all
across the globe has shown that agro-wastes are essential
[22], therefore it is a good idea to compile all the relevant
data in one spot before we introduce new kinds of these
wastes or think about their potential future uses.
Researchers, computer scientists, engineers, and scientists
are realizing that artificial intelligence (Al) is changing product
development. The engineering field faces numerous chal-
lenges, creating a growing demand for professionals skilled
in artificial intelligence. Despite its potential, Al-based systems
have limitations and performance issues. Natural conversation
understanding and object identification are activities humans
take for granted, but Al algorithms struggle with them [23]. In
order to solve these issues, Al systems have used machine
learning (ML) [23-25]. Computers can learn to operate inde-
pendently with the help of ML algorithms by studying large
enough datasets [26,27]. Returning to the features that produce
the most explicit data is crucial prior to implementing the plan.
To explain this process, the word “feature extraction” is now
utilized. After that, pattern separation instructions, character-
istics, and sample data are trained using ML [23,28,29]. Studies
in civil engineering nowadays use statistical methods and AI
to tackle challenges that are progressively more complex.
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Compressive strength (CS) estimation is one area where civil
engineers utilize Al and statistical methodologies [30,31]. By
applying these methods, several major obstacles were over-
come. These included self-compacting concrete slump and
impact strength forecasts, structural beam shear behavior,
and chloride contamination risk [32-35]. Future research can
save time and money by using improved prediction methods.
Many ML algorithms seem to promise concrete strength esti-
mation. Extreme Gradient Boosting, multi expression program-
ming (MEP), Decision Trees, Gaussian Process Regression,
expression trees (ETs), and gene expression programming
(GEP) are examples. These data-centric approaches provide
accurate, efficient material property evaluation without tradi-
tional testing [36-39]. The mechanical properties of agro-
waste-derived concrete were more accurately predicted by
symbolic regression-based models, such as GEP and MEP, com-
pared to other ML techniques, owing to their ability to evolve
explicit mathematical relationships and capture complex non-
linear patterns in the data.

To reliably predict the CS and tensile strength (TS) of
concrete made from agro-waste, a reliable computing fra-
mework can be constructed with the help of ML algorithms
that have been properly trained. This research utilizes
openly accessible experimental datasets to develop predic-
tive regression models aimed at estimating the CS and TS of
concrete incorporating agro-waste materials, employing
GEP and MEP techniques. There are 700 data points in
the collection, drawn from the most recent research on
CS and TS. Model validation was accomplished using sta-
tistical tests and analysis of Taylor’s diagrams. A SHapley
Additive exPlanations (SHAP) analysis and sensitivity
research were performed to further investigate the effects
of different parameters on our predictions. The construc-
tion industry stands to benefit greatly from advanced data-
driven methods, such as ML models, that can accurately
evaluate and predict material properties with minimal
human intervention. In the context of this study, such
approaches not only reduce reliance on extensive trial-
and-error testing but also enable the effective utilization
of agro-waste materials, promoting sustainability and
innovation in concrete production.

2 Framework of the study

2.1 Dataset assembling and review

This work employed MEP and GEP approaches to antici-
pate the CS and TS of agro-waste derived concrete,
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respectively. A total of 700 data points were collected
through experimental investigations, comprising values
for both CS and TS [40-59]. This study employed seven
variables to foresee CS and TS, such as corn cob ash content
(CCA), palm oil fuel ash content (POA), rice husk ash con-
tent (RHA), sugarcane bagasse ash content (SBA), wheat
straw ash content (WSA), water to cement ratio (WCR),
and curing duration (CD). Thorough data preparation
was crucial for the data collection and organization pro-
cesses. An effective approach for overcoming a significant
challenge is to prepare data for data mining; this fits in
with the widely-used knowledge discovery from data
methods. To simplify and improve the data, preparation
primarily aims to remove distortion and unnecessary por-
tions. Several descriptive statistics were calculated using
these data and their results are displayed in Table 1. As an
initial stage in ML investigations, descriptive statistics help
us comprehend the distribution, central tendency, and
variability of the input material. There are a total of 700
samples in the dataset, broken down as follows: CCA, POA,
RHA, SBA, and WSA, as well as WCR, CD, and the desired
outcomes CS and TS. With a mean WCR of around 0.54 and
an average curing day of about 39, the data show moderate
amounts of cementitious replacements. The input vari-
ables, particularly the percentages of SCMs and the CD,
show a great deal of variability, as seen by the standard
deviations and ranges. This variability may impact the gen-
eralizability of the model. A strong right-tailed distribution
is shown by the high kurtosis and skewness values of SCMs.
The clustering of most values near 0 indicates that many
mixes did not have partial replacements. The construction
and validation of accurate ML models depend on a thor-
ough understanding of data behavior, which can be
achieved through statistical profiling.

Figure 1(a) and (b) illustrate the Pearson correlation
matrices for the datasets associated with CS and TS, respec-
tively. These visualizations depict the linear relationships

Table 1: Descriptive overview of ML dataset features
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among the input variables and their corresponding strength
outputs, using color-coded ellipses and numerical correlation
values (ranging from -1 to +1). The red ellipses indicate positive
correlations, while blue signifies negative relationships; the
intensity and shape reflect the correlation magnitude. In
Figure 1(a) and (b), moderate positive correlations can be
seen between CD and both strength properties (CS and TS),
with correlation coefficients nearing +0.25. This indicates that
longer CDs generally contribute positively to strength develop-
ment. WCR shows a weak but negative correlation with
strength, consistent with established concrete behavior. In con-
trast, the five SCMs (CCA, POA, RHA, SBA, WSA) exhibit slight
negative correlations with the outputs, suggesting that exces-
sive replacement may reduce strength in some mixes. Similar
patterns are observed in Figure 1(b) for the TS dataset,
although minor variations in correlation values suggest dif-
fering sensitivity of compressive and TSs to certain input vari-
ables. It is important to note that low correlation values near
zero do not necessarily imply independence; nonlinear effects
or complex interactions may still exist. Therefore, additional
interpretative tools such as SHAP values or sensitivity analysis
are recommended to gain a more comprehensive under-
standing of input—output relationships in predictive modeling,

2.2 ML framework

The CS and TS of agro-waste-based concrete were predicted
using a dataset curated through an extensive analysis of prior
research studies. Seven input features were considered essen-
tial for estimating the corresponding CS and TS values. GEP
and MEP, recognized as high-performing ML methods, were
employed to develop the predictive models. Typically, ML
model accuracy is evaluated by comparing output predictions
to actual recorded values. In this study, the dataset was split
into two segments, 70% was allotted for training the models,

Metrics CCA (%) POA (%) RHA (%) SBA (%) WSA (%) WCR CD (Days) CS (MPa) TS (MPa)
Mean 6.003 5.105 6.014 4.320 5.086 0.540 38.690 44.417 3.990
Standard error 0.491 0.464 0.485 0.428 0.459 0.004 1.240 0.377 0.063
Median 0.000 0.000 0.000 0.000 0.000 0.542 28.000 44.359 3.919
Mode 0.000 0.000 0.000 0.000 0.000 0.664 28.000 29.023 1.552
Standard deviation 12.981 12.268 12.821 11.329 12.145 0.108 32.795 9.968 1.662
Sample variance 168.505 150.5M 164.389 128.344 147.490 0.012 1075.530 99.368 2.762
Kurtosis 3.01 4.342 2.976 6.015 4.019 -1.195 -1.249 -1.285 -1.216
Minimum 0.000 0.000 0.000 0.000 0.000 0.351 3.000 27.895 1.169
Maximum 49.998 49.805 49.883 49.815 49.859 0.719 90.000 61.744 6.782
Count 700.000 700.000 700.000 700.000 700.000 700.000 700.000 700.000 700.000
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Figure 1: Correlation matrices highlighting key variable interdependencies for (a) CS dataset and (b) TS dataset.

while the rest 30% was utilized to test their generalization
performance. The predictive strength of the models was pri-
marily judged by the R? score, where a higher value indicates
close alignment between estimated and true values, whereas
a lower score reveals inconsistencies and reduced reliability
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[60]. A number of tests, including statistical analyses and
evaluations of errors, were conducted to ensure that the
model was reliable. Table 2 lists the critical hyperparameters
controlling the GEP and MEP models’ performance, and
Figure 2 shows a scenario-based model representation.
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2.3 Performance metrics and accuracy
evaluation

The predictive capability of the GEP and MEP models was
evaluated on the test dataset using a range of statistical
indicators. The assessment incorporated metrics such as
root mean square error (RMSE), mean absolute percentage
error (MAPE), Nash—Sutcliffe efficiency (NSE), relative root
mean square error (RRMSE), mean absolute error (MAE),
relative squared error (RSE), and Pearson’s correlation
coefficient (R), providing a comprehensive measure of
the models’ accuracy and reliability [61-65]. Eqs. ()-(7)
outline the mathematical expressions used to quantify dif-
ferent statistical indicators that evaluate the predictive
performance of the models.

Yii(a - @) (p; - B

R=— . , D
mzi=l(pi -p)

Table 2: Configured parameters for MEP and GEP models
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In this context, n represents the total number of data
points, while a; and p; correspond to the observed and pre-
dicted values for each instance. The symbols @ and p indicate

Category

MEP settings

GEP settings

Data type

Problem type

Function set

Error measure
Operators/variables
Code length/head size
Number of chromosomes
Number of genes
Constant per gene
Linking function
Population structure
Number of runs

Number of generations
Replication number
Crossover type
Crossover probability
Mutation probability
Number of threads
Mutation rate

Leaf mutation rate
Stumbling mutation
Inversion rate

IS transposition rate

RIS transposition rate
Gene transposition rate
Gene recombination rate
One-point recombination
Two-point recombination
Random chromosomes
Bounds

General

Real numbers
Symbolic regression
+, -, X, +, power, log
Mean absolute error
0.5

Code length: 50

2 sub-populations, each with 200 individuals

Uniform
0.9
0.01

Lower: =10, Upper: 10
CSand TS

Floating number
Symbolic regression
+, -, X, +, power, log
Mean absolute error
Head size: 8

30

4

10

Addition

0.00138
0.00546
0.00141
0.00546
0.00546
0.00546
0.00277
0.00277
0.00277
0.00277
0.0026
Lower: =10, Upper: 10
CSand TS
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Figure 2: Four-step ML framework for predicting CS and TS of agro-waste concrete.

the average of the observed and predicted values, respec-
tively. To assess the degree to which a simulation reliably
reproduces or forecasts results, the correlation coefficient
(R) is frequently employed. A higher R value reflects a strong
linear association between the predicted and actual results,
suggesting that the model reliably captures the underlying
data trends [66]. The correlation coefficient (R) remains unaf-
fected by the scaling of data, such as multiplication or divi-
sion. However, the coefficient of determination (R offers a
more robust and informative measure of predictive accuracy.
It quantifies how well the predicted values align with the
actual data. An R* value closer to 1 indicates a highly depend-
able model with strong predictive capability and minimal
deviation from observed outcomes [67,68]. The developed
model exhibits enhanced predictive capability, evidenced
by notable reductions in MAE and RMSE values. These error
metrics consistently decrease as the model’s accuracy
improves, ideally approaching zero when discrepancies
between actual and predicted values are minimized [69,70].
On the other hand, MAE has shown to be particularly reliable
when applied to datasets characterized by continuous and
smooth patterns, as confirmed through comprehensive ana-
lysis [71]. A reduction in prior error values corresponds to
enhanced model performance, indicating greater predictive
accuracy.

A Taylor diagram serves as an effective tool for eval-
uating a model’s predictive performance. Among various
statistical validation techniques, it stands out by visually

summarizing how closely a model’s output aligns with
observed data. By comparing standard deviations, correla-
tion coefficients, and centered root-mean-square differ-
ences relative to a reference point (the actual data), the
diagram provides a comprehensive assessment of model
accuracy and reliability [72,73]. The Taylor diagram graphi-
cally integrates three key statistical measures to assess
model performance: standard deviation is shown along
the axes, correlation coefficients are displayed as angular
lines, and RMSE is represented by curved contours cen-
tered on the reference point (true values). This visual
layout allows for a quick and effective comparison of
models. The ideal model position is one that lies nearest
to the reference point, indicating minimal error, high cor-
relation, and strong predictive reliability [72].

3 Computational analysis and
findings

3.1 CS models

3.1.1 GEP predictive model

To predict the CS of agro-waste-based concrete, the models
employed ETs that embed mathematical structures
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influenced by genome distribution patterns and head
length parameters. The construction of these ETs was pri-
marily based on fundamental arithmetic operations,
including multiplication, division, addition, subtraction,
and exponentiation. These operations were strategically
organized to construct subcomponents within the overall
model. The GEP algorithm effectively transforms these

Strength models for agro-waste concrete == 7

structural elements into interpretable mathematical
expressions that represent the predictive behavior of the
model. Eq. (8) shows that by plugging in the feature values,
these methods can predict the future CS of concrete made from
agro-waste. Under ideal circumstances, the resultant model can
beat it, but only if there is enough data. Figure 3(a) shows that
the data are correctly matched because there is a solid black
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Figure 3: CS modeling with GEP: (a) Estimated vs observed CS relationship and (b) dataset-level error dispersion.
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line there. The dotted green line shows a 20% change, whereas
the dashed red line shows a 10% variance. The degree to which
the experimental results match the projected CS values is
shown by this graph. With a significant correlation shown by
a R value of 0.935, the GEP model successfully reproduced the
reported CS values with little variation. Predicting CS using the
GEP method was remarkably accurate; 99.1% of the values
were within a 20% margin of error and 91.5% were within a
10% margin. Figure 3(b) shows the CS data vs the absolute
error and may indicate a difference between the test values
and the ones obtained by the GEP model. The findings demon-
strated that the GEP-derived equation produced predictions
that were closely aligned with the experimental outcomes,
with absolute errors extending from 0.102 to 13.148 MPa.
Figure 4 presents the error distribution, confirming the model’s
precision. Out of all predictions, 105 values exhibited errors
below 1.0 MPa, while 98 fell within the 1.0-5.0 MPa range,
and only 30 readings exceeded 5.0 MPa. High-magnitude errors
were infrequent, highlighting the model’s overall accuracy and
reliability.

CS(MPa) =

DE GRUYTER

CS (MPa) = CCA + POA + RHA + SBA + WSA
+ WCR + (6.7040 - WSA - RHA)
5.1701 (€]
-(10.418 - WCR) + |———| + 13.3633
WCR
+1.25 - log(CD + 1) + 0.005 - CD - WSA,

where, CS: compressive strength, CCA: corn cob ash con-
tent, POA: palm oil ash content, SBA: sugarcane Bagasse
ash content, RHA: rice husk ash content, WSA: wheat straw
ash content, WCR: water-to-cementitious ratio, and CD:
curing duration.

3.1.2 MEP predictive model

An analytical expression for predicting the CS of agro-
waste-based concrete was derived using the results
obtained from the MEP model. This model takes into con-
sideration the cumulative impact of seven independent
factors. The finalized mathematical representation gener-
ated through this modeling process is presented in Eq. (9).

2-WCR-(CD + 1)- WCR? + (CD + 1)- WCR - (2 - WCR)- POA

(2 - WCR) - 2 - log,,(CD)

WCR + (CD + 1) WCR + CCA + WSA + SBA + RHA - 2 - log,,(CD)
+
(2 - WCR) - 2 - log,,(CD)

)

. CD + (CD +1)- WCR? - log,,(CD + 1) - 1

(2 - WCR) - 2 - log,,(CD) ’
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where, CS: compressive strength, CCA: corn cob ash con-
tent, RHA: rice husk ash content, POA: palm oil ash content,
SBA: sugarcane Bagasse ash content, WSA: wheat straw ash
content, WCR: water-to-cementitious ratio, and CD: curing
duration.

Strength models for agro-waste concrete = 9

Figure 5(a) provides evidence of the MEP model’s resi-
lience to simplification and proficiency; the figure also
boasts an impressive R* value of 0.964. The CS model devel-
oped using MEP demonstrated greater reliability than the
GEP model, as evidenced by its higher R* value. The solid
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Figure 5: CS modeling with MEP: (a) Estimated vs observed CS relationship and (b) dataset-level error dispersion.
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black line in Figure 5(a) displays a perfect one-to-one con-
nection bhetween the anticipated and actual values,
whereas the dashed red and dotted green lines indicate
variances of +10 and +20%, respectively. The predicted
CS values from the MEP model align closely with the
experimental data, indicating strong predictive perfor-
mance and minimal deviation across the majority of obser-
vations. The MEP approach consistently produced precise
CS calculations for agro-waste derived concrete. Its fore-
casts met or exceeded the 10% requirement in 97% of cases
and the 20% barrier in 100% of cases, highlighting its
remarkable accuracy.

Figure 5(b) illustrates the absolute error distribution
between the measured and predicted CS values generated
by the MEP model. This analysis highlights the model’s
ability to minimize prediction deviations, providing a clear
depiction of how closely the estimated results align with
experimental outcomes across the dataset. There is a wide
variation in the MEP calculations, from 0.006 to 5.869 MPa,
with an average error of 1.245MPa. Nevertheless, the
average inaccuracy is lower than 5.869 MPa; 137 of them
are less than 1.0 MPa, 85 are between 1.0 and 5.0 MPa, and
just 11 are greater than 5.0 MPa. Figure 6 shows a distribu-
tion plot comparing the MEP and GEP models. The MEP
model has lower prediction variability, especially when
outlier values are taken into consideration. This indicates
a more stable and consistent performance of MEP in esti-
mating CS. The GEP and MEP models both demonstrate
great potential as accurate forecasters. In contrast,
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lowering the correlation coefficient and error standard
deviations is achieved by utilizing the MEP equation. The
MEP equation’s popularity stems from its widespread use
and adaptability.

3.2 TS models
3.2.1 GEP predictive model

The TS was computed by the models using ETs by utilizing
mathematical correlations that emerged from the relation-
ship between genome frequency and head size. Once the
GEP method encodes the subexpression trees, it results in a
complete algebraic equation as shown in Eq. (10), which
can be utilized to estimate the TS of concrete incorporating
agro-waste materials. When sufficient input data are pro-
vided, this model has the potential to perform even better
than a theoretically ideal model. The solid black line in
Figure 7(a) shows that the predicted and actual values
are perfectly aligned. The red dashed line indicates a 10%
deviation while the green dotted line represents a 20%
variation. This figure highlights a strong correlation
between the measured TS values and those predicted by
the GEP model. The technique proved highly effective in
estimating TS, achieving an R squared value of 0.946. Addi-
tionally, 82% of the predictions fell within a 10% error
margin and 96% within a 20% range, demonstrating the
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model’s high level of precision. Figure 7(b) displays the
absolute errors between the experimental and predicted
values, revealing a close match between them. The model
achieved an average absolute error of 0.253 MPa, with
errors ranging from 0.002 to 2.519 MPa. Figure 8 shows
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that the error values have a dome-shaped distribution. In
all, 189 of the erroneous values are between 0.2 and
0.5 MPa, with 123 of those being below 0.2MPa and 21
beyond 0.5 MPa, according to the error distribution. It is
rare for maximal error incidences to occur.
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Figure 7: TS modeling with GEP: (a) Estimated vs observed TS relationship and (b) dataset-level error dispersion.
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TS (MPa) = [log,,(CD + 7.6427)
-(CCA + 7.6427 + SBA - 3.1907) + WCR]
-(RHA + CD + WCR) - WCR
POA
1 ((WSA - WCR + CD) -(POA + WCR) + POA) |

(10)

where, TS: tensile strength, CCA: corn cob ash content, RHA: Rice
husk ash content, POA: palm oil ash content, SBA: sugarcane
Bagasse ash content, WSA: wheat straw ash content, WCR: water-
to-cementitious tatio, and CD: curing duration.

3.2.2 MEP predictive model

An empirical formula was developed using the MEP results
and the impacts of the seven independent components to
determine the TS of agro-waste derived concrete. The final
set of mathematical equations derived from modeling is
shown in Eq. (1D).

TS (MPa) = log,(RHA? + (SBA + WSA)- CD

+ (SBA + WSA) + (SBA - CD? + CD?
+ (POA + CCA - CD)(POA + CCA))),

1n

where, TS: tensile strength, CCA: Corn cob ash content,
RHA: rice husk ash content, POA: palm oil ash content,
SBA: sugarcane Bagasse ash content, WSA: Wheat straw
ash content, WCR: water-to-cementitious ratio, and CD:
curing duration.

140
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The MEP model demonstrated outstanding predictive
capability for TS, as evidenced by its high R squared value
of 0.961, shown in Figure 9(a). This strong correlation sug-
gests that the model is robust and effectively captures the
underlying complexity of the data without oversimplifying
it. The MEP model for TS is more accurate than the GEP
model, just as it is for CS. A perfect one-to-one correspon-
dence between anticipated and actual values is shown by
the solid black line in Figure 9(a), whereas lines repre-
senting 10 and 20% variances, respectively, are shown by
the red and green lines. The predicted TS values closely
followed the experimental results, showing strong consis-
tency. Notably, 86% of the predicted values were within a
10% deviation and all predictions fell within the 20% range,
confirming the exceptional accuracy and reliability of the
MEP approach for modeling the TS of agro-waste-based
concrete.

The MEP model simulation results are shown in Figure
9(b), with an emphasis on the absolute discrepancies
between the actual and anticipated TS values. The data
show that the model is very accurate, with an average
error of only 0.239 MPa and individual errors ranging
from 0.003 to 0.821 MPa. Further analysis in Figure 10 illus-
trates the distribution of these errors: 125 values fall below
0.2 MPa, 83 are between 0.2 and 0.5 MPa, and only 25 values
exceed 0.5 MPa. Even when considering outlier values, the
MEP model exhibits lower variability in results compared
to the GEP model. Overall, both modeling techniques, MEP
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and GEP, have proven effective for predictive modeling, 3.3 Performance metrics and accuracy

but MEP offers a distinct advantage. The reduced standard evaluation

deviation in prediction errors and stronger correlation

coefficients confirm that the MEP model delivers greater Taple 3 provides a comprehensive statistical comparison of
reliability and predictive accuracy than the GEP model. GEP and MEP models for predicting the CS and TS of agro-
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Figure 10: Residual error distribution of the TS-MEP model.

waste-based concrete. Across all key performance indica-
tors including MAE, MAPE, RMSE, R, RSE, NSE, and RRMSE,
the MEP model consistently outperforms GEP, demon-
strating its superior predictive capability. For CS predic-
tion, MEP shows notably lower error values such as MAE
of 1.245 MPa, RMSE of 1.845 MPa, and MAPE of 2.70%, along
with a higher correlation coefficient of 0.982 and improved
NSE of 0.963. It also exhibits reduced RSE and RRMSE
values, indicating closer alignment between predicted
and actual outcomes. In TS prediction, MEP again performs
slightly better with lower MAE of 0.239 MPa, RMSE of
0.301 MPa, and MAPE of 6.20%, accompanied by stronger
correlation and efficiency values. These findings highlight
the robustness of MEP in capturing the complex nonlinear
relationships inherent in material behavior, making it a
more accurate and dependable modeling approach than

GEP for strength prediction in sustainable concrete studies.
The Taylor diagram in Figure 11 offers a widespread asso-
ciation of all predictive models, demonstrating the close
alignment of MEP models in forecasting the CS and TS of
agro-waste derived concrete, while GEP models are rela-
tively more divergent. Consistent with earlier research, the
MEP model stands out as the best ML method for CS and TS
prediction of agro-waste derived concrete, exhibiting the
fewest outliers, most efficiency, and highest R* value. In
conclusion, the analysis of error metrics and correlation
efficiency statistics confirms that MEP is the more precise
and efficient ML technique for predicting both CS and TS.
The consistently lower prediction errors, stronger correla-
tion coefficients, and superior efficiency metrics highlight
its advantage over GEP, confirming its robustness and
reliability for accurately predicting strength in material
modeling applications.

Table 3: Comparative analysis of arithmetical indicators

3.4 SHAP-based feature interpretation

Property cs TS

GEP MEP GEP MEP The aim of this study is to explore the factors influencing
MAE (MPa) 5108 1245 0.254 0.230 the mec.h.amc'al perf.ormance of concrete by analyzing its
MAPE (%) 450 270 6.80 6.20 composition in detail. To understand both the overall and
NSE 0.895 0.963 0.942 0.960 individual effects of input features, the SHAP tree
R 0.967 0.982 0.972 0.981 explainer was utilized, which is widely adopted for inter-
RSE 0.344 0.262 0.384 0342 preting model predictions globally. Figure 12 of the SHAP
RRMSE (MPa) 0.784 0622 0612 0.584 diagram shows that various input features affect agro-
RMSE (MPa) 3.189 1.845 0.384 0.301

waste derived concrete’s CS and TS. On the X-axis, the
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Figure 11: Taylor plots comparing predictive accuracy of models for (a)
CS models and (b) TS models.

proportion of SHAP value associated with each raw mate-
rial is shown, whereas the Y-axis represents the indepen-
dent variables. As illustrated in the SHAP summary plot in
Figure 12(a), the agro-waste content and the WCR emerge
as the dominant factors influencing the prediction of CS in
agro-waste-based concrete, whereas CD contributes the
least. Higher agro-waste content generally contributes
positively to CS due to its pozzolanic reactivity, which
enhances the concrete matrix; however, an excessive
amount may negatively affect strength, indicating a non-
linear relationship. In contrast, a lower WCR consistently
leads to higher predicted CS, aligning with the fundamental
principle that reduced water content enhances concrete
density and strength by minimizing porosity. On the other
hand, CD displays negligible variation in SHAP values, sug-
gesting its limited influence within the dataset, possibly
due to saturation in curing effect or a narrow range of
CDs. A similar SHAP plot in Figure 12(b) for TS also reflects
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a comparable trend, where WCR and agro-waste remain
dominant contributors. Specifically, low WCR values posi-
tively influence TS due to improved matrix cohesion, while
moderate levels of agro-waste enhance TS via refined pore
structure and better particle packing. However, excessive
agro-waste still tends to reduce TS, highlighting the need
for an optimal balance in mix design. CD again appears to
have a minimal effect on TS prediction, reinforcing its sec-
ondary role in the model. The SHAP analysis provides engi-
neers with a transparent understanding of how individual
input variables, such as WCR, agro-waste content, and sup-
plementary materials, influence CS and TS predictions.
This interpretability allows engineers to identify optimal
ranges of critical variables, diagnose poor-performing mix
designs, and justify decisions with quantitative evidence.

3.5 Sensitivity analysis

This research looks into how different input characteristics
affect the CS and TS predictions in agro-waste concrete.
The input variables have a high correlation with the pre-
dicted outcome [74]. The sensitivity analysis in Figure 13
reveals that agro-waste is the most influential input, con-
tributing 52% to the model’s estimation of CS and TS. This
highlights its critical role in enhancing mechanical perfor-
mance, likely due to its pozzolanic and filler effects. WCR
follows with a 38% impact, reflecting its importance in
controlling hydration and porosity. CD has the least influ-
ence at 10%, suggesting that while it supports strength
development, its effect is comparatively modest. Overall,
the model is most sensitive to agro-waste and WCR, empha-
sizing their importance in optimizing strength outcomes.
The results were greatly affected by the amount of input
data points and the parameters used in the model. Keep in
mind that the ML approach had varying effects on the
study’s results according to certain input variables, like
the amounts of concrete mix. By focusing on the most
sensitive parameters, engineers can design more efficient,
reliable, and sustainable concrete mixes incorporating
agro-waste materials. Egs. (12) and (13) were used to deter-
mine the weights of the model’s input parameters.

N; = fmax (Xi) - fmin (Xi)y
_ N
2y’

(12)

Si (13)
where the expression (f;,(x;) describes the anticipated
value with the lowest ith output, while the expression
(frnax (i) represents the maximum.
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Figure 12: Influence of input variables: (a) CS predictions and (b) TS predictions.

4 Discussion

This study underscores the potential of integrating agricul-
tural waste materials into concrete mix designs, presenting
a promising pathway toward sustainable construction
practices. Effective prediction of compressive and TSs of
agro-waste-based concrete was achieved by the develop-
ment and evaluation of two ML models, namely, GEP and
MEP. A dataset of 700 literature-derived entries incorpor-
ating 7 input parameters revealed that MEP consistently
outperformed GEP across all statistical metrics.
Specifically, MEP achieved lower MAE and RMSE values

along with higher coefficient of determination and Nash
Sutcliffe efficiency scores, demonstrating improved accu-
racy and reliability in capturing complex nonlinear relation-
ships. SHAP analysis confirmed the models’ transparency
by highlighting agro-waste content and WCR as the most
influential features for both CS and TS predictions. In the
case of CS, moderate levels of agro-waste improved strength
through enhanced pozzolanic activity, while excessive
replacement led to a decline. A lower WCR was linked
with higher strength due to reduced porosity. For TS, a
similar pattern emerged, where optimal agro-waste levels
and lower WCR positively influenced tensile performance,
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Figure 13: Proportional impact of inputs on prediction results.

further reinforcing the logical behavior of concrete compo-
sites. CD was shown to have a relatively lower impact on
both strength parameters.

While the findings demonstrate the effectiveness of
ML in optimizing sustainable concrete design, several lim-
itations must be considered. ML models are inherently
sensitive to the units and scales of input variables which
can impact prediction accuracy if not properly standardized.
Moreover, the dependence on a fixed set of input variables
based on available literature data may reduce the models’
adaptability to cases involving other influential factors not
included in the dataset such as aggregate properties or envir-
onmental exposure conditions. Although SHAP and sensitivity
analyses provide useful insights into feature contributions,
their interpretations are statistical in nature and do not con-
firm causal relationships. The relatively low impact of CD
observed in this study may be due to the narrow range of
values in the dataset. Future work should include experi-
mental validation, a wider range of input parameters and
real-time data to strengthen the robustness, and practical
utility of such models.

5 Conclusion

Using MEP and GEP for predictive modeling, this work
examines the CS and TS of concrete integrating agro-waste
materials. For training, testing, and validation purposes, a
dataset was used that included 700 CS and TS values that
were collected experimentally. Key conclusions that sum-
marize the research outcomes are as follows.
* The GEP model had good success in predicting CS and TS
agro-waste derived concrete, with R? values of 0.935 and
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0.946, respectively. On the other hand, the MEP method
proved to be more reliable in strength prediction, with R?
values of 0.964 for CS and 0.961 for TS, demonstrating
even greater accuracy and consistency.
According to the error comparison, the MEP model
shows improved accuracy and reliability in strength pre-
diction compared to GEP, with CS’s mean error dropping
from 2.198 to 1.245 MPa and TS’s from 0.254 to 0.239 MPa.
¢ The comparative results confirm that MEP consistently out-
performs GEP in predicting CSs and TSs. For CS, MEP reduced
RMSE from 3.189 to 1.845 MPa, MAE from 2.198 to 1.245 MPa,
and improved NSE (from 0.895 to 0.963) and R (from 0.967 to
0.982). Similarly, for TS, MEP lowered RMSE from 0.384 to
0.301 MPa and enhanced NSE (from 0.942 to 0.960) and R
(from 0.972 to 0.981). These improvements across all error
and performance metrics demonstrate the superior accuracy
and reliability of MEP in strength prediction.
* The SHAP analysis shows that WCR and agro-waste content are
the most influential factors in predicting both CSs and TSs of
agro-waste derived concrete. Lower WCR consistently enhances
strength, while agro-waste improves strength up to an optimal
level but reduces it when used excessively. CD has limited
impact, indicating a secondary role in strength prediction.
The sensitivity analysis confirms that agro-waste and
WCR are the most impactful factors influencing the
strength prediction of agro-waste derived concrete, con-
tributing 52 and 38%, respectively. CD plays a lesser role
at 10%. The model’s performance also varies with the
volume of mix and the chosen ML approach, underlining
the importance of tailored input parameter selection.

Predicting features across various datasets is greatly
assisted by the distinct mathematical frameworks of GEP
and MEP. Decisions in material design can be made more
efficiently with the help of these methods for evaluating,
refining, and optimizing concrete mix proportions. By gener-
ating precise mathematical models, this study accelerates the
assessment and enhancement of concrete mix formulations,
empowering engineers and researchers to advance material
development with greater speed and effectiveness.
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