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Abstract: This study uses machine-learning (ML) methodologies to introduce predictive models 
for the compressive strength of sandcrete mixed with groundnut shell ash (GSA). The models 
were developed utilizing 140 datasets acquired from published articles. The datasets contained 
several input variables: aggregate-to-binder ratio, peanut shell ash concentration, and curing 
time. The output feature was the compressive strength of the sandcrete. Four mathematical 
and machine-learning models were used to predict the compressive strength of peanut shell 
ash-blended sandcrete. Based on analyses of several models, the boosted decision tree model 
outperformed others in predicting compressive strength. The sensitivity analysis outcomes of the 
boosted decision-tree model show that the aggregate-to-binder ratio was the most significant 
factor in determining compressive strength. Overall, the boosted decision-tree model achieved 
an R² of 0.965 during testing, indicating excellent predictive accuracy. Additionally, it was found 
that using 10% to 30% GSA as a cement substitute optimally enhances sandcrete strength. These 
findings contribute to the understanding of sustainable construction materials and support the 
practical application of GSA in construction.

Keywords: sandcrete, machine learning, compressive 
strength, groundnut shell ash, SHAP analysis.
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1. Introduction

The use of cement in construction materials is a major 
concern due to its significant contribution to greenhouse 
gas emissions and associated environmental impacts. The 
cement production process is responsible for around 8% 
of the world’s CO2 emissions while consuming substan-
tial energy and natural resources (Seevaratnam et  al., 
2020). Cement is known to have adverse environmental 
impacts, including topsoil erosion, increased surface run-
off, and air and water pollution. Therefore, minimizing the 
use of cement in construction materials cannot be over-
emphasized in the pursuit of sustainability and climate 
change mitigation (Tan et al., 2024).

One potential strategy to reduce cement use in con-
struction materials is to substitute some cement with 
supplementary cementitious materials (SCMs) (Adegbe-
mileke et  al., 2024; Sathiparan et  al., 2022). SCMs have 
pozzolanic or hydraulic properties, allowing them to 
react with calcium hydroxide and waste to develop ce-
mentitious compounds (McCarthy & Dyer, 2019). SCMs 
have been used to improve the mechanical properties, 
durability, workability, and appearance of construction 
materials while reducing their economic and environ-
mental footprint. Some examples of SCMs include fly 
ash, natural pozzolans, silica fume, slag, and agro-based 
cementitious materials ( Kumar et al., 2021; Hafez et al., 
2024). However, the availability and quality of these re-
sources are often limited by declining coal use and the 
diversity of industrial processes (Millward-Hopkins et al., 
2018).

In recent years, agro-based cementitious materials 
have been considered possible replacements or en-
hancements for traditional SCMs (Mayooran et  al., 2017; 
Poorveekan et  al., 2021). A notable advantage of agro-
based SCMs over conventional SCMs is their improved 
sustainability, environmental friendliness, and local ac-
cessibility (Juenger et al., 2019). Agro-based cementitious 
materials are produced using agricultural waste such as 
rice husk, coconut husk, bagasse, olive waste, and similar 
materials. Typically, these waste materials are incinerat-
ed or disposed of in ways that result in the emission of 
pollutants into the atmosphere and the degradation of 
soil quality. 

Cement substitutes can effectively reduce waste 
generation, and greenhouse gas emissions related to ce-
ment manufacture. Also, using agro-based cementitious 
materials can improve the mechanical characteristics 
and durability of construction materials by increas-
ing their strength, workability, resistance to chemical 

degradation, and aesthetic appeal (Nilimaa, 2023). Agro-
based cementitious materials are more readily available 
and cost-effective than conventional SCMs such as 
silica fume, fly ash, and slag (Blesson & Rao, 2023). Lo-
cally sourced agro-based cementitious materials can be 
produced from abundant, renewable sources, thereby re-
ducing transport costs and energy consumption (Ortega 
et al., 2022). It is, therefore, evident that agro-based SCMs 
have the potential to substitute or complement conven-
tional SCMs in various construction materials.

Groundnut shells are by-products of peanut pro-
cessing, an important agricultural commodity grown in 
several countries, particularly in Asia and Africa. In 2020, 
global groundnut production in shells amounted to 54 
million tonnes, representing a remarkable 8% increase 
from 2019 levels (Mohd Zaini et  al., 2023). Groundnut 
shells have several applications, including use as a fuel 
source, incorporation as a filler in calf feed, use in the 
production of rigid particle board, and conversion into ac-
tivated carbon, among others. Groundnut shell ash (GSA) 
is a by-product of the incineration of discarded peanut 
shells. The material consists primarily of silica, followed 
by lesser amounts of aluminum, iron, alkali, and alkaline 
earth oxides (Buari et  al., 2019). Pozzolans can replace 
cement in several applications, such as the manufacture 
of cement-bonded particle boards, high-performance 
concrete, cement-sand blocks, and whiteware bodies. 

The utilization of GSA as a cement substitute has the 
potential to improve the strength and durability of cemen-
titious materials in demanding environmental conditions. 
It also has the potential to reduce both the financial 
cost and the environmental effects associated with ce-
ment production (Sathiparan et al., 2023a). The optimal 
amount of ground granulated GSA to replace cement de-
pends on the specific type and quantity of other materials 
used in the construction. Several studies indicate that 
GSA replacement in the 10% to 30% range can yield good 
results (Sathiparan et al., 2023a). As a partial substitution 
for cement, GSA affects the strength properties of cement 
mortar or concrete. The impact of using GSA as a sub-
stitute, the proportion of aggregate-to-cement, and the 
curing condition influence the fC-GS. Therefore, examining 
these factors and developing a methodology to predict 
the fC-GS is essential. However, no attempt has been made 
thus far to create a predictive model for the fC-GS.

There has been increasing attention among engi-
neers and researchers to using machine learning (ML) 
methods to predict material properties (Feng et  al., 
2020; Marani & Nehdi, 2020; Sathiparan & Jeyananthan, 
2023a, b). The characteristics of GSA blended sandcrete 
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are highly responsive to mixing ratios and are influenced 
by several factors. Hence, ML algorithms are the most 
suitable choice for forecasting these properties. There 
is a proposal to utilize more refined approaches to re-
duce dependence on lab experimentation. In addition, 
engineers must have the necessary equations or tools 
to precisely predict experimental outcomes (Sathiparan 
et al., 2023c; Subramaniam et al., 2024). The ML method 
can offer alternative methodologies and solutions for lin-
ear and non-linear cases where traditional mathematical 
equations may fail to accurately capture the relationships 
among the parameters in a particular problem (Gao et al., 
2019; Wijekoon et al., 2024).

The primary aim of the present study was to utilize 
mathematical equations and ML methods to predict the 
fC-GS. A statistical evaluation was conducted to assess 
the model’s accuracy for predicting the fC-GS. This evalu-
ation used four basic mathematical models and four ML 
methods. The mathematical models utilized in this study 
included linear regression, full quadratic model, non-lin-
ear regression, and multilinear regression. Moreover, 
the investigation uses machine learning models such as 
boosted decision-tree regression, artificial neural net-
works, support vector, and random forest regressions. 
These models offer a means to improve the precision of 
forecasting the fC-GS.

2. Methods

The study’s methodology comprised several steps, visu-
ally depicted in Figure 1 as a flowchart. The fundamental 
processes included gathering information and creating a 
database on GSA-blended sandcrete, based on existing 

published literature. The data collected was then ran-
domly split into two groups for training machine learning 
(ML) models. The datasets were split into two groups: 
the training group, which contained around two-thirds of 
the datasets, and the testing group, which included the 
remaining one-third. Predictive models were constructed 
using mathematical (LR, FQ, NLR, and MLR) and ML (ANN, 
RFR, BDT, and SVR) methods. The recommended models 
were evaluated and constructed using several perfor-
mance indicators and SHAP analysis.

2.1 Data Collection
The database was created using existing literature, as 
shown in Table 1. A total of 140 items were obtained 
from the investigation. The datasets used in this analysis 
were obtained from tests that followed globally accepted 
standards.

The compressive-strength values in this study ranged 
from 0.26 to 34.04 MPa. This broad range can be at-
tributed to several factors, including variations in the 
aggregate-to-binder ratio, differences in GSA content, 
and varying curing periods. Such disparities can lead to 
differences in the hydration process and the sandcrete’s 
microstructure, affecting its overall strength. For in-
stance, lower compressive-strength values may indicate 
insufficient binder content or inadequate curing time, 
while higher values may reflect optimal mixing ratios and 
effective ash utilization. The data collected for ML models 
was separated into two sets using the RAND function. The 
model was constructed using the initial subset compris-
ing 93 datasets and encompassing approximately 66% 
of the data. The remaining dataset, around 34% of the 
whole dataset, was used for validation.

Figure 1. Flowchart for methodology.
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2.2 Mathematical Modeling

2.2.1 Linear Regression Model (LR)
LR is a statistical technique that enables modeling the 
relationship between a dependent variable and indepen-
dent variables. It is a method for finding the best-fitting 
straight line that describes the relationship between the 
variables, as shown in Eq. (1). Here, α0- α4 are the model 
parameters.

(1)

2.2.2 Full Quadratic (FQ) Model
Equation (2) is a comprehensive quadratic formula that 
relates fC-GS to the first- and second-order of each inde-
pendent parameter and the relationship among these 
independent components [8]. The model parameters are 
denoted β1 to β9. The present model is a complex mixture 
of mathematical expressions [9].

(2)

2.2.3 Nonlinear Regression (NLR) Model
The NLR model is a statistical model that defines the rela-
tionship between a dependent variable and independent 
variables using a nonlinear function, as shown in Eq. (3). 
The model parameters are denoted α1-α6. Unlike linear 
regression, which assumes that the parameters are linear 
and additive, nonlinear regression allows the estimation 
of models with complex and curved geometries (Al-Har-
thy et al., 2003). Nonlinear regression can provide greater 
accuracy and flexibility than linear regression. 

(3)

2.2.4 Multi-linear Regression (MLR) Model
MLR can be used as an alternative to the conventional 
multiple linear regression method. When the predictor 
variable consists of more than two elements, it is rec-
ommended to use an MLR model. It can also serve as 
a conceptualization of the concepts of predictor and in-
dependent variables. Equation (4) is the mathematical 
expression that captures the combined influence of mul-
tiple factors on fC-GS. The model parameters are denoted 
as a, b, c, and d. However, the MLR model has the disad-
vantage of failing to provide predictions when the GSA 
content is zero.

(4)

2.3 Machine Learning Modeling

2.3.1 Artificial Neural Network
An ANN is a technique that emulates the human brain’s 
cognitive processes. The system consists of a series of 
interconnected units, known as artificial neurons, that 
process and transmit information. Artificial neural net-
works can learn from data and perform tasks such as 
classification, regression, clustering, and anomaly 
detection.

When constructing an artificial neural network, mak-
ing informed decisions about the number of layers and 
nodes is essential. The layers can be divided into three 
categories: input, hidden, and output. The input layer is 
responsible for obtaining the data, while the hidden lay-
er performs various transformations. Finally, the output 

Table 1. Summary of the dataset gathered from published literature.

Reference A/B GSA Curing period CS (MPa) No. of Data

(Ketkukah & Ndububa, 2006) 5 0, 2, 4, 6, 8, 10 7, 14, 21, 28 1.80-3.45 24

(Mahmoud et al., 2012) 8 0, 10, 20, 30, 40, 50 7, 14, 21, 28 0.26-4.50 24

(Narayana Moorthi et al. 2015) 4 0, 15, 20, 30, 40 7 5.01-17.05 15

(Ogork & Uche, 2014) 3 0, 5, 10, 20, 30, 40 7, 28, 60, 90 11.6-35.1 24

(Fernando et al., 2018) 6 0, 5, 10, 15, 20, 25 7, 14, 28 0.40-1.77 18

(Nicholas, 2019) 3 0, 10, 20, 30, 40 7, 14, 28 1.62-34.04 20

(Sathiparan et al., 2023b) 6 0, 10, 20, 30, 40 28, 56, 90 1.82-4.32 15

Overall 3-8 0-40 7-90 0.26-34.04 140

A/B: aggregate-to-binder ratio; GSA: ground nutshell ash; CS: compressive strength.
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layer is accountable for producing the results. The nodes 
represent the computational units that perform compu-
tations within each layer. There is no generally accepted 
guideline for determining the optimal number of layers 
and nodes in an artificial neural network. In the present 
study, to avoid the pitfalls of overfitting, the number of 
layers was limited to one and the number of nodes to 
three, as shown in Fig. 2.

Figure 2. Outline of the ANN model.

2.3.2 Random Forest Regression
Random forest regression (RFR) is an ML method that 
utilizes an ensemble of decision trees to forecast a con-
tinuous output variable, as shown in Fig. 3. It has distinct 
characteristics compared with other ML approaches. In 
particular, it can effectively process high-dimensional 
and nonlinear data using appropriate kernel and activa-
tion functions (Albahra et al., 2023). 

Figure 3. Outline of the RFR model.

It also enables estimating variable importance and per-
forming feature selection by quantifying each variable’s 

contribution to prediction accuracy. The number of trees 
in the forest plays a substantial role in determining the 
model’s complexity and diversity. Increasing the number 
of trees in a model can reduce variability and improve 
prediction accuracy. However, increasing the number of 
trees also increases computational complexity and the 
likelihood of overfitting. The splitting criteria and the im-
purity measure are two key factors that determine how 
each node in the tree is split. 

2.3.3 Boosted Tree Regression
Boosted tree regression (BTR) utilizes an ensemble of de-
cision trees to predict a continuous output variable. The 
key difference between BTR and RFR lies in their respec-
tive approaches to tree construction. BTR builds trees 
sequentially, with each new tree fitted to the residuals 
from the previous trees. RFR, on the other hand, builds 
forests separately, using bootstrap sampling and random 
feature selection (Esteban et al., 2019).

2.3.4 Support Vector Regression
Support vector regression (SVR) uses the basic concepts 
of support vector machines (SVMs) to solve regression 
tasks. SVMs are a family of supervised learning algorithms 
for classification and outlier identification. They do this 
by identifying a hyperplane that separates the data into 
distinct classes or regions. SVR extends this concept by 
seeking to identify a hyperplane that effectively cap-
tures the data points and minimizes deviations within a 
specified tolerance. SVR is classified as a nonparamet-
ric method because it makes no assumptions about the 
underlying data distribution (Whittingham & Ashenden, 
2021). However, the approach relies on kernel functions 
to transform the data into a higher-dimensional space, 
enabling the identification of a linear hyperplane. Kernel 
functions are mathematical functions that quantify the 
similarity between two data points. The choice of kernel 
functions is based on the specific characteristics of the 
data.

2.4 Performance Indicators
Several metrics defined in Eqs. (5) – (10) are utilized to 
evaluate the developed models. When an optimal predic-
tion model is used, the a20 index values are expected to 
converge to unity. The a20 index, when fully developed, 
will benefit from a clear and specific technical interpreta-
tion. The proposed method quantifies the samples that 
meet specific requirements, namely those within 20% of 
the reported experimental values. Equations (5) to (10) 
are used to calculate each requirement.
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(5)

(6)

(7)

(8)

(9)

(10)

Where Px: expected value,  : average of expected value, 
Ex: experimental value,  : average of observed value, N: 
total number of datasets, N20: total count of expected/
practical value between 0.8 and 1.2, ntr: number of the 
training dataset, nte: number of the test dataset.

3. Results and Discussion

3.1 Statistical Analysis
The data were subjected to statistical analysis to deter-
mine the distribution of the dependent variable, fC-GS, 
across the independent variables: aggregate-to-binder 
ratio, GSA content, and curing time. Figure 4 shows the 
correlation between fC-GS and the specified independent 
variables, along with a frequency histogram. A summary 
of the statistical parameters obtained is shown in Table 2.

Table 2. Summary of the statistical parameters.

Parameter A/B GSA Curing 
period

fC-GS

Minimum 3 0 7 0

Maximum 8 50 90 35

Mean 5 17 25 9

Standard deviation 1.8 14.4 23.6 9.3

Variance 3.165 208.8 559.6 87.91

Kurtosis -1.06 -0.83 2.10 0.50

Skewness 0.38 0.56 1.72 1.22

Figure 4. Marginal plots for the fC-GS with (a) aggregate-to-
binder ratio, (b) GSA content (%), and (c) curing period (days).

In the context of kurtosis, a negative number indicates 
a distribution with shorter tails, while a positive value 
shows a distribution with longer tails. Skewness is a 
statistical measure that offers information about the dis-
tribution of a variable, indicating whether it is skewed to 
the right or left. Positive skewness indicates a rightward 
skew, while negative skewness suggests a leftward skew.

3.2 Prediction by Mathematical Models
Figure 5 illustrates the assessment between predicted 
and measured fC-GS values for all four mathematical mod-
els. Table 3 presents a concise summary of indicators for 
the different models.

3.2.1 Linear Regression Model (LR)
Figure 5(a) presents the associations among the predict-
ed and observed fC-GS for the results obtained using the 
LR model. The LR model’s prediction of fC-GS is given in 
Eq. (11). The training data yielded R2 and RMSE values of 
0.583 and 6.05 MPa, respectively, whereas the test data 
yielded R2 and RMSE values of 0.683 and 5.23 MPa, re-
spectively. The training data set has a margin of error of 
±20 %. This means that only 9% of the data lie between 
0.80 and 1.2 for the predicted-to-observed fC-GS ratio.

(11)
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Figure 5. Predicted against measured fC-GS for different mathematical models.

Table 3. Performance indicators for different models used.

Model
Train Test

OBJ Rank
R2 RMSE MAE SI a20 R2 RMSE MAE SI a20

LR 0.583 6.05 5.51 0.72 0.09 0.683 5.23 4.45 0.60 0.11 6.78 7

FQ 0.907 2.85 2.25 0.34 0.27 0.862 3.45 2.78 0.40 0.32 2.90 5

NLR 0.786 4.33 3.50 0.51 0.07 0.864 3.42 2.65 0.41 0.34 4.00 6

MLR 0.206 8.35 5.25 0.99 0.14 0.005 9.26 6.45 1.42 0.02 12.74 8

ANN 0.942 2.21 1.40 0.25 0.56 0.958 1.99 1.44 0.24 0.53 1.82 2

RFR 0.934 2.35 1.52 0.27 0.52 0.941 2.35 1.64 0.28 0.53 2.02 4

BDT 0.947 2.12 1.48 0.24 0.50 0.965 1.80 1.33 0.22 0.55 1.76 1

SVR 0.941 2.22 1.49 0.26 0.41 0.938 2.41 1.57 0.29 0.47 1.96 3
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3.2.2 Full Quadratic (FQ) Model
The FQ model is widely regarded as highly successful 
because of its intricate mathematical formulation. The 
model was derived using mathematical parameters, in-
cluding constants, linear terms, variable product terms/
interactions, and quadratic parameters. Equation (12) 
expresses the mathematical expression for the FQ model 
to estimate the fC-GS. Figure 5(b) describes the relation-
ship between the predicted and observed fC-GS for the FQ 
model. The training data exhibited R2 and RMSE values of 
0.907 and 2.85 MPa, respectively. Similarly, the test data 
demonstrated R2 and RMSE values of 0.862 and 3.45 MPa, 
respectively. The training data set has a margin of error of 
±20 %. This means that only 27% of the data lie between 
0.80 to 1.2 for the ratio of predicted to observed fC-GS.

(12)

3.2.3 Nonlinear Regression (NLR) Model
The results of the NLR model are presented in Eq. (13). 
Figure 5(c) displays the association between the predict-
ed and measured fC-GS. The training data set exhibits an 
R2 coefficient of determination of 0.786 and an RMSE of 
4.33 MPa. Furthermore, the test dataset has an R2 value 
of 0.864 and an RMSE of 3.42 MPa. The results indicate 
that the NLR model performs worse than the FQ model 
but better than the LR and MLR models. The error range 
in the training data set is from -20 % to 20%. This suggests 
that around 7% of the data falls between 0.8 and 1.2 for 
the predicted/observed fC-GS ratio.

(13)

3.2.4 Multilinear Regression (MLR) Model
The MLR model is often considered less successful than 
other models, mainly because of its simple mathemat-
ical formulation. The multiple-linear regression (MLR) 
model formulae include constant terms and terms raised 
to the power of constant variables. Equation (14) com-
prehensively represents the variables involved and their 
interrelationships. Figure 5(d) shows the relationship be-
tween predicted and observed fC-GS. The training data 
gave R2 and RMSE values of 0.206 and 8.35 MPa, respec-
tively. Similarly, the test data gave R2 and RMSE values of 
0.005 and 9.26 MPa, respectively. The error range in the 
training dataset is from -20 % to 20%. This specifies that 
around 80% of the data is between 0.80 and 1.20 for the 
ratio of expected to observed.

(14)

3.3 Prediction by Machine Learning Models
Figure 6 compares projected and measured fC-GS values 
for the four machine-learning models. All four ML models 
outperform mathematical models in performance indi-
cators. The BDT model outperforms the other ML models 
in training and test datasets with higher R2 and lower 
RMSE, MAE, and SI. However, the predicted observed fC-GS 
ratio for the BDT model, 50% of the training data set, is 
between 0.8 and 1.2, less than the ANN and RFR models. 
However, the BDT model outperforms other models as 
55% of the data in the testing data set falls within the 
range of 0.8 and 1.2. The accuracy of the BDT and ANN 
models in forecasting the fC-GS is relatively high and clas-
sified as 1 and 2, respectively. It is followed by SVR and 
RFR models. 

3.4 Performance of the Models
Figure 7 shows the differences between the predicted 
values of the examined mathematical and ML models. 
The error is calculated by comparing the expected and 
observed fC-GS values. ML models have a narrower range 
of error distributions than mathematical models.

In the mathematical models, the FQ model shows a 
narrow error distribution of 15.9 MPa, whereas the MLR 
model has the widest error distribution of 47.5 MPa. In 
the ML models, the BDT model shows the narrowest error 
distribution at 11.3 MPa, followed by the RFR, ANN, and 
SVR models at 12.4, 14.9, and 15.4 MPa, respectively. For 
all mathematical and ML models, the average error is neg-
ative, indicating that the models underpredict the fC-GS 
in most cases. Furthermore, all models exhibit negative 
skewness. The MLR exhibits the most pronounced skew-
ness, with a score of -1.47, while the BDT model shows a 
slightly lower skewness of -0.34. Using various statistical 
and graphical methodologies can significantly improve 
the assessment of prediction models. Employing diverse 
indicators and illustrations to assess the efficiency of 
prediction models can provide a more comprehensive 
analysis.

Figure 8 shows the Taylor diagram, a statistical tool 
used to assess the accuracy of machine-learning mod-
els. It allows easy comparison of models based on their 
correlation, standard deviation, and RMSE values. The 
diagram promotes objectivity and clarity in model eval-
uation and illustrates the relative performance of each 
model in predicting fC-GS, compared to a reference mod-
el (Taylor, 2001). The closeness of the pentagram to the 
reference point signifies the model’s accuracy. The BDT 
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Figure 7. Error distribution in predicted fC-GS for 
different mathematical and ML models.

Figure 6. Predicted vs. measured fC-GS using different machine-learning models.

Figure 8. Taylor diagram of mathematical and ML models 
(The red point signifies the reference for measured).
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model demonstrates the highest accuracy, while the MLR 
models exhibit the lowest accuracy. Based on these mea-
sures, the mathematical and ML models can be classified 
in descending order as follows.: BDT > ANN > SVR > RFR 
> FQ > NLR > LR > MLR. The results indicate a robust as-
sociation with the previously set values of the indicator.

3.5 Sensitivity Analysis
Utilizing SHAP (Shapley Additive exPlanations) analysis 
is immensely advantageous for assessing complicated 
ML models that encompass various factors. (Tran et  al., 
2022; Zhang et al., 2022). We chose to use the results of 
the BDT model, which showed exceptional accuracy in 
predicting fC-GS, to gain a deeper understanding of the 
results through SHAP analysis.

Figure 9 displays the mean SHAP values for input 
variables relative to fC-GS predictions. These forecasts 
result from the BDT model. The results reveal that the 
aggregate-to-binder ratio has the highest SHAP value, in-
dicating its significant impact on predicting fC-GS.

Figure 9. Mean SHAP values.

The SHAP summary graphs in Fig. 10 depict the predic-
tions of fC-GS generated using the BDT model. The color 
represents the spectrum of feature values, while the hor-
izontal axis represents the SHAP value, or the feature’s 
influence, on the expected fC-GS. The presence of a red dot 
indicates a notably increased feature value, correspond-
ing to a high SHAP score. The study reveals a significant 
finding: a high SHAP value of 14, suggesting that the range 
of aggregate-to-binder ratio investigated can increase fC-

GS by 14 MPa above the average value. Conversely, a SHAP 
value of -10 on the extreme left (negative) indicates that 
reducing the aggregate-to-binder ratio could decrease 
fC-GS by 10 MPa below the average value. The findings of 
the SHAP analysis suggest that employing a game-the-
ory-based methodology to compute SHAP values may 
enhance the understanding of the proposed hybrid ma-
chine-learning models. In addition, the data indicate that 
the models have reasonable and satisfactory predicted 
accuracies.

Figure 10. SHAP summary plot.

4. Conclusions

To obtain a precise and reliable model for forecasting 
the fC-GS, 140 data samples for GSA blended sandcrete 
with varying aggregate-to-binder ratios, GSA content, 
and curing periods were collected from published litera-
ture. Based on the analysis of the collected data and the 
outcomes obtained from various mathematical and ma-
chine-learning methodologies, the following conclusions 
can be drawn: 

•	 According to many evaluation parameters, including 
R2, RMSE, and SI, the BDT model demonstrated su-
perior accuracy and performance in predicting the 
fC-GS. The model achieved the highest R2 values of 
0.947 and 0.965 on the training and test datasets, 
respectively. The training phase yielded the lowest 
root-mean-square error (RMSE) and structural index 
(SI) values of 2.12 MPa and 0.24, respectively. During 
the testing phase, the lowest RMSE and SI were ob-
served at 1.80 MPa and 0.22, respectively.

•	 Considering the MAE and a20 values, the ANN model 
achieved the highest rank for training, while the BDT 
model achieved the highest rank for testing. The MAE 
and a20 values were 1.40 MPa and 0.56 for the ANN 
model’s training dataset, and 1.33 MPa and 0.55 for 
the BDT model’s testing dataset, respectively. The 
lowest OBJ function value of 1.76 was observed for 
the BDT model. 

•	 The sensitivity analysis demonstrates that the aggre-
gate-to-binder ratio is the most significant parameter 
in determining the fC-GS. 

•	 Utilizing numerous models facilitates the process of 
validating and cross-verifying outcomes. By compar-
ing the predictions and outcomes of various models, 
professionals in the construction field can evaluate 
their precision and reliability across different situa-
tions. This practice enhances the trustworthiness of 
the findings.

•	 This study demonstrates that machine-learning ap-
proaches yield superior predictive performance for 
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relevant material properties, with the Boosted deci-
sion-tree (BDT) model emerging as the most effective. 
Conversely, when employing traditional mathemat-
ical modeling techniques, the full quadratic (FQ) 
model stands out as the best option. 

This study rigorously assesses the fC-GS prediction, there-
by improving the current understanding and real-world 
applications in this field. It is important to remember that 
increasing the data used to train the machine-learning 
model can improve performance. Therefore, upholding an 
extensive data compilation is crucial. Employing accurate 
predictive modeling can help researchers and designers 
select the appropriate mix parameters for constructing 
sustainable sandcrete with desired characteristics.
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