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ABSTRACT

ARTICLE INFO

Accurately predicting the compressive strength of concrete is crucial for ensuring
structural integrity, optimizing material usage, and reducing construction costs. Con-
ventional experimental methods, though reliable, are often labour-intensive and
time-consuming. To address these limitations, this study investigates the effective-
ness of machine learning (ML) algorithms as efficient alternatives for predicting con-
crete compressive strength. Four ML algorithms—Linear Regression (LR), Multilayer
Perceptron (MLP), M5 Rule-Based Model, and Support Vector Machines (SVM)—
were evaluated based on their predictive performance. A comprehensive dataset
comprising 350 concrete samples was prepared, with compressive strength tests
conducted in accordance with Indian standard 516. The models were trained on ex-
perimental data and were tested using varying data splits of 50%, 40%, 30%, 20%,
and 10% to assess their prediction accuracy. Among the evaluated models, the MLP
demonstrated superior performance, achieving a correlation coefficient (CC) of 0.98
with a 20% testing split, outperforming the other algorithms. To further validate the
predictive capability of the MLP model, multiple linear regression analysis was em-
ployed, confirming its robustness and generalization ability. The findings underscore
the potential of machine learning techniques, particularly the MLP model, in provid-
ing accurate, reliable, and time-efficient predictions of concrete compressive
strength. This study contributes to the growing body of research focused on leverag-
ing machine learning for enhanced decision-making in construction material design,
ultimately promoting more sustainable and cost-effective construction practices.
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1. Introduction

The field of construction materials research has un-
dergone a significant transformation with the advent of
machine learning (ML) techniques, offering novel ap-
proaches for analyzing and predicting the properties of
materials. Machine learning enables the development of
computational models capable of learning from data and
identifying complex patterns, thereby offering poten-
tially more efficient and effective solutions to structural
engineering challenges (Giirbiiz and Kazaz 2024).
Among these properties, compressive strength is a criti-

cal parameter that defines the quality, safety, and dura-
bility of concrete structures (Nalina 2023). The applica-
tion of advanced ML algorithms to predict the compres-
sive strength of concrete can significantly accelerate la-
bor-intensive experimental processes and reduce asso-
ciated costs (Harirchian 2024). Traditional methods for
determining compressive strength often involve time-
consuming laboratory tests and physical experiments.
As construction demands grow and evolve, there is a
pressing need for efficient, accurate, and cost-effective
methods to predict compressive strength during the de-
sign phase. While these methods ensure precision, they
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are limited by high costs, delays, and constraints in real-
time adaptability. In the modern era of construction and
infrastructure demands, where rapid urbanization and
sustainable design practices are paramount, the need for
efficient and accurate methods for predicting compres-
sive strength has become increasingly apparent. Ma-
chine learning algorithms present an innovative solution
to this challenge by leveraging computational models to
establish complex relationships between input features
and target variables (Yeh 1998). These techniques can
effectively model nonlinear relationships and process
large datasets, thereby enhancing prediction accuracy
and decision-making in concrete mix design. This study
focuses on evaluating the performance of various ma-
chine learning algorithms for predicting the compressive
strength of concrete.

2. Literature Review

The use of machine learning (ML) algorithms to pre-
dict the compressive strength of concrete has gained
significant attention in recent years due to their capabil-
ity to process large datasets and capture nonlinear rela-
tionships between multiple input variables. Yeh (1998)
was one of the first researchers to model the strength of
high-performance concrete using Artificial Neural Net-
works (ANNs). The study demonstrated that ANNs out-
perform traditional regression techniques in capturing
nonlinear relationships between variables such as wa-
ter-cement ratio, cement content, and curing time. Chou
and Tsai (2012) investigated a combined classifier ap-
proach using support vector machines (SVM) and deci-
sion trees for concrete compressive strength prediction.
The hybrid model was shown to provide enhanced accu-
racy compared to standalone ML algorithms. Huang et al.
(2025) applied deep learning techniques such as convo-
lutional neural networks (CNN) to predict the strength
of concrete containing waste materials like glass. Their
findings emphasized the importance of dataset size and
preprocessing in deep learning applications. Tiep et al.
(2024) introduced a novel hyperparameter tuning
framework for regression tasks. Their study combined
sampling algorithms with neural networks to optimize
model performance, achieving higher prediction accu-
racy for concrete strength. Khan et al. (2025) used Op-
tuna for automated hyperparameter tuning in predicting
high-performance concrete strength. By leveraging tools
like SHAP for interpretability, they provided insights
into influential variables such as cement content and wa-
ter-cement ratio. Ullah et al. (2025) demonstrated the ef-
fectiveness of hybrid ML models combining traditional
methods with advanced optimization algorithms to esti-
mate the tensile and compressive strength of basalt fi-
ber-reinforced concrete.

Oyebisi et al. (2024) incorporated optimization tech-
niques in ML models to enhance the prediction accuracy
for slurry infiltrated fiber concrete. The study high-
lighted the need for domain-specific customization in ML
applications. Salami et al. (2024) focused on the influ-
ence of feature selection in ML models for predicting the
compressive strength of concrete. The study demon-

strated that proper feature engineering could signifi-
cantly enhance prediction accuracy. Feature engineering
refers to the process of selecting, modifying, or creating
relevant input variables (features) that help machine
learning (ML) models make accurate predictions. Pan et
al. (2025) applied ensemble learning to predict recycled
concrete's compressive strength, emphasizing the im-
portance of cleaning datasets and identifying key predic-
tors. Ghoniem and Nour (2025) applied ML models to
predict the mechanical properties of sandstone concrete
with varying compaction levels and silica fume ratios.
Their results demonstrated the adaptability of ML for di-
verse concrete compositions. Li et al. (2025) investi-
gated the performance of circular concrete-filled steel
tubular columns using ML-based strength prediction
models, combining traditional mechanics and advanced
ML techniques. In this study, Linear Regression serves as
a fundamental baseline model for regression tasks. It es-
tablishes a linear relationship between input variable
and the target variable, which, in this case, is the com-
pressive strength of concrete. Despite its simplicity, LR
offers interpretability and provides insights into how in-
dividual variable affect strength predictions. Its inclu-
sion ensures a comparative understanding of how more
complex models improve upon this baseline. MLP, a type
of artificial neural network, is capable of capturing com-
plex, nonlinear relationships within data. Since concrete
compressive strength is influenced by multiple interact-
ing factors (e.g., material composition, curing time), MLP
can model these nonlinearities effectively. Its robust
learning ability allows it to generalize well across differ-
ent datasets, making it ideal for predicting material
properties with inherent variability. The M5 Rule-based
model combines decision trees with linear regression,
providing both interpretability and predictive power. It
creates piecewise linear models that adapt to local pat-
terns in the data, offering a balance between accuracy
and explainability. This makes it suitable for complex en-
gineering datasets where relationships between varia-
bles may vary across different ranges. SVM is known for
its ability to handle high-dimensional data and model
nonlinear relationships using kernel functions. For pre-
dicting concrete compressive strength, SVM can manage
complex interactions between variables with high preci-
sion. It is also less prone to overfitting, especially in sce-
narios where the dataset is not large, ensuring robust
predictions.

This study contributes to the existing body of work on
concrete strength prediction by providing a comprehen-
sive comparison of different machine learning models,
including MLP, SVR, M5 Rule, and Linear Regression. Un-
like previous studies that focused on single-model appli-
cations, this research highlights the strengths and limi-
tations of each model under varying training-to-testing
data splits. The findings emphasize the importance of se-
lecting an appropriate ML model and training percent-
age to achieve reliable predictions, reducing the reliance
on extensive laboratory testing. Furthermore, this study
demonstrates that MLP outperforms traditional and
rule-based models, reinforcing the need for advanced
ML techniques in concrete durability assessment and
predictive analytics.
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2.1. Linear regression model

Linear regression is a fundamental statistical and ma-
chine learning algorithm used to model the relationship
between one dependent variable (y) and one or more in-
dependent variables (x4, %5,..,%,) (Aydin et al. 2024;
Oztas et al. 2005). The model assumes a linear relation-
ship between the variables and predicts the value of (y)
based on the given inputs. In simple linear regression,
there is only one independent variable (x). The relation-
ship is modeled in Eq. (1) as:

y=PBo+ Pix t € (1)

where:
y is the dependent variable (target);
x is the independent variable (predictor);
By is the intercept (value of y when x=0);
B, is the slope coefficient (rate of change of y with re-
spect to x);
€ is the error term (accounts for deviations of actual y
from predicted y).

While in multiple linear regression, there are n inde-
pendent variables (xq,x,,..,x, ). The relationship is
modeled as in Eq. (2).

y= B+ B1X1 + ,Bsz + ﬁnxn + € (2)

2.2. Multi-layer perceptron model

A Multilayer Perceptron (MLP) is a class of artificial
neural networks (ANN) designed for supervised learning
tasks such as classification and regression. MLPs are ca-
pable of learning complex nonlinear relationships be-
tween inputs and outputs, making them highly versatile
in a variety of applications, including image recognition,
language processing, and predictive modeling. It consists
of three main layers: the input layer, hidden layers, and
the output layer. The input layer received the input fea-
ture while the hidden layer apply transformation using
weighted sums and activation functions and the output
layer produces the predictions. Forward propagation
and backpropagation are two key processes in training
artificial neural networks like the Multilayer Perceptron
(MLP). They work together to ensure that the network
learns from data, minimizes errors, and adjusts its
weights and biases effectively. Forward propagation
computes the output of the network given the inputs, by
passing data through each layer (Top¢u and Saridemir
2008). The input feature (x4, x,,..,x,) are fed into the
network. Each neuron computes a weighted sum of its
inputs, adds a bias, and applies an activation function as
mentioned in Eq. (3).
zj = Yisawiix by a; = f(z) (3)
where:
wij is the weight connecting input i to neuron j;

b; is the bias for neuron j;
f(z) is the activation function (e.g., ReLU, Sigmoid,
Tanh).

The output layer applies the same process and gener-
ates predictions (J) based on the activations of the pre-
vious layer. Backpropagation updates the weights and
biases of the network to minimize the error between
predicted (¥) and actual (y) values. Use a loss function
(e.g., Mean Squared Error or Cross-Entropy Loss) to cal-
culate the error as mentioned in Eq. (4).

Loss = =TI, (y; — 9)? (4)

Backpropagation calculates the gradient of the loss
function with respect to each weight and bias using the
chain rule of calculus as mentioned in Eq. (5).

dLoss
aWij

(5)

Gradients represent how much the weights/biases
need to change to reduce the loss. Using gradient de-
scent, update the parameters to minimize the loss as
mentioned in Eq. (6).

Wij ‘—Wij—ﬂ%oisjs (6)
where:
n is the learning rate (step size for updates).

Gradients are propagated backward through the net-
work, layer by layer, starting from the output layer and
moving toward the input layer.

2.3. M5 rule model

The M5 Rule Model is a decision-tree-based algorithm
used for regression tasks (Quinlan 1992). [t combines as-
pects of decision trees with linear regression models to
create a hybrid approach. Developed by Quinlan in 1992,
the M5 algorithm is particularly effective for modeling
nonlinear relationships and handling large datasets with
continuous target variables. M5 constructs a decision
tree by recursively splitting the data based on feature
values to minimize error. Unlike traditional decision
trees that predict constant values at the leaves, M5 asso-
ciates each leaf node with a linear regression model, al-
lowing for better predictions. The algorithm selects the
feature and split point that minimizes the variance of the
target variable within each subset. Variance reduction is
calculated as mentioned in Eq. (7).

AT = var(T) — %var(Tl) + %var(Tz)) (7)

where:
T is the original dataset;
T1, T2 are the subsets after split;
| T| is the number of samples in T.
At each leaf node, M5 fits a linear regression model as
mentioned in Eq. (8).

y= B+ lel + .82x2 +t ﬁnxn + € (8)

This allows the model to generalize better and cap-
ture trends in the data (Witten and Frank 2005).
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2.4. Support vector machine model

Support Vector Machine (SVM) is a powerful super-
vised learning algorithm used for classification, regres-
sion, and outlier detection tasks. It works by finding the
optimal hyperplane that separates data points into dis-
tinct classes or predicts continuous values in the case of
regression (Vapnik 1995).

The hyperplane is expressed as mentioned in Eq. (9).

wix+b=0 9)

where:
w is the weight vector;
x is the input feature vector;
b is the bias term.

SVM maximizes the margin (M) between support vec-
tors while ensuring correct classification as mentioned
in Eq. (10).

2
=— 10
wil (10)
The optimization problem is to maximize this margin,
which is equivalent to minimizing ||w|| subject to the
condition that all data points are correctly classified as
mentioned in Eq. (11).

Constraints:
y,whx; +b) 2 1,Vi (11)

where:
¥; is the class label of the i-th data point (+1 or -1);
x; is the feature vector of the i-th data point.

To solve the optimization problem, SVM uses La-
grange multipliers (Smola and Scholkopf 2004).

The Lagrangian formulation for the primal problem as
mentioned in Eq. (12).

Lw,b,a) =21||w||2 —i = 1¥na; [y;(wTx; + b) — 1] (12)

3. Methodology

In this study, concrete mix was prepared using
IS 10262 (2019) code. Total 350 number of cubes of di-
mension 150mmx150mmx150 mm were casted with
different mix design and were cured at 27+2 °C for 28
days. The specimens were tested at 7 and 28 days for
compressive strength of concrete. The mix ingredients
consist of cement, flyash, Alco-fine, ground granulated
blast furnace slag, water, fine aggregates and coarse ag-
gregates and admixture as mentioned in Table 1.

Table 1. Mix design proportions.

Dataset of concrete mix

Component

min (kg/m3) max (kg/m3) average (kg/m3)
Cement 130 650 330
GGBS 0 325 74
Flyash 0 360 59
Alco- fine 0 65 5
20mm 438 745 663
10mm 220 510 349
CRF 530 1100 836
Water 140 180 155
Admixture 1.017 8.45 5.24
Compressive strength (MPa) 12.99 96.73 48.34

For machine learning, WEKA software version 3.8.6
was used. A total of 350 datasets were taken as input.
The input dataset consists of cement, GGBS, flyash, Alco-
fine, 20mm, 10mm Crush sand, admixture. While the
output dataset consists of compressive strength .The in-
put and output dataset was normalized and then the da-
taset was trained and tested with different percentages
as 50%, 40%, 30% 20% and 10% with different machine
learning algorithms using WEKA software version 3.8.6.
The denormalization of output dataset was done to re-
vert back the predictions to their original scale. Statisti-
cal parameters such as coefficients of correlation (CC),
coefficients of determinations (R%), mean square error

(MSE), mean absolute error (MAE) and root mean
square error (RMSE) are evaluated for each machine
learning model. Later Multi-linear regression equation
for parameters compressive strength was developed
from origin software. The statistical parameters devel-
oped were compared with multi linear regression and
machine learning model statistics.

For MLP model, Sigmoid function was used with
epoch 500, learning rate 0.25 and hidden layer 8. The
training algorithm used is backward propagation. In
Support Vector Regression (SVR), the key hyperparame-
ters include epsilon range 0.001 while alpha ranges from
0.25 and kernel parameters.



64 More and Kambekar / Challenge Journal of Concrete Research Letters (2025) 16(2) 60-68

4. Results and Discussion

This section presents the performance of the different
machine learning model for predicting compressive
strength, evaluated across varying training-to-testing
data splits. Metrics such as Correlation Coefficient (CC),
Coefficient of Determination (R2), Mean Absolute Error
(MAE), Mean Squared Error (MSE), and Root Mean
Squared Error (RMSE) were analyzed to assess the mod-
el's accuracy and reliability. The compressive strength of
concrete is influenced by various factors, such as water-
cement ratio, cement content, aggregate properties, and
curing conditions. These factors introduce inherent var-
iability in the dataset, which the model attempts to cap-
ture.

4.1. Linear regression model

The CC values ranged from 0.95 to 0.97, indicating a
strong linear relationship between predicted and actual
compressive strengths as mentioned in Table 2. The pre-
dicted values of compressive strength and actual values
of compressive strength using linear regression model
are mentioned in Fig. 1.

Table 2. Linear regression model performance.

Testing
Strength
50% 40% 30% 20% 10%
cC 0.95 0.95 0.95 0.96 0.97
R2 0.91 0.90 0.90 0.92 0.93
MAE (MPa) 4.98 5.08 4.96 4.26 3.86
MSE (MPa) 39.04 41.94 42.53 29.05 24.63
RMSE (MPa) 6.25 6.48 6.52 5.39 4.96
Linear Regression Model
= " ©50%
© %
% 90 g b ® Testing
£ 80 Qo “\\
. ’..% ©40%
g ¢ () Testing
9 60 Ag ’ (' { ] )
‘a 50 - °® 30%
§ ) Testing
5 fﬁ%
S 30 o e ©20%
E 20 &Q [ J Testing
Lo
@ 10 10%
=8 0 Testing
0 20 40 60 80 100

Actual compressive strength (MPa)

Fig. 1. Linear model prediction efficiency.

Higher training percentages led to slight improve-
ments in CC, with the highest value (0.97), observed at
90% training data. This suggests that linear regression
effectively captures the dominant linear trends in the da-
taset. The reduction in MAE and RMSE as training data

increases reflects the model's improved ability to mini-
mize absolute and squared errors in predicting compres-
sive strength. At 50% training data, RMSE is 6.25 MPa,
indicating larger deviations from actual compressive
strength. At 90% training data, RMSE drops to 4.96 MPa,
showing improved precision in predictions. The R2 val-
ues ranged from 0.90 to 0.93, showing the proportion of
variance in the compressive strength explained by the
model. Then improved as training data increased, with
the best value (0.93) achieved at 90% training data. The
higher errors RMSE of 6.25 MPa at 50% training may be
linked to insufficient training data capturing the variabil-
ity of compressive strength. Higher RMSE values at
lower training percentages (e.g., 6.25 MPa at 50% train-
ing) may be attributed to insufficient training data, lim-
iting the model's ability to capture the full variability of
compressive strength. This variability stems from differ-
ences in concrete composition, such as water-cement ra-
tios and aggregate quality, as well as experimental incon-
sistencies in compressive strength measurement.

4.2. Multi-layer perceptron model

The CC values range from 0.96 to 0.98, indicating a
very strong relationship between the predicted and ac-
tual compressive strength values as mentioned in Table
3. The highest CC 0.98 was observed with 80% training
data, demonstrating the model's ability to learn complex
relationships with sufficient training data. The predicted
values of compressive strength and actual values of com-
pressive strength using MLP model are mentioned in Fig.
2. The R? values are consistently around 0.91-0.92, indi-
cating that approximately 91-92% of the variance in
compressive strength is explained by the model. While
R2 values are stable, the slight dip to 0.90 at 70% training
suggests some variability in performance. MAE values
range from 4.17 MPa to 5.20 MPa, reflecting the average
prediction error in compressive strength. The best MAE
4.17 MPa was observed at 90% training, indicating the
model’s improved accuracy with more training data in-
dicating better alignment with actual compressive
strength.

Both MSE and RMSE metrics decrease as training
data increases, except for a slight rise at 70% training,
indicating variability in the model's learning process.
MSE dropped from 35.60 MPa 50% training to 31.46
MPa 90% training. RMSE improved from 5.97 MPa 50%
training to 5.61 MPa at 90% training. The small devia-
tions in performance at 70% training with R2 0.90 and
RMSE 6.66 MPa suggest that MLP may be sensitive to
data distribution and hyperparameter settings. MLP re-
lies heavily on hyperparameter tuning (e.g., number of
layers, neurons, learning rate, batch size).The observed
variability at 70% training suggests that the model is
somewhat sensitive to the specific data distribution in
that training split. If the data distribution changes, the
model may struggle to generalize, leading to fluctua-
tions in R* and RMSE. MLP performance is influenced by
learning rate, activation functions, and weight initializa-
tion. The training process might have settled into a
suboptimal local minimum, leading to slightly worse
predictions.
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Table 3. Multi-layer perceptron model performance.

Testing
Strength
50% 40% 30% 20% 10%

cC 0.96 0.96 0.97 0.98 0.96

R2 0.91 0.92 0.90 0.91 0.91
MAE (MPa) 4.71 4.59 5.20 4.60 4.17
MSE (MPa) 35.6 33.78 44.37 33.14 31.46
RMSE (MPa) 5.97 5.81 6.66 5.76 5.61

Multi-layer Perceptron Model

__ 100
& ®50%
E 9 Testing
< 80
g 70 040%
= Testing
v 60
[
Z 50 30%
9] Testing
5 40
1S
S 30 ©20%
E 20 Testing
kY]
g 10 010%
T Testing

0 20 40 60 80 100
Actual compressive strength (MPa)

Fig. 2. Multi-layer perceptron model prediction efficiency.

Both MSE and RMSE metrics decrease as training data
increases, except for a slight rise at 70% training, indi-
cating variability in the model's learning process. MSE
dropped from 35.60 MPa 50% training to 31.46 MPa
90% training. RMSE improved from 5.97 MPa 50% train-
ing to 5.61 MPa at 90% training. The small deviations in
performance at 70% training with Rz 0.90 and RMSE
6.66 MPa suggest that MLP may be sensitive to data dis-
tribution and hyperparameter settings. MLP relies heav-
ily on hyperparameter tuning (e.g., number of layers,
neurons, learning rate, batch size).The observed varia-
bility at 70% training suggests that the model is some-
what sensitive to the specific data distribution in that
training split. If the data distribution changes, the model
may struggle to generalize, leading to fluctuations in R?
and RMSE. MLP performance is influenced by learning
rate, activation functions, and weight initialization. The
training process might have settled into a suboptimal lo-
cal minimum, leading to slightly worse predictions.

4.3. M5 rule model

The M5 Rule-Based Model was evaluated for predict-
ing the compressive strength of concrete using different
training-to-testing splits as mentioned in Table 4. The CC
values range from 0.86 to 0.92, indicating a moderate to
strong relationship between predicted and actual com-
pressive strength values. The highest CC 0.92 is observed
at both 50% and 90% training data splits, suggesting
better predictions with these configurations. The M5
Rule Model leverages these relationships by combining

decision trees and linear regression at leaf nodes. The
predicted values of compressive strength and actual val-
ues are mentioned in Fig. 3. The moderate CC 0.86 -0.92
suggests the model captures the dominant trends but
struggles with complex nonlinear dependencies com-
pared to models like MLP. The MAE and RMSE values in-
dicate that the model can provide quick and moderately
accurate estimates of compressive strength, reducing
the need for extensive laboratory testing. The R2 values
range from 0.74 to 0.87, indicating that the model ex-
plains up to 87% of the variability in compressive
strength. The R? values drop significantly at 70% train-
ing 0.74, suggesting potential overfitting or underfitting
issues. The MAE values range from 3.00 MPa to 5.28
MPa, reflecting the average prediction error. The best
MAE 3.00MPa is achieved at 90% training, while the
largest error occurs at 60% training 5.28MPa. MSE val-
ues drop significantly from 39.04 MPa for 50% training
to 15.34 MPa for 90% training, demonstrating improved
predictions with more training data. RMSE follows a sim-
ilar trend, reducing from 6.25 MPa to 3.92 MPa at 90%
training. Higher training data (90%) leads to better gen-
eralization, with the best performance in terms of CC, R?,
and MAE. Lower training splits (50-70%) show incon-
sistent performance, possibly due to overfitting or un-
derfitting. The M5 Rule-Based Model works well for cap-
turing dominant trends but struggles with complex non-
linear relationships, where neural networks like MLP
might perform better. Errors decrease as training data
increases, indicating the model benefits from more train-
ing examples.

Table 4. M5 rule model performance.

Testing
Strength
50% 40% 30% 20% 10%
cC 0.92 0.89 0.86 0.89 0.92
R2 0.87 0.79 0.74 0.79 0.87

MAE (MPa) 4.19 5.28 4.99 4.21 3.00

MSE (MPa) 39.04 41.94 42.53 39.05 15.34

RMSE (MPa) 6.25 6.55 6.79 6.23 3.92

M5 Rule Model
— 100
& ®50%
g %0 Testing
ﬁ’ 80

o

S 70 040@
*E Testing
o 60
5’ 50 30%
o Testing
a 40
€
S 30 ®20%
T 2 Testing
2
2
o 10 ®10%
a 0 Testing

0 20 40 60 80 100
Actual compressive strength (MPa)

Fig. 3. M5 rule model prediction efficiency.
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4.4. Support vector machine model

The analysis uses metrics such as Correlation Coeffi-
cient (CC), Coefficient of Determination (R2), Mean Abso-
lute Error (MAE), Mean Squared Error (MSE), and Root
Mean Squared Error (RMSE) to assess the model's per-
formance and reliability as mentioned in Table 5. The CC
values range from 0.95 to 0.97, indicating a very strong
relationship between predicted and actual compressive
strength values. As the testing percentage decreases, CC
improves slightly, reaching its peak 0.97 at 10% testing,
demonstrating the model's ability to generalize well with
sufficient training data. The R2 values range from 0.90 to
0.94, indicating that up to 94% of the variance in compres-
sive strength is explained by the model. R2 improves as the
testing percentage decreases, reflecting better predic-
tions with more training data. The compressive strength
of concrete is influenced by a complex interplay of factors
such as water-cement ratio, curing conditions, and aggre-
gate properties. The SVM model, with its capacity to han-
dle nonlinear relationships via kernel functions, effec-
tively captures these interactions as mentioned in Fig. 4.
The high CC and R? values suggest that SVM models are
well-suited for predicting compressive strength, espe-
cially in datasets with complex dependencies.

Table 5. Support vector machine model performance.

Testing
Strength

50% 40% 30% 20% 10%

CC 0.95 0.95 0.95 0.96 0.97

R? 0.91 0.91 0.90 0.92 0.94
MAE (MPa) 4.80 4.80 4.80 4.00 3.70
MSE (MPa) 39.68 40.20 41.69 26.91 22.65
RMSE (MPa) 6.30 6.34 6.46 5.19 4.76

Support Vector Machine Model
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Fig. 4. Support vector machine model prediction efficiency.

The MAE values range from 4.80 MPa (at 50-30%
testing) to 3.70 MPa (at 10% testing). The consistent im-
provement in MAE at lower testing percentages high-
lights the model’s increasing accuracy as more data is
used for training. MSE decreases significantly from 39.68

MPa at 50% testing to 22.65 MPa at 10% testing, reflect-
ing reduced prediction errors with larger training da-
tasets. RMSE also follows a downward trend, dropping
from 6.30 MPa to 4.76 MPa, further confirming improved
precision in predictions. MAE improves from 4.80 MPa
(at 50% testing) to 3.70 MPa (at 10% testing), demon-
strating that more training data allows the SVM model to
better generalize the relationships between features and
compressive strength.

The low RMSE values, particularly 4.76 MPa at 10%
testing, indicate that the model delivers predictions with
minimal deviation from actual compressive strength val-
ues. The SVM model’s ability to handle nonlinear data
(via kernel functions) makes it particularly suitable for
datasets where compressive strength exhibits complex
dependencies on mix proportions and curing condition.

4.5. Multi-linear regression

To validate the predictive capability of the machine
learning-based approach, the Multiple Linear Regression
(MLR) model was evaluated using a dataset containing
concrete mix properties. The model was constructed to
predict compressive strength based on key mix compo-
nents. The derived regression equation is:

CompressiveStrength = - 1495.02827 + 0.58745 x Ce-
ment + 0.57517 x GGBS + 0.77427 x Flyash + 0.74902 x
Alcofine + 0.5704 x 20mm + 0.55811 x 10mm + 0.5276
x CRF + 1.51772 x Water + 3.95817 x Admix

The coefficients in the regression equation represent
the impact of each component on the compressive
strength of concrete. Cement (+0.58745) has a positive
and significant impact, reflecting its role as a primary
binder. Ground Granulated Blast Furnace Slag (+0.57517)
indicates that (GGBS) contributes to strength by enhanc-
ing hydration and reducing voids. Flyash (+0.77427) pos-
itively influences strength through pozzolanic reactions.
Alcofine (+0.74902) indicates that the high coefficient for
Alcofine indicates its effectiveness in improving strength,
likely due to its ultra-fineness and high reactivity.

e 20mm Aggregate (+0.5704) and 10mm Aggregate
(+0.55811) indicate that the coarse aggregates en-
hance strength by providing a solid framework for the
concrete matrix.

e CRF (Crusher Rock Fines) (+0.5276) indicates that
fines contribute to improved packing density, enhanc-
ing compressive strength.

e Water (+1.51772) indicates that the positive coeffi-
cient suggests that water is a key activator for hydra-
tion, but excessive water can reduce strength.

e Admixture (+3.95817) indicates that the admixtures
significantly enhance strength by improving worka-
bility and reducing water demand.

e The negative intercept (-1495.02827) reflects the
combined effect of unmeasured factors and baseline
mix properties, serving as a constant offset for the re-
gression equation. The CC value obtained was 0.96, R?
0.92 and MAE 4.18 MPa with RMSE 6.31 MPa were
calculated and compared with different machine
learning models.
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5. Limitations of the Machine Learning Models

While the machine learning models used in this study
demonstrate strong predictive capabilities, several limi-
tations must be considered:

e Data Dependency: The performance of ML models is
highly dependent on the quality and quantity of training
data. Insufficient or biased data can lead to overfitting or
underfitting, affecting prediction accuracy.

e Hyperparameter Sensitivity: Models like MLP and SVR
require careful tuning of hyperparameters, which can
significantly impact their performance. Suboptimal hy-
perparameters may lead to higher errors.

e Computational Complexity: Advanced models such as
MLP and SVR require more computational resources
compared to simpler models like linear regression or M5
rule-based models. This can limit their practical applica-
tion in resource-constrained environments.

¢ Generalization Issues: While ML models perform well
on the training dataset, their ability to generalize to new,
unseen data may be limited, especially if the training
data does not sufficiently represent all possible varia-
tions in concrete mix properties.

e Interpretability: Some ML models, particularly neural
networks, act as black boxes, making it difficult to inter-
pret their decision-making process. This can be a draw-
back for practical applications where explainability is
crucial.

Future research should focus on improving model
generalization by incorporating more diverse datasets,
optimizing hyperparameter selection, and exploring hy-
brid modeling approaches that combine ML techniques
with domain knowledge in concrete materials science.

6. Conclusions

This study evaluated the performance of four machine
learning models—Linear Regression (LR), Multi-Layer
Perceptron (MLP), M5 Rule-Based Model, and Support
Vector Machine (SVM)—in predicting the compressive
strength of concrete. The models were assessed based on
key metrics such as Correlation Coefficient (CC), Coeffi-
cient of Determination (R?) Mean Absolute Error (MAE),
Mean Squared Error (MSE), and Root Mean Squared Er-
ror (RMSE) across varying training-to-testing data splits.

The following conclusions summarize the findings:

The selection of machine learning models for this
study was based on their ability to capture both linear
and nonlinear relationships in the dataset, their predic-
tive accuracy, and their computational efficiency. MLP
Model was selected for its ability to model complex non-
linear dependencies in the dataset. [t demonstrated su-
perior performance, with the highest CC and R? values,
making it the most accurate model for compressive
strength prediction. Support Vector Machine was se-
lected due to its strong performance in handling high-di-
mensional data and its robustness in capturing nonlin-
ear patterns. Although slightly less accurate than MLP, it
performed well in reducing prediction errors. M5 Rule-
Based Model was selected which included as it combines

decision trees with linear regression, offering interpret-
ability and reasonable predictive capability. While it
struggled with complex nonlinear relationships, it pro-
vided quick estimations with moderate accuracy. While
Linear Regression was used as a baseline model to eval-
uate how well simple linear relationships explain com-
pressive strength variations. Though computationally
efficient, its performance was lower than that of ad-
vanced ML models, justifying the need for more complex
algorithms

In linear regression model, achieved a high CC of 0.97
and R? of 0.93 at 90% training, indicating a strong ability
to explain the variance in compressive strength. While
the model performed well, its assumption of linear rela-
tionships limits its ability to capture complex nonlinear
dependencies, leading to relatively higher error metrics
MAE=3.86 MPa and RMSE=4.96 MPa. Suitable for appli-
cations where linear trends dominate and simplicity is
preferred. The MLP model demonstrated excellent pre-
dictive performance, with the highest CC of 0.98 and con-
sistent RZ values around 0.92. Its ability to model nonlin-
ear relationships resulted in competitive error metrics
MAE=4.17 MPa and RMSE=5.61 MPa at 90% training.
The MLP model is ideal for capturing complex patterns
in datasets, making it a powerful tool for predictive mod-
eling in concrete mix design. The M5 model achieved a
maximum CC of 0.92 and R2 of 0.87, with the best error
metrics MAE=3.00 MPa and RMSE=3.92 MPa observed at
90% training. While its hybrid approach combining de-
cision trees and linear regression makes it interpretable,
its performance was less consistent across all splits, es-
pecially for datasets with complex nonlinear dependen-
cies. Suitable for scenarios where simplicity and inter-
pretability are prioritized over absolute accuracy. The
SVM model showed strong predictive capabilities, with a
CC of 0.97 and the highest R2 of 0.94, demonstrating its
ability to explain up to 94% of the variability in compres-
sive strength. Error metrics MAE=3.70 MPa and
RMSE=4.76 MPa at 10% testing highlighted its robust-
ness and accuracy, particularly for datasets with nonlin-
ear relationships. SVM’s flexibility through kernel func-
tions makes it an excellent choice for modeling compres-
sive strength with complex dependencies. All four mod-
els demonstrated high accuracy in predicting compres-
sive strength, with SVM and MLP excelling in capturing
nonlinear relationships, and M5 Rule providing the low-
est errors under specific conditions. Among the four
model, MLP model exhibited excellent and higher cc val-
ues as compared with other machine learning models.
The MLP model demonstrated the highest CC value of
0.98 with a 20% testing split, indicating a very strong
correlation between predicted and actual values. It also
achieved an R? value of 0.92, suggesting that it explains
approximately 92% of the variance in compressive
strength. The MLP model showed superior performance
in capturing nonlinear relationships in the dataset, re-
ducing RMSE and MAE values across various training-
testing splits. SVM also performed well, achieving CC val-
ues between 0.96 and 0.98 and R? values around 0.91.
The model was able to capture complex patterns in the
data but exhibited slightly higher errors than MLP, par-
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ticularly in MAE and RMSE, suggesting sensitivity to hy-
perparameter tuning. The M5 model showed moderate
performance, with CC values ranging from 0.86 to 0.92
and R? values between 0.74 and 0.87. While it effectively
combined decision trees with linear regression, it strug-
gled with capturing highly nonlinear relationships, re-
sulting in higher MAE and RMSE values compared to
MLP and SVM. While linear regression provided reason-
able estimates with CC values of 0.95 to 0.97 and R? val-
ues of 0.90 to 0.93, it was outperformed by the more
complex ML models. The relatively higher RMSE values
indicate that linear regression may not fully capture the
nonlinear effects influencing compressive strength.
Overall, the MLP model outperformed other approaches
in terms of correlation and error reduction, making it the
most suitable technique for predicting compressive
strength in this study. Even when compared with multi
linear regression model statistics the MLP model perfor-
mance showed excellent results.

The performance of all models improved significantly
as the training data increased, highlighting the im-
portance of sufficient and high-quality data for model
training. Based on the comparative analysis, an 80%
training and 20% testing split is recommended for de-
veloping a robust model. This split consistently demon-
strated strong correlation values (CC~0.98), high ex-
planatory power (R?~0.92), and minimized errors (MAE
and RMSE). While 90% training also showed strong re-
sults, it may reduce the model's generalizability due to
limited testing data. On the other hand, lower training
percentages (e.g, 50-60%) exhibited higher errors,
likely due to insufficient training data. Therefore, an 80—
20 split balances training effectiveness and model vali-
dation, ensuring reliable compressive strength predic-
tions. The results suggest that incorporating nonlinear-
ity and advanced learning mechanisms significantly en-
hances prediction accuracy.

REFERENCES

Acknowledgements
None declared.

Funding
The authors received no financial support for the research, author-
ship, and/or publication of this manuscript.

Conflict of Interest
The authors declared no potential conflicts of interest with respect to
the research, authorship, and/or publication of this manuscript.

Author Contributions

All of the authors made substantial contributions to conception and
design, or acquisition of data, or analysis and interpretation of data;
were involved in drafting the manuscript or revising it critically for im-
portant intellectual content; and gave final approval of the version to be
published.

Data Availability

The datasets created and/or analyzed during the current study are
not publicly available, but are available from the corresponding author
upon reasonable request.

Aydin Y, Ahadian F, Bekdas G, Nigdeli S (2024). Prediction of optimum
design of welded beam design via machine learning. Challenge jJour-
nal of Structural Mechanics, 10(3), 86-94.

Chou JS, Tsai CF (2012). Concrete compressive strength analysis using
a combined classification and regression technique. Automation in
Construction, 24, 52-60.

Ghoniem AG, Nour LAA (2025). Mechanical properties prediction of
sandstone concrete with varying compaction levels and silica fume
ratios using machine learning approaches. Construction and Build-
ing Materials, 460, 139817.

Giirbiiz M, Kazaz [ (2024). Ultimate drift ratio prediction of steel plate
shear wall systems: a machine learning approach. Challenge Journal
of Structural Mechanics, 10(2), 34-46.

Harirchian E (2024). Predicting compressive strength of AAC blocks
through machine learning advancements. Challenge Journal of Con-
crete Research Letters, 15(2), 56-68.

Huang X, Huang ], Kaewunruen S (2025). An explainable machine
learning system for efficient use of waste glasses in durable con-
crete to maximize carbon credits towards net zero emissions.
Waste Management, 193, 539-550.

IS 10262 (2019) Concrete Mix Proportioning - Guidelines (Second Re-
vision). Bureau of Indian Standards, New Delhi, India.

Khan MS, Peng T, Khan MA, Khan A, Ahmad M, Aziz K, Sabri MMS, Abd
El-Gawaad NS (2025). Explainable AutoML models for predicting
the strength of high-performance concrete using Optuna, SHAP and
ensemble learning. Frontiers in Materials, 12, 1542655.

Li SZ, Wang J], Jiang L, Deng R, Wang YH (2025). Machine learning-
based strength prediction for circular concrete-filled double-skin
steel tubular columns under axial compression. Engineering Struc-
tures, 325, 119460.

Nalina M (2023). Efficacies of suggested strength-based prediction
models for estimation of compressive and tensile properties of nor-
mal concrete. Challenge Journal of Concrete Research Letters, 14(2),
47-58.

Oyebisi S, Shammas M], Sani R, Oyewola MO, Olutoge F (2024). Artifi-
cial intelligence-based modeling of compressive strength of slurry-
infiltrated fiber concrete. World Journal of Engineering, ahead-of-
print.

Oztas A, Pala M, Ozbay E, Kanca E, Gaglar N, Bhatti MA (2005). Predict-
ing the compressive strength and slump of high strength concrete
using neural network. Construction and Building Materials, 20(9),
769-775.

Pan B, Liu W, Zhou P, Wu DO (2025). Predicting the compressive
strength of recycled concrete using ensemble learning model. IEEE
Access, 13,2958-2969.

Quinlan JR (1992). Learning with continuous classes. Proceedings of the
5th Australian Joint Conference on Artificial Intelligence, 343-348.

Salami BA, Usman ], Gbadamosi A, Malami SI, Abba SI (2024). Global
big data laboratory experiment integrated with kernel-based algo-
rithms for compressive strength modeling. Scientific Reports, 14,
30646.

Smola AJ, Scholkopf B (2004). A tutorial on support vector regression.
Statistics and Computing, 14(3), 199-222.

Tiep NH, Jeong HY, Kim KD, Mung NX, Dao NN, et al. (2024). A new hy-
perparameter tuning framework for regression tasks in deep neu-
ral networks. Mathematics, 12(24), 3892.

Topeu IB, Saridemir M (2008). Prediction of compressive strength of
concrete containing fly ash using artificial neural networks and
fuzzy logic. Computational Materials Science, 41(3), 305-311.

Ullah ], Javed MF, Alabduljabbar H, Ullah H (2025). Estimating the com-
pressive and tensile strength of basalt fiber-reinforced concrete us-
ing advanced hybrid machine learning models. Structures, 71,
108138.

Vapnik VN (1995). The Nature of Statistical Learning Theory. Springer.

Witten IH, Frank E (2005). Data Mining: Practical Machine Learning
Tools and Techniques. Morgan Kaufmann Publishers.

Yeh IC (1998). Modeling of strength of high-performance concrete us-
ing artificial neural networks. Cement and Concrete Research,
28(12),1797-1808.





