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ARTICLEINFO ABSTRACT

Article history : Conventional concrete consumes large amounts of cement and aggregates, contributing to
environmental degradation. This study investigates eco-friendly concrete mixtures

Received : 6 August 2025 incorporating industrial by-products such as fly ash, ground granulated blast furnace slag

Revised : 20 September 2025 (GGBFS), and granite powder to enhance tensile strength and promote sustainable
construction. A dataset of 252 experimental samples was analyzed using five statistical
Accepted : 10 November 2025 models—Linear Regression (LR), Pure Quadratic (PQ), Logarithmic (LOG), Interaction

(INT), and Full Quadratic (FQ)—to predict tensile strength based on eight input
parameters, including curing time, pull-off layer thickness, and mix ratios. Among the
models, the FQ model exhibited the highest accuracy with the lowest residual error,
followed by the INT model. Sensitivity analysis identified curing time, pull-off layer
Eco-friendly concrete thickness, and the cement-to-sand ratio as key parameters affecting tensile strength.
Results confirm that optimizing the water-to-cement and cement-to-sand ratios can
significantly improve the performance of eco-friendly concrete. Overall, this study
Soft Computing Models demonstrates that incorporating industrial by-products into concrete mixtures effectively
balances mechanical performance with environmental sustainability, supporting the
transition toward greener construction practices.
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1 Introduction

Due to its durability, accessibility, and adaptability in construction materials globally, conventional concrete significantly
contributes to environmental deterioration and the depletion of natural resources, as it consists primarily of 80% aggregates
and approximately 12% cement by weight [1]. This output level raises significant sustainability concerns, including the
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overexploitation of natural aggregates, substantial energy demands in cement manufacturing, and increased greenhouse gas
emissions [2]. The construction industry is undergoing a transformative shift toward sustainability, driven by the urgent need
to reduce its environmental impact. Traditional concrete production accounts for 8% of global CO: emissions, primarily due
to the energy-intensive manufacturing of Portland cement, which requires 1.5 tons of raw materials per ton of cement and
emits 0.9 tons of CO: [3]. In response, researchers and industry leaders are developing eco-friendly alternatives that utilize
industrial byproducts, advanced technologies, and principles of the circular economy. One of the most promising
developments is green concrete, which incorporates supplementary cementitious materials (SCMs) such as fly ash (FA),
ground granulated blast-furnace slag (GGBFS), and waste granite powder (GP) to replace a portion of the cement. These
materials not only reduce CO: emissions by 20—40% but also enhance the durability and workability of concrete. For instance,
fly ash improves long-term strength and reduces permeability, while GGBFS offers superior resistance to sulfate attacks,
making it ideal for marine environments [4]. Waste granite powder, a byproduct of stone processing, enhances surface
adhesion and reduces porosity in flooring applications, demonstrating how industrial waste can be repurposed effectively [4].
Recycled materials are also playing a crucial role in sustainable concrete production. Recycled coarse aggregates (RCA) from
demolished structures can replace up to 60% of natural aggregates, maintaining compressive strengths of 35-40 MPa while
reducing landfill waste [4]. Pretreatments, such as pozzolan slurries or sodium silicate coatings, improve RCA's density and
water absorption, addressing one of its primary limitations. Similarly, recycled plastic concrete incorporates waste plastics
as lightweight aggregates, offering a dual solution to plastic pollution and reducing the high carbon footprint of
construction [5]. A lower WI/C ratio leads to denser microstructures, reducing capillary voids and enhancing both
compressive and tensile strength due to improved interfacial bonding between the cement paste and aggregate [6].
Conversely, higher W/C ratios, while improving workability, increase pore volume and reduce tensile capacity, especially in
early-age concrete [7]. Curing time is another crucial factor, as it directly affects the hydration of cementitious materials and
the formation of calcium silicate hydrate (C-S-H), which contributes to strength gain. Prolonged curing, typically lasting up
to 28 days, enables deeper hydration, resulting in enhanced tensile strength and overall durability of eco-concretes [8].
Inadequate curing, on the other hand, can result in poor tensile behavior due to incomplete hydration and increased
microcracking [9]. An optimal C/S ratio enhances cohesion and contributes positively to tensile strength, while excessively
low or high ratios may compromise workability or introduce micro-defects in the matrix [10]. Balancing C/S alongside W/C
is critical in mix design to ensure that both strength and sustainability goals are met in eco-friendly concrete formulations
[10]. These materials, typically by-products of industrial processes, not only improve environmental performance but also
introduce complex interactions that affect the behavior of concrete, especially its tensile strength, which is crucial for long-
term structural integrity and crack mitigation [5]. Historically, tensile strength has been the primary performance criterion in
concrete design; however, tensile strength is equally crucial for resisting cracking and failure under flexural or obligue loads.
Estimating tensile strength is more complex for ecologically friendly concrete systems due to the nonlinear interactions
among variables, including curing time, water-to-cement ratio, and mineral additives, which arise from material replacements
and chemical admixtures [11]. The traditional experimental or empirical techniques for determining tensile strength are labor-
intensive, need costly laboratory equipment, and are typically not scalable across various mixing circumstances. Predictive
modeling, particularly using soft computing and statistical regression methods, has emerged as a crucial tool for accurately
assessing mechanical performance based on mix design factors [12]. Commonly employed strategies for this purpose include
linear regression (LR) and multiple linear regression (MLR) models, which are straightforward to build and can discern first-
order correlations between mechanical responses and input parameters [13]. The linear models, however, are inadequate for
accurately representing the actual behavior of modern eco-concretes, which are significantly influenced by extremely
nonlinear phenomena. Consequently, nonlinear modeling approaches, such as Pure Quadratic (PQ), Logarithmic (LOG), and
Fully Quadratic Regression (FQ) models, are being widely employed in materials research [14]. The PQ model is highly
effective in describing curvature effects in data, as it mitigates interaction and incorporates squared terms [15]. Conversely,
the Interaction Regression (INT) model incorporates cross-terms to demonstrate the synergistic effects of factors, such as fly
ash and slag ratios, on tensile strength, a relationship thoroughly examined in concrete science [16]. Five regression prediction
models, including Linear Regression (LR), Polynomial Quadratic (PQ), Logistic Regression (LOG), Interaction (INT), and
Fully Quadratic (FQ), are employed to describe and predict the tensile strength of eco-friendly concrete. Although several
studies have employed soft computing techniques to predict the mechanical properties of eco-friendly concrete, the majority
focus on compressive strength, with limited attention given to tensile strength, a key parameter for structural durability and
crack resistance. Furthermore, few works have systematically compared different regression-based soft computing models,
such as linear, logarithmic, quadratic, and interaction models, to evaluate their predictive performance for tensile strength
using a unified dataset. Additionally, the influence of individual mix design parameters on tensile strength has not been
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extensively analyzed through sensitivity analysis. This study addresses these limitations by developing and comparing five
regression-based soft computing models on a diverse experimental dataset and identifying the most critical variables that
influence tensile performance.

2 Research Objectives

This study aims to examine the impact of fly ash on the tensile strength of eco-friendly concrete. Referring to previous
literature, this study utilizes a dataset of 252 experimental samples (Table 1) with the precise objectives being as follows:

e To conduct a comprehensive sensitivity analysis on the tensile strength of eco-friendly concrete mixes to find
the main factors that affect it.

e Investigate the impact of the fly ash to binder ratio on the tensile strength of eco-friendly concrete.

e Develop multiple soft computing models to predict the tensile strength of 252 various eco-friendly concrete
mixtures.

e Thisresearch also provides insight into the utility of environmentally friendly concrete mixes, thereby reducing
the impact of construction operations on the environment.

Table 1. Statistical Information for Input and Output Variables

Variable Units Subscript Min. Max Mode Mean izi?gt?;g
Curing Time Days CT 7 28 7 17.5 10.47
Cement to Sand Ratio - CIS 023 0.33 0.23 0.26 0.031
Water to Cement Ratio - wi/C 0.5 0.71 0.71 0.65 0.072
GP to Binder Ratio - GP/B 0 0.3 0 0.071 0.089
FA to Binder Ratio - FA/B 0 0.3 0 0.077 0.084
GGFBS to Binder Ratio - GGFBS/Binder 0 0.3 0 0.070 0.084
Plasticizer to Cement Ratio - P/C 234 335 3.35 3.04 0.34
Thickness of the pull-off layer mm TPOL 1 14 8 7.28 3.57
Tensile Strength MPa fh 1.17 2.28 1.47 1.63 0.25

3 Methodology

Figure 1 illustrates the activities undertaken in this study, highlighting the processes implemented. Research on eco-
friendly concrete is essential, and 252 of 368 different samples and combinations were collected from a previous study [17].
The database has been divided into training and testing datasets to develop precise and reliable models. A total of 168 different
combinations were used as training data (70%), while the remaining 84 were utilized as testing data (30%). The gathered
data includes the following attributes: curing time, pull-off layer thickness, cement-to-sand ratio, water-to-cement ratio,
granite powder-to-binder ratio, fly ash-to-binder ratio, ground granulated blast furnace slag-to-binder ratio, and plasticizer-
to-cement ratio. The primary objective of this study is to predict the value of f, and to develop realistic and reliable models.
The primary predictive models employed were Linear Regression (LR), Pure Quadratic Regression (PQ), Logarithmic
Regression (LOG), and Fully Quadratic Regression (FQ).

1. Model Development: Four regression models (LR, PQ, INT, FQ) were constructed using the dataset.

2. Performance Evaluation: Evaluation metrics (R2, RMSE, MAE, OBJ, SI) were then applied to all models to
identify the most accurate and reliable predictive model.

3. Model Selection: Based on the performance metrics, the best-performing model was identified.

4. Sensitivity Analysis: Sensitivity analysis was subsequently performed on this selected model to determine the
relative influence of input parameters on the predicted tensile strength.

Figures 2 and 3 present the scatter of the dependent and independent values used in the study.
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Fig. 1- Flowchart Diagram for the Conducted Study
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Fig. 3- Correlation Matrix for the Correlation Between all the Variables

3.1 Linear Regression Model (LR)

Using a linear equation, a statistical method known as linear regression models the relationship between a dependent
variable and one or more independent variables. Its simplicity makes it common in engineering for prediction [18]. LR
models, classified by the number of independent and dependent variables, exist in four types. Simple linear regression occurs
when there is just one independent variable; multiple linear regression occurs when there is more than one independent
variable [13]. In terms of dependent variables, univariate linear regression is used when there is only one dependent variable,
and multivariate linear regression is used when there are more than one [19]. In this study, multiple linear regression is used
to predict tensile strength using various independent variables. This model may exhibit lower accuracy compared to nonlinear
or advanced machine learning methods, as it assumes a linear relationship. [20] The relationship between the independent
variables and tensile strength is expressed as:

fa(MPa) = Bo + By (CT) + Bo(TPOL) + B5 (5) + Bu (%) + 85 (5) + B (5) + B ((52) + 8 (5) (@)

The independent parameters are curing time (CT), thickness of pull-off layer (TPOL), cement to sand ratio (C/S), water
to cement ratio (W/C), granite powder to binder ratio (GP/B), fly ash to binder ratio (FA/B), slag to binder ratio (GGFBS/B),
plasticizer to cement ratio (P/C). The dependent variable is tensile strength (f;,). Also, S, until S5 are the parameters.

3.2 Pure Quadratic Regression Model (PQ)

The third model used in this research, the pure quadratic model, is a specialized form of polynomial regression that
includes the squared terms of the independent variables only [21]. While quite similar to a full quadratic model, the PQ model
retains quadratic effects and excludes interaction terms, making it suitable for capturing nonlinear relationships without
excessive complexity [22]. In equation 2, the PQ model predicts the tensile strength of the concrete. PQ is expected to yield
more accurate predictions than linear regression since the proper relationship between the variables is nonlinear [21]. Since
it employs higher-order terms, it may encounter calculation issues if not fitted correctly [23]. The PQ model is mathematically
expressed as:

£, (MPa) = By + Bo(CT) + Bo(TPOL) + B ( )+ 6. (% ) +B5 (5) + B () + B (F222) + B (T) + BalCTI? +
B1o(TOPL)? + B4 (5)2 + P12 ( ) + Bz (GP) + Bra (FA) + Bis (GGFBS) + Bis (E) @

Whereas B, until ;¢ are the parameters.

3.3 Logarithmic Regression Model (LOG)

The logarithmic regression model (LOG) is a nonlinear approach to represent the relationship between the dependent
variable and the natural logarithm of the independent variables [24]. This model works best when the rate of change of the
response variable decreases as the predictor variable increases. In many engineering and material science applications, the
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(LOG) model is commonly used [25]. The logarithmic model is employed in this study to illustrate the diminishing returns
effect that often occurs as concrete strength develops [26]. When the connection between variables follows a logarithmic
pattern, this approach should yield better results than linear models [27]. However, this model requires all of its input variables
to be strictly positive, and it cannot function effectively with zero or negative variables [28]. The LOG model is
mathematically represented as:

fa(MPa) = By + ByIn(CT) + B, IN(TPOL) + B3 In (£) + By In (%) + s In () + B In () + g In (“22%) +
faln () ©)

Whereas 3, until g are the parameters.
3.4 Interaction Regression Model (INT)

The interaction regression model incorporates product terms among independent variables into a linear regression model,
allowing for the analysis of cooperative effects among predictors [29]. The (INT) method is especially useful in concrete
technology, where the material's components are interdependent. The model may show situations in which the influence of
one variable depends on the amount of another [30]. Equation 4 presents the interaction regression model, which can be used
to predict tensile strength and provides a more detailed picture than the basic linear regression model. However, it requires
careful interpretation, as interaction effects may complicate the estimation of individual parameters [31]. The (INT) model is
particularly beneficial when prior information indicates that specific parts of a material will interact in a particular manner
[32]. The INT model is mathematically represented as:

fa(MPa) = By + B1(CT) + Bo(TPOL) + Bz (£) + Bu (%) + Bs (52) + s (52) + 7 (Z222) + 55 (£) +
Bs(CTYTPOL) + B1o(CT) (£) + B1a (CT) (£) + Br2(CT) (£) + Bus (€T) (52) + BralCT) (Z522) + pus(eT) () +
Bis(TPOL) (£) + 1, (TPOL) (%) + Bia(TPOL) () + B1o(TPOL) (22) + Boo(TPOL) (Z522) + gy (TPOL) (2) +
oz () (2) + Bas (5) (5) + B2s (5) (5) + s (3) (5557°) + e (5) (B) + £ (2) (5) + £ (2) (5) +
Bos () (5557) + B0 (2) (0) + 1 (5) (5) + 82 (5) (55 + s (7) (0) + 84 (5) (555) + s (3) () +
pss (55 (©) @

Whereas S, until 5, are the parameters.

3.5 Fully Quadratic Regression Model (FQ)

The fully quadratic regression (FQ) model is the fourth model used in this study. It enhances the pure quadratic model
by adding squared terms and cross-product interaction terms between independent variables [33]. This approach enables the
model to identify not only single nonlinear effects but also synergistic interactions across variables [34]. The FQ model is
beneficial in materials science, where several interrelated elements affect mechanical characteristics [35]. The completely
quadratic model for forecasting the tensile strength of concrete is given in Equation 5. This model is expected to provide
more accurate predictions than simpler linear and pure quadratic models, especially when there are strong interactions among
the material components [36]. To avoid overfitting, the model's complexity must be carefully validated [37]. The FQ model
is mathematically represented as:

fa(MPa) = By + By(CT) + Bo(TPOL) + B3 (5) + Bu (%) + Bs (5) + o (5) + 7 (25=) + 85 () +
Bo(CTY(TPOL) + B1o(CT) (5) + 11 (CT) () + Bz (CT) (5) + Bra(€T) (5) + Bra(CT) (F522) + Bus(CT) (2) +
Bio(TPOL) (£) + B17(TPOL) (%) + Brg(TPOL) () + Bro(TPOL) () + fao(TPOL) (525 + B, (TPOL) (5) +
Bz (6) (2) + B2 (5) (5) + £20 (§) (5) + Bas () (555 + s (§) (B) + £ (2) (5) + £ (2) (5) +
s (¢) (57) + B0 (2) (0) + Bex (5) (5) + 2 () (57) + 8 (5) () + £ (5) (557) + s (5) (B) +
Bze (GGFBS) ( ) + B37(CT)? + B3g(TPOL)? + B39 ( ) + Bao (g) + Baa (GP) + Baz (FA> + Baz (GGFBS) + Baa (g) ®)

Whereas S, until 8,, are the parameters.
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3.6 Performance evaluation criteria

The Numerical values used were the correlation coefficient (R?), root mean squared error (RMSE), mean absolute error
(MAE), and objective function (OBJ), along with the scatter index (SI) to observe data dependence within the models (Table
2). These values were used to examine and evaluate the models’ efficiency. Table 2 shows the ranking of the five different
models. The statistical factors used in this study formed the basis for this ranking. The coefficient of determination (R?)
evaluates a model's ability to explain observed variability. In contrast, the root mean squared error (RMSE) measures the
average amount of prediction errors and model accuracy. That error can be the average absolute difference between measured
and predicted values here. MAE, however, is defined as the absolute error, examining consistency between observations
matched within the same phenomenon. SI measures the difference between the recorded and modeled values. OBJ presents
an objective function, a linear function of two decision variables, to be either maximized or minimized under the given
constraints. Statistical values for each criterion are shown in Equations 6-10. [38- 40].

2_1_ z?zl(yi—xi)z}
R2=1 {z?:1 X (6)
MAE — Zi:l(lii_x’:l) (7)

RMSE = [H=®izx)? ®)
N

n RMSEt+ MAE, n RMSEgt+ MAE,
0BJ = ( tr o t;’ tr) ( tst o tszt tst) 9)
Nall Rip+1 Nall Risetl
RMSE
SI = > (10)

xi expresses the predicted value of CS,

yi Denotes the tested value of CS,

x Refers to an average of the predicted values,

¥ Refers to an average of the tested data,

ngy Stands for the total number of datasets (including training and testing),
ng, is a value that denotes the number of training datasets,

ngs: 1S a value denoting the number of testing datasets,

N is the dataset’s total number of data points.

R? is considered best when it’s one, while its value ranges from zero to one. In MAE, RMSE, and OBJ, a blank indicates
maximum efficacy, with a range of 0 to 1, meaning that lower values yield better model efficacy. Models outperforming
expectations have S| values of less than 0.1. It is argued that if the positive correlation coefficient is greater than 0.8, a
significant relationship exists between the actual value and the predicted value [37]. The Sl value is assigned to various
categorized performance levels: less than 0.03 is excellent, between 0.03 and 0.06 is good, between 0.06 and 0.09 is fair, and
above 0.09 is poor [35, 36].

Table 2. A List of the Criteria Used to Evaluate the Performance of the Models

Training Testing
MODEL  Figure  Equation m2 RMSE MAE m2 RMSE MAE Rank
(MPa) (MPa) (MPa) (MPa)
FQ 4 6 0.829 0.105 0.089 0.850 0.094 0.077 2
LR 5 2 0.788 0.117 0.098 0.794 0.111 0.090 4
PQ 6 3 0.794 0.115 0.097 0.810 0.095 0.089 3
LOG 7 4 0.769 0.122 0.102 0.758 0.120 0.096 5
INT 8 5 0.848 0.099 0.082 0.851 0.094 0.076 1
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4 Results and discussion
4.1 Linear Regression Model

A linear regression model was used to compute the tensile strength of eco-friendly concrete with varying mix ratios
(Figure 4). While the linear regression (LR) method is simple to use, it is generally not expected to produce highly accurate
findings, as it only considers constant terms and linear parameter correlations, which are insufficient to represent the
complexity of sustainable concrete mixtures.
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Fig. 4- Comparison between predicted and measured tensile strength using the FQ model for training and testing data
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Equation 11 was trained on experimental datasets and then validated on testing data. The model had a R? value of 0.788
and an RMSE value of 0.117 MPa on training data. The performance on the testing data showed enhancement (R? = 0.794,
RMSE = 0.111 MPa).

fo(MPa) = —0.36 + 0.02(CT) — 0.02(TPOL) + 2.46 (g) +233 (%) ~1.60 (%P) — 141 (%) — 215 (GGZBS) -

0.001 (2) (11)

Figure 5 shows that the error distribution varied from 15% to 15%. 85% of the predictions were within a 0.85-1.15 ratio
of the measured tensile strength values. This shows that the linear model is a satisfactory initial approximation. Still, since it
consistently underestimates higher-strength mixes (as demonstrated by the negative error skew), it implies that nonlinear
influences require consideration for better accuracy.

4.2 Pure Quadratic Regression Model

A pure quadratic (PQ) regression model was used to model the tensile strength of eco-friendly concrete. Squared terms
were used in this model to describe materials' nonlinear behavior better, whereas interaction terms were eliminated. Equation
12 shows the PQ model, which was trained and tested using experimental datasets. The performance metrics demonstrated a
slight improvement over linear regression. However, the PQ model was not the most accurate model for our dataset in this
study. The training results had an R2 of 0.801 and an RMSE of 0.113 MPa, while the testing results had an R2 of 0.824 and
an RMSE of 0.091 MPa. The error distribution, as seen in Fig. 6, varied from —15% to 15%. 85% of the predictions were
within a 0.85-1.15 ratio of the experimental values. This equation was applied to the testing dataset to improve its accuracy

(Fig. 6).
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Fig. 6- Comparison between predicted and measured tensile strength using the PQ model for training and testing data
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4.3 Logarithmic Regression Model

The third model employed in this study was logarithmic regression to model the tensile strength of eco-friendly concrete.
The LOG model is nonlinear, and the material behavior often follows nonlinear trends. Equation 13 presents the LOG model,
developed from the training dataset and subsequently tested on the test dataset. However, in this study, the LOG model had
the lowest accuracy among the models used. This model on the training dataset yielded an R? of 0.769 and an RMSE of 0.122
MPa, while the test data produced comparable results (Rz = 0.7758, RMSE = 0.120 MPa). As shown in Figure 7, 85% of
results fall within £15% of experimental values (Figure 7).

£,(MPa) = 0.33 — 0. 09ln(CT) —0.121In(TPOL) — 0.75 ln( ) 0.002 ln( ) +0.003 ln( ) 0.0051In (%A) +

: + n
0.013In (“22) +0.431 (13)
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Fig. 7- Comparison between predicted and measured tensile strength using the LOG model for training and testing data
4.4 Interaction Regression Model

The interaction regression (INT) model was developed to predict the tensile strength of eco-friendly concrete. The INT
model incorporates cross-product terms to show the critical interactions between the independent parameters. The INT model
demonstrated the best performance among the models used in this study. The training dataset results yielded an R2 of 0.848
and RMSE of 0.099 MPa, and while the testing results achieved an R2 of 0.851 and RMSE of 0.094 MPa, outperforming both
fully quadratic and pure quadratic models, which are the second and third-most accurate models in this study, respectively.
As shown in Fig. 8, the prediction errors fell within a narrow band of +5%, with 95% of data points concentrated in the 0.95-
1.05 ratio range, confirming its exceptional accuracy (Fig. 8).

£.(MPa) = 7.11 — 0.76(CT) + 0.04(TPOL) — 12.25 (g) ~126 (%) +0.3(Z) - 0.2 ( %) +0.03 (GG“”) +
1.45(CT) (9) — 0.04(CT) (G ) 0.04(CT) (GGFBS) +0.13(CT) (g) — 0.18(TPOL) (E) + 0.06(TPOL) (—) +
0.07(TPOL) (—) +0.02(TPOL) (—) — 0.008(TPOL) (GGFBS) — 0.02(TPOL) (g) +0.004 (g) (—) +0.001 ( ) ( )
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Fig. 8- Comparison between predicted and measured tensile strength using the INT model for training and testing data

4.5 Fully Quadratic Regression Model

The fifth model used in this study to predict the tensile strength of eco-friendly concrete is the fully quadratic regression
model (FQ). It provides a comprehensive second-order approximation that captures both nonlinear effects and the synergistic
interactions among the independent parameters. FQ is an advanced model that incorporates all quadratic terms and cross-
product interaction terms, achieving training metrics of R2=0.829 and RMSE = 0.105 MPa, with testing performance of
R2 = 0.850 and RMSE = 0.094 MPa.

Fig. 9- Comparison between predicted and measured tensile strength using the five models for training and testing data
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Fig. 4 shows the error distribution, with 90% of predictions falling within +10% error margins (Fig. 9).

fa(MPa) = 0.02(CT) — 0.02(TPOL) + 1.38 (£) + 096 (%) — 2.16 () — 192 (2) - 242 (*2%) + 023 () +
0.10(cT) (£) +0.043(cT) (%) - 0.11(cT) (£) - 0.077(cT) (22) - 0.12(CT) (£52) + 0.02(CT) (5) -
0.18(TPOL) (<) + 0.008(TPOL) (%) + 013(TPOL) () + 0.077(TPOL) () + 0.055(TPOL) (££22)

0.006(TPOL) (5) ~0.015 (g) (%) ~0.012 (g) (%”) — 0.008 (g) (%) +0.004 (g) ("""’;Bs) ~0.07 (g) g) -

008 (2) () 008 (2) (2) + 001 (£) (%229 - 05(2) () o00a(2) (2) -voon () () -
017 (£) (5) - 0.01 (%) (22) - 0.18 (%) (£) + 0.04 (“52) (%) - 0.003(CT)? + 0.004(TPOLY? - 0.11 (%) —

0.01 (%")2 ~0.01 (%’*)2 +0.017 (‘;Gl’;‘f’s)2 +0.09 (g)2 (15)

5 Model Comparison

This study investigated the impact of various admixtures on the surface tensile strength of eco-friendly concrete using
five predictive models. To find a reliable model, several mathematical parameters were used to assess each model's
performance. The Interaction Regression (INT) model yields the most accurate and reliable results, as indicated by the
subsequent results: R2: 0.848, RMSE: 0.099 MPa, MAE: 0.082 MPa, SI: 0.061, and OBJ: 0.096 MPa. The Fully Quadratic
Regression (FQ) yields the second most accurate results: R2: 0.829, RMSE: 0.105 MPa, MAE: 0.089 MPa, SI: 0.064, and
OBJ: 0.102 MPa. The INT and FQ models yield satisfactory results, with 90% of the data points falling within +10% of the
target. Meanwhile, the Linear Regression, Pure Quadratic, and Logarithmic models exhibited lower accuracy (Fig. 9). The
outcomes of these models fall within +15% error boundaries, indicating lower accuracy and performance compared with the
INT and FQ models. As shown in Table 2, the R2 and RMSE values are lower for the test datasets than for the training
datasets, indicating that model performance deteriorates with new data. The lower MAE on the test datasets suggests effective
generalization and indicates no overfitting. The INT model achieves the minimum OBJ value of 0.096, indicating the highest
predictive precision. According to the Sl value (Fig. 11), the INT model yields the smallest value, indicating the best
performance. For the residual errors, the INT model’s residual error falls within the range -0.236 to +0.237 MPa. The FQ
model varies from -0.231 to +0.222 MPa. The LR, PQ, and LOG models have higher ranges, varying from -0.300 to +0.367
MPa, -0.244 to +0.240 MPa, and -0.331 to +0.326 MPa, respectively (Figs. 10, 11, and 12).

[ Curing time (days) ] fh (Mpa) [l Thickness of the pull-off layer
Il Cement to Sand Ratio (<) Il Water to Cement Ratio Il GP to Binder Ratio
[l FA to Binder Ratio (<) Il GGFBS to Binder Ratio [l Plasticizer to Cement Ratio
1
0.8
0.6
0.4
0.2
D .

Fig. 10- Box plot of features influence on tensile strength (fn) of eco-friendly concrete
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Fig. 11- Comparison of (a) OBJ, (b) SlI, and (c) MAE performance metrics across the five employed models using the
training and testing datasets.
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6 Investigation of Sensitivity

The Interaction Regression (INT) model, which achieved the highest accuracy among all regression models used in this
study, was employed to conduct a sensitivity analysis. A Pareto chart (Fig. 13), which illustrates the relative importance of
features, was used to evaluate the impact of each input parameter on tensile strength. The curing time (CT) was the most
important feature, followed by the thickness of the pull-off layer (TPOL), the cement-to-sand ratio (C/S), and the water-to-
cement ratio (W/C). These parameters highly influenced the tensile strength of environmentally friendly concrete. Other
parameters were either moderately or weakly sensitive and comprised the fly ash-to-binder ratio (FA/B), the granite powder-
to-binder ratio (GP/B), the pull-off layer thickness (TPOL), and the plasticizer-to-cement ratio (P/C). This indicates that the
tensile strength is predominantly controlled by the binder composition and hydration development, suggesting that these
factors primarily influence the tensile strength.

Pareto Chart of the Standardized Effects
(response is th (MPa), a = 0.05)

Term

Predictor Name

A A Curing time (days)
B Thickness of the pull-off layer
C Cement to Sand Ratio

B D Water to Cement Ratio
E GP to Binder Ratio
F FA to Binder Ratio

F G GGFBS to Binder Ratio
H Plasticizer to Cement Ratio

E

C

D

I
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Fig.13- Pareto chart of the standardized effects of each independent variable on tensile strength (sensitivity chart).
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7 Limitations of the study

The experimental dataset employed in this study was generated under controlled laboratory conditions. While
these settings allowed for precise measurement and systematic evaluation of diverse green concrete mix ratios,
they cannot fully capture the heterogeneity and variability encountered in real-world construction environments.
Factors such as fluctuating curing environments, variability in raw material sourcing, and site-specific practices
introduce complexities that extend beyond the limitations of laboratory replication.

Although the models incorporated critical predictors such as curing duration, binder composition, and
supplementary cementitious materials, they inevitably simplify the reality of concrete behavior. Key external
influences including ambient temperature, relative humidity, environmental exposure, and intrinsic material
irregularities were not included in the predictive framework. Such exclusions may restrict the models’ accuracy
in reflecting tensile strength performance across different climatic regions and construction practices.

The predictive models are based on assumed mathematical relationships (linear, quadratic, logarithmic, or
interaction-based) between the chosen input parameters and tensile strength. While the models demonstrated
strong statistical performance, they may not fully capture the complex, nonlinear, and multi-physics interactions
that govern concrete behavior in the field, particularly under long-term service conditions. Consequently, the
generalizability of the models may be limited when extrapolated beyond the scope of the experimental
parameters.

Additional limitations include the absence of certain influential material parameters, such as aggregate
morphology, mineralogical composition, or microstructural evolution under exposure conditions (e.g.
carbonation, freeze—thaw cycles, chloride ingress). Excluding these aspects may introduce biases or constrain
the predictive range when the models are applied to concretes with different aggregate sources or durability
requirements.

While the overfitting risk was mitigated through rigorous dataset partitioning (training and testing phases), the
complex structure of Fully Quadratic and Interaction models inherently increases susceptibility to overfitting.
This remains a potential constraint, particularly when models are applied to datasets outside the calibration
range.

8 Conclusions

This study systematically developed and evaluated five regression models—Linear Regression (LR), Pure Quadratic (PQ),
Logarithmic (LOG), Interaction (INT), and Fully Quadratic (FQ)—to predict the tensile strength of durable concrete. The
analysis was based on an experimental dataset comprising 252 distinct mixtures, incorporating key input variables such as
curing time, cement-to-sand ratio, water-to-cement ratio, and supplementary cementitious materials (fly ash, slag, and granite
powder). The dataset was divided into training and testing subsets to ensure reliable evaluation of model performance.

Sensitivity analysis identified curing duration, fly ash-to-binder ratio, and granite powder-to-binder ratio as the
most significant variables governing tensile strength. These findings highlight that optimizing the dosage of fly
ash and granite powder can be crucial for enhancing the performance of sustainable concrete mixtures.

Among the five investigated models, the Interaction Regression (INT) model demonstrated superior predictive
capability. It achieved the highest coefficient of determination (R2 = 0.851) and the lowest root-mean-square
error (RMSE = 0.094 MPa) on the test dataset. Furthermore, approximately 90% of predictions fell within a
+10% error margin, confirming the model’s robustness and reliability.

The INT model showed narrow residual error bounds, ranging from —0.236 MPa to +0.237 MPa. This indicates
effective generalization across datasets, minimal risk of overfitting, and a strong alignment between observed
and predicted tensile strength values.

When evaluated using additional statistical indicators, the INT model consistently ranked highest. It achieved
the lowest objective function (OBJ = 0.10) and the smallest scatter index (SI = 0.061 for the training dataset and



JOURNAL OF MATERIALS AND ENGINEERING STRUCTURES 12 (2025) 535-553 551

0.058 for the testing dataset), further reinforcing its status as the most accurate and reliable model among those
considered.

e Overall, this study demonstrates that regression-based modeling can effectively capture the complex

relationships between mix design parameters and tensile strength of concrete. The findings emphasize the
critical role of curing duration and supplementary binders (particularly fly ash and granite powder) in optimizing
concrete performance. The superior accuracy of the INT model suggests it can serve as a practical and reliable
tool for predicting tensile strength in sustainable concrete design and for guiding future experimental and field
applications.
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