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Abstract: The most popular construction material, concrete, is also a known pollutant that has 

a negative impact on sustainability due to resource depletion, energy consumption, and 

greenhouse gas emissions. As a result, in order to boost concrete's long-term viability, efforts 

should be focused on minimising its environmental effects. This study aimed to develop a 

prediction model for the compressive strength of various mixes in order to construct 

ecologically acceptable concrete mixtures. The concrete mixes that were employed in this study 

to construct our suggested prediction model are concrete mixtures that comprise both ground 

granulated blast-furnace slag (GGBFS) and recycled aggregate concrete (RAC). To forecast the 

compressive strength of eco-friendly concrete, the multivariate polynomial regression (MPR) 

white-box machine learning model was created. The model was contrasted with the other two 

machine learning models: support vector machine (SVM), a black-box machine learning model, 

and linear regression (LR), a white-box machine learning model. In terms of R2 (coefficient of 

determination) and RMSE (root mean absolute error) measures, the newly proposed model 

beats the previous two models and demonstrates robust estimate capabilities. 

Keywords: machine learning; compressive strength of concrete; ground granulated blast-

furnace slag; recycled concrete aggregate; multivariate polynomial regression (MPR) 
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Recent decades have seen a rapid growth of industrialisation and urbanisation in the majority 

of rising nations, which has led to a sharp rise in the demand for natural raw materials. The 

construction industry has a higher detrimental impact on the environment. It consumes a 

significant amount of energy and natural resources and generates a lot of garbage from 

construction and demolition (C&D), for which there are no practical alternatives. Additionally, 

the by-products produced by industrial operations and others, such as blast-furnace slag, silica 

fume, fly ash, and ferrochrome slag, add to issues such a lack of land for garbage disposal and 

growing prices for waste treatment before the dumping. Therefore, economic endeavours ought 

to be made in order to maintain the ecological balance of the planet [1]. Recycled coarse 

aggregates (RCA) is the name given to them. Recycled aggregate concrete (RAC) performs 

less mechanically and sustainably than natural aggregate concrete (NAC), according to study 

[1,2]. This is due to RCA's lower quality than NCA's. Industry-grade jaw crushers are often 

used to process recycled concrete aggregate. This most popular technique for preparing 

aggregate is linked to the development of microcracks in aggregate grains, which are made up 

of natural aggregate and a cement matrix (which may also contain other additives besides 

cement). Because linked mortar is present on the RCA, a weaker interfacial transition zone is 

created, making it porous. The literature has recommended a number of enhancement strategies 

for enhancing the features of RAC. Adding more cementitious materials is one of the most 

efficient ways to improve RCA's properties and produce RAC that resembles NAC [3,4]. For 

many years, blended cement or Portland cement concretes have included additional 

cementitious components such metakaolin (MK), ground granulated blast-furnace slag 

(GGBS), silica fume (SF), and fly ash (FA) [5-7]. The use of GGBFS in lieu of regular Portland 

cement results in a denser matrix, which boosts the strength and durability of concrete and 

lengthens the service life of concrete buildings. Even though it is generally accepted that adding 

FA and GGBS to concrete with standard fineness reduces its early strength, these additives 

have advantages over time, including decreased alkali-silica reaction expansion, decreased 

porosity and permeability, and increased workability [8,9]. 

The concrete compressive strength test, which evaluates the concrete's working stress after 3 

days, 7 days, 28 days, or 90 days [10], reveals the concrete's characteristic strength. To 

determine the maximum working stress of concrete during structural design, a common test 

called the compressive strength test is employed. It is a gauge for quality assurance in a factory 

or workshop producing concrete. 

The flexural and compressive strength of eco-friendly concrete cannot be predicted using 

typical linear regression since it includes more forecasting characteristics, such as GGBFS or 

RCA. Forecasting the strength of eco-friendly concrete may be done using machine learning 

techniques. Using multivariable statistical methods can help you better comprehend and 

evaluate challenging data [11]. For many years, multivariate polynomial regression (MPR) has 

been utilised to address a variety of civil engineering challenges, particularly in the domains of 

building materials [12-14]. Such MPR models have an advantage over black-box models like 

ANNs since they can be investigated more simply utilising methods like graphical approaches, 

sensitivity analysis, and the use of variable significance ratios. These qualities allow the MPR 

to be a very helpful tool. Numerous studies have created various prediction models over the 

past few years to gauge the compressive strength of eco-friendly concrete [15–22]. Two types 

of hybridised machine learning techniques—the interval type-2 fuzzy inference system 

(IT2FIS) and the type-1 fuzzy inference system (T1FIS)—were employed to create a prediction 
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model for the CS that comprises RAC [15]. The results showed that the IT2FIS model 

performed better than the T1FIS model. In addition, four artificial intelligence approaches were 

used to study the 28-day RAC concrete compressive strength based on a meta-heuristic search 

of sociopolitical algorithms (i.e., ICA) [16]. The outcomes show that the proposed ICA-

XGBoost model performed better than the other models. In this work [17], machine learning 

algorithms were used to estimate RAC compressive strength and its ideal mixture design. The 

findings showed that all of the developed models, including deep learning, Gaussian processes, 

and gradient boosting regression, produced accurate prediction performance, with gradient 

boosting regression trees surpassing the others. In a another study, a convolutional neural 

network was used to construct a prediction model to calculate the compressive strength of RAC 

[18]. Experimental work was done alongside the deep learning model's creation. The back 

propagation neural network and the support vector machine were compared with the 

convolutional neural network model, showing that the convolutional neural network can 

predict the compressive strength of RAC better than the other two models.  

The article employed three distinct machine learning models, including an artificial neural 

network (ANN), a support vector machine (SVM), and multiple linear regression (MLR), to 

estimate the compressive strength of environmentally friendly concrete that contains GGBFS. 

The ANN and SVM approaches were compared with MLR using k-fold cross-validation, and 

it was shown that the artificial intelligence techniques outperformed MLR. Without include 

RCA in the concrete mixes, the study [20] employed a random forest method to forecast ground 

granulated blast-furnace slag concrete (GGBFSC). The curing temperature (T), 

superplasticizer, fine aggregate (FA), coarse aggregate (CA), water-to-binder ratio (w/b), water 

content (W), GGBFSC-to-total-binder ratio (GGBFSC/B), and so on (SP) were used to build 

the prediction model. The RF model performed exceptionally well in predicting CS with 

limited input parameters, depending on the level of prediction accuracy attained. A method 

based on random forest (RF) was also recommended in article [21] for predicting concrete 

compressive strength by adding GGBFS to concrete mixes. According to the results, the RF 

algorithm demonstrated a high level of prediction accuracy and may be applied to cut down on 

the expense of experiments. For the purpose of predicting the long-term effects of ground 

granulated blast-furnace slag on the compressive strength of concrete under wet curing 

conditions, fuzzy logic and artificial neural network models have been created in this study 

[22]. In training and testing models, artificial fuzzy logic systems and neural networks have 

shown great potential for predicting long-term impacts of ground granulated blast-furnace slag 

on concrete compressive strength. 

2. Research Significance 

The majority of the research described above used artificial intelligence and machine learning 

algorithms to predict the compressive strength of eco-friendly concrete. Although they do a 

great job of forecasting the mechanical characteristics of concrete, they operate as a 

complicated system that is challenging to use and understand. Contrary to current black-box 

algorithms like artificial neural networks, the MPR model proposed in this paper is 

substantially more transparent and simple for academics to use. In addition, earlier researchers 

developed a prediction model for compressive strength for environmentally friendly concrete 

that uses either GGBFS or RCA as a substitute for conventional cement, but not both. Unlike 

earlier studies, this one includes a prediction model for concrete's compressive strength. 
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3. Materials and Methods 

3.1. System Methodology 

We developed an effective method that we may use in this study to predict the compressive 

strength of eco-friendly concrete. Figure 1 shows the system approach in action. In this 

framework, we evaluated the performance of the LR (white-box algorithm) and SVM (black-

box algorithm) models with the MPR approach to predict the compressive strength of eco-

friendly concrete. The system's earliest stage involves gathering experimental data from earlier 

investigations, as shown in Figure 1. The second part of the process involves splitting the data 

into training and testing datasets. The final stage involves dividing our training dataset into 

fivefold cross-validation to see how well the three models performed. The fourth stage involves 

using k-fold cross-validation to apply all three models. The fifth stage involves comparing the 

MPR model's performance to that of the other two machine learning models using accepted 

performance criteria. In order to verify our model, we created a regression equation using a 

training dataset and applied it to hypothetical data. 

 

Figure 1. Proposed system methodology for eco-friendly concrete compressive strength 

prediction. 
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3.2. Dataset 

The components and number of data samples used fully affect the model's performance. The 

variables used to build the models used to forecast concrete strength were taken from the 

literature [23-28], resulting in a total of 125 mix proportions. The following predictors were 

drawn from the literature and used to construct the models: the ratio of water to cement (W/C), 

the percentage of recycled aggregate used to replace conventional aggregate in the mixture 

(RAC%), the percentage of GGBFS used to replace OPC in the binder (GGBFS%), the 

superplasticizer, and the age (days). Compressive strength (CS) of environmentally friendly 

concrete was the key variable. The total distribution of all variables in terms of relative 

frequency is shown in Figure 2. The statistical analysis of the variables is presented in Table 1. 
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Figure 2. Relative frequency distribution of variables: W/C (a), RCA% (b), GGBFS% (c), 

Sp (kg) (d), Age (e), CS (f). 

Table 1. Statistical measures on variables. 

Statistics W/C RCA% GGBFS% Sp (kg) Age 

(days) 

CS 

(MPa) 

Median 0.71 50 40 1.15 28 34.05 

Mean 0.92 51.20 35.64 1.88 32.66 34.44 

Minimum 0.4 0 0 0 7 12.4 

Maximum 3.7 100 90 7.8 90 56.63 

Range 3.3 100 90 7.8 83 44.23 

Standard 

deviation 

0.57 37.14 25.82 2.36 27.50 10.15 

W/C = water-to-cement ratio; RCA = recycled aggregate replacement percentage; 

GGBFS = ground granulated blast-furnace slag replacement percentage; Sp = 

superplasticizers quantity in kg; Age = the time of compressive test after pouring; CS 

= compressive strength. 

 

3.3 Data-Splitting Procedure 

After acquiring the dataset, we randomly split it into two parts: the training set and the testing 

set. In this study, the ratio of training to testing sets was 8:2. We trained our model using 120 

observations from the training set, and we tested its effectiveness using 25 observations from 
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the testing set. The training sample was selected using a stratified sampling strategy from the 

initial datasets, ensuring that the outcome distribution across the board is comparable. 

3.4. MPR Model Development 

Polynomial regression was used to fit the connection between dependent and independent 

variables. The generic equation for the sth-order (s > 1) polynomial regression is represented 

by the mathematical formula shown below [29]:  

yˆ = w0 + w1x + w2x
2 + w3x

3 + . . . + wsx
s (1) 

where x is the input variable, y is the output variable, w0 is the intercept, and w1, w2,... ws are 

the polynomial regression coefficients. MPR is the term for polynomial regression that 

incorporates multiple variables. For a system with n input variables and the sth-order (s > 1), 

the MPR is represented by the following formula [29]: 

                                                                                         

yˆ 

   1 1 2 1 (2) 

∑nl1=1∑nl2=l1 . . .∑nlk=lk−1 wl1l2 . . .lk xl1xl2 

. . . xlk 

 

Even though the MPR applies a non-linear model to the data, the multivariate function 

(Equation (2)) is linear with regard to its coefficients. The MPR model therefore has the same 

solution as the MLR issue when the least-squares method is applied. Least-squares approaches 

are used to identify the polynomial regression coefficients by reducing the sum of squared 

errors of the predicted vs. actual outcome. 

Exponents for MPR predictors may be integers or fractions. This research only considered 

integer exponents between 3 and +3. The preliminary testing of fractions and integers did not 

provide any noticeably better models outside of this range.  

We employed a TaylorFit [30] programme to offer a conventional mathematical explanation of 

MPR in the form of a general equation (Equation 2). MPR is simply a multilinear regression 

extension (MLR) that integrates interaction and other nonlinearities. In addition, the quantity 

of words expands as the multiplicands and exponents do. The most multiplicands that could be 

used for any candidate phrase in this inquiry was three. The model was created using the 

following stepwise algorithm: 

 

• The first step in every model was usually an intercept, which was the average of the 

values of the dependent variables. The programme generated terms that interacted with 

the existing model terms in the best way possible depending on the user-selected 

permitted exponents and multiplicands. The best t-statistics from the fit data were used 

to order the words. 

• 2 Two requirements must be satisfied for a word to be included in the model. First, the 

candidate term has to have variables of fit that are statistically significant. Second, it is 
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important to reduce the total RMSE value across all cross-correlation datasets. This 

approach improved the generalizability of the model and decreased the chance of 

overfitting. 

• The statistical significance of the previously included items was evaluated after each 

item was added to the model; if they were not statistically significant, they were 

removed. 

• The aforementioned process was repeated for other potential keywords. 

• The model was built through an iterative process of adding and removing potential 

terms from a list of statistically significant terms based on the fit dataset, which also 

improved the RMSE of the test dataset, up until the point where the model could no 

longer be improved by adding or removing any individual term. 

 

3.5. Cross-Validation 

Use of the cross-validation resampling approach to assess machine learning models in a small 

data sample is one of the best practises. The procedure only has one parameter, k, which 

determines how many groups should be created from a given data sample. K-fold cross-

validation is a common name for the procedure as a result. When an exact k value is given, it 

can be used in place of k in the reference model, such as k = 5 for 5-fold cross-validation. 

Cross-validation is typically used in machine learning to assess how well a model performs on 

fresh data [31]. This would include using a small sample to see how the model will perform in 

practise when used to provide projections on data that. 

  

4. Model Result 

4.1. K-Fold Cross-Validation 

For each ML model's training performance, the boxplots (Figure 3) show the ranges and 

fluctuation of the performance metrics, R2, and RMSE. 100 actual values from the 5-fold cross-

validation of the training datasets were used to construct these boxplots. Table 2 shows the 

RMSE and R2 for three machine learning models using the fivefold cross-validation's lowest, 

maximum, median, and average values. 
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Figure 3. Comparing the performance of MPR, SVM, and LR for five-fold cross-validation 

training dataset with boxplots: RMSE (a), R2 (b). 

Table 2. Cross-validation measurement results. 

Statistics 
 MPR  SVM  LR 

R2 RMSE R2 RMSE R2 RMSE 

Median 0.835 4.958 0.712 6.202 0.424 7.7083 

Mean 0.818 4.659 0.676 6.053 0.495 7.38138 

Minimum 0.740 3.391 0.467 5.290 0.276 6.3806 

Maximum 0.884 5.638 0.755 6.493 0.720 7.9816 

 

The median and mean values of the two measures show that our MPR model outperforms LR 

and SVM. Because of the nonlinear relationships between compressive strength and the input 

variables, nonlinear models performed better than linear ones. In addition to evaluating the 

model's predictive power, more research on the stability and reliability of the model is needed. 

A good model's random error should have a normal distribution, with the bulk of mistakes 

concentrated in the centre and symmetric behaviour following N(,0). Figure 4 displays the 

fitted Gaussian functions and residual distributions for the three models. The residuals of three 

models often have a normal distribution. 

The 10th and 90th percentiles of the residual's normal distribution are shown by the dashed red 

lines, respectively. Based on the distribution patterns, the MPR models' 80% residuals range 

from [5.3, 5.3], demonstrating that they are more accurate predictors than the SVM and LR 

approach. Additionally, the MPR's continuity is far better than that of the SVM and LR models, 

as can be shown. 
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(c)  

Figure 4. Normal distribution of the residual errors of five-fold cross-validation training 

dataset. 

(a) MPR model (b) SVM model (c) LR model. 

4.2. Model Validation 

Using the training dataset, we created a prediction formula to calculate the compressive 

strength of eco-friendly concrete after comparing the performance of our MPR model with the 

results of the other two models using five-fold cross-validation. The following is the final 

prediction formula: 

CS = (0.001110429806568298 × (W/C)2 × (GGBFS%)3 × (Age)−3) + 

(−4267.442949761137 × W/C × (Age)−3) + 

(34.78562674882411) + (−0.04850685145004892 × (W/C)−1 × RCA%) + 

(7.39980447082911 × 10−8 × (W/C)−1 × 

−3 × GGBFS%) + (0.000005453293244435137 × (W/C)−2 × (Age)3) + 
(0.21181781054751617 × (W/C)−3 ×  (RCA%) 

(Sp)2); 
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The testing dataset's compressive strength was estimated using the final prediction model for 

the compressive strength derived from the MPR model. Figure 5a compares all anticipated 

concrete compressive strength values to actual values for the testing data using pair plots. The 

projected data points using the MPR model are close to the 45th degree, as seen in Figure 4a. 

This demonstrates the MPR model's ability to properly generalise and forecast for samples 

outside of the train set. Between the observed and predicted MPR model values for the test 

data, the RMSE and R2 were 4.78 and 0.81, respectively.  

The testing dataset's compressive strength was estimated using the final prediction model for 

the compressive strength derived from the MPR model. Figure 5a compares all anticipated 

concrete compressive strength values to actual values for the testing data using pair plots. The 

projected data points using the MPR model are close to the 45th degree, as seen in Figure 4a. 

This demonstrates the MPR model's ability to properly generalise and forecast for samples 

outside of the train set. Between the observed and predicted MPR model values for the test 

data, the RMSE and R2 were 4.78 and 0.81, respectively.  

 

 

 (a)  (b)  

Figure 5. Actual versus predicted values of concrete compressive strength using testing dataset 

(a); model errors between targets and predictions from MPR model technique (b). 

Table 3. The independent variable values and the corresponding actual vs. predicted values 

using the MPR model. 

Point W/C RCA% GGBFS% 
Sp 

(kg) 

Age 

(days) 

Actual 

CS 

(MPa) 

Predicted 

CS 

(MPa) 

Individual 

Error 

(MPa) 

1 

[28] 

0.568 50 25 1.15 7 23.30 25.41 −2.11 

2 

[27] 

0.714 25 30 3.42 28 38.80 40.03 −1.23 

3 

[26] 

1.250 0 60 0 90 39.42 37.32 2.10 

4 

[26] 

0.651 25 20 0 7 24.45 24.88 −0.43 
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5 

[28] 

0.852 50 50 1.15 56 25.70 34.23 −8.53 

6 

[28] 

0.426 50 0 1.15 56 35.10 37.99 −2.89 

7 

[27] 

1.250 25 60 3.42 7 17.20 20.68 −3.48 

8 

[28] 

0.852 50 50 1.15 7 20.30 22.64 −2.34 

9 

[26] 

0.833 0 40 0 90 42.78 40.51 2.27 

10 

[27] 

1.250 100 60 3.8 7 19.40 21.56 −2.16 

11 

[26] 

0.868 25 40 0 7 22.41 22.81 −0.39 

12 

[23] 

1.111 0 55 0 28 42.00 34.68 7.32 

13 

[24] 

0.464 75 15 2.28 28 41.99 39.45 2.54 

14 

[26] 

0.689 100 20 0 28 27.54 30.01 −2.47 

15 

[25] 

3.700 100 90 7.8 28 30.50 35.32 −4.82 

16 

[26] 

0.833 0 40 0 28 33.26 34.80 −1.54 

17 

[26] 

0.868 25 40 0 28 31.75 33.43 −1.68 

18 

[27] 

0.714 100 30 3.8 7 33.30 30.66 2.64 

19 

[26] 

0.625 0 20 0 28 34.76 34.97 −0.21 

20 

[23] 

1.111 50 55 0 28 43.00 32.95 10.05 

21 

[28] 

0.852 50 50 1.15 28 24.80 32.94 −8.14 

22 

[26] 

0.833 0 40 0 7 24.19 24.56 −0.38 

23 

[26] 

1.327 50 60 0 7 19.00 18.10 0.90 

24 

[24] 

0.400 25 0 2.28 28 54.17 49.63 4.54 

25 

[25] 

3.700 100 90 7.8 56 34.00 35.57 −1.57 

4.3. Parametric Study 

In this work, a parametric analysis was also carried out to assess how well the built-in MPR 

model predicted the trend in compressive strength as the input variables varied. To do this, we 

varied the amount of GGBFS present in the mixes while maintaining the water-to-binder ratio 

at 0.5. The complete amount of cement combined with the total amount of GGBFS constitutes 

the binder in this instance. Additionally, we altered the ratio of recycled aggregate to regular 

aggregate in the combinations. GGBFS was utilised in percentages of (0%, 20%, 40%, 60%, 
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80%), whereas recycled aggregate was used in percentages of (0%, 25%, 50%, 75%, 100%). 

Per one cubic metre of space, there were 175 kg of water and 2 kilogramme of superplasticizer. 

In both the early (7 days) and late (28 days) stages of the test (Age), the compressive strength 

generally increased both GGBFS and RCA. This is shown in Figure 6. As we can see, early 

stage increases in the GGBFS and RCA resulted in lower compressive strength values. A 

mixture with 20% GGBFS and 25% RCA had a compressive strength of 28.55 MPa, but a 

mixture with 60% GGBFS and 75% RCA had a compressive strength of 17.85 MPa. The 

picture also shows that the disparities in compressive strength across mixes with various RCA 

values decrease when the amount of GGBFS is increased in the mixture. A mixture with 80% 

GGBFS and 50% RCA had a compressive strength of 13.12 MPa, whereas a mixture with 80% 

GGBFS and 100% RCA had a compressive strength of 12.15 MPa. The behaviour of the 

concrete mixes was slightly different in the late stage compared to the early stage. The 

compressive strength of the combination remained almost constant across various GGBFS 

percentages at higher RCA % levels. For instance, the compressive strength of mixes 

containing 75% RCA and 20% GGBFS was 32.62 MPa, whereas the compressive strength of 

mixtures containing 75% RCA and 60% GGBFS was 32.15 MPa. 

  

Figure 6. The effect of GGBFS and RAC on compressive strength at early stage (a), effect on 

GGBFS and RAC on compressive strength at late stage (b). 

4.4. Sensitivity Study 

This analysis's objective was to determine how input variables impact CS predictions. Figure 

7 displays the impact of each input parameter on CS prediction. According to this study, Sp 

was the most significant factor, making up 38.77% of the total, followed by Age, which made 

up 37.04%. While W/C ratio accounted for 19.01 percent of the total input variables, RCA 

contributed 5.03 percent, and GGBFS contributed 0.45 percent, the remaining input factors had 

a less significant impact in the prediction of CS. The sensitivity value (percent) of the 

dependent variable with regard to each independent variable was determined using equations 

(6) and (7) [34]. 
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Figure 7. Relative importance input variables in sensitivity analysis with MPR. 

 

6. Conclusions 

This research centred on the notion of developing prediction equations for the compressive 

strength of eco-friendly concrete using a white-box machine learning technique, such as MPR. 

To train and validate the MPR machine learning system, 125 recordings of concrete mix 

specimens were acquired as data. The predictors from the literature that were used to build the 

models (days) were the water-to-cement ratio (W/C), recycled aggregate percentage as a 

replacement for normal aggregate in the mixture (RAC percent), GGBFS percentage as a 

replacement for OPC in the binder (GGBFS percent), superplasticizer, and age. The outcome 

variable was the compressive strength (CS) of green concrete. The MPR model performed 

better than the LR (white-box model) and SVM (black-box model) when tested using the cross-

validation approach in terms of R2 and RMSE. In the five-fold cross-validation, the MPR 

model's average prediction performances were 0.818 for R2 and 4.659 for RMSE, whereas the 

SVM model's average prediction performances were 0.676 for R2 and 6.053 for RMSE. Out 

of all the models, LR performed the worst. The testing dataset was used to validate the MPR 

model formula that was produced from the training dataset. Using the MPR model, the 

predicted values of the compressive strength of environmentally friendly concrete for the 

testing dataset were quite similar to the experimental values. Additionally, a parametric analysis 

was carried out to investigate the impact. According to the study, the compressive strength of 

concrete with a high percentage of GGBFS and a low cement content is comparable to concrete 

with a high content of cement and a low percentage of GGBFS with a larger proportion of RCA 

in the mixture at the late stage. 
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