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1. Introduction 
 

The global building industry currently produces and 

utilizes a minimum of ten billion metric tons of concrete 

annually (Zhang et al. 2020). This number is anticipated to 

rise in response to growing demand for these construction 

services. Consequently, the large-scale production of 

concrete has resulted in excessive extraction of river sand 

from certain regions. The depletion of river sand is a 

significant environmental concern due to its nonrenewable 

nature. This issue encompasses various problems such as 

reduced riverbed levels, erosion of river banks, risks to the 

stability of river banks and bridges, decreased vegetation 

along riverbanks, disruption of aquatic biodiversity, and 

agricultural impacts caused by lower water tables (Zhang et  
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al. 2020).  

Crushing waste rock deposits generates manufactured-

sand, which possesses a more angular shape and rougher 

surface texture in comparison to river sand (Li et al. 2011). 

While MS enhances the interlocking of particles in 

concrete, thereby increasing its strength, it is less workable 

than river sand when subjected to the same water content 

(Zhao et al. 2017). The manufacturing process of 

manufactured-sand concrete introduces micro-fines, which 

are particles that pass through a 75 µm sieve at a range of 5-

20%, and these micro-fines affect various characteristics of 

concrete, including workability, compressive and flexural 

strengths, and freezing resistance (Li et al. 2011). 

Consequently, when predicting the mechanical properties of 

MSC, additional considerations are necessary compared to 

concrete made with river sand. However, conducting 

laboratory tests on a large number of samples to identify 

patterns in concrete characteristics requires significant time 

and resources. In response to these challenges, numerous 
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Abstract.  The extensive utilization of concrete has given rise to environmental concerns, specifically concerning the depletion 

of river sand. To address this issue, waste deposits can provide manufactured-sand (MS) as a substitute for river sand. The 

objective of this study is to explore the application of machine learning techniques to facilitate the production of manufactured-

sand concrete (MSC) containing stone nano-powder through estimating the splitting tensile strength (STS) containing 

compressive strength of cement (CSC), tensile strength of cement (TSC), curing age (CA), maximum size of the crushed stone 

(Dmax), stone nano-powder content (SNC), fineness modulus of sand (FMS), water to cement ratio (W/C), sand ratio (SR), and 

slump (S). To achieve this goal, a total of 310 data points, encompassing nine influential factors affecting the mechanical 

properties of MSC, are collected through laboratory tests. Subsequently, the gathered dataset is divided into two subsets, one for 

training and the other for testing; comprising 90% (280 samples) and 10% (30 samples) of the total data, respectively. By 

employing the generated dataset, novel models were developed for evaluating the STS of MSC in relation to the nine input 

features. The analysis results revealed significant correlations between the CSC and the curing age CA with STS. Moreover, 

when delving into sensitivity analysis using an empirical model, it becomes apparent that parameters such as the FMS and the 

W/C exert minimal influence on the STS. We employed various loss functions to gauge the effectiveness and precision of our 

methodologies. Impressively, the outcomes of our devised models exhibited commendable accuracy and reliability, with all 

models displaying an R-squared value surpassing 0.75 and loss function values approaching insignificance. To further refine the 

estimation of STS for engineering endeavors, we also developed a user-friendly graphical interface for our machine learning 

models. These proposed models present a practical alternative to laborious, expensive, and complex laboratory techniques, 

thereby simplifying the production of mortar specimens. 

Keywords:  machine learning; manufactured-sand concrete; sensitivity analysis; splitting tensile strength; stone nano-powder 
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governments have implemented restrictions on river sand 

mining, as it has become a scarce resource with high 

transport costs from natural deposits. Consequently, there is 

an urgent need to regulate sand mining and identify 

sustainable alternatives to river sand. Utilizing locally 

available and durable aggregates is crucial to achieving 

long-term economic and developmental objectives. This 

approach can help minimize construction expenses, energy 

consumption, and carbon dioxide emissions. Manufactured-

sand (MS) has emerged as a potentially cost-effective 

substitute for river sand that also adheres to environmental 

standards. Incorporating MS as fine aggregates in concrete 

not only has the potential to reduce construction costs but 

also fosters the development of environmentally conscious 

building practices (Zhang et al. 2020, Zhao et al. 2017). 

Consequently, manufactured-sand concrete (MSC) has 

progressively gained essential status as an eco-friendly 

component within the construction industry (Zhao et al. 

2017). 

To address this challenge, the development of a 

predictive model for concrete characteristics prior to 

production becomes crucial. Currently, concrete 

characteristic predictions rely on linear and nonlinear 

regression methods (Zhao et al. 2017). Nevertheless, 

employing traditional statistical models to replicate the 

intricate nonlinear dynamics between concrete and the 

variables that impact it poses a significant challenge. This 

challenge arises from the inherent difficulty in precisely 

determining the coefficients within these models (Chou & 

Pham, 2013). Conducting laboratory research to study the 

mechanical properties of concrete also presents its own set 

of challenges. In order to overcome the limitations of 

traditional approaches, advanced methods such as machine 

learning (ML) and deep learning (DL) are often employed, 

as they eliminate the need for time-consuming and 

expensive experiments (Chou and Pham 2013). ML 

methods do not rely on explicit equations when forecasting 

concrete properties.  

In recent years, the utilization of ML techniques, such as 

artificial neural networks (ANNs) and fuzzy-based 

algorithms has emerged as cost-effective and accurate 

methods for assessing various engineering variables, 

particularly the mechanical properties of concrete, including 

compressive strength (CS) and tensile strength (TS) (Zhang 

et al. 2020). A broad range of intelligent processors have 

been employed to investigate the correlations between each 

parameter and the characteristics of concrete mixtures. 

Yaseen et al. (2018) demonstrated the effectiveness of the 

extreme learning machine (ELM) and multivariate adaptive 

regression spline (MARS) model in modeling CS for 

lightweight foamed concrete. Notably, established models 

like the M5 tree and MARS exhibited improved prediction 

accuracy when combined with the suggested model. Ling et 

al. (2019) utilized support vector machine (SVM) coupled 

with the K-fold cross-validation method to estimate the CS 

in maritime settings, achieving superior performance 

compared to decision tree (DT) and ANN models. 

Furthermore, Tinoco et al. (2020) compared ANN, SVM, 

and multiple regression techniques for evaluating the CS of 

soil-cement mixtures. Key factors such as cement 

concentration, water/cement (W/C) ratio, curing age (CA), 

and organic matter content were identified as significant 

influencers of concrete behavior, with SVM proving to be 

the most effective method. Kaloop et al. (2020) employed 

gradient boosting regression (GBR) to calculate the CS of 

high-performance concrete, obtaining a good correlation 

coefficient of 0.965 and thus providing reliable estimations. 

Zhang et al. (2020) showcased the potential of three tree-

based models, including GBR, random forest (RF), and 

decision tree regression (DTR), to forecast the mechanical 

characteristics of manufactured sand concrete (MSC), such 

as uniaxial compressive strength (UCS) and splitting tensile 

strength (STS).  

Gap identification in previous researches and novelty of 

this present work - The aim of this study is to evaluate the 

efficacy of eleven established ML, fuzzy-based, and genetic 

methods in predicting the mechanical properties of MSC. 

These methods, including SVM, Takagi-Sugeno fuzzy 

model (TSF), Mamdani fuzzy inference system (MFIS), 

ELM, deep feed-forward neural network (DFF), ANN with 

varying numbers of neurons in the hidden layer (7, 13, 17, 

22), gene expression programming (GEP), and radial basis 

function (RBF), have not been extensively explored in this 

research area. While previous ML-based studies have 

primarily focused on the strength of MSC, the STS 

parameter has been comparatively understudied (Zhang et 

al. 2020). The dataset used in this study consists of nine 

features that influence the mechanical properties of MSC, 

namely compressive strength of cement (CSC), tensile 

strength of cement (TSC), CA, maximum size of the 

crushed stone (Dmax), stone nano-powder content (SNC), 

fineness modulus of sand (FMS), W/C, sand ratio (SR), and 

slump (S). The influence of these features on the STS of 

MSC is analyzed using sensitivity analysis based on an 

empirical model. By comparing the ML-estimated results 

with the laboratory results, the study evaluates the 

performance of each ML model and identifies the most 

suitable model for predicting STS in stone nano-powder 

(SNP)-reinforced MSC. The flowchart of present study is 

indicated in Fig. 1. Hence, this study prioritizes the use of 

STS as the output variable for the ML models. Past research 

has shown that the inclusion of a specific proportion of 

stone powder in MSC significantly affects both UCS and 

STS (Zhao et al. 2017, Zhang et al. 2020). However, there 

is limited research that specifically investigates the impact 

of stone powder on MSC strength, and even in those 

studies, only stone micro-powder has been utilized. This 

study introduces the incorporation of stone nano-powder 

(SN) for the first time in the production of MSC specimens. 

Moreover, unlike previous works, this study conducts 

hypothesis tests such as P-P plot of regression standardized 

residuals, Q-Q plot, Chi-squared automatic interaction 

detection (CHAID), and collinearity analysis to select the 

research hypothesis. Additionally, the impact of multi-

collinearity on the reliability analysis of STS is 

investigated. The ML models are trained and tested using a 

dataset comprising 310 laboratory data points, with 90% 

allocated for training and 10% for testing.  

Moving forward, this research paper will be structured 

as follows: Section 2 conducts statistical analysis on the  
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dataset, including data preprocessing. Furthermore, hypo-

thesis tests such as P-P plot of regression standardized 

residuals, Q-Q plot, and collinearity analysis are carried out 

to select the research hypothesis. Section 3 provides the 

empirical model, statistical metrics, and sensitivity analysis 

based on an empirical formula. Section 4 presents an 

overview of the eleven ML methods utilized and introduces 

the statistical metrics employed to assess the performance 

of the ML models. Also, in section 4, the research findings 

and their interpretations, the results of ML models are 

presented. Finally, section 5 concludes the paper by 

summarizing the key findings and contributions. 

Overall, this study makes several notable contributions. 

Firstly, it utilizes a novel laboratory database that 

incorporates nine features impacting the STS of MSC. 

Secondly, it evaluates the performance of eleven established 

ML methods in estimating the STS of MSC. Thirdly, it 

examines the effect of each input factor on the STS of MSC 

through comprehensive sensitivity analysis, utilizing 

tornado graphs. Fourthly, it compares the behavior of ML 

models with laboratory tests. Lastly, it identifies the most 

 

 

powerful ML-based model for estimating STS in SNP-

reinforced MSC. These proposed ML models provide a 

viable alternative to laborious, expensive, and complex 

laboratory methods, thereby facilitating MSC production. 

 

 

2. Database development 
 
The measurement of TS in concrete can be achieved 

through either the direct tensile strength (DTS) test or the 

STS test. Although the DTS test is more intricate due to the 

requirement for axial tension assurance (Zhao et al. 2017), 

it is commonly utilized in specifications and recommendations 

because it provides a more accurate representation of 

concrete’s tensile characteristics. On the other hand, the 

STS test is more frequently employed in research and 

engineering as it is easier to conduct, more reliable, and 

exhibits less variation. Additionally, cylindrical and cubic 

specimens are the standard shapes used in STS testing 

(Zhao et al. 2017). Both cylindrical specimens with 

dimensions of 300 mm × 150 mm diameter and cubical  

 

Fig. 1. The flowchart of current study to predict STS 
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specimens with dimensions of 150 mm consistently yield 

similar test results (Pan et al. 2022). 

This research paper delves into an extensive 

investigation on the STS of MSC under varying W/C ratios 

and SNC conditions, spanning a comprehensive CA period 

 

 

of up to 388 days. The study emphasizes the critical 

importance of understanding the TS characteristics of MSC, 

particularly in the context of reinforced concrete structures, 

driven by the paucity of comprehensive research in this 

domain. 

 

 

 

 

Fig. 2 Violin plots of input and output parameters 
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The methodology employed in this research involved 

meticulous preparation of MSC samples, taking into 

account the absorption characteristics of SNC in the initial 

mixing water. It is noteworthy that, in comparison to 

concrete formulations utilizing natural sand, the sand ratio 

in MSC was adjusted by approximately 2% for every 2% - 

3% increment in SNC content within manufactured sand, 

while witnessing a corresponding decrease of about 1% - 

2% (Ding et al. 2016). 

A rigorous experimental setup was established, resulting 

in the preparation of 310 cubic samples, each with 

dimensions of 15×15×15 cm, encompassing a diverse range 

of mixing designs. Following the determination of the 

specified curing age for each sample, the STS tests were 

meticulously carried out. Subsequent to the experimental 

phase, the laboratory findings were meticulously documented 

for each MSC sample, thus compiling a robust dataset 

 

 

comprising 310 data points, incorporating nine key 

parameters influencing the STS of the concrete specimens. 

In order to effectively analyze the dataset and derive 

meaningful insights, it was partitioned into distinct subsets, 

with 90% allocated for training purposes and the remaining 

10% reserved for validating the performance of ML models. 

This strategic division ensured the robustness and reliability 

of the predictive models developed in this study. 

Table 1 showcases statistical metrics extracted from the 

dataset under scrutiny. These metrics offer concise and 

objective insights into different facets of the dataset, 

including measures of central tendency, variability, and 

distribution. Researchers can utilize these metrics to 

succinctly depict key characteristics of the dataset. 

In Fig. 2, the violin plots vividly showcase the 

distribution of each input parameter and the output 

parameter. These plots provide compelling evidence that the  

Table 1 Summary results of statistical analysis of parameters recorded in the database 

Statistics 

 CSC TSC CA D SNC FMS W/C SR S STS 

Unit MPa MPa days mm % - - % mm MPa 

Count 
Valid 310 310 310 310 310 310 310 310 310 310 

Missing 0 0 0 0 0 0 0 0 0 0 

Mean 48.1719 8.2629 77.1516 30.688 7.9581 3.0491 0.4668 37.0052 95.9484 4.4808 

Std. Error of Mean 0.24218 0.0332 5.67106 0.6274 0.2652 0.0153 0.0044 0.23735 3.71494 0.0591 

Median 47.1478a 8.1988a 30.8000a 30.338a 7.1613a 3.1186a 0.4506a 36.0338a 68.0000a 4.7700a 

Mode 46.8000 8.0000 28.0000 31.500 5.0000 2.7700c 0.4500 36.0000 50.0000 5.2200c 

Std. Deviation 4.26401 0.5856 99.8492 11.047 4.6694 0.2708 .07791 4.17890 65.4081 1.0415 

Variance 18.1820 0.3430 9969.87 122.04 21.804 0.0730 0.0060 17.4630 4278.23 1.0850 

Skewness 0.43500 0.4430 1.78800 3.6740 0.1930 -0.888 0.6370 0.18500 0.67800 -0.5470 

Std. Error of Skewness 0.13800 0.1380 0.13800 0.1380 0.1380 0.1380 0.1380 0.13800 0.13800 0.1380 

Kurtosis 1.78200 0.7730 2.03300 14.099 -0.748 0.3530 0.5300 -0.7310 -0.9000 -0.2720 

Std. Error of Kurtosis 0.27600 0.2760 0.27600 0.2760 0.2760 0.2760 0.2760 0.27600 0.27600 0.2760 

Range 27.9000 3.3000 385.000 64.000 20.000 1.3000 0.3800 16.0000 249.000 5.2700 

Minimum 35.5000 6.9000 3.00000 16.000 0.0000 2.2000 0.3100 28.0000 11.0000 2.0000 

Maximum 63.4000 10.200 388.000 80.000 20.000 3.5000 0.6900 44.0000 260.000 7.2700 

Sum 14933.3 2561.5 23917.0 9513.5 2467.0 945.22 144.71 11471.6 29744.0 1389.0 

Percentiles 

10 44.1148b 7.6556b 6.16980b 22.072b 1.3833b 2.6896b 0.3858b 31.5122b 29.3750b 2.7633b 

20 46.3625 7.9271 14.8936 24.864 4.3651 2.7889 0.4136 33.8696 44.0370 3.5900 

25 46.4701 7.9493 17.9716 25.338 4.7587 2.8122 0.4256 34.2111 45.7407 3.8860 

30 46.5778 7.9714 21.0496 25.713 5.0706 2.8500 0.4290 34.7273 49.1875 4.0600 

40 46.7931 8.0521 27.2057 26.463 5.7273 3.0238 0.4430 35.7813 53.7705 4.3950 

50 47.1478 8.1988 30.8000 30.338 7.1613 3.1186 0.4506 36.0338 68.0000 4.7700 

60 47.5072 8.3456 34.0148 30.938 9.0820 3.1973 0.4597 37.0714 104.444 4.9925 

70 48.0966 8.4907 59.1429 31.715 10.923 3.2417 0.4776 38.4842 130.000 5.1725 

75 52.1923 8.7160 88.0000 33.382 12.381 3.2608 0.5408 40.9167 157.000 5.2225 

80 52.6154 8.8278 118.833 35.050 12.873 3.2827 0.5515 41.8781 166.400 5.2875 

90 53.7415 8.9900 255.500 38.386 14.062 3.3320 0.5623 43.3803 202.222 5.4667 

a. Calculated from grouped data. 

b. Percentiles are calculated from grouped data. 

c. Multiple modes exist. The smallest value is shown. 
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(a) (b) (c) 

   
(d) (e) (f) 

  
(g) (h) 

  
(i) (j) 

Fig. 3 Boxplots for defined parameters 
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input and output parameters possess highly favorable 

distributions. Their remarkable adherence to acceptable 

ranges not only validates their suitability but also 

underscores the meticulousness of the analysis conducted. 

Fig. 3 exhibits boxplots categorizing the specified 

parameters within the database. This visual representation 

facilitates a comparative examination of these parameters 

across varying strengths, empowering researchers to 

pinpoint any discrepancies or outliers. The boxplots 

 

 

 

succinctly depict the statistical distribution, median, and 

outliers of each parameter within the total, training, and 

testing subsets. Such insights gleaned offer valuable 

understanding into the variations in STS. 

 

2.1 Data preprocessing  
 

In the process of preparing numerical data for analysis, 

it’s crucial to perform data scaling. Scaling ensures that the  

Table 2 Anti-image matrices of parameters 

 CSC TSC CA D SNC FMS WC SR S STS 

Anti-image 

Covariance 

CSC 0.083 -0.079 0.027 -0.074 0.095 0.054 0.028 -0.057 -0.001 -0.089 

TSC -0.079 0.084 -0.010 0.075 -0.086 -0.063 -0.034 0.062 -0.008 0.086 

CA 0.027 -0.010 0.646 -0.067 -0.048 -0.057 0.026 -0.108 0.024 -0.259 

D -0.074 0.075 -0.067 0.177 -0.108 -0.022 -0.150 .0169 0.011 0.105 

SNC 0.095 -0.086 -0.048 -0.108 0.610 0.099 0.007 -0.021 0.089 -0.011 

FMS 0.054 -0.063 -0.057 -0.022 0.099 0.881 0.028 -0.010 0.062 -0.068 

WC 0.028 -.0034 0.026 -0.150 0.007 0.028 0.260 -0.199 0.019 0.004 

SR -0.057 0.062 -0.108 0.169 -0.021 -0.010 -0.199 0.300 -0.092 0.124 

S -0.001 -0.008 0.024 0.011 0.089 0.062 0.019 -0.092 0.824 -0.043 

STS -0.089 0.086 -0.259 0.105 -0.011 -0.068 0.004 0.124 -0.043 0.417 

Anti-image 

Correlation 

CSC 0.330a -0.949 0.117 -0.608 0.423 0.198 0.187 -0.360 -0.004 -0.476 

TSC -0.949 0.336a -0.042 0.615 -0.379 -0.232 -0.229 0.393 -0.031 0.461 

CA 0.117 -0.042 0.479a -0.199 -0.076 -0.075 0.064 -0.244 0.032 -0.499 

D -0.608 0.615 -0.199 0.285a -0.330 -0.055 -0.698 0.735 0.028 0.386 

SNC 0.423 -0.379 -0.076 -0.330 0.510a 0.134 0.018 -0.049 0.126 -0.022 

FMS 0.198 -0.232 -0.075 -0.055 0.134 0.489a 0.058 -0.020 0.073 -0.111 

WC 0.187 -0.229 0.064 -0.698 0.018 0.058 0.434a -0.713 0.040 0.012 

SR -0.360 0.393 -0.244 0.735 -0.049 -0.020 -0.713 0.212a -0.185 0.350 

S -0.004 -0.031 0.032 0.028 0.126 0.073 0.040 -0.185 0.811a -0.073 

STS -0.476 0.461 -0.499 0.386 -0.022 -0.111 0.012 0.350 -0.073 0.406a 

a. Measures of Sampling Adequacy (MSA) 

Table 3 Comprehensive explanation of variance by components through PCA analysis. 

Total Variance Explained 

Component 
Initial Eigenvalues Extraction Sums of Squared Loadings Rotation Sums of Squared Loadings 

Total % of Variance Cumulative % Total % of Variance Cumulative % Total % of Variance Cumulative % 

1 2.377 23.775 23.775 2.377 23.775 23.775 2.09 20.991 20.991 

2 2.138 21.381 45.156 2.138 21.381 45.156 1.98 19.860 40.851 

3 1.605 16.051 61.207 1.605 16.051 61.207 1.76 17.609 58.460 

4 1.109 11.091 72.298 1.109 11.091 72.298 1.38 13.838 72.298 

5 0.926 9.262 81.560       

6 0.681 6.806 88.366       

7 0.642 6.416 94.782       

8 0.348 3.482 98.263       

9 0.138 1.380 99.643       

10 0.036 0.357 100.000       

Extraction Method: Principal Component Analysis. 
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data is suitable for various machine learning algorithms, 

enhancing their efficiency. To achieve this, different scaling 

methods are employed. In our research, we utilize the 

StandardScaler method to accurately represent the 

numerical features being studied. This method is suitable 

when the features in the dataset have varying ranges or are 

measured using different units. StandardScaler adjusts the 

distribution of values to align the mean with 0 and the 

standard deviation with 1. The formula for standard scaling 

is outlined below. 

𝑥𝑛𝑒𝑤 =
𝑥 − 𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛

 (1) 

where, x is a set of the observed values present in each 

defined factor, xmin is the minimum values of factor, and xmax 

is the maximum values in factor.  

 

2.2. Statistical analysis 

 

In this section, we conduct a principal component 

analysis (PCA) on the dataset. PCA is a statistical method 

 

 

 

used to identify patterns and inconsistencies in multivariate 

data. It also helps in reducing the dimensionality of 

complex datasets, such as the number of independent 

variables. In PCA, principal components (PCs) are 

combinations of the original variables that effectively 

capture the variability in the data. Tables 2 and 3 present the 

anti-image matrix and the explained total variance, 

respectively. Furthermore, Fig. 4 displays the component 

transformation matrix obtained using the Varimax method 

with Kaiser normalization rotation. Additionally, Fig. 5 

illustrates the variance ratio of each component. It’s 

important to note that using nine features (as listed in Table 

1) explains 98% of the variance, indicating it as the most 

suitable model for calculating STS in terms of statistical 

analysis. 

Tree classified mode with Chi-squared automatic 

interaction detection (CHAID) growing method enables 

decision making, identifies important variables, reveals 

interactions, and meaningful subgroups in the database. The 

results of tree classified mode with CHAID growing 

method is presented in Fig. 6. The applied structure to this 

 

Fig. 4 The matrix of component transformation employing the Varimax technique with Kaiser normalization rotation 

 

Fig. 5 Ratio of variance for each component and groups of specified features 
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Table 4 Structure of tree classify mode with CHAID 

growing method 

Specification Values 

Growing method CHAID 

Percentile increment 10% 

Maximum tree depth 3 

Parent node 100 

Number of terminal nodes 2 

depth 1 

 

 

mode is indicated in Table 4. As can be seen, this diagram 

and corresponding structure illustrates the hierarchy of 

predictor variables and their thresholds, facilitating the 

understanding and communication of the analysis results. 
 

 

3. Empirical model 
 

For multi-variable regression analysis, nine parameters 

(see Table 1) serve as independent variables, while STS acts 

as the dependent value. This analysis utilizes forward 

stepwise regression analysis (FSR) to evaluate the impact of 

each variable on STS. Table 5 presents the analysis of 

variance (ANOVA) and relevant statistical parameters 

derived from the formulated equation to assess STS. As 

indicated in Table 5, the ANOVA analysis and regression 

coefficients meet the criteria, validating the creation of new 

models for estimating STS. Considering the collinearity 

statistics and covariance analysis results, the identified 

correlations and coefficients prove accurate. The proposed 

empirical equation for calculating STS is outlined in Eq. 2. 

𝑆𝑇𝑆 (𝑀𝑝𝑎) = 𝑆𝑃 + 𝑀𝑃 + 𝑃𝑃 (2) 

where SP: strength parameters: 

𝑆𝑃 = 1.064 𝐶𝑆𝐶 − 1.08 𝑇𝑆𝐶 

MP: mechanical properties: 

𝑀𝑃 = 0.401 𝐶𝐴 − 0.592 𝐷 + 0.077 𝐹𝑀𝑆 

 

 

PP: physical properties: 

𝑃𝑃 = 0.019 𝑆𝑁𝐶 − 0.016 𝑊/𝐶 +  0.052 𝑆 − 0.412 𝑆𝑅 

Moreover, Fig. 7 displays four diagrams: a histogram 

depicting the regression standardized residual, a normal P-P 

plot illustrating the regression standardized residual, a 

histogram showcasing the predicted error rate, and a 

depiction of the regression standardized residual correlated 

with regression standardized predicted values. These 

diagrams pertain to the dependent parameter (STS), serving 

as the output factor, based on nine input parameters acting 

as independent variables. As shown in these diagrams, the 

results indicate the reliable outcomes with high accuracy in 

terms of statistics. 

 

3.1 Statistical metrics 

 

The effectiveness of the applied models utilized in this 

research to forecast the STS of the MSC was assessed by 

employing a set of nine statistical measures. These 

measures include the root mean square error (RMSE), mean 

square error (MSE), normalized root mean square error 

(NRMSE), root relative squared error (RRSE), relative 

standard error (RSE), mean absolute deviation (MAD), 

mean absolute percentage error (MAPE), relative root mean 

square error (RRMSE), and coefficient of determination 

(R2) (Aretz et al. 2011). The formula of these loss functions 

are according to Eqs. (3)-(11).  

R2 assesses the proportion of variability in the 

dependent variable that can be explained by the independent 

variable(s). RMSE computes the square root of the average 

squared differences between predicted and actual values, 

giving more importance to larger errors, thus being 

sensitive to outliers. RRMSE expresses the variation in 

accuracy as a percentage, providing a relative measure of 

prediction accuracy by scaling RMSE with the range of 

actual values. MSE computes the average of the squared 

differences between predicted and actual values, often used 

in optimization and model fitting due to its simplicity in 

computation and interpretation. RSE is another loss 

 

Fig. 6 The results of tree classify CHAID method for STS 
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function that normalizes the squared difference between 

predicted and actual values by the sum of squares of the 

actual values, facilitating model comparisons across 

different datasets. RRSE gauges the discrepancy between 

predicted and actual values by dividing RMSE by the range 

of observed data. MAPE quantifies the average percentage 

difference between predicted and actual values, particularly 

useful in forecasting, although it may yield undefined 

values when actual values include zeros. MAD calculates 

the average of absolute differences between predicted and 

actual values, offering robustness to outliers and insight into 

the typical error magnitude. Utilizing these diverse loss 

functions allows researchers and practitioners to evaluate 

prediction models in terms of accuracy, robustness, and 

applicability across various scenarios. 

𝑅𝑀𝑆𝐸 =  √∑
(𝑃 − 𝐴)2

𝑛

𝑛

𝑖=1

 (3) 

𝑀𝑆𝐸 =
1

𝑛
 ∑(𝐴 − 𝑃)2 (4) 

𝑅𝑅𝑀𝑆𝐸 =  √

1

𝑛
 ∑ (𝐴 − 𝑃)2𝑛

𝑖=1

∑ (𝑃)2𝑛
𝑖=1

 (5) 

𝑁𝑅𝑀𝑆𝐸 =  
𝑅𝑀𝑆𝐸

𝑎𝑣𝑒𝑟𝑎𝑔𝑒 (𝑃)
 (6) 

𝑅𝑅𝑆𝐸 =  √
∑ (𝐴 − 𝑃)2𝑛

𝑖=1

∑ (𝐴 − 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 (𝐴))2𝑛
𝑖=1

 (7) 

𝑅𝑆𝐸 =
∑ (𝐴 − 𝑃)2𝑛

𝑖=1

∑ (𝐴 − 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 (𝐴))2𝑛
𝑖=1

 (8) 

 

 

𝑀𝐴𝐷 =  
∑|𝑃 − 𝑎𝑣𝑒𝑟𝑎𝑔𝑒 (𝑃)|

𝑛
 (9) 

𝑀𝐴𝑃𝐸 =
1

𝑛
 ∑ |

𝐴 − 𝑃

𝐴
| (10) 

𝑅2 = 1 −
𝑠𝑢𝑚 𝑠𝑞𝑢𝑎𝑟𝑒𝑑 𝑟𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛

𝑠𝑢𝑚 𝑜𝑓 𝑠𝑞𝑢𝑎𝑟𝑒𝑠 𝑡𝑜𝑡𝑎𝑙
 (11) 

These metrics indicate good performance when their 

values are low, suggesting that the model’s predictions 

closely align with the actual values. In this case, a low value 

of these metrics indicates that the model is accurately 

capturing the variability in the data and making precise 

predictions. On the other hand, acceptable but suboptimal 

performance is indicated when these metrics have moderate 

values, indicating that the model’s predictions are 

somewhat accurate but could be improved. Lastly, 

unacceptable performance is indicated when the values of 

loss functions are high, suggesting that the model’s 

predictions are far off from the actual values, and the model 

is not capturing the variability in the data effectively. In this 

case, the model needs to be re-evaluated and potentially 

retrained to improve its performance (Zhou et al. 2021). 

The results of these loss functions and statistical indexes 

for developed formula (Eq. 2) are presented in Table 6. As 

can be seen, the values of these functions show the reliable 

results with high accuracy and reliability. Thus, the 

empirical formula can be utilized to predict the STS based 

on defined mechanical and physical properties defined in 

database. 

 
3.2 Sensitivity Analysis 

 

In engineering, sensitivity analysis is vital for validating 

models and addressing uncertainties. It involves studying  

Table 5 Statistical methods employed by the developed model for estimating STS 

Model 
95% confidence interval for B Correlations Collinearity statistics 

Lower Bound Upper Bound Zero-order Partial Part Tolerance VIF 

Constant 9.385 14.845      

CSC 0.210 0.286 0.019 0.461 0.363 0.111 9.648 

TSC -2.194 -1.673 -0.112 -0.452 -0.352 0.117 9.494 

CA 0.004 0.004 0.501 0.514 0.358 0.903 1.546 

D -0.080 -0.033 -0.306 -0.436 -0.286 0.214 5.245 

SNC -0.021 0.031 -0.290 0.031 0.022 0.634 1.743 

FMS -0.005 0.482 0.171 0.126 0.085 0.911 1.252 

W/C -2.124 1.824 -0.452 -0.009 -0.009 0.372 3.913 

SR -0.141 -0.081 -0.217 -0.362 -0.262 0.381 2.757 

S 0.001 0.003 0.083 0.082 0.055 0.882 1.356 

ANOVA analysis 

Model Sum of Squares df Mean Square F Sig. 

Regression 198.536 11 22.62 48.832 0.000 

Residual 147.449 302 0.481   

Total 351.543 312    
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how changes in input parameters affect model outcomes, 

thereby grasping the influence of uncertainties on overall 

performance. Tornado and spider diagrams have emerged as 

popular tools for visualizing sensitivity analysis outcomes. 

Tornado diagrams succinctly depict the importance of each 

input parameter, ranking them based on their impact on 

model outputs. Conversely, spider diagrams, also called 

radar plots, offer a comprehensive perspective on parameter 

interactions. By plotting each parameter on its axis and 

connecting them, spider diagrams highlight areas in the 

parameter space affecting significant shifts in model 

outcomes. These visual aids enhance the clarity and 

understanding of sensitivity analysis, aiding informed 

decision-making and advancing research endeavors. 

Figs. 8 and 9 depict the results of sensitivity analysis 

using tornado and spider diagrams for the specified input 

parameters. Consequently, CSC and CA significantly 

influence STS. Furthermore, sensitivity analysis conducted 

with an empirical model highlights that FMS and W/C have 

the least effect on STS. 

Additionally, for enhanced clarity, individual diagrams 

depicting the influence of each input factor on STS are 

presented, as shown in Fig. 10. In these graphical 

representations, one input factor is varied while keeping the 

remaining input features constant, as specified in Table 7. 

The ranges of parameter values necessary for conducting 

 

Table 6 Outcome of loss functions during the construction 

of the empirical model for STS of MSC 

Loss functions Results 

RMSE 0.457 

MSE 0.141 

MAPE 0.012 

MAD 0.109 

RRMSE 0.205 

NRMSE 0.010 

RSE 62.461 

RRSE 7.903 

 

 

sensitivity analysis are illustrated in Table 8. This table 

presents the breadth of input variables within the database, 

as determined by maximum and minimum statistical 

measures. For instance, the minimum value for the variable 

CSC is recorded as zero, while the maximum value reaches 

63 MPa. This range of parameters can then be categorized 

into sub-measures according to sequential series. To further 

illustrate, consider a hypothetical scenario where the input 

variables are being used to assess structural integrity in 

engineering. The range of values provides critical insights 

into the potential variation and limits within the data, 

offering valuable guidance for decision-making processes in 

  
(a) (b) 

  
(c) (d) 

Fig. 7 Statistical diagrams for dependent parameter (STS) as output factor using forward stepwise regression analysis 

(FSR) 
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the sensitivity analysis process. Additionally, the organization 

of these parameters into sub-measures enables a more 

nuanced understanding of the data, facilitating more 

accurate and targeted analyses. 

This method allows for assessing the impact of each 

factor on STS. It’s important to note that changing the CSC 

 

 

 

 

 

from 0 to 60 MPa results in an increase in STS from 0 to 70 

MPa. Similarly, adjusting the CA duration from 20 to 170 

days leads to a variation in the STS range from 0 to 400 

MPa. These results underscore the significant influence of 

these three parameters. However, altering the FMS range 

from 0-4 and W/C range from 0-0.7 does not produce 

 

Fig 8 Spider diagram of each variables affecting STS 

 

Fig. 9 Tornado graph of each variables affecting STS 

Table 7 Constant values of input parameters to performing sensitivity analysis 

CSC (MPa) TSC (MPa) CA (days) Dmax (mm) SNC (%) FMS W/C SR (%) S (mm) 

48 8 77 30 7.95 3 0.46 37 95 

Table 8 The intervals covering the ranges of parameter values necessary for performing sensitivity analysis 

Parameters Variables 

CSC (MPa) 0, 6, 12, 19, 25, 31, 38, 44, 50, 57, 63 

TSC (MPa) 0, 1, 2, 3, 4, 5, 6, 7, 8, 9, 10 

CA (day) 0, 38, 77, 116, 155, 194, 232, 271, 310, 349, 388 

Dmax (mm) 0, 8, 16, 24, 32, 40, 48, 56, 64, 72, 80 

SNC (%) 0, 2, 4, 6, 8, 10, 12, 14, 16, 18, 20 

FMS 0, 0.35, 0.7, 1.01, 1.4, 1.75, 2.1, 2.45, 2.8, 3.15, 3.5 

W/C 0, 0.06, 0.13, 0.2, 0.27, 0.34, 0.41, 0.48, 0.55, 0.62, 0.69 

SR 0, 4.4, 8.8, 13.2, 17.6, 22, 26.4, 30.8, 35.2, 39.6, 44 

S 0, 26, 52, 78, 104, 130, 156, 182, 208, 234, 260 
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substantial changes in the STS range, as it remains 

relatively stable. 

For additional clarification and demonstration, we 

extended our analysis beyond single-factor sensitivity 

analysis to include multi-factor sensitivity analysis. In this 

research, we utilized the mutual information (MI) technique 

for sensitivity analysis. MI, a feature selection method 

grounded in information theory, utilizes information gain to 

construct decision trees. It quantifies the degree to which 

one variable can be deduced from observations of another. 

While originally intended for categorical data, MI can be 

adapted for numerical data. Its effectiveness can be gauged 

by the reduction in entropy. As shown in Eq. (12), the MI 

score should range from zero to infinity. A higher MI value 

signifies the feature’s importance in model training and 

warrants greater attention in the final assessment. 

Conversely, a low MI score, such as 0, indicates minimal or 

 

 

no correlation between the attribute and the objective. 

𝑀𝐼 (𝑓𝑒𝑎𝑡𝑢𝑟𝑒, 𝑡𝑎𝑟𝑔𝑒𝑡)  
=  𝐸𝑛𝑡𝑟𝑜𝑝𝑦 (𝑓𝑒𝑎𝑡𝑢𝑟𝑒) –  𝐸𝑛𝑡𝑟𝑜𝑝𝑦 (𝑓𝑒𝑎𝑡𝑢𝑟𝑒 | 𝑡𝑎𝑟𝑔𝑒𝑡) (12) 

The calculated MI scores for all inputs are depicted in 

Fig. 11, highlighting the link between the CA and W/C 

parameters and the most and least significant impacts, 

respectively, on the STS. The influence of other parameters 

on the STS properties is also noteworthy. 
 

 

4. Developing predictive networks using supervised 
algorithms 

 

In geotechnical projects characterized by intricate 

mechanical and physical conditions and a multitude of input 

variables, supervised learning methods like ML, deep  

   
(a) (b) (c) 

   
(d) (e) (f) 

   
(g) (h) (i) 

Fig. 10 Results of sensitivity analysis based on forward stepwise regression analysis (FSR) in relation to the change of 

input factors 
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Fig. 11 Multi-factor sensitivity score of inputs 

 

 

 

 

learning, genetic approaches, neural networks, and fuzzy-

based models have gained significant traction. The 

integration of these supervised learning algorithms has 

demonstrated notable effectiveness in improving the 

precision and efficacy of models used to estimate STS of 

MSC in geotechnical applications. 

This section presents a concise overview of several 

frequently utilized algorithms for STS estimation, including 

SVM, TSF, GEP, ELM, MFIS, ANN, DFF, and RBF. 

The decision to analyze these algorithms is supported by 

various factors: 

• They present innovative solutions to complex issues by 

employing novel approaches to encoding and decoding 

data. 

Table 9 The outcomes of loss functions, encompassing both the training and testing datasets 

 ELM RBF GEP ANN 7 ANN 13 ANN 17 ANN 22 DFF TSF MFIS SVM 

RMSE 0.036 0.029 0.033 0.041 0.004 0.018 0.029 0.025 0.074 0.056 0.088 

MSE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.001 0.001 0.003 

MAPE 0.001 0.009 0.001 0.008 0.007 0.005 0.004 0.001 0.001 0.001 0.002 

MAD 0.005 0.006 0.005 0.005 0.007 0.007 0.006 0.006 0.004 0.004 0.003 

RRMSE 0.009 0.021 0.014 0.013 0.003 0.030 0.004 0.012 0.036 0.032 0.048 

NRMSE 0.006 0.004 0.005 0.007 0.000 0.003 0.004 0.004 0.011 0.009 0.014 

RSE 0.114 0.007 0.046 0.015 0.000 0.002 0.077 0.005 0.000 0.002 0.034 

RRSE 0.337 0.081 0.215 0.121 0.004 0.047 0.277 0.070 0.010 0.044 0.185 

R2 0.856 0.932 0.916 0.887 0.959 0.894 0.935 0.941 0.874 0.823 0.582 

Table 10 The outcomes of loss functions, encompassing the training datasets 

 ELM RBF GEP ANN 7 ANN 13 ANN 17 ANN 22 DFF TSF MFIS SVM 

RMSE 0.038 0.030 0.035 0.044 0.004 0.019 0.031 0.027 0.078 0.059 0.093 

MSE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.001 0.001 0.003 

MAPE 0.001 0.007 0.001 0.008 0.009 0.005 0.004 0.001 0.002 0.001 0.002 

MAD 0.006 0.006 0.006 0.005 0.008 0.007 0.006 0.007 0.004 0.005 0.003 

RRMSE 0.010 0.022 0.015 0.013 0.003 0.032 0.004 0.012 0.038 0.033 0.051 

NRMSE 0.006 0.004 0.005 0.007 0.001 0.003 0.005 0.004 0.011 0.009 0.015 

RSE 0.112 0.006 0.046 0.014 0.000 0.002 0.076 0.005 0.000 0.002 0.034 

RRSE 0.335 0.080 0.214 0.120 0.004 0.047 0.275 0.069 0.010 0.043 0.184 

R2 0.850 0.930 0.920 0.890 0.970 0.900 0.949 0.947 0.880 0.820 0.590 

Table 11 The outcomes of loss functions, encompassing both the testing datasets 

 ELM RBF GEP ANN 7 ANN 13 ANN 17 ANN 22 DFF TSF MFIS SVM 

RMSE 0.152 0.085 0.108 0.068 0.011 0.016 0.105 0.022 0.079 0.121 0.056 

MSE 0.004 0.003 0.019 0.005 0.016 0.034 0.001 0.009 0.037 0.019 0.084 

MAPE 0.001 0.009 0.002 0.008 0.008 0.007 0.001 0.002 0.004 0.001 0.003 

MAD 0.009 0.006 0.015 0.002 0.016 0.013 0.007 0.007 0.004 0.001 0.005 

RRMSE 0.058 0.022 0.020 0.014 0.004 0.040 0.007 0.055 0.010 0.038 0.005 

NRMSE 0.026 0.015 0.020 0.012 0.002 0.003 0.017 0.004 0.014 0.020 0.009 

RSE 0.204 0.173 0.266 0.998 0.107 2.047 0.209 0.329 0.156 0.207 0.248 

RRSE 0.452 0.416 0.515 0.999 0.328 1.431 0.457 0.574 0.395 0.455 0.498 

R2 0.840 0.860 0.859 0.830 0.853 0.800 0.780 0.880 0.833 0.770 0.410 
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• Their integration of a regularization parameter aids in 

averting overfitting, managing the complexity of the model, 

and preventing it from capturing noise in the dataset.  

• These algorithms demonstrate proficiency in handling 

large datasets, utilizing kernel and non-linear techniques to 

transform data into higher-dimensional spaces. This 

adaptability facilitates the effective management of datasets 

that are not linearly separable.  

• The use of bilingual notation in these models offers an 

effective strategy for addressing intricate problems. 

 

 

Additionally, their reputation for quick and efficient 

learning is particularly valuable in geotechnical applications, 

where timely predictions are crucial for decision-making.  

• They demonstrate swift convergence, necessitating 

fewer iterations compared to alternative machine learning 

algorithms to achieve the desired level of accuracy.  

• These algorithms are supported by a robust theoretical 

foundation that ensures convergence and optimality under 

specific conditions. 

• They demonstrate versatility in various learning  

   

   

   

  

 

Fig. 12 A comparison between the predictions generated by supervised learning and the actual monitored data 
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scenarios, including batch learning, sequential learning, and 

incremental learning, making them adaptable tools for 

predicting target parameters in diverse geotechnical settings 

and experimental setups. 

• By considering the relationship between nodes over a 

time sequence, these models can capture temporal 

dependencies and make accurate predictions based on 

historical context. 

• They serve as valuable tools in various applications, 

particularly in time series forecasting. 

To evaluate the performance of the developed models, 

various loss functions and statistical indices have been 

proposed. These metrics serve the purpose of quantifying 

the disparity between the predicted and actual STS values, 

as well as assessing the predictive capability of the 

algorithms. 

The current study utilized Python version 3 and 

MATLAB R2020a software for implementing and running 

ML models. The main aim was to improve the ease of 

managing and executing packages. Computation was 

 

 

performed on a computer equipped with 8GB of RAM and 

an 11th Generation Intel(R) Core(TM) i5-1155G7 processor 

running at 2.50 gigahertz. Optimization of all ML models 

was conducted using their respective training datasets to 

ensure optimal performance in predicting STS. This 

optimization process involved setting the hyperparameters 

of each model to their optimal values or states. To 

accomplish this, a trial-and-error method was adopted to 

fine-tune the hyperparameters of the models. Problem-

solving often requires repeated experimentation and 

adjustments until a successful solution is found. Therefore, 

the agent in this study underwent numerous iterations 

before a viable solution was identified.  

 
 

5. Results and discussion 

 

The highly accurate prediction capabilities of the ML 

models in determining the STS of MSC have been 

demonstrated in the present study. The effectiveness of the  

   

   

   

Fig. 13 Performance comparison of the supervised learning models in terms of nine types of loss functions for 

evaluation the results of STS 
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ML models is evident from the strong agreement between 

the actual and predicted values of STS, as depicted in Fig. 

12. As in Fig. 12, the ANN model with 13 NHL has 

provided the most accurate predictions in the training phase 

with a R2 of 0.9730. In the testing phase, the DFF model 

has provided the most accurate predictions (R2 = 0.8851). 

For the both training and testing phases, the main focus of 

the comparison points is on x = y line and most of them are 

located between x = 1.2y and x = 0.8y lines. According to 

these charts, it can be said that the lowest accuracy is 

provided by the SVM model. 

To comprehensively assess the performance prediction 

of the ML models, several loss functions including RMSE, 

RRMSE, NRMSE, MSE, MAPE, and MAD were utilized. 

These loss functions quantify the deviation between the 

predicted outcomes and the actual measured values, 

providing a quantitative evaluation of the predictive 

capabilities of the ML models. The results of this evaluation 

can be observed in Tables 9-11.  

The use of loss functions in assessing the accuracy of 

 

 

 

ML models is crucial in determining the reliability of the 

predictive models. By quantifying the deviation between 

predicted and actual values, these loss functions highlight 

any discrepancies and provide a metric to measure the 

performance of the ML models. 

Tables 9-11 present the results of the evaluation, 

demonstrating the accuracy of the ML models in predicting 

the STS of MSC. The low values of the loss functions 

indicate a minimal deviation between the predicted and 

actual values, further affirming the effectiveness of the ML 

models. 

Fig. 13 provides a visual comparison of different types 

of loss functions employed for predicting the STS. This 

comparative analysis highlights the varied performance of 

each loss function, with some demonstrating superior 

predictive abilities compared to others. The ML models, 

overall, exhibit superior predictive abilities, suggesting their 

potential to estimate the STS of MSC. 

The inclusion of loss functions and their evaluation 

further enhances the accuracy of the ML models. By  

 

Fig. 14 Intuitive display of comprehensive ranking of eleven applied models 

 

Fig. 15 Taylor chart for comparison of multiple supervised models to predict STS 
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quantifying the deviation between predicted and actual 

values, loss functions help refine the predictions and 

improve the reliability of the models. This enhanced 

accuracy makes the ML models highly reliable in predicting 

future STS values. 

The overall ranking results of the different ML models 

are effectively visualized in Fig. 14. Upon closer 

examination, it becomes evident that the ANN with 13 NHL 

(RMSE = 0.011, RRMSE = 0.004) and the DFF (RMSE = 

0.022, MAD = 0.007) models emerge as the most robust 

and accurate models. This conclusion is drawn by 

considering both the training and testing comprehensive 

ranking. These models not only outperform other ML 

models in terms of accuracy but also exhibit a high level of 

reliability, further validating their predictive capabilities. 

To comprehensively evaluate the prediction results of 

various soft computing techniques for STS output 

parameters, a normalized error analysis was conducted. Fig. 

15 presents a Taylor diagram that provides a detailed 

assessment of the performance of the applied algorithms. 

This assessment is based on normalized standard deviation 

and NRMSE. The consistently excellent results showcased 

in the diagram reflect the superior performance of the ML 

models, particularly in the testing subsets. However, the 

ANN with 13 NHL has provided the most accuracy.  

By consistently delivering excellent results in predicting 

the STS values based on input data derived from various 

input features, the ML models demonstrate their 

effectiveness and accuracy in predicting the behavior and 

performance of MSC structures. 

This opens up new possibilities for the optimization of 

design and construction processes for concrete structures. 

Instead of relying solely on traditional engineering methods, 

engineers can now leverage ML models to gain valuable 

insights into how these structures will perform. This insight  

 

 

can help them make informed decisions, identify potential 

weaknesses or areas of concern, and take proactive 

measures to ensure the long-term durability and stability of 

the structures. 

Furthermore, ML techniques offer the advantage of 

being able to analyze large amounts of data quickly and 

efficiently. This enables engineers to process vast datasets 

that would otherwise be time-consuming and challenging to 

analyze manually. By leveraging ML models, engineers can 

gain a comprehensive understanding of MSC structures and 

their behavior, allowing them to optimize their designs and 

make more accurate predictions. 

 

 

6. Graphical user interphase  
 

Estimating the compressive strength of concrete can be 

seamlessly accomplished through user-friendly graphical 

user interfaces (GUIs), serving as robust platforms housing 

machine learning-based prediction models. This study 

integrates all supervised learning models within the system. 

There’s no necessity to retrain the supervised models for 

compressive strength estimation as they have already 

undergone training using the laboratory dataset. The GUI, 

illustrated in Fig. 16, allows users to input parameters, 

enabling the trained machine learning algorithms to 

generate predictions for the compressive strength output. 

Notably, the GUI exhibits superior accuracy in predicting 

the compressive strength of MSC compared to laboratory 

tests, achieving this with less time and reduced costs. 

Furthermore, the GUI can act as a valuable tool for 

researchers interested in exploring the science, technology, 

and societal implications of SNP-reinforced MSC. It also 

holds promise as a platform for gathering data on the 

compressive strength of SNP-reinforced MSC. 

 

Fig. 16 GUI of the supervised learning models for estimating the STS of SNP-reinforced MSC 
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7. Conclusions 
 

Findings from this investigation lead to the following 

conclusions: 

• Supervised learning models demonstrated close 

approximations to experimental results. While all models 

showed positive outcomes, the ANN model with 13 neurons 

in the hidden layer and the DFF model showcased superior 

predictive accuracy. The ANN model achieved an R2 

exceeding 0.90, an RMSE of 0.004, and an MAPE of 0.001. 

Similarly, the DFF model exhibited impressive metrics, 

with an R2 above 0.90, an RMSE of 0.025, and an MAPE 

of 0.003. 

• Pearson correlation analysis, sensitivity analysis, and 

statistical analysis were employed to evaluate each 

parameter’s contribution to the prediction challenge. 

Results emphasized the significant impact of each 

characteristic on STS, with CA identified as the most 

influential parameter and W/C as the least significant. 

• To enhance STS estimation for engineering purposes, a 

GUI was developed for the supervised learning models. 

This GUI offers various supervised learning methods to 

estimate the STS of different MSC samples quickly. 

• Future research utilizing the models in this study 

should explore the most precise algorithms and optimal 

parameters for predicting concrete’s STS. Moreover, 

considering the multitude of challenges in this field, it’s 

crucial to evaluate and explore the models’ predictive 

capabilities in geotechnical problems. Additionally, future 

studies should consider the type of nanoparticles utilized in 

the MSC mixture. 
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