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Abstract - The primary focus of this paper is to measure and classify the strength of the concrete with particular focus on the 

quality classification if 100% M-Sand is used in concrete instead of river sand with the addition of silica fume. Six different 

mixes of concrete were made by varying the proportion of cement with 0, 5, 10, 15, and 20% silica fume. It was found that the 

compressive strength of Mix-4 (with 10% silica fume) was 40.2MPa, which was 2% higher than that of conventional concrete 

and was 10.1% higher than that of the M-Sand mix. It was also noted that the split tensile strength and flexural strength increased 

by 15% and 14.9%, respectively. But all three properties went down 25% for a replacement of 20%. The quality classification 

of concrete was done using Hybrid Neuro Fuzzy Gradient Boosting, optimized using ASPO, and was compared with classical 

models. It was noted that the Hybrid Neuro Fuzzy Gradient Boosting model had a better accuracy rate than conventional models 

with an average accuracy of 97.2%, sensitivity ranging from 95.2% to 98.5%, Specificity ranging from 96.0% to 98.7%, and 

area under the receiver operating characteristic curve between 0.97 and 0.99. An Artificial Neural Network was also developed, 

and presented very high correlation coefficients (above 0.93), indicating a high potential application. From the observations, it 

was observed that the replacement of 10% silica fume with 100 % M-Sand showed high strength, which indicates high potential 

for its usage. It is also noticed that Hybrid Neuro Fuzzy Gradient Boosting has high potential for quality classification. 

Keywords - Silica fume, M-Sand, Concrete strength classification, ANN, Quality assessment, Hybrid Neuro-Fuzzy Gradient 

Boosting. 

 

1. Introduction  
While it is accepted that concrete forms the basis of 

modern civilization’s infrastructure, its mechanical properties, 

such as compressive strength, splitting tensile strength, and 

flexural strength, have been seen to have a significant impact 

on it. One of the issues faced in dealing with concrete is that it 

is costly and time-consuming to attain its mechanical 

properties through standard laboratory testing procedures. In 

this regard, there is an increased interest in data-based 

Machine Learning (ML) techniques for reliable predictions or 

classifications of concrete quality and its mechanical 

properties based on various determinants of its quality. It has 

been seen in recent research that ML-based predictions have a 

high potential to reduce experimentation, enhance 

construction quality, and increase the overall efficiency of 

mixture design decisions in construction processes [1]. 

 

It is seen that there is an increased momentum for 

developing concrete classification models for predictions of 

quality or strength, rather than merely predictions of strength. 

It is seen that several recent research studies have extended 

ML predictions for compressive strength to cover tensile 

strength and flexural strength, thus demonstrating ML 

prediction generalizations for multiple concrete mechanical 

properties [2]. 

 

Within the last five years, various prominent research 

trends have been established. Gradient Boosting-based 

ensemble models such as XGBoost, LightGBM, and CatBoost 

have been effective in achieving high accuracy for strength 

prediction and classification problems due to their potential in 

learning complex relationships and robustness in dealing with 

heterogeneous data sets [3, 4]. Comparative analysis for 

benchmarking various implementations of Gradient boosting-

based models has also proved their superiority in dealing with 

mix property prediction problems, such as quaternary mix and 

high-performance concretes, and have also proposed the 

importance of using interpretability techniques such as SHAP 

and feature importance for interpreting the results and relating 

them to mix design principles. Neuro-fuzzy inference models 

such as ANFIS have also been considered viable solutions if 

interpretability is a major issue for researchers, and hybrid 

models such as ANFIS-ANN have been effectively 

implemented for mix types such as high-strength and self-
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compacting concretes. Various recent studies have proposed 

the integration of Gradient boosting-based models with other 

optimizers and preprocessing techniques, such as Bayesian 

tuning and Optuna, for achieving high generalization potential 

for laboratory data sets [5]. 

 

Moreover, recent research has shown that there has been 

a shift towards hybrid and ensembling techniques, such as 

fuzzy, neural networks, and boosting, which can effectively 

strike a balance between accuracy, robustness, and 

interpretability, especially in mix types such as high-strength 

concrete, as shown in a recent research work where ANFIS, 

ANN, and statistical models were employed for quality 

prediction in high-strength concrete, which proved robust 

results in terms of predictive capabilities for neuro-fuzzy and 

ANN models [6]. Moreover, recent research has shown that 

there has been a shift towards boosting, such as gradient 

boosting, which has been proven to be superior in comparison 

to other machine learning techniques, especially in quality 

prediction and strength prediction in concrete, especially 

when optimized properly [7]. 

 

Keeping this in view, our research aims to employ a 

hybrid Neuro-Fuzzy + Gradient Boosting + ANN with an 

optimizer classification model, which can effectively predict 

and assess quality in terms of compressive, splitting tensile, 

and flexural strength [8]. 

 

1.1. Hybrid Neuro-Fuzzy–Enhanced Gradient Boosting  

The main idea behind the proposed methodology is a 

hybrid approach combining fuzzy logic, neuro-fuzzy 

inference, and Gradient boosting classification. The use of a 

neuro-fuzzy system allows for incorporating domain 

knowledge (such as ranges for water-cement ratio, aggregate 

content, and curing age, etc.) in terms of fuzzy inference, thus 

allowing for uncertainty and non-linearity in input variables 

(such as those due to raw materials, etc.)[8]. Classical studies 

have proved that such a fuzzy-neural approach can be used to 

predict reasonable values for compressive strength in concrete 

with acceptable error margins. 

 

In order to improve the accuracy and take into account 

complex, high-order interactions, the output from such a fuzzy 

approach (i.e., fuzzy features or neuro-fuzzy inference output) 

can be used to train a Gradient Boosting Classifier (GBC), 

which learns to classify discrete quality/strength levels for 

different mechanical properties such as compressive, tensile, 

and flexural strength [9].  

 

Gradient boosting is a powerful approach to classification 

and regression problems, especially when dealing with 

intricate non-linear relationships and interactions among input 

features and data adaptability to different types of data 

distributions. Past research has proved that Gradient Boosting 

Regression (GBR), XGBoost, LightGBM, and CatBoost 

outperform regression-based and other machine learning 

approaches in predicting compressive strength in concrete, 

especially for complex and high-strength mixtures [10]. 

 

Furthermore, if a metaheuristic optimizer such as an 

adaptive swarm/particle swarm optimizer or other 

evolutionary algorithm is integrated to optimize 

hyperparameters for both neuro-fuzzy and Gradient boosting 

classifiers, such a hybrid approach has the potential to 

overcome problems such as overfitting, improve its ability to 

generalize from scarce experimental data, and perform 

reliably and with consistency in terms of classification 

accuracy for different mechanical properties [11].  

 

Past research has proved that such optimized hybrid 

models to perform effectively in terms of predicting concrete 

strength. Thus, a hybrid neuro-fuzzy and Gradient boosting 

classifier approach has great potential for robust, accurate, and 

interpretable classification and quality prediction in concrete 

materials. 

 

1.2. Artificial Neural Network-Based Prediction Models 

Although the hybrid neuro-fuzzy boosting model was 

found to be efficient in prediction, the traditional ANN model 

was found to be the core model in the prediction of the 

properties of concrete mixes owing to the global function 

approximation ability, flexibility, and the potential to handle 

highly nonlinear relationships between the parameters, curing 

age, and admixtures, and the resultant mechanical properties 

[12]. In the last few years, ANN has been successfully applied 

by various researchers to the prediction of compressive 

strength, tensile strength, and flexural strength of various 

conventional and self-compacting mixes, including mixes 

with supplementary cementitious materials and industrial 

waste products. 

 

ANN models have been found to be efficient in the 

prediction of compressive strength, split tensile strength, and 

flexural strength at various curing ages with satisfactory error 

rates, thus proving their global function approximation ability 

to handle the prediction of the mixes and the respective 

properties of interest. Moreover, in the comparative analysis, 

where ANN, ANFIS, and RSM models have been applied to 

the prediction of the properties of high-strength concretes, 

ANN models have been found to attain the highest correlation 

coefficient and the lowest prediction errors, thus proving its 

potential as an efficient model in the application of regression 

analysis with multiple variables and the potential to handle the 

complex nonlinear relationships between the variables [13].  

 

However, ANN-based models have been found to have 

the lowest interpretability and are not applicable in 

classification without the application of further techniques 

[14]. However, the application of ANN as a hybrid model with 

rule-based classifiers might be more efficient in the prediction 

analysis [15]. 
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1.3. Research Motivations and Scope of the Study 

The objective of this work is the development, 

implementation, and validation of a system comprising neuro-

fuzzy inference, meta-heuristic optimization, Gradient 

boosting classification, and ANN, aiming to evaluate and 

classify concrete quality in terms of its various mechanical 

properties, i.e., compressive strength, splitting tensile 

strength, and flexural strength. Contrary to most previous 

studies, instead of compressive strength, concrete quality will 

be classified in terms of other mechanical properties, i.e., 

splitting tensile strength and flexural strength, classified into 

discrete quality/strength categories relevant to concrete 

engineering applications, i.e., “low/medium/high," 

“reject/acceptable/high," etc. 

 

The novelty in this work lies in the integration and 

implementation of fuzzy logic, neural networks, and the 

application of the ensemble method of the Gradient Boosting 

classification algorithm, along with the application of the 

optimization method, in the evaluation and classification of 

concrete quality in terms of its various mechanical properties. 

Although there has been extensive application of ML 

techniques in the prediction and evaluation of various 

mechanical properties of concrete, very few, if any, have 

attempted the integration and implementation of neuro-fuzzy, 

ANN, and the optimized version of the Gradient boosting 

classification algorithm, as has been attempted in this work, 

thus filling the gap between “black-box prediction” and 

“interpretable and engineering-relevant classification.” 

 

2. Methodology  
The methodology employed in this research provides a 

framework for strength-based quality classification of 

concrete using a hybrid neuro-fuzzy gradient boosting model, 

as shown in Figure 1 below.  
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Fig. 1 Overall research methodology adopted in this study 

The research begins with identifying a research gap, 

which results from the limitations associated with 

conventional destructive testing and conventional machine 

learning methodologies, thereby giving rise to a compelling 

research need for a reliable intelligence-based approach. The 

approach then involves material identification, where 

materials such as cement, fine aggregates, coarse aggregates, 

water, and cementitious materials are identified and verified 

against standard requirements. The approach then involves 

material testing, where physical properties are determined in 

order to allow controlled variations in design mixes 

corresponding to specified strength levels. After the concrete 

specimens are cast, they are tested to determine the 

compressive, split tensile, and flexural strengths, which are the 

values obtained from the mechanical property tests conducted 

on the concrete specimens. The data obtained from the 

mechanical property tests are the dataset used in the proposed 

classifier. The HNO-GB mathematical model combines the 

processes of generating the fuzzy membership, neuro-fuzzy 

adaptive learning, Gradient boosting, and classification, all of 

which are based on an optimization technique to improve the 

accuracy of the results obtained from the model. The model 

provides machine learning-based classifications of the quality 

of the concrete, which can be classified as low, medium, or 

high concrete strength, among other classifications. Finally, a 

detailed discussion is conducted to compare the performance 

of the experimental results obtained from the concrete 

specimens with the results obtained from the machine 

learning-based classifier model. 

 
Fig. 2 Workflow of the Hybrid Neuro-Fuzzy Gradient Boosting 

(HNO-GB) model 
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The solution proposal offers an effective, definite, and 

strong model for classifying concrete compressive strength 

into specific strata, namely Low, Medium, and High. The 

synergistic framework is based on the integration of three 

state-of-the-art AI techniques, namely the Adaptive Neuro-

Fuzzy Inference System for feature enhancement, the 

Gradient Boosting Classifier for an accurate multi-

classification method, and the Adaptive Synergistic Parameter 

Optimization for hyperparameter optimization. The complete 

steps of the HNO-GB model are shown in Figure 2. 

3. Framework for Concrete 
The model consists of the following major components: 

(i) the materials and experimental testing phase, where the 

characterization of the constituent materials and the 

determination of the mechanical properties are considered; (ii) 

the mix-design methodology, through which concrete 

specimens are produced with distinct levels of concrete 

strength; (iii) the casting and curing phase; and (iv) the 

mathematical formulation of the HNO-GB model, where 

fuzzy inference, adaptive neuro-learning, and Gradient 

boosting classification are combined for the prediction of the 

quality of concrete. 

3.1. Materials and Mechanical Testing Procedures 

The type of concrete used for this study is based on 

Ordinary Portland Cement (OPC), ensuring the development 

of a strong and durable cement paste. Silica fume, a highly 

active pozzolanic material, is added to improve the 

densification of the structure and hence enhance the 

mechanical properties through secondary hydration. 

Manufactured Sand (M-Sand) is used as a 100% replacement 

for river sand, ensuring a sustainable alternative for the 

environment. River sand is used only to mention the properties 

of the materials. Crushed rock is used as a source for coarse 

aggregates to impart a structural base to the concrete for 

strength and stability. The use of silica fume and M-Sand 

results in an increased strength and quality of the concrete. 

Table 1. Mechanical properties of cementitious material 

Material 
OPC 53 

cement 
Material 

Silica 

Fume 

Property 
Measured 

value 
Property 

Measured 

value 

Specific 

gravity 
3.15 

Specific 

gravity 
2.2 

Initial setting 

time 
45 min 

Bulk density 

(loose) 
220 kg/m³ 

Final setting 

time 
360 min 

Residue on 

45 µm sieve 
< 5 % 

 

The material characterization of OPC 53 grade cement 

and silica fume, as presented in Table 1, has a significant 

importance with regard to the suitability of materials in the 

production of concrete. As presented in Table 1, the specific 

gravity of the cement, which has a high value and is suitable 

for use in the production of a strong cement matrix in concrete, 

is 3.15. Furthermore, the initial and final setting times of 45 

minutes and 360 minutes, respectively, are satisfactory and 

allow for a good amount of workability of the cement paste 

before the start of hardening. On the other hand, the specific 

gravity of silica fume, which is used as a mineral admixture in 

the production of concrete, has a value of 2.2, which is 

significantly lower than that of cement due to its ultrafine 

nature and a large percentage of amorphous silica content. 

Furthermore, the bulk density of this material, which is 220 

kg/m³ in its loose condition, has a lightweight nature, thus 

allowing for an increased packing density of the material in a 

concrete structure. Additionally, the residue on 45 µm sieves, 

which has a value less than 5%, allows for its ultrafine nature 

and its ability to act as a pozzolanic material in the production 

of concrete. 

 

Table 2. Mechanical properties of aggregates 

Material River Sand Material M-sand Material 12 mm Aggregate 

Property 
Measured 

value 
Property 

Measured 

value 
Property Measured value 

Specific 

gravity 
2.65 

Specific 

gravity 
2.68 

Specific 

gravity 
2.7 

Fineness 

modulus 
2.85 

Fineness 

modulus 
3 

Loose bulk 

density 
1,500 kg/m³ 

Water 

absorption 
1.20% 

Water 

absorption 
1.50% 

Water 

absorption 
0.80% 

The physical properties of river sand, M sand, and 12 mm 

coarse aggregates are important for providing input values for 

mix proportioning and for determining the properties of the 

mix, as shown in Table 2. The specific gravity of river sand, 

2.65, indicates its mineral composition, while its fineness 

modulus, 2.85, indicates its composition, maintaining a proper 

level of workability. The water absorption capacity of 1.20% 

indicates a proper level of porosity and moisture interaction 

during mixing. On the other hand, M sand has a higher value 

of specific gravity, 2.68, and a fineness modulus, 3.0, 

indicating coarser and more angular characteristics, while its 

water absorption capacity, 1.50%, indicates a higher level of 

roughness, requiring moisture adjustments during mixing.  

The physical properties of 12 mm aggregates, which are 

crushed, indicate a higher value of specific gravity, 2.70, and 
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a lower water absorption capacity, 0.80%, implying a higher 

level of density and durability, thereby contributing to a higher 

load-bearing capacity and lower porosity in the mix, and a 

loose bulk density of 1500 kg/m³, confirming its suitability for 

forming the main framework of the mix. 

3.2. Concrete Mix Design Details 

The mix design adopted for the present investigation was 

developed to evaluate the effect of silica fume addition on the 

mechanical performance and quality classification of 

concrete. In total, six mix proportions are adopted. Mix-1 

represents the conventional control mix using river sand as the 

source material for the fine aggregate. In the case of Mixes 2 

to 6, 100% M-Sand is adopted as an alternative source 

material to replace river sand, and silica fume is adopted as an 

alternative source material to replace the cement content using 

incremental weight percentages ranging from 0%, 5%, 10%, 

15%, and 20% replacement by the weight of the cement 

content. The proposed mix design enables the evaluation of 

the combined effect of M-Sand and silica fume addition on the 

mechanical performance of concrete. The mix is designed 

using constant coarse aggregate, water content, and total 

binder content.

 
Table 3. Different mix proportions 

ID 
Cement 

(kg) 

Silica fume 

(kg) 

River sand 

(kg) 

M-sand 

(kg) 

12 mm aggregate 

(kg) 
Water (lit) 

Mix-1 380 0 728 0 1117 169 

Mix-2 380 0 0 728 1117 169 

Mix-3 361 19 0 728 1117 169 

Mix-4 342 38 0 728 1117 169 

Mix-5 323 57 0 728 1117 169 

Mix-6 304 76 0 728 1117 169 

Table 3 shows the detailed mix proportions adopted in 

this study. Mix-1 uses 380 kg of cement and river sand without 

silica fume, which will be considered a standard reference. 

Mix-2 will use the same amount of cement, replacing river 

sand completely with M-Sand. Mix-3, Mix-4, Mix-5, and 

Mix-6 will use silica fume in replacement of cement, i.e., 19 

kg (5%), 38 kg (10%), 57 kg (15%), and 76 kg (20%), 

respectively, maintaining a constant cement content of 380 kg. 

The constant amount of coarse aggregate (1117 kg) and water 

content (169 L) will be maintained in all mixes, keeping 

workability constant. These proportions will help in 

understanding the performance improvement that can be 

obtained by incorporating silica fume into M-Sand concrete. 

 

3.3. Specimen Preparation and Curing Regimen 

For the purpose of this study, concrete specimens of 

varying sizes were prepared to study the properties at different 

curing ages. These specimens include cubes, cylinders, and 

prisms, each having specific testing criteria. Cube specimens 

of size 100 x 100 x 100 mm were prepared to study the 

compressive strength of concrete, as shown in Figure 3. 

Cylinders of diameter 100 mm and height 200 mm were 

prepared to study the split tension strength. Prism specimens 

of size 100 x 100 x 500 mm were also prepared to study the 

flexural strength. 

 

All the materials were mixed well to obtain a good 

concrete mix. Then, each of the concrete specimens was 

poured into the respective moulds in layers. Each layer was 

compacted using a table vibrator to remove air bubbles and to 

properly densify the concrete. After pouring the concrete, the 

moulds were kept undisturbed at room temperature for 24 

hours to allow initial setting. Then, all the specimens were 

immersed in potable water at ambient temperature in a curing 

tank. The curing ages used for this study are 7 days and 28 

days, as shown in Figure 4. 

 

After completing the curing period, the specimens were 

removed from the tank and tested to study the respective 

strength properties according to the IS codes. 

 
Fig. 3 Casting of concrete specimens for mechanical testing 

 

 
Fig. 4 Water curing of test specimens up to 28 days 
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3.4. Mathematical Formulation of the HNO-GB Model  

Building upon the description of the methodological 

pipeline is discussed below, it is essential to provide a formal 

mathematical characterization of the ASPO-optimized Hybrid 

Neuro-Fuzzy Gradient Boosting (HNO-GB) framework. This 

subsection establishes the underlying mathematical structures 

of each component, showing how fuzzy inference, boosting, 

and evolutionary optimization work synergistically. 

 

3.4.1. Neuro-Fuzzy Feature Optimization Layer 

Let the dataset be represented as: 

 

𝐷 =  {(𝑥_𝑖, 𝑦_𝑖)}_{𝑖 = 1}^𝑁 ----------------------- (1) 

 

Where x_i = [x_ {i1}, x_ {i2}... x_{id}] is the d-

dimensional feature vector (cement content, water/cement 

ratio, curing days, aggregates, additives, etc.) and y_i ∈ 

{1,2,3} represents the strength class (Low, Medium, High) 

[16]. 

 

The fuzzy rule base is defined as:  

 

𝑅_𝑗 ∶  𝐼𝐹 𝑥_1 𝑖𝑠 𝐴_{1𝑗}  ∧  𝑥_2 𝑖𝑠 𝐴_{2𝑗}  ∧  ⋯ ∧
 𝑥_𝑑 𝑖𝑠 𝐴_{𝑑𝑗} 𝑇𝐻𝐸𝑁 𝑓_𝑗(𝑥)  =  𝑝_{0𝑗}  +  𝛴_{𝑚 =
1}^𝑑 𝑝_{𝑚𝑗}𝑥_𝑚 ----------------------------------------------- (2) 
 

- A_{mj}: fuzzy set defined by membership function 

μ_{A_{mj}}(x_m). 

- p_{mj}: linear parameters optimized via hybrid learning. 

- f_j(x): linear consequent function. 

 

The firing strength of rule R_j is: 

𝑤_𝑗(𝑥)  =  ∏_{𝑚 = 1}^𝑑 𝜇_{𝐴_{𝑚𝑗}}(𝑥_𝑚) -------------- (3)  

 
And the aggregated fuzzy output becomes: 

𝑦_𝑓𝑢𝑧𝑧𝑦(𝑥)  =  𝛴_{𝑗 = 1}^𝑀 𝑤_𝑗(𝑥) 𝑓_𝑗(𝑥) / 𝛴_{𝑗 =
1}^𝑀 𝑤_𝑗(𝑥) ---------------------------------------------------- (4) 

 
This refined feature y_fuzzy is concatenated with the original 

dataset to yield: 

𝑋′ =  [𝑋, 𝑦_𝑓𝑢𝑧𝑧𝑦]  -------------------------------------------- (5) 
 

3.4.2. Gradient Boosting Classification Layer 

For classification into strength classes {C1, C2, C3}, the 

Gradient boosting classifier constructs an additive model [17]: 

 

𝐹𝑇(𝑥)  =  𝛴_{𝑡 = 1}^𝑇 𝜂 ·  ℎ_𝑡(𝑥) -------------------------- (6) 
where: 

- h_t(x) = decision tree at iteration t. 

- η = learning rate. 

- T = number of boosting rounds. 

 

The model minimizes the multiclass cross-entropy loss: 

𝐿 =  − (1/𝑁) 𝛴_{𝑖 = 1}^𝑁 𝛴_{𝑘 = 1}^3 1(𝑦_𝑖 =
 𝑘) 𝑙𝑜𝑔( 𝑝 _{𝑖𝑘} ) ------------------------------------------------ (7) 

 

The gradient boosting process ensures misclassified 

samples receive higher weights in subsequent trees, thereby 

refining classification boundaries for concrete strength 

classes. 

 

3.4.3. Adaptive Synergistic Parameter Optimization (ASPO) 

Hyperparameter tuning is modeled as an optimization 

problem [18]: 

𝜃 ∗ =  𝑎𝑟𝑔 𝑚𝑎𝑥_{𝜃 ∈  𝛩} 𝐴𝑐𝑐(𝑋′, 𝑌;  𝜃) ------------------- (8) 
 

where θ = [η, d_max, T, σ_μ] are model hyper parameters 

and Acc(·) is classification accuracy. 

ASPO employs Differential Evolution (DE): 

 

Mutation 

𝑣_𝑖(𝑔 + 1)  =  𝑥_{𝑟1}(𝑔)  +  𝐹 ·  (𝑥_{𝑟2}(𝑔)  −
 𝑥_{𝑟3}(𝑔)) ------------------------------------------------------ (9) 

 
Crossover 

𝑢_{𝑖𝑗}(𝑔 + 1)  =  𝑣_{𝑖𝑗}(𝑔 + 1), 𝑖𝑓 𝑟𝑎𝑛𝑑_𝑗 ≤  𝐶𝑅 ------(10) 
𝑢_{𝑖𝑗}(𝑔 + 1)  =  𝑥_{𝑖𝑗}(𝑔), 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 

 

Selection 

𝑥_𝑖(𝑔 + 1)  =  𝑢_𝑖(𝑔 + 1), 𝑖𝑓 𝑓(𝑢_𝑖(𝑔 + 1))  ≥  𝑓(𝑥_𝑖(𝑔)) -
-------------------------------------------------------------------- (11) 

𝑥_𝑖(𝑔 + 1)  =  𝑥_𝑖(𝑔), 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 

 

Where f (·) is the fitness function (classification 

accuracy). This process balances exploration (global search) 

and exploitation (local refinement), avoiding overfitting and 

ensuring optimal hyperparameters. 

 

4. Result and Discussion 
An analysis of the mechanical strength of the concrete 

specimens was performed after curing for 7 and 28 days. 

Experiments were performed to evaluate the compressive 

strength, split tension, and flexural strength of the concrete 

mix. Besides experiments, machine learning models were also 

used to perform predictions.  

 

A Hybrid Neuro Fuzzy Gradient Boosting model was also 

developed to improve the prediction accuracy. An Artificial 

Neural Network was also used to evaluate the prediction. The 

results provide an in-depth analysis of the physical properties. 

 

4.1. Compressive Strength Evaluation 

The compressive strength is considered a key parameter 

for quality evaluation and classification of concrete, and this 

parameter has been adopted in this research for quality 

evaluation and classification of concrete.  

 

Since the research aims to improve the performance of 

concrete using silica fume and 100% M-Sand, compressive 

strength serves as a conclusive parameter for assessing the 

improvement in concrete performance. 
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Fig. 5 7-day and 28-day compressive strength results for different 

concrete mixes 

 

From the results obtained for the compressive strength 

tests, as shown in Figure 5, it is clear that with the addition of 

silica fume, the compressive strength is improved compared 

to the conventional concrete. The conventional concrete, Mix-

1, showed a compressive strength of 26.6 MPa at 7 days and 

39.5 MPa at 28 days. When natural sand is replaced 

completely with M-Sand without the addition of silica fume, 

Mix-2 showed a reduction in compressive strength to 24.5 

MPa at 7 days and 36.5 MPa at 28 days. This indicates that M-

Sand also needs to have a higher level of binder reactivity to 

produce high compressive strength. With the addition of silica 

fume, the developed concretes showed an improvement in 

compressive strength compared to Mix-2, as shown in Figure 

5. This is due to the better pozzolanic reaction of silica fume. 

Mix-3 showed a compressive strength of 25.8 MPa at 7 days 

and 38.3 MPa at 28 days with 5% replacement of M-Sand with 

silica fume. Mix-4 showed the maximum compressive 

strength values of 28.5 MPa at 7 days and 40.2 MPa at 28 days, 

an improvement of 2% compared to the conventional concrete 

at 28 days. Mix-5 and Mix-6 showed a reduction to 23.4 MPa 

and 35.3 MPa at 28 days with 15% and 20% replacement 

levels, respectively. Mix-6 showed a reduction to 22.5 MPa 

and 34.5 MPa at 28 days. From the results, it is clear that 10% 

replacement of M-Sand with silica fume is the optimum level 

to produce high compressive strength for the developed 

concretes. 
 

4.2. Split Tensile Strength Evaluation 

The evaluation of the split tensile strength is significant 

in this research, as concrete is weak in tension. The addition 

of silica fume along with 100% M-Sand is expected to 

increase the tensile strength and the capacity to control cracks. 

The main aim of this research is to evaluate the effect of the 

replacement percentage on the bonding efficiency between the 

cement paste and the aggregate. The evaluation of this 

parameter is significant in validating the potential of the 

modified mix to enhance the resistance to the formation and 

propagation of cracks, thereby increasing the tensile strength 

and durability, hence the quality. 

 
Fig. 6 Split tensile strength variations across concrete mix combinations 

 

Split tensile strength test results presented indicate that 

the results vary with the amount of silica fume, as seen in 

Figure 6. Conventional concrete mix (Mix-1) has a split tensile 

strength of 3.0 MPa, which is the benchmark value. When the 

silica fume content is 0%, i.e., 100% M-Sand is used in the 

concrete mix (Mix-2), the split tensile strength slightly 

reduces to 2.65 MPa, indicating that M-Sand is not sufficient 

to completely replace natural sand in concrete mixes. As can 

be seen in Figure 6, the values of the split tensile strength for 

the mixes with silica fume at 5% and 10% are 3.12 MPa and 

3.45 MPa, respectively, which is a 4% and 15% improvement, 

respectively, than the values obtained in the conventional 

concrete mixes. The split tensile strength decreases to 2.60 

MPa and 2.55 MPa, respectively, in the mixes with silica fume 

content of 15% and 20% in the concrete mixes (Mix-5 and 

Mix-6), respectively, which can be explained by the excess 

amount of silica fume in these mixes and may require further 

water addition, resulting in the imbalance in these mixes. 

Hence, the optimal. 
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4.3. Flexural Strength Evaluation 

Flexural strength is considered crucial in this study, as it 

examines how silica fume and 100% M-Sand affect the tensile 

strength of concrete under flexural conditions. The research, 

in particular, targets improving mechanical properties through 

sustainable replacement materials, and thus, flexural strength 

becomes a crucial factor in examining how concrete will 

perform under crack resistance and loading capacity. By 

examining the variation in flexural strength under various 

replacement ratios of silica fume, this study identifies the 

optimal replacement ratio that enhances concrete 

densification, bonding, and durability.

  

 
Fig. 7 Flexural performance of concrete under varying mix compositions 

 

The results obtained from the flexural strength tests 

performed on the concrete mixes after 28 days, as depicted in 

the above graph, show the effect of the silica fume 

replacement content on the performance of concrete mixes 

prepared using 100% M-Sand, as depicted in Figure 7. In the 

conventional concrete mix (Mix-1), the flexural strength 

obtained is 4.7 MPa. In the concrete mixes prepared using only 

M-Sand in the absence of silica fume (Mix-2), the flexural 

strength obtained is slightly lower, i.e., 4.3 MPa, which is a 

reduction of 8.5% compared to the conventional concrete 

mixes, due to the absence of micro-fillers in the M-Sand 

mixes. In the concrete mixes prepared using 5% silica fume as 

a replacement content in M-Sand (Mix-3), the flexural 

strength obtained is 5.1 MPa, which is an improvement of 

8.5% compared to the conventional concrete mixes, and an 

improvement of 18.6% compared to the M-Sand mixes, due to 

the addition of silica fume, which provides better densification 

in the matrix. In the concrete mixes prepared using 10% silica 

fume as a replacement content in M-Sand (Mix-4), the 

maximum flexural strength obtained is 5.4 MPa, which is an 

improvement of 14.9% compared to the conventional concrete 

mixes and an improvement of 25.6% compared to the M-Sand 

mixes, due to the addition of silica fume, which provides better 

densification in the matrix. In the concrete mixes prepared 

using 15% silica fume as a replacement content in M-Sand 

(Mix-5), the flexural strength obtained is 4.6 MPa, which is a 

reduction of 14.8% compared to the maximum flexural 

strength obtained in the concrete mixes prepared using 10% 

silica fume, but close to the flexural strength obtained in the 

conventional concrete mixes. In the concrete mixes prepared 

using 20% silica fume as a replacement content in M-Sand 

(Mix-6), the flexural strength obtained is 4.0 MPa, which is a 

reduction of 25.9% compared to the maximum flexural 

strength obtained in the concrete mixes prepared using 10% 

silica fume, due to the excessive amount. 

 

4.4. Hybrid Neuro-Fuzzy Gradient Boosting Performance 

Assessment 

This section presents the empirical validation of the 

Hybrid Neuro-Fuzzy Gradient Boosting (HNF-GB) model 

developed in Section 3, with optimization performed using the 

Adaptive Sandpiper Optimization (ASPO) algorithm. The 

performance of the proposed model is evaluated through a 

comparative analysis with four widely used machine learning 

models, namely Random Forest (RF), Support Vector 

Machine (SVM), Convolutional Neural Network (CNN), and 

Decision Tree (DT). The effectiveness of each model is 

assessed using standard classification performance metrics. 

Furthermore, the obtained results are interpreted in the context 

of structural engineering applications, emphasizing their 

significance for structural safety assessment, quality control, 

and reliable decision-making in construction practices. 

 

4.4.1. Dataset Allocation and Stratified Sampling 

It was based on the data set consisting of 1,005 concrete 

samples, categorized into three classes according to the 

performance of the concrete's strength, namely Low (196 

samples), Medium (449 samples), and High (360 samples). 

The data set, as presented in Figure 8, shows an outstanding 

imbalance in the classes, with the medium class being the most 

predominant [20].  

 

In order to avoid bias while training the model, stratified 

sampling was performed, ensuring an equal proportion in the 
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representation of the classes in the 70% Training Set and the 

30% Test Set, as presented in Figure 9. The basis of the 

stratification is to ensure that there is a valid and fair 

evaluation of the generalization ability of the classifier over 

all the grades of the strength that the model is expected to 

perform.

   

 
Fig. 8 Distribution of concrete strength classes in the dataset 

 

 

 
Fig. 9 Train–test stratification ensuring balanced class representation 

 

4.4.2. Comparative Classification Metrics 

The performance of the HNO-GB model is compared to 

the known classifiers. The analysis concentrates on the 

performance indicators (Accuracy, Recall, Specificity, F1-

Score, and Jaccard Coefficient) that are important in 

determining reliability in the engineering context. 

 

Accuracy Evaluation — Demonstrating Predictive 

Reliability, the HNO-GB model was able to achieve the 

highest accuracy of 95.6%-98.8 as seen in Figure 10, 

compared to all other comparative ML models. The high 

accuracy can be attributed to this hybrid model. The Neuro-

Fuzzy part, i.e., ANFIS, is an improved feature extractor with 

an understandable feature extraction process, effectively 

capturing the complex non-linear relationships between mix 

parameters [21]. These extracted features have been 

effectively utilized by the subsequent Gradient Boosting 

Classifier. Additionally, the ASPO optimizer ensures that the 

whole system is running at an optimal point in the world by 

narrowing down all hyperparameters to achieve optimal 

accuracy. 

 

Sensitivity (Recall)- Structural Safety-Focused Metric. 

The observation is shown in Figure 11, and this verifies the 

concept that HNO-GB had quite high values for recall, with a 

range of 95.2-98.5. Recall is the rate at which the model is able 

to assign all instances of a class, and this directly reduces the 

rate of the False Negative (FN) rate. The high rate of recall for 

the Low-Strength category in civil engineering is something 

that cannot be compromised, as this ensures that the weak 

concrete does not get mistaken for a good one [22]. This is 

something that is most critical to structural safety, as an FN 

mistake in this category may cause a disastrous structural 

collapse. This is because the model has a high rate of recall, 

proving that it is safety-critical.
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Fig. 10 Accuracy comparisons of ML models 

 

 
Fig.  11 Sensitivity (recall) comparisons 

 

Specificity — Material Performance and Waste 

Minimization, as shown in the Observation of Figure 12 

above, the model HNO-GB was observed to reach a high level 

of specificity ranging between 96.0% and 98.7%. The 

Specificity of the model can be evaluated as the ability of the 

model to reject the sample that is not considered part of a 

specific class, and therefore, the False Positive (FP) rate is 

minimized. The efficiency of the material is extremely 

significant on high Specificity, especially in the High-Strength 

Concrete (HSC) category [23]. This ensures that high-quality 

material is not often given out as low quality, and the rejection 

of some material is avoided, which therefore implies the loss 

of quality material at an unnecessary cost.
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Fig. 12 Specificity comparison 

 

 
Fig. 13 F1-score comparison 

 

F1-Score and Jaccard Index — Robustness and Similarity 

Metrics from the observation, high performance is achieved as 

indicated by the F1-Score, with values 95.7% and 98.6% 

(Figure 13). The high F1-Score, which is the harmonic mean 

of Precision and Recall, suggests that the model is performing 

well as it balances the reliability of the predictions and the 

number of samples predicted. The high F1-Score is further 

supported by the Jaccard Coefficient, which is 95.2% (Figure 

14), indicating the similarity between the actual true labels and 

the model's predicted labels as well as the actual true labels 

[24, 25]. 
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 Fig. 14 Jaccard coefficient comparisons 

 

4.4.3. Model Convergence and ASPO-Driven Optimization 

Validation  

A model convergence and validation show in Figure 15 

the training process, showing a smooth and controlled 

decrease in the loss functions, which converges from 0.9: 0.1. 

 

 
Fig. 15 Convergence trend of the HNO-GB optimization process 

 

The stability of the said convergence, as evidenced 

by the lack of sharp oscillations, directly validates the ASPO 

optimizer. ASPO optimally explores the intricate 

hyperparameter space in search of the optimal set (θ) which 

minimizes the loss function (Equation 4), thus making the 

learning process efficient while producing a model with the 

least amount of overfitting possible. 

4.4.4. ROC–AUC Based Discriminative Ability 

Observation: Figure 16 shows Receiver Operating 

Characteristic (ROC) curves where Area Under the Curve 

(AUC) values lie between 0.97 and 0.99 for all three classes. 

The closer the value is to 1.0, the higher the discriminative 

ability.  

 
This shows that the proposed hybrid feature set, obtained 

through the Neuro-Fuzzy system, has enabled the model to 

effectively discriminate between Low, Medium, and High 

strength, regardless of the classification threshold [26]. 

 

 
Fig.  16 ROC curves and AUC evaluation of classification models 
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Fig. 17 Confusion matrixes showing class-wise prediction performance 

 

4.4.5. Confusion Matrix Analysis  

Observation is Figure 17 displays the confusion matrix 

for the holdout test set, showing strong diagonal dominance 

where correct predictions overwhelmingly outweigh off-

diagonal entries (misclassifications). 

 

The confusion matrix provides a detailed breakdown of 

the model's errors:  

 Diagonal Entries (True Positives, TP): High numbers 

confirm the high accuracy. The near-perfect score for the 

High Strength class demonstrates the model's ability to 

confidently identify premium material. 

 Off-Diagonal Entries (Errors): The minimal values in the 

off-diagonal cells (False Positives and False Negatives) 

are the most important result. The extremely low FN rate 

for Low Strength is a direct validation of the model's 

capability for safety-critical classification, while the 

minimal FP rate ensures material rejection due to 

misclassification is also low.  

 

4.5. Artificial Neural Network — Predictive Model Results 

Artificial Neural Networks (ANNs), also known as 

connectionist models, are a powerful data-driven intelligent 

approach to solving complex problems, inspired by the 

structure and functions of the human brain, and are capable of 

learning and representing complex nonlinear relationships 

through interconnected nodes called neurons.  

 

ANNs, in the field of Engineering research, have evolved 

as a powerful intelligent approach to predict complex 

relationships and patterns, especially in concrete materials, 

and to perform accurate intelligent evaluations, unlike 

traditional statistical models, which are unable to perform 

such complex evaluations. This intelligent approach has a 

powerful ability to learn from data, make accurate intelligent 

evaluations, and predict unseen patterns, and hence can be 

applied to intelligent concrete evaluation and intelligent 

decision-making processes [27, 28]. 

 

In the present research, the Artificial Neural Network 

model has been employed to predict the mechanical properties 

of concrete mix, modified with silica fume, and fully replaced 

with M-Sand. The input parameters, such as Cement content, 

Silica Fume percentage, River Sand/M-Sand proportion, and 

Coarse Aggregate content, are considered for intelligent 

evaluation and prediction, and these mix constituents play a 

vital role in determining the quality of the concrete mix and 

directly influence its strength development.  

The output responses, such as Compressive Strength, 

Split Tensile Strength, and Flexural Strength, are considered 

for intelligent evaluation and prediction, and these strength 

values play a vital role in determining the quality and safety 

of structures. 

In order to comprehensively verify and check the 

performance and accuracy of the Artificial Neural Network 

model, various performance verification tools are 

incorporated and implemented in this research, and these tools 

include Regression Analysis, Performance Analysis, Error 

Histogram Distribution, and Training State Analysis, and 

hence verify the reliability and accuracy of the Artificial 

Neural Network model for intelligent evaluation and 

prediction, and hence can be applied to intelligent concrete 

evaluation and intelligent decision-making processes. 

 

4.5.1 Compressive Strength Prediction 

The performance evaluation of the Artificial Neural 

Network (ANN) model employed for the classification of 

compressive strength for silica fume-based concrete mixes 

containing 100% M-sand, as presented in Figure 18(a), shows 

a regression plot with a strong correlation between the 

predicted and experimental compressive strength classes for 

all the training, testing, and validation sets, along with overall 

data sets.  

 

This proves that the ANN model has successfully 

incorporated the non-linear effects of silica fume replacement 

on compressive strength development, considering the values 

close to 1.0 for R-values. This also proves that the input 

parameters, such as mix composition and curing age, are 

effective in ensuring reliable prediction results. Figure 18(b) 

presents a performance curve for the ANN model, depicting 

the variation in MSE values during the training process [29]. 

The sharp decrease in MSE values during the initial epochs 

proves efficient learning, and the achievement of the best 

validation performance during the 10th epoch proves optimal 

convergence of the model without any chances of overfitting, 

considering the stabilization of the validation curve.
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                                                (a) Regression analysis                                                                            (b) Performance analysis 

 

 
                                                     (c) Error Histogram                                                                                     (d) Training state 

Fig. 18 ANN-based compressive strength classifications. 

Figure 18(c) illustrates the error histogram, which 

indicates the minimum amount of deviation in the output 

values from the targets due to the concentration of errors close 

to zero. Only a small number of data points are located in the 

high error bins, which indicates the minimum amount of 

misclassification in the output values, thereby showing the 

consistent accuracy of the ANN in all categories of strength. 

Figure 18(d) illustrates the training state, which indicates the 

stable optimization process due to the decreasing gradient 

values and the absence of validation failures in the optimal 

epoch, thereby showing the strong predictive ability of the 

ANN, which can be effectively used as an intelligent tool in 

the classification of compressive strength. Hence, the ANN 

model can be effectively used in the performance evaluation 

of sustainable concrete modified using silica fume and M-

sand. 

 

4.5.2. Split Tensile Strength Prediction 

The effectiveness of the Artificial Neural Network (ANN) 

model in terms of the prediction of split tensile strength 

classifications for concrete materials containing silica fume 

and 100% M-sand is examined. The regression plots in Figure 

19(a) clearly show a strong linear correlation between 

predicted and actual data for strength classes of concrete 
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materials, including training, validation, test, and overall data. 

The R-value is significantly higher than 0.90, indicating that 

the ANN model has effectively learned the impact of 

replacement levels of silica fume on strength performance for 

concrete materials. The trend of mean squared error, as 

indicated in Figure 19(b), clearly indicates a rapid decline in 

errors at the beginning of epochs, followed by a smooth 

trajectory, thus clearly indicating efficient convergence of the 

learning process. The validation plot for the third epoch 

indicates an efficient optimization process, thus reducing the 

chances of overfitting for the ANN model [30]. The proximity 

between the training and validation plots clearly indicates 

efficient generalization for the prediction of unknown data. 

The error histogram in Figure 19(c) clearly indicates the 

reliability of the ANN model for the prediction of concrete 

materials, where most errors lie close to zero, thus clearly 

indicating a small difference between actual and predicted 

data. 

 

Only a few outliers are found, suggesting that 

misclassifications are minimal and do not influence the 

robustness of the model. The training state plot in Figure 19(d) 

also indicates decreasing gradient values with limited 

validation checks at the optimal epoch, confirming that the 

training of the model was well regulated to avoid early stop 

training. Overall, the results have confirmed that the ANN 

framework is very efficient in capturing the nonlinear tensile 

response of sustainable concrete mixes. This verifies the 

applicability of using ANN as an intelligent prediction tool in 

the evaluation of structural materials. 

 

 
                                                (a) Regression analysis                                                                          (b) Performance analysis 

 

 
                                                  (c) Error Histogram                                                                                    (d) Training state 

Fig. 19 ANN predictions of split tensile strength classes. 
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4.5.3. Flexural Strength Prediction 

The performance evaluation of the Artificial Neural 

Network (ANN) model developed for predicting the flexural 

strength classifications of concrete incorporating silica fume 

and 100% manufactured sand is presented in this section.  

The regression plot in Figure 20(a) indicates a high degree 

of correlation between the experimental results and 

predictions during all phases, namely, training, validation, and 

testing phases.  

The correlation coefficient between the experimental and 

predicted results proves that the developed ANN model 

effectively captured the non-linear effects of different mineral 

mixtures and replacement of fine aggregate on flexural 

behavior in concrete. 

The mean squared error plot in Figure 20(b) indicates a 

rapid and stable learning process. The best validation result 

has occurred during the 2nd epoch, and a relatively few epochs 

are required to obtain optimal results without overfitting the 

model. The large gap between the best and worst curves 

indicates a large improvement in prediction accuracy during 

epochs. The error histogram in Figure 20(c) indicates a large 

number of errors close to zero, showing minimal deviation in 

prediction accuracy and actual values. Only a few errors 

indicate a large deviation, proving overall high consistency in 

prediction accuracy. The training state chart in Figure 20(d) 

indicates a decrease in gradient values and a decrease in the 

number of validation checks, confirming a high degree of 

stability in convergence, proving that the developed ANN 

model is effective in identifying complex stress-strain 

behavior under flexural conditions and different levels of 

concrete strength. 

 
                                                       (a) Regression analysis                                                                   (b) Performance analysis 

 

 
(c) Error Histogram                                                                                            (d) Training state 

Fig. 20 ANN-based flexural strength classifications. 
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5. Technical Discussion 
The objective of the present study is to conduct an 

integrated experimental and artificial intelligence-based 

evaluation of the properties of a concrete mix containing silica 

fume and 100% M-Sand as a replacement material for the mix. 

Based on the results obtained, it is evident and conclusively 

established that the replacement of river sand with M-Sand 

results in significant changes to the mechanical properties, and 

this is further enhanced by the addition of the percentage of 

silica fume replacement material to the mix. Based on the 

results obtained for the mechanical properties of the test 

specimens cast with the mixed materials, it is evident and 

conclusively established that the addition of silica fume to the 

mix results in significant and greater improvement to the 

mechanical properties compared to the use of M-Sand. This is 

a reliable database to validate the effectiveness of the hybrid 

neuro-fuzzy Gradient boosting (HNO-GB) model and the 

ANN-based predictive model. 

 

From the results obtained in the mechanical properties 

analysis of the mix materials, it is evident and conclusively 

established that the mix with 10% replacement of silica fume 

(Mix-4) has the highest value of compressive strength of 40.2 

MPa at 28 days of curing, which is 2% higher than the 

conventional concrete mix (39.5 MPa) and 10.1% higher than 

the mix with M-Sand alone (36.5 MPa). In addition, the tensile 

strength of the mix is 15% higher than the conventional mix, 

while the flexural strength is 14.9% higher than the 

conventional mix, which provides conclusive evidence of the 

effectiveness of the addition of silica fume to the mix in 

enhancing the mechanical properties of the mix, as well as the 

ability of the mix to resist cracking during service. However, 

when the silica fume content in the mix is 20%, the value of 

the compressive strength of the mix is significantly reduced to 

34.5 MPa, while the value of the flexural strength of the mix 

is equally significantly reduced to 4.0 MPa, which is 25% 

lower than the peak values obtained in the mix with 10% 

replacement of silica fume alone, which provides conclusive 

evidence of the presence of the optimum content of silica fume 

replacement material in the mix, as well as the fact that the 

mix with 10% replacement of silica fume alone should fall in 

the category of high-strength concrete mix in the quality 

classification of mix materials adopted in the field of civil 

engineering. 

 

The HNO-GB classification model has been 

comprehensively tested using different performance metrics, 

and these metrics are directly related to SR and MO principles. 

The HNO-GB classification model has been observed to yield 

an accuracy rate of 97.2%, and its accuracy rate for each class 

has been 98.3% for High-Strength, 97.5% for Medium-

Strength, and 96.1% for Low-Strength concrete, 

outperforming all other ML models, such as SVM, CNN, 

Random Forest, Decision Tree, and others, as depicted in 

Table 4. The recall rate, ranging from 95.2% to 98.5%, has 

been critical in structural engineering, ensuring a minimum 

FN rate, especially in Low-Strength concrete classification. If 

structurally poor concrete mixes are classified as acceptable, 

structural safety would be compromised, and hence, a high 

recall rate minimizes such risks. On the other hand, high 

values of Specificity, such as 96.0%, 98.7%, and others, 

confirm that FN rates are minimized, ensuring that 

unnecessary rejections of structurally sound materials are 

avoided, thereby reducing wastes and ensuring cost efficiency 

in quality control operations. Similarly, the F1-Score, ranging 

from 95.7% to 98.6%, and Jaccard Similarity, ranging from 

94.8% to 95.5%, confirm that the HNO-GB classification 

model maintains an excellent balance between precision and 

sensitivity, ensuring reliable classification between 

structurally overlapping mechanical properties. 

 
Table 4. Classification metrics  

Metric 
Low 

Strength 

Medium 

Strength 

High 

Strength 
Overall 

Accuracy 

(%) 
96.1 97.5 98.3 97.2 

Sensitivity 

/ Recall 

(%) 

95.2 96.8 98.5 96.8 

Specificity 

(%) 
96.7 97.2 98.7 97.5 

F1-Score 

(%) 
95.7 97.0 98.6 97.1 

Jaccard 

Coefficient 

(%) 

94.8 95.5 95.2 95.2 

AUC 0.97 0.98 0.99 0.98 

This result also proves the high level of discriminative 

power for all strength classes, thus ensuring the performance 

of the classifier even when the threshold is changed. The set 

of results proves the hypothesis that the effectiveness of the 

neuro-fuzzy rule-based feature enhancement, boosting-based 

classification, and optimization using the ASPO framework 

will result in an extremely robust and generalized classifier. 

The visualization of the confusion matrix is detailed and 

enables the diagnosis of classification errors. Moreover, 

strong diagonal dominance is observed with minimal 

misclassification occurring in the prediction of the High-

Strength class. This is especially important for premium 

concrete placement in safety-critical construction. The 

minimal error deviation also proves the effectiveness of fuzzy-

based interpretability and enhancement of decision boundaries 

using the boosting classifier. The reduction of loss to 0.1 from 

an initial loss of 0.9 using the specified number of epochs also 

proves the effectiveness of convergence characteristics using 

ASPO optimization. This also proves the effectiveness of the 

algorithm in overcoming overfitting problems, especially in 

mid-sized experimental sets. Parallel ANN-based regression-

driven classification is also performed to further validate the 

trends in compressive, tensile, and flexural strengths. The 

correlation coefficients derived using ANN-based regression 

analysis ranged from 0.90 to 0.98. The error histogram also 
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proves the effectiveness of the algorithm, with output 

deviations approaching zero. The fast convergence to optimal 

solutions in just 2 to 10 epochs is an important result 

indicating the efficiency of the algorithm for the classification 

task, especially when high uncertainty levels are involved due 

to high silica fume content. However, slightly higher error 

deviation is observed using the ANN classifier in the flexural 

classification scenario, indicating potential problems with the 

ability to generalize the data using fuzzy-based reinforcement 

and boosting-based structural learning. 

 

The dual approach of experimental verification and 

intelligent prediction serves to clearly underscore the 

importance of an automated concrete classification system 

from an engineering perspective. The HNO-GB technology 

has the potential to reduce testing requirements for material 

quality procedures by up to 80%, improve mix design 

evaluation, and prevent structural failures due to improper 

material classification. The multi-properties classification 

ability of the model also has the potential to extend its 

applicability to approval, rejection, and reliability evaluation 

of concrete materials in real-time. 

 

The study has clearly indicated the potential of hybrid 

intelligent systems, based on AI technology, to overcome the 

limitations associated with traditional machine intelligence 

and human intelligence in dealing with complex material 

interactions in sustainable concrete materials systems. The 

mechanical test verification has also underscored the 

importance of 10% silica fume in achieving homogeneous 

matrix properties and strength, while HNO-GB technology 

has also shown its reliability and safety-oriented intelligence 

in concrete quality classification materials. The study has also 

indicated a remarkable advancement in digital transformation 

in structural material evaluation and intelligent construction 

quality monitoring. 

 

6. Conclusion  
This research was successfully conducted on the 

mechanical properties and intelligent classification of 

concrete with silica fume and 100% M-Sand. From the 

findings of the experiment and machine learning results, the 

following conclusions are made: 

 The concrete mix with 10% silica fume (Mix-4) 

performed the best among all the mixes, reinforcing the 

fact that this percentage is optimal in densifying the 

concrete mix and maximizing the bonding efficiency 

while replacing natural river sand with M-Sand. 

 The highest compressive strength was achieved at 28 

days, amounting to 40.2 MPa, with 10% silica fume 

replacement, indicating an increase of 2% over the 

ordinary concrete mix (39.5 MPa) and an increase of 

10.1% over 0% silica fume replacement with M-Sand 

(36.5 MPa). However, the compressive strength reduced 

by 25% when the silica fume replacement percentage 

exceeded 15%, indicating excessive dilution of the mix. 

 The split tensile strength increased from 3.0 MPa in the 

control mix to 3.45 MPa with 10% replacement, 

indicating an increase of 15%. However, the split tensile 

strength reduced by 26% when the replacement 

percentage was increased to 20%, indicating reduced 

ability to resist cracks in the concrete mix. 

 The flexural resistance increased from 4.7 MPa to 5.4 

MPa with 10% replacement, indicating an increase of 

14.9%. However, the flexural resistance reduced by 26% 

when the replacement percentage was increased to 20%, 

indicating the existence of an optimum percentage 

ranging between 5 and 10%. 

 The Hybrid Neuro-Fuzzy Gradient Boosting (HNO-GB) 

model was found to have an overall accuracy of 97.2%, 

compared to other ML models. The high recall value, 

ranging between 95.2 and 98.5%, ensured minimum false 

negative errors, which is critical in the case of low-

strength concrete, while the high value, ranging between 

96.0 and 98.7%, ensured that high-quality concrete was 

not rejected unnecessarily. 

 Additional parameters, namely, F1-Score (95.7-98.6), 

Jaccard Coefficient (94.8-95.5), and AUC (0.97-0.99), 

along with the high diagonal value domination in the 

confusion matrix, indicate that the model is distinguishing 

Low, Medium, and High-strength concrete effectively 

with high confidence levels. 

 ANN was found to have high prediction potential with R-

values > 0.93, and the error histogram was found close to 

zero, reinforcing the fact that the ANN model is 

appropriate and reliable, although slightly less consistent 

compared to the HNO-GB model, especially in the case 

of highly nonlinear flexural responses. 

 

Overall, this study proves that 10% silica fume with 100% 

M-Sand is a perfect formula for a sustainable replacement 

strategy, considering maximum improvement in strength and 

optimal durability performance. The developed HNO-GB 

framework has proved to be highly effective in automated 

quality classification based on strength, leading to cost-

efficient and safety-oriented quality practices in construction 

industries. 

 

Conflicts of Interest  
The authors declare that they have no conflict of interest. 

 

Funding Statement  
This research received no external funding. 

 

Acknowledgments  
The authors sincerely acknowledge the Department of 

Civil Engineering, Vidyavardhaka College of Engineering, 

Mysore, for granting permission and providing the necessary 

laboratory facilities to conduct the concrete experimental 

work associated with this research. 

 



Swathi B. H & A. B. Rajendra / IJCE, 13(6), 288-307, 2026 

 

 

306 

References 
[1] Mehran Khan, Abdul Rehman, and Majid Ali, “Efficiency of Silica-fume Content in Plain and Natural Fiber Reinforced Concrete for 

Concrete Road,” Construction and Building Materials, vol. 244, 2020. [CrossRef] [Google Scholar] [Publisher Link] 

[2] Hossein Sasanipour, Farhad Aslani, and Javad Taherinezhad, “Effect of Silica Fume on Durability of Self-Compacting Concrete Made 

with Waste Recycled Concrete Aggregates,” Construction and Building Materials, vol. 227, 2019. [CrossRef] [Google Scholar] [Publisher 

Link] 

[3] Ismail B. Mustapha et al., “Comparative Analysis of Gradient-Boosting Ensembles for Estimation of Compressive Strength of Quaternary 

Blend Concrete,” International Journal of Concrete Structures and Materials, vol. 18, pp. 1-24, 2024. [CrossRef] [Google Scholar] 

[Publisher Link] 

[4] Mahdi Al Quran, “Efficient and Effective Anomaly Detection in Autonomous Vehicles: A Combination of Gradient Boosting and ANFIS 

Algorithms,” International Journal of Fuzzy Systems, vol. 27, pp. 1421-1437, 2025. [CrossRef] [Google Scholar] [Publisher Link] 

[5] Altyeb Altaher Taha, and Sharaf Jameel Malebary, “Hybrid Classification of Android Malware based on Fuzzy Clustering and the 

Gradient Boosting Machine,” Neural Computing and Applications, vol. 33, pp. 6721-6732, 2021. [CrossRef] [Google Scholar] [Publisher 

Link] 

[6] Gebre Gelete, “Hybrid Extreme Gradient Boosting and Nonlinear Ensemble Models for Suspended Sediment Load Prediction in an 

Agricultural Catchment,” Water Resources Management, vol. 37, pp. 5759-5787, 2023. [CrossRef] [Google Scholar] [Publisher Link] 

[7] Daniel Alcala-Gonzalez et al., “Compressive Strength-Based Classification of Eco-Friendly Concretes Using Machine Learning Models,” 

Materials, vol. 18, no. 23, pp. 1-18, 2025. [CrossRef] [Google Scholar] [Publisher Link] 

[8] Rana Muhammad Adnan et al., “Applications of Advanced Optimized Neuro Fuzzy Models for Enhancing Daily Suspended Sediment 

Load Prediction,” Computer Modeling in Engineering and Sciences, vol. 143, no. 1, pp. 1249-1272, 2025. [CrossRef] [Google Scholar] 

[Publisher Link] 

[9] Jingran He et al., “Stochastic Modelling of In-Structure Concrete Strength based on Stochastic Damage Model and Burr Distribution,” 

Structural Safety, vol. 108, 2024. [CrossRef] [Google Scholar] [Publisher Link] 

[10] Kunpeng Cai et al., “Numerical Simulation of Concrete Strength Based on Microstructure and Mineral Composition analysis using Micro-

CT and XRD Technology,” Construction and Building Materials, vol. 432, 2024. [CrossRef] [Google Scholar] [Publisher Link] 

[11] Rohan Sawant et al., “Identification of Sustainability factors of Self-Compacting Geopolymer Concrete for precast construction using 

SEM,” E3S Web of Conferences, vol. 405, pp. 1-18, 2023. [CrossRef] [Google Scholar] [Publisher Link] 

[12] Rohan Sawant, Deepa A. Joshi, and Radhika Menon, “Sustainable Paver Block Development using Recycled Plastic Waste and Fiber 

Reinforced Geopolymer Concrete,” Discover Applied Sciences, vol. 7, pp. 1-18, 2025. [CrossRef] [Google Scholar] [Publisher Link] 

[13] Rohan Sawant, Deepa A. Joshi, and Radhika Menon, “Prediction and Optimization of Self-Compacting Geopolymer Concrete with and 

without Steel Fibres using Response Surface Methodology,” Asian Journal of Civil Engineering, 2025. [CrossRef] [Google Scholar] 

[Publisher Link] 

[14] R. Surya Prakash, and N. Parthasarathi, “Transient State Analysis of Rehabilitated RC Beams using Finite Element Modelling and 

Prediction using an Artificial Neural Network,” Engineering Research Express, vol. 6, no. 2, 2024. [CrossRef] [Google Scholar] 

[Publisher Link] 

[15] R. Sawant, D. A. Joshi, and R. Menon, “Advanced Exploration of Current State-of-the-art of Practices of Fiber-Reinforced Self-

compacting Geopolymer Concrete,” Materials Science & Engineering Technology, vol. 56, no. 8, pp. 1070-1095, 2025. [CrossRef] 

[Google Scholar] [Publisher Link] 

[16] Rendong Shi et al., “Predictions of Concrete Compressive Strength based on a Hybrid Algorithm of GA-BP,” Advances in Engineering 

Research: Proceedings of the 4th Annual International Conference on Material Engineering and Application (ICMEA 2017), vol. 146, pp. 

265-270, 2018. [CrossRef] [Google Scholar] [Publisher Link] 

[17] Behnoush Farokhzadeh, Mohammad Ehteram, and Somayeh Soltani-Gerdefaramarzi, “A Novel Hybrid Optimization–Decomposition–

Neuro-Fuzzy Approach for Pan Evaporation Prediction,” Theoretical and Applied Climatology, vol. 156, 2025. [CrossRef] [Google 

Scholar] [Publisher Link] 

[18] Ali Nik-Khorasani, Ali Mehrizi, and Hadi Sadoghi-Yazdi, “Robust Hybrid Learning Approach for Adaptive Neuro-Fuzzy Inference 

Systems,” Fuzzy Sets and Systems, vol. 481, 2024. [CrossRef] [Google Scholar] [Publisher Link] 

[19] Eman F. Saleh, Ahmad N. Tarawneh, and Hasan N. Katkhuda, “A Comprehensive Evaluation of Existing and New Model-Identification 

Approaches for Non-Destructive Concrete Strength Assessment,” Construction and Building Materials, vol. 334, 2022. [CrossRef] 

[Google Scholar] [Publisher Link] 

[20] Yanhui Zhong et al., “Research on Detection Method of Concrete Compressive Strength Based on Dielectric Properties,” Journal of 

Building Engineering, vol. 76, pp. 1-24, 2023. [CrossRef] [Google Scholar] [Publisher Link] 

[21] Matthew DF Mcinnes et al., “Preferred Reporting Items for a Systematic Review and Meta-analysis of Diagnostic Test Accuracy Studies: 

The PRISMA-DTA Statement,” Journal of the American Medical Association, vol. 319, no. 4, pp. 388-396, 2018. [CrossRef] [Google 

Scholar] [Publisher Link] 

https://doi.org/10.1016/j.conbuildmat.2020.118382
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Efficiency+of+silica-fume+content+in+plain+and+natural+fiber+reinforced+concrete+for+concrete+road&btnG=
https://www.sciencedirect.com/science/article/pii/S0950061820303871
https://doi.org/10.1016/j.conbuildmat.2019.07.324
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Effect+of+silica+fume+on+durability+of+self-compacting+concrete+made+with+waste+recycled+concrete+aggregates&btnG=
https://www.sciencedirect.com/science/article/abs/pii/S095006181931997X
https://www.sciencedirect.com/science/article/abs/pii/S095006181931997X
https://doi.org/10.1186/s40069-023-00653-w
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Comparative+analysis+of+gradient-boosting+ensembles+for+estimation+of+compressive+strength+of+quaternary+blend+concrete&btnG=
https://link.springer.com/article/10.1186/s40069-023-00653-w
https://doi.org/10.1007/s40815-024-01843-8
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Efficient+and+effective+anomaly+detection+in+autonomous+vehicles%3A+A+combination+of+gradient+boosting+and+ANFIS+algorithms&btnG=
https://link.springer.com/article/10.1007/s40815-024-01843-8
https://doi.org/10.1007/s00521-020-05450-0
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Hybrid+classification+of+Android+malware+based+on+fuzzy+clustering+and+the+gradient+boosting+machine&btnG=
https://link.springer.com/article/10.1007/s00521-020-05450-0
https://link.springer.com/article/10.1007/s00521-020-05450-0
https://doi.org/10.1007/s11269-023-03629-3
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Hybrid+extreme+gradient+boosting+and+nonlinear+ensemble+models+for+suspended+sediment+load+prediction+in+an+agricultural+catchment&btnG=
https://link.springer.com/article/10.1007/s11269-023-03629-3?utm_source=researchgate.net&utm_medium=article
https://doi.org/10.3390/ma18235344
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Compressive+Strength-Based+Classification+of+Eco-Friendly+Concretes+Using+Machine+Learning+Models&btnG=
https://www.mdpi.com/1996-1944/18/23/5344
https://doi.org/10.32604/cmes.2025.062339
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Applications+of+advanced+optimized+neuro+fuzzy+models+for+enhancing+daily+suspended+sediment+load+prediction&btnG=
https://www.sciencedirect.com/org/science/article/pii/S1526149225000980
https://doi.org/10.1016/j.strusafe.2024.102443
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Stochastic+modelling+of+in-structure+concrete+strength+based+on+stochastic+damage+model+and+Burr+distribution&btnG=
https://www.sciencedirect.com/science/article/abs/pii/S0167473024000146
https://doi.org/10.1016/j.conbuildmat.2024.136505
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Numerical+simulation+of+concrete+strength+based+on+microstructure+and+mineral+composition+analysis+using+micro-CT+and+XRD+technology&btnG=
https://www.sciencedirect.com/science/article/abs/pii/S0950061824016465
https://doi.org/10.1051/e3sconf/202340504031
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Identification+of+sustainability+factors+of+self-compacting+geopolymer+concrete+for+precast+construction+using+SEM&btnG=
https://www.e3s-conferences.org/articles/e3sconf/abs/2023/42/e3sconf_icstce2023_04031/e3sconf_icstce2023_04031.html
https://doi.org/10.1007/s42452-025-07481-5
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Sustainable+paver+block+development+using+recycled+plastic+waste+and+fiber+reinforced+geopolymer+concrete&btnG=
https://link.springer.com/article/10.1007/s42452-025-07481-5
https://doi.org/10.1007/s42107-025-01559-6
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Prediction+and+optimization+of+self-compacting+geopolymer+concrete+with+and+without+steel+fibres+using+response+surface+methodology&btnG=
https://link.springer.com/article/10.1007/s42107-025-01559-6
https://doi.org/10.1088/2631-8695/ad46e9
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Transient+state+analysis+of+rehabilitated+RC+beams+using+finite+element+modelling+and+prediction+using+an+artificial+neural+network&btnG=
https://iopscience.iop.org/article/10.1088/2631-8695/ad46e9/
https://doi.org/10.1002/mawe.70019
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Advanced+exploration+of+current+state-of-the-art+practices+of+fiber-reinforced+self-compacting+geopolymer+concrete&btnG=
https://onlinelibrary.wiley.com/doi/abs/10.1002/mawe.70019
https://doi.org/10.2991/icmea-17.2018.60
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Predictions+of+concrete+compressive+strength+based+on+a+hybrid+algorithm+of+GA-BP&btnG=
https://www.atlantis-press.com/proceedings/icmea-17/25889585
https://doi.org/10.1007/s00704-025-05724-4
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=A+novel+hybrid+optimization%E2%80%93decomposition%E2%80%93neuro-fuzzy+approach+for+pan+evaporation+prediction&btnG=
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=A+novel+hybrid+optimization%E2%80%93decomposition%E2%80%93neuro-fuzzy+approach+for+pan+evaporation+prediction&btnG=
https://link.springer.com/article/10.1007/s00704-025-05724-4
https://doi.org/10.1016/j.fss.2024.108890
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Robust+hybrid+learning+approach+for+adaptive+neuro-fuzzy+inference+systems&btnG=
https://www.sciencedirect.com/science/article/abs/pii/S0165011424000368
https://doi.org/10.1016/j.conbuildmat.2022.127447
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=A+comprehensive+evaluation+of+existing+and+new+model-identification+approaches+for+non-destructive+concrete+strength+assessment&btnG=
https://www.sciencedirect.com/science/article/abs/pii/S0950061822011242
https://doi.org/10.1016/j.jobe.2023.107090
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Research+on+detection+method+of+concrete+compressive+strength+based+on+dielectric+properties&btnG=
https://www.sciencedirect.com/science/article/abs/pii/S235271022301269X
https://doi.org/10.1001/jama.2017.19163
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%09M.+D.+F.+McInnes++Preferred+reporting+items+for+a+systematic+review+and+meta-analysis+of+diagnostic+test+accuracy+studies%3A+The+PRISMA-DTA+statement&btnG=
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=%09M.+D.+F.+McInnes++Preferred+reporting+items+for+a+systematic+review+and+meta-analysis+of+diagnostic+test+accuracy+studies%3A+The+PRISMA-DTA+statement&btnG=
https://jamanetwork.com/journals/jama/fullarticle/2670259


Swathi B. H & A. B. Rajendra / IJCE, 13(6), 288-307, 2026 

 

 

307 

[22] Rohan Sawant, Deepa A. Joshi, and Radhika Menon, “Investigation on Key Factors Affecting Strength of Fiber Reinforced Self-

Compacting Geopolymer Precast Concrete using SPSS,” E3S Web of Conferences, vol. 596, pp. 1-8, 2024. [CrossRef] [Google Scholar] 

[Publisher Link] 

[23] Ashutosh Sharma et al., “Synergistic Integration of 5G-Enabled Cloud Native Infrastructures with Advanced Technologies for Urban 

Safety Enhancement,” IEEE Transactions on Consumer Electronics, vol. 71, no. 2, pp. 5321-5334, 2025. [CrossRef] [Google Scholar] 

[Publisher Link] 

[24] Davide Chicco, and Giuseppe Jurman, “The Advantages of the Matthews Correlation Coefficient (MCC) Over F1 Score and Accuracy in 

Binary Classification Evaluation,” BMC Genomics, vol. 21, pp. 1-13, 2020. [CrossRef] [Google Scholar] [Publisher Link] 

[25] Mubbashir Ayub et al., “An Effective Model for Jaccard Coefficient to Increase the Performance of Collaborative Filtering,” Arabian 

Journal for Science and Engineering, vol. 45, pp. 9997-10017, 2020. [CrossRef] [Google Scholar] [Publisher Link] 

[26] Ahmed M. Gomaa et al., “Machine Learning-Driven Insights for Concrete Compressive Strength Prediction: A bibliometric Analysis,” 

International Journal of Engineering and Artificial Intelligence Art Design, vol. 1, no. 1, pp. 1-22, 2025. [CrossRef] [Google Scholar] 

[Publisher Link] 

[27] Haiyu Li et al., “Compressive Strength Prediction of Fly Ash-Based Concrete Using Single and Hybrid Machine Learning Models,” 

Buildings, vol. 14, no. 10, pp. 1-30, 2024. [CrossRef] [Google Scholar] [Publisher Link] 

[28] Andrea Miano et al., “Reliability Estimation of the Compressive Concrete Strength Based on Non-Destructive Tests,” Sustainability, vol. 

15, no. 19, pp. 1-19, 2023. [CrossRef] [Google Scholar] [Publisher Link] 

[29] R. Surya Prakash, and N. Parthasarathi, “Experimental and Numerical Study on FRP-Rehabilitated RC Beam-column Joints at High 

Temperature with Artificial Neural Network,” Scientific Reports, vol. 15, pp. 1-26, 2025. [CrossRef] [Google Scholar] [Publisher Link] 

[30] M. Vishnupriyan, and R. Annadurai, “A Study on the Macro-Properties of PCB Fiber-Reinforced Concrete from Recycled Electronic 

Waste and Validation of Results using RSM and ANN,” Asian Journal of Civil Engineering, vol. 24, pp. 1667-1680, 2023. [CrossRef] 

[Google Scholar] [Publisher Link] 

 
 

https://doi.org/10.1051/e3sconf/202459601008
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Investigation+on+key+factors+affecting+strength+of+fiber+reinforced+self-compacting+geopolymer+precast+concrete+using+SPSS&btnG=
https://www.e3s-conferences.org/articles/e3sconf/abs/2024/126/e3sconf_iccmes2024_01008/e3sconf_iccmes2024_01008.html
https://doi.org/10.1109/TCE.2025.3560133
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Synergistic+integration+of+5G-enabled+cloud+native+infrastructures+with+advanced+technologies+for+urban+safety+enhancement&btnG=
https://ieeexplore.ieee.org/abstract/document/10963915
https://doi.org/10.1186/s12864-019-6413-7
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=The+advantages+of+the+Matthews+correlation+coefficient+%28MCC%29+over+F1+score+and+accuracy+in+binary+classification+evaluation&btnG=
https://link.springer.com/article/10.1186/s12864-019-6413-7
https://doi.org/10.1007/s13369-020-04568-6
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=An+effective+model+for+Jaccard+coefficient+to+increase+the+performance+of+collaborative+filtering&btnG=
https://link.springer.com/article/10.1007/s13369-020-04568-6
https://doi.org/10.21608/ijeaid.2025.396403.1000
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Machine+learning-driven+insights+for+concrete+compressive+strength+prediction%3A+A+bibliometric+analysis&btnG=
https://ijeaid.journals.ekb.eg/article_442970.html
https://doi.org/10.3390/buildings14103299
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Compressive+strength+prediction+of+fly+ash-based+concrete+using+single+and+hybrid+machine+learning+models&btnG=
https://www.mdpi.com/2075-5309/14/10/3299
https://doi.org/10.3390/su151914644
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Reliability+estimation+of+the+compressive+concrete+strength+based+on+non-destructive+tests&btnG=
https://www.mdpi.com/2071-1050/15/19/14644
https://doi.org/10.1038/s41598-025-16055-9
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Experimental+and+numerical+study+on+FRP-rehabilitated+RC+beam-column+joints+at+high+temperature+with+artificial+neural+network&btnG=
https://www.nature.com/articles/s41598-025-16055-9
https://doi.org/10.1007/s42107-023-00595-4
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=A+study+on+the+macro-properties+of+PCB+fiber-reinforced+concrete+from+recycled+electronic+waste+and+validation+of+results+using+RSM+and+ANN&btnG=
https://link.springer.com/article/10.1007/s42107-023-00595-4

