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ABSTRACT
Basalt Fiber Reinforced Concrete (BFRC) is being recognized as an eco-friendly advanced material with reduced 
environmental footprint, higher mechanical performance and long-term durability. However, its compressive 
strength prediction still appears to be a difficult problem due to the nonlinearity caused by the interaction of the 
mix components. This paper demonstrates a production-quality hybrid ML model to predict 28-day compressive 
strength of BFRC, providing an economical alternative to laborious and expensive laboratory-based testing.  
A well-defined database of 450 samples is generated involving the essential parameters, such as cement  
(440 kg/m3), SCMs (110 kg/m3), basalt fiber (0–4.25 kg/m3), fine aggregate (740 kg/m3), and coarse aggregate 
(975 kg/m3), water (121 kg/m3), superplasticizer (3.52 kg/m3), and curing period (3–365 days). The pre-
processed and normalized data were partitioned into the training set (80%) and the test set (20%). Five ML 
models Gradient Boosting (GB), Cat Boost (CB), Light GBM (LGB), and their hybrid ensembles: GB+CB, 
GB+LGB were trained and compared using different metrics such as R2, RMSE, MAE, MedAE, etc. Among all 
ML models, the GB+LGBM model showed the best performance with R2 = 0.9445, RMSE = 5.99 MPa, MAE = 
3.62 MPa, and MedAE = 2.26 MPa on the test set. SHAP analysis revealed that coarse aggregates (SHAP ≈+8) 
and cement (SHAP ≈+7) were the most influential factors, while the remaining water content and the excessive 
dosage of fiber were disadvantageous. Estimated compressive strength varied from 20 to 140 MPa. This study 
shows a novel approach by demonstrating the ability of ensemble ML models to capture complex concrete 
behavior, providing a data-driven approach for sustainable manufacturing of concrete. However, full reliance on 
the literature-based dataset still has significant limitations, which will increase noise, and these limitations can 
be further overcome by experimental validation in future studies.
Keywords: Basalt fiber; Compressive strength; Hybrid models; Concrete; Machine learning.

1. INTRODUCTION
Concrete is one of the most used materials in the global construction industry and the primary contributor of CO2 
from this particular field [1–5]. In addition, production of excessive cement and other construction materials 
causes significant consumption of natural resources, which is a notable environmental threat [6–10]. Nowadays, 
the use of basalt fiber in developing regions like Najran City for the production of concrete has increased and 
has developed a lot in the literature because of the positive effect on the mechanical and durability properties 
[11–15]. Abundant research reports suggest that including basalt fibers can notably increase the strength of 
concrete, especially when the dosages are not large or moderate [16, 17]. This reinforcement is mainly due to 
the ability of the fiber to bridge micro-cracks so that their size is restricted and, as a consequence, load carrying 
capacity is enhanced [18–21]. Level of increase in strength is also dictated by the volume and length of the 
fiber used. Generally, 0.1 to 0.5% (by volume) basalt-fiber inclusion induces advantageous properties; although, 
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higher volume fractions lead to fiber unserviceability due to clumping and can ruin the composite’s strength 
and workability [15, 22–24]. Therefore, the fiber proportion is vital and it should be well optimized for better 
performance. In addition to the tensile strength, BF has also proved to improve the toughness and ductility of 
the concrete [25–34]. While basalt fibers are most effective in improving tensile and flexural properties, their 
implementation also results in a uniform stress distribution under compression, which contributes to delaying 
the structural failure [35–38].

Basalt rock, a natural material formed from solidified lava, melts at the temperature of 1500–1700°C 
[39–42]; to fabricate basalt fiber (BF), the raw material is melted in a furnace at about 1450–1500°C. Moreover, 
subsequently drawn through the nozzles made of platinum and rhodium by means of technology denoted as 
continuous spinning [43–45]. This fiber production process was developed for the first time in the Moscow 
Research Institute for Glass and Plastic in 1953–1954, and the first commercial furnace was put into operation 
in a Ukrainian glass fiber research lab in 1985 [46–49]. Thereafter, BF has become popular in the construction 
amendment use on account of the superior heat, corrosion, and chemical-resistivity as a reinforcing material 
for concrete structures [50–52]. In addition, the application of modified supplementary materials also helps to 
enhance the structural integrity of concrete construction [49, 53–56].

It has been widely reported that basalt fibers improve the mechanical properties of concrete. For instance, 
KHARUN and KOROTEEV [57] observed that the stability and durability of HSC with BF addition were 
enhanced. Their experiments demonstrated an increase in compressive and tensile strengths by 37% and more 
than 70%, respectively, by adding 1 vol% BF to CS. Similarly, YANG et al. [58] determined that the optimum 
content of BF in normal concrete contributes to a decrease in early age crack development and improvement 
of toughness properties. With the increase in fiber content, the larger surface cracks are prone to producing 
microcracks, and the structure is improved. Additionally, an additional study by BIRADAR et al. [59] found 
a 0.3% BF mix to be most effective, leading to improvements of 9.82% in compressive strength, 36.7% in 
tensile strength, and 18.83% in flexural strength. The flexural and tensile strength property was improved with 
the chopped BF by KATKHUDA and SHATARAT [60], whereas the BF did not achieve much gain in the 
compressive strengths. Basalt fiber reinforced concrete is commonly used in infrastructure based on its chemical 
resistance and durability [61, 62]. Nevertheless, brittleness and low tensile and flexural strength present problems. 
Incorporation of basalt fiber has shown its advantages. Increased compressive strength and ductility in BFRC 
has been shown by AYUB et al. [63], indicating that the replacement of 2% BF volume enhanced compressive 
strength Figure Similarly, MOHAMMADI MOHAGHEGH et al. [64] discovered that BF at level of 1.33% 
based on BC maximum in compressive, tensile, and flexural strengths. A further investigation by KHARUN et 
al. [65] reported the positive effect of 1.2% BF on HPC properties, suggesting that an optimal BF content for 
HPC improvement generally exceeds 1%.

Outside of materials applications, there is growing uptake of machine learning (ML) across industries 
including manufacturing, medicine and civil engineering [66–70]. For materials science studies about con-
struction, ML techniques were successfully used in the prediction of various properties of concretes, which 
can be seen as an economic substitution for some expensive laboratory experiments [71–75]. For example, SU 
et al. [76] employed several ML approaches such as linear regression, SVM, and ANN to predict mechanical 
characteristics of P-FRC, where SVM produced better results. Similarly, NGUYEN et al. [77] leveraged ML to 
screen 339 GPC mixes and select the most promising compressive strength predictions. ULLAH et al. [78] used 
LS-SVR and RF for the prediction of the strength of lightweight foam concrete with R2=0.95 for RF, which 
demonstrates the good prediction ability. In his work, LIU [79] also applied SVR, RF, and XG-Boost to HPC 
prediction, and the results also provided evidence of the high MD accuracy by ML, including an XG-Boost R2 
of 0.99774. REZA KASHYZADEH et al. [80] employed a genetic algorithm (GA)-optimized BPNN to estimate 
the concrete strength through variables including the curing temperature and aggregate properties, and obtained 
good agreements with experiments.

ONYELOWE et al. [81] carried out a comprehensive investigation on the prediction of compressive 
strength of basalt fiber-reinforced polymer (BFRP) reinforced concrete utilizing a series of ML algorithms 
such as Random Forest, M5P, M5P-Stochastic, ANN, and Random Tree-based methods. The dataset includes 
different variables, such as cement, water, aggregate, fly ash superplasticizer, and BFRP content based on multiple 
research studies. Through the comparison of different models using different evaluation criteria,  Random Forest 
showed the best predictive probability. PAL et al. [82] developed an ANN model to predict the strength of GFC 
and BFC at 28 days, taking into account parameters such as A/C, W/C, FA content, and fiber dimensions and 
properties, such as the density and the elastic modulus. NAJM et al. [83], in their mix proportion, about 80% 
of cement was replaced with SCMs. Of these components, GGBS and basalt fibers followed by cement, had 
the most influence on strength. ANN proved to work well in the prediction due to irregularities in the data. 
The model of the compressive strength of BFRC is predicted by six advanced ensemble and classification ML 
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algorithms. It also uses the sensitivity analysis of Hoffman and Gardner to determine the influence of different 
mix components. The aim of the work is to develop more sustainable and accurate predictive models to inform 
the optimized design and use of BFRC in the construction industry [84, 85].

Basalt fiber reinforced concrete (BFRC) has attracted much attention for its improvement in compressive 
strength, durability, and mechanical properties of concrete. Meanwhile, the available literature indicates that 
adding basalt fibers into the concrete mix design refines the internal structure of the concrete, limits the propa-
gation of cracks, and improves stress distribution. Nonetheless, the performance of BFRC is affected by factors 
such as fiber dosage, length, and type. Performance is usually improved with a moderate level of fiber, but when 
these levels are too high, clumping can occur, and the ability to lay up is hindered. Optimum fiber contents 
have been studied and their effects on mechanical and durability performance have been reported by previous 
research, indicating the utility of basalt fibers in structural concrete applications.

Notwithstanding this knowledge, a comprehension of the BFRC’s behavior remains difficult and mostly 
goes beyond that of standard experimental testing. Machine learning (ML) has been proposed as an attractive 
option to model these complexities, leading to the prediction of performance metrics [86–89]. Various machine 
learning (ML) algorithms, such as ANN, SVR, RF and PR, have been used for the prediction of compressive, 
flexural and tensile strengths. These strategies are effective in simulating the non-linearity of the behavior of 
concrete mixes. Hybrid and multiscale ML approaches have been employed in some cases to enhance predictive 
accuracy. Besides ML modeling, numerical simulation and other modeling approaches have also gained 
significant attention to predict and evaluate important properties of concrete and other materials [90–94]. Several 
studies reported advanced numerical analysis that can effectively predict material and structural behavior in the 
construction industry [95–99].

However, one important gap remains: studies often focus only on prediction without exploring the contri-
bution of each mix component, using sensitivity analysis. Integrated studies evaluating the effect of each variable 
upon the BFRC performance through a comprehensive sensitivity analysis approach are scarce. Moreover, previ-
ous studies are concentrated on a small subset of ML models, and the comparisons among different conditions lead 
to the challenge of finding the most robust modelling for various datasets and environments. The work attempts to 
fill in these gaps using machine learning and advanced sensitivity analysis methods to analyze the level of influence 
of individual concrete components on the value of BFRC compressive strength. The study suggests a more com-
prehensive and sustainable forecasting framework by combining ensemble ML models with feature importance 
analysis. The novelty consists of combining predictive modelling with comprehensive input analysis as a tool in 
the optimization of the mix design of BFRC. This methodology will provide engineers with a superior tool for 
designing the environmental sustainability of Najran city, high-performance, and durable concrete materials.

1.1. Research objective
The objective of this study is to design and assess new artificial intelligence models for predicting the compressive 
strength of BFRC. More specifically, the study aims to identify a high-performance predictive model among various 
machine-learning models (i.e., Gradient Boosting, Cat-Boost; Light GBM; and a mix of these models) through 
comparison between them. Furthermore, the study aims to improve model performance with hyperparameter 
tuning by employing grid search CV. An important objective is to perform the sensitivity analysis of variations 
in mix components upon the compressive strength of BFRC. In addition, the proposed study intends to quantify 
a data-driven method for optimizing BFRC design and demonstrate the robustness and generality of models via 
uncertainty bounds. These aims are linked to the wider scope of materials science; they include: situating how 
machine learning can be leveraged for improvement in concrete mix design.

2. METHODOLOGY

2.1. Methods of research
AI models are trained on the available data and calibrated to and validated by laboratory test results. For the 
completion of complex engineering tasks, the ability of the AI process to identify trends reduces the complexity 
of real data into an understandable trend. To evaluate and compare the predictive accuracy of the network-based 
versus tree-based decision-making systems, several machine learning methods were employed in this work. 
Feature combination helps improve the prediction power of the models generated and ensembles the individual 
ML models.

2.2. Information gathering
We searched Google Scholar, Scopus, and Web of Science, as it is the most widely used and easiest to access 
academic literature. Google Scholar was the primary search engine used in searching. During the study, a 
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few important terms were encountered, such as sustainability, low carbon footprints, basalt fiber mechanical 
strength, and different types of SCM. Articles published in other languages were not considered in the search 
strategy. After that, we narrowed down our search and review to cover only basalt fiber reinforced concrete 
studies, which resulted in over 200 research papers. Moreover, the abstract has been chosen and reviewed in 
relevance with this study. A demonstration was heard on the impact of the various cement replacements (which 
are called supplementary cementitious materials, SCM) on social acceptance, the economy and the ecosystem 
without compromising compressive strength. Fifty articles were excluded from screening based on their content 
and annotation, only because they included several types of SCM.

The result factor was 28-d compressive strength, whereas the influencing factors were cement content, 
fine aggregates, SCM, density of concrete, and amount of water and foam; age and amount of superplasticizer; 
this study involved 450 different test points. All other compressive strength test findings in this study are related 
to cylinder specimens of 100 x 200 mm. The statistical description of the data is presented in Table 1.

2.3. Preprocessing data
Data pre-processing is an essential step in a series of raw data processing, which makes raw data available for 
the machine learning algorithm to predict accurately. The first part of this process is data cleaning, a portion of 
which involves missing data. One way of doing this is by removing the records that are not full, or by imputing 
values, like mean or median substitution. Outliers are detected and dismissed or modified as they may influence 
the model. There are two common methods for doing this.

Normalization (Z-score normalization):
It scales the data between the range [0, 1] using

� �
�

�
x

x xmin
xmax xmin

� (1)

This normalizes the smallest element to 0 and the largest one to 1, keeping the relative differences.

Min-Max normalization:
Here, μ and μ are the mean and standard deviation of the population, respectively. This idea is the light when 
the data follows a Gaussian distribution. Encoding methods (e.g., one-hot encoding) make qualitative variables 
quantitative by translating them to numbers. This category-level variable becomes available in the model by 
creating binary columns out of each category. This data split is finally partitioned into training and testing data,  
typically, 80:20, or 70:30. The samples in the training data are utilized to estimate the model’s parameters, and 
the testing data is utilized to evaluate how well the model can generalize. By doing so, preprocessing makes the 
data in a good shape or easier for the model to learn, so that the data processing can also be completed faster, as 
well as more accurately finally, the model also gets better chances to generalize.

Table 1: The statistical description of the data.

FEATURE UNIT MEAN STD MIN 25% 75% MAX

Cement (kg/m3) 440.0 0.0 440.0 440.0 440.0 440.0

SCMs (Silica fume, Fly ash) (kg/m3) 110.0 0.0 110.0 110.0 110.0 110.0

Basalt Fiber Quantity (kg/m3) 0.0 0.0 0.0 0.0 0.0 0.0

Fine Aggregate (kg/m3) 740.0 0.0 740.0 740.0 740.0 740.0

Coarse Aggregate (kg/m3) 975.0 0.0 975.0 975.0 975.0 975.0

Superplasticizer (kg/m3) 3.52 0.0 3.52 3.52 3.52 3.52

Water Quantity (kg/m3) 121.0 0.0 121.0 121.0 121.0 121.0

Curing Duration (Days) (days) 3.0 0.0 3.0 3.0 3.0 3.0

Compressive Strength (MPa) 73.185 0.0 73.185 73.185 73.185 73.185
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Scales data to have a zero mean and a variance of one with the formula

� �
�x x �
�

� (2)

This study used min-max normalization techniques as for this dataset the min-max normalization showed 
better performance than Z-score normalization.

The Pearson correlation coefficient (r) was also calculated to assess the degree of association between the 
variables. Using statistical software Minitab-16, a Pearson correlation (r) matrix of the variables was obtained. A 
correlation of 1 means that the input and output properties are strongly related, a correlation of 0 means they’re 
not related at all. The single sign case corresponds to positive if and negative if. The general properties of the 
composite materials are shown in Table 2.

2.4. Machine learning modelling
The best fit machine learning (ML) model for predicting CS of basalt fiber-based concrete was derived based 
on a comparison of the model metrics, and a multivariate multi-class modelling approach was performed by 
applying seven different models [100]. Machine learning (ML) modelling uses algorithms to enable computers 
to discover patterns in data and make some kind of decision or prediction without explicitly programming them. 
The process usually consists of collecting the data, preprocessing (cleaning and transforming) the data, selecting 
a machine learning algorithm (e.g., neural networks, decision trees, linear regression), training the model on a 
dataset, evaluating performance with metric(s) (e.g., RMSE, accuracy), and finally recommending or deploying 
the model where it needs to be used. Machine learning (ML) modelling is commonly used for classification, 
regression, and clustering applications and in industries from healthcare to finance to marketing to manufac-
turing. The names of the models that we are using are Categorical boosting, Gradient boosting, Light GBM, 
GB+CB, GB+LGB. That is, 80% of the data is used for training, and the remaining 20% is used for testing. 
Figure 1 is the overall flowchart of the machine learning.

2.4.1. Cat boosting
Cat Boost was developed by Yandex and is supposed to be better at working with categorical data than other 
more traditional tree-based models such as Light GBM [101]. We can add in additional layers of refinement to 
improve the model’s accuracy and generalization. The design of Cat Boost relies on the GBDT based approach. 
In essence, the algorithm refines predictions iteratively with its update rule, after accounting for the residual of 
past models.

Ft x Ft x ht x( ) ( ) . ( )� � �
1

� � (3)

here .ht(x) is a new decision tree fitted to the gradients, Ft(x) is the new prediction, and η is the learning rate.



P
y P

kcat
it

k

�
�
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1

1
� (4)

Table 2: The basic properties of the composite materials.

MATERIALS PROPERTY

Ordinary Portland Cement (OPC) EN197-1, Type 2, 42.5 OPC, ES 4756-1/2007.

Basalt fiber Density: 2.65–2.80 g/cm3, Color: brown to dark brown, sometimes golden, 
Diameter of Filaments: Generally, 10–20 micro meters, Moisture Absorption: 

Low water absorption (~0.1–0.3%)

Fine aggregate Maximum size 4.75 mm, FM value 2.75 to 3.09.

Superplasticizers Poly-carboxylic ether, EN 934-2 (2009).

Water Molecular Weight: 18.015 g/mol, Appearance: Colorless, odorless, tasteless 
liquid, State at Room Temperature: Liquid.
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where P is a prior, α is a regularization term, k is the index of the current sample in random order, and yi are the 
previous target values the model has seen. Moreover, Cat Boost grows symmetric trees, which also simplifies the 
model, accelerates the computation and reduces overfitting by splitting data on the same criterion at each level. 
A categorical boosting diagram is illustrated in Figure 1.

2.4.2. Gradients boosting
Consensus decision trees by default are weak learners in gradient boosting, an ensemble machine learning, 
which strengthens a model by repeatedly adding weak learners to it [102, 103]. To not lose too much of the train-
ing data, we begin by fitting the model with a constant. At each iteration, it calculates the pseudo-residuals by 
taking the negative of the gradients of the loss and uses them to determine the predictions for the current model. 
To predict this new set of residuals, we now train a new weak learner. We update the model by multiplying these 
predictions by the learning rate. Conclusion: The algorithm formulates the model in mathematical form.

F x F x h xm m m m( ) ( ) ( )� ��1 �� �  (5)

Here hm(x) is the new learner, v is the learning rate, and the optimal step size for loss minimization is hm(x). 
Repeating this process until convergence or a fixed number of iterations leads to the final prediction function, 
which is a linear combination of all weak learners. Gradient boosting achieves model accuracy by optimizing 
to correct the mistakes of previous model. The principle of the gradient boosting model presented in Figure 2.

Figure 1: Categorical boosting diagram.
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2.4.2.1. Mathematical formulation
Training data: x yi i i

N� �� �
�1

 and a differentiable loss function L y F x, ( )� �, where F(x) is the current prediction function.

1. Initialization:

F x arrgmin L yii

N
0 1
( ) ( , )�

��� � � (6)

For example, for squared error loss L y F x y F x, ( ) ( )� � � �� �2, the initial prediction is the mean of yi

F x
N

yii

N
0 1

1
( ) �

�� � (7)

2. For each boosting iteration m = 1, 2 …….M:
a. Compute the pseudo-residuals:

r
L y F x
F xim
i i

i F x F xm

� �
� � �
�

�

�
�

�

�
�

� �

( )

( )
( ) ( )1

� (8)

b. Fit a weak learner hm(x) to predict the residuals rim

c. Compute the optimal step size γγm

� � �m i m i m ii

Narrgmin L y F x h x� �� ���� , ( ) ( )11
� (9)

d. Update the model

F x F x h xm m m m( ) ( ) ( )� ��1 �� �  (10)

Figure 2: The principle of the gradient boosting model.



HAKEEM, I.Y.; ALZLFAWI, A.; SOBUZ, H.R., et al., revista Matéria, v.31, 2026

3. Final prediction after M iteration

y̌ = FM(x)� (11)

2.4.3. Light GBM
Light GBM, meaning Light Gradient Boosting Machine, by Microsoft, is a gradient boosting framework for 
fast and high-performance efficiency and scalability [104]. Light GBM is based on decis ion tree algorithms in 
a supervised manner for classifications, regression, and ranking tasks. Light GBM is unique in that it uses leaf-
wise (rather than level-wise) tree growth strategy, allowing it to reduce more loss and produce better accuracy. 
It supports parallel learning and GPU learning, making it possible to train fast on large scales [105, 106]. 
Light GBM builds trees by growing leaves vertically, as compared to horizontal construction by levels, and at 
each split, chooses the leaves that have the maximum gain. Light GBM applies two critical techniques: GOSS 
(Gradient-based One-Side Sampling) and EFB (Exclusive Feature Bundling). GOSS retains those data points 
which have a large gradient, while EFB reduces feature dimensions by bundling mutually exclusive features. 
GOSS and EFB improved training time and memory use, without sacrificing accuracy. The principle of the Light 
GBM model is illustrated in Figure 3.

2.4.4. GB+CB
Gradient boosting + Categorical boosting is a hybrid machine learning framework that combines the strength 
of gradient boosting with modern approaches to handling categorical data efficiently [107]. Gradient boosting 
is an ensemble approach that builds trees iteratively, which maximize prediction accuracy by addressing the 
model’s prediction errors at each step. This generally has the downside of requiring preprocessing to transform 
categorical variables into numerical data. Categorical boosting will augment gradient boosting to use categorical 
features directly in an iterative framework through ordered boosting (to prevent overfitting) and target encoding 
(to give categorical variables a more meaningful numerical representation). The combination of these capabilities 
means that the model can effectively mitigate overfitting while reducing time to build more relevant predictive 
models. Hybrid approaches to machine learning, such as this one, are promising, particularly on datasets where 
the majority of the features are categorical, and may offer better performance faster on modelling real-world 
problems in areas that include finance, healthcare, or marketing [108, 109]. This encoder averages the target for 
the category taking into account only previous data to avoid overfitting (ordered boosting). Having a model that 

Figure 3: The principle of the light GBM model.
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uses both methods, however, it can make reasonable decisions in both cases and hence can give us both numbers 
and relations at the same time.

y̌ ( ) ( )x h xm m
m

M

�
�
��
1

� (12)

2.4.5. GB+LGB
Hybrid Learning GB+LB Hybrid learning based on gradient boosting + light gradient boosting which extends 
the traditional gradient boosting, and it is more efficient and scalable [110]. Gradient boosting proceeds by add-
ing decision trees (which minimize the chosen loss function, using negative gradient descent) sequentially. Light 
GBM is a highly efficient implementation that further enhances the process using a leaf-wise tree-expanding rule 
instead of the level-wise approach [111, 112]. This method chooses the leaf that has the most information gain 
as the split point, enabling deeper and more concentrated trees and faster convergence. Figure 4 shows overall 
ML flowchart.

2.5. Parametric analysis

2.5.1. SHapley additive explanations (SHAP)
The SHAP framework offers a light to understand the behavior of a machine learning model by computing pos-
itive or negative values for each feature with regard to the prediction. It works such that SHAP values are com-
puted to provide a unique, optimal interpretability of the outcome of a machine learning model that are grounded 
in coalition game theory [113]. The effect of a factor on the predictions are estimated by these numbers, taking 
into account not only the market share of all potential combinations, but also how these features interact [114]. 
SHAP, the most popular instrument in the field, is a highly robust software system that can explain the output 
of any machine learning model, deliver estimates on the relative importance of the minimal difference of each 
predictor in a prediction model, and assist in modeling feature prominence and importance [115]. The SHAP 
value of feature iii in a model prediction can be expressed mathematically as:

2.5.2. Partial dependency plot (PDP)
One of the tools that we use to understand the effect of a single property, or set of properties, on model predic-
tion is the partial dependency plot (PDP) [116]. They can also be used to show the complexity or simplicity 

Figure 4: Overall ML flowchart.
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of the interactions between an output parameter and the independent variables [117]. Since PDP is computed 
independently of the other factors, it gives a focused evaluation of the importance of a feature on predictions. By 
varying the value of one input the so-called one-dimensional PDP (or PDP) can be computed with fixed values 
of all the other inputs. Similarly, from two inputs, a 2D PDP can be computed [118]. PDP not the PD Plot The 
mean prediction of the model is calculated from all observations using the PDP technique with one predictor 
held at a fixed value. The predicted average response based on all data points is made with all of the other pre-
dictor variables being held fixed. a mean predicted value for each observation in the dataset, typically adjusted 
for each other predictor variable if any.

2.6. Evaluation of the performance of the ML model
The reliability of the prediction performance model was analyzed by four statistical methods over three sub-
groups (training set, testing set, and validation set). The statistical performance indicators that were used were 
root mean square error (RMSE), mean absolute error (MAE), MedAE and coefficient of determination (R2). 
The average error of observed and predicted values was used to perform comparison using RMSE criterion and 
MAPE with percentage error.
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3. RESULTS AND DISCUSSION

3.1. Heatmap visualization of compressive strength’s relationship with various mix proportions, and 
curing conditions in basalt fiber reinforced concrete
The Figure 5 shows the influence of compressive strength (MPa) for various concrete mixtures and cure regimes. 
Figure 5(a) heatmap suggests that the quantity of cement is strongly positively correlated with compressive 
strength, especially if the amount of cement in the mix ranges from 400 to 600 kg/m3. Compressive strengths 
greater than 120 MPa are obtained, clearly indicating that cement is the main parameter contributing to high 
compression strengths. Figure 5(b) graph indicates that when the amount of SCMs is moderate, the compressive 
strength is the highest. Too much or too little SCMs lead to a decreased compressive strength, which indicates 
there might be an appropriate level of SCMs for strength development. Figure 5(c) demonstrates that com-
pressive strength is less affected by basalt fiber quantity. There is moderate filling up to around 50–100 kg/m3  
of basalt fiber, while the effect of basalt fiber is somewhat lower than cement or SCMs on strength. Figure 5(d) 
shows that fine aggregate has a positive correlation with the compressive strength. The maximum strength is 
achieved at ~700–800 kg/m3. But too much fine aggregate hurts compressive strength, and there exists an opti-
mal content. Figure 5(e) shows that the correlation between these variables is positive. The maximum CS (close 
to 130 MPa) is achieved at the coarse aggregate content of approximately 900–1300 kg/m3. It indicates that 
a reasonable coarse aggregate content plays a key role in increasing compressive strength. Figure 5(f) shows 
that the reduction of compressive strength is influenced by the dosage of superplasticizer especially when its 
amount is within 2 and 6 kg/m3. At higher dosage (over 6 kg/m3), the strength reduction can be explained by the 
overdose or non-optimal mix conditions. Figure 5(g) illustrates that as the water-cement ratio increases (above 
250 kg/m3), a considerable decrease in compressive strength is realized. The highest strengths are achieved 
with intermediate water contents (150–250 kg/m3), indicating that water must be carefully dosed. Figure 5(h) 
demonstrates a more complicated suggestion, where the greatest strength is had at 7–28 days of curing. The 
compressive strength build-up also gets reduced after certain curing times, and higher curing times do not 
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Figure 5: Heatmap analysis of compressive strength factors.
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contribute to higher strength. According to the heatmaps, cement content (Figure 5(a)) and coarse aggregate 
(Figure 5(e)) are therefore considered to be the main properties influencing compressive strength. The content of 
cement is directly related to the strength, and the best range is 400–600 kg/m3. The influence of coarse aggregate 
amount is also positive on strength, when it is within the range of 900–1300 kg/m3, it gives the best results. The 
ideal model to obtain the highest compressive strength should prioritize a balance in these two aspects, namely, 
keeping the cement content in a proper range and the right proportions of coarse aggregates. While the super-
plasticizer and water content also have effects, these are relatively insignificant when compared to cement and 
coarse aggregate.

3.2. Correlation matrix and hierarchical clustering of concrete mix components and their impact on 
compressive strength in basalt fiber reinforced concrete
Figure 6 includes two main parts: one is a Correlation Matrix (Figure 6(a)) and a hierarchical clustering matrix 
(Figure 6(b)), all illustrating the links between different concrete mix proportions and compressive strength. This 
is the matrix of Pearson correlation coefficients between different concrete mix ingredients and the compressive 
strength (MPa). Cement has a moderate correlation with compressive strength as well (0.33), implying that the 
higher the cement content, the higher the compressive strength is, but not too high. SCMs have an R-value of 
0.39 with compressive strength. Strength improves with the presence of SCMs, but to a weak extent. Basalt 
Fiber has a weak negative relationship of –0.19, indicating that the higher the basalt fiber, the less the effect 
on compressive strength by Basalt fiber. Fine Aggregate has a negative correlation of –0.48 with compressive 
strength, indicating that when the ratio of fine aggregate increases, it may be possible to reduce compressive 
strength. For coarse aggregate, 0.49, which is a strong correlation towards compressive strength, suggests that a 
higher amount of coarse aggregate generally results in a higher compressive strength. Superplasticizer, it shows 
a positive correlation of 0.26 with compressive strength; however, the increase in compressive strength with an 
increase in superplasticizer is found to be mild. Water Content is negatively related to compressive strength, 
–0.56, meaning that more water can reduce compressive strength. Curing Time has almost no correlation (0.02) 
in the dataset 6.2.

Fine aggregate, water quantity have a negative high correlation (–0.56 and –0.49, respectively) with 
compressive strength and correspond to the next highest in cluster size. Cement and SCMs have a strong 
significant correlation. The relationship is close, which means the two closely relate to each other, while the sign 
of the relationship is positive, which means that they both have similar effects towards strength. From Figure 6(a), 
the main factors affecting the CS increase are coarse aggregate (0.49) and cement (0.33). Although the effect of 
cement is relatively modest, coarse aggregate seems to have the strongest positive relationship, which indicates 
that it can be the dominant factor contributing to the strength. The ideal mix for the best compressive strength 
with permeable pavers will, therefore, be the one in which the right quantity of the coarse aggregate (Figure 6(b))  
where the same as for coarse aggregate clusters with strength improving factors, with focus allocated to 

Figure 6: Correlation matrix of concrete mix proportions and compressive strength. (a) Correlation matrix; (b) Hierarchical 
clustering matrix.
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cement content as well, even though it is not as powerful as coarse aggregate. Thus, the relative importance of 
compressive strength of coarse aggregate and cement is high in this dataset, whereas water amount and basalt 
fiber have lower than positive or negative effects. The clustering matrix is shown in Figure 6(b), which also 
integrates the relations and the clusters between these variables.

3.3. Correlation between compressive strength and concrete mix variables
The results presented examine the influence of the different materials and parameters on concrete strength. Each 
diagram demonstrates how varying a single factor be it a material component or step influences the concrete’s 
strength.

In Figure 7(a), the effect of cement content upon compressive strength is positive, and an increase in the 
cement content within the range from 350 to 750 kg/m3 results in higher strength, falling in general from a value 
close to 40 MPa to greater than 100 MPa. This means that cement strongly contributes to increasing the strength 
of concrete and the more cement there is the less impact it will have salt. Similarly, in Figure 7(b), the compres-
sive strength increased slightly with increasing SCMs, such as silica fume or fly ash although less obvious than 
that of cement. Conversely, Figure 7(c) Clear evidence of basalt fiber detrimental influence to concrete strength. 
The results showed that a decrease in compressive strength with increasing in quantity of basalt fiber is possibly 
attributed to break of structural cohesiveness or brittleness of the concrete. Figure 7(d) showing percentage of 
fine aggregate content. A previous positive trend is observed when the amount of fine aggregate is increased, 
that is the compressive strength and the fine aggregate increases, this could be due to the fact that fine aggregates 
contribute in shaping more denser matrix in the concrete. Figure 7(e) indicates the decrease in compressive 
strength with an increase of coarse aggregate content that could have been affected by the interference of big 
size aggregates on the bonding between aggregates and cement paste or increase the quantity of air voids. It is 
also consistent with the observations in several of the investigations mentioned above that coarse aggregates can 
adversely influence concrete strength by insufficient balance. On the other hand, Figure 7(f) shows that there is 
a good and significant relationship between the superplasticizer content and compressive strength, and the com-
pressive strength increases from 20 MPa to approximately 85 MPa when the dosage of superplasticizer increases 
from 0 to 14 kg/m3. Superplasticizers contribute to water reduction together with workability retention, and they 
improve the interparticle bonding and enhance the strength of the concrete.

In Figure 7(g), the water content significantly negatively contributes and the increase decreases the 
compressive strength. This is to be expected as water in excess will dilute the cement paste and will facilitate 
the reduction of the overall strength of the concrete each time the original fewer are exceeded. Lastly, Figure 
7(h), the graph of the curing time, we note that compressive strength does not change very much (≈ 40–60 MPa) 
hence indicating that over a certain curing time frame, further providing of the same would not derive a large 
percentage improvement in strength.

The most sensitive variable of strength improvement for the concrete is, in general, Superplasticizer 
(Figure 7f) and, as a consequence, an appreciable strength enhancement is achieved. Cement and fine aggregate, 
as well as water and basalt fiber, also share positive but weaker relationships. Curing time appears to have little-
to-no effect on strength in this data set, possibly with the exception of 1 day.

3.4. Impact of material and mix variables on concrete compressive strength
In Figure 8(a), for Silica Fume (Fly Ash) and compressive strength (MPa) of concrete. There’s quite a bit of 
spread in the plotted data points,  but there seems to be a general trend where increased amounts of silica fume/
fly ash seem to be associated with decreased compressive strength, somewhere between 20 and 100 MPa. The 
hex bins show that the data points are heavily focused around lower amounts of silica fume, suggesting that 
adding the material does not have much impact on the strength of the mix. In Figure 8(b), the cement content and 
its impact on compressive strength. The plot indicates a positive correlation in that the more cement is used, the 
higher the compressive strength. So, the individual points vary from 20MPa to 100MPa, and the hex bins show 
that most points kind of congregate around the 400–600 kg/m3 region of cement content, indicating that more 
cement in a mix leads to stronger concrete.

Figure 8(c) comparison between basalt fiber content and compressive strength. The data shown here var-
ies significantly, but in general, basalt fibers hurt compressive strength, and more of the fibers have led to lower 
compressive strength, especially to values in the range of 20–50 MPa. The hex bins demonstrate a clustering 
of lower-valued points and low compressive strength that does not reach 80 MPa even at higher fiber contents. 
Figure 8(d) shows the influence amount of fine aggregate on strength. The relationship is ambiguous because 
in some data points the molecular weights with a low percentage of fine aggregate are high, whereas those with 
a high percentage of fine aggregate are low. The hex bins are distributed over a wide range of fine aggregate 
quantities, and a clear positive or negative trend is not observed.
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Figure 7: Effect of key factors on compressive strength of concrete.
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In Figure 8(e), the coarse aggregate is analyzed, finding a slight negative association. For the strength 
properties, the co-combustible concrete with a high content of CA normally has the lower compressive strengths 
between 20 MPa and 100 MPa. The hex bins are hotspots in the low coarse aggregate range (600–1100 kg/m3), 
indicating that an excessive coarse aggregate content is detrimental to the concrete composition. Figure 8(f) 
considers the effect of superplasticizer on the concrete mix. In this case, the positive correlation can be inferred, 
since both examined superplasticizers induce higher compressive strengths with a higher amount of superplas-
ticizer. The data points scatter over 20 MPa to 100 MPa, while most hex bins mainly group even-distributed 
data points, suggesting that different dosages of superplasticizer have a positive effect on compressive strength. 
Figure 8(g) investigates the amount of water, and it is clear that there is a negative relationship between them 
on compressive strength. It can also be seen that with the increase of the water content under investigation, the 
number of data points in the hex bins for lower compressive strengths (lower than 60 MPa) is concentrated. This 
is logical since it is well known that too much water destroys the concrete.

Finally, Figure 8(h) examines cure time and shows a yielding positive relationship with compressive 
strength. Compressive strength slightly raises with curing age, yet data points indicate an extent of scatter. The 
hex bins reveal a high density within the 0–50 days domain and for most of the points, the compressive strength 
is between 30–80 MPa. There is a positive but declining trend with the increase of curing time, strengthening the 
compressive strength. According to these results, Figure 8(b), cement content seems to be the most significant 
factor for increasing compressive strength. The direct dependence of the cement consumption on strength shows 
that an increase in the amount of cement content leads to better strength in a more or less uniform manner, as 
other factors contribute to it. This makes the cement content a critical factor in the design of concrete mixtures 
for higher strength.

3.5. Influence of material constituents on the compressive strength of concrete
The box plots in Figure 9(a–h) show the effects of different mix design parameters on compressive strength 
(MPa) of concrete. Each subplot corresponds to a given input parameter, discretized in intervals with their 
respective compressive strength distributions. In Figure 9(a), there is a pattern of higher strength for higher 
cement content, where the 513.5–735.5 kg/m3 range has the highest median, above 90 MPa (a confirmation of 
the importance of cement for form development) in average compressive strength. Figure 9(b) indicates that 
(103.5–130.0 kg/m3) of SCMs also provide high median compressive strength, at about 100 MPa, which indicates 
ideal SCM dosage increases strength. In Figure 9(c), the issues with the basalt fiber amount (2.75–4.25 kg/m3)  
result in the best performance (which has a high median strength at about 90 MPa), indicating that the fibers 
improve the crack resistance and strength. Figure 9(d), the fine aggregate content, which is 790.0–870.0 kg/m3,  
provides the highest median compressive strength up to 100 MPa, and the higher and lower content cannot 
achieve such a performance. Figure 9(e) shows that ≥ 4 coarse aggregates exhibited a reduction of compressive 
strength, the case of the superlative performance being 699.99–737.26 kg/m3, with the median greater than 85 
MPa. Figure 9(f), it is added that the workability and the compaction are significantly improved when superplas-
ticizer dosage (36.6–42.1 kg/m3) is increased in the ranges when the strength is over 100 MPa. In Figure 9(g), 
water of the lowest representative range (120.99–160.0 kg/m3 (median)) yields the highest compressive strength 
(100 MPa), proving the principle of the water-cement ratio. Lastly, Figure 9(h), longer curing time greatly pro-
motes the strength, for (96.0–365.0 days), the quantitative median strength was more than 90 MPa.

Overall, Figure 9(f) is the best-prediction performance which can be achieved in maximum and unifor-
mity of compressive strength, followed by cement content (Figure 9a) and curing time (Figure 9h). This demon-
strates that the correct use of superplasticizers, thus allowing best materials hydration and compaction with no 
surplus of water, is the single parameter that leads to the most significant increase in concrete strength.

3.6. Effect of material composition on compressive strength of concrete: cement, scms, basalt fiber, 
and fine aggregate
The violin plots in Figure 10(a-h) represent scatter diagrams of separating parameters with compressive strength 
value of concrete mixes. Starting with Figure 10(a), the strength of the CFRPs is directly proportional to the 
cement dosage, i.e., mixtures with 512.6–586.6 kg/m3 of cement afford the maximum strength values, which can 
even exceed 140 MPa, so cement is the dominant factor. In Figure 10(b), show similar high strength potential for 
SCMs of 172.8–246.8 kg/m3 (135 MPa), moderate strength for lower SCM contents. Figure 10(c) demonstrates 
that the basalt fiber amount of 1.1–2.7 kg/m3 corresponds to higher CS (120–130 MPa), although the scatter is 
more distributed as compared to cement. In Figure 10(d), maximum strengths (~130 MPa) are obtained for fine 
aggregate contents of 1778.5–2030.0 kg/m3, while lower and mid-area contents result in dramatically decreasing 
strength.
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Figure 8: Hex bin analysis of concrete ingredients and their effect on strength.
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Figure 9: Box plot analysis of key mix design parameters affecting concrete strength.

Moving to Figure 10(e) also shows that with respect to water amount, the higher the water content, the lower the strength, 
when water content is within 139.0–160.0 kg/m 3, the compressive strength of the mixture is higher than 120 MPa, but 
when the water content is 220.0–240.0 kg/m3, the strength of the mix is reduced to lower than 50 MPa. Figure 10(f)) that 
curing duration has an important effect on strength: duration of 17.0–30.0 days and 46.0–90.0 days result in strength >130 
MPa, which again highlights the crucial role of long-term curing. In Figure 10(g), the largest strength value (~130 MPa) 
is achieved with coarse aggregate contents of 973.6 to 1097.3 kg/m3, and the strength decreases with excessive aggregate 
content. Lastly, Figure 10(h) indicates that dosages of Superplasticizer ranging from 2.8–4.3 kg/m3 reach compressive 
strength values between 130–140 MPa, which are decreased for lower or for too high quantities. The cement content in 
Figure 10, where factor (a) is identified as the most important factor governing the behavior of compressive strength and the 
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Figure 10: Impact of mix parameters on compressive strength: coarse aggregate, superplasticizer, water content, and curing 
duration.

maximum and most uniform strength values are obtained at high cement contents. This is expected as it is directly involved 
in the hydration of concrete and its matrix formation, which dictates the compressive performance of concrete.

3.7. Visualization of pairwise relationships between concrete mix features and compressive strength
The Figure 11 shows a pair plot which shows the association between different numerical variables with the 
Compressive Strength for the dataset. Each plot displays pairwise interactions between two features, as the 
diagonal histograms display each feature’s distribution. The variables Cement and Coarse aggregate reveal a 
stronger linear association with Compressive Strength, which implies that they could be important predictors. 
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Other characters as Superplasticizer and Water, show more scattered data and less relation with compressive 
strength. Curing Period (Days) also appears to be correlated with compressive strength, but with a scattered 
behavior. This pair plot is useful for finding possible strong correlations and weak correlations between features 
and compressive strength, providing an interesting silhouette through which to proceed to further analysis and 
modelling.

3.8. Comparison of actual vs predicted concrete strength for different models
The Figure 12 shows Actual vs Predicted Compressive Strength for different models like Gradient Boosting, 
Cat Boost, Light GBM and ensemble models for predicting Concrete Compressive Strength. In Figure 12(a) 
(Gradient Boosting), in the training set R2 is 0.9696, and in the test set it is 0.9437. The results demonstrate a 
very nice agreement between the true and predicted values, and most points closely follow the dashed line, 
which represents the ideal fitting. But there are some exceptions at the higher compressive strengths, especially 
in the test set, where the predicted values are slightly underestimated, and the errors reach up to 10 MPa.

Figure 12(b) (Cat Boost) follows the same pattern, the R2 values for the training and test sets being, 
respectively, 0.9654 and 0.9367. Both for the training and the test set, the predicted values are in good agreement 
with the actual values, but the deviations are higher for the test set, which in large part displayed errors of up to 
around 10–15 MPa. Figure 12(c) (Light GBM) is R2 is 0.9615 in training and 0.9194 in testing. The plot looks 
well-centered, but the residuals in the test set are a bit more spread, and we reach errors up and down to 15–20 
MPa.

Figure 11: Pair plot of numeric features and their relationship with compressive strength.
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In Figure 12(d) (GB+CB Ensemble), the R2 for the training and test sets are 0.9671 and 0.9441, respectively. The actual and 
predicted values’ alignment in the plot of XG Boost is better than Light GBM, with the test set having less strong readings, 
mostly between 10 MPa. Finally, Figure 12(e) (GB + LGBM Ensemble) achieved the best R2 for the training (0.9672) and 
the test (0.9445). The actual response for both training and testing, and the predicted response, and we see how closely we 
get to the predictions we made. The majority of the data points are centered at the dashed ideal line and have an insignificant 
degree of ±5 MPa deviation, confirming the excellent performance of the model. GB + LGBM has the best results among 
others due to higher R2 and smaller deviations with respect to actual and predicted values. The accuracy of model predictions 
is excellent, with virtually no deviance in the test set. In contrast, Figure 12(c) (Light GBM) exhibits the worst performance, 
with the biggest residual spread, both successful and failing ones (especially on test).

3.9. Assessment of model residuals across predicted compressive strength values
Figure 13 illustrates the Residuals vs Predicted Compressive Strength plots for the test set in the four subplots 
(a) to (d), where the residual (actual–predicted strength in MPa) is plotted against the predicted Compressive 
strength.

Figure 12: Performance of (a) GradientBoosting, (b) CatBoost, (c) LightGBM, (d) GB + CB ensemble and (e) GB + LGB 
ensemble models in predicting concrete compressive strength. 
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In Figure 13(a), the residuals are dispersed with few small trends and overall appear flat. A (dashed 
red) horizontal line (the ‘0 residual’ line) is added to the plot, which indicates where all residuals should 
ideally terminate if the model is good. The residuals reach up to ±20 MPa, meaning that for certain predictions 
the model brings large errors. The scatter of the residuals grows as a function of the predicted compressive 
strength, and there are no clear patterns that show that overfitting or underfitting could potentially have taken 
place. In Figure 13(b), it exhibits the same pattern is exhibited, but the residuals seem to be more evenly 
spread. The residuals thus still vary between –20 MPa and +15 MPa without showing any structure in the data. 
It appears that the model performs a little bit better than in Figure 13(a), but it deviates noticeably, especially 
for larger predicted strengths.

Figure 13(c) indicates more trend of homo scholasticate than those depicted in the previous figures. The 
majority of residuals lie in the interval of –10 MPa and +10 MPa, except for some outliers. This shows a better 
performance of the model, in the sense that errors are smaller and more evenly distributed over the various 
levels of the predicted compressive strength. There is no significant correlation in the residuals, indicating the 
model is well-calibrated. Finally, Figure 13(d) yields the best predictions as the residuals are concentrated 
around zero with a smaller spread than in the other figures. Most of the residuals are in the region of –5 MPa 
to +5 MPa, reflecting very high predictive accuracy. The non-existence of patterns and trends also verifies the 
good fit of the model. Figure 13(d) is the optimal model since it presents the smallest scatter of residuals, which 
are mainly concentrated around zero, except for very few large errors. In contrast, Figure 13(a) reveals the most 
dispersed residuals amounting to ±20 MPa, indicating the least accuracy. Thus, Figure 13(d) shows the model 
which is the best at predicting since residuals are minimized over the entire range of predicted compressive 
strengths.

Figure 13: Residuals vs predicted compressive strength for test set using (a) GradientBoosting, (b) CatBoost, (c) LightGBM, 
(d) GB + CB ensemble and (e) GB + LGB ensemble models.
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3.10. Comparison of actual and predicted concrete strength for train and test sets
In Figure 14(a), the true train values (red) and predicted train values (black) are in good agreement for the com-
pressive strength 20- 120 MPa. The approximately predicted test values (green) strongly differ from the actual 
test values (black), especially for the large data indices, with deviations up to 25 MP. This means the model is 
overfitting and is having trouble making good predictions on the test data. In Figure 14(b), the estimated test 
values (green) are more consistent with the test values (black), especially in the vicinity of 20–50 MPa. But the 
cases in which the difference between the two is still 10–15 MPa are not an exception. This can be considered 
as an improvement compared to Figure 14(a), however the model remains somewhat inadequate, especially in 
the higher compressive strength region. In Figure 14(c), it can be seen that the forecasted test values (green) are 
nearer to the test values themselves, with differences of 5–10 MPa in most cases. The range of predicted values 
for both training and test data is now more constrained, meaning the model is more generalizable than in the 
previous figures, but we are still seeing some larger errors occurring towards the end of the test data, going as 
high as 15 MPa in some locations.

In Figure 14(d), there to the actual test data, and the precalculated values for the test set (green) are quite 
similar in that case, with a few larger differences on the order of 10–15 MPa. Predicted values are within a 
range of 30–100 MPa in the test set, and the model yields the compressive strength with reasonably good accu-
racy but fails on some (relatively higher) values. Finally, Figure 14(e) shows the optimum model performance 
observed. The predicted values of test were close to 5 MPa for most of the test points, with some evidence for 
large deviations at the extreme of the test data, Propanol values. The estimates vary from 20 MPa to 100 MPa, 
which corresponds to a nearly perfect match to the true values over the test data. Figure 14(e) is the best one with 

Figure 14: Visualization of actual vs predicted concrete strength across train and test data using (a) GradientBoosting,  
(b) CatBoost, (c) LightGBM, (d) GB + CB ensemble and (e) GB + LGB ensemble models.
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the maximum errors (actual values minus the predicted ones) being not more than approximately 5 MPa. This 
shows that the predictions on the test set for the model are the most accurate among the models presented in the 
previous figures, which had errors up to 25 MPa.

3.11. Analysis of absolute prediction errors for different models on test set
The distribution of prediction errors on the test set for our various models (plotted in subplots (a)–(e)) is shown 
in the Figure 15. Furthermore, Table 3 highlighted the performance indices of all ML models. In Figure 15(a), 
the model is characterized by a high density of errors around zero, with the magnitude of the prediction error 
typically being less than 5 MPa. Some errors in the tens of minutes still exist, but this does not prevent them from 
conveying that some meaningful mispredictions were made. This distribution indicates a model that performs 
fairly well but sometimes makes large errors. Figure 15(b) presents a distribution of the error with relatively 
more balanced between low and high error, in which some samples have the absolute error around 5–10 MPa, 
although the majority still have lower errors. It indicates that the model does not perform too badly and has some 
varying levels of correctness. Figure 15(c) is also distributed similarly, with the majority of errors being very 
small and only a few larger errors, which demonstrates that it has good precision with sporadic large deviations.

Figure 15(d), which is a model with most of the prediction errors accumulated on the lower end, and 
indeed around zero, reflecting very good performance. There are still outliers with errors in the range 5–10 MPa 
yet, and these may correspond to specific cases or rather complex patters in the reference data not easily handled 
by the model. Finally, Figure 15(e) shows a histogram with most of the prediction errors within the range of 0–5 
MPa and only very few errors beyond 10 MPa. It infer superiority in performance as the majority of the model’s 

Figure 15: Distribution of prediction errors for test set across (a) GradientBoosting, (b) CatBoost, (c) LightGBM,  
(d) GB+CB ensemble and (e) GB + LGB ensemble models.
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prediction errors are very small, and thus this is the only model displayed, which is the most accurate one.  
Figure 15(e) corresponds to the best model because it has the smallest prediction errors, where larger errors 
are, for the most part, limited to the 0–5 MPa range. This suggests that it also makes very accurate predictions 
compared to the rest of the models displayed.

3.12. Comparison of regression model metrics across train and test sets
The Figure16 shows the grouped bar plot for multiple models such as GB, CB, LGBM, GB + CB, and GB + 
LGBM, and several performance metrics (R2, RMSE, MAE, and MedAE) on training and testing data. At GB, 
the model presents an average performance a test R2 of about 6 is even higher than the train value. But the 
RMSE for the test set is around 6, which is higher than the training performance from the model, which means 
its accuracy decreased for the test data. MAE and MedAE are relatively higher as well, but the train and test 
scores agree with each other. CB does a little bit worse, the R2 of the test set is already higher, shooting around 5,  

Table 3: Model performance indices.

MODEL DATASET R2 RMSE MAE MEDAE

Gradient Boosting Train 0.9696 4.4197 2.1629 0.8315

Test 0.9437 6.0296 3.4779 1.5440

Cat Boost Train 0.9654 4.7146 2.6973 1.2830

Test 0.9367 6.3955 4.0353 2.6565

Light GBM Train 0.9615 4.9736 3.1378 1.7556

Test 0.9194 7.2177 4.3588 2.4124

GB + CB Train 0.9671 4.5959 2.5069 1.2002

Test 0.9441 6.0097 3.6091 2.0879

GB + LGB Train 0.9672 4.5904 2.5772 1.3131

Test 0.9445 5.9884 3.6235 2.261

Figure 16: Grouped bar plot of model performance metrics (Train vs Test).
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meaning it partly explains the test: moderate explanatory power. The RMSE of the test is ~5 (less than that of 
the train set), but it gives a greater error overall than GB. The values of both MAE and MedAE are also larger 
than GB, representing larger average and median error measures.

On LGBM, the model is underperforming across all metrics. The R2 value is under 3, which means it 
does not explain a whole lot of variance, and the test set RMSE comes out pretty high at 6, which implies a poor 
predictive performance. Likewise, the MAE and MedAE are both high, meaning high prediction errors. The 
combined GB + CB outperforms the other two single models, indicating the ability of combining models for 
more explanatory power, with our R2 on the test set raised to around 6. The RMSE is around 5, and the MAE 
and MedAE are also improved to 3. Finally, we obtain that the GB + LGBM mixed model always has superior 
performance than the others. It has the highest R2 of 7, meaning that it explains the largest proportion of the 
variance in the data. It has the lowest average RMSE over the entire test set, which is around 4, indicating the 
best predictive power. They are also the lowest, of 2, and ~1, respectively, hence indicating that they commit 
not many errors, on average, and not many errors at the median. GB + LGB is the best model, including all 
measures, achieving optimal prediction and error rates. It has constant best performance over other models and 
also combinations like GB + CB.

3.13. Evaluation of regression models: R2, RMSE, MAE, and MedAE across train and test sets
The Figure17 depicts different model performance measures for different ML models, evaluating them on train-
ing and testing data with different accuracy scores. The reported metrics are R2, RMSE, MAE, and MedAE for 
different models,  as GB (Gradient Boosting), LGBM (Light GBM), and CB (Cat Boost), and linear combina-
tions of these models (GB + CB, GB + LGBM).

GB + LGBM model is the best performing, with the highest R2 for training as well as testing data which 
means this model has the capability of explaining more variation between test and train data. The LGBM model 
is the second best, while GB and CB have lower R2 scores. GB + LGBM is the best according to RMSE, 
exhibiting the smallest RMSE values and indicating better prediction accuracy on the training and testing data, 
together. Despite that, the GB+LGBM model is better and has no residuals in terms of MAE, since for this 
model, the MAE values are lower, meaning smaller average absolute errors between true and predicted values. 
Next, LGBM and GB, while CB once more presents the largest MAE values, meaning greater errors on average.

GB + LGBM head with the smallest MedAEs, which is a measure of predicting the median of the error 
distribution. Also, here, CB trails again with elevated MedAE values, indicating that its model performance is 
more sensitive to the outliers compared to the others. The GB + LGBM model performs better than any other 
model in all the metrics, having the best results in R2,  RMSE, MAE and MedAE. The performance of the CB 
model is typically the weakest, but LGBM and GB models are comparable, but weaker than the ensemble ones. 
Consequently, GB + LGBM is the most appropriate model for our purpose, due to the fact that it produces the 
lowest error and the highest predictive accuracy. CNN and DNN, as well as Random Forest (RF) and XG Boost 
were adopted, up to the CNN showed the best performance in the test phase (NSE = 0.95 for TDS, NSE = 0.96 
for PS, NSE = 0.67 for SAR, and NSE = 0.93 for CI) [119]. We experimented with several models such as Linear 
Regression, K-nearest Neighbor, Support Vector Regression, Decision Tree, Random Forest, Extra Tree, and 
the Gradient boosting. He observed that among other techniques used for the prediction models, random forest 
gave the best prediction task with an R2 of 0.926 and mean absolute error of 1.608 for the determination of the 
compressive strength [120].

3.14. Feature impact distribution in concrete mix predictions using SHAP
The SHAP Summary Plot for Concrete Mix Components in Figure18 graphically demonstrates the effect of 
individual features on the model response. The feature CA is the one that seems more influential, with a great 
level of SHAP values, with a standard deviation of –10 to 10, which means it is considerably affecting the model 
predictions. This feature has more SHAP values for a greater quantity of coarse aggregate, i.e., a greater amount 
of coarse aggregate leads to a greater positive effect on the model. Water Quantity, when close to the range, the 
distribution of SHAP values is also similar, reaching our maximum at close to +5, and indicating that larger 
Water Quantities are contributing positive output predictions. Both release agents and SCMs (Silica fume, Fly 
ash) have a relatively weak effect, with SHAP values between 5 and –5; that is, SCMs are either not included 
in the model or their presence increases the model’s output. Curing Duration (Days) has a weaker impact, with 
mostly small SHAP values in the range [–2, 3]. Cement, Superplasticizer (kg/m3), and Basalt Fiber Quantity 
present higher concentration of SHAP values with a moderate influence on concrete mix properties. Finally, Fine 
aggregate (kg/m3) is the least influential and so has SHAP value is negligible, showing it plays the minimum 
role in the model. Finally, Coarse aggregate and Water Quantity are the most and Fine aggregate is the least 
influential.
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Figure 17: Comparison of model performance metrics (Train vs Test).

3.15. Feature importance of concrete mix variables based on SHAP values: impact on compressive 
strength prediction
Figure19 depicts the SHAP feature importance across different components of a concrete mix. It’s a point of 
explaining how much each feature is affecting the model’s result. The dominant feature is Coarse aggregate, 
which has a SHAP value of nearly 8, such that it is most influential for the prediction of the model. Next is Water 
Quantity around 7, and on it, SCM (Silica fume, Fly ash) around 6. Other parameters such as Curing Days, 
Cement, and Superplasticizer demonstrate mild influences with 3 and 5 of them. The factors of Basalt Fiber and 
FA have a less obvious effect than that of FA. As a whole, Coarse aggregate is the most effective in controlling 
concrete mix characteristics, and Fine aggregate is the least effective.

3.16. SHAP dependence plots showing the impact of concrete mix variables (cement, SCMs,  
aggregates, water, and curing) on compressive strength
The Fig SHAP dependence plots are shown in Figs. (20) depict the connections between concrete ingredients 
(such as cement, SCMs, basalt fiber, water, aggregates, SP, and curing period) and their influences on compressive 
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Figure 19: SHAP feature importance for concrete mix components.

Figure 18: SHAP summary plot for concrete mix components.

strength. SHAP values represent the contribution of each feature to the predicted target (i.e., compressive 
strength), with positive values referring to an increased strength and negative values referring to a decreased 
strength.

Figure 20(a) shows that the SHAP values are considerably higher with higher cement content. The figure 
shows that the influence of cement on compressive strength is very strong and positive, with the SHAP values 
between –8 and +8. Increasing the content of coarse aggregates enhances the role of cement, which is indicated 
by the blue-to-red color in the graph. A linear relationship is shown, which represents the consistent effect of 
cement on the increase in compressive strength. Figure 20(b) shows that the SHAP values are between −5 and 
+12.5. The results in the plot reveal that SCMs have a dual impact, such that a greater amount of SCM addition 
increases compressive strength (SHAP values shift to the positive region). Values decrease sharply for lower 
contents of SCMs, implying that their favorable effect is only appreciable compared to their application in an 
amounts.

Figure 20(c) shows the SHAP value plot for basalt fiber revealing an insignificant difference; most of 
the data points are close to 0, indicating that the basalt fiber has little impact on the compressive strength. The 
SHAP values are negative or close to 0, which indicates that the amount of basalt fiber does not contribute to 
the compressive strength in this specific set of observations. Figure 20(d) reveals that SHAP values lie between  
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–6 and +6. The relationship becomes weakly adverse at the highest fine aggregate contents, i.e. with fine aggre-
gate contents towards the higher end of the range, would be expected to reduce strength. Without much reverse, 
so it means that the level of proportion is very or moderate to low reverse and it is a moderate reverse between 
water absorption and compressive strength.

Figure 20(e) depicts coarse aggregate from –10 to +15 of SHAP values. From the plot, it can be seen 
that increasing the percentage of coarse aggregate results in a corresponding increase in compressive strength, 
and the correlation is uniformly upward in proportion to the percentage of coarse aggregate. Negative values 
obtained for lower percentages of coarse aggregate indicate a decrease in strength. Figure 20(f) demonstrates 
that the SHAP values change from negative correlation to positive correlation when the superplasticizer dosage 
reduces, suggesting that the increase in superplasticizer content it is sometimes beneficial on the compressive 
strength. The SHAP values are between –7 and +7, indicating an overall positive influence, but the influence is 
relatively weaker than that of cement and coarse aggregate. Figure 20(g) shows that the water quantity plot had 
a negative relation with compressive strength, reported SHAP from –10 to +5. Compressive strength reduces 
with an increase in water ratio in a manner consistent with the negative correlation established in previous 
assessments. The increased water content, that way, reduced the strength of the concrete. Figure 20(h) shows 
that the SHAP value increases significantly with curing period. The SHAP values for curing time are between 
–15 and +10, in an upward trend. This indicates that the curing period has had a strong positive influence on 
compressive strength, except in the very early days.

According to the SHAP dependence plots, cement (Figure 20(a)) and CA (Figure 20(e)), the most influ-
ential parameters affecting compressive strength seem to be Cs and G. Both features have a stable and strong 
positive effect on compressive strength, with cement exhibiting the biggest range of SHAP values reflecting its 
importance. Coarse aggregate comes second to it in effect, and has a clear and orderly positive connection with 
compressive strength. On the contrary, basalt fiber included (Figure 20(c)) and volume of water (Figure 20(g)) 
cause affecting on the compressive strength but less important on the compressive strength in comparison with 
the other mentioned parameters. Thus, the cement and the coarse aggregate are the major aggregates responsible 
for the high compressive strength of the concrete mix. The outcomes of the feature optimization approach are 
very significant for developed regions like Najran City to reduce the dependency on material-based trial and 
error process and directly predict the CS of concrete.

MILLER et al. [121] note that the SHAP value for the age feature is negative for the first 70 observations 
and very positive for the second half (71–140. For the coarse aggregate characteristic, the SHAP value is low 
in the cases of 20–115 and relatively higher in others. According to the SHAP studies of KASHEM et al. [122] 
the curing time has the most prominent effect on the mean cylinder compressive strength of UHPC, followed by 
fiber, cement, silica fume, and superplasticizer. Meanwhile, the effect of fly ash parameter is the smallest for the 
compressive strength of UHPC.

3.17. Partial dependence of concrete compressive strength on mix components and curing duration
Figure 21 shows Partial Dependence Plots based on the feature space affected by the prediction of compressive 
strength of concrete. Of all features, curing time presents the most dominant and constant positive effect on 
compressive strength. With the growth of curing time (from −0.6 to 0.9 standard units), the predicted value of 
the strength increases dramatically, and the maximum level is near the value of 60 MPa, which means the longer 
the curing time, the higher the strength. SCMs also exhibit a rising trend, with the strength predicted to increase 
from approximately 47 to over 57 MPa as their amount is increased, suggesting that they have an important 
contribution to strength gain.

The amount of water has the largest negative impact on the other side. With increasing water content 
(between 1 and 3 above and below standardized units), the predicted strength falls drastically from 58 to around 
41 MPa, illustrating that, at excess water, the concrete strength tends to weaken. Cement and superplasticizer 
have mild beneficial effects, improving the strength up to around 54–55 MPa with the optimal dosages. Basalt 
fiber has a detrimental or almost neutral effect, with 45 MPa remaining the maximum compressive strength 
when used at any dosage. The curing period is the most important positive factor. Depending on the water/
cement ratio, water content can be the most detrimental if it is not controlled. Thus, it is important to find a 
balance here to create as much impervious and strong concrete as can be achieved.

As far as PDP analysis is concerned, which is used in determining the optimal levels of the input factors 
in a mixture design, the PDP analysis can also be considered to improve the strength of UHPC by KASHEM  
et al. [122]. SHAFIGHFARD et al. [123] stated that the three most significant predictors in the PDP analysis are 
silica fume (SF), slag, and curing temperature. Moreover, in their PDP report, SOBUZ et al. [124] also disclosed 
that raising the cement content from 450 kg/m3 up to 475 kg/m3 can achieve the improvement of the compressive 
strength from 46 MPa up to 52.2 MPa, with approximately 17.8% increment.
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Figure 20: SHAP dependence plots for concrete mix components and compressive strength.
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4. CONCLUSION
The finding of this study given below:

•	 This paper proposes a holistic Machine Learning (ML) methodology to predict the 28-day compressive 
strength of Basalt Fiber Reinforced Concrete (BFRC) using novel ensemble approaches on 450 concrete mix 
designs.

•	 Of all models, the GB+LGBM hybrid ensemble was found to be the best performing model with the highest 
R2 (0.9445) and the lowest RMSE (5.99 MPa) on the test dataset when compared to other single as well as 
hybrid models like Cat Boost, Light GBM, GB+CB, and GB+CB+LGBM.

•	 The SHAP (Shapley Additive Explanations) figure showed that compressive strength was most influenced 
by the content of coarse aggregate and cement (SHAP ≈ +8 and +7, respectively). The influence of the water 
content was negative but significant, which proved the harmfulness of the high water-cement ratios. Basalt 
fiber, while being an integral component of BFRC, has been demonstrated to have a moderate impact when 
overloaded, even resulting in strength decrease if it’s agglomerated and workability loss.

•	 Partial Dependence Plots (PDP) showed that the effects of the curing period are significant for strength 
development, especially above 90 days, and then become constant. SCMs (silica fume/fly ash) have a 
positive effect on the compressive strength to an optimum level after which the gain in compressive strength 
it reduces. There is a great influence on the rate of dosage of superplasticizer, mainly in the range of 2.8–4.3 
kg/m3 in order to increase strength due to the improved compaction as well as workability.

•	 Residuals and prediction error distributions also supported GB+LGBM as the best model, and the fact that 
the model presented slight overfitting with balanced predicted values and almost all the predicted errors 
taking place within ±5 MPa range made it a better choice than all the other regressors.

•	 Visual interpretation (heatmaps, correlation matrices, box plots, violin plots) further reinforced that cement, 
coarse aggregates, SCMs, and superplasticizer are the primary contributors of performance, while excess of 
fine aggregate and water are the offenders.

5. LIMITATIONS
While this research proves the robust predictive capacity of hybrid ensemble machine learning models for 
predicting the compressive strength of BFRC, some limitations have to be recognized. First, although the data 

Figure 21: Partial dependence plots for key concrete mix parameters.
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used in this study is from a large sample, it was limited concerning variation of fiber content, aggregate grading, 
and curing conditions. These restrictions could affect the applicability of the built models to other geographical 
areas, sources of materials, and environments of concrete production. Furthermore, the dataset was derived 
from several studies, which brought in sources of variation regarding testing standards, specimen preparation, 
and lab environment. These inconsistencies may result in uncertainty of predictions and could compromise 
the model’s robustness. In addition, while SHAP-based interpretability provides useful explanations, it may 
miss complex multi-feature interactions or non-linear dependencies present in more heterogeneous data. Lastly, 
the investigation is more predictive modelling-oriented rather than based on multi-objective aspects (like cost, 
sustainability durability) required in practice for mix design optimization.

6. FUTURE DIRECTIONS
Future studies could overcome these limitations by utilizing larger and more diverse experimental datasets, 
including region-specific material properties as well as a wide variety of BFRP dosage levels and curing 
conditions. In this study, there is the possibility that more advanced hyper-parameter tuning techniques (e.g., 
Bayesian optimization, evolutionary learning, or meta-learning) would be proposed to enhance the stability and 
generalization of the model, as many previous studies dealing with a hybrid ML framework, as well as with 
a hyper-tuned ML models to accurately predict concrete properties [125–127]. Moreover, one could consider 
further inclusion of microstructural, rheological, and environmental input to improve the physical interpretability 
of predictions. Multi-goal optimization methods can be additionally utilized to compromise between the 
mechanical property and the economic eco-environment. Last but not least, cross-validation in independent 
laboratories or validation on a field scale would give more convincing evidence on model applicability for 
practical engineering use. These innovations will, in turn, contribute to the C&EW and concrete industry 
materializing more robust, scalable, and sustainable ML-based solutions for mix design.

7. PRACTICAL IMPLICATIONS
The practical implications of the findings in this paper for BFRC design and construction could be substantial. 
The hybrid machine learning models proposed in this completed research can be adopted by engineers to 
improve BFRC mix design, that is achieve the target compressive strength and minimize the use of materials. 
When the dominant factors affecting strength, specifically cement content, coarse aggregate contents, and 
fiber dosages, are determined, the waste of time taken sampling concrete in the lab to optimize mixes will be 
effectively decreased. From an economic standpoint, the results of such models can significantly diminish the 
requirement of costly and time-consuming laboratory tests for investigation purposes, thus reducing overall 
project cost. Additionally, adopted mix designs will save on both material wastage and cost efficiency, providing 
sustainable development. From an environmental point of view, the ability to optimize BFRC mixtures may help 
to reduce the quantity of supplementary cementitious materials required and thereby the global carbon footprint 
for concrete production. Hence, it is believed that the use of these hybrid models can lead to better economic and 
sustainable performance of BFRC in practical structures.

The important properties determined in this study, which are cement content, coarse aggregate, and 
water-cement ratio, will help to optimize the mix design of BFRC. Understanding the relative significance of 
these features will allow engineers to optimize the material’s proportions in relation to the compressive strength 
and performance of NAC. For example, the findings indicate that an optimal amount of cement between 440 and 
600 kg/m3 results in enhanced compressive strength. Also, coarse aggregate content has a strong influence on 
compressive strength; therefore, appropriate proportioning of aggregates is significant for concrete resistance and 
strength improvement. The water should also be regulated to avoid the loss of strength, and it is recommended 
to use a content between 120–160 kg/m3 so as not to have the paste diluted. The knowledge obtained from the 
machine learning models and the importance of these features present a data-driven approach toward mix design 
optimization, which is essential for developing sustainable as well as high-performance concrete. Practitioners 
could apply these results to optimize the mixing ratios, thereby saving materials and optimally promoting the 
economic and environmental performance of concrete.
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