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ABSTRACT
This study explores the potential of nano-graphene particles for the sustainable manufacturing of concrete. The 
primary goal is to predict the compressive strength of graphene-incorporated concrete by evaluating the effects 
of materials such as cement, graphene, fly ash, water usage, aggregate levels, curing ages, and superplasticizer 
dosages. A total of 350 data entries were sourced from various literature. Multiple machine learning techniques, 
such as Adaptive Boosting, Decision Tree, Gradient Boosting, k-nearest Neighbors, Light Gradient Boosting, 
and XGBoost, were utilized to study how these variables influence compressive strength. The dataset was split 
into an 80%–20% train and test set for developing the prediction algorithms. Among the models, the XGBoost 
model delivered the highest precision, with a coefficient of determination of 0.921 in the training stage. To 
ascertain how the input parameters affected the outcome, SHAP and partial dependence plots were employed for 
each variable's contribution to the improvement of strength. Based on the parametric optimization, incorporating 
graphene at a range of 0–2 kg/m3 in the concrete mix led to the maximum increase in compressive strength. 
This work enhances machine learning-based nano-engineered concrete production by removing experimental 
methods, reducing labor and resource demands, minimizing environmental footprint, and providing graphene- 
modified concrete design data.
Keywords:  Graphene; Machine learning; Compressive strength; Nanomaterials; Parametric analysis.

1. INTRODUCTION
Concrete is the most prevalent construction material due to its exceptional versatility, availability of raw 
resources, and minimal maintenance expenses [1, 2]. However, there is a lot of environmental pressure since 
concrete manufacturing is a major contributor to CO2 emissions on a global scale [3, 4]. Every year, the globe 
produces over 25 billion tons of concrete [5, 6]. Clinker production for Portland cement accounts for 7% of total 
CO2 emissions annually [7]. Compliance with regulations pertaining to sustainable development and energy 
saving is improving within the concrete production industry [8, 9]. Furthermore, conventional concrete used as 
a building material exhibits brittleness and weakness in tension and flexural strength [10, 11]. It could fracture 
and deform under severe loads and environmental conditions, diminishing strength [12]. Enhancing cement-
based materials at both the macro and nanoscale is crucial for mitigating fracture propagation and improving 
strength [13]. The incorporation of nano-engineered particles (NEPs) may augment the strength of cementitious 
materials by facilitating a bridging effect inside the cement matrix [14, 15]. The use of nanoscale concrete 
reinforcing components is essential to successfully inhibit fracture propagation since fractures often initiate at 
the nanoscale and then expand to a larger size [16]. Nanotechnology has achieved worldwide acclaim for its 
outstanding efficacy in several sectors. In the construction industry, NEPs have the capacity to transform the 
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production of cement-based composites. Nanomaterials are often categorized as particles measuring between  
1 and 100 nanometers in size [17, 18]. Additionally, several nanomaterials have been used to augment the 
strength of traditional concrete [19–22].

However, among nanomaterials, engineered-nano-graphene (EG) has garnered significant attention 
owing to its unique nanoscale architecture and superior mechanical and electrical characteristics [23]. Fur-
thermore, EGs are incorporated into cement composites to enhance their mechanical attributes or to provide 
self-sensing capabilities [24]. LIU et al. [25] used EG concentrations between 0.5% and 2.5% of binder in con-
crete formulations. The findings indicated that the mechanical properties of the concrete were not significantly 
altered by the incorporation of EGs. Nonetheless, the incorporation of 1.5% EGs led to an 80% reduction in 
water penetration and a 12% augmentation in the chloride ion permeability. In a similar manner, CHEN et al. 
[26] examined specimens of EG-reinforced concrete with EG concentrations varying from 0.02% to 0.4%. 
The author established that the CS is enhanced by 22% at an EG dosage of 0.05%. SUN et al. [27] established 
the percolation threshold for the resistivity of EG-filled cementitious composites at roughly 2% by volume. 
Cementitious composites containing 5% by volume of EGs demonstrated a significant 15.6% fractional change 
in electrical resistivity when exposed to a Cs of 20 MPa. DIMOV et al. [28] similarly showed a significant gain 
of CS and rupture strength for EG-infused concrete. The EGs effectively bridge fissures and voids inside the 
matrix. Consequently, it enhances the density of the concrete and lowers the voids in the matrix. Concrete is a 
heterogeneous substance characterized by intrinsic variability in property evaluation [29]. The implementation 
of EG has significantly enhanced characteristics. Predicting these features is difficult because of the complex 
composition and nonlinear behavior of concrete [30]. Also, there are a lot of issues and limitations that might 
make it hard to do comprehensive lab work, such as finding an appropriate location to store and cure concrete 
mixtures, which can be removed by adopting modeling-based analysis and prediction [31, 32].

To eliminate experimental-based difficulties, finite element and numerical analysis have now emerged 
as an effective alternative to predict and model characteristics of concrete and structural elements [33–36]. In 
addition, machine learning (ML) based optimization and modeling techniques in civil engineering have recently 
attracted significant interest [37–40]. In addition to properties prediction, ML can also be used in other fields 
such as estimating bond strength of reinforced concrete [41], modeling surface roughness [42] and other proper-
ties of modified concrete [43, 44]. Several prominent ML methods, including artificial neural networks (ANN), 
random forests (RF), and decision trees (DT), have been successfully used to address complex regression issues 
in material characterization [45–47]. BARKHORDARI et al. [48] used hybrid deep neural networks to reduce 
the variance of the prediction model and achieve a precise estimation of the CS of fly ash-based concrete. DUAN 
et al. [49] investigated the compressive strength of recycled aggregate concrete through four AI techniques 
based on a meta-heuristic search of the sociopolitical algorithm and found ICA-XGBoost as the optimum model 
for prediction. Furthermore, JAF et al. [50] developed multi-scale models to predict the strength of fly ash-based 
concrete and concluded that the ANN model has the highest efficiency and accuracy in predicting the CS of 
concrete in different strength ranges. SALAMI et al. [51], along with KALOOP et al. [52] used genetic program-
ming (GEP), adaptive boosting (ADB), and gradient boosting (GBR) to forecast concrete strength. MANGALA-
THU and JEON [53] developed shear strength prediction models for beam-column joints with RF, SOBUZ et al. 
[54] used boosting-based methods, including GBR, ADB, and Extreme Gradient Boost (XGB), to predict the 
CS of concrete. XGB exhibited the best performance, with an R2 value over 0.90. XGB had the highest RMSE 
and MAE values, making it the most precise ML algorithm used by MARZEC et al. [55] for predicting the shear 
capacity of concrete beams. UDDIN et al. [56] demonstrated that Light Gradient Boosting (LGB) outperforms 
XGB, Support Vector Machine (SVM), and RF models in accurately evaluating the strength of 3D-printed con-
crete. Their research underscores the advantages of ML compared to regular empirical methods. Besides these, 
modeling and simulating are also familiar for structural elements and their behavior prediction [57–59].

Recent studies on ML methods for estimating the CS of nano-graphene-infused concrete identify two 
primary limitations: the need for more advanced and precise ML modeling and the absence of comprehensive 
parametric assessments, including SHAP and PDP. Moreover, prior research depended on datasets that lacked 
comprehensiveness and had restricted data ranges, so impacting the generalizability of the findings. This work 
used and contrasted six machine learning models—ADB, DT, GBR, kNN, LGB, and XGB—to address the  
deficiency in the current research. The study used eight essential input criteria and analyzed 350 data points 
from prior research, significantly enhancing the precision of the CS anticipation. Furthermore, SHAP and  
PDP were used in the research to assess the influence of factors on the prediction of CS and to elucidate the 
impact of input parameters on the CS of EGC. The structure of this manuscript is organized as follows: Section 2 
details the research methodology and provides a comprehensive explanation of the machine learning algorithms 
and parametric modeling used in this study, including their theoretical backgrounds and working principles. After 
that, section 3 presents and discusses the results, including dataset characteristics, model performance evaluation,  
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SHAP and PDP analyses, and model comparison metrics in separate subsections. Finally, the last section (sec-
tion 4) summarizes the key findings and concludes the study, highlighting the practical implications and future 
research directions.

2. RESEARCH METHODOLOGY
ML algorithms generally utilize statistical techniques to identify patterns within large datasets, which allows the 
model to improve its performance over time through experience [39]. This study utilizes six input features fed 
into the developed targeted model, where they undergo processing within a hidden layer composed of intercon-
nected neurons. The hidden layer is generally accountable for learning sophisticated patterns and interactions 
between the input variables [60]. Each of the models used in this study has been described below:

2.1. Adaptive boosting (ADB)
ADB is a popular ensemble learning algorithm that uses adaptive weight distribution over training instances to 
select multiple classifier instances iteratively [61]. The technique is called adaptive boosting because a new set 
of weights is assigned to each instance. Greater weights are assigned to instances with incorrect labels. Mini-
mizing classification error is interpreted as optimizing a non-smooth, non-differentiable cost function, for which 
an exponential loss may serve as the best approximation [62]. As a result, ADB performs exceptionally well 
in a wide range of classification tasks. The weight of the output and model for each sample is first determined 
after a sub-model has been learned for the first weak learner. The model is retrained after adjusting the sample 
for the next iteration based on the weights from the previous model. A new weak learner is then generated, and 
its model weight is determined, repeating this process for N iterations. If the preceding model carries a higher 
weight than the subsequent one, the prediction will be inaccurate [63]. The final model output is the weighted 
sum of these weak learners, which is created by combining the learners with low predictive power with different 
weights after N iterations. For a typical regression task, the training dataset Ô can be represented as follows:

	 Ô = [(X1,Y1), (X2,Y2), … … , (Xm,Ym)]	 (1)

Here, the training data set consists of m samples, denoted as (Xi,Yi) for i = 1 to m; Xi represents the input 
data vector, while Yi represents the corresponding data value for output.

2.2. Decision tree (DT)
DT uses data from training to create a model that resembles a tree. The root node, decision node (sometimes 
it also called the internal node), and terminal node (also called the leaf node) are the three nodes that make up 
the DT model. Three crucial elements must be addressed during this process: Finding the best splits, defining a 
criterion for the splitting process to stop, and figuring out which output goes to which terminal node are the first 
three steps in the process. DTs organize cases into categories by arranging them in a hierarchical structure, with 
the root node and a number of leaf or end nodes representing each category. We assign specific values or classes 
to the non-partitioned subgroups of X that the terminal nodes represent. Here is the equation that represents the 
model:

	
R T y yi t

x

n

i

( ) ( )� ��1 2

N 	
(2)

Here, R(T) is the error measurement, y–t is the fixed value of output for every final node, and (xi, yi) is the 
training dataset. N denotes occurrences in training.

2.3. Gradient boosting (GBR)
An ensemble machine learning technique for regression tasks is the Gradient Boosting (GB) model. For many 
regression situations, it is the preferred boosting strategy and is superior to other ensemble techniques like RF. 
GB is commonly employed for data analysis tasks such as classification and regression. In GB, regression trees 
are not chosen at random, and instead, strong dictionary pruning is utilized in its place. GB, like AdaBoost, 
adjusts for historical errors by progressively adding forecasters to the ensemble [52]. In GB, many functional 
trees are trained consecutively with the goal of decreasing the residuals in order to fix the mistakes of the earlier 
trees. Though simpler versions sometimes leave out the regularization component, GB minimizes an objective 
function by combining a loss term and a regularization term. This process is repeated until the necessary preci-
sion is achieved.
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2.4. k-Nearest neighbors (kNN)
kNN is a non-parametric machine learning classification and regressor. The KNN algorithm categorizes a data 
point based on the classifications of its neighboring points. The distance between points is often calculated using 
metrics, primarily Euclidean distance, but additional metrics may be used as necessary [64]. kNN is recognized 
for its conceptual clarity and efficacy, particularly in scenarios where the selection boundary is nonlinear. Con-
versely, it requires substantial computer resources and is susceptible to extraneous characteristics, rendering it 
vulnerable to overfitting or underfitting without appropriate calibration.

2.5. Light gradient boosting (LGB)
The LGB technique is a well-established approach in ML-technique that utilizes GBR combined with decision 
tree methodologies [65]. This method incorporates a histogram-based strategy to transform continuous variables 
into discrete classes, facilitating the efficient analysis of extensive datasets while ensuring robust predictive 
capabilities, particularly for regression applications. Notable benefits of the LGB technique encompass swift 
model training, impressive accuracy in forecasting, consistency, minimal memory consumption, and the ability 
to perform training in parallel [65]. The LGB approach adopts a growth strategy that prioritizes leaf nodes, 
where the data is segmented at the leaf level, emphasizing the most significant data points during tree formation 
[66]. The ultimate result from the LGB method is achieved by averaging the forecasts from each DT, with infor-
mation perceived as the expected lowering in entropy stemming from node splits based on particular attributes.

2.6. Extreme gradient boosting (XGB)
Established by Chen and Guestrin in 2016 [67], the XGB technique has become a reliable tool for data science 
researchers, known for its tree-based ensemble learning framework. XGB is based on the Gradient Boosting 
Regression (GBR) structure, utilizing multiple functions to predict outcomes [68], according to,

	
z z f Xt i k

k

M

i� �
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1

� ( )

	
(3)

The XGB algorithm predicts z–i for a sample based on its feature set as Xi. The model employs M estima-
tors, each represented by a separate decision tree fk. Initially, z0

i  is defined as the mean of the training set values, 
shown in equation (3). XGB is used to address regression, classification, and ranking issues in supervised learn-
ing. Because of its excellent problem-solving capabilities and low feature engineering requirements, it has been 
widely used in industry. XGB is a learning technique that builds multiple decision trees, each of which attempts 
to improve predictions by fitting residuals to fix the mistakes of the ones that came before it. XGB integrates 
the predictions of numerous trees to produce a final result (CS) when modeling a continuous goal variable. For 
this, XGB uses an objective function F that accumulates a loss function and a regularization term explained by 
the equation (4):
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Where, (yi, y
–
i) is the loss function for the prediction y–i​ and true target yi. ∩ ( fk) is the regularization erm 

for each tree fk, which helps prevent overfitting.

2.7. SHapley Additive exPlanation (SHAP)
SHAP is a parametric technique that explains each prediction a model makes. It evaluates the weight of each 
input to the final prediction using concepts from game theory, particularly Shapley values [69]. SHAP calcu-
lates the relative contribution of the input values to the model’s output in relation to the baseline prediction. 
The SHAP summary plot displays the input features in order of their significance in determining the output of 
the MLP model. Each data sample is represented by a dotted circle with red and blue hues to indicate the high 
and low values of a feature. The model’s prediction accuracy is increased by adding each input feature value to 
the collection of all the features in the data model that are on the positive side of the SHAP summary plot. The 
SHAP can be expressed as:
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In equation (5), h stands for the model used to provide explanations, while z′ represents the foundational 
features. The symbol N indicates the maximum size of the coalition and ∅ refers to the attribution assigned to 
each feature.

2.8. Partial dependency plot (PDP)
ML models in business are designed to generate insights for decision-making. Interpretability is critical for 
helping developers understand, refine, and compare models, as well as allowing businesses to explain model 
predictions. ML models, which are frequently referred to as “black boxes,” require interpretability tools such as 
partial dependence plots (PDPs) to illustrate the isolated effect of different characteristics on outcomes. PDPs 
can disclose whether a feature’s connection to the target is linear, monotonic, or complex, providing a clear 
picture of feature influence and promoting model transparency [68].

	
f x E f x x f x x dP xxs s xc xs s c xs s c c
  ( ) , , ( )� � ��

�
�
� � � �� 	

(6)

In partial dependency, equation (6), xs denotes the feature(s) of interest, while xc encompasses all other 
features utilized by model 〉fxs . The combined vectors xs and xc cover the entire feature space x. Partial depen-
dency isolates how xs influences predictions by averaging model outputs over xc, taking into account both indi-
vidual and combined effects.

2.9. Performance indices
To evaluate the accuracy and predictive capability of every model, numerous performance criteria have been tested, 
such as RMSE, MAE, and MAPE. The equations to quantify the performance of ML algorithms are as follows:
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Where Y denotes the avg. of the experimental values, Yi denotes the average of the expected values, and n 
denotes the total number of samples. Figure 1 displays the whole working procedure of ML-based analysis of 
CS of EGC.

3. RESULTS

3.1. Analysis of dataset
The dataset used for analyzing EGC properties comprises 350 unique mixture samples carefully collected 
from numerous published sources. Among the previously published literature, only the Scopus and Web of 
science indexed well-known journals are taken into consideration for ensuring accurate mix compositions. 
This compilation of data provides eight critical features for each sample, forming a comprehensive foundation 
for machine learning predictions. Among these, CS serves as the primary target variable that models aim to 
predict. The remaining input parameters include cement content, graphene, fly ash content, fine aggregates, 
coarse aggregates, water content, curing duration, and superplasticizers. The input parameters for this study 
were chosen based on their direct influence on the overall mechanical performance of concrete. These features 
are also the most commonly reported and experimentally validated variables affecting compressive strength in 
prior studies on conventional and nano-modified concrete. Graphene was specifically included due to its novel  
role as a nano-reinforcement, while the remaining constituents represent the essential mix components in con-
crete design. Curing age was considered to capture strength development over time. Through such an extensive 
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Figure 1: Methodological flow chart.

Table 1: Statistical distribution of database’s features.

VARIABLE MIN. MAX. AVG. 50% ST. DEV. COV.
Cement (kg/m3) 300.00 500.00 393.16 418.00 63.03 15.06

Graphene (kg/m3) 0.00 7.80 0.31 0.29 0.73 174.19
Fly Ash (kg/m3) 0.00 210.00 45.07 100.00 91.42 138.92

Coarse Aggregate (kg/m3) 520.00 1190.00 947.44 1104.00 184.10 15.63
Fine Aggregate (kg/m3) 380.00 1000.00 738.15 715.00 151.54 18.01
Superplasticizer (kg/m3) 0.00 10.50 3.41 4.02 3.89 81.82

Water (kg/m3) 140.00 224.00 169.78 156.00 23.82 11.43
Curing Age (days) 1.00 120.00 28.48 28.00 25.38 107.55

Compressive Strength (MPa) 12.00 106.71 54.72 57.34 21.45 35.84

dataset, models can more accurately assess how variations in these components influence the material’s struc-
tural properties, aiding in the development of optimized EGC mixes. Table 1 summarizes the input and output 
datasets, with key statistical measures for each parameter. The table contains minimum, average, and maximum 
values, 50% quartile values, as well as the standard deviation (St.Dev.) and coefficient of variation (COV),  
providing a concise assessment of the dataset’s statistical properties.
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Figure 2 depicts the correlations between CS and various components in EGC mixtures, emphasizing the 
ideal ranges for each ingredient. Figure 2(a) shows cement content ranging from 380 to 460 kg/m3, with some 
combinations approaching 500 kg/m3. CS values typically fall between the same ranges, indicating optimal 
cement content for strength. In Figure 2(b), graphene concentrations of 0 to 1 kg/m3 lead to increased strength, 
with CS values ranging from 15 to 100 MPa. Figure 2(c) shows that CS peaks at low fly ash (FA) concentration 
(0–50 kg/m3) or between 100 and 150 kg/m3, indicating optimal ranges for FA use. A cluster of FA dosage has 
also been observed at a high concentration of nearly 210 kg/m3. Figure 2(d) shows that coarse aggregates tend to 
concentrate at 800-1000 kg/m3 or within the 1100-1200 kg/m3 range, with highest CS found when the aggregate 
content exceeds 1100 kg/m3. Figure 2(e) shows that fine aggregate levels range from 600 to 900 kg/m3, with 
peak CS near 600 kg/m3, suggesting an optimal balance for structural stability.

Figure 2(f) shows that superplasticizer usage is consistent across samples, with most values ranging from 
1 to 5 kg/m3, potentially improving workability consistency. Figure 2(g) shows water content changing between 
samples, with the best strength occurring at water levels between 140 and 200 kg/m3. This highlights the need 
for perfect water balance to reach the desired concrete strength. Furthermore, Figure 2(h) visualizes that the 
dataset has a specific time of curing period that can be said to be 7, 28, 56, and 90 days.

Figure 2: Distribution and association between all input variables with CS.
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3.2. Correlation between features
The correlation coefficient varies between −1 and 1, with values exceeding 0 indicating a positive relationship 
and negative values reflecting the opposite trend. A higher absolute coefficient value suggests a stronger connec-
tion. Figure 3 illustrates the correlation coefficients between input and output variables, which range from −0.72 
to +0.58. The heat map indicates that five input variables have a positive interaction with CS, with the exception 
of graphene, water content, and fine aggregate. The relationship between coarse aggregate and curing age with 
CS is relatively weak but positive (R = 0.14 and 0.12), suggesting a moderate level of consistency with strength. 
Fly ash, SP, and cement show high positive correlations with CS, with respective R values of 0.58, 0.53, and 
0.37. Conversely, a very moderate negative correlation exists between graphene and CS, indicating that strength 
is negligibly reduced as the contents of graphene rise. Alongside this, a strong negative association is noted for 
water (R = −0.72).

3.3. Visual representation and errors of ML models
The graphical illustration presented in Figure 4 outlined the distribution of observed and predicted CS values 
across the six algorithms for both the training and testing phases. The residual scattering for all six ML models 
in the dataset is presented as well. Regarding the maximum error, kNN exhibited the highest values, recording 
26.65 during training and 28.96 during testing, whereas DT and kNN demonstrated the lowest training maxi-
mum error, almost equal to zero. XGB, LGB, and GBR demonstrated comparable performance during testing, 
exhibiting maximum errors of 24.62, 24.68, and 24.55, respectively. To minimize error, DT, and KNN attained 
flawless zero values in both training and testing phases, whereas LGB exhibited the lowest balanced non-zero 
training and testing error at 0.002 and 0.058. Considering the average error rate, XGB and DT consistently 
demonstrated the lowest average error across both datasets, recording 2.54 and 2.52 in the training phase. In 
contrast, ADB showed the highest average errors, with 6.65 in training and 7.79 in testing. The analysis and 
illustrations demonstrate most of the model’s effectiveness in achieving a balance of error during both the train-
ing and testing phases, although there are some difficulties related to overfitting and maintaining consistent error 
levels. In a research of SOBUZ et al. [54], they found the XGB to be an algorithm with superior performance 
and lower error rates compared to other models.
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Figure 4: Error distribution and visualization of all model’s outcomes.

3.4. Assessing the predictive accuracy of ML models
Figure 5 presents the linear regression of the ML models. The R2 scores of the six ML algorithms exhibit vary-
ing performance patterns. Combinedly, XGB and DT demonstrate the maximum R2 scores in training (0.921), 
suggesting the highest fit among all the models for the training data. However, XGB showed slightly better 
test R2 scores of 0.87 comparing DT (R2 of 0.863), revealing negligible potential issues with overfitting. GBR 
demonstrates a strong competitive edge over XGB and DT by achieving comparable R2 scores in both training 
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and testing data, evidenced by a test R2 of 0.863 and a training R2 of 0.915. Following GBR, LGB also demon-
strates strong performance, achieving an R2 value of 0.90 during training and 0.855 during testing. In contrast, 
ADB exhibits suboptimal performance, reflected in its low R2 scores of 0.835 in training and 0.804 in testing, 
which is also the lowest score among all six models used in this study. kNN demonstrates moderate R2 scores, 
with 0.889 in training and 0.865 in testing, indicating a satisfactory level of predictive capability. Although the 

Figure 5: Linear regression plot of models.
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kNN and ADB models have comparatively lower values of R2, they can still be used to predict the CS of EGC. 
Finally, XGB emerged as the most effective model; the DT, GBR, and LGB models demonstrated commendable 
performance in prediction as well.

3.5. Performance evaluation criteria of ML models
Figure 6 compares the performance evaluation of the six models using R2, MAE, MAPE and RMSE. With the 
lowest test RMSE of 8.30 MPa among the models tested, the XGB model stands out among the others, suggest-
ing that its predictions are the most accurate. Its test MAPE of 8.30% indicates that the average percentage error 
is less than 10%, suggesting exceptional accuracy, and its test MAE of 4.93 MPa, which is the lowest, shows a 
small average absolute error in predictions. This phenomenon may arise from XGB’s ability to capture complex 
patterns during training, which, without proper regularization, could lead to overfitting of the training data and 
reduced generalization during testing. Regularization techniques, such as adjusting the learning rate or increas-
ing tree constraints, could help mitigate this issue.

Figure 6: Comparison of ML model’s performance based on several performance metrics.
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Figure 7: Taylor plot for (a) train and (b) test phase.

With a test RMSE of 8.53 MPa, test MAE of 5.51 MPa, and test MAPE of 9.06%, DT comes in second. 
Despite being marginally less accurate than DT, GBR has a comparable error margin of XGB and DT. With test 
RMSE of 8.51 MPa, test MAE of 5.46 MPa, and test MAPE of 9.16%, the GBR model, on the other hand, has 
marginal error values and less significant scatter from actual values. This suggests that GBR effectively captures 
the data’s underlying structure without overly complex patterns that compromise generalization. Its stability 
stems from iterative optimization and inherent regularization mechanisms. With test RMSEs of 8.77 MPa and 
10.18 MPa, respectively, and MAEs of 5.75 MPa and 7.79 MPa, the LGB and ADB models perform less accu-
rately, increasing error when compared to XGB, DT, or GBR alone.

These results imply that XGB and DT models are better at reducing prediction errors and, thus, more 
suited for precision. Furthermore, with a test RMSE of 8.45 MPa, test MAE of 5.57 MPa, and a high R2 of 
0.0.87, the kNN model performs moderately in comparison to XGB and DT, demonstrating dependable predic-
tions with comparatively low errors. Overall, XGB has the least MAE, MAPE, and RMSE in both train and test 
stages, making it the most accurate.

In the Taylor diagram (Figure 7), six models are compared based on their standard deviation (SD) and 
correlation coefficient relative to a reference. The model with the lowest SD and highest correlation is closest 
to the reference, indicating better performance. All the models (except ADB) show similar performance, with 
standard deviations around 20 and correlation coefficients near 0.93, suggesting they capture the reference data 
pattern quite well. According to the tailor diagram, the kNN model is the closest to the reference point than 
the standalone other models. Furthermore, XGB, DT, GBR, and LGB closely followed one another and were 
positioned in almost similar places in the Taylor diagram (both in Figure 7(a) and 7(b). As can be seen, XGB 
showed maximum performance when compared to all the models used in this study. Except for ADB, the other 
four models also showed satisfactory performance following the XGB model, and they can be effectively used 
to predict the CS of EGC.

3.6. SHAP analysis results
The importance of input characteristics in the model’s result projection is evaluated by the average SHAP values 
shown in Figure 8. The mean SHAP value of a feature is calculated by averaging its SHAP values throughout the 
whole dataset. The most important parameters that affect the CS of EGC are those with high mean SHAP values. 
Based on Figure 8, water content is the most impactful on CS, with a very high mean SHAP value of +14. It is 
followed by curing age (+5.13), fine aggregate (+4.37), graphene (+2.9), and cement (+2.01). Other parameters 
show a mean SHAP value lower than +2.0. It can be inferred that water, age of curing, and fine aggregate have a 
notable impact on the strength of EGC, while other ingredients have a comparatively lesser impact on the model 
prediction.
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Figure 9 presents a SHAP feature plot, a powerful visualization tool for analyzing the influence of differ-
ent parameters on the anticipation generated by the model. In the plot, the X-axis indicates a feature, while the 
perpendicular axis defines the SHAP values, reflecting the feature’s influence on the model’s output. The width 
of the violin plot at any point reflects the density of the SHAP values, with wider sections signifying a higher 
frequency of those values for the specific feature. Higher feature values, depending on the specific feature, have 
a more significant effect, either positive or negative. SHAP values imply the influence of individual parameters 
on the model’s outcome, with SHAP values raising the prediction while the opposite values diminish it. For 
example, graphene, cement, SP, and fly ash show high feature values in positive SHAP value points, suggesting 
that higher amounts of these contents are associated with increased CS. This finding also aligns with experi-
mental studies. For instance, a higher SP implies that there is less water concerning the amount of cement. As 
a result, this lower water leads to a denser cement paste when the concrete hardens, leading to higher CS in the 
concrete. A similar type of analysis was conducted by KARIM et al. [70], where it was seen that concrete age, 
aggregate content, and cement concrete are the most important parameters that influenced the CS of concrete 
incorporating RHA.

Figure 8: Illustration of SHAP values for all features.

Figure 9: SHAP summary plots for EGC.
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The SHAP heatmap in Figure 10 visualizes the impact of various features on each prediction instance, 
showing the detailed SHAP values across the dataset. Each row corresponds to a feature, and each column 
represents an instance. The color scale from blue to red indicates the SHAP value’s magnitude and direction. 
According to the SHAP heatmap, Water and age of curing have a significant positive influence on SHAP magni-
tude, especially in the first 35 cases for water content. However, their effects are more mixed in the intermediate 
range. For curing duration, exceeding 45 instances showed notable positive SHAP magnitude comparing earlier 
instances. In the cases of fine aggregate, higher cases (>70) show a beneficial effect on model output. Graphene 
has positive SHAP values in most instances, where the negative feature values are so marginal that they can be 
neglected. Fly ash demonstrates neutral SHAP values in the whole bar of instances. This could be due to which 
could be the low amount of data that represents fly ash content in the dataset used in this analysis. However, for 
a clear visualization of these individual features’ impact on the model’s output, Figure 11 has been elaborately 
added to illustrate the individual SHAP value plot for all features.

3.7. PDP analysis
The impact of different input parameter content on the CS of EGC is depicted in Figure 12. The data values on 
both the X and Y axes in the figures demonstrate how input parameters affect CS. As can be seen in Figure 12(a), 
the most significant impact of graphene is observed at concentrations between 2 and 4 kg/m3. Within this range, 
significant rises in CS are visible, along with around cement contents of 400–450 kg/m3. These peaks are for 
the synergistic effect between graphene and cement, where the EG content enhances the hydration process and 
inner matrix of the concrete, which aggressively increases the CS of EGC. The highest CS values are observed 
within this region, exceeding 60 MPa in some combinations. From Figure 12(b), the replacement of cement 
with fly ash, up to a concentration of 200 kg/m3, improves CS considerably. In terms of optimum concentration 
levels for fly ash, it appears to be around the range of 200 kg/m3, as beyond this amount, the CS tends to fall. 
Additionally, coarse aggregate beyond 950 kg/m3 visualizes a sudden fall of CS, which suggests that the design 
of EGC concrete mix should have a CA concentration lower than 950 kg/m3.

Similarly, CS increases slowly and linearly with fine aggregate concentration up to 800 kg/m3, then  
has a sudden decrease, declines linearly till 850 kg/m3, and then stabilizes in a horizontal line for 49 MPa  
(Figure 12(c)). In the same figure, CS rises sharply between 52 and 58 MPa when the SP content varies between 
0 to 10 kg/m3. Furthermore, Figure 12(d) shows that higher water reduces the CS when incorporating more than 
160 kg/m3 although a longer curing age improves CS because it promotes better bonding through prolonged 
hydration. The findings derived from the 2D-PDP analysis provide critical insights for optimizing input feature 
concentrations to achieve maximum CS of EGC.

Figure 10: Distribution and association between all input variables with CS.
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Figure 11: SHAP individual feature plots for the input parameters.
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4. CONCLUSIONS
This study successfully applied and compared six machine learning models—Adaptive Boosting,  
Decision Tree, Gradient Boosting, k-Nearest Neighbors, Light Gradient Boosting, and Extreme Gradient  
Boosting—to predict the compressive strength of engineered-graphene concrete using a comprehensive dataset. 
The most important findings are summarized as follows:

•	 All six machine learning models (ADB, DT, GBR, kNN, LGB, and XGB) demonstrated strong performance 
and high generalization capabilities. With the exception of ADB, the models achieved R2 scores exceeding 
0.85, signifying their reliability in accurately predicting concrete strength.

•	 The XGB model outperformed (R2 of 0.863) other boosting and tree-based models, showcasing superior 
performance. Following XGB, DT, and GBR also exhibited balanced high predictive capability (R2 of 0.863 
and 0.864 for testing).

•	 The XGB model stands out among the other models since it has the lowest RMSE of 8.30 MPa, indicating its 
predictions are the most accurate. Second place goes to DT, which has a test RMSE of 8.53 MPa, a test MAE 
of 5.51, and a test MAPE of 9.06% among its metrics.

•	 SHAP analysis highlighted that water, curing age, fine aggregate, and graphene were the most influential 
factors affecting EGC. Additionally, the interaction between SP and fly ash had a moderate impact on the 
strength predictions. PDP analysis indicated that incorporating engineered graphene at a range of 0–2 kg/m3 
in the concrete mix led to the maximum increase in CS. The rise is from almost 53 MPa to 60 MPa, up to the 
EG content of 0.50 kg/m3.

Figure 12: 2D PDP output of input variables.
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The findings indicate that the boosting-based algorithms are very efficient in forecasting the CS of 
graphene-modified concrete, resulting in decreased costs for materials and substantial time savings. Despite 
these promising results, some limitations should be acknowledged. The dataset’s representation of extreme 
graphene dosages and certain material combinations was limited, potentially restricting the models’ generaliz-
ability in those ranges. Moreover, the study did not include advanced regularization techniques or hybrid model 
structures to maintain computational simplicity and focus on boosting-based algorithms. Future research should 
incorporate more diverse and experimentally controlled datasets, explore rheological and durability properties, 
and investigate hybrid deep learning frameworks to further enhance prediction accuracy and generalizability.
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