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1 Abstract 

Introduction: The accurate prediction of concrete compressive strength 

is critical for structural design and efficiency. Traditional testing methods 

are time-consuming, creating a demand for reliable machine learning 
(ML) models. This study compares the predictive performance and 

generalization capabilities of an Artificial Neural Network (ANN) and an 

AdaBoost algorithm for concrete strength forecasting, incorporating 

SHAP analysis for enhanced model interpretability.  

Methods: Using a dataset of 1030 concrete mixtures, models were 
developed and hyperparameter-tuned. The ANN was configured with a 

single hidden layer (100 neurons, tanh activation), while AdaBoost used 

1000 estimators. The dataset was split 80-20 for training and testing, with 
performance evaluated using R², RMSE, MAE, and MAPE. K-fold cross-

validation and SHAP analysis were conducted to assess model stability 

and feature interpretability.  

Results: Both models achieved a test R² of 0.84. However, AdaBoost 

exhibited significant overfitting, indicated by a near-perfect training R² 
(≈1.0) and a higher test MAPE (22.86%) compared to the ANN's 

consistent R² (0.84 on both sets) and lower test MAPE (17.17%). SHAP 

analysis revealed fundamentally different feature importance patterns: 

AdaBoost showed disproportionate reliance on Blast Furnace Slag with 
wide value dispersion indicating instability, while ANN demonstrated 

balanced, physically consistent relationships with cement and age as 

primary predictors.  

Discussion: The ANN model demonstrated superior generalization and 

robustness by effectively learning underlying data patterns without 
memorization, making it more reliable for practical applications than the 

overfitted AdaBoost model. SHAP analysis provided crucial insights into 

model decision-making processes, validating ANN's alignment with 
concrete science principles while revealing AdaBoost's sensitivity to 

specific dataset characteristics. 

Keywords: Compressive Strength Prediction, Artificial Neural 

Networks (ANN), AdaBoost, Machine Learning in Concrete 
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Technology, Model Generalization, SHAP Analysis, Feature 

Importance, Overfitting. 

2 Introduction  

Concrete is the most ubiquitous construction material globally, and its compressive strength stands as 
the paramount criterion governing structural design, safety, and durability [1], [2], [3], [4], [5]. The 

traditional approach to determining this critical property relies on the destructive testing of casted 

cylinders or cubes at specified ages, typically 28 days. While this method is standardized, it is inherently 

time-consuming, resource-intensive, and provides delayed feedback, which can hinder rapid mix design 
optimization and quality control processes. Consequently, there has been a significant and growing 

interest within the civil engineering and materials science communities to develop accurate, non-

destructive, and efficient predictive models for concrete compressive strength[6], [7], [8], [9]. 
The complex, highly non-linear nature of concrete strength, arising from the intricate interactions 

between its constituent materials cement, water, aggregates, and chemical admixtures makes it an ideal 

candidate for machine learning (ML) techniques [10], [11], [12], [13]. In recent years, various ML 

models have been successfully applied to this task. Among them, ensemble methods like AdaBoost 
(Adaptive Boosting) have gained prominence for their ability to create a strong learner by sequentially 

combining multiple weak models, often achieving high predictive accuracy [11], [12], [13], [14]. 

However, as noted in contemporary research, AdaBoost can be susceptible to overfitting, where it 
memorizes the training data but fails to generalize effectively to unseen samples, a critical limitation 

for practical application [15], [16]. 

Simultaneously, Artificial Neural Networks (ANNs), inspired by biological neural systems, have 
demonstrated a remarkable capacity for capturing complex, non-linear relationships in high-

dimensional data. Their ability to function as universal approximators makes them particularly well-

suited for modeling the hydration and strengthening processes of concrete. When properly regularized 

and optimized, ANNs have been shown to exhibit superior generalization capabilities, maintaining 
consistent performance between training and testing phases, which is a key indicator of a robust and 

reliable model [17], [18], [19]. 

This research paper presents a comprehensive comparative study between an Artificial Neural Network 
(ANN) and an AdaBoost regressor for predicting the compressive strength of concrete. Utilizing a 

substantial dataset of 1030 samples [20], the study aims not only to assess the predictive accuracy of 

these models but also to critically evaluate their generalization performance and susceptibility to 
overfitting. Through rigorous validation, including k-fold cross-validation, and a detailed feature 

importance analysis, this work seeks to identify the most robust and reliable model for practical 

engineering applications. The findings contribute to the ongoing discourse in materials informatics by 

providing empirical evidence on the learning behaviors of these popular algorithms, thereby guiding 
the selection and development of effective predictive tools for concrete mix design and quality 

assurance. 

3 Methodology  

3.1 Data characteristics and features 

A comprehensive statistical analysis was performed on the complete dataset of 1030 concrete mixtures 
[20] to understand the distribution and characteristics of the input features and target variable. As 

summarized in Figure 1, the data exhibits significant diversity, which is beneficial for training robust 

machine learning models. Key constituents like Cement (mean = 281.17 kg/m³) and Water (mean = 
181.57 kg/m³) show relatively low dispersion, indicating they are tightly controlled in mix designs. In 

contrast, supplementary cementitious materials like Blast Furnace Slag and Fly Ash have a high 

dispersion and a mode of 0.0, confirming their optional use in many mixtures. The Age of testing is 

right-skewed, with a mean of 45.66 days but a median and mode of 28 days, showing a concentration 
on the standard 28-day test while including longer-term data. The target variable, Strength, ranges from 

2.33 MPa to 82.60 MPa (mean = 35.82 MPa), covering a wide spectrum of concrete grades. Violin plots 

were generated for each feature to visually capture these distributions, combining a box plot with a 

kernel density estimate to show the full data profile, including peaks and multimodality. 
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Figure 1 Descriptive statistics of the concrete mixture constituents and compressive strength for the 

dataset (n=1030). Measures include central tendency (Mean, Mode, Median), dispersion, and range 

(Min., Max.). 
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Figure 2 Violin plots illustrating the distribution of each concrete feature and the target strength. The 

width of each plot represents the kernel probability density, showing the frequency of data points at 
different values, providing a detailed view of the data's spread and concentration that complements the 

summary statistics. 

3.2 Machine learning model  

3.2.1 Artificial Neural Network (ANN) 

An Artificial Neural Network (ANN) is a computational model inspired by the human brain's biological 
neural networks. It consists of interconnected layers of nodes (neurons): an input layer, one or more 

hidden layers, and an output layer. Data is fed forward, and each connection has an associated weight 

that is adjusted during training through a process called backpropagation [21]. This allows the network 
to learn complex, non-linear relationships between the input variables (e.g., concrete mix components 

and age) and the target output (compressive strength). ANNs are particularly powerful for capturing 

intricate patterns in high-dimensional data, making them well-suited for predicting concrete strength 

where component interactions are highly complex [22], [23]. 
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Figure 3 Schematic diagram of ANN 

3.2.2  AdaBoost (Adaptive Boosting) 

AdaBoost, short for Adaptive Boosting, is a powerful ensemble learning technique that combines 
multiple simple, "weak" models (typically shallow decision trees) to create a single, highly accurate 

"strong" predictor. It operates sequentially. In each iteration, it trains a new weak learner, focusing more 

weight on the data points that previous models’ mis predicted [22], [24], [25]. The final prediction is a 
weighted majority vote of all the weak learners' predictions. AdaBoost is highly effective and resilient 

to overfitting. For concrete strength prediction, it adaptively focuses on the most difficult mix designs 

to predict, often yielding robust and generalizable performance [24], [25], [26]. 

 

Figure 4 Schematic diagram of adaptive boosting method 



 

 

 

161                                                                    Metall. Mater. Eng. Vol 31 (7) 2025 p.155-173 

 

3.3 Model development  

The machine learning models, Artificial Neural Network (ANN) and AdaBoost, were developed and 

tuned using the orange data mining platform. The ANN was configured with a single hidden layer 

containing 100 neurons, using the hyperbolic tangent (tanh) activation function to introduce non-
linearity. The model was trained with a Stochastic Gradient Descent (SGD) optimizer, incorporating an 

L2 regularization term (α = 0.0001) to prevent overfitting, and the training was set to a maximum of 50 

iterations with a fixed random seed for reproducibility. Conversely, the AdaBoost regressor was 

implemented with 1000 sequential estimators, using a linear loss function. A learning rate of 1.0 was 
applied to control the contribution of each weak model, and a fixed random seed was similarly used to 

ensure the results were replicable. The specific hyperparameters for each model are detailed in Tables 

1 and 2 below. 

Table 1 Hyperparameter Configuration for the Artificial Neural Network Model 

Parameter Value / Setting 

Hidden Layer Neurons 100 

Activation Function Tanh 

Solver / Optimizer Stochastic Gradient Descent (SGD) 

Regularization (α) 0.0001 

Maximal Number of Iterations 50 

Replicable Training Yes (Fixed Seed) 

 

Table 2 Hyperparameter Configuration for the AdaBoost Model 

Parameter Value / Setting 

Number of Estimators 1000 

Learning Rate 1.00000 

Loss Function (Regression) Linear 

Reproducibility Yes (Fixed Seed: 0) 

 

3.4 Performance assessment of models 

The developed ANN and AdaBoost models were rigorously evaluated using an 80/20 data split, where 
80% of the 1030 data points were used for training and the remaining 20% were held out for testing. 

This ensures the models' ability to generalize to unseen data. The performance was assessed using a 

comprehensive suite of statistical metrics, as shown in equation 1 to 6 [27], [28], [29], [30], [31], [32], 
[33], [34], [35], [36]. These metrics include Mean Squared Error (MSE), Root Mean Squared Error 

(RMSE), and Mean Absolute Error (MAE), which quantify the average prediction error in the units of 

concrete strength (MPa). The Mean Absolute Percentage Error (MAPE) expresses this error as a 
percentage. The coefficient of determination (R²) measures the proportion of variance explained by the 

model, while the Coefficient of Variation of the RMSE (CVRMSE) provides a normalized measure of 

error. 
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4 Results  

4.1 Statistical analysis 

The performance metrics and prediction error plots reveal a critical difference in how the ANN and 

AdaBoost models have learned from the data. The AdaBoost model shows a significant performance 

gap between its near-perfect training scores (e.g., Train R² ≈ 1.0) and its test scores (Test R² = 0.84), 
indicating clear overfitting. It has memorized the training data but fails to generalize as effectively to 

the unseen test set. 

 

Figure 5 Visualization of model prediction errors 

Conversely, the ANN demonstrates superior generalization. Its training and test errors are closely 
aligned (e.g., Train R² = 0.84, Test R² = 0.84), confirming a well-regularized model that has learned the 

underlying patterns without merely memorizing the data. This is further evidenced by the prediction 

plots; the ANN's predictions (first plot) are more tightly clustered along the ideal prediction line across 
the entire strength range. While both models achieve the same test R², the ANN's consistent 

performance and lower overfitting make it a more robust and reliable predictor for concrete strength. 

The higher MAPE for AdaBoost on the test set also indicates its predictions have a larger percentage 

error on average. 

 

Train Test MSE RMSE MAE MAPE R2 CVRMSE

Neural Network 1.50 0.02 45.67 6.76 5.14 17.17 0.84 18.87

AdaBoost 16.10 1.05 44.46 6.67 5.29 22.86 0.84 18.62
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Figure 6 Scatter plot of predicted versus actual compressive strength for the (a) Artificial Neural 
Network and (b) AdaBoost models on the test dataset. The solid line represents the line of perfect 

prediction. 

4.2 K fold cross validation  

K-fold Cross-Validation (K-fold CV) was employed to rigorously assess the generalizability and 

stability of the predictive models. This technique partitions the entire dataset into 'K' consecutive folds 
(e.g., K=10). The model is trained 'K' times, each time using K-1 folds for training and the remaining 

single fold for validation. This process ensures every data point is used for both training and validation, 

providing a robust estimate of model performance. The accompanying K-fold error curve visualizes 

this process by plotting the error (e.g., RMSE or MAE) for each of the K folds.  

 

Figure 7 Schematic illustration of the K-fold Cross-Validation process with K=10. The dataset is 

divided into 10 folds, and the model is trained and validated 10 times, with each fold used exactly once 

as the validation set. 
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A model that generalizes well will produce a stable, low-variance error curve across all folds. A curve 

with high peaks and valleys indicates that the model's performance is highly dependent on the specific 

data subset used for training, revealing instability and potential overfitting. This method provides a 
more reliable performance assessment than a single train-test split, as it mitigates the influence of how 

the data is partitioned and confirms the model's consistency. 

 

Figure 8 Relative feature importance scores for the AdaBoost model, indicating the comparative 
contribution of each input variable to the prediction of concrete compressive strength. 'Age' and 

'Cement' are identified as the most influential parameters. 

 

Figure 9 The K-fold cross-validation error curve, plotting the model error (e.g., RMSE) across 10 

successive folds. The relative stability of the curve indicates the consistency of the model's predictive 

performance across different data subsets. 

4.3 Error analysis  

These error plots (Figure 8 and 9) provide a direct, sample-by-sample visualization of model 

performance. The AdaBoost model (first plot) demonstrates significant instability. While many errors 

cluster near zero, there are extreme outliers where the model's prediction is incorrect by over 200%. 
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This pattern explicitly shows its overfitting; it performs well on most data but fails catastrophically on 

specific, likely complex, mixtures it did not effectively learn. In contrast, the Artificial Neural Network 

(ANN) plot shows a dramatically more stable error profile. Most of its predictions have an error below 
50%, with far fewer and less severe outliers. This tight clustering along the horizontal axis explicitly 

confirms the ANN's superior generalization and robustness, as it makes consistent and reliable 

predictions across the entire dataset, not just on the easier cases. 

 

Figure 10  Percentage error distribution of AdaBoost model predictions across 1030 concrete samples, 

showing significant variance and outlier errors. 

 

Figure 11 Percentage error distribution of Artificial Neural Network predictions, demonstrating tighter 

error clustering and superior consistency compared to AdaBoost. 

4.4 Feature importance analysis 

4.4.1 Ranking of features  

The feature importance analysis reveals the relative influence of each input variable on predicting 
concrete compressive strength. Two distinct methods were used: Univariate Regression (Univar. reg.), 

which scores features individually, and RReliefF, which evaluates them in a multivariate context. The 

rankings consistently identify Cement and Age as the two most critical factors, which aligns with 

concrete science principles, as cement is the primary binder and strength increases with hydration 
time. Superplasticizer also ranks highly, underscoring its role in enhancing workability and strength by 
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reducing water content. Interestingly, Blast Furnace Slag and Fly Ash are ranked as the least influential 

by both methods in this dataset. The strong agreement between the two scoring methods strengthens 

the reliability of these findings for the model. 

Table 3 Feature importance rankings and scores obtained from Univariate Regression and RReliefF 
algorithms, identifying cement content and concrete age as the most significant predictors of 

compressive strength. 

Rank Feature Univariate Regression Score RReliefF Score 

1 Cement 338.724 0.094 

2 Superplasticizer 159.086 0.067 

3 Age 124.670 0.061 

4 Water 94.133 0.069 

5 Fine Aggregate 29.580 0.082 

6 Coarse Aggregate 28.747 0.080 

7 Blast Furnace Slag 19.034 0.044 

8 Fly Ash 11.627 0.028 

4.4.2 Shapely additive analysis 

4.4.2.1 Adaboost 

The SHAP results show a clear, quantitatively dominant role for Blast Furnace Slag (BFS): its mean 

|SHAP| is roughly double the next feature, making it the main driver of the AdaBoost predictions. 

However, the dot plot reveals this importance is complex rather than uniformly monotonic BFS has 
widespread SHAP values on both sides of zero and the colour distribution (red = high, blue = low) is 

mixed, indicating non-linear and conditional effects (BFS’s impact depends on other features or value 

ranges). 
Fine and Coarse Aggregate are the next-most influential features, but their points also scatter across 

positive and negative SHAP values, implying interaction with water, cement, or admixtures. Water, Fly 

Ash, Cement, and Superplasticizer show moderate importance with localized clusters suggesting certain 
value ranges systematically push predictions up or down. Age is almost negligible in global importance, 

which is surprising given its physical relevance to strength; this flags possible dataset issues (limited 

age range) or model blindness to time effects. 

 

 

Figure 12SHAP Bee swarm plot for AdaBoost showing distribution of feature impacts. The wide 

dispersion and outlier points indicate model instability and overfitting to specific samples, particularly 

evident in the Age and Cement features. 
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Critically, these SHAP patterns warrant caution: large variance and mixed directions hint at 

multicollinearity, uneven feature distributions, or overfitting by AdaBoost. 

 

Figure 13 Global feature importance for AdaBoost based on mean absolute SHAP values. 

4.4.2.2 ANN 

The SHAP distribution for the ANN model shows a fundamentally different behaviour compared to 

tree-based models, reflecting the network’s capacity to learn high-order, non-linear interactions 
between concrete mix components. Blast Furnace Slag and Fine Aggregate again emerge as major 

drivers, but the spread of SHAP values is far wider, with impacts ranging from strongly negative to 

highly positive. This indicates that their influence depends heavily on the combination of other 

ingredients, not on their standalone magnitude. 
Age, which showed low importance in the AdaBoost model, demonstrates much stronger and more 

variable influence here. Both high and low Age values contribute to positive and negative predictions, 

suggesting that the ANN captures the true non-linear strength–age relationship, including diminishing 
returns at later ages. 

Coarse Aggregate, Water, Cement, and Fly Ash show balanced SHAP distributions around zero, but 

with clear colour transitions, revealing that higher values can both enhance and reduce predicted 
strength depending on the overall mix proportions. This pattern reflects complex interactions such as 

water–cement ratio effects, aggregate packing, and binder replacement dynamics. 

The symmetry and density of the SHAP clusters highlight that ANN captures a more nuanced 

representation of material behaviour, with prediction outcomes driven by multi-feature interactions 

rather than linear or monotonic relationships. 

 

 

Figure 14 Bee swarm plot of SHAP values distribution for the ANN model. Each point represents a 
data sample, showing how feature values (color) affect the predicted strength (position on x-axis). Red 

indicates high feature values; blue indicates low values. 
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Figure 15 SHAP summary plot for the Artificial Neural Network, showing feature importance ranking 

based on mean absolute SHAP value.  

The discrepancy between Orange’s feature-ranking methods (Univariate Regression and RReliefF) and 
the SHAP-based model explanations arises from the fundamentally different philosophies, 

mathematical assumptions, and sensitivity to interactions embedded in each approach. Orange’s 

Univariate Regression ranks feature solely based on their individual linear correlation with compressive 
strength. This makes variables like Cement and Age appear dominant because they follow well-

established monotonic relationships with strength higher cement generally improves binder content and 

longer curing increases hydration. RReliefF extends this by considering multivariate neighbourhood 
differences, yet its scoring is still driven by local instance similarity, not global model dynamics. As a 

result, its ranking remains biased toward variables that consistently vary with the target across the 

dataset and show stable gradients, which again elevates Cement, Age, and Superplasticizer[37], [38], 

[39], [40], [41], [42], [43], [44], [45]. 
SHAP values, however, depend on the internal structure and learned dependencies of the trained model. 

SHAP does not evaluate raw association; it quantifies how much each feature contributed to the model’s 

prediction after learning complex patterns. In the AdaBoost and ANN models, variables like Blast 
Furnace Slag, Fine Aggregate, and Coarse Aggregate emerge as dominant because the models capture 

high-order, non-linear interactions and compensatory effects among ingredients. Features that may look 

weak in isolation (e.g., BFS or aggregates) become crucial in the model because they interact strongly 
with water–cement ratio, admixture content, or binder replacement proportions. SHAP is therefore 

sensitive to interaction effects, non-linear thresholds, and context-dependent influence, which 

traditional orange ranking methods cannot detect[46], [47], [48], [49], [50], [51], [52], [53], [54]. The 

difference reflects that feature ranking tools measure statistical association, whereas SHAP measures 
model-dependent causal contribution leading to different dominant features across the two evaluation 

frameworks. 

5 Discussion  

The comparative analysis of Artificial Neural Network (ANN) and AdaBoost models for predicting 

concrete compressive strength reveals nuanced differences in generalization, overfitting, and feature 
interpretability. ANN models consistently demonstrate robust generalization, with closely matched 

training and test R² values, indicating effective learning of underlying data patterns and minimal 

overfitting. In contrast, AdaBoost often achieves near-perfect training scores but exhibits a notable drop 
in test performance, a hallmark of overfitting, where the model memorizes training data but struggles 

with unseen samples. This is further evidenced by higher mean absolute percentage errors (MAPE) and 

the presence of extreme outlier errors in AdaBoost predictions, while ANN errors remain more tightly 

clustered and stable. K-fold cross-validation is widely recognized as a robust method for evaluating 
model stability and generalizability, reducing the risk of performance bias from a single train-test 

split[55], [56], [57]. Models with low-variance error curves across folds, such as well-regularized 

ANNs, are preferred for their consistent predictive reliability. AdaBoost, while sometimes achieving 
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high R², can display instability across folds, reinforcing concerns about its generalization. Feature 

importance analyses, using both univariate and multivariate methods, consistently identify cement 

content and age as the most influential predictors of compressive strength, aligning with established 
concrete science. Superplasticizer also ranks highly, reflecting its role in workability and strength 

enhancement. Conversely, blast furnace slag and fly ash often show lower importance in traditional 

analyses, though SHAP (Shapley Additive Explanations) reveals their complex, context-dependent 
effects, especially in AdaBoost models[58], [59]. SHAP analysis highlights that AdaBoost may 

overemphasize certain features, with wide SHAP value dispersions and mixed directions, indicating 

multicollinearity and overfitting risks. ANN models, however, capture more nuanced, non-linear 

interactions among features, with SHAP distributions reflecting the true complexity of material 
behavior and multi-feature dependencies [60], [61], [62], [63], [64], [65]. Comparative studies across 

various datasets and concrete types confirm that ensemble methods like AdaBoost and gradient boosting 

can outperform single models in some scenarios, particularly when optimized and combined with 
advanced feature engineering [66], [67], [68], [69]. However, the superior generalization and 

interpretability of ANN models, especially when paired with SHAP analysis, make them more reliable 

for practical applications where consistent performance and understanding of feature contributions are 
critical [70], [71]. The integration of explainable AI techniques, such as SHAP, is increasingly essential 

for validating model predictions and ensuring alignment with physical principles in concrete science 

[72], [73], [74] 

6 Conclusion and Recommendations  

This research successfully developed and evaluated two distinct machine learning models, an Artificial 
Neural Network (ANN) and an AdaBoost regressor, for predicting the compressive strength of concrete 

using a dataset of 1030 samples. The investigation demonstrated that both models are capable of 

achieving strong predictive performance, with the ANN model exhibiting superior generalization 

capabilities. This conclusion is drawn from the model assessment results, which showed that the ANN 
maintained a consistent and robust R² value of 0.84 across both training and test sets. In contrast, the 

AdaBoost model displayed signs of overfitting, evidenced by a near-perfect training score (R² ≈ 1.0) 

that decreased to 0.84 on the unseen test data. The ANN's stability makes it a more reliable choice for 
practical applications where consistent performance on new, unknown mix designs is critical. 

Furthermore, the feature importance analysis, conducted using Univariate Regression and RReliefF, 

provided valuable insights that align well with the principles of concrete science. The algorithms 
consistently identified Cement content and concrete Age as the two most significant factors influencing 

compressive strength. This finding validates the underlying chemical process of hydration, where 

cement acts as the primary binder and strength gains evolve over time. The secondary importance 

of Superplasticizer highlights its crucial role in modern mix designs by improving workability without 
compromising strength. The minimal impact attributed to Fly Ash and Blast Furnace Slag in this 

specific model should be interpreted with caution, as it may reflect their variable usage in the dataset 

rather than their inherent inefficiency. 
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