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Abstract

Accurate prediction of compressive strength is central to structure—property optimization, quality
control, and sustainability-driven design in cement-based composite materials. Cementitious systems
represent heterogeneous multi-phase composites composed of reactive binder matrices and dispersed
aggregate phases, whose macroscopic mechanical performance emerges from complex nonlinear
interactions among constituents and curing-dependent microstructural evolution. This study develops
a data-driven structure—property modeling framework to quantify the nonlinear dependence of
compressive strength on multi-component composite composition and age. An experimental dataset of
1030 mixtures incorporating variations in binder constituents, water content, chemical admixtures,
aggregate fractions including polymers waste such as fly ash, plasticizers, and curing duration was
used to train and evaluate four machine learning models: artificial neural network (multilayer
perceptron), support vector regression (radial basis function kernel), random forest, and extra trees.
Model performance was assessed across training, validation, and testing phases using complementary
statistical metrics, robustness indicators, error diagnostics, and an engineering tolerance-based
reliability check. Ensemble tree-based models demonstrated superior generalization compared with
neural and kernel approaches, highlighting their effectiveness in modeling heterogeneous composite
systems with complex phase interactions. Among the evaluated algorithms, the extra trees model
achieved the most stable predictive accuracy on unseen data. Shapley additive explanations were
employed to interpret phase contributions, revealing curing age and water—binder—matrix parameters
as dominant drivers of strength development, followed by binder composition and aggregate
proportions. The proposed framework provides a transparent and interpretable pathway for data-driven
composite design, enabling rapid screening, performance verification, and structure—property-
informed optimization of cementitious composite materials.
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physicochemical interactions among these constituents and the evolution of microstructure during
hydration and curing. Among its mechanical properties, compressive strength is the most influential
parameter because it governs structural safety, serviceability, and long-term performance reliability
[2,3]. Reliable estimation of compressive strength is therefore central to structure—property
optimization, quality assurance, and performance-driven composite design for both conventional and
advanced cement-based composite systems [4,5].

In practice, compressive strength is determined through standardized laboratory testing of specimens
at prescribed curing ages (e.g., 7, 28, and 56 days) [6,7]. Although well established, such experimental
procedures are time-intensive, resource-demanding, and costly when multiple mix compositions,
material substitutions, or curing regimes are investigated [8,9]. The challenge is further intensified by
the increasing incorporation of supplementary cementitious materials, chemical admixtures, recycled
aggregates, and sustainable binders aimed at improving environmental performance. These additions
increase compositional complexity and enhance the nonlinear dependence of strength on matrix
chemistry, water—binder interactions, aggregate packing, and curing-driven microstructural evolution
[10-12]. Consequently, compressive strength prediction represents a classical structure—property
quantification problem within heterogeneous composite materials, where macroscopic performance
arises from multi-scale phase interactions.

Several variables, such as cement quantity, water-to-binder ratio, aggregate properties, mineral
admixtures such as fly ash, chemical admixtures, and curing age, interact in a highly nonlinear way to
control the development of concrete's compressive strength [13—15]. Polymers also affects the
durability, adhesion, elasticity[16—18] and strength of concrete when used in partial replacement with
coarse and fine aggregate depending upon the size and shape of polymers [19-25]. Polymers also affect
the durability, adhesion, and strength of concrete when used as a partial replacement for coarse or fine
aggregates. The extent of this influence largely depends on the size, shape, surface texture, and
distribution of the polymer particles within the concrete matrix. Polymers with finer particle sizes tend
to fill the voids between aggregates, improving the density of the concrete and enhancing its durability
by reducing permeability. Conversely, larger or irregularly shaped polymer particles may create weak
interfacial zones between the cement paste and aggregates, which can affect the mechanical strength.
Additionally, the surface characteristics of polymers influence the bonding behaviour with the cement
matrix, thereby impacting the overall adhesion and structural performance of the concrete. Therefore,
the proper selection of polymer particle size and morphology plays a crucial role in determining the
effectiveness of polymer-modified concrete. Traditional empirical equations and regression-based
models, although useful for preliminary estimation, often struggle to capture these nonlinear
relationships, particularly when applied to heterogeneous datasets or novel material combinations
[26,27]. As a result, such models may exhibit limited predictive accuracy and poor generalization
performance beyond the conditions for which they were originally developed. In recent years, machine
learning (ML) techniques have emerged as powerful data-driven tools capable of modeling complex
nonlinear systems without requiring explicit functional relationships [28,29]. In the context of concrete
materials, ML models such as Artificial Neural Networks (ANN), Support Vector Regression (SVR),
Decision Trees, Random Forests (RF), and ensemble-based approaches have been increasingly applied
for predicting compressive strength [30,31]. These models have demonstrated promising results, often
outperforming conventional regression techniques by effectively learning intricate interactions among
input variables. The growing availability of experimental databases and computational resources has
further accelerated the adoption of ML-based approaches in concrete research.

Several studies have reported successful application of ML techniques for predicting concrete
compressive strength using mix design parameters as inputs [32,33]. Neural network—based models
have shown strong capability in capturing nonlinear trends [34], while kernel-based methods such as
SVR have demonstrated robustness for moderate-sized datasets [35]. Tree-based ensemble models,
particularly Random Forest and Extra Trees, have gained attention due to their high predictive accuracy,
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resistance to overfitting, and ability to handle multicollinearity among input variables. Despite these
encouraging developments, the existing body of literature reveals several important limitations that
restrict the broader adoption of ML models in practical concrete engineering applications.

These gaps raise a central question relevant to composite materials science: which machine learning
approaches can provide accurate, robust, and interpretable structure—property predictions for
heterogeneous cement-based composites? Addressing this question is essential for advancing data-
driven modeling from exploratory analysis toward reliable decision-support tools for composite
material optimization [36,37]. Motivated by these challenges, the present study develops a systematic
machine learning framework for predicting compressive strength as a structure—property outcome of
multi-component cementitious composites [38]. Multiple widely used algorithms Artificial Neural
Networks, Support Vector Regression, Random Forest, and Extra Trees are evaluated within a unified
experimental framework. A rigorous three-way data partitioning strategy (training, validation, testing)
is adopted to ensure unbiased generalization assessment.

A distinguishing feature of this study is the adoption of a multi-criteria performance evaluation
strategy that extends beyond conventional metrics. In addition to MAE, RMSE, and R?, the analysis
incorporates normalized error indicators, bias metrics, robustness measures, and engineering tolerance—
based reliability evaluation. Graphical diagnostics, including predicted-versus-observed comparisons
and error distribution analyses, further support comprehensive assessment of model behavior across
data partitions. To enhance interpretability and composite-level insight, the study integrates SHAP-
based feature attribution for tree-ensemble models. This approach enables quantitative interpretation of
phase contributions and structure—property relationships, revealing how matrix parameters, water—
binder interactions, and aggregate fractions govern strength development. Such explainable modeling
bridges data-driven predictions with established composite material science principles.

The objectives of this study are therefore:

1. to develop multiple machine learning models for predicting compressive strength of multi-
component cementitious composites.

2. to rigorously compare model performance across training, validation, and testing datasets using

diverse and engineering-relevant metrics.

to analyze predictive behavior through comprehensive diagnostic visualization; and

4. to interpret model outputs using SHAP-based attribution to identify dominant phase-level
contributors to compressive strength.

W

By simultaneously addressing predictive accuracy, robustness, and interpretability within a
composite-materials framework, this study provides a benchmark reference for data-driven structure—
property modeling of heterogeneous cement-based composites and supports informed model selection
for advanced composite design and optimization.

DATASET, INPUT VARIABLES, AND PREPROCESSING PROCEDURES
Cement-Based Composite Strength Dataset

The Concrete Compressive Strength dataset, which was acquired from the publicly accessible UCI
Machine Learning Repository, was used in this investigation. Yeh was the first to compile this dataset,
which is now frequently used as a benchmark dataset for modeling concrete mechanical properties using
machine learning. The dataset shows the laboratory-measured compressive strength values of concrete
mixtures made with varying constituent material proportions and tested at varied curing ages. It is well
known that the material composition and curing age of concrete have a highly nonlinear effect on its
compressive strength. The dataset includes 1030 observations, each corresponding to a unique concrete
mixture tested under controlled laboratory conditions. All data are provided in raw numerical form,
without prior scaling or normalization, ensuring suitability for flexible preprocessing strategies. The
experimental compressive strength values were measured in accordance with standard laboratory
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procedures and are expressed in megapascals (MPa). No missing values are present in the dataset,
making it well-suited for machine learning analysis without the need for imputation.

Input and Output Variables

Eight quantitative input variables, which reflect the components of the concrete mix and the curing
age, and one quantitative output variable, which represents compressive strength, make up the dataset.
The input variables collectively describe the material composition of a concrete mixture per cubic meter,
while the output variable reflects the resulting compressive strength.

The input variables are as follows:

e Cement content (kg/m3): This indicates how much Portland cement is used as the main binding
agent in the concrete mixture.

o Blast furnace slag (kg/m?): An additional cementitious substance that enhances durability and
strength over time.

e Fly ash (kg/m?): This pozzolanic substance affects strength development and workability.

e  Water content (kg/m?): A critical parameter governing hydration and strength development.

e Superplasticizer (kg/m?®): A chemical admixture used to improve workability without increasing
water content.

o Coarse aggregate (kg/m®): Represents the larger aggregate fraction contributing to mechanical
interlocking and load transfer.

e Fine aggregate (kg/m®): Represents the smaller aggregate fraction influencing packing density
and workability.

e Age (days): The curing age of the concrete specimen, ranging from 1 to 365 days, reflecting
strength gain over time.

The concrete specimens experimentally determined compressive strength (MPa) is the output
variable. All input variables are continuous and quantitative, making the dataset suitable for regression-
based machine learning models. The presence of curing age as an input variable enables modeling of
both early-age and long-term strength development.

Data Characteristics and Statistical Properties

The dataset contains a total of 1030 samples and 9 attributes, including the output variable. The wide
range of material proportions and curing ages introduces significant variability and nonlinearity into the
data. Such characteristics pose challenges for traditional linear regression models but are well suited for
advanced machine learning approaches. Since the dataset includes no missing values and no categorical
attributes, the preprocessing pipeline focuses primarily on feature scaling and data partitioning rather
than data cleaning or transformation. The absence of missing values ensures that all observations can
be fully utilized during model training and evaluation.

Data Preprocessing

To guarantee consistency and robustness of the machine learning analysis, a number of preprocessing
processes were implemented prior to model building. In order to eliminate superfluous whitespace and
inconsistent formatting, column names were first standardized. During model training and evaluation,
this phase guarantees dependable feature referencing. Second, a 70:15:15 split ratio was used to separate
the dataset into subgroups for testing, validation, and training. The testing set was utilized for the
ultimate, objective performance evaluation, the validation set for model tweaking and performance
tracking, and the training set for model learning. In addition to reducing overfitting, this three-way data
partitioning technique guarantees accurate assessment of the model's capacity for generalization. Third,
all input characteristics were transformed into a common range between 0 and 1 by applying feature
scaling to the input variables using min—max normalization. Because it keeps variables with wider
numerical ranges from controlling the learning process, feature scaling is especially crucial for distance-
based and gradient-based models like Support Vector Regression and Artificial Neural Networks. To
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ensure consistency across all models, the scaled dataset was also used to train tree-based models. In
order to maintain interpretability and engineering relevance, compressive strength values were kept in
their original physical units (MPa), hence no modification was made to the output variable.

Rationale for Dataset Selection

The Concrete Compressive Strength dataset was selected for this study due to its engineering
relevance, experimental reliability, and widespread adoption in the literature. Its well-documented
structure and absence of missing values make it an ideal benchmark for evaluating and comparing
machine learning models. Furthermore, the dataset captures realistic nonlinear relationships between
material composition, curing age, and compressive strength, allowing meaningful assessment of model
accuracy, robustness, and interpretability. By employing this dataset within a rigorous preprocessing
and evaluation framework, the present study ensures that the reported results are both reproducible and
directly comparable with previous research, while enabling deeper insight into model performance and
reliability.

METHODOLOGY
Overall Modeling Framework

Data preprocessing, model training, validation, testing, and performance evaluation make up the
entire modeling framework. A 70:15:15 ratio was used to separate the preprocessed dataset into training,
validation, and testing groups. The training dataset was used to train all models, while the validation
dataset was used to track performance and evaluate parameter stability. To guarantee an objective
evaluation of generalization, the final model's performance was only assessed on the testing dataset.
The input vector for each model is defined as:

X= [xl,xz,x3, ---,xs] (1)

where x;—Xxg represent cement content, blast furnace slag, fly ash, water, superplasticizer, coarse
aggregate, fine aggregate, and curing age, respectively. The target variable is the concrete compressive
strength y, expressed in MPa.

Artificial Neural Network- Multi-Layer Perceptron (ANN-MLP)

Artificial Neural Networks are biologically inspired computational models capable of approximating
complex nonlinear relationships. In this study, a Multi-Layer Perceptron (MLP) architecture was
adopted due to its widespread application in concrete strength prediction.

An ANN-MLP consists of an input layer, one or more hidden layers, and an output layer. Each neuron
performs a weighted summation of inputs followed by a nonlinear activation function. The output of a
neuron is given by:

Z=f (Zj_lwi jxcth;) @)

where w;; is the weight connecting the i-th input to the j-th neuron, b; is the bias term, and f(-) is
the activation function. In this study, the Rectified Linear Unit (ReLU) activation function was
employed in hidden layers:

f(z) =max (0,2) (3)

The output layer uses a linear activation function to predict continuous compressive strength values.
Model training was performed using the Adam optimization algorithm, which minimizes the mean
squared error loss function through backpropagation.

ANN models can capture highly nonlinear material behavior; however, their performance depends
on appropriate network architecture and training stability. Therefore, a moderate network structure was
adopted to balance model complexity and generalization.
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Support Vector Regression- Radial Basis Function (SVR-RBF)

Support Vector Regression is a kernel-based learning method derived from statistical learning theory.
SVR aims to identify a regression function that deviates from observed values by no more than a
predefined margin while maintaining maximum flatness.

The SVR regression function is expressed as:

f) =30 (@ —a)K,x) +b )

where x; are support vectors, a;and a; are Lagrange multipliers, b is the bias term, and K (-) is the
kernel function.

In this study, the Radial Basis Function (RBF) kernel was used:
K(x;, %) = exp( =y Il x;—x; %) (5)

where y is the kernel width parameter controlling the influence of individual data points. The SVR
model also includes a regularization parameter C, which governs the trade-off between model flatness
and training error.

SVR-RBF is particularly effective for modeling nonlinear relationships in experimental datasets and
offers strong generalization capability, especially when data size is moderate and noise is present.

Random Forest (RF)

An ensemble learning technique called Random Forest is built on the combination of several decision
trees. A bootstrap sample of the training data is used to build each tree, and a random subset of the input
variables is taken into consideration for splitting at each node. The average of each tree's forecasts yields
the final prediction:

9 =231 he (x) (6)

where h;(x) is the prediction of the t-th decision tree and T is the total number of trees.

The randomization introduced through bootstrap sampling and feature selection enhances model
robustness and reduces overfitting. Random Forest models are well suited for tabular engineering
datasets, as they can effectively handle nonlinear relationships, multicollinearity among input variables,
and experimental uncertainty.

An additional advantage of Random Forest is its ability to quantify feature importance, providing
insight into the relative influence of input variables on compressive strength prediction.

Extra Trees (Extremely Randomized Trees)

Extra Trees is an extension of the Random Forest algorithm that introduces additional randomness
during tree construction. Unlike Random Forest, which selects optimal split points for each feature,
Extra Trees chooses split thresholds randomly. The entire training dataset is typically used for tree
construction rather than bootstrap samples.

The prediction mechanism of Extra Trees is like Random Forest and can be expressed as:

A 1
y= ;Z?ﬂ ge (x) (7

where g, (x) represents the prediction from the t-th extremely randomized tree.

The increased randomness in Extra Trees can reduce model variance and improve computational

efficiency. However, excessive randomness may affect predictive stability, making rigorous evaluation
across training, validation, and testing datasets essential.
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Performance Evaluation Strategy

To comprehensively assess the predictive capability, robustness, and engineering relevance of the
developed machine learning models, a multi-criteria performance evaluation strategy was adopted.
Model evaluation was conducted separately for the training, validation, and testing datasets, ensuring
unbiased assessment of generalization performance and minimizing the risk of overfitting. The testing
dataset was used as the primary basis for model comparison and final model selection. The evaluation
metrics were selected to capture different aspects of prediction performance, including error magnitude,
goodness-of-fit, relative accuracy, normalization across scales, prediction bias, robustness to outliers,
correlation strength, and engineering tolerance. All metrics were computed using the predicted
compressive strength values ¥; and the corresponding observed values y;, where n denotes the total
number of samples.

Error Magnitude Metrics
Mean Absolute Error (MAE)

The Mean Absolute Error quantifies the average absolute deviation between predicted and observed
values and is defined as:

1 ~
MAE = =Yy 1yi = 9 | (®)

MAE provides a direct and interpretable measure of average prediction error in physical units (MPa),
making it particularly suitable for engineering applications.

Root Mean Squared Error (RMSE)
The Root Mean Squared Error is expressed as:

RMSE = \/% Z?zl(% — 9:)? ©)

RMSE penalizes larger prediction errors more strongly than MAE and is therefore sensitive to
extreme deviations. This metric is especially important in structural engineering contexts, where large
prediction errors may compromise safety.

Coefficient of Determination (R?)
The coefficient of determination measures the proportion of variance in the observed data explained
by the model and is given by:

Z:l:l(yi_yi)z

R? =1 - 25
Zizl(yi_y)z

(10)

where y is the mean of observed compressive strength values. Higher R? values indicate stronger
agreement between predicted and observed data.

Relative Error Metric: Mean Absolute Percentage Error (MAPE)
MAPE evaluates prediction error relative to observed values and is defined as:

n A.
MAPE = 1%° | L (11)
n i=1 Vi

This metric expresses prediction error as a percentage, facilitating comparison across different
strength ranges. A small numerical constant was introduced in the denominator during computation to
avoid division by zero.

Normalized Error Metric: Normalized Root Mean Squared Error (NRMSE)
To enable scale-independent comparison, RMSE was normalized as:
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NRMSE = —M5E (12)

Ymax~Ymin
where Yimax and Ynin denote the maximum and minimum observed compressive strength values,
respectively. NRMSE allows comparison of prediction accuracy across datasets with different value
ranges.

Bias Metric: Mean Bias Error (MBE)
The Mean Bias Error quantifies systematic over- or under-prediction and is computed as:

1 ~
MBE =~ " (¥ — 9 (13)

A positive MBE indicates overall under-prediction, while a negative value indicates over-prediction.
This metric is particularly useful for assessing directional bias in engineering predictions.

Robustness Metric: Median Absolute Error (MedAE)
To assess robustness against outliers, the Median Absolute Error was employed:

MedAE = median(| y; — 9; ) (14)

Unlike MAE and RMSE, MedAE is less sensitive to extreme errors and provides a robust measure
of typical prediction performance.

Correlation Metric: Pearson Correlation Coefficient (r)
The linear correlation between predicted and observed values was quantified using the Pearson
correlation coefficient:
Cov(y.§
r = Sov0) (15)
Oy9y
where 0y, and oy are the standard deviations of observed and predicted values, respectively. Higher
values of r indicate stronger linear agreement.

Engineering Tolerance-Based Accuracy: Prediction Accuracy within £5 MPa

In addition to statistical metrics, an engineering-oriented tolerance-based accuracy was used to
assess practical usability. The percentage of predictions falling within +5 MPa of observed compressive
strength was calculated as:

Accuracyys = % Z?zll(lyi — 9, 1< 5) x 100 (16)

where 1(+) is an indicator function that equals 1 if the condition is satisfied and 0 otherwise. This
metric directly reflects engineering acceptability and aligns with practical strength assessment
requirements.

RESULTS AND DISCUSSION
Phase-Level Feature Attribution and Structure—Property Interpretation

To interpret the predictive behavior of the developed machine learning framework and to elucidate
the governing structure—property relationships in the cement-based composite system, SHAP (Shapley
Additive Explanations) analysis was performed on the tree-ensemble model demonstrating strong
generalization performance. Within heterogeneous composite materials, macroscopic mechanical
performance emerges from nonlinear interactions among matrix chemistry, dispersed phases, and
curing-driven microstructural evolution. SHAP provides a quantitative approach to attribute model
predictions to individual compositional parameters, enabling both global phase-level importance
assessment and local contribution analysis for specific mixtures. Figure 1 presents the mean absolute
SHAP values, representing the average contribution magnitude of each constituent to compressive
strength. The results indicate that cement content is the dominant phase-level parameter, followed by
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curing age and water content. This ranking reflects the matrix-controlled nature of compressive strength
development in cementitious composites, where mechanical resistance is primarily governed by
hydration-derived binder phases rather than aggregate fractions.

Cement content exhibits the highest mean SHAP value, confirming its dominant contribution to the
composite’s load-bearing matrix. Increased cement content promotes greater formation of calcium
silicate hydrate (C—S—H) gel, which constitutes the primary structural binding phase in the composite
microstructure. The SHAP results demonstrate that variations in matrix volume fraction significantly
influence predicted strength, reinforcing the interpretation that compressive resistance is largely matrix-
dominated within the studied compositional range. Curing age is identified as the second most
influential parameter. As illustrated in Figure 2, higher curing durations correspond to positive SHAP
contributions, indicating a monotonic increase in predicted compressive strength with time. This
behavior reflects hydration-driven microstructural densification and progressive refinement of pore
structure, characteristic of evolving composite matrices. The observed monotonic trend suggests that
the model effectively captures temporal structure—property evolution within the heterogeneous
composite system.

Water content exhibits predominantly negative SHAP contributions at higher values. From a
composite mechanics perspective, increased water content elevates the effective water—binder ratio,
leading to higher porosity and reduced matrix density after hardening. The SHAP analysis confirms that
excess water weakens the matrix phase, thereby diminishing overall composite strength. Importantly,
the interaction between cement content and water fraction reflects the critical balance between matrix
formation and porosity control in composite optimization. Among supplementary cementitious
materials, blast furnace slag demonstrates a moderate but positive influence, particularly at extended
curing ages. This behavior is consistent with its latent hydraulic reactivity and its contribution to long-
term matrix densification and interfacial transition zone improvement. In contrast, fly ash exhibits
comparatively lower SHAP magnitude, suggesting a more gradual pozzolanic contribution within the
dataset. This reduced influence may be attributed to slower reaction kinetics and partial replacement
levels in the studied formulations.

The influence of superplasticizer is moderate and predominantly positive. By improving particle
dispersion and enabling lower effective water—binder ratios, superplasticizer enhances matrix
compactness without increasing porosity, indirectly strengthening the composite structure. Aggregate-
related parameters (fine and coarse aggregates) show comparatively smaller SHAP magnitudes. This
indicates that within the analyzed compositional domain, compressive strength is primarily governed
by matrix-phase characteristics rather than aggregate volume fraction. While aggregates provide load
transfer pathways, geometric confinement, and dimensional stability, their contribution to compressive
resistance is secondary to binder microstructure formation. This observation reinforces the matrix-
dominated strength behavior typical of cement-based composite systems.

Model Performance Comparison across Training, Validation, and Testing Phases

The predictive performance of the four machine learning models ANN-MLP, SVR-RBF, Random
Forest, and Extra Trees was evaluated using a comprehensive set of statistical and engineering-oriented
metrics across the training, validation, and testing datasets. The results provide insight into model
accuracy, robustness, generalization capability, and potential overfitting behavior.

Training Performance

During the training phase as shown in Table 1, the Extra Trees model exhibited the highest predictive
accuracy, achieving the lowest error values (MAE = 0.09 MPa, RMSE = 0.99 MPa) and the highest
goodness-of-fit (R?2 = 0.997). The very high Pearson correlation coefficient (r = 0.998) and tolerance-
based accuracy within £5 MPa exceeding 99% indicate an excellent fit to the training data. Similarly,
the Random Forest model demonstrated strong training performance, with RMSE of 2.02 MPa and R?
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of 0.986, suggesting its ability to effectively capture nonlinear relationships in the dataset. In contrast,
SVR-RBF and ANN-MLP exhibited comparatively higher training errors, with RMSE values of 5.76
MPa and 6.15 MPa, respectively. Although these models achieved reasonable R? values (>0.86), their
performance was notably inferior to tree-based ensemble methods. This difference highlights the strong
learning capacity of ensemble models for tabular concrete mix data. However, the extremely low
training errors observed for the Extra Trees model suggest a strong fit that warrants careful examination
of its generalization performance.
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Figure 1. Global feature importance based on SHAP analysis
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Figure 2. SHAP summary plot showing feature impact and direction
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Table 1. Performance of machine learning models during the training phase
Model MAE |RMSE R? MAPE | NRMSE MBE MedAE | Pearsonr | Acc (£5
(MPa) | (MPa) (%) (MPa) | (MPa) MPa) (%)
ANN-MLP 4.62 6.15 0.866 15.45 0.0766 0.12 34 0.931 63.25
SVR-RBF 3.71 5.76 0.882 13.74 0.0718 0.21 2.23 0.94 73.09
Random Forest 1.34 2.02 0.986 4.7 0.0251 0.05 0.96 0.993 97.36
Extra Trees 0.09 0.99 0.997 0.26 0.0124 =0.00 =0.00 0.998 99.31

Validation Performance

Validation results provide a more realistic assessment of model robustness as shown in Table 2. In
this phase, the Extra Trees model continued to outperform other models, yielding the lowest RMSE
(4.95 MPa), highest R? (0.915), and the highest tolerance-based accuracy (83.1%). The reduction in
performance compared to training indicates expected regularization through validation but still reflects
strong generalization. The Random Forest model also demonstrated stable validation performance, with
RMSE of 5.55 MPa and R? of 0.893. Compared to the training phase, the moderate increase in error
suggests limited overfitting and good model robustness. The Pearson correlation coefficient (r = 0.95)
further confirms strong agreement between predicted and observed values. The ANN-MLP model
showed moderate validation performance, with RMSE of 6.65 MPa and R? of 0.847. Although its
performance remained consistent with training results, it was less competitive than ensemble models.
The SVR-RBF model exhibited the largest degradation in validation performance, with RMSE
increasing to 7.21 MPa and R? decreasing to 0.820, indicating sensitivity to data partitioning and limited
robustness.

Table 2. Performance of machine learning models during the validation phase

Model (11\\/[/[?,5) 1(21\1/\[/11,5;;: R? R{I‘?A)I;E NRMSE (1\1\//[[]13’5) 1\(/[“?[(1,:;2 Pearson r MAPc:)((d:,i)
ANN-MLP 4.84 6.65 | 0.847 | 1542 0.0862 0.8 3.52 0.923 62.99
SVR-RBF 5.22 7.21 | 082 19.26 0.0934 0.01 4.05 0.907 60.39
Random Forest 3.55 5.55 | 0.893 12.4 0.0719 0.86 2.4 0.95 76.62
Extra Trees 3 495 | 0915 9.99 0.0641 0.8 1.91 0.959 83.12

Testing Performance and Generalization

Testing performance is the most critical indicator of model reliability as shown in Table 3. On the
unseen testing dataset, Random Forest achieved the best overall balance between accuracy and
generalization, recording the lowest RMSE (5.41 MPa), high R? (0.883), strong Pearson correlation (r
= 0.943), and tolerance-based accuracy exceeding 70%. These results indicate that Random Forest
provides reliable and stable predictions across all data partitions. The Extra Trees model, while still
competitive, showed a slight reduction in testing performance compared to Random Forest. Its RMSE
increased to 5.51 MPa and R? decreased to 0.879, suggesting mild overfitting during training.
Nevertheless, its testing performance remained superior to ANN-MLP and SVR-RBF in most metrics,
confirming its strong predictive capability. The ANN-MLP model demonstrated moderate
generalization, with RMSE of 6.78 MPa and R? of 0.816. Although ANN maintained relatively
consistent performance across phases, its higher prediction errors and lower tolerance-based accuracy
(56.1%) limit its practical applicability for precise strength estimation. The SVR-RBF model exhibited
the weakest testing performance among the evaluated models, with the highest RMSE (7.49 MPa) and
the lowest R? (0.776). Despite reasonable training accuracy, the noticeable decline in testing
performance suggests reduced generalization capability, particularly for higher-strength concrete
mixtures.

Comparison of Observed and Predicted Compressive Strength
The agreement between observed and predicted concrete compressive strength values was further
examined through time-series style plots and prediction error analysis for the training, validation, and
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testing datasets. These graphical diagnostics complement the quantitative metrics discussed in Section
4.2 by providing insight into model consistency, peak capturing ability, and error dispersion. Figure 4
illustrates the prediction errors (predicted — observed) for all four models during the training phase. The
Random Forest and Extra Trees models exhibit error distributions that are tightly clustered around zero,
with comparatively low amplitude and limited dispersion. This behavior indicates strong learning of
underlying patterns in the training data and minimal systematic bias. In contrast, ANN-MLP and SVR-
RBF display larger error fluctuations, with several instances of both over- and under-prediction
exceeding +£15 MPa. These larger deviations suggest reduced learning efficiency for extreme strength
values, particularly in mixtures with higher variability. While all models exhibit near-zero mean error,
the narrower error band observed for tree-based ensemble models confirms their superior fitting
capability during training.

Table 3. Performance of machine learning models during the testing phase

MAE | RMSE ., | MAPE MBE MedAE Ace (£5
Model (MPa)| (MPa) R (%) NRMSE (MPa) (MPa) Pearson r MPa) (%)
ANN-MLP 5.4 6.78 |0.816| 16.53 0.0969 1.44 4.37 0.909 56.13
SVR-RBF 5.42 7.49 10.776| 17.31 0.1071 0.37 3.6 0.883 61.29
Random Forest | 3.89 541 ]0.883| 13.07 0.0774 0.9 2.82 0.943 70.32
Extra Trees 3.82 551 |0.879| 12.74 0.0788 0.86 242 0.939 66.45
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Figure 4. Training-phase prediction errors of concrete compressive strength.
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Figure 5. Validation-phase observed and predicted concrete compressive strength.
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Figure 5 presents the comparison between observed and predicted compressive strength values for
the validation dataset. All models can capture the general trend and variability of concrete strength;
however, clear differences in predictive stability are observed. The Random Forest and Extra Trees
models demonstrate closer tracking of observed strength values across the entire strength range,
including both low- and high-strength samples. Their predicted curves show limited lag and reduced
smoothing, indicating effective generalization beyond the training data. The ANN-MLP model follows
the overall trend reasonably well but shows noticeable deviations for peak strength values. The SVR-
RBF model exhibits occasional over-prediction at higher strength levels, reflecting its sensitivity to
nonlinear extremes.

The predictive behavior on unseen data is illustrated in Figure 6, which compares observed and
predicted compressive strength values for the testing dataset. The testing results provide the most
reliable assessment of model robustness and real-world applicability. The Random Forest model
exhibits the closest agreement with observed values across the full-strength spectrum, consistently
capturing both sharp peaks and low-strength regions. The Extra Trees model also performs well but
shows slightly increased deviation for a small number of high-strength samples, indicating mild
overfitting observed earlier in training. The ANN-MLP model demonstrates moderate predictive
accuracy but tends to underestimate higher compressive strength values. The SVR-RBF model shows
greater scatter around the observed values, particularly at extreme strength levels, consistent with its
comparatively lower testing performance metrics. These observations align closely with the statistical
results presented in Table 3, reinforcing the conclusion that Random Forest provides the most stable
and reliable generalization performance among the evaluated models.

Validation Set: Observed vs Predicted Concrete Strength

8() === Observed
«— ANN_MLP
’g 70 SVR_RBF
“==Random Forest
2 60 !

= Extra Trees I |

5 .

2 s 1A/ | |
&% 40 L [\l \ | f

£.20

1ve
L —
J—

TeS!

om

010

0 20 40 60 80 100 120 140 160
Sample Index
Figure 6. Testing-phase observed and predicted concrete compressive strength.

Error Analysis of Machine Learning Models

The prediction error distributions for the training, validation, and testing phases are illustrated in
Figures 7-9, respectively. These error plots provide additional insight into model robustness, bias, and
generalization capability by examining the deviation between predicted and observed concrete
compressive strength values across different datasets. During the training phase (Figure 7), all models
exhibit errors predominantly clustered around zero, indicating effective learning of the underlying
nonlinear relationship between concrete constituents and compressive strength. Among the evaluated
models, the Extra Trees and Random Forest models show the narrowest error bands with minimal
dispersion, reflecting their strong ability to capture complex interactions within the training data. In
contrast, the ANN-MLP and SVR-RBF models display comparatively wider fluctuations, suggesting
higher sensitivity to local variations in the dataset. Nevertheless, no systematic bias is observed, as
positive and negative errors are well balanced around the zero-error reference line.
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The validation error patterns presented in Figure 8 demonstrate a moderate increase in error
variability for all models, which is expected when models are exposed to unseen data. The SVR-RBF
model exhibits occasional large deviations, particularly at higher strength values, indicating sensitivity
to boundary cases. The ANN-MLP model shows intermittent oscillations, reflecting its dependence on
network initialization and nonlinear activation behaviour. In contrast, the ensemble-based models
(Random Forest and Extra Trees) maintain relatively stable error distributions, confirming their superior
generalization capability and resistance to overfitting. In the testing phase (Figure 9), error magnitudes
further increase slightly, providing a realistic assessment of model performance under completely
unseen conditions. Despite this increase, most prediction errors remain within an acceptable engineering
tolerance range. The Extra Trees model continues to demonstrate the most consistent performance, with
errors closely centered around zero and fewer extreme deviations. The Random Forest model follows a
similar trend, whereas ANN-MLP and SVR-RBF show larger sporadic errors, particularly for high-
strength concrete mixtures. These observations are consistent with the quantitative performance metrics
discussed earlier, reinforcing the reliability of ensemble tree-based approaches for concrete strength
prediction.

Classification Performance of Composite Strength Regimes

To further assess the engineering relevance of the developed machine learning framework,
continuous compressive strength predictions were categorized into five discrete strength regimes
representing distinct performance levels of the cement-based composite system. From a materials
perspective, such classification corresponds to identifying composite performance states governed by
variations in matrix density, water—binder interactions, supplementary binder reactivity, and aggregate
packing effects. The resulting testing-phase classification performance is illustrated using confusion
matrices for ANN-MLP, SVR-RBF, Random Forest, and Extra Trees models (Figures 10—13). The
confusion matrix of the Random Forest model (Figure 10) demonstrates strong classification capability
across all strength regimes, with a clear dominance along the principal diagonal. Both low-strength and
high-strength composite classes (Class 1 and Class 5) are identified with high accuracy, indicating the
model’s ability to differentiate matrix-dominated porous systems from dense, highly hydrated
microstructures. Misclassifications are primarily limited to adjacent strength classes, which is expected
due to gradual compositional transitions and overlapping microstructural characteristics within
intermediate composite formulations. Such near-boundary confusion reflects the continuous nature of
structure—property evolution rather than abrupt phase changes.

The SVR-RBF model (Figure 11) exhibits comparatively higher confusion between intermediate
strength regimes (Classes 3 and 4). While extreme performance classes are reasonably predicted, the
dispersion of samples across neighboring categories indicates reduced robustness in distinguishing
subtle variations in composite microstructure and phase interaction intensity. This behavior is consistent
with earlier regression findings showing greater sensitivity of SVR-RBF to localized nonlinear
fluctuations. The ANN-MLP model (Figure 12) demonstrates moderate classification performance.
Low-strength composites are effectively identified; however, increased misclassification is observed
among mid- to high-strength regimes. This suggests partial smoothing of nonlinear structure—property
boundaries, potentially arising from network parameter sensitivity and generalized approximation of
compositional effects. Nevertheless, the absence of strong class bias indicates stable overall learning
behavior. The Extra Trees model (Figure 13) exhibits the most consistent and reliable classification
performance. Pronounced diagonal dominance is observed, particularly for Classes 1, 2, and 5,
indicating accurate identification of distinct composite performance states across a broad strength
spectrum. The reduced off-diagonal entries confirm enhanced robustness and improved discrimination
of nonlinear compositional regimes. This superior performance can be attributed to the ensemble’s
ability to capture complex interactions among matrix parameters, curing age, and dispersed phases
while mitigating variance through randomized splitting and averaging.
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Figure 7. Training-phase prediction errors of concrete compressive strength.
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Figure 8. Validation-phase prediction errors of concrete compressive strength.
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Figure 9. Testing-phase prediction errors of concrete compressive strength.
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Figure 10. Confusion matrix of concrete strength classes predicted by the Random Forest model during
testing.
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Figure 11. Confusion matrix of concrete strength classes predicted by the SVR-RBF model during
testing.
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Figure 12. Confusion matrix of concrete strength classes predicted by the ANN-MLP model during
testing.
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Figure 13. Confusion matrix of concrete strength classes predicted by the Extra Trees model during
testing.
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CONCLUSIONS

This study developed and systematically evaluated multiple machine learning frameworks for
structure—property modeling of heterogeneous cement-based composite systems using compositional
parameters and curing age as predictive descriptors. ANN-MLP, SVR-RBF, Random Forest, and Extra
Trees models were implemented and assessed across training, validation, and testing phases using
comprehensive statistical, robustness-oriented, and classification-based performance measures. The
results demonstrate that ensemble tree-based models provide superior capability for modeling nonlinear
interactions within multi-component composite systems. In particular, the Extra Trees algorithm
achieved the lowest prediction errors and strongest correlation with experimental compressive strength
values, while Random Forest exhibited the most stable generalization performance on unseen
formulations. Graphical diagnostics and classification-based regime analysis further confirmed the
robustness of ensemble approaches in distinguishing composite strength states across heterogeneous
compositions. SHAP-based feature attribution enabled quantitative interpretation of phase-level
contributions, revealing that matrix-related parameters cement content, curing age, and water—binder
interactions dominate compressive strength development, while aggregate fractions exert secondary
influence within the investigated compositional domain. These findings reinforce the matrix-controlled
nature of strength evolution in cementitious composites and demonstrate that interpretable machine
learning can effectively capture underlying structure—property relationships. The proposed framework
establishes a transparent and data-driven pathway for rapid screening, performance verification, and
optimization of cement-based composite formulations. By combining predictive accuracy with
interpretability, the study advances the integration of machine learning into composite materials
engineering and supports informed decision-making in mixture design and performance-driven
optimization. Future research may extend this approach to durability-related properties, alternative
binder chemistries, hybrid and fiber-reinforced composite systems, and sustainability-oriented
formulations. Integration with multiscale descriptors and microstructural characterization data could
further enhance structure—property modeling capability within advanced composite materials research.
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