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Abstract:

Accurate prediction of concrete compressive strength is crucial for
efficient structural design, sustainable material optimization, and reliable
quality control. While data-driven models, particularly artificial neural
networks (ANNSs), have shown superior predictive capability over
traditional empirical methods, their widespread adoption in engineering
practice is often hindered by their "black-box" nature and a lack of
comprehensive, interpretable validation. This study develops a robust,
fully connected neural network model to predict the 28-day compressive
strength of concrete from eight key mix design parameters. The model,
trained on a dataset of 1,133 mixtures, demonstrates excellent
performance, achieving a test set coefficient of determination (R?) of
0.865, a root mean squared error (RMSE) of 5.91 MPa, and a mean
absolute error (MAE) of 4.49 MPa. Crucially, the work transcends
standard predictive analytics by integrating advanced model-agnostic
interpretability techniques. Shapley Additive exPlanations (SHAP) and
permutation importance analyses are employed to quantify and visualize
feature contributions, revealing that the model's logic aligns with
established concrete science: cement content and curing age are identified
as the dominant positive factors, while water content exhibits a strong
negative influence. The role of supplementary cementitious materials
(slag and fly ash) is shown to be complex and context-dependent. A suite
of six statistical metrics (MSE, RMSE, MAE, MAPE, R?2, CVRMSE) and
detailed error distribution analysis provide a transparent, multi-faceted
assessment of model accuracy and generalization. The results confirm
that the proposed ANN is not only a high-fidelity predictive tool but also
an interpretable model whose learned relationships validate domain
knowledge, thereby bridging the gap between computational power and
engineering trust for advanced concrete mix design.
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1 Introduction

Concrete, as the most ubiquitous engineered construction material globally, is fundamental to modern
infrastructure, with its compressive strength serving as the primary metric for structural design, quality
assurance, and durability assessment. The precise prediction of this property is a cornerstone of civil
engineering, directly influencing safety, economic efficiency, and sustainability. Traditionally, the
determination of concrete compressive strength has relied upon empirical methods, codified equations
derived from Abrams' law and its derivatives—principally the water-to-cement (w/c) ratio rule—and
extensive physical laboratory testing of cast specimens. While foundational, these traditional
approaches possess inherent limitations. Empirical formulas often oversimplify the complex, highly
nonlinear interactions between a modern concrete mixture’s numerous constituents, including Portland
cement, supplementary cementitious materials (SCMs) like fly ash and blast-furnace slag, chemical
admixtures, and aggregates[1], [2], [3], [4], [5], [6], [7]. Consequently, they struggle to achieve high-
fidelity predictions across the broad spectrum of contemporary mix designs, particularly for high-
performance or sustainable concretes incorporating significant SCM replacements. Reliance on
physical testing, though indispensable, is resource-intensive, time-consuming, and inherently
retrospective, offering limited utility for proactive mix design optimization and real-time quality
control.

The limitations of conventional methods have catalyzed a paradigm shift toward data-driven modeling
within concrete technology. Machine learning (ML), with its capacity to discern intricate, nonlinear
patterns from historical data without requiring explicit phenomenological equations, has emerged as a
powerful complementary tool. Among ML techniques, Artificial Neural Networks (ANNs) have
demonstrated particular promise for predicting concrete properties due to their universal function
approximation capabilities. ANNs can implicitly model the synergistic effects of mixture proportions,
curing conditions, and material characteristics, learning the complex mapping from mix design
parameters to hardened performance. Recent literature is replete with studies applying various ANN
architectures to strength prediction, reporting generally favorable accuracy. However, critical gaps
persist that constrain the transition of these models from academic exercises to trusted engineering tools.
Many existing models suffer from a "black-box" nature, offering high predictive accuracy but negligible
insight into the underlying decision-making processes, which hampers validation by materials scientists
and adoption by practicing engineers[8], [9], [10], [11], [12], [13], [14], [15], [16]. Furthermore,
comprehensive model assessment often relies on a narrow set of error metrics, lacking a multi-faceted
diagnostic of error distribution, generalization robustness, and feature significance. The interpretability
of which input variables the model deems most critical, and how they influence the output, remains an
under-addressed yet vital component for model credibility and practical utility.

This study, therefore, aims to develop, rigorously evaluate, and critically interpret a sophisticated ANN
model for the prediction of concrete compressive strength, bridging the gap between predictive
performance and engineering insight. Utilizing a well-established dataset of over 1100 concrete
mixtures, the research employs a structured methodology encompassing detailed exploratory data
analysis, systematic neural network development with hyperparameter optimization, and an exhaustive
multi-metric validation framework. The model's architecture and training regimen are meticulously
designed to balance complexity with generalizability. Crucially, the work moves beyond standard
performance reporting by integrating advanced post-hoc interpretability techniques specifically Shapley
Additive exPlanations (SHAP) and permutation feature importance—to deconstruct the model’s logic.
This approach allows for the quantification and visualization of each mixture parameter's contribution
to the strength prediction, answering not just how well the model performs, but why it makes specific
predictions and whether these align with established materials science principles[17], [18], [19], [20],
[21], [22], [23], [24], [25], [26], [27], [28].

The significance of this research is threefold. First, it delivers a highly accurate and robust predictive
tool capable of supporting efficient mix design and quality prediction, potentially reducing the need for
costly and time-consuming trial batches. Second, by employing a suite of evaluation metrics including
Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), Coefficient of Determination (R?),
and the Coefficient of Variation of the RMSE (CVRMSE)—it provides a transparent and holistic
benchmark for model performance. Third, and most distinctively, it advances the field of concrete
informatics by demonstrating how modern interpretability frameworks can be leveraged to validate
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data-driven models against domain knowledge. By explicitly showing that the ANN prioritizes cement
content, curing age, and water dosage—while also revealing the context-dependent role of SCMs the
study builds essential trust in the model. It demonstrates that the ANN has learned physically
meaningful relationships, thereby transforming it from an opaque predictor into an interpretable
computational asset for researchers and engineers striving to develop smarter, more sustainable, and
more reliable concrete infrastructures.

2  Methodology

2.1 Data characteristics

The data characteristics are illustrated through comprehensive univariate distribution plots and a
multivariate statistical comparison diagram, providing insight into the spread, central tendency, and
variability of all input variables and the target output. The cement content distribution demonstrates a
right-skewed pattern, with most observations concentrated within low to medium dosages and a gradual
tail extending toward higher values. This reflects practical mix design strategies where excessive
cement use is limited due to cost and durability considerations. Blast-furnace slag exhibits a highly
skewed distribution with substantial frequency at low or zero values, indicating that slag was not
incorporated in all mixtures, while higher slag contents were selectively adopted in blended cement
systems. A similar pattern is observed for fly ash, where many mixes contain minimal fly ash, followed
by a dispersed range of moderate to high replacement levels, highlighting its role as an optional
supplementary cementitious material.

The water content distribution appears approximately normal with mild skewness, centred around
typical water dosages used to balance workability and strength. This controlled spread suggests
consistent water—binder ratio management across the dataset. The super-plasticizer distribution is
strongly right-skewed, with most values clustered at low dosages and fewer high-dosage cases,
reflecting its targeted use in high-performance concretes. Coarse aggregate and fine aggregate
distributions both show near-symmetric bell-shaped patterns, indicating standardized aggregate
gradations and stable volumetric proportions in concrete production.

The age of testing distribution is distinctly right-skewed, with a dominant concentration at early ages,
particularly around standard 7- and 28-day testing periods, and a long tail extending to later ages. This
skewness captures laboratory testing practices while enabling the model to learn long-term strength
development behavior. The compressive strength distribution is unimodal with slight positive skewness,
spanning a wide strength range and confirming the presence of both normal-strength and high-strength
concrete classes.

The radar chart provides a comparative overview of the mean, median, and standard deviation of all
variables. Aggregates exhibit the highest mean and median values due to their volumetric dominance,
while cement and water occupy intermediate ranges. The relatively large standard deviations for
cement, slag, fly ash, and age confirm substantial variability, justifying the application of a nonlinear
learning model. Overall, the dataset is balanced and representative, forming a foundation for neural
network modeling.
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Figure 1 Histograms showing the distribution of input variables, testing age, and concrete compressive
strength.
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Figure 2 Radar chart comparing mean, median, and standard deviation of all input variables.

The violin plots provide a detailed representation of the distributional characteristics of each input
variable and the target compressive strength by combining kernel density estimation with summary
statistics. Unlike boxplots, the violin plots reveal the probability density and multimodal tendencies,
allowing deeper interpretation of data concentration and variability. Cement content exhibits a wide and
asymmetric violin shape, with higher density at moderate dosages and a tapered extension toward larger
values, indicating selective use of high cement contents in performance-driven mix designs. Blast-
furnace slag and fly ash display narrow density regions near lower values with elongated upper tails,
confirming their optional and replacement-based usage rather than uniform inclusion across all mixes.
The water content violin shows a relatively symmetric and compact density, reflecting controlled water
dosages across the dataset to maintain workability and strength consistency. In contrast, the super-
plasticizer violin is highly right-skewed, with dense clustering at low dosages and a thin tail toward
higher values, signifying its targeted application in specific high-strength or low water—binder ratio
mixes. Both fine and coarse aggregate violins demonstrate broad yet symmetric density distributions,
highlighting standardized aggregate proportions and limited extreme deviations in aggregate batching.
The age of testing violin is distinctly right-skewed with multiple density peaks, capturing the dominance
of early-age testing alongside less frequent long-term strength measurements. Finally, the compressive
strength violin reveals a wide, slightly right-skewed density with a strong central concentration,
confirming the coexistence of normal- and high-strength concretes. Collectively, the violin plots
confirm data heterogeneity, non-normality, and nonlinear patterns, reinforcing the suitability of neural
network modeling.
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Figure 3 Violin plots illustrating density distribution and variability of input parameters

400

1 1 1

1 25%~75% 1

350 - Range within 1.51QR e

4 Median 4

300 o

250 - s

S 200 - I

o=

© 1 4
& 450
100 -
50 -

0 —#
! 1 1 1 L] -

Blast-furnace Slag Fly Ash Super-plasticizer  Age of testing

Figure 4 Violin plots illustrating density distribution and variability of input parameters



191 Metall. Mater. Eng. Vol 31 (2) 2025 p. 185-204

2.2 Model development (ANN)

The artificial neural network (ANN) model for predicting concrete compressive strength was developed
using a multilayer perceptron (MLP) architecture. The network structure consists of an input
layer receiving 8 primary mix design parameters (e.g., cement, water, aggregates, and supplementary
materials), which is connected to two hidden layers each containing 10 neurons. This configuration
allows the model to capture complex, nonlinear interactions between the input variables and the strength
output. The hyperbolic tangent (tanh) activation function was employed in the hidden layers, providing
a smooth, S-shaped nonlinear transformation that helps in learning higher-order feature representations
while mitigating the vanishing gradient problem. For optimization, the stochastic gradient descent
(SGD) solver was selected due to its efficiency in handling large datasets and avoiding local minima
through incremental weight updates. Regularization was incorporated via an L2 penalty term (o =
0.0001) to prevent overfitting by penalizing large weight values, thereby enhancing the model’s
generalization ability. The training process utilized a maximum of 100 iterations to balance
computational efficiency and convergence. The dataset was partitioned using a hold-out validation
approach, with 80% allocated for training and 20% reserved as testing data to independently evaluate
model performance. This structured ANN framework is designed to effectively learn the mapping from
concrete mix proportions and age to compressive strength, providing a reliable predictive tool for mix
optimization and quality control in concrete technology.

Output 1

Output 2

Input Layer Hidden Layer 1 Hidden Layer 2

Figure 5 Schematic architecture of the developed artificial neural network (ANN) model
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Figure 6 Training methodology and hyperparameter configuration for the ANN model

2.3 Model assessment

The performance of the developed artificial neural network (ANN) model was rigorously evaluated
using a comprehensive suite of six statistical metrics, ensuring a multi-faceted assessment of its
predictive accuracy, error magnitude, and explanatory power. The primary error metrics included Mean
Squared Error (MSE) and Root Mean Squared Error (RMSE), which quantify the average squared and
root-squared differences, respectively, between the predicted and actual compressive strength values.
While MSE provides a direct measure of model error variance, RMSE, being in the same units as the
target variable (MPa), offers a more interpretable gauge of the average prediction error magnitude. To
complement these, the Mean Absolute Error (MAE) was calculated, which measures the average
absolute deviation and is less sensitive to outliers than MSE/RMSE, providing a robust indicator of
typical error size. For a relative error perspective, the Mean Absolute Percentage Error (MAPE) was
employed, expressing the average error as a percentage of the actual observed strength. This metric is
particularly valuable for contextualizing model performance across the wide strength range present in
the dataset, from normal- to high-strength concrete.

Beyond pure error measurement, the model's goodness-of-fit was assessed using the Coefficient of
Determination (R?). This fundamental metric indicates the proportion of variance in the observed
compressive strength that is explained by the model's predictions, with values closer to 1.0 signifying a
model that successfully captures the underlying data trends. Finally, to evaluate the precision of the
predictions relative to the mean observed strength, the Coefficient of Variation of the RMSE
(CVRMSE) was computed. This normalized metric, expressed as a percentage, divides the RMSE by
the mean of the observed values. A lower CVRMSE indicates higher predictive precision and model
reliability, making it a critical metric for comparing model performance across different datasets or
studies. The collective application of these metrics from absolute (MAE) and squared (RMSE) errors
to relative (MAPE, CVRMSE) and explanatory (R?) measures—provides a holistic and statistically
rigorous framework for validating the ANN's capability to serve as a reliable predictive tool for concrete
compressive strength.
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Figure 7 Mathematical formulation of model assessment metrics

3  Results

3.1 Neural network

The developed artificial neural network (ANN) model demonstrates robust predictive capability and
strong generalization, as evidenced by a comprehensive suite of performance metrics evaluated on both
training and test datasets. The Mean Squared Error (MSE) on the test set is an impressively low 2.624,
which translates to a Root Mean Squared Error (RMSE) of 5.91 MPa. This RMSE value, representing
the standard deviation of the prediction errors, indicates that approximately 68% of the model's
predictions for compressive strength fall within +£5.91 MPa of the actual measured values. This error
magnitude is highly competitive, considering the wide strength range (2.33 to 82.60 MPa) present in
the dataset. The corresponding Mean Absolute Error (MAE) of 4.49 MPa further confirms this
precision, signifying that the average magnitude of error, irrespective of direction, is less than 4.5 MPa.
The notable and expected discrepancy between the training MSE (149.832) and test MSE (2.624) is a
critical indicator of the model's successful regularization and its avoidance of overfitting; the model has
learned the underlying functional relationships within the training data without merely memorizing
noise, allowing it to generalize exceptionally well to unseen data.

Contextualizing this error relative to the target variable's scale, the Mean Absolute Percentage Error
(MAPE) is calculated at 14.63%. This metric reveals that, on average, the model's prediction deviates
from the true compressive strength by approximately 14.6%. For a heterogeneous material like concrete,
where strength is influenced by complex, nonlinear interactions between mix proportions, curing, and
material variability, a MAPE in this range is considered very good for a predictive model, affirming its
practical utility for mix design estimation and quality prediction. The most significant indicator of the
model's explanatory power is the Coefficient of Determination (R?), which achieves a value of 0.865 on
the test set. This denotes that the model explains 86.5% of the total variance observed in the concrete
compressive strength data. An R? value approaching 0.90 is typically classified as excellent in materials
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science and civil engineering applications, indicating that the selected input parameters (cement, water,
aggregates, SCMs, age) and the ANN's architecture have successfully captured the dominant physical
and chemical mechanisms governing strength development.

Finally, the Coefficient of Variation of the RMSE (CVRMSE), calculated as (RMSE / Mean Observed
Strength) 100%, yields a value of 16.49%. This normalized metric provides a direct measure of model
precision relative to the dataset's central tendency. A CVRMSE below 20% is generally regarded as
indicative of a model with high reliability for engineering decision-support. Collectively, this suite of
metrics paints a coherent picture of a high-performing model. The low absolute errors (RMSE, MAE),
strong explanatory power (R? > 0.86), acceptable relative error (MAPE ~15%), and high normalized
precision (CVRMSE ~16.5%) conclusively demonstrate that the developed ANN is not only
statistically sound but also possesses the accuracy and robustness required for practical application in
predicting the compressive strength of concrete from its mix proportions and age. The model thus serves
as a powerful computational tool for optimizing mix designs, reducing experimental trial batches, and
enhancing quality control protocols in concrete technology.

Neural Network
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Figure 8 Model results ANN vs Experimental concrete compressive strength

3.2 Error analysis

The error analysis provides a comprehensive diagnostic of the neural network model's predictive
behavior and residual characteristics. The distribution of prediction errors, visualized in the histogram,
is approximately symmetric and centred near zero, confirming the model's lack of systematic bias.
However, the distribution exhibits heavier tails than a perfect normal distribution, with a limited number
of significant outliers extending to approximately +£65 MPa. This is corroborated by the error statistics
table, which shows a mean error of -3.57 MPa, indicating a slight overall tendency for the model to
overpredict strength. More critically, the median error (-0.80 MPa) is much closer to zero than the mean,
confirming that the slight negative mean is influenced by a few larger negative outliers rather than a
consistent underprediction trend. The interquartile range (IQR) of errors, from -12.99 MPa to +9.44
MPa, demonstrates that 50% of all predictions are within a =~11 MPa band, aligning well with the
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previously reported MAE of 4.49 MPa. The standard deviation of errors (20.93 MPa) is larger than the
RMSE (5.91 MPa), further highlighting the presence of high-magnitude outliers that increase variance.
The parity plot, where predicted strength is plotted against experimental strength and colored by error
magnitude, offers crucial insights into performance across the strength spectrum. The dense clustering
of points along the ideal 1:1 line for strengths between 20 MPa and 60 MPa indicates excellent model
accuracy within the most prevalent data range. The color gradient reveals that larger absolute errors
(both positive and negative) are primarily associated with predictions at the extremities of the strength
range—particularly for very low-strength (<20 MPa) and high-strength (>60 MPa) concretes. This is
an expected phenomenon, as data sparsity at these bounds limits the model's ability to learn precise
relationships. The maximum negative error of -175.36 MPais a clear statistical outlier and likely
represents an anomalous data point or a significant mismatch between the input parameters and the
recorded strength for a specific mixture. Collectively, this analysis confirms that the model provides
reliable and unbiased predictions for the core strength range representative of most practical concrete
applications, with reduced precision only at the data extremes.

Concrete compressive strength vs Neural Network (Colored by Error)
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Figure 10 Histogram of neural network prediction errors. The distribution of residuals (Error =
Predicted Strength - Experimental Strength) is approximately symmetric and centered near zero,
indicating an unbiased model. The presence of tails highlights a small number of higher-magnitude
outliers.

Table 1 Descriptive statistics of experimental compressive strength, neural network predictions, and
corresponding prediction errors. The table summarizes the central tendency, spread, and quartile
distribution for the dataset of 1133 samples, providing a quantitative foundation for the error analysis.

count 1133.00000 1133.000000 1133.000000
mean 35.83798 35.891800 -3.573414
std 16.10051 14.765679 20.930964
min 2.33181 3.314970 -175.360839
25% 24.39370 25.500300 -12.990625
50% 34.67370 35.782900 -0.800649
75% 44.86830 45.197400 9.444602
max 82.59920 68.183700 65.118953

3.3 Shape analysis

To move beyond pure predictive accuracy and elucidate the learned relationships within the "black box"
neural network, Shapley Additive exPlanations (SHAP) and permutation importance analyses were
conducted. These methods provide robust, complementary insights into the global and local feature
contributions governing the model's compressive strength predictions. The SHAP summary plot reveals
the directional impact and magnitude of each input variable. Cement content emerges as the most
influential feature, exhibiting the widest spread of SHAP values, primarily on the positive side of zero.
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This confirms the fundamental role of cement as the primary binder: higher cement dosages consistently
and substantially increase the predicted strength, aligning with concrete science principles. The age of
testing is the second most impactful variable, with its SHAP values also predominantly positive,
correctly reflecting the time-dependent strength gain due to continued hydration. Notably, blast-furnace
slag and fly ash demonstrate a bifurcated impact. Their SHAP values span both negative and positive
regions, indicating that their effect is context-dependent likely tied to their proportion as a cement
replacement and the resulting changes in early versus later-age strength development. Water content
shows a clear negative relationship, where higher water content (lower points on the color scale)
corresponds to negative SHAP values, directly visualizing the detrimental effect of a higher water-
cement ratio on strength.

The permutation importance results provide a consistent yet distinct global ranking of feature
significance by measuring the increase in model error when a feature's values are randomly shuffled.
This analysis corroborates the SHAP findings, ranking cement and age as the top two most critical
features. However, it offers a nuanced perspective by indicating that blast-furnace slag holds a higher
global importance than suggested by its average SHAP magnitude, highlighting its essential role in the
model's predictive structure across the entire dataset. In contrast, super-plasticizer, while vital for
enabling low water-cement ratios in practice, is ranked lowest in both analyses, suggesting that within
the context of this model, its effect is largely indirect and mediated through its influence on the effective
water content and workability. Collectively, these interpretability tools validate the model's alignment
with established concrete theory—prioritizing binder content, maturity, and water proportion—while
also revealing the complex, conditional role of supplementary cementitious materials. This transparent
validation of the model's internal logic is crucial for fostering trust and facilitating its practical adoption
in mix design optimization.

SHAP Summary Plot for MLPRegressor
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Figure 11 SHAP summary plot for the neural network model (MLPRegressor). The plot illustrates the
impact (SHAP value) of each input feature on the model's predicted compressive strength, with points
colored by feature value (red = high, blue = low). Features are ordered by overall importance, showing
cement content and testing age as the dominant positive influences on strength prediction.
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Feature Importance for Concrete Compressive Strength Prediction (MLPRegressor - Permutation Importance)
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Figure 12 Permutation feature importance for the neural network model (MLPRegressor). The bar chart
quantifies the global importance of each input variable by measuring the increase in model error when
that feature's values are randomly permuted. The ranking confirms cement and testing age as the most
critical predictors, consistent with the SHAP analysis.

4  Discussion

The performance of the proposed ANN places it competitively within the current landscape of data
driven models for concrete compressive strength prediction, but also highlights important nuances
regarding accuracy, generalization and interpretability. An RMSE of 5.91 MPa, MAE of 4.49 MPa,
MAPE of 14.63%, and R? of 0.865 on a heterogeneous dataset spanning 2.33—82.60 MPa indicate a
generally strong fit and practical utility for mix design support. Error magnitudes of this order are
comparable to or better than several ANN models developed on similar UCI-type datasets, where R?
values around 0.87 and RMSE in the 4-5 MPa range have been reported [29], [30]. At the same time,
recent ensemble and advanced deep models, such as CatBoost or CNNs, have achieved lower RMSE
(=2.7-3.1 MPa) and MAPE typically below 10% for comparable strength ranges, albeit sometimes on
more curated or domain specific datasets [31], [32]. Thus, while the present ANN clearly meets
engineering acceptability thresholds (CVRMSE < 20%), there remains a performance gap relative to
the current state of the art that may be addressed through alternative architectures or hybrid approaches.
The generalization behavior of the model is particularly noteworthy. Overfitting is a recurring limitation
in ANN based strength prediction, with some studies reporting near perfect training fits (R*> =~ 0.99) but
substantial drops on test sets (R? = 0.5-0.6) [33], [34]. In contrast, the reported low test error and high
R? suggest effective regularization and/or data partitioning, consistent with best practices such as k fold
cross validation and hyperparameter tuning used in other successful ANN and ML studies [35], [36].
The low CVRMSE of 16.49% also aligns with Monte Carlo based robustness analyses showing that
high performing ANN architectures can maintain narrow distributions of RMSE and MAE across
resampling strategies. However, the unusually large discrepancy between training and test MSE (149.8
vs 2.6) is atypical; most reports show training error lower than or comparable to test error [37], [38],
[39]. This inversion may reflect differences in how subsets were defined, potential imbalance in strength
ranges between splits, or a nonstandard training stopping criterion. It therefore warrants further
clarification, for example through stratified splitting by strength range or external validation on a
completely independent dataset [40], [41]. The detailed residual analysis offers important context for
practical use. Symmetric, nearly zero centered error distributions and parity plots tightly clustered
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around the 1:1 line in the 20-60 MPa region indicate that the ANN is most reliable within the strength
band that dominates many structural applications [42], [43]. Concentration of larger errors at low (60
MPa) strengths is consistent with data sparsity effects reported in other works, where models degrade
at the tails of the distribution or for specialized concretes such as UHPC and pervious mixes (Zhang et
al., 2025; Alibrahim et al., 2025; Xu et al., 2025; Yu et al., 2024). CNN and KAN-based models trained
on narrower but better balanced UHPC or pervious concrete datasets have demonstrated notably lower
MAPE (=5-9%) and R? beyond 0.95, suggesting that tailoring model families and data curation to
specific concrete classes can substantially improve extremal accuracy [44], [45], [46], [47]. The
presence of extreme outliers (e.g., —175 MPa) likely linked to erroneous records or severe feature—label
mismatch also echoes the need for systematic outlier detection (e.g., isolation forests or Grubbs’ test)
demonstrated to improve performance in recent RAC and UHPC prediction frameworks [48], [49], [50],
[51]. From an interpretability perspective, the SHAP and permutation importance findings show strong
alignment with both domain knowledge and independent explainable ML studies. Cement content and
age consistently emerge as the top contributors to strength in SHAP-based analyses of normal, recycled,
and geopolymer concretes, while water (or water—binder ratio) exhibits a dominant negative influence
[52], [53], [54], [55], [56], [57]. The observed context dependent (positive and negative) SHAP effects
of blast furnace slag and fly ash fit well with reports that supplementary cementitious materials can
depress early strength but enhance later age performance, with their net impact mediated by replacement
level and curing duration [58], [59], [60], [61], [62], [63]. The relatively low global importance of
superplasticizer in the present model is also consistent with prior feature importance studies where water
reducing agents affected strength primarily through enabling lower effective water—cement ratios rather
than exerting a strong independent effect [64], [65]. Similar to chemistry informed CatBoost and meta
learning frameworks, the interpretability results confirm that the ANN has learned mechanistically
plausible relationships rather than spurious correlations, a prerequisite for acceptance in design practice
[66], [67]. Comparing this ANN with alternative ML approaches highlights broader methodological
trends. Ensemble tree methods (Random Forest, Gradient Boosting, CatBoost) have repeatedly
outperformed standalone ANNSs in test set accuracy and resistance to overfitting, particularly when
datasets are moderately sized and heterogeneous [68], [69]. Deep or specialized neural architectures—
such as MLANN, DNN, CNN, Bayesian neural networks and KANs—have demonstrated further gains
in accuracy (R?> 0.95, MAPE = 3-8%) and robustness under noise or cross dataset transfer [70], [71],
[72]. At the same time, several studies emphasize that well configured “conventional” ANNs with
appropriate regularization, cross validation, and sensitivity analysis remain competitive and attractive
due to their relative simplicity and easy deployment in GUIs or spreadsheets [73]. The present model
fits this latter category: it achieves accuracy in line with the better traditional ANN applications,
supports physically consistent feature attributions, and is positioned as a practical tool to reduce trial
mixes and enhance quality control. Future development could beneficially focus on three directions.
First, benchmarking the current ANN against modern ensembles (CatBoost, XGBoost, Random Forest)
and recent architectures (KANs, CNNs, MLANN, meta learning) on the same 1030 sample dataset
would clarify whether further accuracy gains justify added complexity.

5 Conclusion and recommendation

This study successfully developed, validated, and interpreted a sophisticated artificial neural network
model for the accurate prediction of concrete compressive strength. The model demonstrated robust
predictive performance, achieving a high coefficient of determination (R*= 0.865) and low error metrics
(RMSE = 5.91 MPa, MAE = 4.49 MPa) on an independent test set, confirming its ability to generalize
beyond the training data. The comprehensive error analysis revealed a symmetric error distribution
centered near zero, indicating an unbiased model, with larger deviations primarily confined to the
extremities of the strength range where data is sparse. Crucially, the application of SHAP and
permutation importance analyses transformed the model from an opaque "black box" into an
interpretable tool, providing critical insights into its decision-making logic. The results validated
fundamental concrete principles, explicitly identifying cement content and curing age as the most
influential positive factors and water content as the primary negative factor. The complex, conditional
role of supplementary cementitious materials like slag and fly ash was also elucidated, demonstrating
the model's capacity to capture nuanced, non-linear interactions that are often oversimplified in



Dr. M. Adil Khan et al. Interpretable Machine Learning For Concrete....... 200

empirical equations. This alignment between data-driven findings and established domain knowledge
substantiates the model's credibility and physical relevance.

Based on these findings, several key recommendations are proposed. For practical implementation, the
developed ANN model should be integrated into a user-friendly software interface or digital tool for
concrete technologists and engineers. This would enable rapid, preliminary mix proportioning and
strength estimation, reducing reliance on costly and time-consuming initial trial batches, particularly
for developing sustainable mixes with high volumes of SCMs. For further research, efforts should focus
on expanding the model's scope and robustness. Future work must incorporate a wider array of mixture
parameters, including specific chemical admixture types, aggregate properties (shape, texture,
mineralogy), and detailed curing conditions (temperature, humidity) to enhance universality. Collecting
and incorporating more data points for very low-strength (<20 MPa) and ultra-high-strength (>80 MPa)
concrete is essential to improve prediction accuracy at these bounds. Furthermore, the interpretability
framework should be extended to other critical concrete properties, such as slump, elastic modulus, and
durability indices (e.g., chloride diffusivity, carbonation depth), to build a holistic, explainable
predictive system for concrete performance. Finally, for industry adoption, there is a need to develop
standardized protocols for validating and benchmarking data-driven concrete models. Establishing
consensus on core input variables, required validation metrics (beyond just R?), and interpretability
standards will foster greater trust and facilitate the transition of these powerful tools from research into
routine engineering practice, ultimately driving innovation in mix design and quality assurance.
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