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Abstract 
The development of Ultra-High-Performance Concrete (UHPC) is constrained 
by the empirical and costly nature of mixture optimization, necessitating robust 
predictive models that capture the complex, non-linear interactions between its 
constituent materials. While Artificial Neural Networks (ANNs) have been 
widely adopted for this purpose, their application is frequently criticized for lack 
of transparency, inconsistent interpretability, and uncertain generalization 
beyond training datasets. This study addresses these critical gaps by developing, 
analysing, and rigorously validating a fully connected ANN model to predict 
UHPC compressive strength using a substantial and curated dataset of 810 
mixture designs. The model, featuring a single hidden layer with 100 neurons 
and L2 regularization, demonstrated high predictive accuracy on an 
independent test set, achieving an R² of 0.922, RMSE of 11.267 MPa, and a 
mean absolute percentage error (MAPE) of 8.305%. Twenty-fold cross-
validation confirmed robustness, revealing consistent performance across most 
folds while identifying specific regions in the mixture design space where 
predictive accuracy diminished, highlighting data limitations. A critical, multi-
method feature importance analysis—employing Univariate Regression, RRelieff, 
and SHapley Additive exPlanations (SHAP)—provided a nuanced hierarchy of 
influential variables. While filter methods ranked silica fume and fiber content 
highest, SHAP analysis revealed the ANN’s internal logic prioritizes curing age, 
cement content, and fiber dosage as the most dominant predictors, aligning 
model reasoning with fundamental materials science principles. This work moves 
beyond a mere performance report to deliver a critical evaluation of ANN utility 
in UHPC science, explicitly confronting challenges of model interpretability, 
context-dependent feature significance, and generalization. It concludes that 
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while ANNs are powerful predictors, their effective translation into reliable 
design tools necessitates larger, more diverse datasets, standardized 
benchmarking against alternative algorithms, and the integration of explainable 
AI techniques to yield actionable, physically meaningful insights for engineers. 
 

 
        INTRODUCTION

The quest for superior construction materials 
has led to the development of Ultra-High-
Performance Concrete (UHPC), a class of 
cementitious composites characterized by 
exceptional mechanical strength, durability, 
and ductility, primarily achieved through a 
dense microstructure enabled by optimized 
particle packing, high binder content, fiber 
reinforcement, and low water-to-binder ratios. 
While its properties offer transformative 
potential for resilient and sustainable 
infrastructure, the complex, non-linear 
interactions between its numerous 
constituents—including cement, silica fume, 
fibers, superplasticizers, and various fillers—
make the a priori prediction of its compressive 
strength, the paramount design criterion, a 
significant challenge. Traditional empirical 
and statistical models often fail to capture the 
intricate, synergistic relationships governing 
UHPC's behavior, leading to reliance on 
costly, time-intensive trial-and-error mixture 
proportioning. Consequently, the construction 
industry urgently requires robust, accurate, 
and efficient predictive tools to streamline 
UHPC design, reduce material waste, and 
accelerate innovation. In this context, data-
driven machine learning (ML) approaches have 
emerged as a powerful alternative, promising 
to model complex, high-dimensional 
relationships beyond the reach of conventional 
methods. Among these, Artificial Neural 
Networks (ANNs) have become a dominant 
tool, frequently cited for their ability to model 
non-linearities and deliver high predictive 
accuracy for concrete properties. A survey of 
recent literature reveals a consistent narrative 
of success, with studies routinely reporting 
impressive performance metrics, such as 
coefficients of determination (R²) exceeding 
0.90 and low error rates (e.g., RMSE, MAPE) 

in predicting UHPC compressive strength 
(Zhang et al., 2025; Xu et al., 2025; Marani et 
al., 2020; Abdellatief et al., 2025). This 
apparent consensus underscores the perceived 
capability of ANNs to unlock the "black box" 
of UHPC formulation. 
However, a critical examination of the 
burgeoning field reveals that the application of 
ANNs to UHPC prediction is fraught with 
significant methodological, interpretive, and 
practical challenges that threaten the validity, 
generalizability, and real-world utility of these 
models. The frequent reporting of high 
accuracy often obscures deeper issues. A major 
strength of ANN models is their capacity to 
capture complex, non-linear relationships, 
demonstrably outperforming traditional 
regression techniques (Chithra et al., 2016; 
Yeh, 1998; Khan et al., 2023). Yet, this very 
strength is a double-edged sword, as the "black 
box" nature of ANNs inherently compromises 
model transparency, raising profound concerns 
about interpretability and the risk of 
overfitting, particularly when models are 
trained on limited or non-diverse datasets 
(Marani et al., 2020; Abuodeh et al., 2020; 
Yeh, 1998). While the community has adopted 
post-hoc interpretability tools like SHAP 
(SHapley Additive exPlanations) and filter 
methods like RRelieff to elucidate feature 
importance, the extracted insights are often 
inconsistent and context dependent. For 
instance, while curing age, fiber content, and 
cement content are frequently identified as 
dominant predictors (Xu et al., 2025; 
Abdellatief et al., 2025; Zhang et al., 2024), the 
reported importance of supplementary 
cementitious materials like silica fume or slag 
varies dramatically between studies, suggesting 
that model-derived rankings may be artefacts of 
specific dataset compositions or preprocessing 
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choices rather than universal physical truths 
(Marani et al., 2020; Abdellatief et al., 2025; 
Emad et al., 2022). This variability 
fundamentally questions the generalizability of 
such insights and their value for guiding 
mixture design across different material 
systems. 
Furthermore, robustness assessments, though 
increasingly common, frequently uncover 
troubling inconsistencies. The routine use of 
cross-validation often reveals substantial 
performance variability across data folds, with 
specific subsets exhibiting markedly lower R² 
and higher error metrics (Zhang et al., 2025; 
Marani et al., 2020; Jamal & Ahmed, 2025). 
These inconsistencies are typically—and 
somewhat conveniently—attributed to "outliers" 
or "underrepresented mixture designs," but 
they starkly highlight a foundational 
limitation: ANN models are ultimately only as 
robust and generalizable as the diversity and 
representativeness of their training data. 
Despite repeated scholarly emphasis on the 
necessity of large, comprehensive datasets, 
many studies continue to rely on relatively 
small or narrowly focused experimental 
databases, thereby undermining claims of 
broad applicability and risking models that are 
finely tuned to idiosyncratic data rather than 
fundamental material behavior (Marani et al., 
2020; Abuodeh et al., 2020; Li et al., 2024). 
This data scarcity issue is compounded by a 
lack of standardized protocols for data 
collection, preprocessing, and model 
evaluation, which severely hampers 
reproducibility and meaningful cross-study 
comparison. 
The critical gap between research 
demonstration and engineering practice 
remains vast. Even when interpretability tools 
are employed, translating their outputs into 
actionable, quantitative mix design guidance is 
exceptionally rare. Knowing that curing age or 
fiber content is important is trivial; precisely 
quantifying their optimal levels and 
interactions with other variables for a target 
strength is the non-trivial engineering 
challenge that ANN studies typically leave 

unaddressed (Xu et al., 2025; Abdellatief et al., 
2025). Moreover, the influence of less 
prominent but potentially cost-critical features, 
such as aggregate type or water-to-binder ratio, 
may be systematically underestimated due to 
model or dataset biases, potentially leading to 
suboptimal or uneconomical mix designs in 
practice. The field also exhibits a concerning 
lack of rigorous comparative benchmarking. 
While ANNs are often the default choice, 
comparative studies reveal they do not 
consistently outperform other advanced ML 
approaches like ensemble methods (e.g., 
XGBoost, Random Forest) or Gaussian 
Process Regression, particularly in terms of 
computational efficiency, interpretability, or 
stability with heterogeneous data (Abdellatief 
et al., 2025; Jamal & Ahmed, 2025; Tabani & 
Biswas, 2025). This calls into question the 
reflexive reliance on ANNs and underscores 
the need for model-agnostic evaluation. 
Finally, the trajectory of most research stops at 
academic validation; very few studies progress 
to develop the user-friendly interfaces or 
integrated workflows necessary for deployment 
in real-world engineering design, leaving a 
chasm between algorithmic prediction and 
practical application (Zhang et al., 2025; 
Ahmad et al., 2025). 
Therefore, this study is motivated by the need 
to move beyond the prevalent cycle of 
developing yet another high accuracy but 
poorly scrutinized ANN model. The objective 
is to not only develop a predictive ANN for 
UHPC compressive strength using a 
substantial dataset of 810 mixtures but to 
subject it to a critical, multi-faceted evaluation 
that explicitly addresses the core limitations 
plaguing the field. This involves a rigorous 
development process followed by an exhaustive 
analysis encompassing robust k-fold validation 
to stress-test generalizability, comparative 
feature importance analysis using both classical 
(Univariate Regression) and modern (RRelieff, 
SHAP) techniques to interrogate 
interpretability and consistency, and a critical 
discussion contextualized within the wider 
literature's challenges. By doing so, this work 
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aims to contribute a transparent, robust, and 
critically aware modeling case study that 
clarifies the true potential and persisting 
pitfalls of ANNs for UHPC strength 
prediction, providing a clearer pathway toward 
reliable, interpretable, and ultimately practical 
data-driven tools for advanced concrete design. 
 
Methodology 
Data characteristics 
The foundation of this study is a 
comprehensive and meticulously curated 
dataset comprising 810 distinct mixture 
designs of Ultra-High-Performance Concrete 
(UHPC). This extensive collection of 
experimental records provides a robust 
statistical basis for developing a high-fidelity 
predictive model. Each sample within the 
dataset is characterized by 14 critical attributes 
that encapsulate the complex formulation and 
processing parameters governing UHPC's 
mechanical behavior. The target variable, or 
model output, is the compressive strength a 
paramount engineering property defining 
structural performance and durability(Dong, 
2023). The input feature space is defined by 13 
key mixture components and process variables, 
which collectively determine the 

microstructural and mechanical outcome. 
These predictive features include the primary 
binder materials (cement, slag, silica fume, fly 
ash), fine fillers and powders (nano-silica, 
quartz powder, limestone powder), the 
aggregate phase, water content, superplasticizer 
dosage, fibre reinforcement, curing age, and 
curing temperature. This multidimensional 
feature set captures the intricate synergistic 
interactions between constituent materials and 
processing conditions that are hallmark to 
UHPC technology. The substantial size of the 
dataset (n=810) not only mitigates the risks of 
overfitting in complex machine learning 
paradigms but also enables the model to learn 
the non-linear, high-dimensional relationships 
inherent in UHPC systems. The inclusion of 
advanced materials like nano-silica and varied 
supplementary cementitious materials reflects 
contemporary mixture design trends, ensuring 
the model's relevance to state-of-the-art UHPC 
development. This rich, multi-attribute dataset 
is therefore instrumental in training an 
Artificial Neural Network capable of moving 
beyond empirical correlations to uncover 
underlying patterns for accurate and 
generalizable strength prediction. 
 

 

 
Figure 1 Descriptive statistics (mean, median, and standard deviation) of the dataset features and the 

target compressive strength. 
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Figure 2 Pearson correlation coefficient matrix illustrating linear relationships between all input 

features and compressive strength. 
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Figure 3 Spearman’s rank correlation matrix depicting monotonic relationships between dataset 

variables 
 
Model development 
The predictive model was developed using a 
fully connected, feedforward Artificial Neural 
Network (ANN), as illustrated in the 
architecture diagram (Fig. 4). The network 
comprises an input layer receiving the 13 
normalized mixture proportion and process 
variables, one or more hidden layers for non-
linear transformation, and a single-node 
output layer to predict compressive strength. 
The model was implemented and trained using 
the scikit-learn library in Python. Key 
hyperparameters were carefully selected to 
optimize learning capacity while mitigating 
overfitting. The hidden layer was configured 
with 100 neurons, employing the hyperbolic 
tangent (tanh) activation function to introduce 
non-linearity, which is crucial for capturing the 
complex relationships in UHPC formulation. 
The Stochastic Gradient Descent (SGD) solver 
was utilized for weight optimization due to its 
efficiency with larger datasets. To ensure  

 
model generalizability, an L2 regularization 
term (α=0.0001) was applied, penalizing 
excessively large weights. The training process 
was set for a maximum of 100 
iterations (epochs), with early stopping 
enabled to halt training if validation loss 
ceased to improve. Crucially, a fixed random 
seed was used to ensure completely replicable 
training results across runs. Prior to training, 
the full dataset of 810 samples was partitioned 
into training and testing subsets using 
an 80/20 split. This resulted in 648 samples 
for model training and hyperparameter tuning, 
and a held-out set of 162 samples for final, 
unbiased evaluation of predictive performance. 
The model's ability to learn from the multi-
dimensional input space and produce accurate 
compressive strength predictions was then 
rigorously validated against this independent 
test set. 
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Figure 4 Schematic architecture of the feedforward Artificial Neural Network (ANN) model 

developed for predicting UHPC compressive strength. The network comprises an input layer (n 
features), a single hidden layer with 100 neurons using tanh activation, and an output layer for the 

strength prediction. 
 

Table 1 Neural Network Model Configuration and Data Split 
Aspect Configuration / Detail 

Model Type Fully connected, Feedforward Artificial Neural Network (ANN) 

Implementation Library scikit-learn (Python) 

Input Layer 13 neurons (Cement, Water, Curing Age, Nano-Silica, etc.) 

Hidden Layer(s) 1 Hidden Layer 

Neurons in Hidden Layer 100 

Activation Function Hyperbolic Tangent (tanh) 

Optimization Solver Stochastic Gradient Descent (SGD) 

Regularization L2 (Ridge), α = 0.0001 

Maximum Iterations (Epochs) 100 

Training Reproducibility Fixed random seed enabled 

Total Dataset Size 810 samples 

Data Splitting Ratio 80% Training / 20% Testing 

Training Samples 648 samples 

Testing (Hold-out) Samples 162 samples 
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Output Layer 1 neuron (Compressive Strength) 

 
Model assessment 
The performance of the developed Artificial 
Neural Network (ANN) model was rigorously 
evaluated using a comprehensive suite of 
statistical metrics, each providing distinct 
insight into predictive accuracy and error 
magnitude. The coefficient of determination 
(R²) served as the primary measure of model 
fit, quantifying the proportion of variance in 
the observed compressive strength explained 
by the model. Values closer to 1.0 indicate 
superior explanatory power. To assess the scale 
and distribution of prediction errors, multiple 
error metrics were calculated on the 
independent test set. The Root Mean Square 
Error (RMSE) and Mean Square Error (MSE) 
were employed as fundamental measures of 
average error magnitude; RMSE, expressed in 
the units of the target variable (MPa), is 
particularly interpretable for understanding 
typical prediction deviation, while MSE 
provides a squared  error perspective useful for 
penalizing larger outliers(Chicco, Warrens and 
Jurman, 2021). The Mean Absolute Error 
(MAE) offered a complementary, robust 
measure of average error magnitude without 
squaring, making it less sensitive to extreme 
values. Finally, the Mean Absolute Percentage 
Error (MAPE) was computed to express 
prediction accuracy as a relative percentage, 
providing an intuitive scale-independent gauge 
of model performance, where lower 
percentages signify higher precision. Together, 
this multi-faceted assessment matrix R², 
RMSE, MAE, MAPE, and MSE enabled a 
holistic and robust validation of the ANN 
model's predictive capability, ensuring that 
evaluations of goodness-of-fit, absolute error, 
and relative error were all considered in 
concluding the model's reliability and practical 
utility for forecasting UHPC compressive 
strength(Chicco, Warrens and Jurman, 2021, 
2021; Hodson, 2022). 

 
Results  
ANN analysis  
The developed Artificial Neural Network 
(ANN) model demonstrated exceptional 
predictive capability in forecasting the 
compressive strength of Ultra-High-
Performance Concrete, as evidenced by the 
comprehensive statistical assessment. The 
model achieved a coefficient of determination 
(R²) of 0.922, indicating that it explains 
approximately 92.2% of the total variance in 
the compressive strength data. This high R² 
value underscores the model’s strong goodness-
of-fit and its ability to accurately capture the 
complex, non-linear relationships between the 
mixture design variables and the target 
mechanical property. In terms of error metrics, 
the Root Mean Square Error (RMSE) was 
11.267 MPa, which represents the standard 
deviation of the prediction residuals and 
provides a measurable scale of the average 
error magnitude in the units of the target 
variable. The corresponding Mean Square 
Error (MSE) of 126.936 MPa² further 
quantifies the average squared deviation, 
emphasizing the model’s robustness against 
outlier predictions. The Mean Absolute Error 
(MAE) of 8.512 MPa offers a more 
interpretable and resistant measure of average 
prediction error, devoid of squaring effects, 
suggesting that, on average, the model’s 
predictions deviate from actual values by less 
than 8.5 MPa. Most notably, the Mean 
Absolute Percentage Error (MAPE) was 
8.305%, signifying that the ANN model’s 
predictions are, on average, 
within approximately 8.3% of the actual 
compressive strength values. This low MAPE 
highlights the model’s high practical accuracy 
and reliability for real-world engineering 
applications, confirming its effectiveness as a 
powerful, data-driven tool for optimizing 
UHPC mixture designs with a high degree of 
confidence. 
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Figure 5 Predicted vs. observed compressive strength of Ultra-High-Performance Concrete from the 
ANN model on the test set. The solid line represents the line of perfect agreement (y = x), while the 

dashed line indicates the linear regression fit to the predictions. 
 
Statistical significance analysis 
A comprehensive feature importance analysis 
was conducted to quantify the relative 
influence of each input variable on the 
compressive strength prediction of Ultra-High-
Performance Concrete. Two distinct ranking 
methodologies—Univariate Regression 
(UR) and the RRelieff algorithm were 
employed to provide robust, multi-perspective 
insights. Univariate Regression evaluates each 
feature's individual predictive power in 
isolation, while RRelieff is a more 
sophisticated, filter-based method that assesses 
feature relevance by considering feature 
interactions and their ability to distinguish 
between instances with different target values. 
The results, presented in the accompanying 
ranking table, reveal a consistent hierarchy of 
influential factors across both methods. Silica 
Fume (N_SF), Fiber content (N_Fi), 
and Curing Age (N_Age) emerged as the top 
three most critical features, demonstrating the  
 

 
 
highest scores in both UR and RRelieff. This 
underscores the dominant role of pozzolanic 
reactivity (silica fume), fiber reinforcement, 
and maturity (curing age) in determining the 
final compressive strength of UHPC. Notably, 
features such as Cement 
(N_C), Superplasticizer (N_SP), 
and Aggregate (N_A) also ranked highly, 
reflecting their fundamental contributions to 
paste rheology, workability, and granular 
skeleton formation. In contrast, parameters 
like Fly Ash (N_FA) and Slag (N_S) exhibited 
substantially lower importance scores, 
suggesting their secondary or complementary 
role within the specific mixture design space 
examined. The strong agreement between the 
univariate and multivariate ranking methods 
enhances the credibility of these findings, 
providing clear, actionable guidance for 
mixture optimization by highlighting the 
variables that most significantly govern 
mechanical performance. 
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Figure 6 Feature importance rankings for predicting UHPC compressive strength, as determined by 
Univariate Regression (UR) and the RRelieff algorithm. Higher scores indicate greater influence on 

the target variable. 
k-fold analysis 
The robustness and generalization capability of 
the Artificial Neural Network model were 
rigorously assessed through 20-fold cross-
validation, with performance metrics recorded 
for each fold as presented in the accompanying 
table. The results demonstrate a consistently 
high predictive performance across the 
majority of folds, indicating a stable and 
reliable model. The coefficient of 
determination (R²) varied from a minimum 
of 0.8418 (Fold 12) to a maximum of 0.9631 
(Fold 5), with a median R² of 
approximately 0.925. This range confirms that 
the model explains between 84% and 96% of 
the variance in compressive strength across 
different data subsets, reflecting strong overall 
explanatory power. Correspondingly, error 
metrics remained within acceptable bounds for 
most folds: RMSE ranged from 7.71 MPa  

 
(Fold 15) to 17.28 MPa (Fold 11), MAE 
from 6.24 MPa (Fold 15) to 10.67 MPa (Fold 
12), and MAPE from 5.26% (Fold 
3) to 14.10% (Fold 19). Notably, Folds 11, 12, 
and 19 exhibited the highest errors and lowest 
R² values, suggesting that these data subsets 
may contain unique mixture designs or outlier 
behaviors not fully captured during training. 
Despite these occasional deviations, 
the Coefficient of Variation of RMSE 
(CVRMSE)—a normalized measure of error 
variability remained below 16% for all folds, 
with most under 10%, underscoring the 
model’s consistency. The cross-validation 
process thus affirms the ANN’s ability to 
generalize across varied UHPC formulations 
while also highlighting specific folds where 
predictive accuracy diminishes, potentially 
pointing to regions in the mixture design space 
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where additional data or feature refinement could further enhance model robustness. 
 

 
Figure 7 Performance metrics across 20-fold cross-validation for the ANN model, including Mean 

Squared Error (MSE), Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), Coefficient of 
Variation of RMSE (CVRMSE %), and Mean Absolute Percentage Error (MAPE %). 

 

 
Figure 8 Performance metrics across 20-fold cross-validation for the ANN model, including R-squared 

(R²) 
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Shapely additive analysis  
The SHapley Additive exPlanations (SHAP) 
analysis was employed to interpret the model's 
predictive logic and quantify the contribution 
of each input feature to the compressive 
strength output. The SHAP summary plot and 
global importance ranking reveal a clear 
hierarchy of feature influence, with Curing 
Age (Age), Fiber Content (Fi), and Cement 
Content (C) emerging as the three most 
impactful variables. This ranking, determined 
by the mean absolute SHAP value, indicates 
that these features collectively drive the 
majority of the model's predictive decisions. 
The summary plot illustrates the directional 
impact of each feature: higher values 
of Age (red points) consistently correspond to 
positive SHAP values, pushing predictions 
toward higher compressive strength, which 
aligns perfectly with the fundamental concrete 
property of strength gain over time. Similarly, 
increased Fiber Content (Fi) shows a strong 
positive association with model output, 
underscoring the critical role of fibre  
 

 
reinforcement in enhancing the tensile and 
post-cracking behavior of UHPC, which 
subsequently influences compressive 
performance. Cement Content (C) also 
demonstrates a substantial positive effect, 
though with slightly more variance in its SHAP 
values, reflecting its primary but complex role 
as the central binder governing hydration and 
early strength development. The dominance of 
these three features over others like silica fume 
or superplasticizer which ranked highly in 
prior filter methods suggests that the ANN 
model prioritizes maturity (Age) and structural 
composition (Cement and Fibers) as the most 
direct and powerful determinants of ultimate 
compressive strength within the learned non-
linear relationships. This provides critical, 
model-aware insight for mixture optimization, 
emphasizing that controlling curing duration 
and the proportions of cement and Fibers is 
paramount for achieving target strength 
outcomes. 
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Figure 9 SHAP summary plot illustrating feature impacts on compressive strength predictions. Each 

point represents an individual sample, colored by feature value (low=blue, high=red). Features are 
ordered by global importance, identifying Curing Age, Fiber Content, and Cement as the most 

influential variables. 

 
Figure 10 Global feature importance based on mean absolute SHAP values. The chart quantitatively 

confirms Curing Age (Age), Fiber (Fi), and Cement (C) as the dominant predictors in the ANN 
model. 
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Discussion  
Artificial Neural Networks (ANNs) have 
become a dominant tool for predicting the 
compressive strength of Ultra-High-
Performance Concrete (UHPC), yet their 
application is not without significant 
methodological and interpretive challenges. 
While recent studies consistently report high 
predictive accuracy often with R² values 
exceeding 0.90 and low error metrics such as 
RMSE and MAPE these results warrant a more 
critical examination regarding generalizability, 
feature interpretability, and practical 
deployment(Marani, Jamali and Nehdi, 2020; 
Emad et al., 2022; Wani and Suthar, 2024; Xu 
et al., 2025). 
A major strength of ANN models lies in their 
ability to capture complex, nonlinear 
relationships between mixture constituents 
and mechanical properties, outperforming 
traditional regression approaches. However, 
the black-box nature of ANNs raises concerns 
about model transparency and the risk of 
overfitting, especially when datasets are limited 
or not sufficiently divers(Yeh, 1998; Marani, 
Jamali and Nehdi, 2020; Tran, Thai and 
Nguyen, 2020; Emad et al., 2022; Khan et al., 
2023; Zhang et al., 2024; Ahmad et al., 2025; 
G and G, 2025; Zhao et al., 2025a). Although 
feature selection and interpretability tools such 
as SHAP and RRelieff have been employed to 
elucidate variable importance, the consistency 
of these rankings across different studies is 
questionable. For instance, while curing age, 
fibre content, and cement content frequently 
emerge as dominant predictors, the relative 
importance of supplementary cementitious 
materials (e.g., silica fume, slag, fly ash) varies 
considerably depending on dataset 
composition and preprocessing choices. This 
variability suggests that model-derived feature 
importances may be highly context-dependent 
and not universally generalizable(Asteris and 
Mokos, 2019; Alibrahim, Habib and Habib, 
2025; Jamal and Ahmed, 2025). 
Cross-validation and k-fold analyses are 
routinely used to assess model robustness, yet 
the reporting of performance across folds often 

reveals substantial variability, with certain data 
subsets exhibiting markedly lower R² and 
higher error metrics. These inconsistencies are 
frequently attributed to outlier behaviors or 
underrepresented mixture designs, 
highlighting a persistent limitation: ANN 
models are only as robust as the diversity and 
representativeness of their training 
data(Abuodeh, Abdalla and Hawileh, 2020; 
Tabani and Biswas, 2025a; T. Zhang et al., 
2025). The literature repeatedly emphasizes the 
necessity of large, comprehensive datasets to 
ensure model generalization, yet many studies 
still rely on relatively small or narrowly focused 
datasets, undermining claims of broad 
applicability(Chithra, Chinnaraju and 
Ashmita, 2016; Li et al., 2024; Abdellatief, 
Hamla and Hamouda, 2025a). 
Another critical issue is the interpretability of 
ANN predictions for practical engineering use. 
While SHAP and similar methods provide 
some insight into feature contributions, the 
translation of these findings into actionable 
mix design guidance remains limited. For 
example, although higher curing age and fibre 
content are consistently linked to increased 
compressive strength, the optimal inclusion 
levels and their interactions with other 
variables are rarely quantified with sufficient 
precision for direct application. Moreover, the 
influence of less prominent features such as 
aggregate type, water-to-binder ratio, and 
admixture dosage may be underestimated due 
to model or dataset biases, potentially leading 
to suboptimal or non-robust mix designs in 
practice(Tabani and Biswas, 2025b; Zhao et al., 
2025b). 
Comparative studies with alternative machine 
learning models (e.g., XGBoost, random forest, 
support vector regression) reveal that while 
ANNs are competitive, they do not always 
outperform other approaches, particularly in 
terms of interpretability and computational 
efficiency(Dorofki et al., 2012; Alavi et al., 
2013; Das, 2013; Kourgialas, Dokou and 
Karatzas, 2015; Mazari and Rodriguez, 2016; 
Mahdinia, Eskandari-Naddaf and Shadnia, 
2019; Fabani et al., 2021; Sada and Ikpeseni, 
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2021). In some cases, ensemble methods or 
Gaussian process regression have 
demonstrated superior predictive accuracy and 
stability, especially for early-age strength 
prediction or when dealing with highly 
heterogeneous datasets. This calls into 
question the default reliance on ANNs and 
underscores the need for rigorous 
benchmarking against a broader suite of 
models(Gali et al., 2023; Mujtaba et al., 2023; 
Shah et al., 2023; Khan et al., 2025; Nawaz et 
al., 2025). 
Finally, the practical deployment of ANN-
based tools in real-world engineering contexts 
remains limited. Most studies stop at model 
development and validation, with few 
progressing to user-friendly interfaces or 
integration into design workflows. The lack of 
standardized protocols for data collection, 
preprocessing, and model evaluation further 
hampers reproducibility and cross-study 
comparability, impeding the translation of 
research advances into industry 
practice(Farooq et al., 2020, 2021; Feng et al., 
2020; A. Ahmad et al., 2021; M. Ahmad et al., 
2021; Nguyen et al., 2021; Amin et al., 2022; 
Barkhordari et al., 2022; Salami et al., 2022; 
Akbarzadeh et al., 2023; Alyami et al., 2023; 
Ghanizadeh, Amlashi and Dessouky, 2023; 
Elshaarawy, Alsaadawi and Hamed, 2024; Li, 
Zhang and Gu, 2024; Reddy et al., 2024; 
Abdellatief, Hamla and Hamouda, 2025b; K. 
Zhang et al., 2025; Tak, Feng and Mahgoub, 
2025; Zhao et al., 2025c; Ziółkowski, 2025). 
While ANN models offer powerful capabilities 
for UHPC compressive strength prediction, 
their effectiveness is constrained by data 
limitations, interpretability challenges, and 
inconsistent benchmarking. Future research 
should prioritize the development of larger, 
more diverse datasets, the adoption of 
transparent and reproducible modeling 
protocols, and the integration of 
interpretability tools that yield actionable 
design insights. Only through such critical and 
systematic efforts can the full potential of 
ANN-based prediction in UHPC be realized. 

Conclusion and recommendation  
This study successfully developed and validated 
an Artificial Neural Network (ANN) model for 
predicting the compressive strength of Ultra-
High-Performance Concrete (UHPC). 
Utilizing a robust dataset of 810 mixture 
designs characterized by 13 influential input 
features, the model demonstrated high 
predictive accuracy, achieving an R² of 0.922, 
an RMSE of 11.267 MPa, and a MAPE of 
8.305% on an independent test set. The 
model's architecture, featuring a single hidden 
layer with 100 neurons and tanh activation, 
effectively captured the complex, non-linear 
relationships governing UHPC's mechanical 
behavior. Robustness was confirmed through 
20-fold cross-validation, which showed 
consistent high performance across most data 
subsets, though it also identified specific folds 
with elevated error, highlighting areas in the 
mixture design space requiring further data 
representation. Interpretability analyses, 
including Univariate Regression, RRelieff, and 
SHAP, provided critical insights into feature 
importance, consistently identifying curing age, 
fiber content, and cement content as the most 
dominant predictors. This aligns the model's 
decision-making with established materials 
science principles, thereby enhancing its 
credibility and practical relevance for mixture 
optimization. 
Based on the findings and identified 
limitations, several key recommendations are 
proposed for future research and practical 
application. First, there is a pressing need to 
expand and diversify UHPC datasets to 
include a wider range of mixture proportions, 
advanced admixtures, and curing conditions, 
particularly targeting the underrepresented 
design regions identified in the k-fold analysis. 
This will improve model generalizability and 
robustness. Second, while this study employed 
SHAP for post-hoc interpretation, future work 
should integrate interpretability directly into 
the model development cycle, perhaps using 
inherently interpretable architectures or by 
developing simplified, physics-informed 
surrogate models from the ANN's learned 
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relationships. Third, the field must move 
beyond single-model demonstrations toward 
rigorous, standardized benchmarking against a 
suite of alternative algorithms (e.g., gradient 
boosting, ensemble methods) using common 
datasets and evaluation protocols to identify 
the optimal modeling approach for specific 
prediction tasks. Finally, to bridge the gap 
between research and practice, future efforts 
should prioritize the development of user-
friendly software tools or plugins that integrate 
validated predictive models into computer-
aided design workflows, providing engineers 
with direct, actionable guidance for 
proportioning UHPC mixtures. By addressing 
these challenges—data scarcity, model 
transparency, rigorous benchmarking, and 
practical deployment—the potential of machine 
learning, and ANNs in particular, can be fully 
realized as a transformative tool for the 
efficient and innovative design of next-
generation UHPC. 
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