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Abstract— Ultra‑High‑Performance Concrete (UHPC) is a considerably advanced cementitious concrete with great characteristics of strength
and durability, but the compressive strength is highly dependent on the multi‑faceted interplay between mixture proportions and curing con‑
ditions. These interactions are nonlinear and multivariate, making it difϐicult to accurately estimate the UHPC compressive strength using the
previous experimental and empirical methods. In the paper, a Random Forest (RF) regression model has been constructed to estimate UHPC
compressive strength based on a large‑scale dataset of 810 samples and 13 predictors (material composition and curing parameters). Multiple
statistical measures were strictly used to evaluate the performance of the model, such as R2, RMSE, MAE, MAPE, and CVRMSE, as well as 10‑fold
cross‑validation to evaluate stability and ability to generalize. The optimized RFmodel had a high predictive accuracywith a value of 0.96 on the
testing set and small values of errors, which showed high robustness and consistency in diverse segmentations of data. Hyperparameter tuning
also improved themodel performanceby ϐinding abalancebetweenmodel complexity andgeneralization. SHAP (ShapleyAdditiveExplanations)
analysis was used to enhance the transparency and interpretability of the models, to measure the contribution of the individual input feature
to the compressive strength predictions. The ϐindings demonstrated that curing age, ϐibre, silica fume, and dosage of superplasticizer were the
most signiϐicant parameters that controlled the strength development of UHPC. The suggested modeling framework reveals the efϐiciency of
bringing ensemble machine learning along with explainable artiϐicial intelligence methods to provide accurate, reliable, and interpretable pre‑
dictions of UHPC compressive strength,which creates a useful instrument in theprocess ofmix design optimization andperformance evaluation.

Index Terms— Ultra‑High‑performance concrete, Random forest, Compressive strength, Machine learning, SHAP analysis, Hyperparameter tun‑
ing, Model interpretability
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I. INTRODUCTION

Ultra‑High‑Performance Concrete (UHPC) has become a superior cementi‑
tious material of the next generation as it is characterized by exceptional
mechanical performance, high durability, and increased microstructural
properties in comparisonwith standard concrete. Usually, UHPChas a very
high compressive strength, low permeability, and high resistance to envi‑
ronmental degradation, which is why it is used in the structural ϐield that
is highly demanding, with high‑span bridges, high‑rise buildings, precasts,
and protective structures [1, 2, 3]. These enhanced characteristics are at‑
tained by optimum packing of the particles, minimized water‑to‑binder ra‑
tios, addition of supplementary cementitious materials, high‑range water
reducer, and ϐibre reinforcement. Nevertheless, design and performance
prediction of UHPC is much more difϐicult than conventional concrete due
to its complex structure and a combination of various constituents [4].

One of the most important performance indicators of UHPC is com‑

pressive strength, and it has a direct effect on structural capacity, safety,
and serviceability. Compressive strength of UHPC depends on a great num‑
ber of different factors, which are interrelated, and they include cement
content, silica fume, slag, ϐly ash, quartz powder, limestone powder, nano‑
silica, aggregate grading, water content, ϐibre dosage, superplasticizer con‑
tent, curing temperature, and curing age. Changes in either of these pa‑
rameters may result in signiϐicant alterations in the strength development
[5, 6]. Conventional experimental methods of establishing compressive
strength are lengthy, resource‑demanding, and, in many cases, impracti‑
cal in the event of investigating a large design space ofmixture proportions
and curing conditions. Consequently, there has been an increasing demand
for predictive models, which are reliable and can predict UHPC compres‑
sive strength with a minimum amount of experimentation and cost [6, 7].

Over the last few years, data‑based and machine learning methods
have received more interest in the ϐield of concrete materials due to the
possibility of modeling complex nonlinear relationships without making
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explicit assumptions about the underlying physical processes [8, 9, 10, 11,
12]. Ensemble‑based approaches are also promising in predicting con‑
crete properties among other machine learningmethods. Such techniques
group together several weak learners and enhance prediction accuracy,
strength, and ability to generalise. The Random Forest algorithm, espe‑
cially, has been well acknowledged to perform well on regression tasks
with high‑dimensional and nonlinear data sets. It is particularly appropri‑
ate because it can be used tomodel UHPC, whose effects of individual com‑
ponents are not independent but rather interdependent [7, 13].

Although the use of machine learning is increasingly being applied in
actual studies, there are several challenges. Among these is the possibility
of overϐitting, particularly when models are trained with a small or highly
varying set of data. The other critical problem is that many machine learn‑
ing models cannot be interpreted, and this fact can reduce their applicabil‑
ity in engineering practice. Engineers and researchers need to have accu‑
rate predictions but understand the effect input variables have on the out‑
put. With no interpretability, it is hard to justify that themodel projections
have physicalmeaning, and to exploit themodel to optimize themix design.
As such, explainable artiϐicial intelligencemethods should be incorporated
into predictivemodeling systems to promote the feasibility of the practical
implementation of machine learning in UHPC studies [14, 15, 16, 17, 18].

Moreover,model testing and veriϐication are important in determining
the predictive tool’s reliability. Using one performance measure or a sin‑
gle division of the data may give false results regarding the performance
of the model. The overall evaluation of several statistical measures, includ‑
ing the coefϐicient of determination, root mean square error, mean abso‑
lute error, and percentage‑based error measures, provides a more holistic
view of its predictive power and strength. In addition, methods like K‑fold
cross‑validation enable the stability and generalizability of models to be
evaluatedwith varying data divisions andminimize the effect of chance on
training and testing divisions [19, 20, 21].

Another important parameter of machine learning model develop‑
ment that will have a direct impact on predictive performance is hyper‑
parameter tuning. Random Forest models’ parameters, like the number
of trees, feature sampling strategy, and tree depth, control the balance be‑
tween the complexity and generalization of the model. These parameters
can be productively tuned to generate substantial improvement in predic‑
tion accuracy and error reduction, even starting at a high baseline model
performance. The learning of the impact of hyperparameters also gives an
idea of how the algorithm behaves and will be able to guarantee that the
chosen model setup is efϐicient and robust [22, 23, 24].

In addition to the accuracy of prediction, the interpretability of model
results has also gained real signiϐicance in applications in materials engi‑
neering. SHAP (Shapley Additive Explanations) and analogous approaches
(techniques based on Shapley values) provide a highly effective framework
to quantify the contribution in model predictions of each input variable
[25, 26, 27, 28, 29, 30, 31, 32]. SHAP analysis allows global interpretation,
ranking features by their global signiϐicance, and local interpretation, ex‑
plaining predictive individual features. Such techniques are not only useful
in improving transparency but also in revealing the most signiϐicant mix‑
ture parameters, which are useful in material optimization and sample de‑
sign [2, 33, 34, 35, 36, 37, 38, 39].

In this context, the current paper aims at the prediction of the com‑
pressive strength of UHPC based on a strong, consistent, and interpretable
model implemented in a random forest with an encompassing set of mix
ratios and the curing conditions. Using a big dataset of 810 data points
and 13 input features, the research will be able to capture the underlying
variability and complexity of UHPC behavior. The modeling paradigm fo‑

cuses on strict performance analysis with several error measures, infer‑
ence of hyperparameters with systematic search, stability analysis with K‑
fold cross‑validation, and interpretation analysis with SHAP. In this com‑
binedmethod, the paper aims at showing the promise of machine learning
as not only a predictive agent but also as a knowledge‑discovery process
that will further improve the insight into the UHPC strength development
and will help create a more effective and informed mix design strategy.

II. METHODOLOGY

A. Data characteristics

The dataset of Ultra‑High‑Performance Concrete (UHPC) employed in the
current research consists of 810 data points of various designs of concrete
mix and curing conditions. There are 14 numerical variables in the dataset,
with Compressive Strength (CS) being the target, and the rest of the vari‑
ables in the dataset are input features. These input variables are the mate‑
rial composition and the curing environment such as Cement Content (C),
Slag (S), Silica Fume (SF), Limestone Powder (LP), Quartz Powder (QP),
Fly Ash (FA), Nano‑Silica (NS), Aggregate Content (A), Water Content (W),
Fiber Content (Fi), Superplasticizer Dosage (SP), Curing Temperature (T),
andCuringAge (Age). These variables can be combined to capture the com‑
plexity of UHPC mix designs and their effect on mechanical performance.

The statistical results of the dataset presented in terms of the mean
and standard deviation give a good idea of the distribution and variance
of each of the features. Cement and aggregate materials are the ones that
have the highest mean value, with a demonstration of their dominance in
UHPC mixtures. Aggregate content exhibits a considerably large standard
deviation, indicating a large variation among variousmix designs. The con‑
tent of water is moderate in variation, which is appropriate to the demand
of strict control in the UHPC production. Substitutive cementitious ma‑
terials, including silica fume, slag, ϐly ash, quartz powder, and limestone
powder, exhibit relatively small mean values but prominent standard de‑
viations, which indicate that people used varied optimization strategies in
thedataset. Nano‑silica has a very lowmeanand standarddeviation,which
implies that this compound is used in small and controlled amounts. The
process of age curing has a great diversity and a large variance, which em‑
phasizes its acuity in strength formation. The values of the compressive
strength have a relatively high mean with a moderate variability, which
proves the high‑performance type of UHPC and the effect of mix propor‑
tions and curing conditions.

Fig. 1. Mean and standard deviation of numerical features in the UHPC dataset, illus‑
trating the central tendency and variability of mixture proportions, curing pa‑
rameters, and compressive strength
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Fig. 2. Frequency distribution diagrams of individual UHPC features, illustrating distribution patterns, variability, and skewness of mixture components and curing parameters
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Fig. 3. Correlation heatmap of UHPC dataset features, showing the strength and direction of relationships between input variables and compressive strength

B. Model development

The Random Forest (RF) model was created to estimate the compressive
strength of Ultra‑High‑Performance Concrete (UHPC) when 13 input vari‑
ables (comprising the mixture composition and curing conditions) are
used as the input variables. Before model training, the dataset with 810
samples was reviewed to be consistent and complete, and all variables
were maintained in their numeric form. The compressive strength had
been chosen as the output variable with the cement, slag, silica fume, lime‑
stone powder, quartz powder, ϐly ash, nano‑silica, aggregate, water con‑
tent, ϐibre dosage, superplasticizer content, curing temperature, and cur‑
ing age as the predictive features. The dataset was also stratiϐied and split
into training and testing to guarantee an objective model analysis. Ran‑
dom Forest algorithm was chosen because it has a high ability to repre‑
sent nonlinear relationship and interactions among multiple variables of
input that are complex. The model was built as a collection of decision
trees, with each tree being trained on a bootstrap of the training data and
a random sample of features at each split. This method enhances gener‑
alization performance as well as lowers the overϐitting in comparison to
single‑tree models. The number of trees and the tree depth were also key
hyperparameters to be optimized to obtain a compromise between the ac‑
curacy of prediction and computational efϐiciency. Themodel performance
in the testing dataset was assessed based on conventional regression mea‑
sures, which validated the usefulness of the RFmodel in the determination
of the effect of UHPC mix proportions and curing parameters on compres‑
sive strength. The ϐindings reveal that the predictions made by the Ran‑
dom Forest model are reliable and robust, and thus, it is applicable in the
strength estimation and optimization of the mix design of UHPC.

C. Model assessment

To evaluate the effectiveness of the Random Forest model to predict the
compressive strength of Ultra‑High‑Performance Concrete (UHPC), a num‑
ber of statistical measures, including the coefϐicient of determination (R2),
Root Mean Square Error (RMSE), Mean Absolute Error (MAE), mean ab‑
solute percentage error (MAPE), and coefϐicient of variation of root Mean
Square Error (CVRMSE) were examined. There are several measures that
can be applied to ensure the sophisticated testing of model accuracy, relia‑
bility, and robustness. The percentage of variance of compressive strength
explained by the model is determined with the use of the coefϐicient of de‑
termination (R2). The increment in the value of R2 implies that there is
a high degree of consistency between the extent of prediction and the ex‑
periment, and this means that the model can emulate the underlying con‑
nections between the factors of the mix of the UHPC and the development
of strengths. RMSE is a measure of the square root of the mean squared
error between predicted and observed values, with the large errors having
moreweight, and therefore focusingmore onprediction reliability over the
entire range of the data. MAE is used to show the averagemagnitude of pre‑
diction errors regardless of their direction and gives a clearmeasure of the
standard deviation of the compressive strength values that are predicted
and the actual ones. MAPE represents the error of prediction in percentage,
whichmakes themodel performance intuitively represented against the ac‑
tual values of strength. Lastly, CVRMSE normalizes RMSE to the mean of
the observed data, and this allows comparing the performance of a model
without being dependent on the magnitude of the data. Taken together,
these measures make the predictive ability of the Random Forest model
and its applicability to consistent and accurate prediction of UHPC com‑
pressive strengths valid.
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III. RESULTS

A. RF analysis

The RFmodel is shown to have high predictive performance in the training,
validation, and testing datasets as indicated by themeasured performance
indicators. The coefϐicient of determination (R2 = 0.99) of the model on
the training set is very high, which means that the model considers almost
all variability in UHPC compressive strength. The low RMSE (4.36 MPa)
and MAE (2.89 MPa) also conϐirm that the prediction errors on the train‑
ing data are insigniϐicant, with the low MAPE value (2.51%) also demon‑
strating excellent relative accuracy. The CVRMSE of 3.56% indicates that
the errors in prediction are narrowly dispersed as compared to the mean
compressive strength, indicating that the model has been able to acquire
the underlying patterns in the data. In the case of the validation set, the
performance declines, which is anticipatedwhen themodel is tested on un‑
known data. The high level of explanatory power is still evident because
the R2 value is 0.94, which means that the RF model can be generalized to
the training dataset. The growth in RMSE (9.20 MPa) and MAE (6.90 MPa)
represents an increased uncertainty in prediction as opposed to the train‑
ing process, but all these values are acceptable to predict UHPC strength.
The MAPE of 5.67% indicates that, on average, the errors in prediction

are quite small in relation to the real values of compressive strength. The
CVRMSE at 7.20% indicates greater variability in the errors, but still lets
one think of stable predictive behavior. The stability of the RF model is
also conϐirmedby the results of the testing set. TheR2 is 0.96, whichmeans
that the model has a solid capacity to explain the variance of compressive
strength of entirely unobservable data. RMSE (8.38 MPa) and MAE (5.99
MPa) are somewhat smaller than those of the validation set, implying the
predictive consistency andminimumoverϐitting. TheMAPEvalue of 5.37%
supports the model’s reliability regarding the relative error, as it shows
that the deviations in predictions are negligible compared to the real val‑
ues of the strengths. The CVRMSE of 6.89% justiϐies that the values of pre‑
diction errors are quite modest, being divided by the mean compressive
strength. The comparison between the datasets shows that the RF model
is well balanced, with the differences between training and testing perfor‑
mance being minimal. The small change in error measures between the
training, validation, and testing implies that the ensemblemethod of learn‑
ing in the case of a random forest would be an efϐicient way to reduce over‑
ϐitting, alongwithmaintaining the excellent predictive ability. All in all, the
consistency of R2, RMSE, MAE, MAPE, and CVRMSE across all data sets is
indicative of the good generalization capability of the model and its appli‑
cability in modelling the complex and nonlinear relationship information
of UHPC compressive strength.

Fig. 4. Scatter plots comparing experimental and predicted compressive strength values for the training, validation, and testing datasets using the Random Forest model

B. Hyperparameter analysis

The hyperparameter optimization of the Random Forest (RF) regressor is
an excellent demonstration of the boosting performance and better model
stability of the Compressive Strength (CS) of the Ultra‑High‑Performance
Concrete predictor. Systematic tuning was used to determine the optimal
combination of hyperparameters, with 400 estimators, amaximum feature
ratio of 0.8, and amaximum tree depth of 20. This model gave a high cross‑
validationR2of 0.9506,which is goodevidence that thismodel successfully
explains the nonlinear correlation between UHPC mixture constituents,
curing parameters, and compressive strength. The tuned RF model was
found to predict excellently when tested on the hidden test set with a value
of R2 of 0.96. The error measures, namely, RMSE= 7.96 MPa, MAE= 5.72
MPa,MAPE=5.06%, andCVRMSE=6.54%, support the reliability andpreci‑
sion of themodel evenmore. The values show that there are quite small dif‑
ferences in the expected and experimental values of compressive strength,
both in the absolute and relative senses. As the cross‑validation and test
results are consistent, the tuned model has a high generalization ability.
On comparison with the untuned Random Forest model, there are slight
but steady increases in all the evaluationmeasures. Although therewas no

change in the high value of the R2, the decreases in the RMSE, MAE, MAPE,
and CVRMSE show that the model provides a greater degree of predictive
accuracy and less variability in errors. This, alongsideother improvements,
shows that hyperparameter optimization, when viewed as aminor change
in terms of its numerical effects, does add value to the process of hyperpa‑
rameter optimization in the sense ofmaking themodel performance better
andmore stable on a variety of data splits. The hyperparameter effect anal‑
ysis provides a good understanding of the behaviour of the RF model. The
use ofmore estimators tended to increase theR2 score, but the gains in per‑
formance began to ϐlatten after around 300 trees. This tendency explains
why a 400 estimator was chosen as a compromise between prediction per‑
formance and computing time. The evaluation of themax‑features parame‑
ter indicates that employing a subset of features at each split, especially 0.8
or square‑root choice, helps to improve themodel performance by decreas‑
ing correlation between trees and increasing the diversity of the ensemble.
According to the max depth analysis, there is a moderate optimum depth
of trees, which results in the best predictive power as it captures complex
relations, and excessively deep trees lead to diminishing marginal returns
and overϐitting. It was also discovered that a depth of 20 was a good bal‑
ance between model complexity and generalization.
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Fig. 5. Inϐluence of Random Forest hyperparameters (n_estimators, max_features, and max_depth) on cross‑validated R‑squared values for compressive strength prediction

C. Residual assessment

The residual analysis gives valuable information about predictive behav‑
ior and the reliability of the Random Forest model on the training, valida‑
tion, and testing sets. The plot of the difference between actual and pre‑
dicted compressive strength values, known as the residuals, is then plotted
against the predicted compressive strength to assess the bias of the model,
distribution of error, and consistency. In the case of the training set, the
residual values are concentrated around the zero line, which means that
themodel estimates are near the observed values. The fact that the spread
of the residues is relatively small throughout the whole range of predicted
compressive strength implies that the model has been able to learn the un‑
derlying relations without any systematic bias. Despite some larger resid‑
uals observed at higher levels of strength, they are few and do not have a
massive impact on the overall performance of the model. The distribution
of the residuals in the validation set is also symmetrically balanced about
the mean of the data, which proves the model to be bias‑free in its predic‑
tions on unknown data used in tuning. The dispersion of the residuals is
slightly higher than in the training set, as would be anticipated by the fact

that these samples were not directly learned. Nevertheless, the patterns
and trends are not seen clearly, which implies that there is no systematic
error in prediction but a random one. Lack of funnel‑shaped patterns is an
indication that there is homoscedastic behavior, and prediction errors are
constant throughout the compressive strength range. The residuals of the
test set also prove the strength and the ability of the Random Forest model
to generalize. The residuals are distributed around zero efϐiciently with no
visible curve or clustering, which proves that the model does not predict
the compressive strength either under or over. Some isolated outliers do
exist, although their effect is small, especially at extreme predicted values.
The distribution of the residues in general is similar between the testing
set and the validation set, which supports the model performance consis‑
tency in various data partitions. Altogether, the residual plots suggest that
the Random Forest model makes consistent and impartial forecasts with
erratic distribution. The absence of systematic patterns and the equal dis‑
tribution of residuals between all datasets verify the appropriateness of
the model in predicting UHPC compressive strength and demonstrate the
credibility of the measures of reported performances.

Fig. 6. Residuals versus predicted compressive strength for the training, validation, and testing datasets using the Random Forest model

D. K‑fold cross‑validation

K‑fold cross‑validation analysis gives an in‑depth analysis of the cross‑
validation and stability of the Random Forest Regressor model applied in
the prediction of the compressive strength of Ultra‑High‑Performance Con‑
crete. A 10‑fold cross‑validation plan was used, where each group of the
data was utilized as a validation set on a single occasion, with the rest as
trainers. This reduces the effects of bias in data partitioning and provides
a credible estimate of model performance on alternative data partitions.
The ϐindings show that there is a high predictive accuracy in all folds. The
R2 values are between about 0.94 and 0.98, which proves that themodel al‑
ways explains such a large percentage of variance in compressive strength

despite the partitioning of the data. The high level of stability of the model
is reϐlected in the value of mean R2 equal to 0.96 with a small standard de‑
viation of 0.01. The fact that R2 differs by such a small margin between the
folds implies that the Random Forest model is not sensitive to speciϐic sets
of data and its predictive qualities are robust. In the same way, the values
of the RMSE within the folds are rather low and equal (between 6.41 MPa
and 8.34 MPa). The standard deviation of 0.60 MPa and a mean RMSE of
7.59 MPa suggest that the error in prediction is low, and it is consistent
across various validation conditions. The values of RMSE were lower in
some folds, and this indicates that the model works well, especially with
certain data distributions, and slightly higher values in other folds are still
in an acceptable range in the prediction of UHPC compressive strength.
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Fig. 7. K‑fold cross‑validation results showing R² and RMSE scores across 10 folds for the Random Forest model

E. Shapely additive analysis

The SHAP (Shapley Additive Explanations) analysis provides an inter‑
pretable and transparent understanding of how individual input features
inϐluence the Random Forest model’s predictions of UHPC Compressive
Strength (CS). By quantifying both the magnitude and direction of feature
contributions, SHAP helps reveal the relative importance of mixture pro‑
portions and curing parameters and explains how changes in these vari‑
ables affect predicted strength. The importance plot of SHAP,which is used
to demonstrate themean values of the SHAP, shows that the curing age has
the greatest impact on the outcome by far. This shows that the overall in‑
ϐluence of age on compressive strength prediction is the strongest, which
is consistentwith the basic hydration and strength development processes
of UHPC. Fiber content (Fi) is the next feature that becomes themost signif‑
icant and underlines the fundamental necessity to improve the load trans‑
fer, crack bridging, and performance after cracking. Such relevance is also
demonstrated by Silica Fume (SF) and Superplasticizer (SP),which are con‑
sidered to play a role in densifying themicrostructure, increasing thework‑
ability, and strengthening of concrete. Aggregate content (A) and Cement
Content (C) have moderate effects, which prove their structural and bind‑

ing functions in UHPC mixtures. Conversely, the variables, water content
(W), Curing Temperature (T), Limestone Powder (LP), Nano‑Silica (NS),
Quartz Powder (QP), Fly Ash (FA), and Slag (S) possess relatively lower
SHAP values, indicating only slightly limited contribution, nevertheless a
signiϐicant one within the studied range of data. The SHAP summary plot
further depicts the direction of the feature effects as well as the distribu‑
tion. In curing age, the values that are high (represented in red) aremainly
positive SHAP values, which means they have a strong positive contribu‑
tion to compressive strength, whereas the low ages have a negative contri‑
bution to compressive strength. The same positive trend can be notedwith
respect to ϐiber content, silica fume, and superplasticizer, whereby higher
doses tend to raise predicted strength. There is a mixed effect with regard
to aggregate content; both inadequate and excess aggregate proportions
may have an adverse effect on strength. The effect of cement content is
moderate and positive, and the effect of increased water content is slight
and decreases compressive strength, which is in line with the effects of the
water‑to‑binder ratios. Its other auxiliary materials depict that SHAP val‑
ues are concentrated around zero, which portrays the minimal effect in di‑
rections in the range observed.

Fig. 8. SHAP feature importance plot showing the average absolute impact of each input variable on UHPC compressive strength predictions
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Fig. 9. SHAP summary plot illustrating the magnitude and direction of feature contributions to compressive strength, with color indicating low to high feature values

IV. DISCUSSION

The resulting Random Forest‑based model has a good predictive ability
in determining the compressive strength of Ultra‑High‑Performance Con‑
crete (UHPC), as witnessed by high levels of quantitative performance
through various assessment phases. The model obtained an R2 of 0.99 on
the training set, meaning that it learned almost all the underlying data pat‑
terns, although it still had a higher generalization performance on the val‑
idation set (R2 = 0.94) and testing set (R2 = 0.96). The fact that the differ‑
ence between the training and testing R2 is relatively small indicates that
the overϐitting was indeed kept under control, which is further proved by
the fact that the Random Forest algorithm is an ensemble training method,
and also the results of the K‑fold cross‑validation. The standard deviation
of 0.01 in the average R2 of 0.96 in 10 folds indicates that the model is
stable and not very sensitive to data partitioning [40, 41, 42, 43, 44]. Such
consistency is especially essentialwhendealingwithUHPCdata, which can
have nonlinear correlations and other complicated processes between the
components of amixture. Themodel can also be supported by error‑based
metrics in terms of reliability. The untuned Random Forest model gener‑
ated an RMSE of 8.38 MPa and an MAE of 5.99 MPa on the testing dataset,
and then hyperparameter tuning further decreased the values to 7.96MPa
and 5.72 MPa. In the same way, MAPE dropped to 5.06%, and CVRMSE
went down to 6.54%. Though these are incremental improvements, they
are signiϐicant with respect to UHPC strength prediction, in which even a
modest decrease in error can be converted into more sound mix design
choices andmaterial efϐiciency. The comparatively small values of CVRMSE
of all datasets demonstrate the fact that the errors of predictionare insignif‑
icant in comparison with the average compressive strength and reϐlect the
strength of the suggested modelling strategy [45, 46, 47, 48, 49, 50, 51].
The hyperparameter analysis gives an additional understanding of the
model behaviour of the Random Forest model. As the number of trees in‑
creased (n_estimators), the R2 improved up to an estimated 300‑400 es‑
timators at which point it levelled off. The chosen number of estimators,

400, is a good trade‑off between prediction performance and the cost of
computation. The max features analysis has shown that applying a sub‑
set of features (about 0.8 of all) at each split enhanced the model perfor‑
mance because this probably reduced the correlation between trees and
increased the diversity of the ensemble. The max depth analysis revealed
that shallow trees were not adequate to represent the nonlinear relation‑
ships, which were very complicated in UHPC data, and overly deep trees
had diminished returns and a risk of overϐitting. It was found that the op‑
timal depth was 20 because it allowed the model to learn signiϐicant in‑
teractions without compromising generalization [22, 23, 24]. Further vali‑
dation of the model is presented in the residual analysis among training,
validation, and testing data sets. The residuals were evenly distributed
around the zero with no characteristic trends or systematic bias, and this
implies that the model does not either over‑predict or under‑predict com‑
pressive strength. The lack of funnel‑shaped shapes in the residual plots in‑
dicates a homoscedastic behavior, i.e., the error of prediction is rather sta‑
ble throughout the entire range of the predicted strength values. Although
a small number of outliers were noticed at stronger strength levels, the fre‑
quency and the magnitude of the outliers were low, meaning that they do
not contribute signiϐicantly to the overall model reliability. The behavior
is in line with the reported RMSE and MAE values, and it conϐirms that the
RandomForestmodel has constant predictionswith a large strength range
[52, 53, 54]. The interpretability analysis of SHAP provides a critical view‑
point regarding theway themodel converts the input features to thepredic‑
tions. The most signiϐicant variable was curing age, which, quantitatively,
is measured by the largest mean absolute SHAP value and agrees with the
observed trends of strength development in the data, with compressive
strength slightly growing with greater age (that is, with strengths of over
170 180 MPa at later curing ages). Fiber content was the second most im‑
portant as it showed that it has a great contribution to the enhancement of
the strength and crack‑bridging processes. Subsequently, silica fume and
superplasticizer were mentioned, indicating the joint effect onmicrostruc‑
tural densiϐication and workability regulation that has a direct impact on
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compressive strength. The importance of cement and aggregate contents
was moderate, which means that they are also necessary components, but
their impact is more equal and is dependent on the interaction effects with
additional supplies and the conditions of the curing. On the other hand,
water, temperature, limestone powder, nano‑silica, quartz powder, ϐly ash,
and slag had relatively low SHAP values implying that over the ranges of
study age, ϐiber content are more dominant than they are in relation to
these other variables [32, 20, 55, 56, 57, 58, 59, 60, 61, 62, 63, 64, 65].
Critically speaking, although the model has good predictive power and in‑
terpretability, the ϐindings also suggest that UHPC compressive strength
is under the control of a few very signiϐicant variables, and others are sec‑
ondary or conditional. This poses signiϐicant implications for futuremodel‑
ing projects, includingwhether a reduced‑featuremodel can be as accurate
and less complex, or indeed that the low‑importance interactions among
variables may become more important in out‑of‑sample settings. Further‑
more, even though the Random Forest model is doing remarkably well,
the marginal gains obtained after hyperparameter tuning indicate that the
model is already at the performance level limit of the speciϐied data set.
More advancements might thus need better feature engineering, addition
of microstructural or curing regime indicators, or a combination of hybrid
modeling strategies instead of algorithmic optimization.

V. CONCLUSION AND RECOMMENDATION

The ϐindings of this work prove that the modeling framework based on
the method of the Random Forest (RF) is extremely efϐicient in predicting
the compressive strength of the Ultra‑High‑Performance Concrete (UHPC).
The model was also able to perform high predictive accuracy in training,
validation, testing, and cross‑validation processes, with high R2 values as
high as 0.96 on unobserved data, and low error measures. The results sup‑
port the claim that the RFmodel can be used to represent the intricate and
nonlinear interactions among UHPC proportions, curing parameters, and
compressive strength. The model is also robust in terms of the stable be‑
havior of the residuals and the low variability of the K‑fold cross‑validation
outcomes, meaning that it bears a high‑quality generalization and is not
prone to overϐitting.

Relying on these ϐindings, it is possible to introduce a number of rec‑
ommendations regarding the necessity of future research and application
in practice. First, the created Random Forest model can be successfully ap‑
plied as a decision‑support tool to optimize the UHPC mix design to allow
practitioners to predict the compressive strength with sufϐicient precision
and saveon the experimental effort, time, and cost. Second, future research
can be aimed at the further expansion of the dataset to include more cur‑
ing regimes, sources of materials, and environmental conditions to make
the models more applicable. Third, it might consider employing feature
engineering approaches and hybrid modeling methods that involve the in‑
tegration of machine learning with physical or microstructural variables
to enhance the accuracy of prediction compared to the existing level. Also,
comparative research on the advanced ensemble or deep learning models
can provide more insights into the model efϐiciency and scalability. Last
but not least, there should be a promotion of explainable artiϐicial intelli‑
gencemethods like SHAP into future research because thiswill allow trans‑
parency and conϐidence in UHPC performance predictionmodels based on
data.
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