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Abstract. Based on the experimental data of concrete nonlinear creep under high stress levels (40-
80% of prismatic strength), this study explores the application of machine learning methods for
predicting creep deformation. A recurrent artificial neural network (ANN) and the CatBoost algorithm
were employed to model the time-dependent creep strain, using stress and time as input parameters.
The ANN demonstrated high predictive accuracy, with training achieving a mean square error of
0.000154, and its generated creep curves showed an excellent fit with the experimental data. In
contrast, the CatBoost algorithm, while effectively capturing the physical trend that creep strain
increases nonlinearly with stress and decelerates over time, exhibited lower prediction accuracy than
the ANN. Feature importance analysis within the CatBoost model highlighted the significant influence
of lagged stress parameters and time-squared terms, aligning with the nonlinear physical nature of
concrete creep. The results confirm the strong potential of machine learning, particularly recurrent
neural networks, for modeling complex nonlinear creep in concrete, even with limited datasets. Future
work is suggested to incorporate concrete strength class and loading age as additional parameters to
enhance model generalizability.
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1. INTRODUCTION

The operational reliability of many reinforced concrete structures is often reduced due to increased
cracking and deformations resulting from concrete creep [1]. Since this material property significantly
reduces the rigidity of structures, an accurate assessment of the long-term deformability of elements
directly depends on the accuracy of creep prediction [2].

The diversity of approaches to modeling this process allows us to divide all theories into linear and
nonlinear. The transition to the nonlinear stage of creep is observed when the stress reaches 30-80% of
the concrete's compressive strength [3-5]. The primary cause of nonlinear deformation in this region is
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the generation of microdamage, which necessitates the inclusion of damage parameters in most
modern nonlinear models [6-12].

Modern research trends in the field of concrete creep are associated with the use of a
mesomechanical approach to the analysis of nonlinear creep and damage [13-15], as well as with the
widespread implementation of machine learning methods for constructing predictive creep models
[16-18].

In the work [19], the following ensemble machine learning models are used to predict concrete
creep: RF (random forest); XGBoost (gradient boosting with regularization ); LGBM (improved
gradient boosting ). The authors of paper [20] also use ensemble models in modeling concrete creep,
supplementing them with the AdaBoost and GBDT algorithms.

A comparative analysis of SVM (support vector machine), RF, XGBoost , and the Hybrid Snake
Optimization Algorithm (HSOA) showed that hyperparameter optimization leads to a significant
increase in accuracy. The optimized SVM, RF, and XGBoost models increased the accuracy on the
test set by 9.927%, 9.58% and 14.1%, respectively, with the XGBoost model showing the best results
[21].

A non-parametric approach to long-term creep prediction in concrete using a hybrid architecture
CNN —Transformer (Creepformer ) is proposed in [22].

The article [23] used open databases on the properties of concrete under long-term loads (including
NU Creep Database) , where ensemble and interpretable neural network models are applied. Further
development of this direction is presented in the works [24], where interpretable ML models for
UHPC are constructed, and [25], where key factors influencing the long-term behavior of cement
systems based on SCM are identified.

A comprehensive review of the machine learning methods application in the problems of predicting
concrete long-term properties is given in [26], where a significant improvement in accuracy compared
to classical empirical models is noted.

In the above-mentioned studies, concrete creep prediction using machine learning methods is
performed at relatively low stress levels, when deformation nonlinearity is virtually absent. The goal
of this study is to test machine learning methods for predicting nonlinear creep in concrete at high
stress levels, ranging from 40 to 80% of its prismatic strength.

2. MATERIALS AND METHODS

The results of experiments on determining nonlinear creep of concrete, presented in the work of
A.V. Yashin [27], were used as the initial data for the machine learning models. In this work, concrete
specimens with a prism compressive strength at the design age 1o = 28 days equal to R, = 30 MPa were
tested. The specimens were loaded at the design age to. Creep tests under centric compression were

conducted for five stress levels o/ R, =[0.4 05 0.6 0.7 0.8].

The input parameters of the models were stress o (MPa) and time t (days). The output parameter of
the models was the creep strain &, .
Table 1 shows the analyzed array of experimental data.

Table 1. Analyzed data array.

Experiment 1 Experiment 2 Experiment 3
t, days o, MPa ger-10° t, days 6, MPa | er-10° | t,days | o, MPa | g;-10°

0 12 0 0 15 0 0 18 0

30 12 0.0766 12 15 0.0631 | 29 18 0.293
73 12 0.137 41 15 0.192 | 60 18 0.517
110 12 0.169 90 15 0.344 | 105 18 0.731
164 12 0.198 122 15 0.405 | 156 18 0.865
225 12 0.223 166 15 0.443 | 208 18 0.935
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Continuation of Table 1

293 12 0.237 219 15 0.469 | 270 18 | 0.984

351 12 0.249 271 15 0.485 | 373 18 | 1.049

447 12 0.266 332 15 0.502 | 436 18 | 1.077

514 12 0.274 406 15 0.515 | 495 18 | 1.095

617 12 0.28 491 15 0.532 | 560 18 | 1.118

672 12 0.284 567 15 0.542 | 619 18 | 1.144

727 12 0.295 642 15 0.554 | 708 18 | 1.175
719 15 0.563 | 800 18 | 1.186

Experiment 4 Experiment 5

t, days o, MPa g -108 t, days o, MPa gor-108

0 21 0 0 24 0

17 21 0.249 17 24 0.331

33 21 0.609 33 24 0.587

63 21 0.989 63 24 0.966

98 21 1.292 98 24 1.324

159 21 1.496 159 24 1.644

229 21 1.605 229 24 1.863

327 21 1.662 327 24 2.03

410 21 1.728 410 24 2.098

485 21 1.77 485 24 2.143

562 21 1.807 562 24 2.196

662 21 1.846 662 24 2.266

720 21 1.884 720 24 2.296

Layer recurrent artificial neural network (ANN) and CatBoost algorithm (CatBoostRegressor) were
chosen as machine learning algorithms. The architecture of the artificial neural network (ANN) used is
shown in Fig. 1. The ANN under consideration contains one hidden layer with 16 neurons. The
hyperbolic tangent was chosen as the activation function. The ANN model was implemented in the
MATLAB R2021b environment (Neural network toolbox).

Layer

= Layer
Input(t) \")‘E Output(t)

—

Fig. 1. Architecture of the recurrent neural network.

During ANN training, the sample was randomly divided into three parts: "Train", "Validation", and
"Test" in a ratio of 70%:15%:15%. The mean square error ( MSE ) was used as a metric for training
quality .

When using the CatBoost algorithm to account for time dependence and local fluctuations in the
data, lag features were added for creep stress and strain. Lag variables for stress were o lag 1 (the
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value of the variable at step n which becomes the value at step n — 1); o lag 2 (the value of the
variable at step n which becomes the value at step n — 2); o_roling_mean (moving averages of stress
values with a window of size 3 which helps to smooth the data and account for time dependence). The
following lag variables for creep strain were similarly created: ecr lag I, ecr lag 2;
ecr_rollng mean.

In addition, the supplemental time feature t squared was formed which is the square of time. This
feature made it possible to take into account possible nonlinear effects. The data was divided into
training, validation , and test sets in specific proportions in two stages. During the first stage of
division, the proportions were: "Train" — 80%; "Test" — 20%. During the second stage the division
was: "Train" — 75%; "Validation" — 25%. The final proportions were: "Train" — 60%; "Validation" —
20%; "Test" — 20%.

The following metrics were used for the training quality assesment of the CatBoost algorithm:
mean absolute error (MAE); root mean square error (MSE); coefficient of determination (R2); mean
absolute percentage error (MAPE).

3. RESULTS AND DISCUSSION

Fig. 2 shows the progress of the recurrent ANN training process. The training process took 67
iterations, and the best MSE value of 0.000154 was achieved at 61 iteration. In Fig. 3, the target T
creep strain values are plotted on the abscissa, and the predicted ANN values are plotted on the
ordinate P. All points on the graph lie at a slight distance from the straight line P =T.

Fig. 4 shows a comparison of experimental nonlinear creep curves with curves constructed using
the ANN (experimental points are marked with markers). This graph demonstrates that the curves
constructed using the recurrent ANN provide a nearly perfect match to the experimental data. The
quality of prediction is somewhat higher than that of traditional approaches [27-29].

Best Validation Performance is 0.00015393 at epoch 61
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Fig. 2. The process of training a recurrent neural network.



CrpoutensHble MaTepuaisl u usgeans/Construction Materials and Products. 2026. 9 (1)

- N
- )] N o
T . \
]
. . L

Predicted values of the creep strain (10'3)
o
)]

0 1 1 L 1
0 0.5 1 1.5 2 2.5

Target values of the creep strain (10'3)

Fig. 3. Comparison of target and predicted creep strain values obtained using ANN.
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Fig. 4. Comparison of experimental creep curves with curves constructed using ANN.

CatBoost algorithm, in contrast to recurrent networks, demonstrated worse ability to predict
temporal data (Fig. 5). The training process consisted of 807 iterations.
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Fig. 5. Comparison of experimental creep curves with curves constructed using the CatBoost
algorithm.

A visualization of the actual and predicted creep strain values calculated using the CatBoost
algorithm is shown in Fig. 6. The experimental (target) strain values are on the abscissa, and the
corresponding model predictions are on the ordinate. The dotted line P = T indicates a perfect match
between the predicted and actual data.
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CatBoost: Predicted vs Actual (Test Set)
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Fig. 6. Comparison of target and predicted creep strain values obtained using the CatBoost algorithm.

Most of the points are concentrated in close proximity to the perfect fit line, indicating a fairly high
accuracy of the model. However, individual points deviate significantly from this line, indicating
localized prediction errors that may be caused by the nonlinearity of the creep process or insufficient
data in the relevant value ranges.

The high accuracy metrics (MAE = 0.064; MSE = 0.011: R2 = 0.983) displayed in the graph
confirm that the CatBoost model reproduces the general trend of creep strain variation reasonably
well. Furthermore, the identified deviations demonstrate the potential for further improvement of the
model's accuracy by expanding the sample or refining the feature set.

CatBoost model parameters importance is clearly shown in Fig. 7. The analysis revealed that the
lag stress parameters (o _lag 1, o lag 2, o I) and the rolling average stress (o_rolling _mean) have the
greatest influence on the results. This demonstrates the high sensitivity of creep strain to recent
changes in stress, consistent with the physical nature of the creep process: the material responds not
only to the current but also to previous loading levels. This confirms the importance of considering the
history of strain changes when predicting the future behavior of the material.
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Among the time characteristics, the loading time (t) and its square (t_squared) have a noticeable
influence, which indicates a nonlinear dependence of the creep rate on time.

The smallest average influence is observed for the initial stress value (o, MPa), which is explained
by the fact that the model already takes into account the dynamics of stress through their lags and
moving averages.

olag 1

€103

o_rolling_mean

o_lag_2

t, days

ecr_lag_2

t_squared

gcr_lag_1

gcr_rolling_mean

o, MPa

0.00 0.02 0.04 0.06 0.08 0.10 0.12
mean(|SHAP value|) (average impact on model output magnitude)

Fig. 7. Feature importance score (average absolute influence of features) CatBoost.

An assessment of feature importance based on the direction and distribution of their influence,
performed using the CatBoost algorithm, is presented in Fig. 8. It allows us to analyze how individual
parameters influence the final predicted creep strain. The graph displays not only the integral
significance of features but also the distribution of their local contributions (SHAP values) across the
sample, taking into account the magnitude of the features themselves.
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Fig. 8. Evaluation of the features importance (direction and distribution of contributions to the
influence of features) for CatBoost.
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It was found that the stress level and the quadratic time function have the greatest influence on the
model's output. High values of these parameters bias the prediction toward increased creep strain,
which is consistent with physical-mechanical models of concrete creep, according to which the strain
rate increases with increasing loading and decreases with increasing time under load. The significant
contribution of the quadratic time dependence confirms the pronounced nonlinearity of creep Kinetics.

Parameters o lag_1, o _lag 2, ecr_lag_1, ecr_lag_2 enable the model to account for inertia and
time dependencies in deformation processes, as they reflect the values of the corresponding variables
one and two steps back in time. This allows CatBoost to account for the gradual accumulation of
strains and the dynamics of stress changes. The additional features o rolling_mean and
ecr_roling_mean smooth local fluctuations and highlight trends, which contributes to a more robust
accounting of temporal patterns. Their influence demonstrates that the model is sensitive to both
instantaneous parameter values and averaged characteristics reflecting the overall process.

Thus, the distribution of SHAP values demonstrates that the CatBoost model fairly accurately
identifies the dominant physical factors (stress and time) and effectively utilizes time dependencies
and smoothed parameters to improve the quality of creep deformation prediction.

4. CONCLUSIONS

The study results confirm the effectiveness of machine learning methods for predicting concrete
creep deformation with limited experimental data. The SHAP analysis indicates that time-lag and lag
stress parameters, as well as second-order time dependencies, are the most informative for predicting
creep, reflecting the complex nonlinear nature of the process. The use of a recurrent neural network
enabled very high accuracy in modeling the nonlinear dependencies characteristic of long-term
concrete deformation processes. While the CatBoost algorithm is inferior to recurrent neural networks
in terms of prediction accuracy, it nevertheless accurately reflects the physical nature of the
phenomenon: an increase in stress leads to a nonlinear increase in creep deformation, and the rate of
deformation growth decelerates over time.

In this article, the model was trained using experimental data for concrete of a single compressive
strength class. Future research aims to expand the model's applicability by introducing concrete class
as an additional parameter. It should also be noted that concrete creep significantly depends on the age
at which the load was applied. Therefore, to most accurately describe nonlinear creep, the predictive
model must include the age at which the load was applied, in addition to the concrete class.
Constructing such a model requires a significant amount of experimental data.
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