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Abstract: The creep behavior of Ultra-High-Performance Concrete (UHPC) was investigated by
machine learning (ML) and SHapley Additive exPlanations (SHAP). Important features were selected
by feature importance analysis, including water-to-binder ratio, aggregate-to-cement ratio, compres-
sive strength at loading age, elastic modulus at loading age, loading duration, steel fiber volume
content, and curing temperature. Four typical ML models—Random Forest (RF), Artificial Neural
Network (ANN), Extreme Gradient Boosting Machine (XGBoost), and Light Gradient Boosting Ma-
chine (LGBM)—were studied to predict the creep behavior of UHPC. Via Bayesian optimization and
5-fold cross-validation, the ML models were tuned to achieve high accuracy (R2 = 0.9847, 0.9627,
0.9898, and 0.9933 for RF, ANN, XGBoost, and LGBM, respectively). The contribution of different fea-
tures to the creep behavior was ranked. Additionally, SHAP was utilized to interpret the predictions
by the ML models, and four parameters stood out as the most influential for the creep coefficient:
loading duration, curing temperature, compressive strength at loading age, and water-to-binder ratio.
The SHAP results were consistent with theoretical understanding. Finally, the UHPC creep curves for
three different cases were plotted based on the ML model developed, and the prediction by the ML
model was more accurate than that by fib Model Code 2010.

Keywords: UHPC; creep; machine learning; interpretability; prediction model

1. Introduction

Ultra-High-Performance Concrete (UHPC) is a promising material for its exceptional
mechanical and durability properties [1,2]. Creep is essential for predicting and assessing
the mechanical response of concrete structures over both short and long periods under
sustained loads. In the prolonged mechanical behavior of concrete structures, creep stands
as a primary contributor to significant time-related engineering challenges, including
substantial deflection and loss of prestress in bridges [3]. Some researchers summarized
the effects of various factors on the creep behavior of UHPC and developed the creep
models for UHPC [4–6]. Experimental studies on UHPC have proven to be a viable and
effective approach to study the creep behavior [7–16]. However, these methods suffer
from drawbacks like high cost, being time-consuming, and discrete material properties.
Therefore, alternative methods such as ML have been explored to investigate the creep
behavior of UHPC, which can handle massive amounts of more various types of data than
theoretical models.

Huang et al. summarized and analyzed the effects of different influencing factors
such as fiber type and content, curing conditions, water-to-binder ratio, loading level, and
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loading age on the creep of UHPC. An increase in the water-to-binder ratio, strength, elastic
modulus, or loading duration can result in an increase in creep, while an increase in fiber
and aggregate content or curing temperature can suppress creep development [4,5,17].

Machine learning (ML) algorithms have been used to predict concrete properties
such as compressive strength, shear strength, and fracture toughness [18–22]. Nunez
et al. conducted a comprehensive review of ML algorithms in predicting the mechanical
properties of concrete. Seven ML-related algorithms were discussed: Artificial Neural
Network (ANN), Support Vector Machines (SVMs), Fuzzy Logic, Genetic Algorithms,
Tree-based Ensembles, Hybrid Procedures, and Deep Learning, and these algorithms were
employed to predict the strength of High-Performance Concrete (HPC), Self-Compacting
Concrete (SCC), Recycled Aggregate Concrete (RAC), and other types of concrete [23].

There are also studies that utilize ML models to predict the creep characteristics of
concrete. Current ML applications in predicting concrete creep focused on Back Propagation
(BP) neural networks. Bal et al. established an ANN model based on the NU database to
predict the creep of concrete [24]. Karthikeyan et al. predicted the creep coefficient of HPC
by computing the CEB 90 creep model results and training a neural network model [25].
Hodhod et al. derived an explicit concrete creep formula and used genetic algorithms to
fit the residual between the calculated values from the explicit formula and actual values
to obtain more accurate predictions [26]. Gandomi et al. utilized multi-objective genetic
programming to derive an explicit expression for concrete creep based on the provided
database [27].

Regarding the determination of hyperparameters, Feng et al. employed grid search
and k-fold methods to effectively identify the optimal hyperparameters for models like
XGBoost and Least Squares Support Vector Machine (LS-SVM) when predicting RAC creep.
Particularly, the XGBoost-based prediction model demonstrated accuracy and efficiency
for multi-input predictions [28]. Considering the impact of recycled coarse aggregate
replacement rates on recycled concrete creep, Xiao et al. constructed a neural network
model for predicting the creep of recycled concrete based on the RILEM B3 creep model [29].
Li et al. used a grid search method to adjust existing creep prediction models, and improved
prediction performance. Both the fully connected neural network and support vector
regression models demonstrated high creep prediction capabilities [30].

The ML model has proven to be promising for predicting various behaviors of concrete
materials. However, it remains a black box model. In prior studies, methods such as feature
importance analysis, grey relational analysis, and parameter sensitivity analysis were
used to explain the interpretability of various ML models. However, these analytical
methods only offer importance rankings for individual features and cannot explain the
impact of features on outcomes. Some studies have started using SHAP to overcome
this limitation. SHAP has been applied in various domains such as ordinary concrete,
reinforced concrete structures, infrastructure systems, etc. [31–35]. Wakjira et al. developed
eleven ML models to predict the shear capacity of FRP-RC beams and used SHAP to
interpret the results. They also developed explainable ML models to predict the flexural
capacity of RC beams and the generalization ability between single models and ensemble
models was compared [36,37]. Liang et al. built three Ensemble Machine Learning (EML)
models for the prediction of creep of concrete. SHAP was adopted to interpretate the
predictions of the EML model and validate its reasonability [38]. Feng et al. proposed five
typical EML models to establish the surrogate model for predicting the creep behavior
of RAC. The input variables included environmental conditions, loading conditions, and
concrete mix proportions [39]. This method can sort the contributions of input features
for creep behaviors and interpret the prediction results of the best EML model. Wakjira
et al. proposed an innovative methodology for predicting the strength of UHPC and
optimizing its design and developed ML models for the compressive stress–strain and
seismic design of UHPC bridge columns [40–43]. Katlav and Ergen improved the prediction
of the compressive strength of UHPC with different algorithms [44]. The interpretable
ML model is beneficial for a deeper understanding of UHPC creep behavior. As far as the
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authors’ knowledge goes, there have been no studies on ML methods to predict UHPC
creep behavior up to now.

In this study, a UHPC creep database was established and four UHPC creep prediction
ML models (RF, ANN, XGBoost, and LGBM) were developed. Instead of grid search,
Bayesian optimization was employed to expedite the search for optimal hyperparameters.
The SHAP method was used to elucidate the specific impact of features on the prediction re-
sults. Finally, time-dependent creep curves were drawn based on the developed ML model
and were compared with the experimental results and also the theoretical predictions.

2. Database Establishment and Data Preprocessing
2.1. Database Establishment

The establishment of the database relies on previous experimental studies [45–49],
all of which reported data in graphical form. The figures were imported into Origin and
scaled, and the values were extracted from the graphs. For the database establishment, all
studies with the water-to-binder ratio (w/b, %), aggregate-to-cement ratio (a/c, %), and
ambient conditions recorded were collected. Graphs from the literature were imported
into Origin and scaled, and the values were extracted. The creep data were obtained by
sampling equally from different experiments, ensuring that the number of points taken
from each experiment are the same to avoid the impact of data imbalance. The database
contained 560 UHPC creep data. There were no missing values in the database established
in this study. Thirteen input parameters were considered initially: water-to-binder ratio
(w/b, %), aggregate-to-cement ratio (a/c, %), loading age (t0, days), compressive strength at
loading age (fct0, MPa), elastic modulus at loading age (Et0, MPa), loading duration (t, days),
steel fiber volume content (steel fiber, %), silica fume content (Sf, %), surface-to-volume
ratio (V/S, %), curing temperature (Tcure, ◦C), experimental temperature (T, ◦C), relative
humidity (RH, %), and loading stress intensity ratio (σ/fct0, %). The output parameter was
the creep coefficient.

2.2. Feature Selection

The database may contain unnecessary or redundant features, which could increase
the complexity and reduce the generalization ability of the models. Via feature selection,
the dimension of the feature space could be reduced and the interference from redundant
features could be decreased. This allows the model to focus on key features, and thereby
reduces the computation cost. Furthermore, feature selection helps to reduce the risk of
overfitting. The database was divided into two parts: the training dataset (70% of the
data) and the testing dataset (30% of the data). An ML model based on the XGBoost
algorithm was established, and the thirteen input features were sorted in descending order
of importance through feature importance analysis, as shown in Figure 1. The weight
was used as the indicator, which is the number of times a feature is used to split the data
across all trees. Pearson correlation coefficient (r) between input features were calculated,
as shown in Figure 2. The importance of input parameters to the model and the correlation
between parameters can be characterized. For instance, loading duration (t) was the most
influential feature and there is a strong negative correlation between curing temperature
(Tcure) and loading age (t0).

Based on the analysis of feature importance and Pearson correlation coefficient be-
tween input features, the top seven parameters with significant impact between which the
correlation was not strong were selected as the input features in the formal study: t (days),
fct0 (MPa), w/b (%), Et0 (MPa), a/c (%), Tcure (◦C), and steel fiber (%). The data distribution
of the input features is shown in Figure 3 and summarized in Table 1.
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Table 1. The data distribution of input features.

Input Feature Minimum Maximum Mean Standard Derivation

w/b 0.14 0.22 0.16 0.02
a/c 0.83 2.92 1.84 0.64

steel fiber (%) 0 4 1.4 0.01
fct0 (MPa) 107.1 198.0 144.8 21.89
Et0 (MPa) 36,000 51,000 43,740 4513.22
Tcure (◦C) 20 90 41 26.64
t (days) 0 364 82 77.55

2.3. Data Standardization

In the ML and statistical modeling, many algorithms are extremely sensitive to the
scale of data. Standardization can eliminate the influence of the features’ units, allowing the
meaningful comparison and analysis of data with different magnitudes. Before the model
training, the data were standardized to ensure that the range and variance of different
features (or variables) were similar, avoiding the excessive impact of certain features on
model training, and thereby improving the performance of the models. In this study, the
input data were standardized as per Equation (1).

z =
x − µ

σ
(1)

where z is the new data, x is the original data, µ is the mean of the original data, and σ is
the standard deviation.



Buildings 2024, 14, 2080 6 of 22

3. Methodology

As a single decision tree model was prone to overfitting and possessed high variance
while the ensemble models could reduce the problems [36,37], the single decision tree
model was not built. Four commonly used algorithms, (a) RF, (b) ANN, (c) XGBoost, and
(d) LGBM, were used to establish the ML models, and the impact of different features
was explained.

3.1. Machine Learning Models
3.1.1. Random Forest

RF is a powerful ML algorithm built on the idea of ensemble learning. It is an inte-
grated model composed of multiple decision trees, and the final prediction or classification
can be made by integrating the prediction results of each decision tree [50,51]. By using
Bootstrap technology for random sampling with dropout and the random selection of
features during the training process of each decision tree, each tree has a certain degree of
difference and diversity.

The RF algorithm was employed to establish a prediction model for the creep behavior
of UHPC. In order to optimize the performance of the model, hyperparameters such as
the number of decision trees (n-estimators), the maximum depth of each decision tree
(max_depth), the maximum size of each random feature subset (max_features), and the
minimum number of samples to split internal nodes (min_samples_split) were selected for
optimization. Mean square error was used as the loss function and applies to other models
introduced below, as per Equation (2).

L =
n

∑
i=1

(yi − ŷi)
2 (2)

where n is the number of the training data, yi is the creep coefficient of i-th sample point,
and ŷi is the prediction value.

3.1.2. Artificial Neural Network

An ANN is a biomimetic mathematical model that solves practical problems by
imitating the transmission, storage, and processing of brain signals [52,53]. Similar to
biological neural networks, the building blocks of an ANN are simple computing devices,
but their interconnections are not as complex as biological neurons. In addition, an ANN
has the ability to handle nonlinear relationships between variables and can learn adaptively
and autonomously.

A BP algorithm was employed to train the feedforward neural network model. A BP
algorithm is an optimization algorithm based on gradient descent and is used to adjust
the connection weights in neural networks to minimize the error between predicted and
actual values. The network topological structure is shown in Figure 4, which generally
includes an input layer, hidden layer(s), and an output layer. The hidden layer size
(hidden layer sizes), learning rate (learning_rate_init), and regularization penalty parameter
(alpha) were chosen as the hyperparameters for optimization. To prevent overfitting,
a regularization penalty parameter was added into the loss function. And the ReLU
function was used as the activation function to reduce the potential for overfitting, as per
Equation (3) [54].

f (x) = max (0, x) (3)
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3.1.3. Extreme Gradient Boosting Machine

XGBoost is an ML algorithm based on Gradient Boosting Decision Trees [56]. It adopts
the technique of Gradient Boosting, which trains a new model each time to correct the pre-
diction errors of previous models and thereby continuously optimizes the prediction results.

The number of decision trees (n-estimators), the maximum depth of each decision tree
(max_depth), the minimum loss reduction (gamma), and learning rate (learning_rate) were
selected as the hyperparameters for optimization.

3.1.4. Light Gradient Boosting Machine

LGBM is a gradient boosting framework that focuses on processing large-scale datasets
and efficient training. It is a decision tree-based ensemble learning algorithm that achieves
fast training speed and efficient performance by using histogram-based algorithms to
accelerate training and reduce memory usage [57].

The number of decision trees (n-estimators), the maximum depth of each decision tree
(max_depth), the minimum number of samples for the downward splitting of leaf nodes
(mediation-leaf), and learning rate (learning_rate) were selected as the hyperparameters
for optimization.

3.2. Bayesian Optimization

The performance of a model often depends largely on the setting of hyperparameters,
and traditional hyperparameter tuning methods typically use grid search and random
search. These methods may require traversing a large number of parameter combinations,
which can be time-consuming and inefficient in practice [58–61]. Bayesian optimization is
an iterative optimization method used for global optimization, typically used to find the
optimal solution for complex black box functions [62]. It is based on Bayesian inference and
infers the potential shape of the objective function. In each iteration, it adaptively adjusts
its exploration of the parameter space based on the previous evaluation results, making
it more likely to find the global optimal solution. Compared to grid search and random
search, Bayesian optimization usually has a higher efficiency.

Bayesian optimization was used to obtain the optimal combination of hyperparameters
corresponding to the optimal cross-validation score. Cross-validation is a technique for
evaluating model performance and selecting the best hyperparameters [63,64]. It divides the
dataset into multiple subsets (for example, k-fold cross-validation divides the dataset into k
subsets), and then takes turns using one part as the validation dataset and the other parts as
the training dataset to train and validate the model multiple times. This can evaluate the
performance of the model on different subsets of data, reduce bias caused by the distribution
of specific datasets, and thus better evaluate the model’s generalization ability.
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3.3. Evaluation Indexes

The models were evaluated with four indexes: coefficient of determination (R2), mean
absolute error (MAE), root mean square error (RMSE), and composite evaluation index
(CEI), for a comprehensive comparison of the performance of all models across various
metrics [65]. Both MAE and RMSE explicitly describe the residual error at each sample
point, providing a precise evaluation of model performance. In contrast, R2 normalizes the
squared residual error with the variance in the database, yielding a dimensionless score
between 0 and 1. R2 is more intuitive and convenient for comparing the performance of
different models. CEI was adopted as a comprehensive metric index to obtain a compre-
hensive comparison of the performance of all models across various metrics, including
R2, MAE, and RMSE. The closer to zero CEI is, the better the model is. Finally, R2 was
chosen as the primary metric index in the subsequent analysis. Four indexes are as per
Equations (4)–(7).

R2 = 1 − ∑n
i=1 (yi − ŷi)

2

∑n
i=1 (yi − y)2 (4)

MAE =
∑n

i=1|yi − ŷi|
n

(5)

RMSE =

√
∑n

i=1(yi − ŷi)
2

n

2

(6)

CEI =
1
N

N

∑
j=1

Pj − Pj,min

Pj,max − Pj,min
(7)

where n is the number of the testing data, yi is the creep coefficient of the i-th sample point
in the database, ŷi is the prediction value for the i-th sample point by the ML models, y is
the averaged value of the creep coefficient, N is the total number of single metric indexes (3
in this study), Pj is the value of the j-th metric index, Pj,min and Pj,max are the minimum and
maximum values of the j-th metric index.

4. Results and Discussion
4.1. Model Performance
4.1.1. Optimization Results

In order to evaluate the generalization ability of the four ML models, this study used
a pseudo-random number generator to shuffle the database first, and then all data in
the database were randomly divided into two parts in a 7:3 ratio: the training dataset
and the testing dataset. The optimal hyperparameters were searched for each ML model
through a Bayesian optimization algorithm combined with 5-fold cross-validation. For each
ML model, five iterations were firstly conducted to form an initial sample space, which
established the initial Gaussian Process (GP) prior. Then, the acquisition function was
calculated to select a new sample point and then update the GP prior at the end of each
iteration. In general, at least 30 iterations are recommended for most optimization aims [66].
In this study, 30 iterations of Bayesian optimization were performed, and the optimization
was stopped when the maximum number of iterations was reached to search for the best
combination of hyperparameters, and ideal accuracy was achieved. The training dataset
was divided into five sub datasets on average. A single sub dataset was retained as the
validation set, and the other four datasets were used for training. The cross-validation
was repeated five times, and each sub dataset was validated once. The R2 was calculated
to make an estimation. The range and combination of hyperparameters were shown in
Table 2.
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Table 2. Optimized hyperparameters of ML models.

ML Model Hyperparameters Value Range Best Value

RF

n_estimators (10, 600) 362
max_depth (5, 30) 19

max_features (0.1, 0.999) 0.6867
min_samples_split (2, 30) 2

ANN
hidden_layer_sizes (5, 100) 57

alpha (0.0001, 0.999) 0.0758
learning_rate_init (0.001, 0.999) 0.0005

XGBoost

n_estimators (10, 600) 274
max_depth (2, 20) 5

gamma (0.0001, 0.999) 0.0151
learning_rate (0.1, 0.999) 0.5976

LGBM

n_estimators (10, 600) 355
max_depth (2, 20) 8

min_data_in_leaf (5, 50) 7
learning_rate (0.001, 0.999) 0.1563

4.1.2. Testing results

The determined hyperparameters were assigned to the ML models, the data of the
training dataset were trained, and model testing was conducted in the testing dataset.
The comparison between the predicted results and the actual values in the training and
test datasets are shown in Figure 5. The evaluation indexes of the four ML models in the
training and testing datasets were compared, as shown in Table 3 and Figure 6. Radar
charts were drawn for each index, as shown in Figure 7. The accuracy of the four models
was high in the training and testing datasets. The R2 of the four models was over 0.97 in
the training and testing datasets. For the four evaluation indexes, the ranking of model
performance in the training dataset was LGBM > RF > XGBoost > ANN, while the ranking
in the testing dataset was LGBM > XGBoost > RF > ANN. The RF model and XGBoost
model showed similar accuracy. The ANN model performed the worst as a single learning
model while the other three are ensemble models. A Taylor diagram of the testing dataset
was plotted to compare the statistical relationships between the predictions of the four ML
models and experimental data, including R2, standard deviation, and RMSE, as shown in
Figure 8. The proximity of the standard deviation of predictions to that of the experimental
data was ranked LGBM > ANN > RF > XGBoost.
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ing and testing datasets were compared, as shown in Table 3 and Figure 6. Radar charts 

were drawn for each index, as shown in Figure 7. The accuracy of the four models was 

high in the training and testing datasets. The R2 of the four models was over 0.97 in the 

training and testing datasets. For the four evaluation indexes, the ranking of model per-

formance in the training dataset was LGBM > RF > XGBoost > ANN, while the ranking in 

the testing dataset was LGBM > XGBoost > RF > ANN. The RF model and XGBoost model 

showed similar accuracy. The ANN model performed the worst as a single learning model 

while the other three are ensemble models. A Taylor diagram of the testing dataset was 

plotted to compare the statistical relationships between the predictions of the four ML 

models and experimental data, including R2, standard deviation, and RMSE, as shown in 

Figure 8. The proximity of the standard deviation of predictions to that of the experi-

mental data was ranked LGBM > ANN > RF > XGBoost. 

  
(a) RF (b) ANN 

Figure 5. Cont.
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Table 3. Comparison of different ML models’ performance.

ML Model R2 MAE RMSE CEI
Train Test Train Test Train Test Train Test

RF 0.9985 0.9857 0.0063 0.0194 0.0091 0.0271 0.0825 0.3830
ANN 0.9717 0.9702 0.0259 0.0292 0.0397 0.0391 1.0000 1.0000
XGBoost 0.9979 0.9898 0.0082 0.0177 0.0109 0.0228 0.1357 0.2197
LGBM 0.9997 0.9933 0.0031 0.0128 0.0070 0.0185 0.0000 0.0000
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Sensitivity analysis was conducted on the LGBM model, as shown in Figure 9. Total
sensitivity index (ST) is the comprehensive contribution of a single feature and its interac-
tion with others to the output variation. The higher the ST value is, the more sensitive the
model is to changes in the input features. For instance, the most sensitive feature is loading
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duration (t). The black bar in the figure is the confidence interval at a 95% guarantee
rate. The changes in various input features have a significant impact on the model, which
indicates the rationality of the selected features.
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4.2. Model Interpretability
4.2.1. Overview of SHAP

In order to deal with the lack of explicability of the black box model, Lundberg
and Lee developed a new model agnostic technique referred to as SHapley Additive
exPlanation (SHAP) [67]. Based on cooperative game theory, SHAP is expressed by the
average marginal contribution of an eigenvalue in all possible alliances. Specifically, the
SHAP value of a feature is the average predictive value of the sample with the feature minus
the average predictive value of other samples without the feature. In order to provide
the interpretability of the ML model, the output of the ML model is represented by the
linear addition of its input features multiplied by the corresponding SHAP value, as per
Equation (8).

f (x) = φ0 +
N

∑
i=1

φiX′
i (8)

where φ0 is the average value of all predictions; N is the number of input features; φi is the
SHAP value of the i-th feature; and X′

i is the coalition vector of the i-th feature.

4.2.2. Local Interpretation

The aim of local interpretation is to provide explanations for the predictions of each
individual sample. The linear addition of SHAP values constitutes the output of each
sample, so the SHAP values of each input parameter can characterize the contribution
of each feature. Three typical samples were selected, as shown in Table 4, and their
SHAP values were used for model interpretation. Local interpretation diagrams of the
three samples are shown in Figure 10. For the LGBM model, the scaling factor was set to
1000 (both the base value and prediction were magnified by 1000 times for observation). The
prediction output of the UHPC creep coefficient was the result of the mutual cancellation of
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the SHAP values of different features, where the red and blue bars represented the positive
and negative contributions to the predicted values, respectively.

Table 4. Details of selected samples for exemplification.

Sample a/c (%) w/b (%) Tcure (◦C) fct0 (MPa) Et0 (MPa) steel fiber (%) t (days)

A 2.00 0.14 75 137.5 40,837 2 81
B 0.83 0.18 23 107.1 36,000 4 7
C 2.92 0.22 20 137.7 46,000 0 68
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In the local interpretation, the basic value of the creep coefficient was 372.66, which
was the mean of the predicted values for all samples. In Sample A, the predicted value of
the creep coefficient was 278.73, below the basic value, indicating that creep was suppressed.
This was mainly caused by the high curing temperature (Tcure). In Sample B, the predicted
value was 410.32, above the basic value, indicating that creep was promoted. The high
water-to-binder ratio (w/b), low aggregate-to-cement ratio (a/c), low compressive strength
at loading age (fct0), low elastic modulus at loading age (Et0), and short loading duration (t)
could explain this phenomenon. In Sample C, the predicted value was 500.45, above the
basic value, indicating that creep was also promoted, and the degree was stronger than that
in Sample B. The reason might be that the higher water-to-binder ratio (w/b) and lower
curing temperature (Tcure) played a controlling role.

4.2.3. Global Interpretation

Global interpretation can provide an overview of the SHAP values for all input
parameters. The SHAP values of 168 samples in the testing dataset were calculated based
on the XGBoost model and LGBM model, as these two models performed well in the
testing dataset. Each feature was sorted according to its average SHAP value. As shown in
Figure 11, the SHAP values of each parameter in the XGBoost model and LGBM model
were calculated, with the influence decreasing from top to bottom. The SHAP heatmap
is another way to visualize SHAP values. As shown in Figure 12, SHAP heatmaps based
on the XGBoost and LGBM models were drawn. Features were plotted on the y-axis and
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records were plotted on the x-axis. A line graph of the predicted values for each sample
was plotted at the top, reflecting the degree of deviation between the predicted value
and the base value. The red color indicated that features had a promoting effect on the
prediction results, while the blue color was the opposite. Based on the results of global
interpretation, the loading duration, curing temperature, compressive strength at loading
age, and water-to-binder ratio brought the greatest impact on the UHPC creep. The loading
duration and water-to-binder ratio promoted the UHPC creep while the curing temperature,
aggregate-to-cement ratio, compressive strength, and elastic modulus at loading age and
steel fiber volume content suppressed the UHPC creep.
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The impact of the four most influential parameters on the creep coefficient was demon-
strated by the SHAP results of the LGBM, as shown in Figure 13. In general, an increase in
the curing temperature or compressive strength at loading age can result in a reduction in
the predicted creep coefficient while the increase in the loading duration or water-to-binder
ratio can result in an increase in the predicted creep coefficient. Furthermore, the effect
of the interaction between the loading duration and other input features, including the
water-to-binder ratio, aggregate-to-cement ratio, curing temperature, and steel fiber volume
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content, on the UHPC creep based on the results of the SHAP feature dependence analysis
was analyzed, as shown in Figure 14. A positive interaction was observed between the
loading duration and water-to-binder ratio, while the interaction between the loading
duration and aggregate-to-cement ratio, curing temperature, and steel fiber volume content
was negative.

According to the local and global interpretation results, the influence of the input
features on creep was consistent with current theories on the creep of UHPC, which proved
the rationality of the established ML models.
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4.3. Creep Curves

The LGBM model was selected to predict the creep of UHPC. Three different cases
were selected, as shown in Table 5.

Table 5. Details of selected cases for exemplification.

Case a/c (%) w/b (%) Tcure (◦C) fct0 (MPa) Et0 (MPa) steel fiber (%)

C1 2.80 0.16 20 133.4 51,100 1
C2 1.65 0.16 20 147.8 48,000 2
C3 1.18 0.17 25 162.4 41,000 0

The predicted results were compared with the experimental results and the calculated
results of MC 2010 [68], as shown in Figures 15 and 16. The prediction MC 2010 only
predicted well in Case 1. The LGBM model exhibited a higher accuracy than MC 2010.
The R2 of the LGBM model is 1.01, 1.26, and 2.75 times that of MC 2010 for the three cases,
respectively. The influence of the fiber content and curing temperature is not included in
MC 2010, while it is considered in the ML models. As there were no missing values in the
database established in this study, there was no need to fill the missing data, which might
be one of the reasons for the great prediction accuracy.
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5. Conclusions

UHPC creep prediction is a basis for the evaluation of the mechanical response of
UHPC structures under sustained loads, and data-driven ML models for UHPC creep
prediction are investigated. This study can address problems such as expensive costs, being
time-consuming, discreteness of material, and geometry properties in experimental research
and the lack of ability to handle complex and high-dimensional data with massive amounts
in a numerical study. A UHPC creep database was established; firstly, the influencing
parameters were identified, and the database was divided into training and testing datasets.
Four ML models (RF, ANN, XGBoost, LGBM) were developed to predict the creep behavior
of UHPC. The ML models were trained through 5-fold cross-validation and Bayesian
optimization. Then, interpretability analysis was conducted on the models. As far as the
authors’ knowledge goes, there have been no studies on ML methods to predict UHPC
creep behavior up to now. The following conclusions can be obtained:
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(1) All the four ML models developed exhibited high accuracy (R2 > 0.97), and the
LGBM model using the Bayesian optimization method and 5-fold cross-validation
demonstrated the highest accuracy in the testing dataset. Ensemble learning models
had a better predictive performance than a single learning model.

(2) The ML models can be effectively interpreted by SHAP values both locally and
globally. All the ML models arrived at the same conclusion regarding the top four
most influential parameters for the UHPC creep coefficient: loading duration, curing
temperature, compressive strength at loading age, and water-to-binder ratio.

(3) The creep curves predicted by the LGBM model were compared with the experimental
results and the calculated results of MC 2010, and the LGBM model developed showed
a higher accuracy than MC 2010. The R2 of the LGBM model is 1.01, 1.26, and
2.75 times that of MC 2010 for the three cases, respectively.

(4) The size of the database is limited in this study due to limited data being available and
more input features can be considered. The data cleaning procedure can be enhanced,
and a user interface tool should be developed for the application of the ML models.
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