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A B S T R A C T

Ultra-high-performance concrete (UHPC) is renowned for its exceptional mechanical properties; 
however, its torsional behavior remains inadequately understood, posing challenges for its 
application in structures subjected to twisting loads. Existing prediction methods often fall short 
of accurately capturing the complex interplay between material characteristics, cross-sectional 
geometry, and reinforcement, leading to significant errors. This work introduces a unique Ma
chine Learning (ML) method to accurately anticipate the torsional behavior of UHPCs. Three 
powerful algorithms, Random Forest, Gradient Boosting Regressor, and Long Short-Term Memory 
(LSTM), were trained and assessed on a dataset of 113 UHPC specimens. The best R-squared was 
99 % provided by the Gradient Boosting Regressor, while the LSTM and Random Forest showed 
98 % and 96 % accuracy. The ML approach determined that splitting tensile strength, fiber length, 
web width, and stirrup diameter were the most important factors controlling torsional force. 
These results provide insight into the complex interaction affecting UHPC torsional performance, 
opening the path for accurate UHPC design in challenging applications.

1. Introduction

The recent emergence and quick advancement of the use of Ultra-high-performance Concrete can be highly attributable to the 
numerous and superior properties it

has compared to conventional concrete. UHPC has better compressive strength of up to 120 MPa, great toughness, and excellent 
durability use and combines several properties to rank it as an utter superior material for a wide range of applications [1–5]. UHPC’s 
durability, combined with its excellent strength-to- weight ratio, enables it to form longer spans and thinner sections, yielding leaner 
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and more aesthetically pleasing buildings [6,7]. As a high performance material, it is, in particular, ideal for structures such as high 
rises, bridges, and offshore platforms among others [8]. Despite the growing interest in UHPC however, the investigations have 
concentrated mostly on other parameters, namely, its compressive strength, tensile strength and elastic modulus among others [9–17]. 
These studies are important in explaining the mechanical properties of the material, but the research dealing with its flexural and shear 
behaviors has been limited [18–23]. The studies on torsional behavior for UHPC structures are not numerous, but it is imperative to 
study these twisting loads such as those associated with wind and seismic loading [24–34]. This limited knowledge constitutes a major 
barrier to the successful exploitation of UHPC and its use in various structural elements. Quite recently, some research attempts have 
provided new information that enlarges the existing knowledge of UHPC torsional behavior and pivots essential further developments 
concerning the design and application of UHPC in structural elements. In most of the studies steel fibers were consistently shown to 
improve torsional performance of UHPC composites. Zhou et al. [24], Al.Khuzaie et al. [25], and Yang et al. [26] all observed that the 
cracking torque and ultimate torque increased significantly with an increase in steel fiber volume percentage. This phenomenon was 
due to steel fibers’ very high tensile strength and ability to tie cracks, thus inhibiting the formation or growth of cracks. Remarkably, 
Zhou et al. [24] found that the use of 2 % steel fibers led to an increase of 79 % in cracking torque and 159 % in ultimate torque; Al. 
Khuzaie et al. [25] on the other hand found that with only 2 % steel fibers added to a hollow T-beam, cracking torque increased by 
184 % while the ultimate torque increased by 66 %. In another study conducted by Yang et al. [26], when the fiber content was 
increased from 1 % to 2 %, they reported a 19 % and a 27 % increase in cracking and ultimate torque, respectively. Specifically, Zhou 
et al. [27] observed that further increasing the fiber content to more than 1.5 % rendered positive but marginal effects, indicating that 
there is a general limit in the quantity of fibers that can be added effectively for the enhancement of torsional loading capacity.

The torsional response of UHPC is also affected by the cross-sectional shape and the existence of a flange. Cross-sectional size, wall 
thickness, and cross-sectional shape categories have all been observed to impact the hollow UHPC beams’ torsional resistance and 
rigidity [25,27,28]. However, the cross-sectional dimensions are the most important for the cracking torque, while it is less affected by 
the wall thickness and the cross-sectional shape. The flange presence can increase the torsional strength and lower the torsional de
formations Fig. 15 of UHPC hollow beams [27,29]. Al.Khuzaie et al. [25] revealed that in the presence of a mounted flange, the angle of 
inclination increased and the size of main cracks decreased suggesting

more ductile failure. Further, Zhou et al. [27] discovered that it can also enhance the overall torsional strength of the beam by 
preventing first diagonal cracking, which is catastrophic in nature.

Although steel fibers were the primary components that improved the torsional behavior of the composite materials, other factors 
contributed as well. Kwahk et al. [30] research demonstrating that in the case of torsional loads, steel fibers were superior to stirrups in 
resistance to torsional cracking and torsional strength, thus providing a basis for the reasoned need for increase in fiber density to 
improve structural stability without mounting stirrups. Nevertheless, in contrast, Cao et al. [31] noticed that on the contrary there 
were little to no effects of stirrups on cracking torque but rather maintained a proper crack width while boosting the plastic stiffness 
and concluded that the performance and ductility requirements on torsion steels may be met by using steel fibers with stirrups. In line 
with this, Yang et al. [26] noted that in the case of UHPC square beams having 1 % steel fibers, if the stirrup ratio is increased from 0 % 
to 0.70 %, the ultimate torque is improved by 18 %. This rise was even more significant, at 66 %, for beams having 2 % steel fibers. It 
was also seen that the effect of longitudinal reinforcement was rather less concerning cracking torque being very minimal and even 
decreasing the torsional ductility [31]. To date, very few phases of this problem have been adequately solved, and predicting the 
torsional behavior of UHPC seems to be even more complex due to the synergetic relations among the materials comprising the beam, 
beam geometry, and additional reinforcement. The available theoretical models will make good estimates of the cracking torque and 
stabilizing torque [27,28] but do not go far beyond those parameters thus giving unpardonably low values of ultimate torque pre
diction, these limitations highlight the urgent need for models that take into account the current complicated dynamics. The con
ventional analytical frameworks usually prove inadequate as they are not able to account for the non-linearity and many factors that 
affect the torsional behavior of UHPC. Furthermore, given that mix proportions and other manufacturing aspects can vary consid
erably, the development of predictive models that fit all situations is impossible. This justifies the shift in focus to more flexible 
data-driven methodologies. In this instance, machine learning (ML) can be a potential remedy to this problem. Given the compre
hensive understanding of organizational premise, material composition and structure, shape and type of loading etc., gage where ML 
input uses databank oriented for learning of torsional properties and their dependence on the input factors. As a result, this allows for 
the creation of sturdy and predictive designs that encourage the healthy and accurate forecasting of torsional properties of UHPC 
[35–37]. In this article, we will begin with a detailed literature review that explores various machine learning techniques employed to 
identify the characteristics of different types of concrete, including Ultra-High-Performance Concrete (UHPC), High-Performance 
Concrete (HPC), and Reinforced Concrete (RC). Following this, the methodology section will describe the data collection process, 
which involved compiling our database from multiple studies in the UHPC field. After detailing the steps taken to clean and preprocess 
the database, we will outline the implementation of the selected

machine learning algorithms for predicting the torsional strength of UHPC structures. The results and discussion sections will 
present our findings regarding these predictions, highlighting the parameters identified and their respective influences on torsional 
strength. Finally, the conclusion will provide a comprehensive summary of our research outcomes and suggest avenues for future 
exploration.

2. Literature review

Machine learning focuses on creating analytical models that adapt and improve based on data, contrasting with traditional pro
gramming that uses explicit instructions. This technology has advanced applications in areas such as predicting material properties and 
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Table 1 
Summary of Research Works on Different Concrete Types and Prediction Models.

Authors Suppressed 
Due to Excessive 
Length

Research 
Works

Material 
Type

Predicted 
Property

Used Dataset Algorithm Performance 
Metrics

Best 
model

Future Work

[38] UHPC Flexural Strength 317 data points from UHPC 
database with 21 input factors

SVM, 
GBM

MLP, R2, 
MAE

MSE, GBM Further Exploration of Raw Ingredients, 
Validation in Real-World Scenarios

[39]] FAGC Compressive 
Strength

114 sets Fly Ash-Based 
Geopolymer Concrete

DT, RF, Bagging R2, MAE BM Implementation of Artificial Neural 
Networks

[40] AAC Strength and Fresh 
Properties

73samplesofalkali activated 
concrete mixtures

RF R2 RF Incorporating Additional Variables

[41]] SCC Compressive 
Strength

515 samples of SCC with recycled 
aggregates

LGBM, RF RMSE, MAE, 
R2

RF Improving Model Performance, 
Implementing RF for Another Concrete Type

[42] UHPFRC Compressive 
Strength

130 UHPFRC dosages with 
information on uniaxial tensile 
behavior

LSTM MAPE, R2 LSTM Inclusion of Supplementary Materials, 
Comparison of Different Machine Learning 
Algorithms

[43] WAC Stress Strain 1030 sets of compressive strength 
of concrete

LSTM, ANN MSE, RMSE LSTM Not Listed

[44] UHPC Flexural Strength 30 different concrete mixtures Gradient Boost, 
XGB 
, AdaBoost

R2, MSE LSTM Increasing 
Database

Input Variables and

[45] GSCC Mechanical 
Properties 
Modeling

105 data samples of GSCC ANN, RNN MSE, 
RMSE

MAE, RNN Predicting Additional GSCC Qualities, 
Improving Performance

[46] AM Dynamic Modules 16 asphalt concrete mixtures with 
binders and limestone aggregates

XGBoost, 
AdaBoost

MAPE, RMSE, 
MSE

XGB Expanding Research Scope

[26] UHPC Dynamic 
Compressive 
Strength

Not mentioned RF, 
RNN

LGBM, MAPE, RMSE LSTM Expanding the Research Scope

[47] RC Torsional Capacity 287 RC specimens with 
varyingcross-sectional shapes and 
dimensions

XGBM, SVR, RF, 
BPANN

R2, 
RMSE

MSE, XGB Expanding Dataset for Wider Variety of RC, 
Integrating Hybrid Machine Learning 
Techniques

[48] RC Compressive 
Strength

159 RC specimens with solid and 
hollow sections

RF, DT, SVR RMSE, MAPE, 
MAE

RF Including Various Types of RC Structures 
and Environmental Conditions
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optimizing structural performance. While it empowers researchers to process large datasets and identify patterns, human interpre
tation remains essential. In this study, we emphasize supervised learning, specifically regression, to predict the torsional strength of 
ultra-high-performance concrete (UHPC) based on various influencing factors. Our literature review will verify the application of 
machine learning techniques in the context of UHPC and other types of concrete, providing insights into how these methods enhance 
predictions of concrete performance. This review will be summarized in Table 1.

Recent studies underscore the increasing significance of machine learning (ML) techniques in predicting the mechanical behavior 
of advanced concrete materials. Qian et al. [38] employed ML algorithms, including Support Vector Machines (SVM), Multi-Layer 
Perceptrons (MLP), and Gradient Boosting Machines (GBM), to forecast the flexural strength of ultra-high-performance concrete 
(UHPC). Their findings indicated that the GBM model significantly outperformed SVM and MLP, achieving a Mean Absolute Error 
(MAE) of 1.9. In a related study, Ahmad Ayaz et al. [39] applied ML algorithms such as Decision Trees (DT), Adaptive Boosting (AR), 
and Bagging (BR) to predict the compressive strength of geopolymer concrete, reporting R² values exceeding 0.9, which highlights 
ML’s capability to manage nonlinear relationships and variability in material composition. Sun et al. [40] demonstrated the effec
tiveness of the Random Forest algorithm in optimizing the strength and fresh properties of alkali-activated concrete (AAC). The models 
achieved R² values ranging from

0.92–0.96 for the training set and 0.89–0.94 for the test set, confirming a strong correlation between design parameters and 
performance metrics, such as compressive strength and slump values. Furthermore, De-Prado-Gil et al. [41] expanded ML applications 
to self-compacting concrete (SCC) using recycled aggregates, employing algorithms such as k nearest neighbor (KNN), Random Forest 
(RF) and Light Gradient Boosting Machine (LGBM). Their results revealed that LGBM outperformed the other models with a root mean 
square error (RMSE) of 6.01. The inclusion of recycled materials introduced variability in mechanical properties, complicating pre
dictions for simpler models.

Jin et al. [42] developed a novel approach for optimizing concrete mix ratios using a combination of Long Short-Term Memory 
(LSTM) algorithms and Multi objective particle swarm optimization. Their study focused on balancing

strength, material costs, and carbon emissions, with the LSTM model demonstrating high accuracy in predicting compressive 
strength. Tanhadoust et al. [43] further showcased LSTM’s capability by accurately predicting the stress-strain relationships of normal 
and lightweight aggregates at elevated temperatures, achieving an R² value of 0.96. Similarly, Wang et al. [44] applied Gradient 
Boosting, AdaBoost, and Extreme Gradient Boosting (EGB) to predict the flexural strength of ultra-high-performance concrete (UHPC), 
achieving R² values up to 0.95. They also employed SHAP analysis to assess the impact of input variables, enhancing the optimization 
of materials for targeted structural applications. In a related investigation, Ayvore et al. [45]integrated Genetic Programming (GEP) 
and Artificial Neural Networks (ANN) to effectively model the mechanical properties of self-compacting concrete, achieving a notable 
accuracy with an R² value of 1.09. This research exemplifies the capability of machine learning algorithms to handle nonlinear re
lationships among input parameters in the context of sustainable concrete development. Additionally, the combination of Random 
Forest (RF) and Support Vector Machines (SVM) in predicting the performance of recycled aggregate concrete produced robust out
comes, with R² values ranging from 0.85 to 0.95, thereby reinforcing the utility of these methodologies in material recycling appli
cations. Ali et al. [46] further explored the potential of the XGBoost algorithm to estimate the dynamic modulus of asphalt mixtures for 
flexible pavements, yielding commendable predictive performance characterized by an average Mean Absolute Error (MAE) of 
2243 MPa, a Root Mean Square Error (RMSE) of 3035 MPa, and an R² of 0.86.

In parallel, Khuzaie et al. [26] examined the influence of various factors, including steel fiber proportions, beam geometries, 
reinforcement ratios, and silica fume content, on the ultimate torsional capacity of reinforced concrete beams. By leveraging artificial 
intelligence, specifically ANN, they successfully modeled the stress-strain relationships derived from experimental data, establishing 
ANN as the most precise model for predicting torsion capacity, outpacing traditional regression methodologies. Furthermore, Hem
atibahar et al. [47] provided insights into the distinctions between high-performance concrete (HPC) and ultra-high-performance 
concrete (UHPC), while investigating optimal machine learning techniques to predict their mechanical properties. Utilizing a data
set of over 400 concrete mixes, their study employed various algorithms, including Partial Least Squares (PLS) regression, linear 
regression, and Lasso regression, revealing that PLS achieved a determination coefficient (R²) exceeding 93 %, thereby validating its 
efficacy in predicting critical properties such as strength and durability.

Overall, these cumulative findings highlight the growing significance of machine learning methodologies in designing and opti
mizing advanced construction materials. The advanced models, particularly GBM, and LSTM demonstrate considerable effectiveness in 
predicting and optimizing the mechanical behavior of high-performance concretes, while adeptly addressing the complexities inherent 
in the interactions among input variables.

3. Methodology

This research focuses on predicting the torsional strength of Ultra-High-Performance Concrete (UHPC) using machine learning 
(ML) techniques. By implementing Random Forest, LSTM, and Gradient Boosting Regressor algorithms, the study introduces ML 
approaches in this field to achieve accurate predictions. A well-defined set of 30 UHPC attributes—such as geometric dimensions, 
reinforcement characteristics, and material properties—serve as predictors, helping clarify complex relationships and assess each 
parameter’s influence on torque capacity. The research begins with thorough data preparation to address any data weaknesses, 
streamlining the training and testing stages. Each model’s performance is then evaluated through validation metrics discussed in the 
following section. 

1. Dataset collection
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2. Data Preprocessing
3. Model development (training)
4. Model performance evaluation (testing)

3.1. Data collection

The following subsection explains the dataset used in this study to predict the torsional behavior of UHPC with machine learning 
methods. These selected specimens and their features serve as the foundation for developing and evaluating prediction models. The 
dataset for this investigation consists of 113 UHPC beam specimens subjected to pure torsion. This dataset was obtained from the 
available research publications and experimental studies [21–31]. These specimens represent a wide variety of UHPC compositions, 
geometries, and reinforcement configurations, representing the practical variances found in real world constructions. Each specimen 
entry comprises 30 key parameters, encompassing: 

− Geometric properties: Web width, web thickness, flange width, flange thickness, the perimeter of outermost stirrups (Ph), the area 
enclosed by outermost stirrups (Aoh), the area enclosed by shear flow (Ao), the effective thickness of the concrete section (te), 
spacing between stirrups, the diameter of stirrups.

− Reinforcement properties: Number of longitudinal reinforcement bars, diameter of longitudinal reinforcement bars, yield stress for 
stirrups, yield stress for longitudinal reinforcement, transverse steel ratio, longitudinal steel ratio.

− Material properties: Steel fiber volume, silica fume content, w/c ratio, quartz sand content, cement content, superplastizer content, 
curing time at natural temperature, curing time at 90◦C, length of steel fiber, diameter of steel fiber, tensile strength of steel fiber.

− Mechanical properties: Cylindrical compressive strength, splitting tensile strength, modulus of elasticity.

3.2. Data preprocessing

This study analyzed data normality for each parameter by assessing skewness and kurtosis, which provide insight into the dis
tribution’s shape and symmetry. Given the dataset size (113 samples), verifying normality is essential. Skewness evaluates distribution 
asymmetry relative to the median [49], while kurtosis measures peakiness or flatness compared to a normal distribution [50]. 

Boxplot and Histogram for Each Feature
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Fig. 1. Boxplots of some selected features.
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Equations for these calculations are provided. 

Skewness = γ1
E[(X − µ)3

]

σ3 (1) 

Kurtosis = γ2
E[(X − µ)4

]

σ4 (2) 

Where: E denotes the expected value. X is the random variable. µ is the mean of the distribution. γ is the standard deviation of the 
distribution Fundamental to data verification is the identification and resolution of missing data. In this context, a mechanism termed 
the” missingness matrix” is employed. This matrix facilitates the systematic identification of missing values, enabling the imple
mentation of appropriate strategies for their replacement or handling the outcome of this technique will be presented in the next 
section.

3.2.1. Features selection
The initial selection of 30 parameters as input variables for predicting torsional strength was determined through literature review 

and previous studies. To address the issue of high dimensionality, further analysis was conducted to refine the feature set. Exploratory 
data analysis was performed to examine the distribution of each feature, with histograms provided as a visual representation in Fig. 1.

A tree-based model utilizing the Random Forest algorithm was then used to quantify the importance of each feature in predicting 
torsional strength. The obtained importance scores were summarized in Table 2 and used as a basis for refining the feature set, aiming 
for an optimal balance between model complexity and prediction accuracy.

The results of the feature importance analysis have identified several key parameters that significantly impact the prediction of 
torsional strength in Ultra- High-Performance Concrete (UHPC) models. The most influential factor is the thickness of the concrete 
element (te, mm), followed by the length of steel fiber (mm) and the cracking angle of twist (rad/m). Additionally, the splitting

tensile strength (f’t, MPa) and diameter of stirrups also play important roles in influencing torsional capacity. The web width (mm), 
area of the opening (Aoh, mm²), and crack angle of inclination (degrees) contribute to a lesser extent. Including these parameters in our 
predictive models enhances their accuracy and aligns them with the underlying mechanics of UHPC. By considering these critical 
factors, we can improve the reliability and precision of torsional strength predictions for UHPC in practical applications.

3.3. Model validation

The validation of our model consists of three main parts. First, we split the dataset into a training set (70 % of the data) and a test set 
(30 % of the data). This split helps prevent overfitting by ensuring the model doesn’t learn too much noise from the training data and 

Table 2 
Features Importance.

Features Importance

te mm 0.299272
Length of steel fiber (mm) 0.091892
Cracking Angle of twist rad/m 0.054947
Splitting tensile strength (MPa) 0.017637
Diameter of stirrups 0.016687
Web Width mm 0.014174
Aoh mm2 0.011665
Crack Angle of inclination 0.008741

Table 3 
Optimal Parameters for Different Models.

Model Optimal Parameter Parameter Space Value

GBR Number of Models [100,200,500] 500
Maximum Depth [3,5,6,10] 6
Minimum Samples Split [2,3,5] 3
Learning Rate [0.001, 0.005, 0.006] 0.006
Loss Function [Squared E, Absolut E] squared error

LSTM Epochs [20,30,50] 30
Batch Size [50,70,100] 70
Verbose [0, 1, 2] 2
Shuffle [True, False] False

RF Number of Trees [100,200,300] 100
Maximum Depth [None, 10, 20] None
Minimum Samples Split [2,5,10] 2
Minimum Samples Leaf [1–3] 1
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provides statistical validity for our evaluation metrics with a reliable test set size. Additionally, we used K-fold cross-validation with 
K= 3, which involves dividing the training data into three subsets and training the model three times, each time using a different subset 
for validation while training on the remaining data. The study optimized hyperparameters for the three chosen models to better 
capture complex patterns and effectively learn temporal dependencies. Validation data was employed to ensure generalization, with 
details of the hyperparameter tuning outlined in Table 3

3.3.1. Model training
In this study, a supervised machine learning approach was employed to estimate the torsional strength of Ultra-High-Performance 

Concrete (UHPC). Rigorous
data preparation was undertaken to ensure the dataset’s suitability, with a 70 % training set used for model development and a 

30 % testing set reserved to evaluate performance on unseen data. The algorithms selected—Gradient Boosting Machine (GBM), Long 
Short-Term Memory (LSTM), and Random Forest—were chosen based on an extensive literature review, which highlighted their 
superior predictive accuracy for similar applications. However, it should be noted that existing literature has not yet explored the 
prediction of torsional strength in UHPC, positioning this study as the first to apply these algorithms to this specific mechanical 
property. This novel approach not only fills a gap in the research but also advances the application of machine learning in UHPC 
performance prediction.

3.3.2. Random forest
Random forest is an ensemble learning method that builds on the principle of a decision tree. The training process consists of 

building up several decision trees, which in combination provide a result. Each tree is trained with features from a random part of the 
data selected, but the final prediction is done by aggregating the predictions of different trees [51]. The mathematical formula for 
regression is as follows: 

YRF(X) =
1
n
∑n

i=1
Yi(x) (3) 

Fig. 2. Random Forest algorithm flowchart.
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Where Yi(X) is the prediction of the (i)th decision tree for the input (X), and YRF(X) is the aggregated prediction of the Random Forest. 
Fig. 2 provides a flowchart illustrating the framework of the Random Forest.

3.3.3. Recurrent neural networks (LSTM)
LSTM is a recurrent neural network (RNN) developed to handle sequential and time-series data. It is excellent at identifying long- 

term relationships and patterns within sequences. LSTMs employ memory cells and gates to selectively remember information, making 
them appropriate for tasks requiring temporal correlations [52]. The LSTM cell is made up of many gates and memory cells that control 
the flow of information. The LSTM equations for a single-time step are described below: 

ft = σ(Wf ⋅ [ht− 1, xt ] + bf )

it = σ(Wi ⋅ [ht− 1, xt ] + bi)

gt = tanh(Wg ⋅ [ht− 1, xt ] + bg)

ct = ft ⋅ ct− 1 + it ⋅ gt
ot = σ(Wo ⋅ [ht− 1, xt ] + bo)

ht = ot ⋅ tanh(ct)

(4) 

Where: σ represents the sigmoid activation function. Wf, Wi, Wg, and Wo are weight matrices associated with the forget gate, input gate, 
candidate cell state, and output gate, respectively. bf, bi, bg, and bo are bias vectors. The notation [ht− 1, xt] represents the concatenation 
of the previous hidden state ht− 1 and the current input xt. Fig. 3 illustrates the LSTM flowchart for predicting the torsional strength of 
UHPC.

3.3.4. Gradient boosting regressor
Gradient Boosting Regressor is a machine learning technique that sequentially creates an ensemble of weak learners [53], often 

decision trees. It seeks to remedy earlier model iterations’ flaws by focusing on them in additional iterations. The final forecast is a 
weighted average of all individual model projections. Follows the mathematical formula for gradient boosting regressor: 

Fm(x) = Fm− 1(x)+ v.hm(x) (5) 

where: Fm(x) is the output of the ensemble at iteration (m). Fm − 1(x) is the output of the preceding iteration of the ensemble. µ is a 
positive constant representing the learning rate. hm(x) represents the prediction of the weak learner at iteration (m). Fig. 4 presents the 
Gradient Boosting flowchart for predicting the torsional strength of UHPC.

3.4. Model performance evaluation

Model performance was evaluated using the following metrics: Root Mean Square Error (RMSE), Mean Absolute Error (MAE), 
Coefficient of Determination (R²), Mean Squared Error (MSE), and Mean Absolute Percentage Error (MAPE), as shown in Table 4. Each 
metric assesses different aspects of the model’s accuracy.

Fig. 3. LSTM Flowchart for Predicting Torsional Strength of UHPC.
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4. Results

This section includes data preprocessing and model evaluation. Data preprocessing involves testing for normality and handling 
missing data. Model evaluation provides a comprehensive comparison of algorithm performance.

No

END

Fig. 4. Gradient Boosting Flowchart for Predicting Torsional Strength of UHPC.
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Table 4 
Performance evaluation metrics.

Algorithms Description

Coefficient of Determination [54] In a regression model, it measures the fraction of the variation in the dependent variable that is explained by the independent variables. 

R2 = 1 −
SSres

SStot 
(6)

Mean Squared Error [55] it computes the average squared difference between predicted and actual values. 

MSE =
1
n
∑n

i=1

(
yi − ŷi

)2 (7)

Mean Absolute Percentage Error [56] It’s an indicator that calculates the average percentage difference between expected and actual values to assess the accuracy of a forecasting or prediction approach. 

MAPE =
1
n
∑n

i=1

⃒
⃒
⃒
⃒
yi − ŷi

yi

⃒
⃒
⃒
⃒× 100 (8)

Root Mean Square Error [55] A statistic that quantifies the average size of deviations between expected and actual values. 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1

(
yi − ŷi

)2
√

(9)

Mean Absolute Error [55] A metric that computes the average absolute differences between anticipated and actual values, providing a measure of prediction accuracy. 

MAE =
1
n
∑n

i=1

⃒
⃒yi − ŷi

⃒
⃒ (10)
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4.1. Data preprocessing

4.1.1. Normality test of the data
The major goal of this test was to determine whether the data had any impact on the effectiveness of developing the predictive 

model. Skewness and kurtosis metrics were used for this purpose. Following that, the gathered data for various statistical measures was 
synthesized and presented in a tabular as shown in Table 5.

Skewness and kurtosis were calculated to investigate the influence of data normality on the prediction model. These values, which 
are shown in Table 5, assess some parameters of data shape. Fig. 5 depicts a graphical review that provides insight into normalcy. 
During the analysis, all qualities were taken into account.

From the information presented in Table 5, it becomes evident that a wide range of skewness and kurtosis values exist. Focusing on 
skewness, it’s important to note that negative values signify a left-skewed tail, whereas positive values indicate a right-skewed tail. For 
instance, attributes like web width, diameter of stirrups, and yield stress for stirrups exhibit negative skewness, indicating elongated 
left-side tails. On the other hand, parameters like flange thickness, diameter of steel fiber, and tensile strength of steel display positive 

Table 5 
Kurtosis and skewness values for all the parameters.

Parameters Kurtosis Skewness

Web Width mm − 1.15911 − 0.168091
Flange Thickness mm 11.232601 3.637664
Ph mm − 1.419784 0.289039
Aoh mm2 − 1.134505 0.419937
Ao mm2 − 1.134505 0.419937
te mm − 0.940555 0.067881
Spacing between stirrups 1.166507 1.156103
diameter of stirrups mm − 1.390995 − 0.606678
diameter of long rft mm − 0.889206 − 0.590781
Yield stress for stirrups Mpa − 0.927346 − 0.994694
Steel fiber volume Vf − 0.39963 1.141251
Silica fume, Sf 0.960048 0.835923
w/c ratio 0.752253 0.247622
Crack Angle of inclination 1.021599 − 0.144728
Tcr 1.263301 1.38454
dCracking Angle of twist 32.608547 1.155299
Length of steel fiber 10.808148 0.6318531
Diameter of steel fiber 5.54256 5.666662
Tensile strength of steel fiber 15.74422 − 3.972716
Tult − 0.173912 1.021456
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Fig. 5. Extraction of the distribution of some data parameters.
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skewness, reflecting elongated right-side tails. Regarding kurtosis, a positive value signifies heavier tails compared to a normal dis
tribution, indicating more extreme values and increased concentration around the mean. On the other hand, a negative value suggests 
lighter tails compared to a normal distribution, indicating fewer extreme values and less concentration around the mean. For instance, 
attributes

like flange thickness, cracking torque, and diameter of steel fiber exhibit positive kurtosis, pointing towards more extreme values 
and higher concentration around the mean. Conversely, attributes with negative kurtosis values, such as diameter of stirrups, crack 
angle of inclination, and tensile strength of steel fiber, imply fewer extreme values and lower concentration around the mean compared 
to a normal distribution. In a broad analysis guided by Table 4 and Fig. 5, it’s apparent that the skewness values exhibit a bimodal 
density with a right-skewed orientation, indicating a normal asymmetry in the data. Concerning kurtosis, the distribution appears 
leptokurtic due to the majority of parameter values surpassing 0. This suggests increased variance in the data, leading to more pro
nounced peaks and heavier tails compared to a standard normal distribution.
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4.1.2. Missingness of the data
As previously stated, the examination of data completeness aimed to assess the need for replacement in certain segments. As 

evident in Fig. 6, there is no missing data, with all values accounted for. To achieve this, a Python-based missingness matrix was 
employed for analysis.

4.2. Model evaluation

After applying the models (RF, LSTM, and GBR) and making predictions, we used performance metrics to compare predicted and 
actual values. For the Random Forest model, the correlation coefficient was 0.93, with an RMSE of 2.274, MAE of 1.646, MSE of 5.428, 
and MAPE of 11.4 %. The Long Short-Term Memory (LSTM) model improved on these metrics, achieving a correlation coefficient of 
0.96, MAE of 1.213, RMSE of 1.621, MSE of 2.654, and MAPE of 9.395 %. The Gradient Boosting Regressor (GBR) demonstrated the 
highest accuracy,

with a 0.97 correlation coefficient, RMSE of 1.483, MAE of 1.378, MSE of 2.201, and MAPE of 7.584 %. Figs. 7–9 respectively 
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Fig. 12. Regression Line Between Actual and Predicted Values Using GBR.

Table 6 
performance metrics for testing and training data.

Random Forest Long short-term memory Gradient Boosting Regressor

R Squared Train 0.9341 0.976 0.973
RMSE Train 2.329 3.930 1.483
MAE Train 1.652 2.630 1.378
MAPE Train (%) 11.4 9.395 7.584
MSE Train 5.428 5.451 2.201
R Squared Test 0.958 0.967 0.987
RMSE Test 3.561 1.629 1.706
MAE Test 3.0501 1.210 1.466
MAPE Test (%) 10.2 8.743 8.200
MSE Test 9.303 2.654 2.912
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provide combined comparisons of expected versus actual values, highlighting each model’s predictive ability, while Figs. 10–12
illustrate their regression performances across training and testing phases. Together, these visuals analyze prediction accuracy and 
model effectiveness with real data.

Table 6 provides the evaluation metric values for both predicted and observed data for all three methods to give comprehensive 
information. This table provides a centralized reference for analyzing the performance of different algorithms based on multiple 
parameters, providing a complete overview of their prediction skills and alignment with actual data.

5. Discussion

The main objective of this study is to predict the effect of various parameters on the torsional strength of UHPC beams using three 
machine learning models: Gradient Boosting Regressor (GBR), Long Short-Term Memory (LSTM), and Random Forest (RF). While 
LSTM is a recurrent neural network, RF and GBR are ensemble methods. All three models outperformed benchmark results in the 
literature, with RF achieving an accuracy of 93 %, LSTM reaching 96 %, and GBR showing the highest accuracy at 97 %.

Among all identified parameters, the three algorithms highlighted splitting tensile strength, steel fiber length, web width, and 
stirrup diameter as the most influential factors affecting torsional strength. Fig. 13 visually ranks these parameters by their impact, 

Fig. 13. Influence of each parameter.

Table 7 
Summary of Correlation Methods and Equations.

Method Description Equation

Kendall Tau Measure the correlation between two sets of ranked data, assessing the degree of agreement or 
discordance between ranks [66].

ρ = 1 −
C − D

n(n − 1)
2 

(11)

Pearson 
correlation

Evaluates the linear relationship between two continuous variables X and Y by dividing their 
covariance by the product of their standard deviations [67]. ρ =

∑
(Xi − X̂).(Yi − Ȳ)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑

(Xi − X̂)2
.
∑

(Yi − Ȳ)2
√ (12)

Spearman 
rank correlation

Assesses the strength and direction of the relationship between two variables based on ranked data 
[68]. ρ = 1 −

6 −
∑

d2

n(n2 − 1)
(13)
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from most to least significant.
For clarity, a brief explanation of each commonly used performance measure of correlation, as listed in Table 7, is provided. These 

measures are further illustrated in Figs. 14–16.
Figs. 14,15,16 highlighted the key parameters that significantly influence the torsion strength, with splitting tensile strength, steel 

fiber length, web width, and stirrup diameter identified as the most impactful. According to correlation measures, splitting tensile 
strength ranks highest with an impact factor of 0.524, followed closely by steel fiber length at 0.50 and web width at 0.497. The other 
parameters that showed quite a considerable effect were the diameters of stirrups and steel fiber content, while flange thickness quartz 
sand content and silica fume are minor impact parameters. Interestingly, this result concerning respect to impact upon flange thickness 
and width seems conflicting with other studies [22,24,26] which show a significant improvement in ultimate torsional strength. 
Although the reasons for these might be in the early going of the current study—such as potentially a small sample size regarding 
flange variations—there remains a discrepancy here that warrants more investigation. Future research, considering a wider range of 
flange geometries, reinforcement configurations, and loading conditions, will be more capable of providing insight regarding the 
subtle effects flanges have on the torsional response of UHPC parameters and reconciling these conflicting viewpoints.

This section presents deeper insight on the five most influential parameters that have already been identified by elucidating their 
mechanisms in shaping the torsional behavior of UHPC. It also establishes a dialogue with previous research carried out by traditional 
methods. 

− Splitting Tensile Strength: this is one of the very important parameters in resistance to cracking initiation and growth under 
torsional loads. The higher the tensile strength, the greater the material’s capacity would be relative to the attainment of superior 
torsional performance by holding up to the development of torsion forces without cracks. Another positive influence there is due to 
steel fiber length, discussed below, such that longer fibers can act as an internal anchorage for more even distribution of stresses and 
increasing overall tensile strength. This agrees with the traditional experimental results where the tensile strength is a major factor 
that dictates the ultimate torsional capacity of UHPC [21,30].

− Steel Fiber Length: The longer the steel fibers, the better the internal reinforcement that would be realized by preventing crack 
propagation and enhancing load transfer within the matrix of UHPC. The increase in surface area of these fibers through length 
would mean better bonding with the matrix, which contributes towards torsional resistance. This further agrees with the theo
retical models that longer fibers are quite effective in increasing crack resistance and general mechanical properties of UHPC 
[21–23].
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Fig. 14. Pearson correlation between torsion strength and UHPC parameters.
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− Web Width: A wider web provides more surface area to resist torsional forces; otherwise, it gives a greater moment of inertia, and 
the UHPC has a better capacity not to yield when experiencing twisting deformations. This is consistent with previous works that 
accentuated that an increase in cross-sectional dimensions, containing web width, directly increases torsional capacity [22,24,25].

− Diameter of Stirrups: Stirrups control the transverse cracks by restraining the concrete under compression to avoid the cracks 
opening fully across the web. An increase in diameter increases the level of confinement, thus providing more resistance to major 
cracking and increasing the ultimate torsion strength. This further corroborates with past findings where the reinforced utilization 
of stirrups with steel fibers gives higher ultimate torsional strength and ductility for UHPC beams when compared to just leaning on 
steel fibers [23,27,28].

− Steel Fiber Volume High fiber volume brings about high density of internal reinforcement within the UHPC matrix. Inherently, this 
is translated to improved crack resistances, load-carrying capacities, and ultimately better torsional performance. The result is in 
line with the previous research findings that emphasize the positive impact of higher fiber volume on the mechanical properties of 
UHPC, including its torsional resistance.

The increasing agreement of results between the developed ML approach and conventional research methods, along with practical 
and theoretical models, is thereby beneficial for either method. This demonstrates how well the ML approach can capture and further 
predict the complex linkage concerning UHPC behavior. Classical methods are strongly supportive; they will give great insights apart 
from purely theoretical understanding, but ML powerfully supports data- driven analysis and optimization of UHPC design.

To validate the previously highlighted key parameters influencing torsional strength, the same algorithms were applied to a focused 
subset of the top 10 most impactful variables. This approach serves a dual purpose: verifying the effectiveness of the initial findings and 
gaining a deeper understanding of their relative importance. The ten chosen parameters, carefully selected for their significant in
fluence, encompass a wide range of factors crucial to torsional behavior. The results of this implementation are shown in Table 8 and 
Figs. 17 and 18, which display the performance metrics and regression lines for both training and testing data across the three al
gorithms. These results closely match those in Table 6, demonstrating the model’s robustness and consistency across different 
parameter sets .

Based on the results from Table 6 and Fig. 18, we remark that Gradient Boosting Regressor comes good with an R-squared of 99 %, 
which means it shows an excellent fit between the predictions by the model and the values. Besides that, there is an important decrease 
in other errors of metrics like RMSE, MAE, and MAPE. Long Short-Term Memory is the next best model in terms of accuracy, which got 
second place after the CNN, with a rate of precision at 98 %. The high value of R-squared is also well supported by other performance 
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Fig. 15. spearman Rank correlation between torsion strength and UHPC parameters.
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metrics with a clear decline, indicating improvement under predictive accuracy over and above the base dataset. In the case of the 
Random Forest, it is possible to ensure that it has a precision of 96 %, placing it in the third position, which shows how well it fits, even 
considering the complexity of the full dataset. Overall, such a review would be fundamental in selecting the best strategy for parameter 
influence prediction.

The reason we obtained these results is due to the strengths of the various models employed. The Gradient Boosting Regressor 
(GBR) is a highly accurate model attributed to its efficient loss function optimization and its ability to handle various data distributions, 
particularly since the data distribution was platykurtic. Furthermore, the selection of features through the three correlation metri
cs—Kendall tau, Pearson correlation, and Spearman rank correlation—had a significant impact on model training by accurately 
identifying the most influential parameters, thereby improving the overall predictive capability. In comparison, Long Short-Term 
Memory (LSTM) networks, which can learn temporal dependencies, excel in processing sequential and time-series data but have 
increased training complexity and require careful hyperparameter tuning. This may not always allow them to outperform tree-based 
models like GBR, especially when the relationships in the data lack strong temporal dynamics. Therefore, it’s crucial to choose the 
appropriate model based on the underlying data characteristics and the specific problem being addressed.

Our Study, underscores the significant influence of an appropriately selected set of parameters on the ability to accurately predict 
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Fig. 16. Kendall Tau between torsion strength and UHPC parameters.

Table 8 
performance metrics for testing and training data for the selected parameters.

Random Forest Long short-term memory Gradient Boosting Regressor

R Squared Train 0.9641 0.980 0.988
RMSE Train 1.762 1.088 1.03
MAE Train 1.468 1.335 1.07
MAPE Train (%) 10.4 9.093 5.54
MSE Train 3.428 2.512 1.214
R Squared Test 0.959 0.973 0.990
RMSE Test 2.619 1.295 1.303
MAE Test 3.001 1.104 1.042
MAPE Test (%) 9.21 7.539 6.060
MSE Test 9.004 1.699 1.268
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the torsional strength of Ultra- High-Performance Concrete (UHPC), and the results of our study demonstrate a strong impact in this 
regard. This observation opens up promising avenues for optimizing the composition of UHPC. By strategically increasing the pro
portion of certain influential parameters—such as tensile strength, length of steel fiber,

and web width—it is possible to enhance the predictive accuracy and overall, performance of UHPC structures. Such advancements 
pave the way for a targeted approach to the design and optimization of UHPC, potentially leading to the development of stronger, more 
resilient, and more accurately predictable structures, thereby contributing to future improvements in construction and material sci
ence. In order to continue and develop our work, we will focus on several key areas to enhance the understanding and application of 
ultra-high-performance concrete (UHPC). Firstly, it is essential to apply and predict other structural behaviors of UHPC, such as shear 
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Fig. 17. Regression line of the three models.
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and flexural strength, utilizing machine learning approaches. Furthermore, this methodology can be improved and extended to 
encompass other construction materials beyond UHPC. The development of ensemble models that integrate the capabilities of multiple 
algorithms could also enhance performance. Additionally, expanding the dataset to include a broader range of beam geometries, 
reinforcement details, and material types would contribute to more robust predictions. It is also important to investigate a wider 
variety of flange designs to better understand their subtle nuances in torsional behavior. Finally, incorporating data from various 
loading conditions, including combined loading situations, will provide a more comprehensive understanding of UHPC’s performance 
under different scenarios.

6. Conclusion

The study reveals that parameter selection significantly impacts the prediction of the torsional strength of UHPC beams using 
machine learning algorithms. The results from three algorithms (Random Forest, LSTM, and Gradient Boosting Regressor) show that 
increasing fiber length and web width are the most significant factors influencing the torsional capacity of UHPC beams. Longer fibers 
distribute stresses more effectively and increase resistance to cracking, aligning with traditional research findings. A wider web also 
increases the moment of inertia, indicating the beam’s resistance to bending and more space for the shear flow zone. Stirrup diameter 
plays a crucial role in the torsional behavior of UHPC beams, enhancing confinement and mitigating crack propagation.

The study also found that the presence of flanges does not significantly influence the torsional strength of UHPC beams, possibly 
due to the limited range of flange geometries used. Exploring diverse flange designs could reveal a more nuanced relationship with 
torsional behavior.

The Gradient Boosting Regressor algorithm was the top performer, with an R-squared value of 99.9 %, demonstrating its ability to 
align predictions of torsional behavior with actual values accurately. LSTM and Random Forest algorithms while occupying second and 
third positions, still deliver impressive precision rates of 98.5 % and 96.0 %, highlighting the approach’s robustness across diverse 
algorithms.
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[56] De. Myttenaere Arnaud, Boris Golden, B.́eńedicte Le Grand, Fabrice Rossi, Mean absolute percentage error for regression models. Neurocomputing 192 (2016) 

38–48.

E. Khaoula et al.                                                                                                                                                                                                       Case Studies in Construction Materials 22 (2025) e04136 

22 

https://doi.org/10.1016/j.cscm.2022.e01243
http://refhub.elsevier.com/S2214-5095(24)01288-9/sbref38
http://refhub.elsevier.com/S2214-5095(24)01288-9/sbref38
http://refhub.elsevier.com/S2214-5095(24)01288-9/sbref39
http://refhub.elsevier.com/S2214-5095(24)01288-9/sbref39
http://refhub.elsevier.com/S2214-5095(24)01288-9/sbref40
http://refhub.elsevier.com/S2214-5095(24)01288-9/sbref40
http://refhub.elsevier.com/S2214-5095(24)01288-9/sbref41
http://refhub.elsevier.com/S2214-5095(24)01288-9/sbref41
http://refhub.elsevier.com/S2214-5095(24)01288-9/sbref42
http://refhub.elsevier.com/S2214-5095(24)01288-9/sbref42
http://refhub.elsevier.com/S2214-5095(24)01288-9/sbref43
http://refhub.elsevier.com/S2214-5095(24)01288-9/sbref43
http://refhub.elsevier.com/S2214-5095(24)01288-9/sbref44
http://refhub.elsevier.com/S2214-5095(24)01288-9/sbref44
http://refhub.elsevier.com/S2214-5095(24)01288-9/sbref45
http://refhub.elsevier.com/S2214-5095(24)01288-9/sbref45
http://refhub.elsevier.com/S2214-5095(24)01288-9/sbref46
http://refhub.elsevier.com/S2214-5095(24)01288-9/sbref46
http://refhub.elsevier.com/S2214-5095(24)01288-9/sbref47
http://refhub.elsevier.com/S2214-5095(24)01288-9/sbref47
http://refhub.elsevier.com/S2214-5095(24)01288-9/sbref48
http://refhub.elsevier.com/S2214-5095(24)01288-9/sbref49
http://refhub.elsevier.com/S2214-5095(24)01288-9/sbref50
http://refhub.elsevier.com/S2214-5095(24)01288-9/sbref51
http://refhub.elsevier.com/S2214-5095(24)01288-9/sbref51
http://refhub.elsevier.com/S2214-5095(24)01288-9/sbref52
http://refhub.elsevier.com/S2214-5095(24)01288-9/sbref52
http://refhub.elsevier.com/S2214-5095(24)01288-9/sbref53
http://refhub.elsevier.com/S2214-5095(24)01288-9/sbref53

	Machine learning-based prediction of torsional behavior for ultra-high-performance concrete beams with variable cross-secti ...
	1 Introduction
	2 Literature review
	3 Methodology
	3.1 Data collection
	3.2 Data preprocessing
	3.2.1 Features selection

	3.3 Model validation
	3.3.1 Model training
	3.3.2 Random forest
	3.3.3 Recurrent neural networks (LSTM)
	3.3.4 Gradient boosting regressor

	3.4 Model performance evaluation

	4 Results
	4.1 Data preprocessing
	4.1.1 Normality test of the data
	4.1.2 Missingness of the data

	4.2 Model evaluation

	5 Discussion
	6 Conclusion
	CRediT authorship contribution statement
	Declaration of Competing Interest
	Data availability
	References


