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Abstract

:

Due to their roles as efficient lateral force-resisting systems, reinforced concrete shear walls exert a tremendous degree of influence on the overall seismic performance of buildings. The ability to predict the boundary transverse reinforcement of shear walls is critical to the seismic design process, as well as in the overall evaluation and retrofitting of existing buildings. Contemporary empirical models attain low predictive accuracy, with an inability to capture nonlinearity between boundary transverse reinforcement and different influencing variables. This study proposes a boundary transverse reinforcement prediction model for shear walls with boundary elements based on the demand of ductility. Using the extreme gradient boosting machine learning algorithm and 501 samples, some 52 input variables are considered, and a subset with six features is selected, monitored, and analyzed using both internal methods (gain and cover) and external methods. The results (    R   2   = 0.884  ) display superior predictive capacity compared with existing models. Interpretation and error analysis are performed. Safety analysis is conducted to obtain references for use in practical engineering. Overall, this study presents a more accurate tool for use in seismic design and provides references for the evaluation and retrofitting of existing buildings. Our contributions hold significant implications for enhancing the safety and resilience of reinforced concrete structures.
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1. Introduction


1.1. Boundary Transverse Reinforcement of Reinforced Concrete Shear Walls


Reinforced concrete (RC) shear walls, utilizing boundary elements (BEs) as the primary anti-lateral force systems to cope with seismic load, are designed to provide significant lateral strength and stiffness. Design methods have been proposed and improved for RC shear walls with BEs, and experiments investigating their seismic performances have been designed and discussed [1,2,3,4]. Among these elements, ductility has been proven to be a significant design indicator of RC shear walls with BEs, due to its contributions during moderate earthquakes or rare earthquakes, events that can result in the failure and collapse of the structures. The transverse reinforcement of boundary elements exerts positive influence on ductility, enhancing the ultimate compressive strain of concrete in the potential plastic hinge zone [5,6].



Over the preceding several decades, numerous researchers have proposed boundary transverse reinforcement prediction models via theoretical derivation and verified their findings against experimental results related to different ductility demand indicators. Qian et al. [7] proposed an empirical model based on the required displacement angle for rectangular walls or I-shaped and T-shaped walls, integrating parameters including web length, wall height, and the relative height of the compressed zone. Ma et al. [8] established an empirical model based on the required plastic hinge rotation, considering the relative height of the compressed zone, seismic grades, axial load ratio, and the ultimate compressive strain requirements of the concrete at the edges of shear walls. Huang et al. [9] developed a calculation equation based on the damage index of walls, incorporating aspect ratio, axial load ratio, ultimate displacement angle, and the characteristic value of distributed reinforcement.



Based on the Chinese Code for the design of concrete structures [10], the boundary transverse reinforcement of RC shear walls is calculated via the table form, where the transverse reinforcement characteristic value (    λ   b t    ) is given according to the axis load ratio under different seismic grades and seismic precautionary intensities. However, experimental results and seismic damage have illustrated that the current code does not quantitatively establish the relationship between boundary transverse reinforcement and the ductility demand of RC shear walls under different seismic grades. Therefore, ductility remains unknown when determined based on such semi-empirical and semi-theoretical design methods. This causes issues for the seismic design of new buildings, as well as the evaluation and retrofit of existed buildings. With increased interest in performance-based earthquake engineering, contemporary design methods are not capable of expressing the relationship between ductility demand and transverse reinforcement. Quantitative equations from other countries, including the 2019 version of ACI 319 (ACI Committee 318 2019) [11], Eurocode 8 (2004) [12], and NZS 3101-1 (2006) [13], are established based on mechanical analysis and related experimental studies considering various factors. Lu et al. [14,15] established two prediction models based on a quantitative ductility-based method and quantitative drift-based approach, referring to codes used in New Zealand and America, respectively. It is possible to increase the accuracy of the two models by considering the failure caused by steel yielding and concrete being crushed simultaneously.



As summarized above, traditional approaches to the boundary transverse reinforcement of shear walls are available. However, some crucial problems must be solved. In the first instance (1), we must address the lack of a more advanced model to establish quantitative relationship between boundary transverse reinforcement and the ductility demands of RC shear walls, as determined based on the development of construction and latest experimental data. Some of the methods remain established, and some formulas are still based on lower-strength experimental data. Secondly (2), we must address the unreliability of more applicable tools for the performance-based design or evaluation of buildings in large-scale engineering programs. Applicability cannot be guaranteed due to the large amount of missing data with higher axial load ratio [9] and various cross-sectional forms. We must (3) rectify the inability to capture the relationship between variables, e.g., the impact of transverse reinforcement on the final deformation. This failure occurs because numerical simulations of real-world scenarios invariably simplify or overlook certain key details [8], hindering the resolution of quantitative relationships. The final factors in need of remedying include (4) the unexpected level of accuracy and efficiency of prediction because of mechanical assumptions and considerable prerequisites, (5) the restriction of computing and analysis ability based on simple linear functions [7], or even table-form interpolation [10]. Thus, alternative models require exploration. The design and analysis of RC shear walls with BEs necessitate a more thorough consideration of factors under real load conditions and the accurate extraction of patterns from experimental data. We must develop models with stronger generalization capability based on the combination of recent and historical experimental data.




1.2. Machine Learning Performance Studies on Reinforced Concrete Shear Walls


The application of machine learning is relevant in connection with real problems and intrinsic causes [16,17]. Recent advancements in machine learning (ML) methods have produced a paradigm shift in the analysis and design of RC shear walls, as researchers seek to address existing flaws in traditional methods. The potential of performance prediction using ML methods has been underscored by several studies [18,19,20] demonstrating its superiority in handling complex data.



For simple issues in RC shear walls, such as bearing capacity prediction in the positive cross-section, traditional studies have achieved considerable accuracy. Thus, current machine learning research is primarily focused on the exploration of more complex issues involving physical, geometric, or material nonlinearity, such as backbone curves, ultimate deformation, and the energy dissipation capacity of shear walls. These issue can be categorized into several aspects, which are summarized in part as follows: (1) failure mode recognition and prediction [21,22,23,24,25]: identifying and predicting the failure modes of shear walls; (2) capacity prediction (often shear capacity) [26,27,28,29,30,31]: forecasting the load-carrying capacity of shear walls, predominantly shear capacity; (3) deformation capacity prediction [32,33]: estimating the deformation capacity of shear walls; (4) energy dissipation capacity prediction [34,35,36,37]: anticipating energy dissipation capacity, hysteresis curves, equivalent damping ratios, and related aspects. Some studies amalgamate predictions of shear wall performance [26] (failure modes, shear capacity, and deformation capacity), utilizing existing models to assist with shear wall design and the establishment of user-friendly platforms [30]. These studies have proved that ML models excel in (1) handling data with strong computing power; (2) effectively capturing the nonlinear relationships between input variables and output variables using statistical methods and with techniques based on ensemble algorithms [32]; and (3) offering a promising alternative for accurate prediction compared with empirical methods [37].



The prediction of the boundary transverse reinforcement of shear walls with BEs is related to regression problems such as deformation capacity prediction, which also involves nonlinear performance under a seismic load. As ML methods show the potential of accuracy and applicability in other ML studies of RC shear walls, they may offer novel horizons in the prediction of boundary transverse reinforcement. However, no such prediction model has been developed and explored using ML methods.



On this basis, our study aims to bridge the gaps in knowledge by developing a robust prediction model through ML algorithms. The purpose of doing so is to explore and address the following needs: (1) Develop a more precise quantitative model that links the ductility demand to the need for transverse reinforcement, thus helping to improve the seismic performance of shear walls. (2) Expand applicability and advancement. Collect the latest high-quality and representative experimental data on shear walls, covering a wider range of types to enhance credibility. (3) Integrate domain knowledge with machine learning methods in order to consolidate existing research parameters, combine them with new parameters for analysis, capture nonlinear relationships, and uncover latent patterns within subtle data relationships.



In our research, the data set of 501 samples with transverse reinforcement in the boundary elements is established and checked cautiously for the purpose of building ML models. Feature engineering is implemented in order to investigate and select the feature subset with the minimal but most representative input variables. Statistical indicators are used to evaluate the performance of ML models and choose the most suitable algorithm. To address the issue of interpretability, we provide explanations based on the Shapley additive explanations (SHAP) method, partial dependence plot (PDP), as well as error analysis. Further, a comparison with empirical equations from researchers and codes is performed to render results more convincing. Finally, safety analysis is conducted to obtain references for use in practical engineering.





2. Overview of Experimental RC Shear Wall Data Set


The database comprises the backbone of training ML models. Abundance, accuracy, and targeted characteristics are of equivalent importance to the algorithm used. Original data for the investigation of shear wall components based on machine learning methods primarily utilize experimental data from existing databases (SLDRCE Database (2008) [38], NEEShub Shear Wall Database [39], and ACI 445B Shear Wall Database [40]). These are presented through tabular values or graphical representations of test results. A robust database called UCLA-RCWalls, which contains detailed and parameterized information on more than 1000 wall tests reported in the literature, was established by Abdullah (2019) [41] and assembled to serve as a resource. The most crucial issue is that definitions of some parameters for RC walls in Chinese study differ from those listed in the database above.



To address the concerns listed and meet the uniform standards of Chinese studies, there is a need to collect current available experimental data of RC shear walls with BEs. In this study, a new database is established, with 291 samples collected from more than 70 experimental programs conducted mainly after 2010. This article attempts to contribute to the richness of RC shear wall databases in the following unique ways: (1) The integration of the latest data. We integrate key data samples from both domestic and international sources published over the past twenty years, supplemented by samples tested according to the most recent design standards. The addition of these new data imbues existing research with deeper practical value. (2) Enhancement of sample diversity. This study covers a wide range of test samples, including the latest in specialty concrete materials, such as recycled and high-strength concrete, intricate and varied cross-sectional forms, and various shear wall failure modes. This broad spectrum of samples enhances the universality and credibility of the research. (3) Expansion of sample scope. Addressing the lack of representativeness in existing databases, this database significantly expands the range of samples, integrating those with an axial compression ratio over 0.3 or with greater steel reinforcement strength. This expansion lays a solid foundation for the in-depth assessment of the impacts of research parameters. (4) Ensuring data authenticity. By extensively collecting and selecting literature samples with complete information, we avoid reliance on empirical value filling or supplementary statistical methods. Thus, our research provides a reliable foundation for machine learning research. (5) Unified conversion of parameter definitions. Considering the variations in the definition of shear wall test data parameters (such as concrete strength, yield, and ultimate displacement) across different countries, this database scientifically and logically converts these parameters based on extensive research, ensuring that the converted values are more suitably tailored to the requirements of this study.



In addition, test references unrelated to this study, e.g., squat walls, special materials, or unique improvement deployments, are also included in the database without detailed extraction. This contains several major clusters of data, namely, specimen data, test setup data, experimental data, and empirical/calculated data. These data are then organized, being divided primarily into the following main sections: geometry information of walls; material properties of concrete and steel; original design details of web and boundary elements; test setup records; and experimental results, including key points, images, and descriptions. These sections are further divided into numerous branches in order to both enrich the database, and, more importantly, enhance the usability of data by recording more comprehensive and parameterized information. The data from the CABR-RC wall database, along with 240 samples calculated and validated from existing databases, were used for preprocessing, generating a total of 531 samples.



To fulfill the aims of this study, the samples with no boundary transverse reinforcement were cut out, and the database was filtered to include 503 wall specimens with BEs. The histograms of some parameters are shown in Figure 1. This includes 276 rectangular, 112 barbell, 70 flanged, and 24 T-shaped (web in compression) formations, as well as another 21 shapes. The meanings of variables are provided in Notation.




3. Method


This study is based on the ductility design method and ML methods. This study focuses on establishing a prediction model of boundary transverse reinforcement for RC shear walls with BEs, which is based on the ductility demand represented by the experimental drift ratio (  θ =   d   u   /   H   a    ). That is, our aim is to establish a model with a package of input variables including experimental drift ratio. Reasons for choosing the drift ratio instead of curvature ductility as the input ductility demand are given in other research [42] related to this study. There are three principal reasons for choosing the drift ratio as the input ductility demand: (1) the drift ratio includes bending deformation and shear deformation and is suitable for flexure-controlled, flexure-shear-controlled, and shear-controlled situations; (2) the drift ratio does not depend on the definition of yield displacement or yield curvature; (3) the drift ratio is a routine record of all specimens, and can be directly related to drift limits specified in building codes (T/CECS 392-2021 [43], ASCE 41-17 [44]). Frequently, the drift capacity of RC shear walls (    d   u    ) is defined as drift corresponding to a 15% lateral strength loss from the peak strength in China. The target variable     ρ   b t     is a volumetric reinforcement ratio in the boundary elements, typically representing the volume of transverse reinforcement (like hoops or ties) in relation to the total volume of the confined core in columns or boundary elements.



A schematic overview of the methodology used to develop a prediction model of transverse reinforcement for RC shear walls with BEs in this study is shown in Figure 2. Key points of the prediction include the following: (1) data preprocessing, including the collection and classification of parameters, and their transformation for further study; (2) feature engineering, including dimensionality increases and reductions; (3) selection of an algorithm, involving the pre-training of eleven ML methods based on the training set, and performance evaluation of the testing set through three typical statistical metrics; (4) model training using the selected algorithm and optimization using hyperparameter tuning and cross-validation; (5) comparison with empirical equations and codes; and (6) interpretation of the results through the SHAP method and partial dependence plot (PDP). Following these steps, the selected model is compared with those proposed by researchers and codes to obtain a broad view and more informative details. Safety analysis is then implemented, with consideration paid to application in engineering practice. Finally, the model code is converted into C code for deployment in Chinese structural analysis software (SAUSAGE 2023) in order to conduct comprehensive structural analysis.



The fundamental objective of feature engineering is to identify a minimal subset of features that exhibit the highest degree of mutual orthogonality while capturing the most pivotal patterns intrinsic to the problem [18]. Feature dimensionality increase and reduction are two concepts commonly used in feature engineering [45]. Feature dimensionality increase is the process of exploring feature combinations, which involves data-driven methods with feature creation, the validation of physical quantities, and physics-driven methods with domain knowledge of the problem. Feature dimensionality reduction permeates three stages: pre-training, during training, and post-training. The basic workflow of the feature engineering utilized in this study is illustrated in Figure 3. This serves as a dynamic mechanism throughout the entire training process, primarily encompassing two aspects: feature dimensionality increases and reductions. Further, feature dimensionality reduction is categorized into three phases: pre-training, during training, and post-training.




4. Machine Learning Boundary Transverse Reinforcement Prediction Model


4.1. Feature Dimensionality Increase


In this study, feature dimensionality increases are achieved via the physics-driven method, i.e., the collection of physical quantities that conform to fundamental laws. These are drawn from three sources: (1) simple variables from a database, such as height or thickness in geometry; (2) calculated variables used in design, such as axial compression ratio; and (3) composite variables utilized in previous research or codes. The input variables to be considered include materials, geometry, design, test to code-related, literature, and composite parameters. There is a total of 52 parameters, as shown in Table 1. It should be explained that the categorical variable, namely, the configuration of the boundary transverse reinforcement, is not set as an input variable. This is because most of the samples only have one identical single arrangement, with no evident difference between versions.



Before the next step, preprocessing and transformation are implemented, because some of the categorical variables are not suitable for correlated analysis or certain algorithms. An encoding technique must be used to transform the categorical variables into numeric ones. In this study, target encoding (mean encoding) is adopted, where each category (loading modes and cross-sectional shapes) is replaced with the mean of the target variable for samples sharing that category.




4.2. Feature Dimensionality Reduction


Feature dimensionality reduction or feature selection is then performed to identify the most suitable feature subset for subsequent training by analyzing the relationship between input variables and the target variable. Statistical methods are utilized to obtain a subset with minimal features before model training.



Firstly, input variables weakly correlated with target variables are quantitatively assessed using the Spearman’s correlation coefficient, a non-parametric measure of rank correlation which assesses the strength and direction of association between two ranked variables. Unlike Pearson correlation coefficient, it does not assume that data are from a specific distribution. Hence, it can be used with ordinal, interval, and ratio data. Additionally, it assesses both linear and non-linear monotonic relationships. Thus, it is applicable to the data from this study. The coefficient   ( – 1   ≤   r   s   ≤   1 )   is computed as:


    r   s   = 1 −   6  ∑    d   i   2       n (   n   2   − 1 )    



(1)




where     d   i     is the difference between the ranks of corresponding variables, and   n   is the number of observations.



After analyzing the relationships in samples, validation should be further expanded to the population. Statistical significance testing provides mechanisms to determine if the result is likely due to chance or if there might be a genuine effect or difference, indicating whether the sample observation also applies to the population. Table 2 reports the Spearman’s correlation coefficient and the p-value from the statistical significance test. More details of the parameters are listed as Table A1 in Appendix A. A null hypothesis (    H   0    ) is tested there, with a statement that there is no strong monotonic correlation in the population. The hypothesis test is expressed as     H   0   :     r   s   = 0.5   and     H   1   :     r   s   ≠ 0.5  . The alpha level (  α  ) is set at 0.05, meaning that a   p  -value less than 0.05 indicates that the null hypothesis is invalid—that is, there is no strong association between the two variables. Overall, 33 input variables with     r   s   < 0.5   or   p > 0.05   are typically eliminated.



Secondly, with the aim of establishing a minimal subset of features that exhibit the highest degree of mutual orthogonality, there is a need to reduce variables for model training by cutting off the highly correlated variables in the preselected subset above. Through domain knowledge and the Spearman correlation matrix, groups of input variables with high mutual correlation are identified. Only one feature is retained for each pair and used to mitigate their potential influence on the model outcomes. Obviously,     D   b t    ,     d   u    , and     H   a     display direct computed relationships with the target variable (    ρ   b t    ) and ductility demand (  θ  ).   B   is included in the parameter   L / B   with higher       r   s       value. Similarly,   c   and     V   m a x     are also parts of parameters with higher       r   s       value, namely   L · c /   B   2     and     V   m a x   /    f   c     . Thus,     D   b t    ,     d   u    ,     H   a    ,   B  ,   c  , and     V   m a x     are removed before proceeding to the next phase. It can also be seen in Table 2 that the ductility demand   θ ,   as an indicator of the prediction in this study, is very suitable because of its relatively high ranking and low   p  -value compared with the ductility factor (  μ  ).



In general, it is good practice to remove highly correlated features prior to training, regardless of the adopted algorithm. Thus, only several features are retained for each pair of highly correlated features. Figure 4 presents the Spearman correlation matrix, in which there are three pairs of highly correlated features (      r   s     ≥ 0.5  ): (1)   θ  —    L   b   / L  ,     d   y    ,     S   b l , m a x    ,     L   b    ; (2)     f   y , b l    —    f   u , b l    ,     f   u , b t    ; (3)     S   b l , m a x   /   B   b    ,   L · c /   B   2    ,   A L R  —  L / B  . To fulfill the aim of this study, four input variables relevant to the factor (  θ  ) in this study are removed. In the second pair,     f   y , b l     displays stronger correlation with transverse reinforcement and a lower   p  -value compared with its correlated versions, meaning that it is retained in the second group.   L / B   is simultaneously related to other input variables within the same group, which indirectly indicates that it can be largely characterized by the other variables. In order to maintain both the relative completeness and diversity of information conveyance, it is excluded here.



In summary, a robust feature subset can be defined as one that encompasses the maximum amount of effective information with the smallest subset size, while also minimizing mutual interference among features. This subset is selected from input variables via the following process:




	(1)

	
Weak correlation elimination with the target is conducted by utilizing Spearman’s rank correlation coefficient (      r   s     ≥ 0.05  ) to compute and explore nonlinear relationships between input variables and the target variable. Validating the applicability of these patterns from the sample to the general population via significance testing (  p < 0.05  ) identifies nineteen input variables with strong correlation to the target variable;




	(2)

	
Physical dimensionality reduction is performed. Leveraging domain knowledge in civil engineering, the nineteen input variables are subjected to substitutability analysis, eliminating replaceable variables;




	(3)

	
Elimination of collinear input variables is conducted, using the Spearman correlation matrix to identify groups of variables with strong correlations. The selective elimination of highly correlated input variables within each group ensures that the feature subset conveys more effective information within a simplified structure, reducing the mutual influence of input variables. This approach enhances the precision of model training and reduces subsequent computational demands.









Finally, six input variables, namely,     f   y ,   b l    ,   θ  ,     V   m a x   /    f   c     ,     S   b l , m a x   /   B   b    ,   L · c /   B   2    , and   A L R  , are selected through the following steps and they constitute the feature subset for model training. The scatter matrix is shown in Figure 5, and the variation in transverse reinforcement with respect to each feature is given in Figure 6. These values, respectively, represent the yield strength of the longitudinal reinforcement in BEs, the ductility demand, the level of shear stress related to the failure mode, the ratio of the spacing of longitudinal reinforcements along the length of the wall to the thickness of BEs, the relative slenderness of BEs, and the design axial load ratio. Each of these factors is physically related to wall deformation. In other words, they are all potentially associated with the configuration of boundary transverse reinforcement.




4.3. Statistical Metrics for Model Performance


The evaluation of performance in prediction models utilizes statistical metrics, which take into account both the predicted and observed transverse reinforcement. In this study, metrics should be suitable for use in regression problems of continuous targeted values. When the evaluation of different algorithms is compared in order to choose the most applicable method, a combination of metrics is applied. The first metric is the coefficient of determination (    R   2    ) (Wright, 1921) [46], which can be interpreted as the proportion of the variance in the dependent variable that is predictable from the independent variables, ranging from   − ∞   to 1. This parameter is deployed to detect the quality of the performance of a regression method, and is among the more informative and truthful. Additionally, it does not display the interpretability limitations of other metrics [47]. The second metric, the weighted absolute percentage error (WAPE), is the weighted average of the ratio of the absolute value of the difference between the actual and predicted values to the sum of the actual values. It is a summary statistic that provides a holistic global error assessment, focusing on the overall degree of prediction error. The third metric, the root mean square error (RMSE), indicates the square root of the mean of the squared differences between the predicted and actual values. This value can efficiently reflect significant differences, because it is sensitive to outliers and penalizes large errors more severely.




4.4. Machine Learning Algorithm


A feature subset of six features is utilized to pre-train the model. Some 11 algorithms are considered and compared to select a suitable one. The first group comprised (1) linear algorithms: ordinary least squares (OLS), lasso regression (lasso), ridge regression (ridge), K-nearest neighbors (KNN), and support vector regression (SVR). We also considered (2) tree-based algorithms: decision trees (DT), random forests (RF), AdaBoost, LightGBM, and CatBoost, as shown in Table 3. Among the tree-based algorithms, there are two categories of strategy, namely, parallel ensemble techniques (bagging methods) and sequential ensemble techniques (boosting methods). Linear regression models are utilized as the basic model for comparison. Comparing the predictions of several linear models, tree-based models increase accuracy and dig out potential nonlinear relationships.



In pre-training process, the training set (80% of the data) is utilized to train the models based on 11 algorithms. Then, the performance is evaluated based on the testing set by comparing the predicted values with the experimental data, as shown in Table 3. Tree-based models display better performance than linear models. Statistically, a model with a high value of     R   2     and corresponding low values of error (RMSE, WAPE) is considered to possess better performance in terms of accuracy and robustness (the three metrics are summarized in Section 4.3). The XGBoost algorithm [48,49] is selected as the final prediction model of boundary transverse reinforcement via comparison with various algorithms, because it shows the best performance (    R   2     = 0.819, RMSE = 0.239, and WAPE = 0.294) on testing sets among all 11 ML models.



Additionally, we remove two samples after pre-training because of the outlier degree, which exerts a negative effect on accuracy. An example of the final XGBoost model weight tree for this study is shown in Figure 7.




4.5. Model Training with Hyperparameter Tuning and Cross-Validation


After selecting the model training algorithm, it is necessary to adopt reasonable methods for training and prediction and to optimize the selection of hyperparameters. It effectively enhances the generalization ability while reducing the likelihood of overfitting during the training process. This involves hyperparameter selection and model training methods. In this study, k-fold cross-validation (CV), ratio sampling, and grid searching are combined to train the final model with the optimal combination of model parameters.



This study uses the following methods to optimize the model. We apply a random split with 20% data for testing and 10-fold cross-validation to process a single round of training and prediction, whereby single rounds are repeated 100 times via random ratio sampling. To obtain the best output from the final model, grid search is applied to tune hyperparameters. Eight hyperparameters are considered for tuning, and they are listed in Table 4. We built and evaluated every combination of these factors. The combination with relatively higher value of     R   2     and lower values in RMSE and WAPE is selected. To alleviate the inherent randomness of selecting training and testing samples, a k-fold cross-validation process is employed [42]. Finally, under conditions of very small error variability, the overall performance is improved. The     R   2     of the original model increases from 0.819 to 0.884, marking an improvement of 8%. The statistical performance of the final XGBoost model is listed in Table 5. Additionally, as a variant of the coefficient of determination, the adjusted R-squared value considers the influence of the number of features on the complexity of the model and is used to perform feature selection or reduction during training.



While training, a model-based or internal method is seen as a means of performing feature selection, providing direct assessment of the importance of features according to the current model, and offering instruction for feature adjustments. The gain (Gini importance) and cover of the XGBoost model offer a more holistic view of the feature’s contribution. Gain (Gini importance) refers to the average optimization of information gain (objective function) brought by the feature corresponds to the reduction in prediction error after the feature is split during node splitting. The higher the value of this feature, the greater its contribution to enhancing the performance of the model. Cover refers to the number of samples covered by the leaf nodes of a feature divided by the number of times the feature is used for splitting in tree models during splitting. The closer the split is to the root, the larger the cover value, indicating that the feature covers a larger scale of node splits in the model. This can be used to complement and verify the ranking results of Gain. Determined based on distinct objectives, external importance analysis is employed to comprehensively discern the influence of individual features within the model on the final outcomes with greater confidence in the results. In this study, two ways of ranking external importance are given to reflect the points of different emphasized in later sections, namely, the SHAP method and the permutation importance method.



Internal importance rankings of features are obtained, as shown in Figure 8. The greater enhancement of a feature means that it makes a more important contribution to the performance improvement of the model, where gain refers to the reduction in prediction error due to segmentation using this feature. Additionally, external methods are applied to provide more perspectives of relationship between features and the model, as shown in Figure 9. Permutation importance reflects the degree of depreciation of the target after the corresponding feature is scattered, while the SHAP value shows the marginal effect of the feature being removed.     S   b l , m a x   /   B   b    ,   L · c /   B   2    , and     f   y ,   b l     display the highest feature importance values on most occasions. In both internal and external methods,     S   b l , m a x   /   B   b     and   L · c /   B   2     emerge as the predominant features. Their significance suggests that they play a crucial role in enhancing model performance, including in the presence of disturbances.   θ   and     V   m a x   /    f   c      score higher in internal ranking (cover), but behave relatively worse in external ranking, showing that the disturbance to the model is weaker when each of these two features changes. The performance of the model is more sensitive to changes in     f   y ,   b l     and   A L R ,   as they have higher scores in external ranking.




4.6. Interpretation of XGBoost Transverse Reinforcement Model


To understand the behavior of the proposed XGBoost model, tools for global explanation, local explanation, and error analysis are used to obtain greater understanding and interpretation. On the basis of robust statistical indicators and small errors, the trend of the feature’s impact is explained by SHAP values and a partial dependence plot (PDP).



SHAP values, proposed by Lundberg and Lee [50], are computed to obtain a global explanation of the prediction trend affected by features. Figure 10 presents the SHAP summary plot for an XGBoost model trained on 501 samples. It illustrates the impact of each feature on the output, as conveyed by SHAP values derived from the XGBoost model. The horizontal axis, representing the SHAP values, reveals their influence on the predicted variable. Features are placed in order on the vertical axis based on their SHAP importance. SHAP values closer to zero suggest a less significant impact on the prediction, while values further from zero imply a more pronounced influence. The dots symbolize samples from the database. Their color, transitioning from blue to red, indicates the progression of feature values from low to high. The dot density represents the concentration region of a particular feature. When interpreting the impact trend of individual features, (1) the progression of the corresponding row from left to right and the distinct change in the dot color from blue to red indicates that an increase in the feature value is favorable for enhancing transverse reinforcement. The trend is the opposite when the change is from red to blue. (2) The broader the range provided by the SHAP values and the sparser the dots, the more sensitive the predicted variable is to alterations in feature values. Furthermore, (3) in areas where dots are predominantly clustered in blue and located on the left of the zero axis, it is possible to surmise that that for most classifications with small feature values, a smaller value of this feature is unfavorable for transverse reinforcement. The interpretations for other scenarios are analogous.



In this model,     S   b l , m a x   /   B   b     exhibits the greatest predictive power, followed by   L · c /   B   2     and then     f   y ,   b l    . It should also be observed that high     S   b l , m a x   /   B   b     and   L · c /   B   2     values are associated with lower boundary transverse reinforcement. For   θ   and   A L R  , the opposite conclusions are drawn. This aligns with a multitude of experimental findings suggesting that boundary longitudinal reinforcement with a higher yield strength, greater ductility demand, and larger design axial load ratio increases the transverse reinforcement in the boundary element. The influence trend for     V   m a x   /    f   c      is not evident. Simultaneously, both     S   b l , m a x   /   B   b     and   L · c /   B   2     exhibit a broader SHAP value range, and smaller values display a more pronounced impact. This suggests that the prediction of transverse reinforcement is sensitive to the abovementioned features, rendering them unsuitable for referencing in boundary transverse reinforcement design, even if they possess greater importance. In contrast, the ductility demand (  θ  ) used in this study displays a narrow SHAP value range. As the value increases, the SHAP value changes uniformly, and the negative impact is minimal, causing less perturbation to the model. The concentrated values for both     S   b l , m a x   /   B   b     and   L · c /   B   2     are for larger feature values, whereas the other four features are for smaller values.



Additionally, a partial dependence plot (PDP) [49,51,52] is a visualization tool that displays the marginal effect of one or two features on the average prediction of a machine learning model. PDP plots are typically represented graphically, where the x-axis represents the values of the feature and the y-axis represents the predicted value of the model. Each light-colored line represents the result line of one sample. For easier viewing, only 100 individual sample result lines are displayed, while the dark-colored line is the average line of all samples. It can help to understand how the model predictions change when the feature values increase or decrease. Figure 11 displays the one-way PDPs of predicted boundary transverse reinforcement with different features in the XGBoost model. The trends that correspond to different features are essentially consistent with the patterns presented in the SHAP plot. This provides a reliable basis for the identified patterns and visually demonstrates the degree of change in prediction for different value segments. Among these trends, both   M a x   S   b l   /   B   b     and   L · c /   B   2     exhibit a distinct negative relationship with the prediction, especially within the intervals   0 <   S   b l , m a x   /   B   b   < 2.3  , and   0 < L · c /   B   2   < 22.6  .     f   y ,   b l     exhibits a clear positive relationship with the prediction, although a negative relationship is evident in the range   500 <   f   y ,   b l   < 540  . The relationship between the change in   A L R   and the predicted transverse reinforcement is complex. Overall, it is a positive relationship, especially in the intervals   0 < A L R < 0.14   and   0.21 < A L R < 0.5  . However, when the axial load ratio increases (i.e.,   A L R > 0.5  ), a negative relationship is instead revealed. The impact of     V   m a x   /    f   c      on the prediction is not pronounced (it is positively correlated when     V   m a x   /    f   c    < 115  , and essentially unchanged when     V   m a x   /    f   c    > 192  ).   θ   displays a clear positive relationship with the prediction (it is positively correlated when   θ < 1.3 %   and   θ > 1.7 %  , and negatively correlated when   1.3 % < θ < 1.7 %  ). It is worth noting that, with the changes in     S   b l , m a x   /   B   b    ,   L · c /   B   2    , and     f   y ,   b l    , the average predicted value range is between 1% and 2.5%. With the fluctuations in   A L R  ,   θ  , and     V   m a x   /    f   c     , the predicted value primarily hovers between 1% and 2%.



In addition, residual analysis is also used to reflect the specific errors in the trained model based on the selected algorithm. A variant of the coefficient of determination, known as adjusted R-squared, considers the influence of the number of features on the complexity of the model, and is used to feature selection or reduction during training. A histogram of errors for the XGBoost model is shown in Figure 12. As illustrated in Figure 12, there are more samples with positive error (predicted value greater than the experimental value, approximately 3/5). Approximately 90 percent of the sample error is within 1% of the absolute value, including the interval with the largest error between 0 and 0.5%.



In order to further investigate the relationship between the error distribution and features and quantify the scope of application of each feature in the model with relatively lower error, error scatter plots are plotted, as shown in Figure 13. Figure 13a displays the error points for samples with smaller or larger experimental boundary transverse reinforcement, and they tend to be symmetrical. After further investigation of the data points with the highest (>0.5%) absolute error values, Figure 13b is displayed. It is observed that most of the higher errors appear to be concentrated in the lower values of     S   b l , m a x   /   B   b   ( < 1 )  ,   L · c /   B   2   ( < 20 )  ,     f   y ,   b l     (  < 500  ),   A L R   < 0.6   ,   and     V   m a x   /    f   c      ( < 150 )  . The error distribution has no obvious trend with the change in   θ  .




4.7. Comparison of Empirical Equations and Codes


In order to validate the applicability and potential superiority of the proposed XGBoost model, traditional empirical models proposed by researchers and codes are used to predict the transverse reinforcement ratio and test the performance with the same data utilized in this study. GB1–3 correspond to three different combinations of seismic degrees and seismic precautionary intensity in the Chinese code [10], indicating decreasing severity. Methods in the US code (ACI 318-19) [11] and the European code (Eurocode 8) [12] are also included. The results are displayed in Figure 14 and listed in Table 6.



Figure 14 and Table 6 show that the predictive performance of the proposed ML model is more accurate, robust, and stable than that exhibited by its competitors. In Figure 14, the root mean square errors (RMSEs) of the empirical formulas of Qian et al. [7], Ma et al. [8], and Huang et al. [9] are 2.017, 1.848, and 1.903, respectively, while the RMSE of the XGBoost model on the testing set is 0.005. The standard deviation values of the error between the experimental and predicted transverse reinforcement ratios of the empirical formulas of Qian et al. [7], Ma et al. [8], and Huang et al. [9] are 1.997, 1.620, and 1.881, respectively, while that of the XGBoost model on the testing set is 0.005. The figures show greater sensitivity and lesser accuracy in empirical formulas than those produced using the XGBoost model. This also reflects the robustness and stability of the ML model in prediction compared with empirical methods, because RMSE is sensitive to outliers and penalizes large errors more severely. In Table 6, the lowest weighted absolute percentage error (WAPE) of three types in the Chinese code (GB 50010-2015) [10], ACI 318-19 [11], and Eurocode 8 [12] is 0.772, which is obviously higher than that of the XGBoost model, with a value of 0.246. This shows that the overall predictive performance of the XGBoost model is better, because WAPE is a summary statistic that provides a holistic, global error assessment which focuses on the overall degree of prediction error.



The primary reasons for and advantages of the superiority of the XGBoost model can be attributed to the following facts: (1) Empirical formulas are derived based on a limited number of original shear wall specimens, which implies that the accuracy and applicability might be constrained by the scope (e.g., cross-sectional shape and level of confinement) and diversity of the initial experimental data (e.g., axial load ratio). They may not be fully applicable to new situations or a broader range of shear wall types that significantly differ from the original data. However, this could be improved in XGBoost models based on the richness of the newly built database. (2) The ability of ML methods, especially tree-based algorithms, to dig out complex and nonlinear relationships is stronger than that of traditional linear regression formulas. (3) Empirical formulas might neglect, overestimate, or underestimate parameters that contribute to the transverse reinforcement ratio, due to the restriction of computing and analysis abilities.


    ρ   b t   =   λ   b t       f   y , b t       f   c      



(2)







Qian et al. [7] model:


    λ   b t   =   323 θ   a + 0.13         H   L   + 1.46     − 0.06  



(3)







Ma et al. [8] model:


    ε   c c   =   1 + 3.50   λ   b t       ε   c 0    



(4)






    ε   c c u   =   0.0054 + 0.0144 η   ξ  



(5)






    ε   c c u   =   2.34 + 2.49     λ   b t     0.73       ε   c c    



(6)







Hang et al. [9] model:


    λ   b t   =   10 (   k   f   + A L R )       k   f   + 0.4         2 θ /   D   w   − 0.0024 r   1 − 0.25 / r   + 0.0036   − 0.08  



(7)








4.8. Safety Analysis


Figure 15 displays the histogram and empirical cumulative distribution of the error between the experimental and predicted transverse reinforcement ratio of the XGBoost model when applied to testing sets. The vertical line at error = 0 indicates that the predicted value is equal to the experimental value. Errors less than 0 indicate safety, whereas errors larger than 0 indicate insecurity. Most of the transverse reinforcement ratios predicted by the XGBoost model are very close to the experimental values, with a safety probability of 57%.



When applied in engineering practice, factoring in safety, structural stability, and reliability, the prediction model should be sufficiently conservative to ensure the safe design of RC structures. Acceptance criteria (AC) [50] provide limiting values of properties, such as drift, strength demand, and inelastic deformation. These are used to determine the acceptability of a component at a given performance level. ASCE 41-17 [44] provides a procedure for defining AC based on experimental data. However, for more severe performance objectives related to safety and structural stability, considerations for the selection of AC should reflect the probability of exceeding a threshold behavioral state (i.e., life safety, LS, and collapse prevention, CP) [41,53], corresponding to the onset of lateral-strength degradation or axial failure. This method is more appropriate and consistent with the performance objectives of columns in ACI 369-17 [54] by Ghannoum and Matamoros [53].



As primary components, shear walls must resist seismic forces and accommodate deformations if they are to achieve the selected performance level. Additionally, acceptance criteria with a fixed probability are recommended by Wallace and Abdullah [41]. When assessing a member critical to the stability of a structure, its ability to satisfy the AC for LS would indicate an 80% level of confidence that the member under consideration has not initiated lateral strength degradation [41]. On this basis, an additional value of 0.24% should be added to the value predicted by the XGBoost model established in this study. Furthermore, in order to meet different demands, several additional values with guaranteed rates are provided in Table 7.





5. Summary and Conclusions


This paper presented a machine learning (ML)-driven transverse reinforcement prediction model for application to reinforced concrete (RC) shear walls with boundary elements (BEs) based on the ductility demand. Using 501 shear wall samples, our research provided a valuable quantitative reference for both new and existing buildings.



	
A new database of 291 shear wall samples was established with more detailed sample information and label categorization, offering available data and references for related research;



	
A stable XGBoost model with     R   2     = 0.884 was developed based on the feature subset (    f   y , b l    ,   θ  ,     V   m a x   /    f   c     ,     S   b l , m a x   /   B   b    ,   L · c /   B   2    ,   A L R  ). This technique provides superiority in prediction, with higher accuracy, robustness, and lower variability than empirical formulas and standards;



	
The developed model underwent feature monitoring and comprehensive analysis via the internal feature ranking (gain and cover) of XGBoost algorithms and by being subjected to external feature ranking methods (SHAP method and permutation importance). Both during and after training, the results indicate that the most influential factors on predictions are     S   b l , m a x   /   B   b     and   L · c /   B   2    . Simultaneously,     S   b l , m a x   /   B   b     and   L · c /   B   2     exhibit a negative relationship with boundary transverse reinforcement, while     f   y ,   b l    ,   θ  , and   A L R   show a positive relationship. This is in accordance with empirical findings, validating the reliability of the established model. The impact of     V   m a x   /    f   c      is less pronounced in this model;



	
Safety validation was conducted before application to ensure its practical value. Additionally, the source code of the model was converted into C code for deployment in structural analysis software to facilitate real-world engineering verification.
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Notation




	   θ   
	=experimental drift ratio (    d   u   / L  )



	     d   u     
	=lateral roof displacement at the ultimate load with 15% degradation from the peak strength



	   L   
	=total length of the wall in the direction of the applied load



	     ρ   b t     
	=volumetric transverse reinforcement ratio in boundary element



	     f   c     
	=design value of axial compressive strength of concrete in Chinese code



	     f   y , w v   /   f   u , w v       
	=yield/ultimate stress of vertical reinforcement in web



	     f   y , w h   /   f   u , w h     
	=yield/ultimate stress of horizontal reinforcement in web



	     f   y , b l   /   f   u , b l     
	=yield/ultimate stress of longitudinal reinforcement in boundary element



	     f   y , b t   /   f   u , b t     
	=yield/ultimate stress of transverse reinforcement in boundary element



	     H   a     
	=height of wall (height to loading point)



	   H   
	=height of wall (not including loading beam)



	   B   
	=web thickness



	    H   a   / B  ,   H / L  
	=aspect ratio corresponding to different heights



	     h   0     
	=effective depth of the cross-section in the loading direction (0.8  L   for RC shear walls)



	Section
	=shape of section in RC shear walls



	   C   
	=cover thickness in web



	     ρ   w h     
	=ratio of web horizontal reinforcement



	     ω   w h     
	=characteristic value of web horizontal reinforcement (    ω   w h   =   ρ   w h     f   y ,   w h   /   f   c    )



	     ρ   w v   /   ω   w v     
	=ratio/characteristic value of web vertical reinforcement



	     ρ   b l   /   ω   b l     
	=ratio/characteristic value of boundary longitudinal reinforcement



	     L   b     
	=width of boundary element (including twice the thickness of the concrete cover)



	     B   b     
	=depth of boundary element (parallel to the longitudinal direction of the wall)



	     D   b l   /   D   b t     
	=diameter of boundary longitudinal reinforcement/transverse reinforcement



	     S   b l , m a x     
	=maximum spacing of boundary longitudinal reinforcement



	     S   b t     
	=spacing of boundary transverse reinforcement



	     V   m a x     
	=maximum total lateral force reported by researcher



	     d   y     
	=lateral roof displacement at the yield load



	   θ   
	=experimental drift ratio of wall (  θ =   d   u   /   H   a    )



	   c   
	=width of the boundary element plus half the wall thickness



	   μ   
	=ductility factor



	     V   m a x   /    f   c      
	=shear stress demand (maximum experimental shear stress normalized by the square root of the design value of axial compressive strength of concrete in Chinese code)



	     S   b l , m a x   /   B   b     
	=maximum spacing of boundary longitudinal reinforcement normalized by the depth of boundary element



	     S   b t   /   D   b l     
	=ratio of transverse reinforcement spacing to longitudinal bar diameter



	     L   b   / L   
	=width of boundary element normalized by wall length



	     f   u   /   f   y     
	=ratio of tested tensile-to-yield strength of the boundary longitudinal reinforcement



	   a   
	=relative height of compressive zone



	     A   g e   /   A   c h     
	=representing the ratio of the constrained concrete area to the boundary element (derived from ACI 318-19)



	   α   
	=confinement effectiveness factor, derived from Euro Code 8



	     ε   s y ,   d     
	=design value of tension steel strain at yield, derived from Euro Code 8



	     b   c   /   b   0     
	=ratio of gross cross-sectional width and the width of confined core (to the leftline of the hoops), derived from Euro Code 8



	   L · c /   B   2     
	=slenderness parameter identified by Adullah and Wallace



	     ε   c 0     
	=peak strain of unconstrained concrete (taken as 0.002 according to the literature [9])



	     ε   c c     
	=peak strain of constrained concrete



	     ε   c c u     
	=ultimate compressive strain of confined concrete



	   η   
	=coefficient corresponding to seismic design degree



	   ξ   
	=relative height of equivalent compression zone



	     k   f     
	=characteristic value of distributed reinforcement



	     D   w     
	=damage index corresponding to different states of shear walls



	   r   
	=H/L
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Table A1. Statistical metrics of input and output numerical variables in Table 2.






Table A1. Statistical metrics of input and output numerical variables in Table 2.





	
Classification

	
Variable

	
Mean

	
Std

	
Min

	
25%

	
50%

	
75%

	
Max






	
Material

	
     f   y , b l     

	
409.56

	
106.41

	
208.74

	
345.00

	
401.80

	
462.64

	
1044.00




	
     f   u , b l     

	
546.18

	
121.99

	
281.80

	
480.30

	
542.43

	
624.00

	
1092.00




	
     f   u , b t     

	
532.85

	
137.14

	
283.80

	
450.00

	
513.50

	
618.00

	
1200.00




	
Geometry

	
     H   a     

	
1698.14

	
1099.88

	
215.00

	
700.00

	
1620.00

	
2250.00

	
5486.00




	
   B   

	
102.90

	
52.87

	
10.00

	
67.00

	
100.00

	
150.00

	
300.00




	
   L / B   

	
10.17

	
10.59

	
0.50

	
2.00

	
8.00

	
17.97

	
57.00




	
     L   b     

	
182.19

	
115.36

	
30.00

	
100.00

	
170.00

	
226.00

	
1100.00




	
     D   b t     

	
5.72

	
3.06

	
0.00

	
4.00

	
6.00

	
8.00

	
13.00




	
     S   b l , m a x     

	
66.83

	
34.93

	
10.00

	
40.00

	
60.00

	
90.00

	
223.00




	
Experiment

	
     V   m a x     

	
399.34

	
409.41

	
14.60

	
14.60

	
15.00

	
18.80

	
45.00




	
     d   y     

	
8.34

	
9.86

	
0.05

	
2.49

	
6.00

	
10.00

	
99.95




	
     d   u     

	
32.39

	
35.55

	
0.22

	
7.08

	
22.46

	
44.06

	
326.00




	
   θ   

	
0.02

	
0.01

	
0.00

	
0.01

	
0.01

	
0.02

	
0.07




	
Chinese code

	
   A L R   

	
0.19

	
0.21

	
0.00

	
0.00

	
0.14

	
0.29

	
1.56




	
Composite

(Literature)

	
   c   

	
233.20

	
130.15

	
45.00

	
135.00

	
225.00

	
292.00

	
1200.00




	
     V   m a x   /    f   c      

	
101.31

	
108.85

	
2.34

	
28.57

	
74.46

	
137.27

	
870.52




	
      S   b l , m a x    /   B   b     

	
3.72

	
3.39

	
0.19

	
0.63

	
2.88

	
7.14

	
12.50




	
     L   b   / L   

	
0.26

	
0.16

	
0.05

	
0.11

	
0.22

	
0.35

	
0.98




	
   L · c /   B   2     

	
43.86

	
53.29

	
1.75

	
12.56

	
23.75

	
52.80

	
370.50




	
Output variable

	
     ρ   b t     

	
1.47%

	
1.56%

	
0.04%

	
0.23%

	
1.00%

	
2.31%

	
7.28%
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Figure 1. The histograms of some parameters for 503 samples. 
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Figure 2. Overview of procedure used to develop machine learning-driven boundary transverse reinforcement model based on the ductility demand. 
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Figure 3. The working line of feature engineering. 
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Figure 4. Spearman correlation matrix with       r   s     ≥ 0  . 
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Figure 5. Scatter matrix and kernel density estimation (KDE) plot of six features. 
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Figure 6. Variation of transverse reinforcement with respect to each feature. 
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Figure 7. XGBoost model weight tree. 
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Figure 8. Feature importance of XGBoost model based on internal ranking: (a) gain; and (b) cover. 
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Figure 9. Feature importance of XGBoost model based on external methods: (a) SHAP method; and (b) permutation importance method. 
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Figure 10. Impact of features for transverse reinforcement on XGBoost model. 
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Figure 11. One-way partial dependence plots of features. 
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Figure 12. Histogram of errors for the XGBoost model. 
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Figure 13. Variation of error for XGBoost model: (a) all samples; (b)   |  error  | > 0.5 %  . 
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Figure 14. Comparison of predicted and experimental transverse reinforcement ratio with empirical models: (a) XGBoost model; (b) Qian et al. [7]; (c) Ma et al. [8]; (d) Huang et al. [9]; (e) GB1; (f) GB2; (g) GB3; (h) ACI 318-19; (i) EC (2006). 
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Figure 15. Distribution of the error between experimental and predicted transverse reinforcement ratio on testing set: (a) histogram; (b) cumulative distribution function. 
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Table 1. Initial selected features collected in the database.
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	Classification
	Input Variables
	Count





	Material
	    f   c       f   y , w v       f   u , w v       f   y , w h       f   u , w h       f   y , b l       f   u , b l       f   y , b t         f   u , b t    
	9



	Geometry
	    H   a     H   L   B     H   a   / w   L / B   H / L     h   0     section
	9



	Design
	   C     ρ   w v       ρ   w h       ρ   b l       ω   w v       ω   w h       ω   b l       L   b       B   b       D   b l       D   b t        S   b l ,   m a x        S   b t     
	13



	Experiment
	Loading protocol     V   m a x       d   y       d u     θ  
	5



	Chinese Code
	   A L R   
	1



	Composite (Literature)
	   c   μ     V   m a x   /    f   c         S   b l ,   m a x    /   B   b     c / B   c / L     S   b t   /   D   b l       L   b   / L   

     f   u   /   f   y     a     A   g e   /   A   c h     α     ε   s y ,   d       b   c   /   b   0     L · c /   B   2     
	15







Note: meanings of variables are provided in Notation.













 





Table 2. Spearman’s correlation coefficient and   p  -value between each feature and transverse reinforcement in filtered variables.






Table 2. Spearman’s correlation coefficient and   p  -value between each feature and transverse reinforcement in filtered variables.













	Input Variable
	Spearman Correlation Coefficient
	p-Value
	Input Variable
	Spearman Correlation Coefficient
	p-Value





	     D   b t     
	0.679
	   3.03 ×   10   − 69     
	   c   
	0.523
	   1.12 ×   10   − 36     



	B
	0.670
	   5.89 ×   10   − 67     
	     V   m a x   /    f   c      
	0.522
	   1.69 ×   10   − 36     



	Lb/L
	0.649
	   2.16 ×   10   − 61     
	     V   m a x     
	0.516
	    1.21 ×   10   − 35          



	θ
	0.625
	   9.4 ×   10   − 56     
	     S   b l , m a x     
	0.512
	    5.22 ×   10   − 35      



	du
	0.621
	   4.45 ×   10   − 55     
	     L   b     
	0.510
	    1.24 ×   10   − 34      



	fy,bl
	0.566
	   7.23 ×   10   − 44     
	     f   u , b t     
	0.508
	    2.38 ×   10   − 34      



	fu,bl
	0.550
	   4.02 ×   10   − 41     
	   L · c /   B   2     
	−0.542
	    8.78 ×   10   − 40      



	ALR
	0.531
	   5.16 ×   10   − 38     
	     S   b l , m a x   /   B   b     
	−0.668
	    2.43 ×   10   − 36      



	Ha
	0.530
	   9.35 ×   10   − 38     
	   L / B   
	−0.698
	    1.25 ×   10   − 74      



	dy
	0.526
	   3.52 ×   10   − 37     
	
	
	










 





Table 3. Comparing performance of XGBoost model.
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Number

	
Model

	
Training Set

	
Testing Set




	
      R   2      

	
RMSE

	
WAPE

	
      R   2      

	
RMSE

	
WAPE






	
1

	
OLS

	
0.332

	
0.013

	
0.575

	
0.492

	
0.011

	
0.543




	
2

	
Lasso

	
0.305

	
0.013

	
0.597

	
0.475

	
0.011

	
0.588




	
3

	
Ridge

	
0.332

	
0.013

	
0.576

	
0.492

	
0.011

	
0.544




	
4

	
KNN

	
1.0

	
<0.001

	
<0.001

	
0.510

	
0.011

	
0.458




	
5

	
SVR

	
0.788

	
0.007

	
0.184

	
0.510

	
0.011

	
0.497




	
6

	
DT

	
1.0

	
3.075

	
6.147

	
0.742

	
0.008

	
0.320




	
7

	
RF

	
0.959

	
0.003

	
0.095

	
0.795

	
0.007

	
0.287




	
8

	
AdaBoost

	
0.762

	
0.008

	
0.369

	
0.675

	
0.009

	
0.428




	
9

	
XGBoost

	
0.924

	
0.004

	
0.169

	
0.819

	
0.006

	
0.294




	
10

	
LightGBM

	
0.918

	
0.004

	
0.152

	
0.797

	
0.007

	
0.297




	
11

	
CatBoost

	
0.994

	
0.001

	
0.056

	
0.788

	
0.007

	
0.302











 





Table 4. Hyperparameters adopted in XGBoost model of this study.
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	Description of Hyperparameter
	Value in

XGBoost Model





	The number of boosting rounds or decision trees to build, which represents the number of weak learners added sequentially to the ensemble.
	600



	The maximum depth of each tree in the ensemble, which limits the complexity of the individual trees.
	8



	The minimum sum of instance weight (Hessian) needed in a child, which controls the minimum number of instances required in each child node.
	3



	The fraction of training data to be randomly sampled for each boosting round, which controls the randomness and helps to prevent overfitting.
	0.6



	The fraction of features to be randomly sampled when constructing each decision tree, which adds randomness and prevents overfitting to features.
	0.6



	Shrinkage parameter that controls the contribution of each weak learner to the ensemble, which scales the predictions of each tree to prevent overfitting.
	0.05



	L1 regularization term on weights
	0.01



	L2 regularization term on weights
	1










 





Table 5. Statistical performance of XGBoost model.
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	Model
	      R   2      
	    Adjusted     R   2      
	RMSE
	WAPE





	XGBoost
	0.884
	0.883
	0.005
	0.246










 





Table 6. Comparing performance among XGBoost model and empirical models in studies and codes.
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	Model
	RMSE
	WAPE
	Standard Deviation





	1
	XGBoost
	0.005
	0.246
	0.005



	2
	Qian 7]
	2.017
	0.915
	1.997



	3
	Ma [8]
	1.848
	0.815
	1.620



	4
	Huang [9]
	1.903
	0.752
	1.881



	5
	GB1 [10]
	1.766
	0.774
	1.594



	6
	GB2 [10]
	1.845
	0.816
	1.618



	7
	GB3 [10]
	1.825
	0.810
	1.624



	8
	ACI [11]
	1.802
	0.817
	1.639



	9
	EC [12]
	2.676
	1.038
	2.473










 





Table 7. Guarantee rate and related additional value of transverse reinforcement ratio.






Table 7. Guarantee rate and related additional value of transverse reinforcement ratio.





	Guarantee Rate
	Additional Value





	80%
	0.24%



	85%
	0.35%



	90%
	0.45%



	96%
	1.23%



	98%
	1.41%



	100%
	2%
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