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Abstract: Existing reinforced concrete buildings with seismically-deficient column details affect the overall 

behavior depending on the failure type of column. The purpose of this study is to develop and validate a 

machine learning-based prediction model for the column failure modes (shear, flexure-shear and flexure failure 

modes). For this purpose, artificial neural network (ANN), K-nearest neighbor (KNN), decision tree (DT), and 

random forest (RF) models were used considering previously-collected experimental data. Using four machine 

learning methodologies, we developed a classification learning model that can predict the column failure 

modes in terms of the input variables using concrete compressive strength, steel yield strength, axial load ratio, 

height-to-dept aspect ratio, longitudinal reinforcement ratio, and transverse reinforcement ratio. The 

performance of each machine learning model was compared and verified by calculating accuracy, precision, 

recall, F1-Score, and ROC. Based on the performance measurements of the classification model, the RF model 

represents the highest average value of the classification model performance measurements among the 

considered learning methods, and it can conservatively predict the shear failure mode. Thus, the RF model can 

rapidly predict the column failure modes with the simple column details. Additionally, it was demonstrated 

that the predicted failure modes from the selected model were exactly same as the failure mode determined 

from a code-defined equation (traditional method). 

Keywords: reinforced concrete columns; machine-learning; column failure modes; classification 

model; simple column details 

 

1. Introduction 

Determining the failure mode of reinforced concrete (RC) columns is a crucial component in the 

performance evaluation process of buildings and bridges, and it is closely related to structural safety 

and rapid strength reduction. In RC frame structures built before the implementation of seismic 

design, the failure mode of the columns can impact the overall structure behavior. Structural 

engineers must consider reinforcement methods for columns with existing seismic vulnerabilities, 

particularly those with inadequate structural details. The failure mode of columns is influenced by 

various structural details (longitudinal reinforcement ratio, transverse reinforcement ratio, etc.) and 

geometric characteristics (column length, boundary conditions, etc.). This has been verified through 

various previously conducted experimental studies [1–3].  

Zhu et al. [4] attempted to classify the failure modes of RC columns using the shear strength of 

stirrups. Qi et al. [5] considered parameters such as the shear span to depth ratio, and hoop spacing 

to depth ratio. Various variables reflecting the failure modes of columns have been investigated via 

experimental studies. Based on the findings of these studies, standards have been developed, 

proposing an experiment-based equation to calculate the shear capacity of columns. To determine 

the failure mode of these columns, comparisons between nonlinear static pushover analysis based on 

fiber elements and the code-based shear capacity equation specified by American Society of Civil 
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Engineering (ASCE) 41-23 may be necessary. To quickly assess the failure modes of columns, this 

study utilized a machine learning approach considering several parameters for the column details. 

Machine learning models for predicting the failure modes of RC structures have been previously 

investigated. For example, the performance of artificial neural networks (ANNs) was evaluated in 

several previous studies considering their application toward the strength prediction of RC columns 

[6] or seismic research on RC frames [7]. Alibrandi et al. [8] evaluated the failure probability of 

structures using a support vector machine (SVM) approach among classification techniques. This 

technique was subsequently used by Mangalathu & Jeon [9] to classify the failure modes in RC beam-

column joints. Another machine learning model that can be utilized in practice without complex 

calculations is the decision tree (DT). In a previous study, the DT model classified the failure modes 

in RC joints [10]. Because the failure modes of columns vary depending on the overall strength [11], 

energy dissipation capacity, and ductility of RC columns [12], failure grades can be used to aid 

engineers in selecting optimized characteristics to prevent hazardous failures. Mangalathu et al. [13] 

proposed a RF model for predicting failure modes of RC columns and shear walls, and conducted a 

study to identify and rank important variables affecting failure modes. The RF models provide more 

than 80 % accuracy for testing dataset for columns and shear walls. Additionally, Feng & Jiang [14] 

investigated the use of ensemble machine learning or more specifically, adaptive boosting (AdaBoost) 

algorithm, to predict the failure modes and bearing capacity in rectangular RC columns with 18 

detailed input parameter. As compared to the previous study, this study developed the machine-

learning based model with the simpler structural details predicting the column failure modes. 

This study proposes a machine-learning-based model to rapidly predict the failure modes of RC 

columns using simple input parameters. This study utilizes a database of 330 experimental tests on 

RC columns, incorporating six key input variables (i.e., concrete compressive strength, steel yield 

strength, axial load ratio, height-to-depth aspect ratio, longitudinal reinforcement ratio, and 

transverse reinforcement ratio) that can influence the failure behavior of RC columns. The results 

obtained using the machine-learning-based model are compared with those from structural analysis 

and equations provided in various standards to verify the performance of the proposed system. This 

study aims to analyze the performances of various machine learning techniques for predicting the 

difference failure modes (flexure, flexure-shear, and shear failure) of RC columns and to determine 

the best prediction model. 

2. Experimental Database 

This section describes the database used for machine learning and the key variables influencing 

the failure behavior of RC columns.  

2.1. Reinforced Concrete Column Database 

In this study, a prediction model was developed for rectangular RC columns using a total of 330 

data points. A collection of experimental results on 330 rectangular RC columns published in reports 

by the American Concrete Institute (ACI) and the Pacific Earthquake Engineering Research Center 

(PEER) [15] was used. The database comprises flexure, flexure-shear, and shear failure modes. 

Previous research has shown these three modes of failure in RC columns occur due to degradation 

in the lateral load performance following cracking [16]. Definitions of flexure, flexure-shear, and 

shear failure are presented in Table 1 [17]. Due to the costly and time-consuming nature of 

experimental methods for evaluating RC column failure modes, alternative practical techniques are 

required. Figure 1 illustrates the components of the RC column database used in this study. 

Table 1. The considered failure mode. 

Failure Mode Description 

Flexure 
Degradation occurred due to flexural deformation  

after yielding of the longitudinal reinforcement 
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Shear 
Degradation (diagonal cracks) occurred due to shear distress before yielding of the 

longitudinal reinforcement 

Flexure-shear 
Degradation occurred after yielding of the longitudinal reinforcement but results 

from shear distress 

 

Figure 1. Constituents of the reinforced concrete column database. 

2.2. Input Variables Influencing Failure Behavior 

In this study, the input variables are the concrete compressive strength (fc), steel yield strength 

(fy), axial load ratio (P/Agfc), height-to-depth aspect ratio (L/D), longitudinal reinforcing ratio (ρl), and 

transverse reinforcing ratio (ρt). Figure 2 shows the distribution of the six input variables used in the 

RC column database. 

 
(a) Compressive strength 

 
(b) Steel yield strength 

 
(c) Axial load ratio 

 
(d) Height-to-depth ratio 

 
(e) Longitudinal ratio 

 
(f) transverse ratio 

Figure 2. Frequency of input parameters. 

Concrete and steel strengths were selected as input variables to predict failure modes with 

different strength values. Previously, Choi et al. [18] demonstrated that the shear strengths of RC 

columns increases with increasing concrete strength and axial stress. The shear strength is known to 

increase with increasing axial load, as indicated by the following equation: 

𝑉஺஼ூ =  ଵ଺ ൬1 + ேೠଵସ஺೒൰ ඥ𝑓௖𝑏௪𝑑 + ஺ೡ௙೤ௗ௦        (1) 
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where Nu is the axial load (N) acting perpendicular to the cross-section simultaneously with Vu, Ag is 

total cross-sectional area of the column (mm2), fc is the designed compressive strength of the concrete 

(MPa), bw is the web width of the member (mm), d is the effective depth of the column (mm), Av is 

the total cross-sectional area of the transverse reinforcement within spacing (mm2), fy is the designed 

yield strength of the reinforcement (MPa), and s the spacing of the transverse reinforcement (mm). 

Bažant & Kwon [19] demonstrated that as the slenderness ratio of a column increases, the size effects 

become more pronounced and the brittleness increases. Shi et al. [20] demonstrated that an increase 

in the longitudinal reinforcing ratio enhances flexural strength, but has little impact on displacement, 

while an increase in the transverse reinforcing ratio strengthens the column and improves its energy 

dissipation capacity. Table 2 shows the minimum, maximum, and nominal values of the input 

variables. The nominal values were determined based on statistical data, representing the average 

values within the most concentrated range of data points. Because there are no cases with an axial 

load ratio of 0, the minimum value was selected to be the smallest value after 0. 

Table 2. Summary of experimental database used in this research. 

Parameter Model range Nominal 
Extreme values 

Minimum Maximum 

Concrete Compressive Strength (MPa) 13.10 to 48.30 34.11 13.10 48.30 

Steel Yield Strength (MPa) 0 to 587.10 436.23 0 587.10 

Axial Load Ratio 0.03 to 0.9 0.14 0.03 0.90 

Slenderness ratio 1.12 to 8.67 2.43 1.12 8.67 

Longitudinal Reinforcement Ratio 0.0009 to 0.0615 0.0073 0.0009 0.0615 

Transverse Reinforcement Ratio 0.0068 to 0.0694 0.0174 0.0068 0.0694 

3. Machine Learning Methodology 

Machine learning is a process in which computers analyze and learn from data that is inputted 

into a mathematical model, recognizing patterns to predict target values. Supervised learning uses a 

secured dataset to train a model, which then predicts new data. If the data is continuous, regression 

techniques are used; if the data is discrete, classification techniques are applied. In this study, 

classification techniques are employed to predict failure behavior. The data is divided into two sets: 

training and test datasets. The training dataset is used to uncover potential predictive relationships, 

while the test dataset is used to assess the efficiency and accuracy of the predictive model. The 

advantage of this technique is that the machine learning model can be tested on data that is not 

included in the training model, and it is possible to evaluate whether the model has overfitted the 

data. This study employs ANN, K-nearest neighbor (KNN), decision tree (DT), and random forest 

(RF) machine learning techniques. 

ANN is one of the most widely used models in this field. ANNs use a set of independent 

variables (input variables) to estimate the values of dependent variables (target variables). These 

systems aim to simulate how human brains and neurons interact in a simplified manner. A neural 

network typically consists of three layers: the input, hidden, and output layers. Each layer has nodes 

(neurons) that determine the output based on weighted inputs and biases considering the transfer 

function. These neurons determine the output parameters of the ANN. Due to the complexity of the 

matrix calculations in neural networks, it is impossible to obtain a simple solution (e.g., a linear 

equation) based on the final structure of an ANN. To achieve an optimal training model, 

hyperparameters are used, which include the size of the hidden layers, activation functions of the 

hidden layers, batch size, and maximum number of iterations.  

KNN is a non-parametric method for classifying data into groups. A KNN classification model 

assigns a weight of 1/k to the K-nearest neighbor and a weight of 0 to all other neighbors. For a 

positive integer k and a test observation datapoint x, the classifier identifies the k points that are 

closest to x in the dataset. The choice of k has a significant impact on the learning performance of this 

system; a high k value can lead to underfitting errors due to difficulty in clearly expressing data 

features, while a low k value can lead to overfitting errors influenced by specific data. The 
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hyperparameters in KNN systems include the number of neighbors, method of measuring neighbor 

distance, distance weighting function, and method used to search for the nearest neighbor.  

The use of DT is a non-parametric approach for classifying data, offering an efficient, accurate, 

and uncomplicated computational approach. The algorithm creates a tree-shaped graph based on the 

training data. In a decision tree, responses can be predicted according to the decisions made from the 

start node to the end node. Each node is associated with a test condition, and each branch represents 

the result of a test. In decision trees, a series of data is first provided to the machine learning algorithm 

to find the most suitable tree for the classification objective. This structure employs a comparative 

approach that sets boundaries for each independent variable (classifier) based on observed outcomes. 

By comparing each step and following the branches, it is possible to determine the label of the input 

vector (i.e., the error class in this study). The hyperparameters in decision trees include the maximum 

tree depth, maximum number of decision splits, and minimum number of observations for 

leaf/branch nodes.  

Ensemble learning is a method that utilizes multiple learning models to train data, as opposed 

to training with a single machine-learning model. Common approaches include voting, bagging, 

boosting, and stacking. RF is an ensemble model for decision trees, combining several trees with 

different characteristics to produce results as a collective model. The hyperparameters in RF include 

the number of decision trees, minimum amount of sample data required for node splitting, and 

maximum depth of the trees.  

In this study, the four machine learning models were utilized. For the input variables, concrete 

compressive strength was randomly distributed between 13.10 MPa and 118.00 MPa. The yield 

strength of reinforcement was distributed between 0 MPa and 587.10 MPa, axial force ratio varied 

between 0.03 and 0.9, confining ratio ranged from 1.12 to 8.67, main reinforcement ratio was 

distributed between 0.0009 and 0.0615, and shear reinforcement ratio was randomly distributed 

between 0.0068 and 0.0694. Machine learning was conducted using these input variables, and the 

optimization process was carried out for each machine learning model. To develop and validate the 

machine-learning models, more than 80 % of experimental dataset (255 data points) was utilized for 

training, and the rest of them was tested for validating the developed models. The hyperparameters 

of the ANN were adjusted for hidden layer size and activation functions, and the KNN’s 

hyperparameters were adjusted for the number of neighbors and the method for measuring 

distances. The DT hyperparameters were adjusted for the minimum number of observations in a leaf 

node and the maximum tree depth. The RF hyperparameters were adjusted for maximum tree depth, 

the number of iterations in training, and the learning rate. Table 3 summarized hyperparameters for 

ANN, KNN, DT, and RF optimized with minimum variation between actual and predicted values 

varying each hyperparameters in 30 iteration steps. 

Table 3. Summary of hyperparameters. 

Model Parameter Value 

ANN 
Number of Layers 2 

Activations tanh 

KNN 
Number of Neighbors  3 

Distance cityblock 

DT 
Minimum of Leaf Size 1 

Maximum depth of the tree 177 

RF 

Method AdaBoostM2 

Maximum depth of the tree 5 

Number of Learning Cycles 488 

Learning Rate 0.9274 
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4. ML-based Classification Model for the Determination of Column Failure Modes 

In this study, the most suitable model was selected using classification model performance 

indicators to evaluate the performance of the RC column failure-mode prediction models. The 

performance indicators used to evaluate the classification models include the accuracy, precision, 

recall, F1-score, and area under the curve (AUC), which can be determined using a confusion matrix. 

Table 4 illustrates the basic concept of a confusion matrix. When classifying flexure failure 

(positive) and shear failure (negative), a true negative (TN) value is identified when the actual shear 

failure is correctly predicted as shear failure, and a true positive (TP) value is determined when the 

actual flexure failure is predicted as flexure failure. A false negative (FN) occurs when the actual 

flexure failure is incorrectly predicted as shear failure, and a false positive (FP) occurs when the actual 

shear failure is incorrectly predicted as flexure failure. These prediction outcomes are used to 

determine the accuracy (ratio of correctly predicted cases to the total predictions), precision (ratio of 

actual flexure failures among those predicted as flexure failures), recall (ratio of actual flexure failures 

predicted as such), and F1-score (harmonic mean of recall and precision), which are calculated using 

Equations (2) to (5), respectively. Increasing precision tends to decrease recall and vice versa, creating 

a trade-off relationship. The receiver operating characteristic (ROC) curve is a graph plotted with 

sensitivity and 1-specificity. Here, sensitivity is the same as recall, and specificity is calculated using 

Equation (6). AUC refers to the area under the ROC curve. A superior classification model is 

characterized by an AUC value close to 1, and its graph tends to approach the top left corner. 

Table 4. Confusion Matrix Concept. 

Classification 
Actual Class 

Positive Negative 

Predict Class 
Positive TP (True Positive) FP (False Positive) 

Negative FN (False Negative) TN (True Negative) 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  (்௉ ା ்ே)(்௉ ା ்ே ା ி௉ ା ிே)          (2) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  ்௉(்௉ ା ி௉)          (3) 

𝑅𝑒𝑐𝑎𝑙𝑙 =  ்௉(்௉ାிே)            (4) 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =  ଶ × ௉௥௘௖௜௦௜௢௡ × ோ௘௖௔௟௟(௉௥௘௖௜௦௜௢௡ାோ௘௖௔௟௟)        (5) 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =  ்ே(்ேାி௉)          (6) 

Figure 3 shows the confusion matrices for each machine learning model used in this study. A 

confusion matrix allows compare actual classes for given input variables with the predicted classes 

from the machine learning model for the same input variables. In the confusion matrix of this study, 

the label 1 to 3 means flexural failure, shear failure, and flexural-shear failure types, respectively. The 

columns of the matrix represent predicted classes, ant the rows indicate actual classes. Cells along 
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the diagonal indicate correctly  classified observations. For example, in the case of the ANN model, 

it can be observed that out of 59 data points known to be of the flexural failure type, 59 were correctly 

classified as flexural failure type. Out of 4 data points known to be of the shear failure type, 2 were 

correctly classified as shear failure type, one was misclassified as flexural failure type, and one as 

flexural-shear failure type. Among the 12 data points known to be of the flexural-shear failure type, 

5 were correctly classified as flexural-shear failure type, 3 were misclassified as flexural failure type, 

and 4 as shear failure type. For the ANN and KNN models, the overall precision, recall, and F1-scores 

for shear failure modes are below average, whereas these metrics for flexure failure modes are above 

average. Therefore, flexure failure modes can be accurately predicted, but predictions for shear 

failure modes are not accurate. The DT model generally shows below average precision, recall, and 

F1-scores for shear failure and flexure-shear failure modes, while these metrics for flexure failure 

modes are above average. Therefore, the DT model can accurately predict flexure failure modes, but 

not shear and flexure-shear failure modes. The RF model demonstrates above-average precision, 

recall, and F1-scores for flexure failure modes, while precision and F1-scores for shear failure modes, 

excluding recall, are below average. Additionally, for flexure-shear failure modes, recall and F1-

scores, excluding precision, are below the average values. Therefore, flexure failure modes are 

accurately predicted, but predictions for shear failure modes can be considered conservative. 

  

(a) ANN (b) KNN 

  
(c) DT (d) RF 

Figure 3. Confusion matrix of each machine learning methodology for testing dataset. 

Figure 4 displays the ROC curves for each machine learning model investigated in this study. 

Excluding the KNN model, the other three models show high AUC values. The AUC values for the 

flexural failure type are more than 0.95 for all four models. Similarly, the AUC values for shear failure 

type and flexural-shear failure type are more than 0.85 for all models except KNN. 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 8 January 2024                   doi:10.20944/preprints202401.0548.v1

https://doi.org/10.20944/preprints202401.0548.v1


 8 

 

  

(a) ANN (b) KNN 

  

(c) DT (d) RF 

Figure 4. ROC curve for all machnine learning models. 

Table 5 presents the accuracy, precision, recall, F1-score, and AUC values for each failure mode 

according to the machine learning models based on the confusion matrices. The KNN model 

exhibited the highest accuracy. While accuracy is the most intuitive indicator of a model's 

performance, other metrics (precision, recall, and AUC) are preferred when data is imbalanced. 

Overall, all models successfully predict flexure failure modes over 90% of the time. Based on the 

average values of precision, recall, F1-score, and AUC, the RF model is determined to have the best 

performance. The RF model demonstrates excellent performance in predicting the flexural failure 

type, with precision, recall, F1-score, and AUC values all exceeding 0.9. For the shear failure type, the 

precision is 0.71, and the recall is 0.83, indicating a relatively lower performance compared to the 

flexural failure type but still considered excellent based on the numerical values. However, for the 

flexural-shear failure type, while the precision is 0.83, the recall is 0.5, suggesting some limitations in 

predicting this failure type. The performance of each machine learning model based on the F1-score, 

which is the harmonic mean of precision and recall, decreases in order of RF, DT, KNN, and ANN. 

The ANN classifier shows the highest recall for the flexure-shear failure modes along with the RF 

model, but notably lower recall for shear failure modes are observed compared to the RF and DT 

models. Considering that the machine-learning-based models developed in this study use simple 

information to predict column failure modes, a model that makes conservative predictions is deemed 

acceptable. Therefore, a model with a higher recall for shear failure modes should be selected. Thus, 

considering the precision, recall, F1-score, AUC, and average values of these indicators for each 

failure mode, the RF model is shown to provide the best predictions. 
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Table 5. Results of performance measurement for classification models. 

Measure ANN KNN DT RF 

Accuracy 0.8820 0.9045 0.8632 0.8732 

Precision 

Flexure 0.9365 0.9833 0.9194 0.9355 

Shear 0.3333 0.3333 0.6667 0.7143 

Flexure-shear 0.8333 0.7778 0.5714 0.8333 

Overall 0.7010 0.6981 0.7192 0.8277 

Recall 

Flexure 1.0000 1.0000 0.9661 0.9831 

Shear 0.5000 0.5000 0.6667 0.8333 

Flexure-shear 0.4167 0.5833 0.4000 0.5000 

Overall 0.6389 0.6944 0.6776 0.7721 

F1-Score 

Flexure 0.9672 0.9916 0.9421 0.9587 

Shear 0.1721 0.1681 0.4714 0.6205 

Flexure-shear 0.3586 0.4575 0.2425 0.4344 

Overall 0.4993 0.5391 0.5520 0.6712 

AUC 

Flexure 0.9958 0.9688 0.9619 0.9905 

Shear 0.9648 0.7218 0.9275 0.9517 

Flexure-shear 0.8862 0.7758 0.9385 0.9185 

Overall 0.9489 0.8221 0.9426 0.9536 

Figure 5 illustrates the relative importance of input variables. Here, each symbol represents 

concrete compressive strength (fc), yield strength of reinforcement (fy), axial force ratio (P/Agfc), aspect 

ratio (L/D), main reinforcement ratio (ρl), and shear reinforcement ratio (ρt). The factors influencing 

the failure type based on the training data were assessed through importance evaluation. Through 

the importance scores, one can understand the contribution of each variable to the model's 

performance and assess the extent to which a particular variable plays a crucial role in predictions. 

The effect of confinement ratio related variables (e.g., height-to-depth aspect ratio, and shear 

reinforcement ratio) appears to be the highest, more significant than the influence of material 

properties. Additionally, it is observed that the main reinforcement ratio has a relatively lower impact 

compared to other input variables. 

 
Figure 5. Relative importance of input variables. 

5. Demonstration of Machine Learning Model 

To verify the ability of the machine learning model proposed in this study to predict the failure 

modes of RC columns, its results were compared with those obtained using the analytically 

determined shear demand curve and the shear capacity curve determined using equations provided 
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in various standards. The shear demand curve was calculated using OpenSees [21], which utilizes a 

macroscopic approach based on fiber elements.  

5.1. Shear Demand Curve 

The shear demand curve is developed by modeling the flexural behavior of RC columns without 

considering shear failure, and a nonlinear static pushover analysis is performed. The RC column 

model reflects the inelastic behavior of the model materials, the effect of the confinement pressure 

resulting from transverse reinforcement, and bonding failure phenomena. To estimate the shear 

demand curves for flexure, shear, and flexure-shear failure, modeling methodologies were validated 

based on results of previous experimental studies [1–3].  

Figure 6 shows the details of the flexural behavior model. Columns were modeled using elastic 

beam-column elements, and plastic hinge regions were represented using displacement-based 

nonlinear beam-column elements with four integration points. The length of the plastic hinge region 

was set to the height of the column cross-section [22]. The Concrete02 material model was used to 

construct the fiber sections of the nonlinear beam-column elements. To account for the enhanced 

concrete compressive strength and ductility in areas confined by transverse reinforcement (confined 

concrete), the model proposed by Mander et al. [23] was utilized. The material model for the 

longitudinal reinforcement was the Steel02 material model, which allows for strain hardening.  

  

(a) Double bending column model (b) Single bending column model 

Figure 6. Flexure-governed column modeling method. 

Bonding failure in RC columns occurs when the bonding stress between the rebar and concrete 

exceeds the allowable bonding stress, leading to failure, which typically occurs at the top and bottom 

of the column where lap splices are located. In the flexure failure model, zero-length section elements 

were applied at the top and bottom of the column to incorporate bonding failure. The fiber sections 

of these zero-length section elements are identical to those in the column, but the material model is 
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changed from a stress-strain relationship to a stress-slip relationship. The stress-slip relationship was 

applied using Equations (7) and (8), as presented by Sezen et al. [24]. 𝑠𝑙𝑖𝑝௬ =  ఢ೤௙೤థ೎଼௨೐             (7) 𝑆𝐹௦௟௜௣ =  ௦௟௜௣೤ఢ೤             (8) 

Here, slipy is the yield slip for bonding failure (mm), εy is the yield strain of the longitudinal 

reinforcement, fy is the yield stress of the longitudinal reinforcement (MPa), Φc is the diameter of the 

longitudinal reinforcement (mm), ue is the elastic bonding stress (MPa), fc is the concrete compressive 

strength (MPa), and SFslip is the bonding failure variable. The strain in the rebar and concrete material 

models is multiplied by the bonding failure variable (SFslip) to enable the use of the stress-slip 

relationship material model in the zero-length fiber sections. 

Figure 7 depicts the details of the model used to determine shear failure. The shear failure model 

is structured similarly to the flexure failure model, and the material model of the nonlinear beam-

column elements using Concrete01 and hysteretic material models are used to accurately depict the 

characteristics of steel. Shear springs were applied as zero-length elements at the top or bottom of the 

model to represent shear failure behavior. The shear springs used the shear limit curve presented by 

Elwood [25] in the limit state material model. Shear failure, as shown in Figure 7(c), occurs when the 

member displaying flexural behavior reaches a certain shear strength (Vn), at which point the shear 

limit curve is applied, and shear failure behavior is shown. The shear strength (Vn) was calculated 

using Equation (9) from ASCE 41-23 [26]. 

𝑉௡ = 𝑘(஺ೡ௙೤ௗ௦ +  𝜆(଴.ହට௙ᇲ೎ெ/௏ௗ ඨ1 + ேೠ଴.ହට௙ᇲ೎஺೒)0.8𝐴௚)      (9) 

  
 

(a) Double bending model (b) Single bending model (c) Shear response 

Figure 7. Shear-governed column modeling method. 
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Here, k is 1.0 for a displacement ductility of <2, 0.7 for a displacement ductility of ≥6, and linearly 

progresses for 2≤ displacement ductility <6; Av is the total cross-sectional area of the transverse 

reinforcement within spacing s (mm2); fy is the designed yield strength of reinforcement (MPa); d is 

the effective depth of the column, which can be set as d = 0.8h (mm); s is spacing of the transverse 

reinforcement (mm); λ is 0.75 for lightweight concrete and 1 for normal concrete; f‘c is the compressive 

strength of concrete; M/Vd is the maximum ratio of the column's moment to shear force and effective 

depth under the design load, which ranges from 2 to 4; Nu is the axial load perpendicular to the cross-

section, considered to be 0 for tensile loads (N); and Ag is the total cross-sectional area of the column 

(mm2). 

Elwood [25] defined the reloading stiffness (Kdeg) of the shear spring as a combination of the 

reloading stiffness during shear behavior (Ktdeg) and unloading stiffness during flexural behavior 

(Kunload), as per Equation (10). The reloading stiffness (Ktdeg) was determined using Equation (11), 

which was proposed by Baradaran [28]. ଵ௄೟೏೐೒ =  ଵ௄ೠ೙೗೚ೌ೏ + ଵ௄೏೐೒           (10) 𝐾௧ௗ௘௚ =  −4.5 ቀ4.6 ஺ೡ௙೤ೡௗ೎௉௦ + 1ቁଶ 𝐿       (11) 

Here, Av is the total cross-sectional area of the transverse reinforcement (mm2), fyv is the designed 

yield strength of the transverse reinforcement (MPa), dc is the central width of the column cross-

section (mm), P is the axial load perpendicular to the column cross-section (N), s is the spacing of the 

transverse reinforcement (mm), and L is the total length of the column (mm). The residual shear 

strength (Vres) is applied as 80% of the shear strength (Vn).  

The modeling methodology and results of past experimental studies [1–3] were compared using 

nonlinear static hysteresis analysis, and they are illustrated in Figure 8. A comparison of the flexure 

failure behavior and analysis results for the C3-1 specimen in Mo & Wang’s study [1] showed a 

gradual reduction in overall strength. In contrast, the shear failure behavior and analysis results of 

the 3SLH18 specimen obtained by Lynn et al. [2] showed a rapid reduction in strength and pinching 

effect. The comparison of the flexure-shear failure behavior and analysis results for Specimen 1 in the 

study by Sezen & Moehle [3] showed a gradual reduction in strength followed by a rapid decrease. 

Table 6 presents the initial stiffness, maximum strength, strength reduction rate, and energy 

dissipation capacity for each mode of failure in the experimental and analysis results. The error rate 

between the analysis and experimental results was calculated, and a good overall agreement was 

observed. The maximum error in the strength reduction rate occurred in Mo & Wang [1] for C3-1 at 

16%. The strength reduction rate was calculated as the ratio of the residual shear strength (Vres) to the 

maximum shear strength (Vmax). Adjusting the bonding failure variable (SFslip) to match the initial 

stiffness led to reduced strength degradation, tuned through strain hardening. 3SLH18 in the study 

by Lynn et al. [2] and Specimen 1 in the study by Sezen & Moehle [3] showed the maximum errors in 

the energy dissipation rate at 14% and 22%, respectively. Energy is represented by the area of the 

hysteresis loop; the error in this case was relatively high due to the difference in the number of loops 

in the hysteresis loops of the experiments and analysis results. 

(a)  C3-1 (Mo & Wang 2000) (b) 3SLH18 (Lynn et al. 1996) 
(c)  Specimen 1 (Sezen et al. 

2006) 

Figure 8. Validation of modeling method (experiment vs. simulation). 
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Table 6. Comparison between experiment and simulation. 

Specimens 

Initial 

Stiffness 

(kN/mm) 

Maximum 

Strength 

(kN) 

Strength 

Reduction Ratio 

Energy 

Dissipation  

(kN-m) 

C3-1 

(Mo & Wang 2000) 

Experiment 16 235 0.70 818.2 

Simulation 18 229 0.81 751.9 

Error(%) 13% 3% 16% 8% 

3SLH18 

(Lynn et al. 1996) 

Experiment 14 270 0.26 268.7 

Simulation 15 260 0.27 306.9 

Error(%) 7% 4% 4% 14% 

Specimen 1 

(Sezen et al. 2006) 

Experiment 19 303 0.22 251.3 

Simulation 20 309 0.25 307.4 

Error(%) 5% 2% 14% 22% 

5.2. Shear Capacity Curve 

The shear capacity curve for RC columns was determined using Equation (9) from ASCE 41-23 

[26–28], which accounts for a decrease in shear strength with increasing displacement ductility. The 

failure mode of RC columns can be determined based on the relationship between the analytically 

calculated shear demand curve and the shear capacity curve determined using the standard equation. 

The shear demand curve is derived from pushover analysis, and the yield displacement may be 

calculated. Based on the calculated yield displacement, the displacement ductility (k) is determined 

to derive the shear capacity curve. When comparing the shear demand curve with the shear capacity 

curve, as shown in Figure 9(a), if there is no intersection between the two curves, it is determined that 

flexure failure has occurred. In Figure 9(b), if there is an intersection between the shear demand and 

capacity curves, shear failure is indicated. If the intersection occurs before the yielding of the 

reinforcement, it is classified as shear failure; if it occurs after, it is classified as flexure-shear failure. 

  

(a) Flexure failure (b) Shear/flexure-shear failure 

Figure 9. Traditional method predicting column failure mode. 

The relationship between the shear demand and shear capacity curves for previous experimental 

studies [1–3] used for validating the modeling methodology for each mode of failure is illustrated in 

Figure 10. For the C3-1 specimen in Mo & Wang’s study [1], the absence of an intersection between 

the shear demand and capacity curves indicates high ductility and flexure failure. The 3SLH18 

specimen in Lynn et al.’s study [2] shows an early intersection between the two curves. Because the 

intersection occurs before the yielding of the reinforcement, it is classified as shear failure. Lastly, for 
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Shear capacity curve
Shear demand curve
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Specimen 1 in Sezen & Moehle’s study [3], the intersection of the shear demand and capacity curves 

after the yielding of the reinforcement indicates flexure-shear failure. 

   

(a)  C3-1 (Mo & Wang 2000) (b) 3SLH18 (Lynn et al. 1996) 
(c)  Specimen 1 (Sezen et al. 

2006) 

Figure 10. Relationships between shear demand curve and shear capacity curve. 

5.3. Failure Mode Prediction 

The method of determining the failure mode based on the relationship between the shear 

demand and shear capacity curves was compared with the results of the machine-learning-based 

model for failure mode prediction. Six key input variables were determined based on the structural 

details of previous experimental study specimens [1–3], as shown in Table 7. Applying these key 

input variables to the machine learning model, the C3-1 specimen in Mo & Wang’s study [1] was 

predicted to exhibit flexure failure, the 3SLH18 specimen in Lynn et al.’s study [2] was predicted to 

exhibit shear failure, and Specimen 1 in Sezen & Moehle’s study [3] was predicted to exhibit flexure-

shear failure. The failure modes determined through the relationship between the shear demand and 

shear capacity curves agreed with the modes predicted using the machine-learning-based model. 

This demonstrates the capability of machine learning methods to accurately predict the failure modes 

of RC columns using only simple information. 

Table 7. Predicted Results of Classification Model. 

Specimens 
fc 

(MPa) 

fy 

(MPa) 
P/Agfc L/D ρl ρt 

Predicted Failure 

Mode 

C3-1 

(Mo & Wang 2000) 
26.4 497 0.107 3.93 0.0214 0.0126 Flexure 

3SLH18 

(Lynn et al. 1996) 
26.9 331 0.089 3.65 0.0303 0.0015 Shear 

Specimen 1 

(Sezen et al. 2006) 
21.1 434.4 0.151 3.90 0.0247 0.004 Flexure-shear 

6. Conclusion 

This study proposed a machine learning model for rapidly predicting the failure modes of RC 

columns. To develop and validate the model for predicting column failure modes, four machine 

learning methods were employed using column data collected from past experiments and evaluated 

using classification model performance indicators. The following main conclusions were drawn. 

(1) Overall, all considered machine learning methodologies accurately predicted the flexure failure 

mode. Since the high proportion of flexure failure modes in considered experimental dataset 

(flexure failure mode-72.4%, flexure-shear failure mode-14.8%, shear failure mode-12.7%), the 

flexure failure prediction was more accurate than other failure modes (flexure-shear and shear 

failure modes).  

(2) Considering the average values of the classification model performance indicators, excluding 

accuracy, the RF model showed the highest performance level in precision, recall, F1-score, and 

AUC, suggesting that it accurately predicts the column failure modes. 
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(3) The RF model demonstrated the highest average values across all performance indicators used 

in accuracy validation and had the highest recall for shear failure modes. Therefore, the RF 

model, which provided conservative predictions based on simple structural details (i.e., the 

material strength, axial load ratio, aspect ratio, reinforcing details, etc.), was deemed the most 

rational for predicting failure modes before conducting experiments or analysis. 

(4) The failure modes determined using the shear capacity and demand curves agreed with the 

failure modes predicted by the machine learning model for flexure, shear, and flexure-shear 

failures. This indicates that the machine-learning-based RC column failure-mode prediction 

model developed in this study can accurately and rapidly predict the failure modes of RC 

columns using only simple column information, without the need for experimental or analytical 

processes. 
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