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ARTICLE INFO ABSTRACT

Keywords: This study proposes a novel procedure that incorporates machine learning (ML) into the multiple
Fragility analysis stripe analysis (MSA) approach to efficiently produce seismic fragility curves for reinforced con-
R/C wall structures crete (R/C) shear walls in building frame systems. The proposed procedure aims to mitigate com-
Multiple stripe analysis putational challenges associated with the original MSA approach. In this context, ML models

Machine learning
Random forest
Ensemble machine learning models

were developed for predicting the failure probability of R/C walls subjected to ground motions
based on a specified threshold of maximum interstory drift ratio (MIDR). Specifically, the result
of each numerical analysis, taken as the output variable of the ML models, was classified as either
“B” (Below) or “E” (Exceeding) to indicate whether the MIDR of R/C walls was below or exceed-
ing the specified threshold. This binary categorization was then used to calculate the failure prob-
ability points, which are necessary to derive fragility curves per the MSA approach. Data for
training and testing the ML models were generated from nonlinear time history analyses of 46
distinct R/C walls subjected to 1000 ground motions. The R/C walls varied in height from four to
40 stories, and the ground motions included far-field, near-field pulse, and near-field no-pulse
types. Four well-established ML methods, including random forest (RF), extreme gradient boost-
ing, light gradient boosting machine, and categorical boosting, were considered. The perfor-
mances of the ML models were compared using a confusion matrix. Based on this comparison, the
RF model was selected and incorporated into the proposed procedure. Subsequently, the pro-
posed approach was demonstrated to create the seismic fragility function of a new R/C wall struc-
ture. This study highlights the potential of ML applications in optimization problems within the
earthquake engineering domain.

1. Introduction

Fragility analysis plays an important role in assessing and mitigating risks and vulnerabilities associated with various hazards of
building structures, including earthquakes, hurricanes, or floods [1-3]. Within the realm of earthquake engineering, fragility func-
tions provide the failure probability of a structure subjected to earthquakes of a given value of ground motion intensity measure (IM),
such as peak ground acceleration (PGA). Importantly, each fragility curve is constructed with relation to a considered limit state rep-
resented by an engineering demand parameter (EDP), such as the maximum interstory drift ratio (MIDR). Furthermore, fragility
analysis is integrated into performance-based design to inform design decisions that achieve the desired performance objectives of a
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structure [4-6]. Serving as an effective method for evaluating their seismic performance, fragility analyses have been applied to a
wide range of structures, such as steel moment frames [7], reinforced concrete building structures [8], and highway bridges [9].

Conventional fragility analysis methods have involved techniques such as the probabilistic seismic demand model (PSDM), incre-
mental dynamic analysis (IDA), and multiple stripe analysis (MSA). In all these methods, the process begins with constructing a nu-
merical model of a structure and selecting a set of ground motions. Following this, the parameters representing the EDP and ground
motion IM are chosen. The PSDM [7,10] involves conducting nonlinear time history analyses of structures subjected to unscaled
ground motions. A formulation is then established to present the relationship between the EDPs and IMs. The fragility curve is typi-
cally assumed to follow a lognormal cumulative distribution function. In the context of IDA [11-13], the process involves scaling
ground motions with multiple scale factors to obtain various levels of IM. The IDA curves are generated by establishing the relation-
ship between the IM values of scaled ground motions and the EDP. The ground motions are scaled until the EDP reaches the consid-
ered value, and a separate IDA curve is generated for each ground motion. The IM values are determined from the IDA curves associ-
ated with the designated EDP value, and then the fragility curve is derived assuming that the IM values follow a lognormal cumulative
distribution function. As for the MSA approach [14,15], the ground motions are scaled at various IM values. At each IM level, the
probability of failure is computed by dividing the number of cases where the EDP exceeds a considered value by the total number of
ground motions. The fragility curve is then constructed by connecting all the failure probability points using the maximum likelihood
estimation (MLE).

The summary above indicates that the conventional fragility analysis methods are straightforward and accessible for implementa-
tion. However, they require a large number of nonlinear time history analyses that usually involve significant computational com-
plexity and cost. Recently, machine learning (ML) methods have risen as a promising solution for mitigating the computational cost
associated with nonlinear time history analysis [16-21]. Some notable studies can be listed as follows. Nguyen et al. [22] proposed an
extreme gradient boosting (XGBoost) model for predicting the seismic drift responses of steel moment frames. Zhang et al. [23] devel-
oped ML models (i.e., classification and regression tree, random forest (RF)) to classify the damage states of a 4-story reinforced con-
crete (R/C) special moment frame building. Nguyen et al. [24] suggested a RF model among eight considered models for predicting
the seismic damage states of steel moment frames. Hwang et al. [25] explored ML models for identifying the collapse limit states of 4-
and 8-story R/C moment frames. Nguyen et al. [26] proposed XGBoost and gradient boosting regression tree models for predicting the
fragility functions of steel moment frames. More ML applications in earthquake engineering can be found in the literature [27,28].

Some studies have demonstrated the potential of ML models in generating seismic fragility functions [29-31]. However, most of
these models were trained and developed relying on limited datasets from a single structure, and thus their applicability was con-
strained to that specific structure, undermining their effectiveness across varied configurations. This study aims to address this limita-
tion by developing a comprehensive predictive model that can generalize across diverse structural configurations, while tackling
computational cost challenges associated with traditional fragility analysis methods. The main objective of the current study is to in-
troduce a novel procedure that integrates ML models into the MSA approach for producing seismic fragility functions for R/C wall
structures in building frame systems. The proposed procedure uses binary categorization derived from the ML model to estimate fail-
ure probabilities at different IM levels of ground motion. Thus, this approach avoids the need for extensive nonlinear time history
analyses, reducing computational demands substantially. Furthermore, we augment our study by providing a code package along
with detailed guidelines of the proposed procedure to facilitate users in generating the seismic fragility curves of R/C wall structures.

To incorporate the most effective ML model for the proposed procedure, we developed and compared four ML models involving
RF, XGBoost, light gradient boosting machine (LightGBM), and categorical boosting (CatBoost). The dataset for developing the four
ML models was created through nonlinear time history analyses of 46 R/C wall structures under 1000 ground motions, yielding a to-
tal of 46,000 distinct analyses. These structures varied in height from 4 to 40 stories, and the ground motion set comprised 50 pairs of
records, scaled to PGA values from 0.1g to 1.0g at 0.1g intervals. Each derived fragility curve corresponds to a specific EDP value
(e.g., MIDR of 1 %). and in this study, various threshold MIDR values ranging from 0.5 % to 10 % were considered in the fragility
analysis. This extensive data collection and analysis effort was designed to encompass a broad spectrum of structural behaviors,
thereby enhancing the generalizability of the developed ML models. Finally, the proposed procedure was applied to generate seismic
fragility functions for a new R/C wall structure, serving as an independent validation of the approach.

2. Research methodologies

2.1. Multiple stripe analysis approach

In this study, the MSA approach [14] was utilized to produce the fragility curves of building frame systems in which all the seismic
forces are resisted by R/C shear walls. The MIDR was designated as the EDP, and the peak ground acceleration (PGA) was taken as the
ground motion IM, as these parameters have been widely employed in previous studies [32-34]. The seismic fragility analysis proce-
dure using the MSA approach can be summarized as follows.

Step 1: Choose a range of PGA values, and subsequently scale ground motions to match the chosen PGA levels.

Step 2: Perform nonlinear time history analyses of R/C wall structures subjected to the scaled ground motions and obtain their
MIDRs corresponding to each PGA level.

Step 3: Set the threshold value of MIDR (e.g., 2 % as shown in Fig. 1a) for fragility analysis, as a fragility curve is specifically
defined for a particular threshold value.
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Fig. 1. — a) Example MSA analysis results and b) fitted fragility curve obtained from failure probabilities of analyses exceeding the threshold.

Step 4: Determine the failure probability of the structures at each PGA level taken equal to the ratio of the number of cases that
exceed the threshold (i.e., cases in which the MIDR is higher than 2 %, indicated by red asterisks in Fig. 1a) to the total number
of analyses (i.e., ground motions).

Step 5: Plot the failure probability of the structures against each PGA level as illustrated by a blue triangle in Fig. 1b. Then, derive
the fragility curve that best fits the failure probabilities of the structures at all PGA levels using the maximum likelihood method
[35-371, depicted as the solid line in Fig. 1b.

2.2. Development of a predictive model based on ML techniques

Fig. 2 illustrates the process of developing a predictive model using ML techniques [26]. Firstly, a dataset including input and
output variables in a given problem is required for training and testing ML models. This dataset can be obtained through experi-
mental tests or generated from numerical simulations. Subsequently, the entire dataset is then partitioned into two sets for training
and testing purposes. The training dataset is used to train the ML models, which leads to the establishment of predictive models.
Conversely, the testing dataset is used to evaluate the performance of the predictive models. Performance comparisons are then ex-
ecuted among the considered ML models based on the output results predicted from the testing dataset. If the predictive models
demonstrate creditable performance, the model with the highest accuracy is proposed as the predictive model. Otherwise, alterna-
tive ML techniques may be considered, or the reevaluation of input variables in the dataset may be necessary.

Following the above process, there are four critical tasks to address when implementing ML techniques in any case studies
[38,39]. Initially, acquiring a comprehensive dataset is essential to ensure the effectiveness of predictive models. For this purpose, we
conducted extensive nonlinear time history analyses on 46 R/C wall structures subjected to 1000 ground motions. Detailed informa-
tion regarding the considered R/C wall configurations and ground motions is explained in Sections 3.1 and 3.2, respectively. Sec-
ondly, the careful selection of input variables is also an important step in developing the ML models. In this investigation, two distinct
groups of input variables were analyzed to determine the importance of ground motion type in the development of the ML models and
the fragility analysis. The methodology of selecting the input and output variables is detailed in Section 3.3. The third pivotal task is
the choice of ML techniques. We implemented four widely recognized ML techniques, described in Section 4.1, to ensure a thorough
comparison. Lastly, it is vital to properly define evaluation criteria for the performance of the predictive models. In the case of a clas-
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Fig. 2. — Procedure for developing a predictive model based on ML techniques.
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sification problem, the confusion matrix [21,25] is typically used for this assessment, and its fundamental concept is discussed in Sec-
tion 4.2.

3. Dataset constitution

3.1. Archetypes of R/C wall structures and their numerical models

This study employed 46 R/C wall structures designed by Mafari et al. [40,41]. These R/C wall structures have typical configura-
tions, such as the number of stories ranging from 4 to 40, a consistent bay width of 9.15 m in all bays, and a consistent story height of
3.05 m across all levels. Fig. 3 illustrates (a) the typical floor plan view and (b) the basement plan view. The 4-story and 8-story con-
figurations have two and three basement levels, respectively, while all the taller configurations include four basement levels. It is
noted that this study examined R/C wall structures in building frame systems only, where all seismic forces are resisted by the shear
walls [42]. All the R/C wall structures were designed in collaboration with the Earthquake Engineering Committee of the Structural
Engineering Association of Washington [41].

According to Mafari et al. [40,41], the R/C wall structures were designed and detailed in accordance with ACI 318-14 [43], con-
sidering standard loads and load combinations in ASCE 7-16 [42]. Dead load, comprising both self-weight and superimposed loads,
was applied as 6.2 kPa for typical floors. Meanwhile, the live load was specified as 2.4 kPa. Regarding the earthquake-resistant de-
sign, the equivalent lateral force procedure outlined in ASCE 7-16 [40] was followed. The structures were assumed to be located in
Seattle, United States, with a shear wave velocity of 500 m/s (soil class C). The short-period spectral acceleration and 1s spectral ac-
celeration were assumed to be 1.12g and 0.49g, respectively. For the materials, the compressive strength of 55.2 MPa was used for
concrete, and the nominal yield stress of 414 MPa was utilized for reinforcement.

In order to establish a comprehensive design framework for R/C wall structures, Marafi et al. [40] explored various design criteria
to create 46 distinct R/C wall structures. This process involved setting the interstory drift limit at three different levels—1.25 % for an
enhanced code performance, 1.5 % as a median case for generating a broader range of design scenarios, and 2 % for the minimum
code performance per ASCE 7-16 [42]. Moreover, the seismic load was taken equal to the minimum load required by the design code
[42], or increased by 25 % and 50 % of the minimum load. These variations led to the formation of seven groups of R/C wall struc-
tures, each with distinct design specifications. Detailed descriptions for the seven groups of R/C wall structures can be found in the lit-
erature [40,41].

To generate the dataset used for developing ML models, we constructed and analyzed 2-dimensional (2D) nonlinear models of the
46 R/C wall structures using OpenSees software [44], following the modeling approach suggested by Marafi et al. [41]. This ap-
proach was initially introduced by Pugh et al. [45] and was based on data from 30 experimental tests. Marafi et al. [41] refined Pugh
et al.’s approach [45] by adding displacement-based beam-column elements (DBCEs) that simulate the combined axial and bending
behavior of RC walls. Although we recognize other efficient methods [46,47], comparing different modeling approaches (e.g., dis-
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Fig. 3. —Plan views of a) typical floors and b) basement floors [40,41].
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placement-based vs. force-based) is out of the scope of this study. In the 2D models, the effects of torsion and bidirectional loading
were neglected, and only the response of walls in the N-S direction in Fig. 3 was analyzed in this study. This was modeled using two
separate C-shaped walls, assumed to function together as an I-shaped wall.

Fig. 4 illustrates the construction of the nonlinear numerical model. Each story of the walls was represented by six DBCEs, as
shown in Fig. 4a. Each of the DBCE elements has five integration points (Fig. 4b). To simulate shear deformation along the height of
the walls, a linear elastic shear spring (using a zero-length element in OpenSees) was incorporated into each DBCE element (Fig.
4b). The stiffness of the shear spring was determined by multiplying the shear modulus of concrete with the effective shear area and
then dividing by the length of the wall element. Additionally, elastic springs were used to model the behaviors of retaining walls
and diaphragms at and below the ground floor (Fig. 4a). Axial springs were used to represent the stiffness of the diaphragms, while
shear springs represented the stiffness of the retaining walls. The stiffnesses of the axial and shear springs were calculated according
to the recommendations in Tables 4-3 of the Tall Buildings Initiative [48]. The nonlinear behavior of the R/C cross section was
modeled using the fiber section approach, illustrated in Fig. 4c. The fiber section was applied at every integration point to simulate
the axial and flexural behaviors of the cross-section. In all the models, each fiber represented a width of 0.1524 m (6 inches). As an
example, for the 32-story model in group 1, 54 fibers were utilized spanning a length of 8.2296 m (324 inches). To consider the P-
delta effect due to gravity loads on the entire structure, a leaning column was included at each story, and connected to the wall by a
rigid truss element at each floor level. Nonlinear stress-strain behaviors of concrete and reinforcing steel were simulated using Con-
crete02 and Steel02 material models in OpenSees. It should be noted that cyclic strength deterioration was not considered in the
Steel02 model. Further information on the construction of the numerical model can be found in the literature [41].

To validate the numerical model used in this study, a comparative analysis was conducted between the numerical and experimen-
tal results on the cyclic responses of R/C walls. The experimental test conducted by Shegay et al. [49] was used for this purpose. The
tested wall had a height of 3.5 m and a cross-section measuring 2.25 m in width and 0.2 m in thickness, as illustrated in Fig. 5a. De-
tailed information for the design specifications and experimental setup is provided in the literature [49] (see Fig. 5a).

Fig. 5b compares the cyclic responses of the R/C wall [49] derived from the experiment and the numerical model (denoted as
OpenSees in the figure). It can be seen that the cyclic response of the numerical model closely accords to that observed in the experi-
ment. Specifically, the difference in the maximum base moment is minimal, 1.57 % at most. These minor discrepancies are consid-
ered negligible, underscoring the numerical model's precision. This confirms the validity of the numerical modeling approach and its
reliability for the dataset generation required to develop the ML models in this study.

3.2. Selected ground motions

In this investigation, 50 pairs of ground motions introduced in ATC-63 [50] were employed; each pair consists of two individual
components in orthogonal directions. Of them, 22 pairs are categorized as far-field (FF), 14 pairs as near-field with-pulse (NF-Pulse),
and 14 pairs as near-field without-pulse (NF-No Pulse) ground motions. All the ground motions possessed a magnitude exceeding 6.5,
PGA greater than 0.2g, and peak ground velocity (PGV) exceeding 15 cm/s. Furthermore, the distance from source to site for FF
ground motions is or greater than 10 km, while it is less than 10 km for NF-Pulse and NF-No Pulse ground motions. All the ground
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Fig. 5. — a) Elevation and side views of the experimental specimens and b) cyclic responses of numerical modes against experiment conducted by Shegay et al. [49].

motions were recorded on rock or stiff soil conditions with a shear wave velocity greater than 180 m/s Fig. 6 presents 5%-damped re-
sponse spectra for all the 100 individual ground motions.

In this study, the results predicted by ML models were integrated into the MSA approach. Therefore, the PGA values of ground mo-
tions are expected to fall within a stripe as well as should have a wide range. To this regard, we scaled the collection of 100 ground
motions, each to have ten PGA values ranging from 0.1 g to 1.0 g in increments of 0.1 g. This scaling procedure led to a total of 1000
ground motions. Further details on the selected ground motions can be found in Appendix A in FEMA P695 [51].

3.3. Input and output variables of ML models

In this study, the dataset for training and testing ML models was generated using nonlinear time history analysis. The combination
of the 46 R/C wall structures (Section 3.1) with the 1000 ground motions (Section 3.2) yielded a total of 46,000 analyses. Two differ-
ent sets of input variables were examined to identify the significance of ground motion type in the development of the ML models as
well as the fragility analysis. Specifically, the second dataset incorporates the ground motion type (i.e., FF, NF-Pulse, or NF-No Pulse)
in addition to the first dataset. Moreover, considering these two input sets can enhance the applicability of the developed ML models.

The rationale behind selecting input variables for the development of ML models in this study was to emulate the modal response
spectrum analysis [52,53]. Therefore, the chosen input variables are associated with the structural periods of the walls and the re-
sponse spectra of the considered extensive set of seismic ground motions. In the first dataset, we selected the first five periods of R/C
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wall structures to capture the impact of higher modes on the structural response. In addition, we included the PGA and spectral accel-
erations at 1 s-6 s, at 1-s intervals, to fully represent the response spectra of ground motions. The PGA, representing the spectral ac-
celeration at nearly zero period, and the spectral acceleration at 6 s, corresponding to the longest period observed in the 46 R/C wall
structures (approximately 5.327 s), were included to cover the entire range of fundamental periods pertinent to the structures under
consideration.

In the development of a fragility curve in this study, the MIDR was considered as a performance parameter to define the limit state
of R/C wall structures. The minimum and maximum MIDRs in the dataset were 0.036 % and 14.88 %, respectively, noting that we set
the threshold of 15 % to stop the analysis to minimize the convergent issues of large-displacement nonlinear analyses in OpenSees.
Meanwhile, the average and standard deviation of the MIDR results were 2.16 % and 2.29 %, respectively. In the fragility analysis,
each fragility curve corresponds to a defined MIDR. In this study, the threshold for MIDR varied between 0.5 % and 10 % in incre-
ments of 0.1 % for each structural configuration. This extensive range was designed to cover a broad spectrum of structural behaviors,
thereby increasing the applicability of the developed ML models. In other words, by considering the MIDR value as an input with a
wide range, the developed model can generate fragility curves for various threshold values. In summary, the first dataset comprised a
total of 13 input variables: five periods of structures, seven spectral accelerations of ground motions, and the MIDR threshold. On the
other hand, the second dataset comprised 14 input variables, adding the ground motion type (FF, NF-Pulse, or NF-No Pulse) to the
first dataset. It is important to note that the two input sets considered are suitable for both the preliminary analysis and post-
earthquake fragility assessment of building structures. This is because the response spectra can be derived from actual ground motion
records (for post-earthquake assessment) or from design standards and codes (for preliminary analysis). This versatility highlights the
advantage of the input sets examined in this study.

The output variable of the ML models was set to classify the states of R/C wall structures subjected to ground motions based on a
predefined MIDR threshold (varied between 0.5 % and 10 % in increments of 0.1 %). Specifically, the state of an R/C wall structure
against a ground motion is classified as either “B” (Below) or “E” (Exceeding) to indicate whether the MIDR is below or exceeds the
specified threshold. This binary categorization was then used to estimate the failure probability of the structures for a given PGA, nec-
essary for deriving the fragility curve through the MSA approach.

Combining 46,000 nonlinear analyses with 96 MIDR threshold values resulted in a total of 4,416,000 data points for the develop-
ment of the ML models. Table 1 summarizes the boundaries of the input variables. It is worth of noting that the ML models will gener-
ally achieve better predictions when interpolating within the trained data ranges [16]. The procedure incorporating predicted results
from a ML model into the MSA approach is presented in Section 6.

4. Machine learning methods

4.1. Theoretical overview of selected ML methods

In this study, we employed four ensemble ML models: RF, XGBoost, LightGBM, and CatBoost, to classify the state (i.e., “B” or “E”)
of R/C wall structures. All considered ML models are based on the ensemble learning method, which combines the outputs of multiple
decision trees (i.e., also known as weak learners). The ensemble model development process is depicted in Fig. 7. The primary differ-
ence between these ensemble models lies in the construction of their decision trees, achieved through either bagging or boosting tech-
niques. The bagging method constructs decision trees in parallel, allowing them to learn independently from each other, while the
boosting method builds trees sequentially, with each tree learning from the errors of the previous ones.

RF model [54] is an advanced form of the bagging method, which combines bagging with a random selection of features to im-
prove model diversity and accuracy. Specifically, in each individual tree, the RF model aims to identify the optimal set of input vari-
ables based on the given dataset. XGBoost, LightGBM, and CatBoost, on the other hand, employ the boosting method to construct de-
cision tree. The XGBoost model was developed by Chen and Guestrin in 2016 [55]. XGBoost constructs individual trees using the

Table 1
— Statistical analysis of the input variables.
Input variable no. Description Min Max Mean
1 PGA (g) 0.100 1.000 0.550
2 Spectral acceleration at 1 s (g) - Sa (1s) 0.027 3.526 0.665
3 Spectral acceleration at 2 s (g) - Sa (2s) 0.009 2.652 0.333
4 Spectral acceleration at 3 s (g) -Sa (3s) 0.006 2.084 0.212
5 Spectral acceleration at 4 s (g) - Sa (4s) 0.004 1.188 0.143
6 Spectral acceleration at 5 s (g) - Sa (5s) 0.003 1.116 0.108
7 Spectral acceleration at 6 s (g) - Sa (6s) 0.002 0.797 0.079
8 First natural period (s) - T1 0.552 5.327 2.283
9 Second natural period (s) - T2 0.100 0.933 0.399
10 Third natural period (s) - T3 0.049 0.346 0.154
11 Fourth natural period (s) - T4 0.044 0.192 0.093
12 Fifth natural period (s) - TS5 0.028 0.124 0.071
13 Ground motion type (only for the second dataset) - GM Type FF: “17
NF-Pulse: “2”
NF-No Pulse: “3”
14 Threshold value for MIDR (%) — performance parameter 0.5 10 5.25
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Fig. 7. - Example of an ensemble model.

level-wise (horizontal) growth approach. It employs an iterative approach where each new tree is adjusted based on the residu-
als—the differences between the observed and predicted values—from the previous tree. In addition, the regularization term is added
into the objective function to reduce the overfitting issue.

LightGBM [56], while based on a concept similar to the XGBoost model, distinguishes itself by employing a leaf-wise (vertical)
tree growth approach. This key distinction allows LightGBM to often achieve a more significant reduction in loss at each iteration,
which can result in a more accurate predictive model. Moreover, LightGBM is known for its faster processing times when compared to
XGBoost and is capable of maintaining high levels of accuracy.

CatBoost [57], another gradient boosting-based method, differentiates itself by constructing symmetric (balanced) trees. This
means that the conditions for splitting leaves in subsequent trees are consistent with those in previous trees. Additionally, within the
CatBoost framework, a uniform feature-split pair technique is applied to all nodes at the same level. This approach is designed to min-
imize loss within the objective function. The balanced growth of trees not only contributes to faster prediction times but also acts as a
regularization mechanism, effectively reducing the risk of overfitting. Detailed information about the four ensemble ML models ex-
amined in this study can be found in the literature [20,24].

4.2. Criteria to evaluate performance of the ML models

In ML applications, particularly for classification problems, the evaluation of predictive models is often performed using a confu-
sion matrix [21,24,58]. Fig. 8 illustrates the concept of the confusion matrix and includes the formulas required to compute various
accuracy metrics. In this research, we utilized four key performance indicators — classification accuracy, precision, recall, and the F1-
score — to assess and compare the efficacy of the predictive models.

Classification accuracy is a vital metric for assessing the global performance of a model in classification problems. It measures the
proportion of instances where the model correctly predicts the target label. This is calculated by dividing the number of correct pre-
dictions by the total number of predictions made. Meanwhile, precision and recall are metrics used to evaluate the performance of
predictive models on specific class predictions. Precision measures the proportion of true positive predictions in all positive predic-

Predicted Predicted
as positive as negative

True False
. - ; TP+TN ..
Actual: positive negative Accuracy= ——— ; Precision = ——
Positive (TP) (FN) TP+TN+FP+FN TP+FP
False True TP Precision X Recall
Actual: positive negative Recall = TP+FN Fl-score =2 X Precision + Recall
Negative (FP) (TN)

Fig. 8. — Concept of confusion matrix.
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tions made by the model. This metric is especially critical in situations where the consequences of false positives (FP) are more severe
than false negatives (FN).

Recall, on the other hand, is a measure of actual observations that are predicted correctly, i.e., how many observations of positive
class are actually predicted as positive. Additionally, recall proves to be an advantageous metric in cases where the cost of FN is of
higher concern than that of FP. The F1-score, conversely, represents a harmonic mean of both precision and recall metrics. In simpler
terms, the F1 score attains a harmonious balance between the precision and recall values within the classified model. In other words,
F1-score is a better metric for an imbalanced dataset. More information on the confusion matrix can be found in the literature [24].

5. Development of predictive models for classifying states of R/C wall structures

In this section, we developed four ML models to predict the states (i.e., B or E) of R/C wall structures utilizing the two input sets
discussed in Section 3.3. The ML models were developed using the training dataset, which constitutes 60 % of the entire dataset,
while the testing dataset, representing the remaining 40 %, was employed to assess model performance. Figs. 9 and 10 illustrate the
confusion matrices for the testing dataset, along with accuracy, precision, recall, and F-1 score parameters that define model perfor-
mance, for the first and second input sets, respectively. It should be noted that the input parameters (e.g., number of trees, maximum
depth) defining the ML models were set to their default values [54-57]. Hyperparameter tuning was not conducted as the perfor-
mances of the developed models were outstanding, as demonstrated below.

Fig. 9 reveals that all four ML models demonstrated satisfactory performance in predicting the states of R/C wall structures us-
ing the first input set. Notably, the RF model emerged as the top performer, achieving an impressive accuracy of 0.99 and an F1-
score averaging 0.98. Close behind, the CatBoost model showed strong results with an accuracy of 0.98 and an average F1-score of
0.96. The LightGBM model, while still performing well, achieved the lowest metrics of the group, with an accuracy of 0.96 and an
average Fl-score of 0.93. Although the performance varied among the models, the disparities in global performance among all the
considered ML models were relatively small.

Regarding individual predictions, the RF models consistently exhibited the highest values for both precision and recall parame-
ters. Specifically, precision values of 0.99 and 0.97 were achieved for "B" and "E" states, while recall values reached 0.99 and 0.97, re-
spectively. In contrast, the LightGBM model scored the lowest on these metrics. It is worth noting that the ML models performed bet-
ter in predicting "B" state compared to "E" state. This difference in performance can be explained by the fact that the dataset contains a
relatively smaller proportion of "E" state compared to "B" state. This observation was consistent across all developed ML models. How-
ever, the RF model showed very small differences in precision and recall values between "B" and "E" states (i.e., 0.99 and 0.97), under-
scoring its outstanding performance in this comparison once again. In other words, the RF model demonstrated great performance,
even when dealing with imbalanced datasets.

Consistent with the findings in the first input set, the RF model maintained superior performance in the second input set, as
demonstrated in Fig. 10. It outperformed other models in overall accuracy as well as in individual prediction metrics. The CatBoost
model followed closely, showing strong performance, whereas the LightGBM model displayed the least impressive results among the
group.

Given its superior performance in both global and individual predictions across the two input sets, the RF model is recommended
as the most accurate for predicting the states of R/C wall structures in this study. It is notable that each ML model has its own advan-
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= 2 B 1445049 | 8031 0.99 0.99 —g' 2 B 1425665 | 27415 0.98 0.98
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< “ E 8136 0.97 0.97 < © E 31178 0.9 0.91
Precision| 0.99 0.97 0.99 0.98 Precision| 0.98 0.91 0.97 0.94
Average Average
Accuracy Fl-score Accuracy F1-score
(a) RF (b) XGBoost
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B E Recall Fl1-score B E Recall Fl1-score
—g' A B 1417520 | 35560 0.98 0.97 —g' 2 B 1433957 | 19123 0.99 0.99
g3 g3
< E 40995 0.87 0.88 < E 21673 0.93 0.93
Precision| 0.97 0.88 0.96 0.93 Precision| 0.99 0.94 0.98 0.96
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Fig. 9. Confusion matrices (testing dataset) of four ML models in the first input set.
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Fig. 10. Confusion matrices (testing dataset) of four ML models in the second input set.

tages, and there is no single ML model that guarantees the highest prediction accuracy across all case studies. For instance, Nguyen et
al. [21] demonstrated that the LightGBM model was more effective than the RF model in predicting damage states in underground
box tunnels due to earthquakes. Kourehpaz et al. [59] found that the gradient-boosting model outperformed the RF model. Mean-
while, the RF model outperforms the other models in the current study. Given these variations, it is essential to explore and compare
multiple ML models to determine the most accurate for a specific application.

Fig. 11 shows the relative importance of input variables extracted from two RF models corresponding to the two input sets. It can
be seen that the MIDR has the most significant influence in both input sets. This underscores the reliability of the RF models, as the
MIDR threshold was crucial for determining the output variables (“B” or “E”) in the dataset. In the second input set, the ground mo-
tion type (denoted as GM Type in Fig. 11) has a minimal effect on the predictions. In the comparison of model performance between
the two considered input sets, the RF model consistently yielded identical results across all accuracy parameters. Consequently, ei-
ther the first input set, which excludes ground motion characteristics, or the second, which includes them—can be effectively em-

MIDR . MIDR 1

T5 1 GM Type J

T4 - TS 1

T3 ] T4 1

o T2 - m 1

| T - T2 |

= T1 1
9 sa (6s) .

= Sa (5 Sa (6s) 1

£ (5s) Sa (5s) ]

Sa (4s) 1 Sa (4s) ]

Sa (3s) 1 Sa (3s) |

Sa (28) 7 Sa (25) 4

Sa (1s) 1 Sa (1s) 1

PGA ] PGA 1

a) Input set 1 b) Input set 2
0 0.1 0.2 0.3 0.4 0.5 0 0.1 0.2 0.3 0.4 0.5
Score Score

Fig. 11. Relative importance of input variables from RF model: a) Input set 1 and b) Input set 2.
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ployed to predict the states of R/C wall structures. The implementation of these two developed RF models associated with two input
sets will be discussed in the subsequent section.

6. Incorporating proposed ML models into MSA approach

This section introduces a novel procedure that utilizes the outcomes of the proposed ML model (see Section 5) into the MSA ap-
proach. Fig. 12 displays a visual illustration of the proposed procedure and demonstrates the way how we integrate the ML model re-
sults into the MSA approach to derive the fragility curves of R/C wall structures in building frame systems. The process begins with
preparing an input dataset containing either 13 input variables or 14 variables, as presented in Section 3.3. During this step, the
ground motions are scaled with PGA values ranging from 0.1 g to 1.0 g, and the spectral accelerations at different periods are calcu-
lated based on the scaled ground motions. Subsequently, this prepared input dataset is input into the predictive model (i.e., RF model)
to produce the corresponding output variables. Note that separate RF models are suggested for the first and second input sets. The
outcomes predicted by the RF model are categorized for each PGA level, as explained in Step 3. Finally, the failure probability is cal-
culated at each PGA level and the fitted fragility curve is then obtained (for details on the MSA approach, see Section 2.1).

To illustrate the proposed procedure, we randomly selected a 12-story R/C wall structure from a pool of 46 configurations.
Fragility curves were generated from two RF models with two input sets. For the RF model associated with the second input set, we
specifically considered the FF case (labeled as "1” in the input set) for demonstration purposes. In this specific case, an MIDR thresh-
old of 1 % was assumed to develop the fragility curves. Fig. 13a and b illustrate the relationship between PGAs and spectral accelera-
tions at 1 s for the first and second input sets, respectively. The figures also display the outputs from the respective RF models, catego-
rized as “B” and “E”. Finally, fragility curves for a 12-story R/C wall structure are generated using both the proposed procedure and
the original MSA approach, which incorporates results from nonlinear time history analyses using OpenSees (i.e., denoted as “OS” in
Fig. 14). Figs. 14a and b present the fragility curves for the first and second input sets, respectively.

The example shown in Fig. 14 clearly demonstrates that the fragility curves obtained through the proposed procedure closely align
with those derived from the original MSA approach, indicating a good agreement between the two methods. To further provide a
comprehensive comparison of the results from the RF model, we assessed the performance of proposed procedure against the original
MSA approach through PGA values associated with different levels of probability of failure, including 5 %, 50 %, and 95 %. This eval-
uation was conducted for the two input sets. For the first input set, this involved a total of 4416 data points (46 structures X 96
threshold values), while for the second input set, there were 13,248 data points (46 structures X 96 threshold values x 3 ground mo-
tion types). It is noted that the structures that did not reach the failure as defined by the specified thresholds of MIDR were excluded
from this assessment.

Figs. 15 and 16 illustrate the relationship between PGAs derived from the proposed procedure and those obtained using the origi-
nal MSA approach, for failure probabilities of 5 %, 50 %, and 95 % applied to both the first and second input sets. The figures also
display the coefficients of determination (R2), showcasing that the proposed procedure consistently yields outstanding results, as evi-
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N |01 | 041| 007|007 | 006 |0.06 |0.06 |0.63]0.11]0.050.04(0.03| 1 20
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Fig. 12. — Procedure of incorporating the suggested ML model to the MSA approach.
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Fig. 14. - Fragility curves in the cases of a) first and b) second input sets.

denced by the very high R2 values, which indicate a strong positive correlation between the outcomes of the two methods. It is im-
portant to emphasize that the comparisons in this section (Figs. 15 and 16) are intended to assess the performance of RF models inte-
grated into the proposed procedure within the dataset used to develop the RF models. The performance of the proposed procedure
when applied to a new structure, which was not used to generate the dataset, will be explored in the following section.

7. Application of proposed procedure for fragility analysis of an arbitrary R/C wall structure

In this study, we demonstrate the efficacy of the proposed procedure using a 24-story R/C wall structure, which was detailed in
the prior work of Mafari et al. [41]. It is important to note that this specific R/C wall structure was not included in the dataset used to
develop RF models. This building was designed and detailed to withstand all seismic loads in compliance with ACI 318-14 [43] and
met the minimum requirements of the Equivalent Lateral Force Procedure outlined in ASCE 7-10 [60].

As an initial step, determining the first five natural periods of the R/C wall structures is required, as detailed in Table 2. Subse-
quently, PGA and spectral accelerations at intervals of 1 s—6 s are computed from the considered ground motions. For this applica-
tion, 1000 ground motions introduced in Section 3.2 were utilized. To obtain a solid comparison, the fragility curves were developed
with three thresholds of MIDR. These thresholds, which are summarized in Table 3, were based on the recommendations outlined in
FEMA P-58 [61]. In this investigation, the MIDR thresholds of 0.5 %, 1.5 %, and 2.7 % were employed for negligible damage, moder-

ate damage, and collapse cases, respectively.
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Fig. 15. — PGA values at a) 5 %, b) 50 %, and c¢) 95 % failure probabilities of MSA approach versus those of the proposed procedure in the first input set.
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Fig. 16. — PGA values at a) 5 %, b) 50 %, and c¢) 95 % failure probabilities of MSA approach versus those of the proposed procedure in the second input set.

Table 2
— First five periods of 24-story R/C wall structure.
Input variable no. Description Value
1 First natural period (s) 1.156
2 Second natural period (s) 0.211
3 Third natural period (s) 0.090
4 Fourth natural period (s) 0.064
5 Fifth natural period (s) 0.055
Table 3
— Definition of damage state of R/C wall structures.
MIDR Damage state (DS)
MIDR <1 % DS1: Negligible damage
1 % < MIDR <2.6 % DS2: Minor to moderate damage
MIDR >2.6 % DS3: Severe damage to collapse
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Table 4

— Comparisons of proposed procedure and MSA approach for PGA values at 50 % probability of failure.
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Input case Damage state PGA value at 50 % probability of failure (g)
Proposed procedure MSA approach
First input set DS1 0.178 0.170
DS2 0.450 0.508
DS3 0.864 0.997
Second input set - FF DS1 0.196 0.190
DS2 0.508 0.591
DS3 1.113 1.289
Second input set — NF-Pulse DS1 0.128 0.121
DS2 0.300 0.330
DS3 0.541 0.598
Second input set — NF-No Pulse DS1 0.213 0.200
DS2 0.583 0.603
DS3 1.222 1.323

Fig. 17 presents the fragility curves for three damage states generated by both the proposed procedure and the original MSA ap-
proach, applied to the first and second input sets. The results indicate that the proposed procedure generally presented the favorable
outcomes of the fragility curves across both input sets. It is noteworthy that the fragility curves can be rapidly generated using the
proposed procedure. In contrast, the execution of 1000 analyses required for the original MSA approach took 73 h to run using 24

parallel cores on a Dell 13th Gen Intel® Core™ i9-13900KEF.
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Fig. 17. — Fragility curves of 24-story R/C wall structures.
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To obtain a solid comparison between the proposed procedure and the original MSA approach, the PGA values corresponding to a
50 % probability of failure were compared across all cases, as presented in Table 4. It can be seen that the discrepancies in PGA values
at 50 % probability of failure between these two methods in all investigated cases are relatively small (an average of approximately
9.32 %). However, when considering higher threshold values of MIDR, the divergence in fragility curves becomes more pronounced.
This trend is likely due to the complex behaviors of R/C walls in the nonlinear range and the limited data available for high MIDR val-
ues (with an average of 2.16 %) in the dataset, which can result in less accurate predictions from the developed RF model. In addition,
the fragility curves generated by the developed model with and without considering ground motion types exhibit notable differences.
These differences are apparent in both the proposed procedure and the original MSA approach. Therefore, it is important to incorpo-
rate a diverse set of ground motions encompassing various types when developing the fragility function. This approach not only en-
hances the model's robustness but also underscores the applicability of the proposed procedure with the two input sets considered in
this study.

To facilitate accessibility and implementation of the proposed procedure to generate the fragility curve for R/C wall structures, a
code package, along with accompanying guidelines, is provided via the following link (IncorporatingMLToMSAAppoach.git).

8. Conclusions

In this study, we proposed a novel procedure that integrates ML into the MSA approach for constructing seismic fragility curves for
R/C wall structures in building frame systems. This procedure could mitigate computational challenges associated with the original
MSA approach. The ML models were developed to classify the damage state of R/C wall structures subjected to ground motions. The
binary categorization was then used to calculate failure probability points needed to derive the fragility curve per the MSA approach.
Four well-established ML methods, including RF, XGBoost, LightGBM, and CatBoost, were considered. Two sets of input variables
were examined to identify the significance of ground motion type (FF, NF-Pulse, or NF-No Pulse) in the development of the ML mod-
els as well as the fragility analysis. The performance evaluation of the four developed ML models and the proposed procedure incor-
porating the suggested ML models for fragility analysis yielded the following conclusions.

e All four ML models showcased remarkable predictive capabilities. Among them, the RF model presented the greatest
performance, achieving an accuracy metric of 0.99 and an average Fl-score of 0.98 on the testing dataset for both input sets.
Thus, the RF model was selected for integration into the proposed procedure.

In addition, the RF models corresponding to the two input sets showed consistent results across all accuracy metrics. This
implies that either of the two developed RF models can be used for the proposed procedure, regardless of whether the ground
motion type is considered or not. This also indicates that the ground motion type is not significant in developing the ML models
in this case.

To assess the effectiveness of the proposed procedure incorporating the developed RF models, we compared with the results of
the original MSA approach using PGA values corresponding to various levels of the probability of failure: 5 %, 50 %, and 95 %.
The results consistently demonstrate that the proposed procedure delivers outstanding performance.

As an external validation, the seismic fragility analysis of a new 24-story R/C wall structure was conducted using the
proposed procedure. The results clearly demonstrate that the proposed procedure incorporating the developed RF models
allowed for the rapid construction of fragility curves and consistently produced favorable outcomes. On the other hand, the
discrepancy between the fragility analysis results from the proposed procedure and the original MSA approach became
pronounced when employing a higher threshold value of MIDR.

A code package along with comprehensive guidelines of the proposed procedure is provided to make it easier for users to access
for generating the seismic fragility curves of R/C wall structures.

It is notable that the proposed procedure is limited to the fragility analysis with just one pair of EDP (i.e., MIDR) and IM (i.e.,
PGA). A similar procedure may be used for other pairs of EDP (e.g., maximum top drift or peak floor acceleration) and IM (e.g., spec-
tral acceleration at first natural period). In addition, covering a wider range of ground motion intensities and generating more wall
configurations from 24 to 40 stories could enrich the dataset with higher MIDR values, potentially enhancing the performance of the
ML model. Furthermore, the analysis of R/C wall structures in this study assumed a complete coupled action between wall segments
in perpendicular directions, although R/C core walls may exhibit a considerable shear lag under lateral forces. The numerical models
also should be validated at higher MIDR values and account for the cyclic strength deterioration of reinforcing steel. The authors in-
tend to explore these limitations in subsequent research.
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