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ABSTRACT

Machine Learning (ML) techniques have been used extensively in research within the field of
structural engineering due to their high level of accuracy in predicting the behavior of different
structural elements. In fact, the superior predictive performance relative to traditional statistical
models is often suggested as the primary motivation for the adoption of ML models. However, the
implications of such improvements in predictive accuracy in the design and performance of
structural systems have not been studied. This paper presents a reliability-based investigation of
the tangible benefits provided by ML models in terms of structural design and performance. To
quantify these benefits, the increase in predictive accuracy is interpreted as a reduction in epistemic
uncertainty. The specific focus is on a predictive model that estimates the drift capacity of
reinforced concrete shear walls (RCSWs) with special boundary elements. The accuracy of an
extreme gradient boosting (XGBoost) model relative to a basic linear regression equation is
quantified in terms of reduced epistemic uncertainty. Then, using 36 RCSW archetype buildings,
a Monte Carlo-based procedure is implemented to evaluate the implication of the improved
predictive accuracy to seismic design and performance. The study provides insights into how much
improvement in accuracy (i.e., ML relative to traditional model) is needed to have a tangible effect

on the seismic design and performance.
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1. INTRODUCTION

1.1. Machine Learning in Structural Engineering

Research on the application of machine learning (ML) in structural engineering (SE) has received
significant attention in recent years. The potential of ML to capture complex nonlinear
relationships between the different variables contained in the data coupled with the increased
accuracy (relative to traditional statistical models) is one of the most cited reasons for their
widespread use. Several studies showed the superiority of ML models in accurately predicting the
behavior of different types of structural systems and components. Backbone curve parameters [1],
deformation capacity [2,3], bearing capacity [4], and failure mode [4,5] of reinforced concrete
(RC) columns have all been predicted using ML models. In addition, ML models for RC beams
have been developed to estimate shear strength [6,7] and long-term deflection [8]. ML has also
been used to predict shear strength [9,10], drift capacity [11], and failure modes [12] of RC walls.
The behavior of RC slabs [8,13,14] and beam-column joints [15,16,17] has also been investigated
using ML algorithms. Based on this limited review, there were several key findings that can be
generalized across the various studies. For example, the improvement in predictive performance
by the ML model relative to more traditional methods (e.g., analytical equations) was almost
always highlighted. Most studies conducted a feature importance analysis, which elucidates the
factors that have the greatest effect on predictive performance. Most (if not all) of the studies
limited their evaluation of the predictive models to the feature ranges contained in the training

data. This approach brings into question the ability (or lack thereof) of the ML models to generalize
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(or extrapolate) beyond the observed data. Readers are directed to several review papers that have

summarized the application of ML to structural engineering problems [18-21].

Despite their popularity, ML models are faced with the challenge of being difficult to explain i.e.,
they are generally viewed as “black-box” models. Explainable Artificial Intelligence (XAI) [22],
a branch of study that concentrates research on ML interpretability and seeks to move toward a
more transparent Al, is being developed in an effort to overcome this problem. Interpretability
methods can be classified based on their purpose (e.g., explaining black-box models, creating
white-box models, enhancing fairness of a model, and testing the sensitivity of predictions). These
methods can be further divided based on the type of ML algorithms that are considered. If the
method is limited to a single model or a group of models, it is described as model-specific. On the
other hand, if the method can be used with any ML model, it is deemed model-agnostic. The scale
of interpretation is another essential factor that distinguishes different interpretability techniques.
The technique is considered local if it only describes one particular instance, and it is considered
a global method if it explains the entire model. Lastly, some XAI methods are more suitable to

specific data types (e.g., tabular, images, and text) [23].

As previously indicated, the limitations of conventional data driven methods in terms of predictive
accuracy are one of the main drivers of ML-SE applications. A review of ML-based regression
models of different structural elements that were compared with other empirical models (e.g.,
linear regression, from a design code, other non-ML models reported in literature) was conducted
to determine the improvements based on different evaluation metrics including root mean square
error (RMSE), coefficient of determination (R?), mean absolute error (MAE), mean absolute
percentage error (MAPE), and the coefficient of variation (COV) of the ratio of predicted-to-

experimental target variable. Table 1 provides a comprehensive summary of the percentage
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improvements in RMSE, R?>, MAE, MAPE, and COV achieved through the implementation of ML

models [2-4,7,8,10,11,14,16, 24-58].

An important observation from Table 1 is that the relative improvement in predictive performance
varies significantly based on the considered metric and the type of component. For instance, when
predicting wall shear strength, the average COV improvement is approximately 38%, which is
significantly lower compared to the other metrics (R?, RMSE, MAE, and
MAPE). Whereas for column axial strength, the average COV improvement is greater than the
other metrics. There is also significant variance in the improvement as measured by the different
metrics for beam deflection and rotation capacity. A similar conclusion can be drawn when
examining the improvements provided when predicting the flexural and torsional strength of
beams. Based on these observations, it is important to recognize that while some of these
improvements may appear significant, this may be partly due to the chosen predictive performance
metric. The studies that form the basis of the results in Table 1 have exclusively focused on
improving the predictive power of their proposed models without discussing the tangible benefits
of these improvements. This is particularly important because, for most ML models, there exists a
trade-off between predictive accuracy, model complexity, and interpretability. While enhanced
predictive accuracy is a valuable outcome, it is essential to explore how these improvements
translate into practical benefits in engineering practice. Questions remain about whether increased
accuracy leads to more informed design choices, enhances safety, or provides cost savings in real-
world applications. This paper aims to bridge this gap by investigating the practical implications
of improved ML predictive models in the design and performance of structural systems within a

reliability-based context.
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Table 1. Percentage improvements in evaluation metrics for various structural element responses

Structural Elements' Evaluation Metric
Responses RMSE R? MAE MAPE cov
Beam 32.8% to 0.4% to 35.3% to R0.3% 12.1% to
[7,24-34] 80.5% 99.4% 81.3% =70 84.2%
ags. | 7%t | 39%0 | 323%t0 | 522%t0
3é] 77.8% 21.6% 38.6% 67.1%
Column 48.4% to 31.4% to o o o
Shear [4.39] 62 6% 261 4% 71.7% 78.6% 67.6%
Strength Wall
a
41.53% to 6.5% to o 59.8% to o
[12’2450_ 80.87% 60.4% 66.7% 79.8% 38.2%
Joint 0 o o 0 o
[16.43- -2.9% to 66.7%to | 63.2%to | 46.9% to 0.2% to
4,6] 93.7% 120.3% 99.9% 98.9% 90.7%
Axial Column 27.3% to 0.4% to 57.2%to | 57.1% to 75.9% to
Strength [47-53] 90.2% 26.8% 77.9% 89.3% 90.4%
Flexural
and Beam 18.6% to -0.4% to -129 6% i 21.2% to
Torsional [54-57] 90.1% 14.9% e 48.3%
Strength
Deflection
and Beam 0 0 <o 0.9% to i
rotational | [8,58] 73:9% 0.2% 0.5% 1 70.5%
capacity
Column 0 0 0 46.7% to
Drift 12.3] 74.2% 207.3% - 83.7% 61.0%
capacity Wall 41.0% 38.1% - - 43.3%

[11]

In other fields where ML has been adopted in practice, there have been studies that have evaluated
their benefits in practical terms. Reis et al. [59] showed that the extent to which ML applications
are used to support internal organizational activities has a positive effect on financial performance.
Additionally, Jannach and Jugovac [60] showed that ML-based recommender systems such as the
ones used in e-commerce websites, have a positive effect on various business performance metrics
including sales numbers and user engagement. Furthermore, Google reported that their App

5



100

101

102

103

104

105

106

107

108

109

110

111

112

113

114

115

116

117

118

119

120

121

122

recommender system—a combination of neural networks and linear models—resulted in 3.9%
increase in app acquisitions for Google Play compared to a linear model [61]. In SE, where safety
and performance of infrastructure are the primary goals, the implications of improving the

accuracy of predictive models can be investigated using reliability-based principles.

1.2. Structural Reliability

As a sub-discipline, structural reliability provides the language, tools, and models needed to
evaluate and quantify the safety and overall performance of structures by explicitly accounting for
various sources of uncertainty (e.g., [62,63]). In general, uncertainties can be categorized as
aleatory or epistemic [64]. Aleatory uncertainty refers to the inherent randomness in a system that
is irreducible. On the other hand, epistemic uncertainty represents the uncertainty due to the lack
of knowledge which can be reduced if additional information is available. In seismic performance
assessments, ground motion (record-to-record) and structural model (modeling) uncertainties are
often considered. Record-to-record (RTR) uncertainty, which is a type of aleatory uncertainty,
arises from the unique frequency characteristics of each ground motion. As a result, there is
variance in the response of a structure subjected to a set of ground motions scaled to the same
intensity. This uncertainty is typically considered in structural response estimation by utilizing a

large number of records.

Modeling uncertainty is a form of epistemic uncertainty that can be classified into four categories
[65]. Type I refers to uncertainties in the measurement of physical quantities (e.g., soil shear
stiffness which can be directly measured). Since not all constitutive models use physical
parameters that can be directly measured, Type II uncertainties consider the difference between
the measured quantities and constitutive model parameters. Type III is used to describe the

uncertainty associated with the selected constitutive model, which is typically theoretically derived
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based on various assumptions (e.g., [66,67]) or empirically constructed based on observations
(e.g., [68,69]). Finally, Type IV uncertainty is related to system level idealization (e.g., one- versus

two-dimension analysis, neglecting soil-structure interaction).

Evaluating the effects of “low-level” uncertainties (Type I and Type II) is more common in prior
research (e.g., [70-75]), whereas fewer studies have attempted to quantify the effects of “high-
level” uncertainties (Type III and Type IV) (e.g., [76-78]). This could be because the data needed
to quantify low-level uncertainty is generated by component-level physical experiments which are
fairly common. In contrast, high-level uncertainty characterization requires data from sub-system
or system-level experiments. High-level uncertainties are also known to be problem and system

specific and therefore less generalizable than low-level uncertainties.

The reliability of a structural component can be defined as the probability that it meets one or more
predefined requirements (e.g., strength capacity is not exceeded) over some specified time period.
Structural component reliability is expressed in terms of a limit state function, g, which relates the
resistance and load variables for specific state of interest. This limit state function is given by g =
R - Q, where R is the resistance and Q is the load. In a general problem, R and Q may be functions
of multiple basic random variables X = (X1, X;, ... ,X;,). In this case, the limit state function is
defined as g(X) = f (X1, X5, ... , X;,), where f(.) is a function that relates R and Q with the basic
random variables. Member failure occurs in the region where g is less than or equal to zero

(g(X) < 0). The probability of member failure is expressed as:

Pr=P[g(X) <0] = f fx(xq, x5, o, x)dx dx, ... dx, (1)
D

Where fx(x) is the joint probability density function of X (the basic random variables) and D is

the domain in which g(X) < 0.
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To address the difficulties in evaluating the probability of failure analytically, various approximate
methods are often used such as first order reliability method (FORM), second order reliability
method (SORM), and Monte Carlo simulation (MCS). In a design context, once the probability of
failure has been established, an appropriate set of modifications to the system or component is

made to enhance the reliability which in turn minimizes the risk of failure.

1.3. Objective

Despite the numerous SE studies that demonstrated the superior predictive performance of ML
models, the implications of this improved accuracy, especially in a reliability-focused context,
have not been addressed. To fill this research gap, this study presents a reliability-based
investigation of the benefits provided by ML models in terms of their ability to improve predictive
performance. Specifically, the enhanced predictive performance is quantified as a reduction in the
epistemic uncertainty that is associated with the model. Ultimately, the goal is to investigate and
quantify the effect of this epistemic uncertainty reduction on the “failure” probability of the
considered system or component. The investigation focuses on the drift capacity of RC shear walls
(RCSWs) with special boundary elements (SBEs). Section 2 provides an overview of the
investigation methodology (Section 2.1) with a detailed explanation of each stage in the
subsequent subsections. Section 2.2 provides a description of the ML-based drift capacity
predictive model for RCSW-SBE that is used as the basis of the investigation. In Section 2.3, the
RCSW-SBE automated design procedure is described. Section 2.4 discusses the reliability-based
assessment that is performed using MCS. Section 3 performs a case study that considers 36
RCSW-SBE archetypes. The results, which are documented in Section 4, are separated based on
performance assessment (Section 4.1) and design implications (Section 4.2). Section 5 summarizes

the key findings, limitations, and suggestions for future related work.
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2. METHODOLOGY

2.1. Overview of the Methodology

The methodology for investigating the implications of improved predictive performance provided
by ML models is illustrated in Figure 1. The specific goal is to evaluate the effect of the reduction
in epistemic uncertainty (due to increased predictive accuracy) that is provided by the ML models
on seismic structural design and performance. The current study is focused on RCSWs with SBEs.
However, the methodology is presented as being agnostic to the type of structural system and/or

component.

The context of the proposed framework is the development of the drift capacity code requirements
for RCSW-SBE structures. As such, the design implication is quantified in terms of the required
wall thickness that is needed to meet the target reliability objective. With this frame of reference,
the methodology begins with defining a set of archetype buildings (RCSWs in this case) that will
be used in the evaluation. The archetype space used in the current study considers variations in the
number of stories, aspect ratio, and seismic design category. Since the proposed context is code
development (and not on a single building), the goal is to generalize the findings across a broad
class of RCSW-SBE buildings. The target performance is specified as the maximum acceptable
probability of exceeding the limit state of interest, which in this study, is the drift capacity of the

RCSW-SBE.

For each archetype building, the lateral force resisting system is designed to satisfy the ACI 318-

19 [80] provisions for special structural walls. For the reliability-based assessment, the limit state

functionis g = R — D, where D is the drift demand and R is the drift capacity. The drift capacity

predictive model is used with j different COV values. Each COV represents a different level of
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uncertainty in the predictions. Dispersion in drift demand due to RTR variability is quantified by
performing nonlinear response history analyses (NRHA). Dispersion in drift demand due to
modeling uncertainty is also considered in the assessment. MCS is implemented to determine the
probability of failure (Pr), which arises when the drift demand exceeds the drift capacity. For the
reliability-based design, the archetypes are redesigned by incrementally increasing the wall

thickness until the target probability of failure (P ) is met. The effect of different drift capacity
COV values on the reliability-based wall designs are compared. This comparison is made based on

the wall thickness for each design that is required to meet the target reliability.

The wall thickness is a primary structural design variable due to its impact on both architectural
and economic factors. Reducing wall thickness can provide benefits in space-sensitive projects.
Thinner walls enhance aesthetics by allowing for more open spaces and more usable floor area.
Additionally, reducing the wall thickness can lead to cost savings by decreasing material usage,
lowering foundation requirements, and simplifying cladding installation, which further reduces
labor costs. Overall, even small adjustments in wall thickness can impact both functionality and
aesthetics. The extent to which these factors are influenced by changes in thickness depends on
several variables, including the initial wall thickness, the building's intended use, the number of

stories, and the specific functional requirements of the building.

10
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Figure 1. Overview of the proposed methodology

2.2. Drift Capacity Model

As stated in the objective, this study aims to quantify the benefits of reduced uncertainty provided
by ML models. The ML model considered in this study is the drift capacity prediction model for
special structural walls based on the Extreme Gradient Boosting (XGBoost) algorithm [11]. The

algorithm optimizes an objective function that combines loss and regularization terms:

11
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Where Y. L(y;, ;) is the summation of the loss function value over the n datapoints in the training
set, ((fi) is the regularization term, and K is the number of trees. Decision trees sequentially
constructed, with each correcting the errors of the previous ones. First- and second-order

derivatives (gradients and Hessians) are used to minimize loss, and a greedy approach is used to

identify optimal splits. Regularization is incorporated to prevent overfitting.

Figure 2 depicts a schematic overview of the methodology used to develop and evaluate the model.
The first step (feature selection) investigates the variables that affect wall drift capacity using
statistical techniques, and the most influential features are chosen as inputs. The features included
are (1) Ay (= L,,c/b?), where [, is the wall length, c is the depth of the compression zone and b

is the wall thickness. The A;, parameter accounts for the slenderness of the cross section and the
compression zone, (2) shear stress demand (VmaX /v f’c), where v, .« 1S the maximum shear stress

and f'. is the concrete compressive strength and (3) the configuration of boundary transverse
reinforcement (CBTR), which is categorized into five types: overlapping hoops (OH), combination
of a perimeter hoop and crossties with 90-135 degrees hooks (PH-90-135), combination of a
perimeter hoop and crossties with 135-135 degrees hooks (PH-135-135), combination of a
perimeter hoop and crossties with headed bars (PH-HB), and single hoop without intermediate
legs of crossties (SH). Histograms for the input features and the drift capacity of the dataset are
shown in Figure 3. The data is then split using nested cross-validation where the inner layer is used

to tune the hyperparameters, while the outer layer is used to evaluate the model performance.

12
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Figure 3. Histograms of the input variables and drift capacity from the dataset

After creating and independently evaluating the proposed model, its predictive performance is
compared with that of the Abdullah and Wallace model [81,82]. This comparison is made by
developing two distinct models based on the CBTR. These two models were developed solely for
the purpose of an “all-else-equal” comparison with the Abdullah and Wallace model.
Subsequently, the original XGBoost model, in which the CBTR is included as an input feature,
was compared with the results obtained from the two distinct models. The comparison showed that
the original model produced similar results to the separate models. The models were constructed

using the same dataset as that used by Abdullah and Wallace [81,82].
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The predictive performance of the XGBoost model, which includes the CBTR as an input feature,
and the empirical equation developed by Abdullah and Wallace, were comparatively evaluated
based on their accuracy. The COV of experimental-to-predicted drift capacity ratio resulting from
the XGBoost and Abdullah and Wallace models is 0.085 and 0.15, respectively (an improvement
of 43.3%). Furthermore, the proposed model improved the RMSE by 41% and R? by 38%. Figure
4 shows the experimental versus predicted drift capacity of the RC walls using the XGBoost model.

Additional details regarding the development and performance evaluation of the drift capacity ML

model can be found in Aladsani et al. [11].
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Figure 4. Actual versus predicted drift capacity for the XGBoost model

In Figure 5, the error—defined as the difference between experimental and predicted drift

capacity—is plotted against each feature in the XGBoost model. Higher errors are primarily found

at lower values of A, and vp,4,/+/f . Also, higher errors are observed in walls with OH, PH-90-

135, and SH. Data points with absolute errors exceeding 0.5% were further analyzed, revealing
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that overestimation of the observed value often occurred when the wall features produced higher
experimental drift capacities. On the other hand, underestimation of the observed value mostly
occurred in walls features that exhibit lower capacities. This suggests that additional factors,

beyond the adopted input features, may influence the variations in the measured drift capacities.
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Figure 5. Variation of the error relative to each feature in the XGBoost model: (a) Ay, (b) Vyax/+/ f > and
(c) configuration of boundary transverse reinforcement

These findings highlight the trade-offs involved in drift capacity predictions. Overestimating the
drift capacity can lead to designs with greater safety margins, potentially preventing structural
failures. However, it may also result in unnecessary material usage and increased construction
costs. Conversely, consistent underestimation can yield unsafe designs that fail to meet essential

performance criteria, thereby elevating the risk of structural failure.

Given these considerations, it is crucial to prioritize the enhancement of the drift capacity
prediction model by focusing on ranges that are near established failure thresholds. Specifically,
attention should be directed toward drift capacities approaching the limits of acceptable
performance, as these represent critical points where structural integrity is crucial. By identifying

archetypes with drift capacities near these thresholds, it becomes possible to pinpoint the values
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most likely to influence failure probabilities. This targeted approach ensures that model
improvements are concentrated where they can have the most significant impact on safety and

overall structural performance.

2.3.  Wall Design

Because a large number of designs and analyses for the archetype space are required, a Python-
based platform is developed based on the object-oriented programing paradigm and used to
automate the design and NRHAs. Dubbed RCWall-SDA (Reinforced Concrete Wall Seismic
Design and Analysis), the tool helped minimize the time and manual effort required to generate

code-compliant wall designs and analyses.

The overall framework of the RCWall-SDA automated design process is shown in Figure 6. The
initial input parameters specified by the user include building arguments (floor plan dimensions,
number of stories, story heights, number of walls, and wall location), loads (floor dead and live
loads), site conditions (mapped spectral response acceleration parameter at a period of 1-s (§;) and
at short periods (Ss), site class, and long-period transition period (7})), concrete and steel
parameters (concrete compressive strength (f¢), concrete type, reinforcement yield strength (f;),
and areas of reinforcement bars), initial wall cross section dimensions, configuration of the
boundary transverse reinforcement, and other miscellaneous parameters (redundancy factor,

response modification coefficient, importance factor, and deflection amplification factor).

The design process starts with calculating the design spectral acceleration parameters at the short
period (Sps) and at 1 second period (Sp;) using the AccParam class. Then, the ELF class
implements the ASCE 7-16 [79] equivalent lateral force (ELF) procedure and the vertical

distribution of seismic forces along the height of the structure is determined based on the
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approximate fundamental period. The RCWall-SDA also includes a response spectrum analysis
(RSA) class which can be used as an alternative to the ELF procedure. However, the ELF
procedure is used in the current study. The ElasticAnaylsis class constructs an OpenSees [83]
model of the wall and performs a linear elastic analysis to obtain the story drifts. The drifts are
then scaled using the deflection amplification and importance factors, and compared with the drift

limit specified in Table 12.12-1 of ASCE 7-16.

Using the outputs from the aforementioned three classes, the WallDesign class performs the design
and analysis calculations specified in section 18.10 of ACI 318-19 to obtain an initial wall design.
The PMlInteraction class generates the axial-flexure interaction diagram, which is used to ensure
that the combined axial and moment demands (P,, M,,) for all load combinations do not exceed the
axial and moment capacities (¢P,, ¢ M,,). The need for special boundary elements at the ends of
the structural wall can be evaluated using either a displacement-based design or stress-based design
approach. The displacement-based approach can only be used for effectively continuous slender
walls with a single critical section. Whereas the stress-based approach can be applied to any wall
configuration. The RCWall-SDA tool implements the displacement-based approach to assess the
need for SBEs. To optimize the design, the quantities of longitudinal and transverse reinforcement
are reduced over the wall height (every two stories) as the demands decrease. To facilitate the
automated design process, the total number of longitudinal reinforcement bars are chosen such that

all layers have the same number of bars.
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Figure 6. Framework of the automated design process

For all archetypes, the initial wall thickness is set to 12 inch. The design is evaluated to determine
if it satisfies the provisions of ASCE 7-16 and ACI 318-19 for Special Structural Walls. If not, the
thickness is increased by 1 inch and the design process is repeated until an adequate design is

accomplished.
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3. CASE STUDY

A case study is presented to quantify the implications of the reduced epistemic uncertainty in the
drift capacity prediction model to the design and performance assessment of RCSW-SBEs. The
RCWall-SDA tool is used to design a predefined set of archetypes and perform NRHA to
determine the probability distribution of the drift demand. Using the relevant wall design variables,
the XGBoost model is then used to estimate the drift capacity. By performing MCS, the
performance and design of the RCSWs considering different drift capacity prediction accuracies

are evaluated.

In the context of reliability-based design of RCSWs with SBEs, Abdullah and Wallace [82]

introduced a drift demand-to-capacity ratio check based on the following equation: ¢, (6 ) >

—_<
hy/ —

S . . 50\ . . . .
(1.5 h—“), where ¢, is a reduction factor, (h—‘) is the mean wall lateral drift capacity estimated
w w

using their predictive equation developed in (Abdullah and Wallace 2019) [81], and (:—”) is the

mean roof drift demand. The 1.5 multiplier is used to convert the design earthquake (DE) drift
demands to maximum considered earthquake (MCE) demands. The authors suggested using a 10%
probability of strength loss for DE-level shaking as a minimum criterion for collapse. Then, by
assuming lognormal distributions and COV of 0.30 and 0.15 for the drift demand and capacity,

respectively, a ¢, = 1 is selected.

3.1. Archetypes
The floor plan selected for the archetypes (as shown in Figure 7) is 150 ft x 75 ft with typical bay
spans of 25 ft and story heights of 12 ft [82]. The developed archetypes have 2, 4, 8, and 12 stories.

For a given number of stories, wall aspect ratios ranging from 2 to 4 are considered. The minimum
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wall length is taken to be 6 ft and only walls with length/thickness ratio (%‘”) greater than 6 are

included. The walls are designed for the maximum and minimum spectral acceleration intensities
(Dppax and Dyni,) associated with Seismic Design Category (SDC) D. Considering the

aforementioned variations, a total of 36 archetypes were developed (Table 2).
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Figure 7. Floor plan

Table 2. Shear wall archetypes

Archetype ID | No. of Stories SDC Aspect Ratio
1 2
2 2 2.5
3 2
4 4 2.5
5 3
6 Drmax 3.5
7 2
8 2.5
9 8 3
10 3.5
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356

357

358

359

360

361

362

363

364

11 4
12 2
13 2.5
14 12 3
15 3.5
16 4
17 2
18 2.5
19 2 3
20 3.5
21 4
22 2
23 2.5
24 4 3
25 3.5
: b |
28 2.5
29 8 3
30 3.5
31 4
32 2
33 2.5
34 12 3
35 3.5
36 4

Assuming residential occupancy for all buildings, risk category II is used, resulting in an
importance factor I, = 1.0. The response modification factor R = 5 and the drift amplification
factor C; = 5. The typical floor dead load is specified as 125 psfand 40 psf live load is considered.
The design concrete compression strength is taken to be 6 ksi and the reinforcement yield stress is

60 ksi.

3.2. Ground Motion Selection:
Two sites, one in Los Angeles (33.7917, -118.1927) and the other in Fresno (36.7357, -119.6784),

are used for the ground motion selection, which correspond to the D,,,, and D,,;,, SDCs,
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respectively. The sites were selected so that the spectral acceleration at short periods (Ss) and at a

period of one second (S;) were consistent with those specified in FEMA P-695 [84].

For each site, seismic hazard deaggregation is performed using the Unified Hazard Tool provided
by the United States Geological Survey (USGS) [85] to obtain the expected characteristics (mean
magnitude, source-to-site distance, and epsilon) of the ground motions for the DE (10% probability
of exceedance in 50 years) hazard level. With the goal of using the same set of ground motions for
all archetypes associated with a given SDC, the deaggregation is conducted at the mean ASCE 7-
16 fundamental period of the buildings (0.7 seconds). Once the target spectrum and its standard
deviation are calculated using the Campbell and Bozorgnia model [86], a set of 40 ground motions
is selected from the NGA-West2 database and scaled such that the mean spectra and standard

deviation follow those of the target.

Figures 8a and 8b show the individual and mean spectra of the selected ground motions along with
the target spectrum and the 95% confidence intervals for SDC D,,,, and D,y;,, respectively. The
standard deviations of the spectral values for the target and selected records for SDC D,,,, and

Dypnin are compared in Figures 9a and 9b, respectively.
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3.3. Nonlinear Modeling:

A numerical model of each archetype is generated in OpenSees. Considering the symmetry of the
archetypal structure, a two-dimensional model is created consisting of one wall. An illustration of
the model is presented in Figure 10. The seismic mass is lumped at the wall nodes at each story
level, and gravity loads are assigned according to the corresponding tributary areas at the same
nodes. P-delta effects that consider loads from the gravity system, which is not explicitly modeled,
are considered by including a leaning column. A linear elastic bar with zero lateral stiffness is used
to represent the leaning column. Horizontal and axially rigid truss elements are used to connect
the leaning column to the wall. Rayleigh damping at 2% is specified at the first and third modes

of vibration.

The behavior of the wall is simulated using the Shear-Flexural Interaction Multi-Vertical Line
Element Model (SFI-MVLEM) element [87,88]. Each wall is modeled using two equal-length
elements per story along the building height, as shown in Figure 10. Under cyclic loads, the SFI-
MVLEM captures the interaction between axial/flexural and shear responses in RC structural
walls. The Fixed-Strut-Angle-Model (FSAM) is used to describe a two-dimensional constitutive
RC panel behavior at each macro-fiber of the Multiple-Vertical Line-Element-Model (MVLEM)
in the SFI-MVLEM element. Eight macro-fibers are used to represent the wall cross section in the
horizontal direction, with four outer macro-fibers representing the confined wall boundaries and

the other four representing the unconfined wall web.
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Figure 10. Elevation view of the structure and SFI-MVLEM element (adapted from Kolozvari et al. [89])

The uniaxial hysteretic constitutive model for concrete (Concrete02 in OpenSees) proposed by
Yassin [90] is used to simulate the hysteretic behavior of confined and unconfined concrete. The
Concrete02 material model was chosen because it is computationally efficient, numerically robust,
and comparatively simple. It also captures important concrete behavioral characteristics such as

tension stiffening and hysteretic stiffness degradation.

To simulate the behavior of the reinforcement, the uniaxial constitutive nonlinear hysteretic
material model for steel (SteeIMPF in OpenSees) proposed by Menegotto and Pinto [91] and
extended by Filippou et al. [92] is used. The SteeIMPF material model includes isotropic strain
hardening effects. The material model also permits different yield stresses and strain hardening
ratios for compression and tension, and considers the degradation of the cyclic curvature parameter
R for strain reversals in both pre- and post-yielding regions of the hysteretic stress-strain behavior
for better yield capacity predictions. It is worth noting that the stress overshooting effect upon

partial unloading has been corrected in SteeIMPF.
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3.4. Uncertainty Characterization for Structural Model Parameters:

As previously stated, the objective of this study is to investigate the ramifications of the reduction
in epistemic uncertainty in the RCSW drift capacity prediction, in terms of reliability. To account
for the uncertainty in the predictive model, an error factor (experimental-to-predicted ratio) is used.
The error factor is a scaling factor that is applied to the estimated capacity to incorporate the
potential deviation between the model prediction and the actual capacity. A histogram of the error
associated with the XGBoost model is shown in Figure 11 along with the density curve of normal
distribution having mean and standard error values computed from the empirical data. The
Shapiro-Wilk test is conducted to assess the normality of the error factor. The null hypothesis for
the Shapiro-Wilk test is that the data is normally distributed, therefore, if the p-value associated
with the test is greater than a predefined significance level (e.g., 0.05), the data can be considered
normally distributed. The p-value obtained = 0.65, therefore, the model error is assumed to follow
a normal distribution with mean = 0.999 and COV values = {0.085,0.15,0.2,0.25,0.3}. The 0.085
and 0.15 correspond to the XGBoost and linear models, respectively, whereas the other values are
included to evaluate the effect of more significant accuracy improvements (e.g., through further
enhancements of the ML model). For context, the improvement in COV resulting from the
XGBoost model is 43.3%, which falls within the middle of the range reported in Table 1 (0.22% -
90.7%). Additionally, the highest improvement considered (from 0.3 to 0.085) is 71.7%, which
also falls within that range. The 43.3% improvement in COV corresponds to a 38% improvement

in R% and a 41% improvement in RMSE.

The drift demand can be obtained using either linear static analysis (e.g., ELF) (with the
appropriate amplification factors) or NRHA. Since NRHA is the more reliable of the two, it is used

in this paper. First, for simplicity and to reduce the computational expense, the drift demand
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3.5. Number of Monte Carlo Simulations
In order to determine the probability of failure, 15000 simulations are performed. An iterative

assessment showed that this number of simulations was adequate to reduce the variance in the Pr

estimate to an acceptably low level.

The obtained probability of failure is compared to a preselected target probability of failure to
assess the performance. Furthermore, the effect of improved model accuracy on the design is
quantified by comparing the required wall thicknesses corresponding to designs that yield a

probability of failure less than that of the specified target.

4. RESULTS & DISCUSSION

4.1. Effect of Increased Accuracy on Performance

The reliability assessment was conducted for two scenarios: one considering only the RTR
uncertainty in drift demand (shown in Figure 12), and the other incorporating the total dispersion
(RTR and modeling) in drift demand (shown in Figure 15). Recall that the improvement in
predictive performance obtained from the ML model is interpreted as a reduction in epistemic
uncertainty associated with the drift capacity. By comparing the results for the two cases (RTR
versus RTR + modeling uncertainty), we hope to gain insight into whether the implications of
improved predictive performance on the structural design and performance is affected by the
type(s) of uncertainty that is considered. Figures 12a and 12b display boxplots that visualize the
distribution of the probability of failure when only the RTR uncertainty in the drift demand is
considered for the different archetypes, and SDC D,,,, and D,,;,, respectively. Each boxplot

corresponds to a COV value. The boxplot is a visual representation of a given data set using five
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summary metrics. The metrics include the minimum, first quartile (Q1), median, third quartile
(Q3), and maximum. The median is the middle value of the data set. Q1 is the middle value
between the lowest value and the median, and Q3 is the middle value between the median and the
highest value. The minimum and maximum are calculated as QI-1.5*IQR and Q3+1.5*IQR,
respectively, where IQR (interquartile range) is the distance between the Q1 and Q3. The outliers

are the datapoints located outside the whiskers of the boxplot.

For SDC Dy, the probability of failure increases with increased COV, as expected. The target
probability of failure is taken as 10% as recommended by Abdullah and Wallace (2020) [82].

Archetypes at the higher end of the P range typically have fewer stories, as illustrated in Figure
13. Additionally, there is a weak negative correlation between the Py and wall thickness, as shown

in Figure 13a. Moreover, these archetypes at the higher end of the Py range are characterized by
shorter wall lengths and lower %W values, as depicted in Figures 13b and 13c. The reduction in
length leads to lower wall stiffness, consequently increasing the drift demand. Furthermore, lower
%W values result in higher drift capacity. This association is driven by the fact that higher A, =

l,,c/b? values contribute to increased drift capacity. Despite the higher drift capacity exhibited by
these archetypes, their drift demand dispersion is higher which leads to an increased probability of

failure.

For SDC D,,;,,, the probability of failure also increases with higher COV values. However, the
variation in the Py is comparatively smaller. Furthermore, the Pr is below 10% across all COV
values, suggesting that the improved accuracy of the ML model is more likely to yield tangible
benefits in regions of very high seismicity. The outlier is identified as the archetype with the

smallest difference between capacity and demand. The majority of archetypes under SDC D,
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have equal wall thickness. This equality makes it challenging to directly observe its impact on the

Pf, as shown in Figure 14a. Additionally, as seen in Figure 14b, there is no discernible relationship
between the wall length and the Pr. Consequently, %‘” also does not exhibit a correlation with the

P¢, as depicted in Figure 14¢. Note that the results shown in Figures 13 and 14 were obtained using

COV = 0.085, however, similar conclusions were drawn for the remaining COV values.

The findings for the case where the total dispersion (RTR and modeling uncertainty) in the drift
demand is considered (Figures 15a and 15b for SDC D, and D,,,;,,, respectively) are comparable
to when only RTR uncertainty is included. The probability of failure increases slightly compared
with the ones resulting from RTR variability only, however the increase is insignificant. More
importantly, the rate at which Py increases with an increase in COV is comparable for the two
uncertainty cases. Note that the outlier in Figure 15a corresponds to the archetype characterized

by the thinnest wall and shortest length.

For most archetypes, the inclusion of modeling uncertainty does not significantly alter the
influence of improved predictive accuracy on reliability. However, for two archetypes, relative to
when only RTR uncertainty is considered, the added presence of modeling uncertainty increases
the tangible effect of improved ML model accuracy on reliability. This suggests that the inclusion
of modeling uncertainty could amplify the impact of ML model accuracy improvements on the

reliability of structures.

In Figure 16a, the ratio of the median probability of failure with and without modeling uncertainty
(Pr rotat/ Pr rrr) for each COV value is depicted. Correspondingly, Figure 16b illustrates the ratio
of the COV of probability of failure with and without modeling uncertainty

(covp ijotal/ COVp f‘RTR). In general, the impact of modeling uncertainty decreases as the
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predictive model uncertainty increases. Additionally, modeling uncertainty has a more pronounced

effect on the median Pr in regions of lower seismicity, while its impact on the dispersion of the P¢

is stronger in regions of higher seismicity.

As mentioned in Section 2.2, the COV of the ML model and the linear model are 0.085 and 0.15,
respectively. Based on this work, it appears that the XGBoost drift capacity model would not have
a tangible impact on the reliability of the structure. The median and dispersion of the probability
of failure for both COV values are similar. For the ML model to have a tangible impact, reduction
in COV value by 60-68% or higher is needed. While Table 1 indicates that the maximum
improvement in COV provided by an ML model for drift capacity is 61%, it is evident that for
other types of components and structural responses, ML models have demonstrated the capability
to enhance the COV beyond this threshold. Thus, there could be a potential to further improve ML

models for predicting drift capacity beyond the observed level.

The results in Figures 12 and 15 indicate that the accuracy of the prediction model has direct
implications to structural reliability. Specifically, a less accurate predictive model has a higher
level of uncertainty, which overestimates the probabilities of failure, and thus leads to more

conservative designs. The next subsection seeks to quantify the impact on the shear wall design.
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4.2. Effect of Increased Accuracy on Design

To quantify the effect of increased predictive model accuracy on reliability-based design, a target
probability of failure is first established. Then, for each structure, the minimum wall thickness that
results in a probability of failure that is less than or equal to the target is obtained. The impact of
improved model accuracy is examined by comparing the required wall thicknesses for designs that

meet the target.

The effect of predictive model accuracy on design is assessed and the results are shown in Table
3 for the case where only the RTR uncertainty in the drift demands is considered. The target
probability of failure used to demonstrate the methodology is 10%. Out of the 36 archetypes, 31
have a probability of failure less than 10% for all COV values. On the other hand, 5 archetypes
were redesigned to reach the target reliability. The results from these 5 archetypes showed that a
change in COV from 0.15 to 0.085 did not impact wall thicknesses, while a change from 0.2 or
0.25 to 0.085 resulted in a 0-1 inch change of wall thicknesses. A more significant COV change

from 0.3 to 0.085 led to 1-3 inch change in wall thickness.

Table 3. Required wall thickness to reach target reliability considering only RTR dispersion of drift

demand

Required wall thickness (inch)
Archetype | — 0085 | cov = 015 | cov = 02 | cov = 025 | cov = 03
1 13 13 13 13 14
2 16 16 17 17 19
3 15 15 15 15 16
4 16 16 16 16 17
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In the case where both RTR and modeling uncertainty are considered for the drift demand
dispersion, six archetypes needed to be redesigned to meet the target probability, as shown in Table
4. Among these six archetypes, the wall thickness remained consistent for COV values of 0.085
and 0.15, except for archetype 2, which required an increased thickness of 1 inch. Changing the
COV from 0.2 or 0.25 to 0.085 resulted in a 0-1 inch change in wall thickness, while a COV change
from 0.3 to 0.085 led to a 1-3 inch change in wall thickness. With the exception of two archetypes,
the results from both cases are similar. For the aforementioned two archetypes, incorporating
modeling uncertainty results in a small increase in the extent to which ML model accuracy affects
in the structural design. This stands in contrast to the case where only RTR uncertainty is
considered, where a more substantial improvement in ML model accuracy is required to induce a
change in the design. It is important to note that this does not imply that a small change in COV

always results in similar target reliability-compliant designs.

Table 4. Required wall thickness to reach target reliability considering total dispersion of drift demand

Required wall thickness (inch)
Archetype |y — 0.085 | cov = 015 | cov = 02 | cov = 025 | cov = 03
1 13 13 13 13 14
2 16 17 17 17 19
3 15 15 15 16 16
4 16 16 16 16 17
6 18 18 18 8 19
11 21 21 21 21 23
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5. CONCLUSION

This study used a reliability-based approach to assess the benefits of reduced epistemic uncertainty
provided by machine learning (ML) models in terms of seismic design and performance.
Specifically, an extreme gradient boosting (XGBoost) based drift capacity model for reinforced
concrete shear walls (RCSWs) with special boundary elements (SBEs) was employed to
investigate its advantages in a structural reliability context. However, the framework could be
easily adjusted to include any ML-based model and other structural response parameters. The
methodology was applied to a set of 36 archetype structures. The wall design process is automated
using a python-based design tool that satisfies ACI 318-19 provisions for special structural walls.
Monte Carlo Simulation (MCS) was utilized for the reliability analysis. The uncertainties in the
drift demand and drift capacity were considered in the current study. Five COV values, indicative
of the predictive accuracy of the drift capacity model, were included, with the lower two

corresponding to the XGBoost and linear models.

The results of the reliability-based assessment showed that prediction models with different
uncertainty levels generate different structural reliability outcomes. An increase in the error or
uncertainty in a predictive model leads to overestimation of the probability of failure. However,
both the linear and XGBoost models demonstrate similar levels of reliability, emphasizing the
requirement for a more significant improvement in predictive accuracy to have an impact on
reliability. The results also showed that enhanced accuracy of the predictive model is more likely
to provide tangible advantages in areas characterized by extremely high seismic activity. The effect
of improved accuracy on reliability-based design was also evaluated. In archetypes requiring
redesign to achieve the target reliability, differences in wall thickness were primarily observed

between the highest (0.3) and lowest (0.085) values of COV. Since a reduction in the error or
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uncertainty of a predictive model reduces overestimation of the probability of failure, exceedingly

conservative designs can be avoided.

It is essential to emphasize that the findings derived from this study cannot be generalized beyond
the specific archetypes under consideration. The nuances of structural behavior, uncertainty, and
design are inherently influenced by the unique characteristics of each archetype. Consequently,
further studies across a more extensive spectrum of structures are recommended to enhance the

reliability and applicability of the findings.

The source code for the nonlinear modeling of RCSWs established using OpenSees is publicly

available in a GitHub repository. [94]
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