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Abstract
Seismic consequences estimation for individual buildings is valuable for vari-
ous stakeholders, including government entities, building owners, and insurers.
The robustness of estimation results in the presence of incomplete input infor-
mation can typically be investigated through sensitivity analysis. However, the
estimation process’s complexity and the sensitivity analysis’s computational bur-
den hinder its practical application, which requires a more efficient procedure to
facilitate broader use. This paper proposes a novel framework for sensitivity anal-
ysis of seismic consequences estimation to improve the efficiency and reliability
of such analysis. The proposed approach encompasses three key components:
(1) stochastic ground motion modeling (SGMM)-based seismic consequences
estimation to evaluate the economic, environmental, and social consequences
given specific buildings by considering different hazard levels, (2) the training
of surrogate model (Gaussian process model) for structural analysis to reduce
the computational cost of the evaluation process, and (3) variance-based global
sensitivity analysis to investigate the importance of parameters of concern in the
estimation process. The entire procedure is implemented in Python, adhering
to object-oriented programming, and does not rely on external software. Then,
the proposed methodology is applied to two distinct three-story steel moment-
resistant frames (SMRFs) subjected to four different hazard levels to demonstrate
its effectiveness. The SGMM method can generate specific ground motions for
each hazard level, mitigating the potential for result bias from using ground
motions with unrealistic characteristics. Furthermore, the SGMM method is
particularly suitable for automated analysis processes reducing the laborious
task of screening ground motions from the database. Comparative analysis
with surrogate-free estimation reveals that the surrogate-based analysis deliv-
ers reliable results with significantly reduced computational cost. The results of
analyzing different structures under varying hazard levels reflect the variabil-
ity in sensitivity analysis of consequences estimation, highlighting the necessity
of the proposed flexible and efficient framework. Furthermore, the proposed
framework’s advantages, limitations, and future research needs are discussed.
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1 INTRODUCTION

As urbanization continues to gain momentum, there is a notable concentration of population, wealth, and social activ-
ities. This phenomenon also implies that the potential threat of earthquake disasters on human communities could be
significantly more severe. In recent decades, several medium or high-intensity earthquakes have resulted in unexpected
and unacceptable consequences.1,2 For instance, in the 2011 Christchurch earthquake, most buildings in the city’s central
business district were forced to rebuild due to severe damage despite meeting available seismic codes and not collapsing.3
The design philosophy that previously focused on the life safety of the occupants appears to be no longer sufficient to
meet the stringent demands of contemporary structural excellence.4 Instead, it should focus more on specific seismic
consequences, such as monetary losses, carbon emissions, and recovery time. The structural engineering community
has recognized these issues and is dedicated to developing methodologies to appropriately estimate the potential seismic
consequences during the building design phase to guide the real seismic resilient building design.
To date, the second-generation Performance-Based Earthquake Engineering (PBEE-2)5 concept pioneered by the Pacific

Earthquake Engineering Research (PEER) Center stands as the most robust concept for evaluating probabilistic seismic
consequences. In contrast to some earlier technical documents, such as theVision 2000 report,6 ATC-40,7 FEMA-273,8 and
FEMA-356,9 PBEE-2 employs performancemeasures of direct interest to stakeholders, such asmonetary losses, as opposed
to solely focusing on structural response or damage states. Subsequently, leveraging PBEE-2 as a pivotal foundation,
methodologies like HAZUS,10 FEMA P-58,11 and Arup’s REDi12 accompanied by their respective databases were devel-
oped andwidely adopted. Of thesemethods, FEMAP-58 has been commonly applied in disaster mitigation,13–15 structural
optimization,16,17 decision-making,18,19 and so on. In recent developments, specific approaches have further enhanced
FEMA P-58 to facilitate the quantification of post-earthquake functional recovery, such as the F-Rec framework,20
ATC-138,21 and TREADS.22
In the framework of PBEE-2, the seismic consequence analysis process is modularized into four parts: seismic hazard

analysis, structural analysis, damage analysis, and loss analysis.5 In this manner, the impact of seismic risk on buildings is
progressively transformed into probabilistic performance measures of interest. The structural analysis typically requires
nonlinear dynamic time-history analysis at different hazard levels to obtain engineering demand parameters (EDPs).11
Therefore, selecting appropriate motion records that match the intensity measure (IM) values corresponding to different
hazard levels is necessary. Due to the limited motion records for design scenarios, records from locations distinct from
the project site are usually selected and then modified to different IM levels by scaling or spectrum matching.23 This
approach, though typical, is controversial for its potential to produce unrealistic seismic characteristics.24 Relevant stud-
ies have revealed the potential bias thatmay rise from the use of scaledmotions in structural demand analysis,24,25 fragility
analysis,26 and so forth, compared to unscaled motions due to such unrealistic representation. Stochastic ground motion
modeling (SGMM) is regarded as an alternative solution to circumvent this problem.27 Such models modulate stochastic
sequences by applying functions that address the spectral and temporal characteristics of the recorded ground motion to
generate synthetic ground motion samples with realistic characteristics. It is noteworthy that there are ongoing debates
concerning the SGMM methods, particularly regarding potential discrepancies in high-energy content and long-period
components27 when compared to recorded ground motions. This necessitates careful validation of various SGMMmeth-
ods. Despite these concerns, the need to simulate realistic groundmotions has led to extensive research into SGMM. In the
case of their application to PBEE, Lamprou et al.28 adopted a point-source SGMM in seismic economic loss estimation.
Nevertheless, compared with their wide application in seismic risk and structural analysis,29–31 application in seismic
consequence estimation still needs further exploration.
The seismic consequences estimation is a complex issue that involves numerous sources of uncertainty, including but

not limited to ground motions, modeling assumptions, and fragility data.32 Especially during the design phase, design
information may be crude and incomplete. Sensitivity analysis can effectively help evaluate the relative importance of
various uncertainty sources by identifying their contributions to the overall uncertainty. Specifically, it may be feasible
to reduce computational expense by adopting best estimate values for variables that make minor contributions to overall
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DU and WANG 3

uncertainty rather than using statistic distribution. Meanwhile, significantly contributing variables can be prioritized for
further study to reduce their uncertainty in the future.33
However, compared with substantial research focused on earthquake consequence estimation methods, correspond-

ing sensitivity analysis research is limited. Porter et al.32 performed a sensitivity analysis for a 1960s high-rise nonductile
moment frame building to evaluate the contribution of input variables to seismic economic loss. Dyanati et al.34 investi-
gated the influence of earthquake events, EDP, and hazard calculation formulation selection on the seismic performance
of a six-story steel-braced frame building. Although these studies provided insights into the impact of critical factors in
PBEE-2, they focus on using local rather than global sensitivity analysis (GSA) methods. Local analysis only evaluates
model sensitivity to individual input changes locally, whereas GSA examines model sensitivity across all potential input
values globally.35 For example, Lamprou et al.28 presented an advanced stochastic sampling-basedGSA to assess the impact
of uncertain earthquake characteristics and damage parameters on seismic repair costs for a four-story concrete moment-
frame building. Cremen andBaker36 utilized the variance-basedGSA to examine the impact of high-level input parameters
(e.g., building age, occupancy type) on the seismic economic loss ratio and re-occupancy time. Nevertheless, there is still a
lack of knowledge and application onGSAof seismic consequences estimationmethods like FEMAP-58 or other advanced
methods.
The broad application of GSA in seismic consequences estimation is impeded by two key factors. First, there is a

deficiency in an integrated and adaptable workflow. Seismic consequence analysis is inherently rife with sources of uncer-
tainty, including variations in design information for different structural solutions. Consequently, sensitivity analysis
outcomes can vary across diverse scenarios, necessitating specific sensitivity analyses tailored to each situation. In such
circumstances, the need for a unified and flexible workflow becomes imperative. This paper addresses this challenge
by harnessing the principles of object-oriented programming and employing modular seismic consequences estimation
methods like FEMA P-58.
Another factor is the formidable computational burden. When multiple factors are under consideration, the need for

numerous evaluations to ensure the convergence of sensitivity analysis outcomes results in a substantial computational
load. To address this issue, a promising solution emerging in structural engineering involves the application of surrogate
models. Thesemodels serve to reduce evaluation costs by substituting the partial or complete evaluationmodel. For exam-
ple, Giudice et al.37 utilized polynomial chaos expansion to replace the 3D printing process and subsequently conducted a
sensitivity analysis on some key parameters in additive manufacturing. Tesfamariam et al.38 developed a predictive model
of maximum and residual drifts for timber-steel hybrid buildings based on the Gaussian process (GP) model. Anwar and
Dong39 used the GPmodel as a substitute for PBEE evaluation, thereby facilitating the multi-objective optimization of the
community buildings portfolios. Nevertheless, existing research has yet to explore the utility of surrogate models in the
GSA of seismic consequence analysis. Furthermore, whether surrogate models yield reliable sensitivity analysis results
warrants further investigation.
Nowadays, there is much valuable literature available on the application of surrogate models to earthquake loss estima-

tion (e.g., structural analysis, damage analysis, loss analysis). For example, in the area of structural response prediction,
Solelmani-Babakamali and Esteghamati40 leverage deep learning techniques to estimate seismic demandmodels through
nonlinear pushover analysis. Luo and Paal41 integrate ML with hysteresis models for predicting the lateral stiffness of
structural components. Gudipati and Cha42 explore three different surrogate models (support vector machines, krig-
ing, and neural networks) for structural response prediction of a building class. Suarez et al.43 utilize GP regression to
build surrogate models for response prediction to facilitate the direct loss-based seismic design of low-rise base-isolated
structures. Fayaz et al.25 use an interpretable GP regression to assess the impact of ground motion amplitude scaling
on the EDPs estimation. In the area of damage analysis, Nguyen et al.44 utilize various machine learning (ML) tech-
niques to predict the damage states of steel moment frames and achieve commendable prediction accuracy. Li et al.45
construct surrogate models for efficient regional seismic damage risk assessment using deep generative learning. Gen-
tile and Galasso46 facilitate the seismic fragility assessment of building portfolios by leveraging GP regression. To better
serve PBEE-based design directly, Esteghamati and Flint47 develop data-driven surrogate models to map design parame-
ters with performance indicators (e.g., seismic-induced consequence) for performance-based assessment of mid-rise RC
frame buildings. The primary goal of employing ML to construct surrogate models, as illustrated in these studies, is to
enhance efficiency and potential accuracy compared to traditional methods. This paper also aligns with this objective.
In such existing research, high-dimensional input features, such as the number of floors, are often required to build the
ML models, and the output is mostly the maximum response of the entire structure, which is difficult to refine to the
response of each floor. Besides, they pursue strong generalization capabilities in the expectation of obtaining applicability
to various types of building arrangements and hazard scenarios, and thus often require a very large amount of model
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4 DU and WANG

F IGURE 1 The proposed sensitivity analysis framework.

training data. However, despite the generalization capabilities demonstrated by these models in their respective focused
issues, they may not necessarily satisfy the need for flexible parameter selection in sensitivity analysis which is the focus
of this paper. For instance, the effects of damping ratios, material properties, and so forth, may be of more interest in
structure-specific sensitivity analyses than high-dimensional parameters (e.g., number of floors). Furthermore, almost all
these models only give the maximum response of the entire structure, rather than detailing the response of each floor
required for seismic loss estimation. For surrogate models that can directly output seismic damage risk or loss, although
they can serve performance assessment more directly, their modeling is generally based on a set of recommended param-
eters (e.g., Hazus-MH guidelines48), and their input features do not incorporate the key parameters of the loss estimation,
and thus cannot be applied to various sensitivity analyses. Therefore, a surrogate model-building strategy that is more
suitable for the characteristics of structure-specific sensitivity analysis needs to be further investigated.
Based on the above, this paper presents a surrogatemodel-aided GSA framework for computationally expensive seismic

consequence estimation. First, a GP model is constructed through a series of nonlinear time-history analyses (NTHA) to
replace the most computationally expensive part of the seismic consequence analysis, that is, structural analysis. Notably,
the surrogate model is built for structure-specific structural analysis, and the input features are picked to serve sensitiv-
ity analysis. To facilitate an efficient workflow and reduce bias in results, an SGMM approach is utilized to generate the
ground motions required for each design scenario in NTHA. Then, the computational cost-reduced seismic consequence
estimation is used to perform a variance-based GSA. The proposed framework is implemented as object-oriented pro-
gramming in Python and forms an integrated workflow in a modular form, which is flexible and extensible form. The
framework is later illustrated on two different three-story steel moment-resisting frames (SMRFs) to demonstrate its fea-
sibility, flexibility, and effectiveness. Intensity-based (i.e., four different hazard levels with 43-, 475-, 975-, and 2475-year
return period) seismic consequences estimations are considered. The results of the surrogate model-aided analysis are
compared with those of the surrogate-free model to verify the effectiveness of the proposed framework.

2 PROPOSED SURROGATEMODEL-AIDED SENSITIVITY ANALYSIS FRAMEWORK
FOR SEISMIC CONSEQUENCES ESTIMATION

The proposed surrogate model-aided sensitivity analysis framework for seismic consequences estimation is shown in
Figure 1. The framework is organized into three main parts: (1) SGMM-based seismic consequence estimation, (2)
surrogate model for structural analysis, and (3) GSA.
The seismic consequence estimation part, the “model” for sensitivity analysis in this paper, can consider the possible

consequences under various seismic hazard scenarios in a specific region. This part is generally structured in four steps:
(1) hazard analysis; (2) structural analysis; (3) damage analysis; (4) loss analysis. The seismic hazard analysis provides a
reasonable evaluation of the possible seismic hazard scenarios that may occur on the site of the building, as well as their
corresponding intensity levels and probability of occurrence. The SGMM technique generates ground motion records
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DU and WANG 5

consistent with site characteristics and selected intensity levels for further use in subsequent NTHA. Compared with the
prevailing ground motion selection method, the SGMM method is more efficient and suitable for automatic workflow.
Moreover, synthetic ground motions can be used without scaling or with a relatively small scale factor, thus avoiding the
response bias caused by unrealistic groundmotions. Then, a finite elementmodel capable of capturing nonlinear behavior
is built to obtain the structural response (i.e., EDPs) under seismic excitation. Subsequently, the obtainedEDPs aremapped
to every considered building component, including structural and nonstructural components. In damage analysis, each
component’s damage state and corresponding probability at given EDPs can be derived from empirical fragility functions
obtained from experimental tests or professional judgment. Finally, repair measures and contractor quotes used to repair
damaged components can be used to predict the final consequences, such as monetary loss.
The most computationally expensive part of the “model” is generally the nonlinear time history analysis (NTHA), and

to obtain converged sensitivity analysis results, this process often needs to be executed thousands of times. To reduce such
computational burden, the NTHA part is surrogated by a surrogate model (GP model). Establishing a surrogate model
still requires NTHAs, but the amount is relatively small. The computational cost of sensitivity analysis with such a well-
trained surrogate model is almost negligible compared to using the original model directly. It is worth noting that the
strategy of this paper is not to establish a surrogate model with strong generalization ability, that is, it does not pursue the
ability to predict the response to high-dimensional input features such as different numbers of stories or bays. Instead,
a dedicated surrogate model is built for specific individual buildings in specific hazard scenarios. The advantage of this
move is that a highly accurate surrogate model can be obtained with a small computational cost. Moreover, this strategy
is more consistent with the requirements of sensitivity analysis. The input features of the surrogate model can be adjusted
accordingly as the types of structural parameters considered in the sensitivity analysis change.
In the sensitivity analysis, the engineer should first select the parameters to be investigated based on the level of detail

available with the design information. Sampling the ranges and estimated distributions of these parameters, inputting
them into the model, and then observing the degree of change in the model output to determine the model’s sensitivity to
these parameters provides amore in-depth view for model inspection. Note that the sensitivity analysis results are relative
and will vary with the type and number of parameters investigated. In addition, when the indicators used to characterize
the model output are different (such as mean or median value), the results will also differ.
An object-oriented programming structure for GSA of seismic consequence estimation is presented to organize an

integrated and flexible workflow, as shown in Figure 2. The overall programming structure is implemented in Python
without needing other external software. Each critical part of the proposed sensitivity analysis framework is written as a
Python class. The SGMMmodule generates several scenario-specific groundmotions for a given hazard scenario (site and
earthquake characteristics). The structural analysis module, implemented in OpenSeesPy49 (the Python version of seis-
mic structural analysis software OpenSees50), enables fast and automatic construction of structural models based on the
given geometric and loading information. More specifically, for the same structure type, such as SMRF, the construction
process for OpenSees models is almost consistent. Variations such as the number of stories, floor height, and component
sections, can all serve as input parameters for parametric modeling. Once the parametric modeling process is developed
for the interested structure type, the corresponding analytical model for a specific building can be efficiently constructed
by inputting specific parameters (e.g., floor height). This facilitates engineers’ rapid modeling of archetype structures,
thus avoiding repetitive modeling of different design solutions. The benefits and effectiveness of such an automatic model
concept have been shown in previous studies.51,52
This paper takes SMRFs as the investigated object. The concentrated plasticity model is used to capture the frame’s non-

linear behavior, which comprises linear elastic beam and column elements connected with nonlinear elements intended
to localize plastic deformations, as illustrated in Figure 3. Nonlinear behavior is captured by the plastic hinges at the ends
of beam and column elements and in the joint panel zones. The modified IMK material model53,54 is used to model the
former, and corresponding parameters are derived according to Refs.55–57 Note that elastic analysis (i.e., the ElasticAnal-
ysis class in the structural analysis module) needs to be performed first to obtain the key parameter “axial compression
ratio” in constructing the column hinges. In the joint panel zone model, eight elastic rigid elements are employed to form
a parallelogram consistent with the dimension of the actual joint. To account for potential shear yielding, as per Krawin-
kler’s approach,58 a trilinear rotational spring is positioned at the upper right corner, whereas the other three corners are
represented as pinned connections. Besides, the P-Δ effect is considered by constructing a leaning column connected by
rotational stiffness-negligible springs and connected to the resisting frames through rigid truss elements. The floormass is
uniformly added to each node on the same floor. Gravity loads on the SMRF are applied uniformly to the beam elements,
whereas loads on the unmodeled gravity frames are applied as concentrated forces on the leaning column. Notably, the
application of this framework to other structures requires the expansion of the structural analysis module, that is, the
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6 DU and WANG

F IGURE 2 Programming structure of the proposed global sensitivity analysis process.

F IGURE 3 Structural model for steel moment resisting frames (SMRFs) in OpenSeesPy.
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DU and WANG 7

F IGURE 4 The procedure of stochastic ground motion modeling.

development of specific automated structural model construction approaches for different structural types. Correspond-
ing construction methods for some structures (such as RC moment resisting frames,47 and concrete frames with infills52)
have been proposed and can be used to extend the framework proposed in this study. More different structural system
types (e.g., steel braced frame, concrete frame), other modeling methods (e.g., fiber section model), or 3D models can be
considered in the future.
The seismic consequence estimation module comprises the BuildSurrogateModel class and the SeismicConsequenceEs-

timation class. The former can call the motion modeling and structural analysis modules to build a dataset and then use
GPyTorch59 to perform tasks such as training, testing, saving, and executing models. The latter embeds the fragility data
and consequence data provided by the FEMA P-58 document, converting the predicted EDPs obtained by the surrogate
model into possible seismic consequences. Finally, the SALib60,61 is used for sensitivity analysis on the constructed seismic
consequence estimation module.
The steps involved in the SGMM, surrogate model, and GSA methods parts are further elaborated in the subsequent

sections.

3 STOCHASTIC GROUNDMOTIONMODELING-BASED SEISMIC CONSEQUENCE
ESTIMATION

3.1 Stochastic ground motion modeling method

Synthetic ground motion models can be broadly categorized into three main types: those employing physics-based
seismological models to describe source mechanisms and wave propagation paths, parameterized stochastic mod-
els tailored to recorded ground motions, and hybrid models that combine the former two approaches.62 Of these
three types, the seismological models require extensive knowledge and computations, and their applicability is
limited in data-scarce regions due to regional parameter variations. Therefore, the model employed in this study
belongs to the second type and was developed by Rezaeian and Kiureghian,27 under the auspices of the PEER
Center.63
In the selected model, the white-noise process ω(τ) passes through linear filtering with time-varying parameters,

standard-deviation normalization, and timemodulation successively, thereby obtaining a fully nonstationary process x(t),
as briefly shown in Figure 4. Its continuous form can be expressed as

𝑥(𝑡) = 𝑞(𝑡, 𝛼)

{
1

𝜎ℎ(𝑡) ∫
𝑡

−∞

ℎ[𝑡 − 𝜏, 𝜆(𝜏)]𝜔(𝜏)𝑑𝜏

}
(1)
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8 DU and WANG

where q(t, α) denotes a non-negative, deterministic, time-modulating function that controls the temporal nonstation-
ary. The entire term inside the brace is a unit-variance process that controls the spectral nonstationary. h[t-τ, λ(τ)] is the
impulse-response function of the filter with time-varying parameters λ(τ). The σh(t) is the variance of the integral term.
Through the product of temporal and spectral nonstationary control terms, a fully nonstationary process x(t) is obtained.
More specifically, the gamma function is chosen as q(t, α):

𝑞(𝑡, 𝛼) = 𝛼1𝑡
𝛼2−1 exp(−𝛼3𝑡) (2)

where α = (α1, α2, α3). Both α1 and α3 are positive, which, respectively, control the intensity and duration of the process;
α2 > 1, controls the shape of q(t, α). For the filter impulse-response function, a form related to the pseudo-acceleration
response of a single-degree-of-freedom linear oscillator is adopted, as Equation (3).

ℎ[𝑡 − 𝜏, 𝝀(𝜏)] =

⎧⎪⎨⎪⎩
𝜔f (𝜏)√
1−𝜁2

f
(𝑡)

exp[−𝜁f (𝑡)𝜔f (𝜏)(𝑡 − 𝜏)] × sin[𝜔f (𝜏)
√

1 − 𝜁2
f
(𝑡)(𝑡 − 𝜏)], 𝜏 ≤ 𝑡

0, 𝜏 > 𝑡
(3)

where λ(τ) = (ωf(τ), ζf(τ)) denotes the time-varying parameters. Of these two parameters, ζf(τ) denotes the damping ratio
of the filter, which controls the bandwidth of the process, and ωf(τ) denotes its frequency, which controls the evolutionary
predominant frequency.
To facilitate numerical calculation, the discrete form of Equation (1) can be expressed as

𝑥̂(𝑡) = 𝑞(𝑡, 𝛼)

𝑛∑
𝑖=1

{𝑠𝑖(𝑡, 𝜆(𝑡𝑖))𝑢𝑖} (4)

𝑠𝑖(𝑡, 𝜆(𝑡𝑖)) =

⎧⎪⎨⎪⎩
ℎ[𝑡−𝑡𝑖 ,𝜆(𝑡𝑖)]√∑𝑘
𝑗=1 ℎ

2[𝑡−𝑡𝑗,𝜆(𝑡𝑗)]

, 𝑡𝑘 ≤ 𝑡 < 𝑡𝑘+1

0, 𝑡 < 𝑡𝑖

when 0 < 𝑖 ≤ 𝑘, 1 ≤ 𝑘 ≤ 𝑛 − 1 (5)

where ti, i= 0, 1, . . . , n, and t0 = 0, tn represents the last time point of the acceleration time history. ui is a standard normally
distributed random pulse at a discrete time point ti. Finally, the nonstationary process x(t) needs to be high-pass filtered.
Without this step, generated groundmotions may have nonzero residual velocity and displacement. Therefore, a critically
damped oscillator is selected, as Equation (6).

𝑧̈(𝑡) + 2𝜔𝑐𝑧̇(𝑡) + 𝜔2
𝑐𝑧(𝑡) = 𝑥̂(𝑡) (6)

where ωc denotes the frequency of the high-pass filter. In practice, ωc/2π can be taken as a constant 0.1 Hz.
According to the above equation, the key to obtaining 𝑥̂(t) is to determine expressions of q(t, α) and h[t− τ, λ(τ)], that is,

to determine the parameters (α1, α2, α3) and (ωf(τ), ζf(τ)). The former is related to (Īa, D5–95, tmid). Īa denotes the expected
Arias intensity of the process 𝑥̂(t), as defined in Equation (7). D5–95 denotes the interval between the time points at which
5 and 95% Īa are reached, which represents the effect duration of 𝑥̂(t). And tmid can be considered as the time point at
which 45% Īa is reached, representing the middle of the strong-shaking phase.

𝐼𝑎 = 𝐸

[
𝜋

2𝑔 ∫
𝑡𝑛

0

𝑥̂2(𝑡)𝑑𝑡

]
=

𝜋

2𝑔 ∫
𝑡𝑛

0

𝑞2(𝑡, 𝜶)𝑑𝑡 (7)

Equation (2) states that q2(t, α) is proportional to a gamma probability density function with variables 2α2 − 1 and 2α3.
Then, the parameters α2 and α3 can be derived by Equations (8) and (9). The left side of the equation is motion-related
parameters, and the right side is the time-modulating function-related parameters. Furthermore, α1 can be obtained by
Equation (10).

𝐷5−95 = 𝑡95 − 𝑡5 (8)

𝑡mid = 𝑡45 (9)
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DU and WANG 9

F IGURE 5 Elastic response spectra (5% damping ratio) of recorded and synthetic ground motions.

𝛼1 =

√
𝐼𝑎

(2𝛼3)
2𝛼2−1

Γ(2𝛼2 − 1)
(10)

where tp represents the gamma inverse cumulative distribution function value at p%. For parameters ωf(τ) and ζf(τ), the
following approximation Equations (11) and (12) can be adopted.

𝜔f (𝜏) = 𝜔mid + 𝜔′(𝜏 − 𝑡mid) (11)

𝜁f (𝜏) = 𝜁f (12)

where ωmid denotes the filter frequency at tmid; ω′ denotes the rate of change of the filter frequency with pulse application
time. The relationship of the motion parameter set (Īa, D5–95, tmid, ωmid, ω’, ζf) to site and earthquake characteristics (i.e.,
earthquake magnitudeM, source-to-site distance R, shear-wave velocity of the site V, the type of faulting F) is developed
through a subset of the NGA database. By this way, for given (M, R, F, V), the possible motion parameters are gener-
ated. Then, the time-modulating and impulse response functions are determined through Equations (2), (3), (8)–(12).
Eventually, the simulated ground acceleration process 𝑧̈(t) can be obtained through Equations (4) and (5).
Taking the 1994 Northridge earthquake recorded at the LA-Wonderland Ave as an example, the elastic response spec-

trum of the two recorded and 100 synthetic ground motions is shown in Figure 5. All these motions are corresponded to
M = 6.69, R = 20.3 km, V = 1223 m/s, F = 1 (i.e., reverse fault). It is seen that the recorded motions can be considered as a
subset of possible ground motions with similar site and earthquake characteristics.

3.2 Seismic consequences estimation

FEMAP-58method is adopted in this paper, one of the seismic consequence estimationmethodology paradigms, as shown
in Figure 6. Following the core concept of PBEE-2, the FEMA P-58 method converts the seismic risk faced by the building
into the specific possible seismic consequence loss through the multiple-integral shown in Equation (13).

𝜆(𝐷𝑉) = ∭ 𝐺(𝐷𝑉|𝐷𝑀)d𝐺(𝐷𝑀|𝐸𝐷𝑃)d𝐺(𝐸𝐷𝑃|𝐼𝑀)d𝜆(𝐼𝑀) (13)

where λ(X) denotes the mean annual frequency of X. G(.|.) denotes the conditional probability density. DV represents
the decision variable, that is, the “seismic consequence” in this paper, generally indicators such as economic loss, carbon
emissions, casualties, and so forth. DM represents the damage measure, usually the damage state a component is in. EDP
represents the EDPs, which should be the structural response indicators that best reflect the components’ damage state,
for example, peak floor acceleration (PFA), peak interstory drift ratio (PIDR), and residual interstory drift ratio (RIDR).
IM denotes the intensity measure of earthquake events, such as the spectral acceleration corresponding to the building’s
fundamental period and 5% damping ratio, Sa(T1, 5%).
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10 DU and WANG

F IGURE 6 The flowchart of seismic consequence estimation.

The relationship between the four steps shown in Figure 6 is related to the multiple integrals shown in Equation (13).
More specifically, hazard analysis provides the IM value for a given hazard scenario, and then the appropriate ground
motion set under the considered IM value is used to obtain the corresponding structural response distribution in structural
analysis. After obtaining the distribution of structural response, the possible damage states and corresponding probabili-
ties of each considered component can be obtained by incorporating the component fragility function provided by FEMA
P-58 documents in the damage analysis. In the loss analysis, the identified damage states of each component, combined
with the consequence function provided by FEMA P-58 can be further translated into the corresponding repair cost and
probability. So, data are transmitted unidirectionally in order between the four modules, and their integration realizes the
transformation from site and structure-related seismic risk to structural seismic consequences.
More specially, the fragility specifications for each component’s damage state detail repair actions, materials, and

quantities needed for cost estimation, which are crucial for creating consequence functions. These costs account for all
construction activities required to restore components to their pre-earthquake state, assuming “in-kind” repairs or replace-
ments without updating to newer criteria. Costs are derived from outlined repair measures, encompassing every step a
contractor would take. According to FEMA P-58, the consequence functions for repair costs are based on 2011 construc-
tion cost estimates from Northern California, excluding uncertainties like contractor pricing or cost escalation. They also
factor in economies of scale and operational efficiencies in construction. More detailed information about the method for
evaluating repair costs can be found in the FEMA P-58 documents.11
Notably, it is impractical to solve the multiple-integral analytically, so the Monte Carlo simulation is typically used to

address this problem. The distributions of EDP underNGM groundmotions forNIM IM levels are obtained throughNTHA.
Then, a 3DMonte Carlo sampling table withNGM ×NIM columns can be established to illustrate the process, as shown in
Figure 7 visually. The NS cubes in the (i, j)th column represent the NS “consequence” samples under ith ground motion

 10969845, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/eqe.4116 by T

ongji U
niversity, W

iley O
nline L

ibrary on [18/03/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



DU and WANG 11

F IGURE 7 Schematic illustration of Monte Carlo simulation.

at jth IM level. For each column, if the corresponding PIDR exceeds the collapse limit, such as 10%64 adopted in this
paper, then the column is filled with building replacement consequences. Otherwise, the RIDR is employed to obtain the
probability of feasibility of building repair, Pnr. The probability of irrepair exceeding a certain RIDR is typically assumed
to satisfy the lognormal distribution.11 Then, the Pnr × NS cubes can be seen as irreparable and will also be filled with
building replacement consequences. For remaining NS × (1 − Pnr) cubes, that is, the building is considered repairable,
each building component’s possible damage state is first sampled according to the EDP. Subsequently, the possible repair
consequence of the damage state is sampled. The sampling results of all components are aggregated to derive the overall
sampling results for the building, that is, the “consequence” filled in cubes. Finally, through studying the resulting 3D
sampling table, the distribution of seismic consequence under each considered IM can be obtained. The above procedure
is also called “intensity-based seismic consequence estimation.” Furthermore, suppose the occurrence probability of IM
is considered to obtain the value and probability of seismic consequence within a given time interval. In that case, this is
called “time-based seismic consequence analysis.”11

4 SURROGATEMODEL: GAUSSIAN PROCESS MODEL

The GPmodel is adopted as the surrogate model in this paper, which originated from the stochastic process in probability
and statistics and then evolved into a powerful supervised machine learning method with wide application. Amongmany
machine learning techniques, the GP is highly recommended because it can provide a reasonable mechanism to infer
high-dimensional attributes of observed data and a probability distribution of predicted results.
According to the existence theorem of GP, it can be uniquely defined by a mean and covariance function. The mean

function and the covariance function of a real process satisfies:

𝑚(𝐱) = 𝔼[𝑓(𝐱)] (14)

𝑘(𝐱, 𝐱′) = 𝔼[(𝑓(𝐱) − 𝑚(𝐱))(𝑓(𝐱′) − 𝑚(𝐱′))] (15)

where x, x’ are arbitrary input vectors,m(x) is the mean function of GP, k(x, x’) is the covariance function of GP, f(x) is the
GP latent function values, E[f(x)] is the expectation of f(x). And then the function f(x) distributed as aGP can be denoted as

𝑓(𝐱) ∼ (𝑚(𝐱), 𝑘(𝐱, 𝐱′)) (16)

A general Gaussian regression model with stochastic noise can be expressed in the form of Equation (17). The term
f(x) here is a GP with a specific form of mean function and covariance function but parameters to be determined. Such
undetermined parameters are also called “hyperparameters.” Different forms of functions may have different types of
hyperparameters. The rest term ε is the added noise, which satisfies ε∼N(0, 𝜎2𝑛).

𝑦 = 𝑓(𝐱) + 𝜀 (17)
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12 DU and WANG

Assume that the observed data satisfy suchmodel, that is, the prior. Then, the joint distribution of the observed outputs,
y, and the predicted outputs f* according to the prior is[

𝐲

𝑓∗

]
∼ 

(
0,

[
𝐾(𝑋,𝑋) + 𝜎2𝑛𝐼 𝐾(𝑋,𝑋∗)

𝐾(𝑋∗, 𝑋) 𝐾(𝑋∗, 𝑋∗)

])
(18)

where X = {x1, . . . , xi, . . . , xn} denotes n data points, and each xi = [xi1, . . . , xim] denotes m-dimensional input variables.
X* denotes n* points to predict. K(X, X), K(X, X*), K(X*, X) are n × n, n × n*, n*× n matrixes, respectively, and their
corresponding (i, j)th elements are k(xi, xj), k(xi, xj*), k(xi*, xj), respectively. The prior mean function is generally set to
zero.
Then, according to the conditional distribution properties of Gaussian distribution, the key predictive equations for GP

regression can be derived as follows:

𝐟∗|𝑋, 𝒚, 𝑋∗ ∼  (𝐟∗, c𝑜𝑣(𝐟∗)) (19)

𝐟∗
Δ
= 𝔼[𝐟∗|𝑋, 𝒚, 𝑋∗] = 𝐾(𝑋∗, 𝑋)

[
𝐾(𝑋,𝑋) + 𝜎2𝑛𝐼

]−1
𝒚 (20)

cov(𝐟∗) =𝐾(𝑋∗, 𝑋∗) − 𝐾(𝑋∗, 𝑋)
[
𝐾(𝑋,𝑋) + 𝜎2𝑛𝐼

]−1
𝐾(𝑋,𝑋∗) (21)

Then, the predicted distribution of test targets y* can be computed by adding 𝜎2𝑛𝐼 to covariance in Equation (21). While
the key prediction equations have been derived, the hyperparameters θ thatmake the previous assumptions hold still need
to be obtained through training. In practice, the type II maximum likelihood estimation is adopted, that is, through the
maximum log marginal likelihood function as defined in Equation (22).

(𝜃) = log 𝑝(𝑦|𝑋, 𝜃) = −
1

2
𝐲𝑇
(
𝐾𝜃 + 𝜎2𝑛𝐼

)−1
𝐲−

1

2
log

|||𝐾𝜃 + 𝜎2𝑛𝐼
||| − 𝑛

2
log 2𝜋 (22)

𝜃𝑀𝐿𝐸 = argmax𝜃(𝜃) (23)

where Kθ denotes K(X, X).

5 VARIANCE-BASED GLOBAL SENSITIVITY ANALYSIS METHOD

The variance-based sensitivity analysis is utilized as the GSAmethod in this study. For a givenmodel of the form Y= f(X),
the variance-based method is a probabilistic sensitivity analysis that quantifies the sensitivity of Y to X in terms of the
reduction in the variance of Y. The function f(.) in this study is the seismic loss estimationmethod. Here, model inputs (X)
involve some building’s properties (e.g., building mass, damping ratio, component fragility, and consequence parameters)
and the interested earthquake intensity measure.
In the variance-based method, the total variance of the “model” output Y over the entire input space X can be

decomposed as

𝑉(𝑌) =

𝑝∑
𝑖=1

𝑉𝑖 +
∑

1≤𝑖<𝑗<𝑝
𝑉𝑖𝑗 +⋯+ 𝑉1…𝑝 (24)

where Vi is the variance of individual input variables Xi, Vij is the variance of the interaction between Xi and Xj, and V1. . . p
is the variance of the interaction between all parameters.
As defined inEquation (24),Vi can represent themain effect ofXi onY. Then the first-order sensitivity index is calculated

by normalizing themain effect by the total variance as Equation (25). The index Si can be interpreted as the average degree
of reduction of the total variance when Xi is fixed.

𝑆𝑖 =
𝑉𝑖

𝑉(𝑌)
(25)
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DU and WANG 13

Let V∼i denote the variance contribution of all parameters except Xi. Then, another critical index-total sensitivity index
STi can be derived by Equation (26). The index STi is the sum of the Xi-related effects on Y, including the main and
interaction effects. The difference between Si and STi can be used to measure the degree of the parameter interaction.

𝑆𝑇𝑖 = 1 −
𝑉∼𝑖

𝑉(𝑌)
(26)

In practice, the interested model is generally complex and has no explicit expression, so it is necessary to use numerical
calculations to obtain an approximate result close to the analytical one. First, two independent parameter samplematrices
are generated, that is,M1 andM2:

𝑀1 =

⎛⎜⎜⎜⎜⎜⎝

𝑥11 𝑥12 … 𝑥1𝑝

𝑥21 𝑥22 … 𝑥2𝑝

…

𝑥𝑛1 𝑥𝑛2 … 𝑥𝑛𝑝

⎞⎟⎟⎟⎟⎟⎠
,𝑀2 =

⎛⎜⎜⎜⎜⎜⎝

𝑥′11 𝑥′12 … 𝑥′1𝑝

𝑥′21 𝑥′22 … 𝑥′2𝑝

…

𝑥′𝑛1 𝑥′𝑛2 … 𝑥′𝑛𝑝

⎞⎟⎟⎟⎟⎟⎠
(27)

where p is the number of parameters and n is the sample size. Then, the estimated total variance 𝑉̂(Y) is derived usingM1
andM2, as

𝑉̂(𝑌) =
1

2𝑛 − 1

𝑛∑
𝑖=1

{
𝑓2(𝑥𝑖1, 𝑥𝑖2, … , 𝑥𝑖𝑝) + 𝑓2

(
𝑥′𝑖1, 𝑥

′
𝑖2, … , 𝑥′𝑖𝑝

)}
− 𝑓2

0
(28)

where f(.) denotes the model output value for given input parameters, 𝑓0 denotes the expectation of the model estimated
by

𝑓2
0
=

1

𝑛

𝑛∑
𝑖=1

𝑓(𝑥𝑖1, 𝑥𝑖2, … , 𝑥𝑖𝑝) × 𝑓
(
𝑥′𝑖1, 𝑥

′
𝑖2, … , 𝑥′𝑖𝑝

)
(29)

The estimated variance of individual parameter Xi, that is, 𝑉̂i, can be derived by

𝑉̂𝑖 =
1

𝑛 − 1

𝑛∑
𝑖=1

{
𝑓
(
𝑥𝑖1, 𝑥𝑖2, … , 𝑥𝑖𝑝

)
× 𝑓

(
𝑥′
𝑖1
, 𝑥′

𝑖2
, … , 𝑥′

𝑖(𝑗−1)
, 𝑥𝑖𝑗, 𝑥

′
𝑖(𝑗+1)

, 𝑥′
𝑖𝑝

)}
− 𝑓2

0
(30)

The estimated total variance of all parameters except Xi, that is, 𝑉̂∼i, can be derived by

𝑉̂∼𝑖 =
1

𝑛 − 1

𝑛∑
𝑖=1

{
𝑓
(
𝑥′
𝑖1
, 𝑥′

𝑖2
, … , 𝑥′

𝑖𝑝

)
× 𝑓

(
𝑥′
𝑖1
, 𝑥′

𝑖2
, … , 𝑥′

𝑖(𝑗−1)
, 𝑥𝑖𝑗, 𝑥

′
𝑖(𝑗+1)

, 𝑥′
𝑖𝑝

)}
− 𝑓2

0
(31)

The total computational cost for obtaining Si and STi is n(p + 2), where 2n times model executions are used to estimate
the 𝑉̂(Y) as Equation (28), p × n times are used to estimate Si. According to Equation (31), no more model evaluations
need to be executed to calculate the STi.
Besides, the bootstrap technique is used to compute 95% confidence intervals of the sensitivity indices to assess the

robustness of sensitivity analysis. This technique resamples the output samples multiple times and calculates the corre-
sponding sensitivity indices for each bootstrap resample to obtain the distribution interval. In this paper, the number of
resamples is set to 1000, as recommended in Ref.65 More detailed information about the variance-based method can be
found in Refs.35,66,67

6 ILLUSTRATIVE EXAMPLES

6.1 Basic information

Two three-story SMRF prototype buildings in FEMA P-201268 are used to demonstrate the proposed framework. The two
buildings have the same plan and elevation dimensions, one is designed for the high-seismicity zone (e.g., Los Angeles),

 10969845, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/eqe.4116 by T

ongji U
niversity, W

iley O
nline L

ibrary on [18/03/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



14 DU and WANG

F IGURE 8 The elevation, plan view, geometry dimensions, and member size of the frame.

and the other for the low-seismicity zone (e.g., Boston). As shown in Figure 8, each building has two SMRFs in each
orthogonal direction, and one SMRF in the north-south direction (i.e., marked by the blue dotted line) is used in this paper
to characterize the earthquake resistance in both directions uniformly. The elevation, plan view, geometry dimensions, and
member size are shown in Figure 8. The design dead loads on the floor and roof are typically 106 and 83 psf, respectively,
while the design live loads are 50 and 20 psf, respectively. The above geometric and load information is written in a Txt
file and then read by the structural analysis module to construct the OpenSeesPy model automatically. The fundamental
periods of the two models are 0.8 and 1.93 s, respectively.
Table 1 presents information on the structural and nonstructural components considered in the three-story building.

When building type (office building) and floor area are given, the quantities of nonstructural components can be estimated
by Normative Quantity Estimation Tool69 provided by FEMA P-58. This tool offers the mean value and key parameter
(beta) of the lognormal distribution satisfied by the quantities of nonstructural components. The damage states of struc-
tural components are typically determined by PIDR. Nonstructural components are divided into acceleration-sensitive
and displacement-sensitive types. Facades and ceilings are typically displacement-sensitive in nonstructural components,
whilemechanical, electrical, and plumbing (MEP) systems are typically acceleration-sensitive. Note that the content, such
as bookshelves, computers, and so forth, are not considered in this paper, as there is a lack of relevant fragility data.

6.2 Interested input variables (X)

Multiple parameters, including structure, fragility, and consequence parameters, are considered in this paper, as presented
in Table 2. The building mass and damp ratio are selected for structure parameters, which are also the main sources
of uncertainty in the structural model considered in FEMA P-58. The building mass or dead loads will change due to
construction quality, errors in the mass of the preset components during design, and so forth. As Ellingwood et al.70
summarize, the Gaussian distribution with a mean value equal to nominal dead load and a coefficient of variation (CV) of
0.10 is an approximationmodel for the distribution of dead load. Therefore, the 10th and 90th percentiles of suchGaussian
distribution can be taken as the lower and upper limits of mass/dead load to set a truncated Gaussian distribution. For
the damping ratio, 2% is typically used for steel buildings in practice, while this value is varied in previous studies. Bernal
et al.71 investigated 81 responses from steel buildings and found that damping ratios were typically larger than 2%. In the
latest Indian seismic code IS 1893 (Part-1): 2016, a damping ratio of 5% is fixed for all types of buildings.72 Meanwhile, in
the Chinese seismic code GB50011-2010,73 the damping ratio ranges from 0.02∼0.05 depending on the structure height,
analysis type, and earthquake intensity. To study the uncertainty contribution of the damping ratio, it is assumed here
that the damping ratio is uniformly distributed between 2 and 5%.
The mean values of the fragility functions of some major structural and nonstructural components are considered for

fragility parameters. Uncertainties about these parameters are lacking investigation. Therefore, these mean values’ distri-
butions are assumed to satisfy the normal distribution with the corresponding mean values provided in FEMA P-58 and a
uniform CV of 0.3. Like building mass, the 10th and 90th percentiles are taken as the lower and upper limits. Besides, the
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DU and WANG 15

TABLE 1 The information on structural and nonstructural components considered in this paper.

Category Component
FEMA P58
ID

Quantity
per story

Fragility
unit of
measure

Quantity
betaa EDP Story

Nonstructural components Curtain walls B2022.001 216 30 SF 0.6 PIDR 1–3
Wall partition C1011.001a 21.6 100 LF 0.2 1–3
Suspending ceiling C3032.001a 86.4 250 SF 0.0 1–3
Raised access floor C3027.001 162 100 SF 0.2 PFA 1–3
Cold or hot potable- pipe D2021.011a 0.91 1000 LF 0.7 1–3
HVAC ducting, A ≥ 6 sq.ft D3041.012a 0.43 1000 LF 0.2 1–3
HVAC ducting, A ≤ 6 sq.ft D3041.011a 1.62 1000 LF 0.2 1–3
HVAC drops/diffusers D3041.031a 19.44 10 EA 0.5 1–3
VAV box D3041.041a 10.8 10 EA 0.2 1–3
Independent pendant
lighting

C3034.002 648 1 EA 0.3 1–3

Fire sprinkler drop standard
threaded steel

D4011.031a 1.94 100 EA 0.2 1–3

Fire sprinkler water piping D4011.021a 4.32 1000 LF 0.1 1–3
Prefabricated steel stair C2011.001b 2.16 1 EA 0.2 1–3
Motor control center D5012.013a 2.59 1 EA 0.5 1
Air handling unit D3052.011a 3.78 4000 CF 0.2 1–3
Cooling tower D3031.021a 2.46 75 TN 0.1 Roof
Chiller D3031.011a 2.46 75 TN 0.1 1
Traction elevator D1014.011 1.81 1 EA 0.7 1
Low voltage switchgear D5012.021a 0.03 225 AP 0.4 1–3

Structural components
(high-seismicity zone)

Steel column base plates B1031.011c 20 1 EA — PIDR 1

RBS connection at the
exterior columns,
Db ≥ W30

B1035.002 8 1, 2

RBS connection at the
interior columns,
Db ≥ W30

B1035.012 12 1, 2

RBS connection at the
exterior columns,
Db ≤ W27

B1035.001 8 3

RBS connection at the
interior columns,
Db ≤ W27

B1035.011 12 3

Structural components
(low-seismicity zone)

Steel column base plates B1031.011a 20 1 EA — PIDR 1

RBS connection at the
exterior columns,
Db ≤ W27

B1035.001 8 1,2,3

RBS connection at the
interior columns,
Db ≤ W27

B1035.011 12 1,2,3

Note: Db denotes the beam depth.
Abbreviations: AP, Amp; CF, cubic foot; EA, each; LF, linear foot; SF, square foot; TN, ton.
aLognormal distribution.
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16 DU and WANG

TABLE 2 The interested input variables (X) in this paper.

Source of
uncertainties Symbol Explanation Distribution Range
Structure
parameters

mb Building mass Normal: Mean = Dn, CV = 0.1 [0.872Dn, 1.128Dn]

ζ Damp ratio Uniform [2%, 5%]
Fragility
parameters

Mbcj Mean of the beam–column joint’s fragility Normal: Mean =Mcom, CV = 0.3
(Mcom varies with the
component type)

[0.616Mcom, 1.384Mcom]

Mgcw Mean of the curtain wall’s fragility
Mwp Mean of the wall partition’s fragility
Msc Mean of the suspended ceiling’s fragility
Mele Mean of the elevator’s fragility
Mhvac Mean of the HVAC’s fragility
Mrf Mean of the repair fragility Uniform [0.5%, 1.5%]
Srf Standard deviation of the repair fragility Uniform [0.1, 0.5]

Consequence
parameters

Pnsq Nonstructural component quantity
percentile

Uniform [50, 100]

Crep Replacement cost Uniform [Crmax, Crmax/0.3]

Note: CV refers to the coefficient of variation;Dn refers to nominal dead load;Mcom refers to the median of the corresponding component’s fragility specified in the
FEMA P58 document; Crmax refers to the maximum repair cost potential of the components (i.e., if every single component were damaged in its most expensive
damage state).

mean and standard deviation of the repair fragility (i.e., the relationship between the RIDR and the feasibility of repair)
are also considered. Some current studies take the mean as 0.5%,13,74 while some suggest higher values,75 such as 1%.11
Most studies take the standard deviation to be 0.3. In this paper, the mean and standard deviation of the repair fragility
are assumed to be uniformly distributed in [0.5%, 1.5%] and [0.1, 0.5], respectively.
Nonstructural components are the primary source of earthquake-induced losses in most buildings. Since the FEMA

P-58 database provides the possible distribution of the quantities of nonstructural components, the quantity percentile is
also selected as the interested variable. Note that it is assumed that the change in percentiles of all components is the same,
that is, the quantities of all components are at the same level. Then, for a given component, its corresponding amount can
be calculated using the lognormal distribution expression as follows:

ln(𝑞) = 𝐺−1

(
𝑃𝑛𝑠𝑞

100

)
= ln(𝑞̂) + 𝛽𝑞Φ

−1

(
𝑃𝑛𝑠𝑞

100

)
(32)

where Pnsq is the quantity percentile and follows a uniform distribution in [50, 100], G−1(.) is the inverse cumulative
density function of the lognormal distribution, 𝑞̂ is the 50th percentile quantity of the component, βq is the logarithmic
standard deviation of the quantity, that is, the “Quantity beta” presented in Table 1. According to the seismic risk assess-
ment software SP3’s website,76 the ratio of maximum component repair potential (i.e., if every single component were
damaged in its most expensive damage state) can reasonably range anywhere from 30 to 150%. For steel frame buildings,
the maximum repair potential (Crmax) is typically lower than the building value, because most of the building’s value may
lie in “rugged” components not covered by the FEMA P-58 model. Therefore, the building replacement cost is considered
to satisfy a uniform distribution in [Crmax, Crmax/0.3]. Notably, in the future, detailed investigations into the replacement
costs of structures of different structural types would be beneficial in reducing the uncertainty in this parameter.

6.3 Hazard analysis and stochastic ground motion modeling

Assume that the prototype buildings are in Los Angeles, the latitude and longitude coordinates are (34.11197, −118.38544),
and the shear wave velocity is assumed as 760 m/s. Then, the corresponding seismic hazard curves are obtained by
the Unified Hazard Tool provided by the U.S. Geological Survey website,77 as shown in Figure 9. The IMs (i.e., the 5%
damping ratio spectral acceleration at fundamental period Sa(5%, T1)) corresponding to four hazard levels (43-year,
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DU and WANG 17

F IGURE 9 Hazard curve.

F IGURE 10 The pseudo-acceleration response spectrum of the generated ground motion.

475-year, 975-year, 2475-year) are selected. For the SMRF designed for the high-seismicity zone, the IM values are 0.09,
0.41, 0.58, and 0.87 g, respectively, while for the SMRF designed for the low-seismicity zone, the IM values are 0.03, 0.15,
0.22, and 0.33 g respectively.
Then, for each IM level, 30 specific groundmotions are generated, as shown in Figure 10. Note that if the target is only a

single IM value when generating, it may require a lot of calculation time. Therefore, a compromise solution is adopted: set
a bias interval of 10% for each IM. For instance, if the desired IM (Sa(5%, T1)) value is 0.3 g, it is advisable to define a target
range for generating the ground motion as [0.27, 0.30 g]. Subsequently, a little amplitude modulation can be applied to
the generated ground motion to scale them to the desired IM value. Furthermore, unexpected situations may arise, such
as when dealing with the 2475-year hazard level when the IM value tends to be relatively high. Given that the ground
motion modeling technique relies on a genuine earthquake database, it is possible that such a large IM level earthquake
event may not exist within the dataset. Consequently, in such circumstances, a larger scale factor becomes unavoidable.
Nevertheless, comparedwith othermethods, the SGMM technique can generate groundmotions as close as possible to the
desired IM value. In cases where the IM corresponding to the 2475-year hazard level with a fundamental period of 0.80 s
exceeds the available limits for naturally occurring groundmotions using the modeling technique, amplitude modulation
may be performed using a scale factor smaller than 2−4. Such an adjustment within this range is considered reasonable
and has been endorsed in previous studies.23

6.4 Build a surrogate model for structural analysis

The synthetic ground motions at different IM levels are input into the structural analysis module for NTHA. For building
the surrogate model, 1000 analyses are performed to construct the training set. In addition, 200 analyses are performed
to build the testing set to verify the accuracy of the surrogate model at each considered IM level. Eight parameters,
including building mass mb, damping ratio ζ, peak ground acceleration PGA, peak ground velocity PGV, peak ground
displacement PGD, pseudo-acceleration response spectrum value Sa, pseudo-velocity response value Sv, displacement
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18 DU and WANG

F IGURE 11 Values predicted by the Gaussian process model compared with values obtained by NTHA. (800 test data for each SMRF,
and each test data contains the corresponding response values of all stories). (A) SMRF with fundamental period of 0.80s; (B) SMRF with
fundamental period of 1.93s.

response spectrum value Sd, are selected as the input features of surrogate model for predicting the PIDR and PFA. These
features are generally practical for predicting peak displacement and acceleration responses, but more input features
are needed for residual deformation. Therefore, the effective duration of the ground motion (i.e., the D5–95 mentioned
in Equation 8) is also selected. Furthermore, the predicted values of the displacement response are also used as input
features for the surrogate model to predict the RIDR to improve accuracy. The automatic relevance determination (ARD)
technique78 is used to assign different hyperparameter values for different input features. The kernel function of the GP
model is set as the radial basis function (RBF).78
It can be noted that to enhance the prediction capabilities of the model, the surrogate models have many additional

parameters compared to the parameters to be investigated in the sensitivity analysis, but the impact of these additional
parameters on the estimated loss is not investigated in this paper. As stated in Section 5, the sensitivity analysis requires
fixing one parameter and varying others. For the interested parameters mentioned in Section 6.2, this operation is rea-
sonable and feasible, whereas for parameters such as PGV, PGA, duration, and so forth, it is not possible to realize a
reasonable fixing of PGV and changing only PGA for ground motions, especially when Sa is given, because of the inter-
relationships between these parameters. Although this can be achieved in the GP model (the surrogate model always
outputs results based on the input information), the results obtained are spurious and not only do not represent the real-
istic ground motion inputs, but also lead to errors in the calculation of the sensitivity of the other parameters. Besides,
in the selected loss estimation methodology (i.e., FEMA P-58), one seismic loss estimation (i.e., obtaining one median or
mean value) uses the 30 generated ground motions (with different PGAs, PGVs, duration, etc.), so trying to use the same
PGA/PGV/duration, and so forth in one estimation is not possible, nor is its sensitivity analysis. Although this paper does
not focus on these parameters, it would be interesting to further investigate the impact of these ground motion-related
indicators on the seismic loss in the future.
Through verification on the testing set, the established surrogate model has good prediction accuracy for both SMRFs.

As shown inFigure 11, the coefficient of determinationR2 of all EDPs is above 0.95, indicating the reliability of the surrogate
model.

 10969845, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/eqe.4116 by T

ongji U
niversity, W

iley O
nline L

ibrary on [18/03/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



DU and WANG 19

F IGURE 1 2 Sensitivity analysis results when the target is the mean value of economic loss. (A) Surrogate model-aided sensitivity
anlaysis; (B) Surrogate-free sensitivity analysis.

6.5 Global sensitivity analysis

In this section, leveraging the constructed surrogate model, the sensitivity of seismic economic loss to the considered
parameters is examined. First, the mean value is considered as the interested performance indicator. Both surrogate
model-aided and surrogate-free sensitivity analysis are performed using an Intel(R) Core(TM) 13980HX processor with
16 threads enabled. The sample size of the analysis is 512, so according to Section 5, 7168 seismic consequence assess-
ment needs to be performed for each hazard level. For surrogate model-aided analysis, the average time per hazard level,
which includes the model training time, is approximately 1 h. In contrast, for the analysis conducted without a surro-
gate model, it took approximately 18 h per hazard level. This substantial reduction in computational time underscores
the significant efficiency gains achieved with the surrogate model. Meanwhile, based on the comparison depicted in
Figure 12, the results of the sensitivity analysis aided by the surrogate model appear to be reasonable, with no significant
deviations.
It is evident from the figure that the sensitivity analysis results for two different structural designs, each with dis-

tinct earthquake resistance capabilities, exhibit considerable differences. This difference is caused by the specific site
and the two design alternatives: one design is stricter than the site’s requirements, while the other has “poorer seis-
mic performance.” The “poorer seismic performance” here is a relative concept. As mentioned in Sections 6.1 and 6.3,
the two structures are designed for high and low seismic zones, respectively, and are assumed to be in a high seismic
zone (i.e., Los Angeles) in this illustrative example. Thus, the frame designed for a low seismic zone would natu-
rally exhibit “poorer seismic performance” when subject to the seismic demands of a high seismic zone. This relative
difference in resilience between the two frames forms the basis of our comparison and subsequent analysis. More spe-
cially, the former design is better suited for characterizing parameter sensitivities when smaller structures respond,
whereas the latter design is more appropriate for capturing sensitivities associated with larger responses. In the case
of the more resilient building, the low sensitivity to earthquake replacement costs can be attributed to its small PIDR
and RIDR. The earthquake replacement cost is primarily attributed to two factors: collapse or lack of feasibility of
repair. The former factor is related to the exceeded PIDR, and the latter factor is related to the exceeded RIDR. Rel-
ative smaller PIDR and RIDR indicate a higher repair feasibility and a lower probability of structural collapse, thus
resulting in lower sensitivity to replacement costs. Conversely, in the case of the design with poorer seismic perfor-
mance, replacement costs exhibit a certain level of sensitivity. A similar trend is also observed in the mean value of repair
fragility.
The variability exhibited by the sensitivity analysis of different structures in different hazard scenarios is determined

by a combination of many factors. First, the correlation between the structural response level and the component fragility
characteristics. Since the fragility curves provided by FEMA P-58 tend to satisfy the cumulative distribution function form
of normal or lognormal distribution, when the response level of the structure is close to the mean value of the component
fragility, the change in the mean value will have a greater impact on the assessment of the damage results, while if the
structural response is farther away from the mean (i.e., smaller or larger), the change in the mean value will have less
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20 DU and WANG

F IGURE 13 Sensitivity analysis results when the target is the mean value of economic loss (with no Pnsq).

F IGURE 14 Sensitivity analysis results when the target is the median value of economic loss (with no Pnsq).

impact on the analysis results. Besides, different components are damaged with different loss values, and the sensitivity
increases further as the structural response approaches themean value of the fragility of the component with larger losses.
Moreover, as the structural nonlinearity develops further and the probability of collapse or irreparable damage increases,
the sensitivities of the parameters associated with collapse and irreparable damage will dominate, as shown by the results
of the SMRF with poorer seismic performance. The multiple factors mentioned above are intertwined together to form
the results of the variable sensitivity analysis. Because of this, it is not very recommended to draw conclusions with gener-
alizability for reference, such as which component has the high sensitivity in a given hazard scenario, as this is related to
the level of structural design, structural configurations, number of floors, number of bays, considered components quan-
tities and types, structural form, and many other factors. Therefore, this paper focuses more on the proposed framework
itself, which makes feasible and efficient the sensitivity analysis of a specific design of a structure at a specific hazard
level.
In practical applications, when the analysis result reveals that a particular parameter exerts a significant impact on the

estimation outcomes, it may warrant further investigation on similar buildings to mitigate such uncertainty. Assume that
the designer conducts an exhaustive investigation of the number of nonstructural components (set as the 50th percentile),
then a sensitivity analysis is conducted once more with Pnsq fixed at 50%, as illustrated in Figure 13. During this analysis,
it was determined that the parameters ξ andMhvac in the design scheme for high-seismicity zones and the parametersMp
and Crep in the design scheme for low-seismicity zones warrant further investigation. This approach facilitates a more
exhaustive examination of various design scenarios, ultimately leading to the generation of more robust and reliable
analysis results.
The selection of interested performance indicators also affects the results. For instance, when the median value rather

than themean value is chosen as the indicator, it is found that the sensitivity to residual deformation and replacement cost
is weakened, as shown in Figure 14. In addition, the sensitivity of other parameters also changed, especiallyMhvac, from
a low-sensitivity parameter to an extremely high-sensitivity parameter at 2475 year for the 0.8 s SMRF. This phenomenon
arises because the median focuses exclusively on the values at the 50th percentile, unlike the mean, and an increase in
extreme values, which is limited to no more than half of the total values, has no impact on it. Furthermore, taking the
SMRF with T1 = 0.8 s as an example, it can be seen from the comparison between Figure 13 (left) and Figure 14 (left)
that if the structural response is small under the hazard scenario considered, selecting two indicators will have little
impact on the results, but if the structural response is large, that is, the structure has a certain probability of collapse or
irreparability, then selecting the mean value rather than median value can effectively reflect the sensitivity of parameters
related to structure replacement. Based on the findings of the illustrative example, the mean value is more suitable as
a performance indicator for sensitivity analysis. However, it is worth noting that it would be better if it was possible to
obtain results for multiple indicators, which would help to compare and verify different results to enhance the robustness
of sensitivity analysis. In addition, the selection of indicators should also consider the preferences of stakeholders (such
as insurance companies).

 10969845, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/eqe.4116 by T

ongji U
niversity, W

iley O
nline L

ibrary on [18/03/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



DU and WANG 21

TABLE 3 The investigation on the impact of data diversity on model prediction capabilities (* average R2), taking the SMRF with 0.8-s
fundamental period as an example.

Train data Test data
X No X year-related data Only X year-related data
X = 43 0.9821 0.8602
X = 475 0.9703 0.9037
X = 975 0.9601 0.8912
X = 2475 0.9884 0.8241

All four scenarios
All four scenarios 0.9852

*Average R2 is the average of the R2 for various predicted responses (i.e., PIDR, PFA, RIDR).

The above illustrative example investigates some parameters that may have an impact on the results of seismic conse-
quence estimation yet are mostly set to be deterministic in existing structural resilience assessment. After the sensitivity
analysis, parameters that are considered insensitive can still be considered deterministic. In contrast, parameters that are
considered to have a greater impact on the results should be carefully investigated to reduce their uncertainties, and if
such investigation is not feasible, then their uncertainties are considered to be incorporated into the loss estimation. The
inclusion of additional uncertainty is convenient for the FEMA P58 approach. As mentioned in Section 3.2, the Monte
Carlo approach can be used to manage these uncertainties. More specifically, the seismic loss estimation is a highly repet-
itive process with a large number of realizations, each of which represents one possible loss outcome for the building,
considering possible combinations of uncertain inputs. For example, if the uncertainty in replacement cost is expected to
be incorporated, then by sampling its likely distribution at each loss estimation, its uncertainty will naturally be passed
on to the results.

6.6 The impact of data quality on the predictive capabilities of the surrogate model

In this paper, there are two main factors affecting data quality: one is the diversity of training data; and the other is the
amount of training data. Here, the diversity of the training data mainly refers to whether it contains the various hazard
scenarios considered in the sensitivity analysis. Then, the impact of data diversity is investigated in this section to under-
stand the effect of missing data from a hazard scenario on the model’s predictive capabilities, as shown in Table 3. In
the investigation, the amount of training data is almost consistent with the aforementioned example, that is, 999, which
means that the training set contains 333 data for each scenario (originally 250 for each of the four scenarios in the afore-
mentioned example). There are also 200 independent data (50 for each of the four scenarios) as the testing set. It can be
seen from the results that as long as the hazard scenarios are included in the training data, their corresponding predic-
tion capabilities can be guaranteed. And if the corresponding hazard scenarios are not included in the training data, the
prediction capabilities will be weakened. For the SMRF with 0.8-s fundamental period, the Sa corresponding to the four
hazard scenarios are 0.09, 0.41, 0.58, and 0.87 g, respectively. For the case where the response data at 0.09 or 0.87 g is
missing, the prediction capability in the corresponding scenario decreases more. This is because the structural nonlinear
behavior under these two values is significantly different from the structural nonlinear behavior under other values. For
the amount of training data, the requirement to give specific values may not be of practical significance. Compared to the
large number of analyses required for sensitivity analysis, the data required for training data are relatively small. When
the diversity of training data is satisfied, try to increase the amount of data so that its R2 is above 0.90 to achieve better
prediction performance.

6.7 The impact of surrogate model predictive capabilities on the precision of the
sensitivity analysis results

To investigate the impact of model predictive capabilities on the analysis results, the amount of training data is adjusted
to 700 (corresponding to an average R2 = 0.8986) and 500 (corresponding to an average R2 = 0.7585) to obtain surrogate
modelswith different predictive capabilities. And then the trained predictionmodel is used to facilitate sensitivity analysis.

 10969845, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/eqe.4116 by T

ongji U
niversity, W

iley O
nline L

ibrary on [18/03/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



22 DU and WANG

F IGURE 15 Sensitivity analysis results facilitated by models with different predictive capabilities (left: average R2 = 0.8986; right:
average R2 = 0.7585).

F IGURE 16 Comparison of first and total sensitivity index.

As shown in Figure 15, for the model with average R2 = 0.8986, reasonable sensitivity analysis results can be obtained, but
the error bars are larger than using the model with R2 = 0.9852, which shows that the reduction in prediction capabilities
brings disturbance to the convergence of the sensitivity analysis. For the model with R2 = 0.7585, the prediction capability
is greatly reduced, resulting in the inability to obtain reasonable and convergent sensitivity results. Therefore, in practice,
controlling data quality as much as possible (increasing the diversity and quantity of training models) to obtain better
prediction capabilities is conducive to obtaining stable sensitivity analysis results. It isworth noting that the computational
cost required to build the surrogate model is relatively small compared to the number of model executions required for
sensitivity analysis (i.e., 7168).Moreover, asmore parameters are investigated, the computational cost of sensitivity analysis
will be higher, and the advantages of using surrogate models will be greater.

6.8 The degree of interaction effect between parameters

The difference between Si and STi can be used to measure the degree of the parameter interaction, as we mentioned in
Section 5. As shown in Figure 16, the results of STi are slightly higher than those of Si, but the difference is not significant,
and combined with the error bars given by the resampling technique, the synthesis suggests that the interaction effect
between the investigated parameters is not strong enough to produce conclusions that are different from the first sensitivity
index. The relative importance of each parameter can also be observed from the relative value of the sensitivity index.
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DU and WANG 23

F IGURE 17 PAWN sensitivity index of four scenarios.

6.9 Comparison with density-based sensitivity method (PAWNmethod)

Another sensitivity analysis method, called the PAWNmethod,79 is also used to conduct the sensitivity analysis for com-
parison with the variance-basedmethod. Different from the variance-basedmethod, the PAWNmethod is a density-based
method, where the entiremodel output distribution, rather than only its variance, is used to quantify the relative impact of
the influence of the parameters on the model output. The PAWNmethod measures the sensitivity indices of parameter Xi
by the distance between the unconditional CDF of Y, which is obtained by varying all parameters simultaneously, and the
conditional CDFs of Y, which are obtained by varying all parameters but Xi.80 More specifically, the distance between the
conditional and unconditional CDFs is measured by the Kolmogorov–Smirnov statistic (KS),81 as shown in Equation (33).

𝐾𝑆(𝑋𝑖) = max𝑌
|||𝐹𝑌(𝑌) − 𝐹𝑌|𝑋𝑖

(𝑌)
||| (33)

where FY(Y) is the unconditional CDF of the output Y and FY|Xi(Y) is the conditional CDF when Xi is fixed. If the KS(Xi)
is equal to zero, it means that the uncertainty of Xi does not affect the output. A large KS(Xi), instead, indicates the
uncertainty of Xi has a large effect on the output. Since KS depends on the conditioning values of Xi, the PAWN sensitivity
index Ti considers a statistic over all possible values of Xi, as shown in Equation (34). The PAWN sensitivity index of a
certain parameter varies between 0 and 1, the higher the value, the more influential of the parameter. Interested readers
are referred to literature (e.g., Refs.79,80,82) for a more comprehensive description of the PAWNmethod.

𝑇𝑖 = statisti𝑐𝑋𝑖
[𝐾𝑆(𝑋𝑖)] (34)

Taking the steel framewith 0.8-s fundamental period as an example, the relative ordering of the investigated parameters
obtainedusing the PAWNmethod is the same as that of the variance-basedmethod, as shown inFigure 17. Considering that
the focus of this paper is not to compare the differences between different sensitivity methods, the investigated param-
eters or performance indicators are not intentionally selected to obtain potentially different sensitivity analysis results.
However, according to the existing literature,80 if the analysis is concerned with the first sensitivity index and one wants
to know the degree of interaction between different parameters, the variance-based method is more suitable, because the
PAWN method cannot investigate the first-order effect. And if one is only concerned with the sensitivity ranking after
considering the interactions, the PAWNmethod is theoretically more advantageous because compared to variance-based
methods, it still has good applicability when faced with performance indicators that exhibit highly skewed or multimodel
distribution.80 Notably, if possible, it is best to apply bothmethods for comparison, which can be achievedwith the Python
package SALib60 employed in this paper.

7 FURTHER DISCUSSION

So far, following the guidance of the proposed surrogate-aided sensitivity analysis framework, the entire procedure has
been demonstrated with illustrative case studies to illustrate its effectiveness. However, considering the complexity of the
problem intended to be solved, there is still room for continued study and improvement in the future.
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24 DU and WANG

F IGURE 18 Comparison of acceleration response spectra of ground motions obtained by CS and SGMM.

F IGURE 19 Comparison of mean estimated loss using ground motions obtained by CS and SGMM.

7.1 Further improvement in the hazard compatibility of SGMM

As mentioned in Section 3, the SGMM is established by relating the parameters of stochastic functions to earthquake and
site characteristics through predictive relationships. Since these predictive relationships do not explicitly consider seismic
risk, the hazard compatibility of SGMM cannot be guaranteed. In this section, the hazard compatibility of selected SGMM
is initially explored. A hazard-consisted ground motion selection method, conditional spectrum (CS) method, is used to
select real ground motions matching the Sa(0.8 s) at the 2475-year hazard level. The implementation of the CS method
refers to the research of Baker and Lee.83 Then, the acceleration response spectra of the selected motions are compared
with those of the simulated groundmotions generated in Section 6, as shown in Figure 18. There exist differences between
the distribution of acceleration response spectra of ground motions obtained by SGMM and CS. The average spectral
acceleration curves from the two sets reveal that the motions obtained by SGMM pose a higher hazard. This difference
results in a larger estimated loss concerning SGMM compared to CS, as shown in Figure 19. Similar findings can also be
found in the study by Fayaz et al.,84 which showed that even with the data-driven model established by a big earthquake
database, the hazard compatibility of the ground motion models still cannot be guaranteed. The importance of hazard
compatibility of selected ground motions to PBEE has recently been emphasized,85,86 and therefore it is necessary to
further improve the hazard compatibility of SGMM.
Existing research provides two approaches to address such issues. One is to use the CSmethod to select from simulated

ground motions,83,85 which can ensure that the selected simulated ground motions have the same mean and variance as
the selected real ground motions. The other method is to modify the SGMM to establish compatibility with the seismic
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hazard for specific seismicity scenarios and a given structure/site, which has been proven feasible on the ground motion
model used in this study.87,88 As for the potential differences between simulated and real groundmotions, some validation
methods89 are also applicable to the selected stochastic ground motion model. Thus, the suitability of a stochastic GM
model as part of proposed framework can be further improved by incorporating these methods in the future study.

7.2 Further improvement in the usable scope of SGMM

The utilization of SGMMmethods in PBEE serves to generatemotion records tailored to local conditions, mitigating result
bias that may arise from the use of unrealistic motions. Additionally, it streamlines the process by obviating the need for
manual screening of motion records from databases, thereby reducing the reliance on specialized expertise. Nonetheless,
it is essential to acknowledge the method’s limitations regarding its useable scope. In the context of the method employed
in this paper, the input parameters need to fall within the following specified range:M ≥ 6.0, 10 km ≤ R ≤ 100 km, Vs30
≥ 600 m/s. If a smaller Vs30 is expected, one needs to generate appropriate ground motions at the firm soil layer and
then propagate through the soil softer soil using the soil dynamics method. This increases the complexity of the work and
requires more professional knowledge. The limitation of useable scope is a common problem of existing ground motion
modeling methods, which originates from data selection when constructing the motion model.
More specifically, the usable scope of the SGMM is mainly limited by the range of site and earthquake characteristics of

the real ground motions used in its development. Therefore, incorporating more real ground motion records to construct
the relationship between the motion model parameters and a larger range of site and earthquake characteristics, will
effectively enhance the applicability of SGMM. However, after incorporating more ground motion data, restrictions of
the originally adopted linear regression models may limit their capabilities in extracting complex nonlinear behaviors in
the data. Thus, the use of machine learning as a statistical method is beneficial for constructing complex relationships
between model parameters and site/earthquake characteristics.84,90–92 Besides, the deep learning-based ground motion
models also show a more powerful predictive capacity,93 especially for big data without the assumption of predefined
functional forms. These data-driven methods can extract critical information from massive earthquake records and find
high-dimensional features to achieve better results. This broadens the applicable scope and simplifies implementation.

7.3 Further improvement in the surrogate model

It should be noted that the modeling strategy used in this paper has only been tested for some SMRFs and some com-
monly used hazard scenarios, and its applicability to various other building structures (steel braced frame structures, steel
frame-shear wall structures, or concrete structures, etc.) still requires further in-depth studies to modify the current GPR
setting to cope with different cases. Considering the strong ability that the GP model has demonstrated in the existing
literature,25,43,46 its wide application to various types of structures is promising. Besides, the Python package for building
GPR (GPyTorch59) selected in this paper allows for customization, which can be adjusted accordingly for specific training
results. For example, the key kernel function can be changed from the “RBF function” used in this paper to the “square
exponential (SE) function”46 or “matérn and white combining function”25 used in the literature, to adjust the model’s
suitability in different cases. Moreover, if there are more suitable ML techniques or existing models that can meet the
sensitivity analysis needs, they can also be directly applied to the framework of this paper.

7.4 Possible future extensions of the proposed framework

The seismic consequence estimation method emphasized in this paper is FEMA P-58, primarily due to its widespread
use in research. Indeed, the current seismic consequence estimation methods are shifting towards recovery-based design
paradigms,94 representing a sustained effort to progress towards the overarching objective of establishing resilient cities.
In the future, exploring these novel recovery-based methods would be worthwhile. Additionally, there are some existing
open-source Python packages (e.g., TREADS developed by Hutt et al.95) whose open-source nature allows us to modify
their internal parameters to study the sensitivity of some inputs or built-in databases.
Expanding surrogate model-aided sensitivity analysis to the regional level would also be a valuable area of research.

A community or city is a complex system with intricate interconnections among different functional entities. Recently,
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the resilience assessment of these systems has garnered significant attention. Assessing the resilience of such complex
systems is undoubtedly time-consuming and fraught with uncertainties, presenting greater challenges compared to the
sensitivity analysis of individual buildings. The sensitivity analysis of community/city-level assessment is essential.96 It
aids in identifying and understanding the various factors that can significantly impact the resilience of a community
or city. Such analysis is beneficial for policymakers in formulating more effective and targeted strategies to combat the
challenges posed by disasters.

8 SUMMARY AND CONCLUSIONS

This paper proposed an efficient surrogate model-aided sensitivity analysis framework for seismic consequences estima-
tion in buildings. The FEMA P-58 method is selected as the studied seismic consequence estimation method, and the
SGMMmethod is utilized to generate ground motions for each hazard level of concern. The proposed framework reduces
the computational cost of the estimation process by substituting the structural analysis part with the GPmodel, ultimately
providing efficient and reliable results. Later, the variance-based GSA is performed to investigate the critical parameters
of the estimation process. The whole procedure is implemented in Python following the object-oriented programming
concept to construct an automatic workflow. Finally, the proposed framework is illustrated on two different three-story
SMRFs to demonstrate its effectiveness and reliability. The main findings and conclusions can be drawn as follows:

∙ Using the SGMMmethod not only shortens the time of selecting motion records but can also be easily integrated into
the proposedworkflow.Meanwhile, suitable, realistic groundmotions can be generated for different IM levels, reducing
the estimation errors that may result from using unrealistic groundmotions from other sites or large amplitude scaling.

∙ The proposed strategy for building a surrogate model, that is, building a specific surrogate model for a specific structure
rather than a model with excess generalization capabilities, yields a model with good training results at a reduced
computational cost. Moreover, this strategy aligns with the requirements of sensitivity analysis, wherein it is essential
to select different surrogate model input features for different parameters that want to be investigated.

∙ The proposed framework replaces the expensive structural analysis part of seismic consequence estimation with a
computationally cheap GP model, improving the efficiency of sensitivity analysis without losing much accuracy. This
enables a higher number ofmodel executions in the sensitivity analysis, thus ensuring the convergence of the sensitivity
indices. In the illustrative example, only in terms of the computational cost required for sensitivity analysis, the use of
the surrogate model increased the efficiency by 18 times.

∙ The sensitivity analysis results for earthquake consequence estimation vary depending on the structural system studied,
the design scenario, and even the interested indicator (e.g., mean value or median value). Therefore, it is recommended
to perform a dedicated sensitivity analysis on specific design information to obtain robust estimation results.

In summary, the proposed framework provides an efficient sensitivity analysis tool to evaluate the importance of inter-
ested parameters in the seismic consequences estimation process. This framework can be applied to assess the robustness
of existing building resilience assessment and decision-making. Furthermore, owing to the adoption of the object-oriented
programming concept, the framework can ultimately be integrated into computational tools with a graphical user inter-
face. This integration simplifies the process for engineers, facilitating the practical application of sensitivity analysis of
seismic consequence estimation methods. This, in turn, contributes to more informed and efficacious evaluation and
decision-making in PBEE. This paper also acknowledges the current limitations of the proposed framework and outlines
directions for future improvements. Specifically, it suggests the adoption of hazard-compatible ground motion selection
methods or advanced modeling techniques to enhance the hazard compatibility of SGMM. Additionally, expanding the
ground motion models’ usable scope through the inclusion of more motion data and data-driven modeling is proposed.
Moreover, beyond SMRF, the exploration of more structural types is necessary to validate the framework’s applicabil-
ity. Importantly, while the building-specific strategy employed for constructing surrogate models effectively supports
the achievement of the research objective of this paper, it renders the strategy unsuitable for community-level or other
nonbuilding-specific scenarios.
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