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ABSTRACT 

MACHINE-LEARNING-BASED MODELS, METHODS, AND SOFTWARE 

FOR INTENSITY, VULNERABILITY, AND RISK ASSESSMENT OF 

CENTRAL U.S. INDUCED EARTHQUAKES  

 
Farid Khosravikia, Ph.D. 

The University of Texas at Austin, 2020 

 

Supervisor: Patricia M. Clayton 

 

Since 2009, the Central U.S. has been subjected to a new type of seismic hazard attributed to 

human activities from the petroleum industry. Since then, there has been an increase in the number 

of earthquakes in the Central U.S. from an average of 25 per year in 2008 to 365 in 2017. These 

earthquakes can adversely affect the safety of infrastructure in the region, considering most were 

designed with minimal to no seismic detailing considerations due to the historically low seismicity 

in the region. 

The main objective of this dissertation is threefold: 1) To characterize the seismic demand of 

these earthquakes by developing region-specific ground motion models. 2) To evaluate the 

vulnerability of the built environment (in particular, bridge portfolios and residential buildings 

with masonry façades) to these recent earthquakes by developing fragility functions. 3) To 

integrate the ground motion and fragility models with other region-specific information to 

investigate regional consequences (i.e., potential economic loss) on the built environment for 
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future seismic events. This information is now used by the Texas Department of Transportation to 

inform decision-making in terms of post-earthquake response and planning for future events. 

For each objective, the present study combines machine learning science with structural and 

earthquake engineering knowledge into a data-driven, state-of-the-art framework to develop more 

reliable prediction models compared to the conventional methods in the literature. This dissertation 

comparatively investigates the advantages of using machine learning techniques instead of 

conventional methods in developing each model (i.e., ground motion and fragility models). 

Moreover, this study investigates the seismic characteristics, vulnerability, and risk associated 

with these earthquakes, compared with those associated with other seismic hazards in the U.S. The 

comparison includes similar magnitude natural earthquakes in the Western U.S., New Madrid 

seismic hazards (i.e., the historical seismic hazard of interest in the Central U.S.), and estimates 

from HAZUS (i.e., the software provided by Federal Emergency Management Agency for disaster 

risk assessment).  

As part of this study, open-source application software named ShakeRisk is developed for risk, 

reliability, and resilience assessment of the built environment to natural hazards. ShakeRisk 

provides a platform to integrate artificial intelligence, systems engineering, structural and 

earthquake engineering research fields to simulate civil infrastructure responses at both structural 

and system scales in a reliable and computationally efficient way. Adopting clean architecture 

principles and object-oriented programming language in the design of ShakeRisk, it can be readily 

extended by adding features (i.e., new data sources, models, analyses, and user interfaces) and 

customizing existing ones without the need to modify existing code. 
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Chapter 1. INTRODUCTION 

1.1 MOTIVATION 

Since 2009, there has been a significant increase in the rate of seismicity in the Central U.S., 

especially in the states of Oklahoma, Texas, and Kansas. Most of these earthquakes are believed 

to be human-induced earthquakes associated with more intense natural gas, petroleum production, 

and wastewater injection practices (Frohlich et al., 2016; Hornbach et al., 2016; Hough, 2014; 

Petersen et al., 2016, 2017). Such activities increase the subsurface pore water pressure, facilitating 

the release of stored tectonic stress along an adjacent fault.  

 These induced earthquakes typically occur in areas that historically have had negligible 

seismicity, and the infrastructure in these areas was likely designed for no to low seismic demands, 

making them vulnerable to seismic damage. The 2011 Prague, OK earthquake with moment 

magnitude, Mw, of 5.7, the 2012 Timpson, TX earthquake with Mw of 4.8, and the 2016 Pawnee, 

OK earthquake with Mw of 5.8 are three examples of recent seismic events in the area that were 

reported to cause damage to nearby infrastructure (Barbour et al., 2017; Ellsworth, 2013; Frohlich 

et al., 2014). These earthquakes have caused millions of dollars of damage in recent years, 

primarily to residential buildings, including masonry veneers and chimneys in this region (Barrett 

2016; Jones and Killman 2017). 

1.2 MAIN OBJECTIVE 

The main objective of this dissertation is to characterize seismic demand of these earthquakes and 

evaluate the vulnerability and risk of different types of infrastructure to this new hazard at both 

structural and regional scales. This study specifically focuses on highway bridges and residential 



 

2 

 

buildings with masonry façades. Risk, in this context, denotes the repair cost due to structural 

damage. For each step, this dissertation combines machine learning science with structural and 

earthquake engineering to develop a state-of-the-art framework to improve the reliability of 

prediction models. Such models can be used to better understand the impacts of seismic hazards 

on communities and to inform decision-making in terms of post-earthquake response and planning 

for future events. 

1.2.1 Ground Motion Intensity Evaluation 

Seismic demand in the studied region is characterized by developing site-specific ground motion 

models (GMMs) to estimate ground shaking intensity measures given the earthquake magnitude, 

source-to-site distance, and local site condition. This dissertation puts forward an Artificial Neural 

Network (ANN) based framework to develop GMMs for estimating earthquake intensity in this 

region. The developed GMMs are mathematical equations that can be used to predict peak ground 

acceleration, peak ground velocity, and spectral accelerations at different frequencies.  

 This study trains the ANN-based framework using a selected database of 4,528 ground 

motions, including 376 seismic events of magnitude 3 to 5.8, recorded over a hypocentral distance 

range of 4 to 500 km in Texas, Oklahoma, and Kansas since 2005.  The proposed ANN-based 

framework can be applied to develop GMMs for any region. The sensitivity of the equations to 

predictive parameters is also presented in this dissertation. Finally, the attenuation of ground 

motions in this particular region is compared with those in other areas of North America.  

1.2.2 Vulnerability Evaluation of Structures 

To evaluate the vulnerability of structures to these earthquakes, a probabilistic framework is 

proposed in this study for both bridge infrastructure and masonry façades on residential buildings. 
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The proposed framework accounts for major sources of uncertainty, including uncertainty in 

ground motions and local soil conditions, as well as uncertainty in design and detailing practices 

used in the region. In this framework, fragility functions representing the probability of different 

levels of damage given the ground shaking intensity are developed to evaluate the seismic 

vulnerability of residential masonry façades and bridge portfolios. 

 For residential masonry façades, fragility functions representing the probability of cracking 

and collapse damage states are developed in this dissertation. In the proposed framework, ANN is 

adopted to develop probabilistic seismic demand models from experimentally-validated finite 

element analyses of non-seismically detailed masonry veneers. The benefits of using ANN instead 

of conventional methods of producing demand models are discussed in the dissertation. The 

fragility functions are produced for masonry veneers with code-compliant corrugated brick ties 

and those with thinner, non-code-compliant brick ties that are commonly employed in residential 

construction in the Central U.S.  

 Regarding the bridge infrastructure, the bridge population is characterized by various bridge 

classes, and for each class, computationally efficient nonlinear models are implemented to 

simulate seismic damage in non-seismically detailed bridge components. Then, for each class, 

fragility functions representing the likelihood of different levels of damage (i.e., slight, moderate, 

extensive, and complete) at given ground shaking intensity levels are developed.  

 For both masonry façades and bridge infrastructure, fragility functions are generated for 

different intensity measures such as peak ground acceleration and velocity, as well as spectral 

accelerations at different periods. This dissertation also investigates how ground motion 

characteristics such as magnitude, source-to-site distance, and intensity measure of interest affect 
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the seismic fragility of non-seismically-detailed masonry veneers and bridge infrastructure 

subjected to induced seismic hazards.  

 Furthermore, the vulnerability of these structures to induced earthquakes is compared with 

those subjected to natural earthquakes with similar magnitudes and source-to-site distances, and 

those subjected to ground motions representing the New Madrid seismic hazard (i.e., the historical 

seismic hazard of interest in the Central U.S.). The fragility functions are also compared with 

fragility estimates from the HAZUS software produced by the Federal Emergency Management 

Agency (FEMA) (2003). The motivation for comparison with HAZUS fragility estimates stems 

from the common and widespread use of HAZUS in estimating the vulnerability of different 

infrastructure in the U.S. Finally, the regional extents of damage from real and hypothetical seismic 

events are estimated using the newly developed and existing fragility functions to evaluate the 

implications of using these models for regional vulnerability assessments. 

1.2.3 Risk Assessment of Bridge Portfolios 

Given the information from the aforementioned seismic demand and vulnerability studies, the 

seismic risk of bridge portfolios is addressed in this dissertation. Risk, in this context, is 

characterized by the repair costs due to structural damage. The risk-based assessment gives 

profound insight into the immediate impacts of induced seismic hazards on bridge infrastructure. 

To quantify risk, a framework using region-specific ground motion and bridge fragility models is 

adopted in this study. The framework consists of Monte Carlo simulation and repair cost analysis 

to estimate the extent of damage and ensuing loss across the region for different earthquake 

scenarios. Moreover, this dissertation compares the losses predicted by region-specific models 

with the predictions of non-region-specific models that are commonly used for risk assessment, 

such as those from FEMA’s HAZUS software (2003).  
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1.3 SHAKERISK: OBJECT-ORIENTED SOFTWARE  

Alongside this dissertation, application software named ShakeRisk is created by the author of this 

dissertation. ShakeRisk is an open-source tool that provides a platform to integrate artificial 

intelligence, systems engineering, structural and earthquake engineering for risk, reliability, and 

resilience assessment of civil infrastructure at both structural and urban scales. All the data, 

models, and analyses presented in this dissertation and others from the literature have been 

implemented in ShakeRisk and can be used to evaluate the consequences of Central U.S. 

earthquakes. 

 The programming language used in ShakeRisk is primarily Python, along with freely available 

libraries (see Appendix A for more details). ShakeRisk also provides a variety of probabilistic 

analysis tools and methods, including Monte Carlo sampling methods that yield probabilistic 

distributions of responses. ShakeRisk consists of a graphical user interface, which is a web 

application, to promote the proposed multi-model analyses in academia and in engineering 

practice.  

ShakeRisk is developed using clean architecture (Martin, 2018) computer programming 

principles such that it can be continuously expanded, meaning existing features can be improved, 

and new features can be implemented. By dividing application elements into ring levels starting 

with high-level rules at the core and ending with low-level tools in outer layers, clean architecture’s 

requirement of inward-pointing dependency makes it possible to add new features (e.g., data 

sources, models, analyses, and user interfaces) and customize existing ones without the need to 

modify existing code. This architecture uses an object-oriented programming language to 

orchestrate the communication of data, models, and analyses inside of ShakeRisk and to promote 
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extendibility of the software. More information about the structure and design of the ShakeRisk, 

as well as existing data, models, and analyses, is provided in Appendix A of this dissertation.  

1.4 ORGANIZATION OF THE DISSERTATION 

Following this introduction in Chapter 1, this dissertation is organized into five main chapters (i.e., 

Chapters 2 through 6), and each chapter is a self-contained journal article that includes an 

introduction, literature review on related topics, research methodology, research findings, 

discussions, and conclusions. The last chapter, Chapter 7, concludes the dissertation with a 

summary of findings and recommendations for future work. 

Chapter 2 proposes an ANN-based framework to develop GMMs for Texas, Oklahoma, and 

Kansas to estimate ground shaking levels from earthquakes in the region. 

Chapter 3 proposes an ANN-based framework to develop fragility functions for typical masonry 

veneers in the region to evaluate their vulnerability to the recent earthquakes.  

Chapter 4 utilizes the framework presented in Chapter 3 to investigate the impact of ground motion 

characteristics of induced and other seismic hazards on the vulnerability of masonry veneers. 

Chapter 5 propose a probabilistic framework to develop fragility functions for common bridge 

classes in the region to evaluate the potential damage to bridge portfolios from the recent 

earthquakes. 

Chapter 6 integrates the models developed for characterizing ground shaking intensity and 

structural fragility to evaluate seismic risk of bridge portfolios in the region. 
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Chapter 2. ARTIFICIAL NEURAL NETWORK BASED FRAMEWORK 

FOR DEVELOPING GROUND MOTION MODELS FOR NATURAL AND 

INDUCED EARTHQUAKES IN OKLAHOMA, KANSAS, AND TEXAS 

2.1 INTRODUCTION 

This chapter aims to develop ground motion models (GMMs), which are often referred to as 

attenuation models, for recent seismic events recorded in Texas (TX), Oklahoma (OK), and Kansas 

(KS). GMMs are mathematical equations that estimate the intensity measures of ground motions 

as a function of earthquake magnitude, source-to-site distance, and site conditions. Since 2008 

there has been a significant increase in the seismicity rate of this particular region of Central and 

Eastern North America (CENA), which is mainly believed to be as a result of human activities 

such as petroleum development or wastewater disposal (Frohlich et al., 2016; Hornbach et al., 

2016; Hough, 2014; Petersen et al., 2016). The November 2011 earthquake with moment 

magnitude, Mw, of 5.7 in Prague, OK, the May 2012 earthquake with Mw of 4.8 near Timpson, TX, 

as well as the September 2016 earthquake with Mw of 5.8 in Pawnee, OK are three examples of 

the recent earthquakes in this particular region, which were reported to cause damage to nearby 

infrastructure ( Ellsworth 2013; Frohlich et al. 2014; Barbour et al. 2017).  

Bommer et al. (2016) demonstrated that because induced earthquakes generally occur at 

shallow depths, they tend to have large ground motion amplitudes, especially at short hypocentral 

distances. Such characteristics necessitate further investigations of GMMs for this region, which 

are key in investigating and mitigating the hazard proposed by natural and induced earthquakes in 

that area. In this regard, Atkinson (2015) assumed that the amplitudes of the ground motions from 

induced events are similar to those of tectonic earthquakes with similar magnitude and hypocentral 
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distance (Rhypo). Small-to-moderate events (M 3-6) at short hypocentral distances (Rhypo<40 km) 

from the NGA-West2 database (Ancheta et al., 2014) were used to develop GMMs applicable for 

induced seismicity. While the models resulted in an acceptable estimation of the intensity measures 

of the ground motions recorded from induced events, Atkinson (2015) mentioned the need for site-

specific GMMs for such events. Later on, Gupta et al. (2017) assessed ground motion amplitudes 

and attenuation for small-to-moderate induced and tectonic earthquakes in CENA. Atkinson and 

Assatourians (2017) described the conditions with which natural-earthquake models can be applied 

for induced seismicity applications. More recently, Khosravikia et al. (2018) showed that CENA 

GMMs developed based largely on natural tectonic events cannot be properly used to estimate the 

intensity measures of the earthquakes in this particular region. Farhadi et al. (2018) evaluated the 

applicability of different GMMs for induced seismicity in CENA, including many GMMs 

developed as part of the NGA-West 2 project (Bozorgnia et al., 2014) and those that had already 

been developed for CENA. They pointed out that the performance of the models depends on the 

intensity measure, and no single model performs the best over all of the intensity measures. 

Novakovic et al. (2018) also recommended developing region-specific GMMs for induced 

seismicity, and they proposed empirically calibrated GMMs for OK.  

This chapter proposes new site-specific GMMs for TX, OK, and KS considering a selected 

database of 4,528 ground motions, including 376 seismic events with magnitude 3 to 5.8, recorded 

over the hypocentral distance range of 4 to 500 km in these three states since 2005. The developed 

GMMs aim to predict peak ground acceleration (PGA), peak ground velocity (PGV), as well as 

5% damped elastic pseudo-spectral accelerations at different periods, denoted by PSA(T), where 

T is the considered period. To do so, this chapter, unlike conventional empirical methods that used 
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regression analysis, proposes a framework in which Artificial Neural Network (ANN) is used as 

the statistical method.  

In conventional empirical methods, the GMMs are built using a regression analysis with pre-

defined linear equations to correlate the ground motion intensity measures to the predictive 

parameters. The assumed equations are generally based on physical concepts, which can increase 

the accuracy of prediction of the statistical method when limited data are available.  However, 

such equations often limit the ability of the method to efficiently simulate complex and unknown 

behaviors of the ground motion intensity measures. Some researchers (Güllü and Erçelebi 2007; 

Alavi and Gandomi 2011) suggested that linear regression analysis has major drawbacks related 

to the idealization of complex processes, approximation, and averaging of widely varying 

prototype conditions. However, ANN has the capability of adaptively learning from experience 

and extracting various discriminators in pattern recognition without pre-defined functions 

(Perlovsky, 2001). Therefore, it has the potential to provide more robust predictive models when 

extensive datasets are used. In the literature, ANN has also been shown to be a promising method 

in predicting ground motion characteristics ( Kerh and Ting 2005; Güllü and Erçelebi 2007; 

Ahmad et al. 2008; Alavi and Gandomi 2011; Derras et al. 2012, 2014, 2016).  

It is commonly asserted that ANN models behave like “black-box” systems and are not able to 

show the underlying principles of the prediction. Likewise, it is often believed that ANN models 

cannot be used by others to predict the outputs unless they re-train their own ANN model, which 

would impede the dissemination of new knowledge generated with ANN models. This issue has 

been addressed here by converting the ANN models into simple mathematical equations that 

anyone can easily use it to predict ground motion intensity measures given the input parameters 

without re-training any ANN model.  
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This chapter evaluates the generalization capability of the proposed GMMs using different 

criteria presented in the literature. In addition, the effects of the predictive parameters on predicting 

the intensity measures are also assessed through a sensitivity analysis. Finally, the attenuation of 

ground motions in the region is compared with those developed for small-to-moderate earthquakes 

of Western America, Central and Eastern North America, and those developed to be applicable to 

induced seismicity. 

2.2 GROUND MOTION DATABASE 

The database considered in this chapter consists of 4,528 ground motion recordings that 

correspond to 376 different natural and induced seismic events recorded at 209 different seismic 

stations in TX, OK, and KS since 2005. The database of the ground motions was retrieved from 

the Incorporated Research Institution for Seismology (IRIS) database and was processed by 

Zalachoris and Rathje (2019). Figure 2-1 shows the location of the considered events and the 

seismic stations that recorded the considered ground motions. As seen in the figure, all the 

considered seismic events have magnitudes larger than 3.0, and they mainly occurred in 

Oklahoma, especially those with larger magnitudes, i.e., Mw > 5. The seismic stations are located 

in all of these three states, resulting in adequate ground motion recordings in all the three states. 

As shown in the figure, the seismic stations located on the Gulf Coast Plain are not considered in 

this chapter, due to the fact that Gulf Coast Plain consists of significantly deeper sediments, 

resulting in different attenuation behavior than the surrounding region (Electric Power Research 

Institute (EPRI), 2004). 
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Figure 2-1: Geographic distribution of the events and stations considered in this chapter. 

 

The developed GMMs estimate PGA, PGV, and PSA values at 20 different periods varying 

between 0.05 seconds and 2.5 seconds given earthquake moment magnitude Mw, the hypocentral 

distance Rhypo, and the averaged shear wave velocity over the top 30 m of soil Vs30. The GMMs are 

based on the geometric mean of the horizontal-component ground motion amplitudes, which is 

consistent with previous studies (Yenier and Atkinson, 2015). For the selected ground motions, 

Mw is either derived from IRIS or calculated using 1-Hz PSA amplitudes of the vertical component 

of the ground motion records (Atkinson et al., 2014; Atkinson and Mahani, 2013). The Vs30 values 

for most of the considered ground motion recording stations are taken from Zalachoris et al. 

(2017), which were determined using the P-wave seismogram method. For a few seismic station 

locations where P-wave seismogram Vs30 estimates were not available, the Vs30 estimates provided 

by Parker et al. (2017) are utilized, which were determined over the CENA using a hybrid slope-

geology proxy method. Finally, the hypocentral distance, Rhypo, which is defined from the 
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epicentral location and focal depth, is used to allow GMMs to correctly reflect the source-to-site 

distance attributes of such small-to-moderate shallow depth earthquakes.  

 Figure 2-2a shows the magnitude-distance distribution of the considered ground motions. As 

seen in the figure, Mw varies between 3.0 to 5.8, representing small-to-moderate earthquakes. Rhypo 

varies between 4 km to 500 km, and approximately 856 records, or 18.9%, have Rhypo less than 50 

km. Figure 2-2b shows the number of the stations according to ASCE 7-16 (2016) site 

classification. For example, 92 of 209 seismic stations are located on Site Classes A and B (760 

m/s < Vs30), representing “rock” site conditions According to ASCE 7-16 site classification. It is 

observed that Vs30 varies between 122 m/s to 1706 m/s, representing very soft soil to hard rock, 

respectively. Furthermore, the hypocentral depth, df, of these seismic events is generally less than 

10 km, indicating shallow depth earthquakes. The ranges and statistics of the observed predictive 

parameters as well as intensity measures for the ground motions considered in this chapter are 

shown in Table B-1 in the Appendix chapter. In the next section of this chapter, the proposed 

ANN-based ground motion prediction equations for this particular region of CENA will be 

presented and discussed.  

 
Figure 2-2: Characteristics of the ground motion database, consisting of 4,528 ground motions records 

from 376 seismic events: a) Magnitude-distance distribution of the database and b) Station number per 

ASCE 7-16 site classification. 
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2.3 PROPOSED ANN-BASED GROUND MOTION MODELS 

This chapter utilizes multilayer perceptron network, which is a kind of ANN with a feed-forward 

architecture (Cybenko, 1989), to derive site-specific GMMs for TX, OK, and KS. Figure 2-3a 

presents the schematic view of the ANN framework proposed in this chapter. As seen in the figure, 

the network here is organized in three different layers as input, hidden, and output layers. The input 

layer consists of the normalized values of Mw, Vs30, and Rhypo, and the output layer comprises the 

normalized output parameter in natural log space. Normalized values of any variable (input or 

output) are computed by dividing the value by its corresponding normalization ratio, Nratio, 

presented in Appendix B. The normalization process prevents saturation of the activation functions 

within the neural network, thereby resulting in a better estimation of the results. The sensitivity of 

the ANN models to the normalization process is presented in Appendix B. It is here assumed that 

all the proposed ANN models comprise one hidden layer with the same number of neurons. By 

training different ANN models considering different hidden layer size and evaluating their 

performance (details are available in Section B.1 of Appendix B), it is concluded that four number 

of neurons is the optimal hidden layer size for all outputs. The strength of the connection of neurons 

in each layer to the neurons of other layers is determined by connection weights.  

The general structure of a neuron is shown schematically in Figure 2-3b. As seen, each neuron 

receives the outputs of the neurons in the previous layer as inputs. In addition to the outputs of the 

previous layer, a bias parameter is introduced as an input to each neuron, which acts in the same 

fashion as the intercept in a regression model. Within each neuron, the summation of the weighted 

inputs and the bias parameter passes through the activation function to compute the output of the 

neuron, yi, as follows: 
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( )i ji j iy w x b=  +    (1) 

where xj is the value of input neuron j; wji is the connection weight of the j-th neuron from the 

input layer and the considered i-th neuron; bi is the bias defined for i-th neuron; φ is the activation 

function for the neurons. Here, a log-sigmoid function of 𝜑(𝑥) = (
1

1+𝑒−𝑥
) and a linear function of 

𝜑(𝑥) = 𝑥 are considered as the activation functions of the neurons in the hidden and output layers, 

respectively. The sensitivity of the ANN models to the selection of the activation functions are 

available in Appendix B. The output, yi, in turn, will be used as the input for the neurons in the 

following layer, if present. 

  
(a) (b) 

Figure 2-3: Schematic representation of (a) the ANN model and (b) the i-th neuron of the hidden layer. 

 

The connection weights as well as bias terms for each neuron are adjusted through the training 

process of the network. To do so, the Levenberg–Marquardt back-propagation algorithm 

(Marquardt, 1963), which is a standard nonlinear least-squares optimization algorithm, is 

implemented. In the training process, the ground motion database is divided into three different 

subsets: 1) Training subset, which is used to adjust the weights and bias values on the ANN models; 

2) Validation subset, which is used to minimize overfitting of the models by checking 

generalization capability on data they did not train on. Overfitting is a modeling error that occurs 
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when the model is too closely fit a particular set of data, and may therefore, fail to reliably predict 

future observations. 3) Testing subset, which is used for testing the final algorithm to confirm the 

actual predictive power of the models for future data.  

In the literature, most of the ANN-based studies randomly divide the ground motion records 

into the abovementioned subsets. However, the ground motion records from an individual 

earthquake are correlated due to higher-order source effects not accounted for in the model. Thus, 

there is a moderate risk of overfitting because the ground motion records in the validation and 

testing subsets may be correlated with the ones in the training subset that correspond to the same 

earthquake. To address this issue, instead of randomly dividing the ground motion records, the 376 

seismic events are randomly divided into training, validation, and testing subsets, which 

approximately consist of 60%, 20%, and 20% of the whole dataset, respectively. Then, for each 

subset, the ground motion records associated with seismic events in that subset are considered for 

the training process. 

After training the ANN model shown in Figure 2-3a, it is now turned into a mathematical 

formulation as follows:  

4

hypo1 s30
1 2 3

ln( ) 1

1 exp[ ( )]
6.1 1792.0 522.0

i

i wratio
i i i i

p
b v

RM VN
w w w b=

 
 

= +   
 + −  +  +  +
  

   (2) 

where p is the predicted value of intensity measure; b is the bias value of output neuron; vi denotes 

the connection weights between the i-th neuron from the hidden layer and output neuron; w1i, w2i, 

and w3i are the connection weights entering i-th neuron of the hidden layer from the input layer; 

and bi denotes the bias of the hidden layer neurons. The values of w1i, w2i, and w3i and bi  as well 

as vi and b for different outputs are listed in Appendix B. Using Eq. (2) and the coefficients 
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presented in the tables, one can easily estimate the ground motion intensity measures in the region 

given the input parameters of the ground motions without re-training the proposed ANN models. 

The reliability and generalization capability of the proposed GMMs are investigated in the next 

section of the chapter.  

2.4 PERFORMANCE ANALYSIS AND MODEL VALIDITY  

This section addresses the performance and model validity of the developed ANN models for 

different intensity measures. To evaluate the performance of the ANN models in predicting the 

intensity measures, the correlation between the predicted and target values for PGA is shown in 

Figure 2-4. Dashed lines in each plot indicate the ideal case where the predicted values are exactly 

the same as the target values. As seen in the figure, the data are close to the ideal line, indicating a 

strong correlation between the estimated and measured values.  

 
Figure 2-4: Measured versus predicted values for PGA for the training, validation, and testing subsets. 

The values of the correlation coefficient, R, and mean absolute error, MAE, of each subset are also shown 

in the figure. 

 

In addition, Figure 2-5 plots the distribution of the residuals ε, defined as the natural log of the 

ratio of the measured ground motion parameter to its predicted value for PGA in relation to the 

input parameters. The ideal value for this parameter is zero, indicating that the GMM precisely 

predicts the measured parameter. Residual values above and below zero respectively demonstrate 
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that the GMM underestimates and overestimates the measured parameters. As seen in Figure 2-5, 

the mean of the residuals for all plots is approximately zero, indicating that the proposed ANN 

model for PGA on average accurately predicts the intensity measures for the considered ground 

motions. The same trends are observed for all other intensity measures. 

 
Figure 2-5: Residuals of the proposed GMM for PGA with respect to input parameters. Squares depict the 

mean residual and its standard deviation in logarithmically spaced distance bins. 

 

 To evaluate the external validity of the models, which is defined as the reliability of the model 

in predicting future data, different sets of criteria available in the literature, as shown in Table 2-1, 

are checked. Large values of the correlation coefficients, R, between the target and predicted values 

(R>0.8) demonstrate that the model provides a strong correlation between the estimates and the 

target values (Smith, 1986). In fact, large values of R, especially for the testing subset (i.e., the 

subset that the model does not see during training), indicate that they can reliably be used to 

determine principal ground motion intensity measures for future data (Pan et al., 2009). Moreover, 

Golbraikh and Tropsha (2002) suggested that at least one of the slope of the regression of targets 

against estimates through the origin and that of estimates against targets through the origin for the 

testing subset (k and k’, respectively) should be between 0.85 to 1.15. They also suggested that at 

least one of the correlation coefficients of those regression lines (Ro2 and Ro’2) should be close to 

1.0. To ensure that the model has a good predictive power, they proposed that at least either Ro2 
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or Ro’2 should be close to R2. Finally, Roy and Roy (2008) suggested that values of the modified 

coefficient of correlation, Rm
2, larger than 0.5 can be considered as an indicator of good 

generalization capability of the model. 

Table 2-1: Considered criteria for checking the external validity of the models. 

Criteria Suggested by 
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Here, the abovementioned external validation criteria are checked for the proposed ANN 

models, and the results are shown in Table 2-2. As seen in the table, the derived models pass all 

the above-mentioned criteria, which denotes that the developed model can be reliably used to 

predict the future data.  Like other statistical methods, the generalization capability of the proposed 

ANN-based GMMs is limited to the range of the input characteristics considered in this chapter, 

and caution should be exercised when extrapolating beyond the range constrained by the input 

data. 
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Table 2-2: Performance analysis of ANN models. 

Parameter Rtraining RValidation Rtesting k k' Ro2 Ro’2 mindex nindex Rm
2 

PGV 0.923 0.906 0.918 1.020 0.941 0.986 0.921 0.171 0.094 0.523 

PGA 0.924 0.907 0.916 0.982 0.843 0.998 0.903 0.189 0.076 0.505 

PSA (0.05s) 0.927 0.902 0.912 0.955 0.867 0.988 0.912 0.188 0.097 0.503 

PSA (0.06s) 0.927 0.917 0.918 0.953 0.868 0.947 0.923 0.123 0.094 0.572 

PSA (0.08s) 0.916 0.917 0.922 1.034 0.832 0.969 0.899 0.140 0.059 0.556 

PSA (0.10s) 0.916 0.912 0.919 1.049 0.805 0.987 0.907 0.169 0.074 0.525 

PSA (0.15s) 0.904 0.905 0.905 1.035 0.789 0.983 0.881 0.200 0.076 0.487 

PSA (0.20s) 0.890 0.906 0.891 1.051 0.742 0.967 0.911 0.217 0.146 0.465 

PSA (0.25s) 0.898 0.899 0.912 0.985 0.825 0.980 0.909 0.178 0.093 0.511 

PSA (0.30s) 0.907 0.882 0.893 0.988 0.773 0.975 0.875 0.222 0.097 0.462 

PSA (0.35s) 0.896 0.914 0.899 0.972 0.801 0.950 0.887 0.176 0.098 0.503 

PSA (0.40s) 0.901 0.902 0.915 1.019 0.834 0.990 0.930 0.182 0.111 0.510 

PSA (0.45s) 0.910 0.917 0.916 0.974 0.875 0.994 0.898 0.185 0.071 0.508 

PSA (0.50s) 0.916 0.887 0.909 1.024 0.880 0.974 0.904 0.180 0.095 0.507 

PSA (0.60s) 0.927 0.902 0.917 1.028 0.863 0.998 0.909 0.186 0.080 0.508 

PSA (0.70s) 0.923 0.941 0.938 0.968 0.970 0.957 0.998 0.087 0.134 0.636 

PSA (0.80s) 0.930 0.897 0.943 1.023 0.924 0.999 0.938 0.123 0.055 0.595 

PSA (0.90s) 0.929 0.945 0.934 0.966 0.988 0.955 0.999 0.096 0.147 0.620 

PSA (1.00s) 0.939 0.912 0.949 1.012 0.949 0.990 0.979 0.099 0.088 0.632 

PSA (1.50s) 0.938 0.950 0.940 0.986 0.990 0.968 0.990 0.095 0.120 0.627 

PSA (2.00s) 0.949 0.928 0.949 1.019 0.967 0.987 0.971 0.097 0.079 0.635 

PSA (2.50s) 0.953 0.933 0.946 1.020 0.969 0.986 0.971 0.102 0.085 0.625 

2.5 SENSITIVITY ANALYSIS  

Here, the sensitivity of the ANN models to the predictor variables (Mw, Vs30, and Rhypo) is 

evaluated. To do so, Garson’s algorithm (1991) is used to compute the contribution of each input 

variable in the ANN output. In this algorithm, the input-hidden and hidden-output weights of the 

trained ANN models are partitioned, and the absolute values of the weights are taken to calculate 

the relative importance values. The relative importance values for each ANN model are computed 

and presented in Figure 2-6. As shown, for PGA, and PSA values at short periods (T<0.4s), Rhypo 

is the most important parameter, while for PGV and PSA values at long periods (T>0.4s), Rhypo 

and Mw have similar contributions. Moreover, regardless of which intensity measure is discussed, 

Vs30 has the least contribution in predicting the ground motion intensity measures. It is worth noting 
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that for longer periods (T>1s), Vs30 has relatively more contribution (approximately 20%), 

reflecting amplification effects due to regional geology. 

 
Figure 2-6: Contribution of the predictive parameters in the developed ANN models. 

2.6 COMPARISON OF THE GROUND MOTION MODELS 

In this section, the GMMs developed for TX, OK, and KS are compared with three different sets 

of GMMs available in literature as:  

1) GMMs developed by Boore et al. (2014; hereafter, BSSA14) for Western North America as 

part of NGA-West2 (Bozorgnia et al., 2014) project with more focus on small-to-moderate 

magnitude tectonic earthquakes.  It is believed that these events are similar to induced events 

in terms of key features such as magnitude and distance scaling of ground motion amplitudes. 

2) GMMs developed by Atkinson (2015; hereafter, A15) using small-to-moderate events (M 3-

6) at short hypocentral distances (Rhypo<40) from the NGA-West2 database (Ancheta et al., 

2014). The GMMs are developed to be applicable for induced seismicity, assuming that the 

amplitude of motions from induced events is similar to that of tectonic earthquakes with the 

same magnitudes and hypocentral distances. 
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3) GMMs developed by Hassani and Atkinson (2015; hereafter, HA15) for Central and Eastern 

North America (CENA). They updated the GMMs developed by Boore et al. (2014) for 

Western North America, applying an adjustment factor to fit the models to the CENA ground 

motion database. 

 
Figure 2-7: Intensity measure to distance relations of the GMMs determined in this chapter in comparison 

with HA15 GMMs developed for CENA, A15 GMMs developed for small-to-moderate magnitude events 

at short hypocentral distances with applicability to induced seismicity, and BSSA14 developed as part of 

NGA-West 2 project. All GMMs are plotted for Vs30 = 760 m/s as well as Mw = 3.7 for top row plots and 

Mw = 5.3 for bottom row plots. 

 

Figure 2-7 demonstrates the intensity-distance relations of the ground motions from the TX, 

OK, and KS dataset, as well as the corresponding attenuation curves derived from proposed and 

abovementioned GMMs. To plot the attenuation curves from BSSA14 and HA15 in hypocentral 

distance, it is assumed that 2 2

hypo JB 5.1R R + , where 5.1 km is the average hypocentral depth of the 

considered data, and RJB is the closest distance to the surface projection of the rupture (Joyner-

Boore distance). In fact, like previous studies in the literature (Atkinson, 2015; Hassani and 
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Atkinson, 2015; Khosravikia, Zeinali, et al., 2018), it is assumed that the fault is small enough so 

that the epicentral distance is approximately equal to the Joyner-Boore distance. As seen in Figure 

2-7, the TX, OK, KS motions tend to follow a pronounced trilinear amplitude decay function at 

regional distances, and ANN models properly capture this behavior. This behavior has also been 

observed in Khosravikia et al. (2018) and Novakovic et al. (2018). 

First, the proposed GMMs are compared with those developed for CENA (i.e., HA15). As seen 

in the figure, for earthquakes with 3.5 ≤ Mw < 4.0, TX, OK, and KS tend to have higher amplitudes 

at short distances (Rhypo < 20 km) compared to other areas of CENA. This observation is mainly 

because the proposed GMMs are adjusted to the potentially induced seismic events in TX, OK, 

and KS, which generally consist of shallower depth earthquakes compared to other areas of CENA 

(Atkinson and Assatourians, 2017; Khosravikia, Zeinali, et al., 2018). At large distances (Rhypo > 

20 km), ANN results in similar attenuations as HA15 for PGA and PSA in short periods. However, 

at longer periods (T > 0.5s), as seen in the plot for PSA(1.0s), TX, OK, and KS amplitudes tend to 

be higher, regardless of the distance of the site from the earthquake epicenter, which probably 

reflects the amplification effects dues to regional geology of the study region. For earthquakes 

with larger magnitudes (Mw > 5), the proposed amplitudes for PGA and PSA values at shorter 

periods (T < 0.5 s) tend to be lower than those of HA15, reflecting that the application of the CENA 

GMMs for the study region is likely to overestimate the intensity measures. However, for PSA 

values at long periods, HA15 and ANN models result in similar attenuations. 

Next, the proposed GMMs are compared with those of A15 and BSSA15. As seen in Figure 

2-7, A15 leads to fairly good estimates of the attenuations in TX, OK, and KS, especially for larger 

earthquakes (Mw > 5) and at shorter hypocentral distances (Rhypo < 20 km). However, at larger 

distances, BSSA14 and A15 predict amplitudes significantly lower than those observed in the 
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study region, reflecting slower attenuations for TX, OK, and KS motions at regional distances 

compared to small-to-moderate earthquakes in Western North America. 

2.7 SUMMARY AND CONCLUSION 

The recent increase in the seismicity rate of the states of Texas (TX), Oklahoma (OK), and Kansas 

(KS) driven by increased oil and gas production necessitates further investigation of the seismic 

hazard in Central and Eastern North America (CENA). This chapter presents site-specific Ground 

Motion Models (GMMs), which are a valuable tool for evaluating and mitigating hazards for that 

region. The proposed GMMs are mathematical equations that predict peak ground acceleration 

(PGA), peak ground velocity (PGV), and five percent-damped elastic pseudo-acceleration (PSA) 

at different periods given earthquake magnitude, hypocentral distance, and average shear wave 

velocity over the top 30m of soil. This chapter utilizes a selected database of 4,528 ground motions, 

including 376 seismic events with magnitude 3 to 5.8, recorded over the hypocentral distance range 

of 4 to 500 km in these three states since 2005.  

This chapter, unlike many other studies in the literature that used linear regression analysis, 

outlines a framework in which Artificial Neural Network (ANN) is used as the statistical method 

to develop the GMMs. Regression analysis is conducted using pre-defined linear and nonlinear 

equations. While such equations are based on physical justifications and are helpful in interpreting 

the derived GMMs, they may limit the predictive power of the GMMs in simulating the complex 

behavior of ground motion characteristics. ANN, in contrast, is able to adaptively learn from a 

dataset without any presumed behaviors. The prediction reliability and generalization capability 

of the developed ANN models are evaluated against different criteria available in the literature, 

and the results show that they provide reliable estimates of intensity measures.  
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It is observed that TX, OK, KS motions tend to follow a pronounced trilinear amplitude decay 

function at regional distances. The GMMs developed for this region are also compared with 

GMMs developed for small-to-moderate earthquakes of Western America, Central and Eastern 

North America, and those developed to be applicable to induced seismicity. For instance, it is 

concluded that TX, OK, and KS amplitudes at long periods or short distances tend to be higher 

than CENA amplitudes for earthquakes with magnitudes of 3.5 to 4. As a final note, it should be 

noted that the validity of the proposed ANN models, like other data-driven models, is limited to 

the range of the input characteristics considered in the ground motion dataset. The use of these 

models outside the range of variability of the original dataset is not recommended.
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Chapter 3. FRAGILITY OF MASONRY VENEERS TO HUMAN-

INDUCED CENTRAL U.S. EARTHQUAKES USING NEURAL NETWORK 

MODELS 

3.1 INTRODUCTION 

In 2016 alone, over 500 M3+ earthquakes occurred in the Central U.S., while in 1973-2008, there 

was only an average of 21 per year (Petersen et al., 2016). Such earthquakes, which have mainly 

occurred in the states of Oklahoma, Texas, and Kansas, are believed to be human-induced, 

associated with activities from the oil and gas industry (Frohlich et al., 2014, 2016; Hornbach et 

al., 2016; Hough, 2014). For example, Ellsworth (2013) demonstrated that the increase in 

seismicity is inconsistent with natural processes in such a geologically stable region. It has also 

been shown that the deep disposal of wastewater, which is the byproduct of oil and gas production, 

is the main contributor to the seismicity increase in these regions (Weingarten et al., 2015). In 

2017, these induced earthquakes occurred over broader areas than they had in previous years. Few 

of the 7 million people impacted by these events have previously dealt with the threat of 

earthquakes (Petersen et al., 2017). Although there has been a reduction in the rate of these 

earthquakes since 2018 compared to previous years, the number of earthquakes in this region is 

still much more than the expected rate from natural earthquakes. 

According to the one-year USGS (Petersen et al., 2017) earthquake hazard predictions 

accounting for induced seismic activity, the likelihood of experiencing minor damage from an 

earthquake in parts of the Central U.S., such as Oklahoma, is now comparable with that in 

California. Much of the observed damage following the 2011 M5.7 Prague, OK, the 2016 M5.8 

Pawnee, OK, and the 2016 M5.0 Cushing, OK earthquakes mainly included masonry veneer and 
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chimney failures in residential homes (examples shown in Figure 3-1). This damage caused 

millions of dollars of insurance claims although only approximately 15% of properties in that area 

contain some level of earthquake insurance (Barrett 2016; Jones and Killman 2017). Unlike areas 

of the West Coast where construction practices have changed with improved knowledge of seismic 

effects, areas of the Central U.S. are most at risk of experiencing damage, particularly nonstructural 

damage, in existing buildings, which were designed with little to no consideration of earthquake 

activity.  

In addition, national building code committees are unsure of how to treat this new form of 

hazard, largely due to lack of information and uncertainty associated with predicting the magnitude 

and location of hazards tied to future human activity.  

  
Figure 3-1: Damage to masonry-clad buildings due to Oklahoma earthquakes: (a) M5.0 Cushing (EERI 

Earthquake Clearinghouse, 2016), (b) M5.8 Pawnee (EERI Earthquake Clearinghouse, 2016), and (c) 

M5.7 Prague (Time, 2014).  
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This chapter investigates the fragility of modern residential construction, and more 

specifically, non-seismically detailed masonry veneers in single-story wood-framed structures to 

induced earthquake hazards. It is worth noting that the impacts of such earthquakes on chimneys 

are being studied in other ongoing research at the University of Colorado Boulder (Chase, 2018; 

Chase and Liel, 2017). While brick cladding, which is known to perform poorly during 

earthquakes, is less commonly used in modern construction in historically seismically active 

regions such as the West Coast of the U.S., areas with more recent increases in seismicity, such as 

Oklahoma, Texas, and Kansas, consist of a large population of brick-clad homes that may be 

susceptible to seismic damage. In fact, census data from the West South Central subregion of the 

U.S., which includes Texas, Oklahoma, Arkansas, and Louisiana, indicates that over 60% of 

single-family homes constructed in this region in the years 1999-2012 had brick as the exterior 

material (Bradtmueller and Foley, 2014). Damage to brick façades can cause physical hazards 

associated with the falling bricks, as well as the need for repairs that can become costly for building 

owners. The historical prevalence of residential buildings with brick masonry exteriors in areas of 

Texas and Oklahoma, where the increase in seismic activity has also been experienced, motivates 

the need to investigate their potential for seismic damage.  

The vulnerability of masonry veneers is investigated within a probabilistic framework in which 

fragility curves are developed to estimate the likelihood of cracking and collapse damage states 

given Peak Ground Acceleration (PGA). In the framework, Artificial Neural Network (ANN) is 

utilized to develop the probabilistic seismic demand models based on response data from 

experimentally-validated finite element models. ANN (Goodfellow et al., 2016; Hastie et al., 2009; 

Hinton, 1989) is a statistical method for function approximation to represent the underlying linear 

and nonlinear relations existing in a dataset. The advantages of using ANN models instead of 
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conventional methods of developing seismic demand models (i.e., power functions, which are 

derived from linear regressions in the log-log space) are discussed in detail. The computational 

models used to predict the seismic response of the non-seismically detailed masonry veneers, 

considering different brick tie types, are described and compared to existing experimental data 

from the literature. The proposed framework also takes into account the uncertainty in ground 

motion selection considering a database of 200 ground motions from earthquakes classified as 

human-induced in the Central U.S.; see Section 3.3 for details.   

The fragility of the masonry veneers subjected to induced seismic hazards are then compared 

with Modified Mercalli Intensity (MMI) (Wald et al., 1999) measures to investigate whether the 

damage caused by this type of seismic hazard is consistent with what is expected from Modified 

Mercalli Intensity damage descriptions. The fragility curves are also compared with existing 

fragility curves in the literature for non-seismically detailed masonry veneers. These existing 

fragility curves were developed based on the New Madrid seismic hazard, which has historically 

been used to evaluate seismic vulnerability in the Central U.S. The fragility curves are then 

combined with intensity contours from an induced earthquake event provided by ShakeMap (Wald 

et al., 2006) to evaluate and compare the regional damage estimates resulting from the use of new 

and existing fragility curves. ShakeMap is a product of the USGS Earthquake Hazards Program, 

which provides near-real-time maps and contours of shaking intensity following the earthquakes.  

3.2 PROPOSED PROBABILISTIC FRAMEWORK 

This chapter utilizes a probabilistic framework, which considers uncertainty in ground motions 

and local soil conditions, to develop fragility functions to evaluate the vulnerability of masonry 

veneers in the Central U.S. A fragility function provides the conditional probability of a structure 
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meeting or exceeding a pre-defined level of damage (i.e., cracking and collapse) given a ground 

motion intensity. Here, Peak Ground Acceleration (PGA) is considered as the intensity measure 

(IM) of interest. For each damage state in the proposed framework, the probability of the damage, 

pf, is the probability that the structural demand, D, meets or exceeds the structural capacity, C, 

which reads: 

 /   1  I| Mfp P D C=    (3) 

 The above-mentioned probability is estimated following the main steps shown in Figure 3-2. 

As seen, to consider the uncertainty in the ground motion, the first step is to obtain a suite of 

ground motions that represent the seismicity of interest. Second, experimentally-validated 

numerical models are developed to simulate the seismic performance of the masonry veneers 

subjected to the suite of ground motions. For each ground motion-veneer pair, a nonlinear response 

history analysis is conducted to estimate the demands (di) of the masonry veneers given the IMs 

of the ground motions. To estimate the seismic response of the masonry veneers for different range 

of IMs, the ground motions are scaled to PGA levels ranging from 0.1g to 1.5g, with increments 

of 0.2g. Note that the maximum magnitude of the induced earthquake recorded so far is 5.8 

associated with the Pawnee, Oklahoma earthquake in 2016. For such an earthquake, the region-

specific ground motion models such as Khosravikia et al. (2019) and Zalachoris and Rathje (2019), 

with 90% confidence, estimate that the PGA values near the epicenter (i.e., at hypocentral 

distances, Rhyp, of 5 km) will vary between 0.2g to 1.5g. Thus, the ground motions are scaled up 

to PGA of 1.5 g to estimate the damage at these larger shaking intensities. The impact of the scaling 

factor on the conclusions derived throughout the chapter will be discussed later in the chapter. 
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Then, ANN-based probabilistic seismic demand models (PSDMs) are trained and developed 

using the pairs of IM-di from the nonlinear response history analyses to estimate the demands 

given the IMs. In addition, the probabilistic seismic capacity model (PSCM) is developed for 

individual veneer components based on results from past experimental tests to predict the capacity 

of the masonry veneers. Having both PSDM and PSCM for each component, Monte Carlo 

Simulation is conducted to develop the fragility curves. Each step of this numerical fragility 

procedure is described in detail in the following sections of this chapter. 

 
Figure 3-2: Probabilistic framework for seismic vulnerability assessment of masonry veneers. 

3.3 GROUND MOTION DATABASE 

To properly represent the induced seismicity in the Central U.S., 200 ground motions 

(Khosravikia, Potter, et al., 2018) from 36 different seismic events recorded in Oklahoma, Texas, 

and Kansas since 2008, are considered in this chapter. Literature has classified these earthquakes 

as human-induced earthquakes associated with natural gas and petroleum production in that region 

(Frohlich et al., 2016; Petersen et al., 2016). Moreover, Khosravikia et al. (2018) showed that the 

response spectra of the selected unscaled recordings compared well with the response spectra 

ANN-based 

probabilistic 

seismic 

demand 

model

IM, di
SD, βD|IM

SC, βC

Probabilistic 

seismic 

capacity 

model

Masonry veneer 

model

Ground motions

Nonlinear response history 

analysis

Fragility models

C
o
m

p
o
n
e
n
t 

D
a
m

a
g
e
 M

o
d

e
ls

Seismic Intensity 

Measure (e.g. PGA)

P
ro

b
a
b

il
it

y
 o

f 
D

a
m

a
g
e

Less 

vulnerable

0.5

1.0 More 

vulnerable

1 2 3 4

IM

P(Damage State)

1.0

0.0

Cracking

Collapse



 

31 

 

estimated based on USGS 1-year hazard maps for induced earthquakes in this particular region of 

Central U.S. Figure 3-3 shows the magnitude-distance distributions for the induced earthquakes 

considered in this chapter. The magnitudes of these records are between 3.6 and 5.8, with a 

maximum PGA of 0.6 g, recorded during the 2016 M5.0 Cushing, Oklahoma event. Besides, the 

depth of these earthquakes varies from 2.4 km to 14.2 km with a mean depth of 5.5 km, which 

indicates that most of them are shallow-depth compared to typical natural events; see elsewhere 

for details (Khosravikia et al., 2019; Khosravikia, Zeinali, et al., 2018; Zalachoris and Rathje, 

2019).  

 
Figure 3-3: Magnitude–distance distribution of induced ground motions in the Central U.S. 

 

The 5%-damped elastic pseudo-acceleration spectra, Sa, of the selected records normalized 

with respect to their PGA, together with the overall mean, are shown in Figure 3-4a. To compare 

the frequency content of the ground motions with those representing the New Madrid seismic 

hazard, Figure 3-4b shows the Sa of the Wen and Wu ground motions (2001) normalized with 

respect to their PGA. The Wen and Wu (2001) ground motion database has been used in many 

studies to evaluate the seismic vulnerability of different types of infrastructure in the Central U.S.  

The database contains 60 synthetic ground motion records representing earthquakes with 
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magnitudes of 5 to 8 in three cities in the Central U.S., namely Memphis, Tennessee, Carbondale, 

Illinois, and St. Louis, Missouri. As seen, for lower periods (T<0.25s), the induced events, on 

average, have relatively larger normalized values of Sa compared to the Wen and Wu ground 

motions. However, spectral accelerations of the induced earthquakes diminish very quickly as the 

period increases. In fact, the energy concentration for induced earthquakes is mainly in the shorter 

period range from 0.1 to 0.3 seconds. This significant reduction in spectral acceleration at longer 

periods primarily relates to the relatively lower magnitude of the induced earthquakes, which are 

not able to produce as much energy for long period waves.  

 
Figure 3-4. Response spectra of ground motions normalized with respect to their PGA. 

3.4 NUMERICAL MODELS AND VALIDATION OF MASONRY VENEERS 

Figure 3-5a and Figure 3-5b show a schematic view of the brick veneer wall considered in this 

chapter. In typical brick veneer construction, the brick façade is not load-bearing but rather is 

connected to the load-bearing wall with veneer ties. The actual load-bearing wall is often 

constructed of wood studs and oriented strand board (OSB), which are commonly employed in 

residential construction, or concrete masonry unit (CMU) blocks, which are more common in 
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commercial buildings. Corrugated metal ties are one of the most common methods of veneer 

anchorage used in residential construction in low-seismic areas. 

The behavior of the considered masonry veneers is simulated in the OpenSees analysis 

framework (McKenna et al., 2000). The software provides robust nonlinear dynamic analysis 

capabilities with numerous built-in and user-defined materials to represent a wide range of 

nonlinear behaviors. The developed OpenSees model, which is schematically shown in Figure 

3-5c, is based on the modeling approaches recommended by Reneckis and LaFave (2009, 2010), 

hereafter referred to as R&L, with slight modifications. The numerical model is also validated 

using experimental data from the same study.  

As seen in Figure 3-5c, the behavior of a full wall panel is simulated by a wall strip model to 

increase computational efficiency when executing hundreds of nonlinear response history 

analyses. The strip model represents a 406 mm (16 in.) width of wall tributary to a single stud. 

With a 406 mm (16 in.) spacing between studs, the brick ties are typically spaced at 406 mm (16 

in.) horizontally and 610 mm (24 in.) vertically to meet the prescriptive code required maximum 

tributary area of 248051 mm2 (2.67ft2) per tie (Masonry Standards Joint Committee, 2013).  

Note that this chapter only considers the out-of-plane shaking behavior of the masonry veneers 

as much of the observed damage to veneers was out of plane  (Klingner et al., 2013; Okail et al., 

2010, 2011; Reneckis and LaFave, 2010). Moreover, variations in architecture like window 

openings and gables are not considered in the proposed strip models, which are only meant to 

simulate full wall panels. Page (1991) showed that such variations in architecture could make 

masonry veneers even more vulnerable to damage. Additionally, the strip model does not consider 

corner effects in buildings where the continuity of the masonry veneers along a perpendicular wall 

may have some localized effects on performance. In the following sections of this chapter, the 
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modeling of each component of the brick veneers, including the ties, the bricks, the 2x4 studs, and 

the OSB panels are discussed separately. 

 

 
(a) (b) (c) 

Figure 3-5: Renderings of brick veneer wall: (a) Actual wall panel as constructed, (b) Actual wall with 

individual elements labeled, (c) Schematic view of veneer strip model developed in OpenSees. 

3.4.1 Numerical Models 

It has been found that the overall veneer wall performance due to out-of-plane shaking is directly 

correlated to the tie tensile properties, indicating the importance of focusing on the installation and 

characteristics of the ties when trying to evaluate the performance of the veneer wall (Reneckis 

and LaFave, 2005, 2009, 2010, 2012). The previous R&L study considered various corrugated 

brick tie thickness and fastener placement combinations in their study. They included monotonic 

and cyclic tests of tie subassemblies, as well as shake table tests of two full-scale wall panels 

typical of Central U.S. construction subjected to ground motions of increasing intensity, each with 

different brick tie types and fastener locations. In the present study, the tie subassembly tests are 

used to inform modeling of the tie behavior, and the wall panel shake table tests are used to validate 

the wall strip model behavior.  
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In this chapter, two types of corrugated brick ties, corresponding to those investigated in the 

R&L shake table study, are considered as: (1) ties with the minimum code-required thickness of 

0.644 mm (22-gauge) with an 8d nail fastener located at the maximum code allowable installation 

eccentricity, 12.7 mm (½ inches), hereafter referred to as code-compliant brick ties (22ga-ecc), 

and (2) ties with a thickness of 0.321 mm (28-gauge) that are thinner than code requirements 

(Masonry Standards Joint Committee, 2013) with an 8d nail fastener located at the minimum code 

allowable installation eccentricity, 4.0 mm (5/32 inches), hereafter referred to as thinner brick ties 

(28ga-min). While not code compliant, the 28-gauge ties are commonly used on residential 

construction sites in the Central U.S., mainly due to lack of code adoption or stringent code 

enforcement in the residential building sector, as indicated from personal conversations with 

anchorage suppliers, (C. Bupp, personal communication, July 2017; P. Curtis, personal 

communication, July 2017), and engineers from a forensic engineering firm in the region (R. 

Chamra, personal communication, March 2017). Moreover, although in a different context, 

LaFave et al. (2014) found that many of the brick veneers on residential homes that were damaged 

during the 2013 tornadoes in Oklahoma did not meet code requirements for connecting the veneer 

to the back-up structure, including the use of 28-gauge ties. 

In this chapter, the brick ties, which are the primary source of nonlinearity in the brick veneer 

system and typically govern veneer out-of-plane performance, are modeled using nonlinear 

uniaxial truss elements. Uniaxial hysteretic materials are defined for each tie type. Figure 3-6 

shows the proposed backbones employed in OpenSees, the backbone models proposed from R&L, 

as well as the average backbone from 11 cyclic tie subassembly tests conducted by R&L for each 

tie type. As seen, the proposed OpenSees backbone is similar to what is suggested by R&L. The 

slight deviation between the proposed backbones and those of R&L is primarily to achieve more 
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accuracy in matching the wall responses of the OpenSees models with those from the experiments, 

as will be presented later. According to R&L, tie performance is evaluated by its deformation. In 

fact, it is assumed that a tie fails when its deformation reaches the deformation at the peak strength. 

Thus, according to the proposed backbones shown in Figure 3-6, tie failure occurs when its 

deformations reach 6.85 mm (0.27 in) and 4.32 mm (0.17 in) for code-compliant (22ga-ecc) and 

thinner (28ga-min) brick ties, respectively. As was done by R&L, the behavior of the veneer 

models is evaluated considering the strength degrading behavior following the tie failure 

deformation, as well as considering a brittle failure after tie deformation to see which failure model 

best matches the wall panel tests. 

 
Figure 3-6: Hysteretic backbones for different brick ties. 

 

For the purposes of demonstration, the cyclic behavior of an individual tie subassembly is 

demonstrated in Figure 3-7 for the code-compliant (22ga-ecc) brick tie type. The figure shows the 

cyclic behavior of the tie before and after the tie failure point. Here, the hysteretic behavior is 

captured by the Hysteretic material available in OpenSees with pinching parameters of 0.85 and 

0.3 in x- and y-directions, respectively. The subassembly testing focused on loading the ties 

cyclically in tension. Compression response of the ties is ignored, as it is assumed that mortar 
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droppings behind the wall would provide a direct compressive load path from the brick veneer to 

the backing structure. Thus, the tensile tie behaviors described above are combined in parallel with 

an elastic-no-tension material with a very stiff response in compression in the OpenSees model. 

 
Figure 3-7: Cyclic behavior of tie subassemblies and OpenSees hysteretic material for code-compliant 

brick ties (22ga-ecc). 

 

Second, the brick veneer and the OSB sheathing, shown in Figure 3-5c, are modeled using 

shell elements with the properties shown in Table 3-1. These values are based on typical values 

for standard “Colonial Red” bricks, Type N mortar, and typical OSB sheathing, and they are the 

same as those used in R&L. For simplicity, the present study, similar to R&L, assumes that the 

shell elements remain elastic, and out-of-plane nonlinearity in the wall is concentrated in the brick 

ties and rotational spring at the base of the wall. Note that for this study, the primary indicator of 

damage, specifically veneer cracking and impending collapse, is correlated to tie failure, as was 

observed by R&L in the wall panel shake table tests. Following tie failure, nonlinear behavior is 

observed in the brick and mortar joints as the brick wall collapses out-of-plane; however, this 
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nonlinearity was not explicitly modeled as it occurs after the tie failure-related damage states of 

interest in this study. 

The wood 2x4 studs are modeled using elastic beam-column elements in OpenSees. The 

material properties, which were determined from the National Design Specification for Wood 

Construction (NDS, 2001), and experimentally measured weights, are shown in Table 3-1. The 

shear modulus (G) of 4598 Mpa (667 ksi) is also considered for wood. Moments of inertia are 

determined from the cross-section of a 2x4 wood stud. In addition, as shown in the rendering of 

the real veneer wall in Figure 3-5b, horizontal 2x4 top and sole plates are placed at the top and 

bottom, respectively, of the vertically oriented studs to complete the stud wall subassembly and 

provide stability. Therefore, the model also includes a horizontal wood beam-column element at 

the top and bottom of the vertical stud in the strip model. The horizontal 2x4 elements contain the 

same material and cross-section properties as those of the vertical stud.  

Table 3-1: Material properties of the veneer model. 

Component 
Elastic Modulus, 

E (MPa) 

Poisson’s Ratio, 

v 
Density,  

(kg/m3) 

Thickness 

(mm) 

Brick Veneer 13790 0.2 1842 89 

OSB Sheathing 6412 0.4 1160 11 

Wood Stud 8274 0.4 420 N/A 

 

As shown in Figure 3-5c, the stud boundary conditions include a pinned out-of-plane lateral 

spring at the top of the stud assembly to simulate the lateral resistance provided by the rest of the 

structure, as well as a pinned rotational spring at the bottom of each stud and veneer to simulate 

rocking behavior at the base of the wall. Translational degrees of freedom at the base of the brick 

veneer and stud wall are restrained. The lateral restraint spring representing the connection of the 

stud wall to the rest of the structure is assumed to behave elastically in this model, which is 

consistent with the lack of structural damage observed in recent earthquake events in Oklahoma, 
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shown in Figure 3-1. The stiffness of the lateral restraint spring is computed as 303.5 kN/m (1.7 

k/in), which is determined by comparing static load test displacements from the model to those 

observed in the experimental tests. In addition, similar to Doherty et al. (2002) and Simsir (2004), 

bilinear rotational springs, with nonlinear behaviors defined based on the veneer wall weight and 

geometry, are used at the base of the brick veneer to simulate rigid body rocking response of the 

brick as it pivots around its base. Figure 3-8 shows the nonlinear behavior defined in the OpenSees. 

The Mmax and θmax are determined based on weight, height, and out-of-plane thickness of the brick 

veneer in the strip model (Simsir, 2004) and are designated as 150 N-m (1,330 lb.in) and 0.045 

radians, respectively. The idealized rigid body rocking behavior would be simulated with an 

infinite initial stiffness up to Mmax and following a downward slope to θmax; however, as was done 

by  R&L, to mitigate numerical convergence issues, a semi-rigid model based on recommendations 

from Doherty et al. (2002) is used, where a reduced initial slope is used up to θmax/9, after which, 

the spring follows the downward slope from the idealized model, as shown in Figure 3-8. 

 
Figure 3-8: Bilinear elastic rocking behavior model at the base of the brick wall. The blue arrows 

represent the loading behavior, and the white represents the unloading behavior along the same path. 

  

Unlike the brick veneer wall, the rigid body rocking behavior was observed not to be significant 
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springs supporting the studs are used to simulate the rotational restraint provided by the OSB 

fastened to the sole plate. According to R&L, a stiffness of 110 kN-m/rad (1,000 k-in/rad), which 

is determined by comparing the displacements from static tests on the computational model to 

those measured from the experimental tests, is assigned for this spring. 

Seismic masses are included for each element in the proposed OpenSees model by designating 

the material density (shown in Table 3-1) for each individual component in the model. The shell 

element mass is distributed based on the specified shell dimensions and shell material density. The 

nonlinear beam-column elements, used for wood studs, also utilize the material density to 

distribute mass along with the height of the stud within OpenSees. An additional lumped mass is 

added to the top of the veneer, where the top tie is located to account for the additional bricks in 

the top few rows of the veneer wall above the top tie. No additional gravity loads are applied to 

the model, as geometric nonlinearity is not considered in the analysis. 

 
Figure 3-9: Dimensions of the computational model for masonry veneer. 
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Finally, it should be noted that, as determined by R&L, a 4% damping ratio in the first and 

second modes was designated for Rayleigh damping for the nonlinear response history analyses. 

In the analysis, the earthquake excitation is applied to all support nodes in the out-of-plane 

direction. Figure 3-9 shows the schematic view of the computational model with the defined 

dimensions and tie locations utilized for analysis. 

3.4.2 Model Validation 

The tie backbones and cyclic behavior were validated using cyclic tie subassembly experimental 

data available in the literature, as discussed in the previous section. This section discusses the 

validation of the entire strip model with dynamic out-of-plane shake table testing of full-scale wall 

panel specimens. To do so, response history analyses are conducted in OpenSees for the same 

ground motion used in the full-scale wall panel experiment, which is a synthetic 10% in 50-year 

event for Memphis, Tennessee, with a PGA of 0.059g, from the Wen and Wu (2001) ground 

motion set. The full-scale wall panels, which were similar to the one shown in Figure 3-5a, 

employed the typical 406 mm-by-610 mm (16 inch-by-24 inch) tie spacing, with each wall 

employing one of the two predefined tie types. Each wall panel was subjected to multiple shaking 

events using the same earthquake ground motion scaled to increasing intensities with each test. 

Additional details of the wall panel specimens and shake table tests can be found in Reneckis and 

LaFave (2009).  

To validate the elastic behavior of the model, the strip models are subjected to shaking levels 

that would not result in tie damage, and the experimental displacements of the back-up structure 

and of the veneer at different heights in the middle of the wall panel are compared to those from 

the model. Figure 3-10a and Figure 3-10b demonstrate the results for wall panels with code-

compliant (22ga-ecc) and thinner (28ga-min) brick tie types, respectively. The displacement 
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results in the figure are from one ground motion response history, and the intention is to document 

the overall wall behavior in its elastic range, before the failure of the top tie. Results from testing 

the wall with code-compliant brick ties in Figure 3-10a are obtained by scaling the ground motion 

acceleration time history, with an original PGA of 0.059g, up to a PGA of 0.38g, and the results 

from the wall with thinner brick ties are obtained by scaling up to a PGA of 0.18g. The 

displacement profiles in Figure 3-10 are at the time where the top of the veneer reached its peak 

displacement. It should be noted that the wall panel with thinner (28ga-min) brick ties becomes 

unstable at lower PGAs than the panel with code-compliant (22ga-ecc) brick ties, so the 

displacement profiles are shown for a lower PGA level. As seen in the figure, the experimental 

and OpenSees models of the veneer walls show similar behavior up the height of each wall. The 

minor variations between the computational models and the actual wall specimens, in Figure 3-10, 

can be attributed to the strip idealization of a full wall panel, as well as slight differences and 

uncertainty in the real tie and veneer stiffness values. 

 
Figure 3-10: Strip model validation: displacement profile along with the height of the wall panels. 
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Figure 3-11: Strip model validation: peak displacements versus PGA level. 

 

Furthermore, Figure 3-11a and Figure 3-11b show the displacements at the top of the brick 

veneer and at the top of the wood backup for different levels of shaking intensity for code-

compliant (22ga-ecc) and thinner (28ga-min) brick tie types, respectively. Each plot compares the 

results from a series of shake table tests conducted by R&L with the same wall panel subjected to 

a single ground motion scaled to increasing intensity levels, along with the results from the current 

OpenSees models, and those from the numerical models developed by R&L for reference.  

Here, in the OpenSees model, two types of behavior are considered for veneer ties after 

reaching to the failure point. First, the cyclic strength deterioration observed in Figure 3-7 are 

considered for veneer ties, and the behavior is shown by the red curves in Figure 3-11a and Figure 

3-11b. Second, similar to R&L, it is assumed that the tie elements, in the model, provide no 

resistance once they exceed their peak strength to simulate brittle fracture (i.e., when they fail). In 

this case, the MinMax material in OpenSees is used to remove the tie elements from the numerical 
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model. The results for this behavior are shown by the black curves in Figure 3-11a and Figure 

3-11b. As seen in the figure, the latter approach results in a better match to the experimental results. 

Thus, the second approach, which is similar to the conclusion made in R&L, is considered for the 

post-failure behavior of tie. 

In this regard, the close correlation, shown in Figure 3-11a and Figure 3-11b, between the 

OpenSees models and the experimental wall behaviors and displacement values validate the veneer 

wall model as a whole. Moreover, the plots also show that the OpenSees model results are similar 

to, or in some cases better than, the R&L model results for predicting peak wall displacements. 

3.5 PROBABILISTIC SEISMIC CAPACITY MODELS 

For each veneer type, two damage states are defined as (i) repairable cracking damage and (ii) wall 

instability or collapse. Generally, out-of-plane brick veneer damage is directly correlated to the 

veneer tie deformation, because tie failure directly leads to veneer instability and separation from 

the backup system. Based on experimental observations and recommendations from R&L, 

repairable damage correlates with failure of the top row of ties, while wall instability or collapse 

typically occurs after failure of the top two rows of ties on a wall panel. As discussed in the 

previous section, code-compliant (22ga-ecc) and thinner (28ga-min) brick tie are assumed to fail 

at deformations larger than 6.85 mm (0.27 in) and 4.32 mm (0.17 in), respectively, which, 

according to Figure 3-6, represent the deformations at peak strength. Here, to account for the 

uncertainty in the tie capacity, it is assumed that the capacity for each limit state follows a 

lognormal distribution with a median of SC, given as the previously stated deformation capacities, 

and dispersion of βC. To determine the βC, the coefficient of variation (COV) of 25% is taken into 

account, which results in βC of 0.25 using the following equation: 
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2ln(1 COV )C = +  (4) 

Table 3-2 shows the natural periods (Tn) of the veneer strip models before and after failure of 

the top tie, which is always the first tie to fail in a solid wall panel. The latter natural period is 

determined by removing the top tie from the model and recalculating the natural period, and 

hereafter is referred to as elongated period (Tm). Similar to R&L, the remaining undamaged ties 

are assumed to be in their elastic range when the top tie fails, so there is no reduction in stiffness 

for those ties for calculation of the natural period after the top tie failure. As expected, the natural 

periods of all wall models increase as the wall is damaged and the stiffness of the system is 

decreased. Moreover, as seen in the table, veneers with the thinner (28ga-min) brick ties generally 

have longer natural periods compared to the model with the code-compliant (22ga-ecc) brick ties. 

Table 3-2: Natural period of the veneer model before and after top tie failure. 

Brick tie type Natural period, Tn Elongated period, Tm 

Code compliant ties (22ga-ecc) 0.125 s 0.265 s 

Thinner ties (28ga-min) 0.131 s 0.269 s 

3.6 PROBABILISTIC SEISMIC DEMAND MODELS 

Probabilistic seismic demand models (PSDMs) predict the demand of the structure with respect to 

the ground motion IMs based on the results from the nonlinear response history analyses. In this 

chapter, PSDMs are developed for the deformation of the top two ties, which are the seismic 

demands used to evaluate damage of the masonry veneers. Conventionally, it is assumed that the 

median of seismic demands, SD, follows a power function of intensity measure as follows: 

D IMbS a=  (5) 

This equation can be rearranged to logarithm space where ln(SD) follows a linear function of ln(IM) 

with coefficients ln(a) and b. See, for instance, Cornell et al. (2002), Nielson et al. (2007a), and 

Padgett et al. (2008), among others. In such studies, coefficients a and b can be computed by fitting 
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a linear regression to the lognormal of the outputs from nonlinear response history analyses. 

However, in reality, the relationship between the demands and IMs does not necessarily follow the 

predefined linear shape in natural log space. Thus, the present chapter adopts Artificial Neural 

Network (ANN) as the statistical method to extract more complex, nonlinear behaviors that 

inherently exist in the nonlinear response history data, which can lead to more accurate estimates 

of the median of the demand. It is worth noting that while ANN is used in this chapter, other 

machine learning algorithms, such as random forest and support vector machine, could also be 

used as an alternative to extract the nonlinear trends existing in the dataset.   

 ANN, which was developed by McCulloch and Pitts in the early 1940s (McCulloch and Pitts, 

1943), is a statistical learning model inspired by biological neural networks in the human brain. 

Figure 3-12 shows a schematic view of the relatively simple ANN model considered in this 

chapter. Here, a multilayer perceptron network, which is a kind of ANN with a feed-forward 

architecture (Cybenko, 1989), is utilized. As seen in the figure, IM and structural demand are 

respectively set as the input and output of the model. Moreover, the ANN network consists of a 

hidden layer with two neurons. The size of the hidden layer is determined through sensitivity 

analysis by training different ANN models considering different hidden layer sizes varying 

between 1 to 8 and evaluating their performance based on the mean square error. The sensitivity 

analysis showed that although there is a reduction in the mean square error as the number of 

neurons in the hidden layer increases, this reduction is minimal for hidden layer sizes larger than 

two. Moreover, use of more than four neurons for this specific problem, where the demand is 

estimated by only one input parameter (i.e., IM), has the potential to cause overfitting. Overfitting 

is a modeling error that occurs when the model is too closely fit a particular set of data, and may 
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therefore, fail to reliably predict future observations. Therefore, for simplicity, two neurons are 

considered in the hidden layer of the ANN models in this chapter. 

 The neurons of each layer are connected to the neurons of other layers with connection weights. 

In addition, a bias parameter is introduced to each neuron to provide flexibility to the ANN model 

by preventing the model from producing zero values for zero inputs. The output of each neuron is 

computed by passing the summation of the weighted inputs received by the neuron as well as the 

bias parameter through an activation function specified for each neuron of the model. The 

activation function provides the model with the ability to simulate the nonlinear behaviors that 

exist in the data. Here, a log-sigmoid function of 𝜑(𝑥) = (
1

1+𝑒−𝑥
) and a linear function of 𝜑(𝑥) =

𝑥 are considered as the activation function of the neurons in the hidden and output layers, 

respectively. These are the two common activation functions used in engineering problems (Karlik 

and Olgac, 2011; Perlovsky, 2001). 

 
Figure 3-12: ANN-based probabilistic seismic demand model. 

 

To compute the connection weights and bias terms, the network is trained using the 

Levenberg–Marquardt back-propagation algorithm (Marquardt, 1963), which is a standard 

nonlinear least-squares optimization algorithm. In the training process, a regularization method 

(Foresee and Hagan, 1997) is implemented to prevent overfitting. In this method, the data from 

the response history analyses are divided into two different subsets, training and testing subsets, 

which respectively consist of approximately 80% and 20% of the database. The training subset is 

used for determining the weights and bias values, and the testing subset is used to test the reliability 
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of the model prediction for future data to ensure that the overfitting error does not exist in the 

model.  

After training, the ANN model shown in Figure 3-12 can be written as a mathematical 

formulation as follows: 

2

1

1
ln( )

1 exp[ ( ln( ) )]
D i

i i i

S b v
w IM b=

 
= +   

+ −  + 
   (6) 

where wi is the connection weights entering the i-th neuron of the hidden layer from the input 

neuron; bi denotes the bias of the hidden layer neurons; b and vi, respectively, represent the bias 

value and the connection weights for the output neuron. The connection weights and bias values 

are computed from the training process. As noted, the PSDMs, in this chapter, are trained for the 

top two tie deformations (d1 and d2, respectively) of the masonry veneers with respect to PGA. In 

this regard, Table 3-3 shows the values of the coefficients of the ANN-based PSDMs trained for 

masonry veneers with code-compliant (22ga-ecc) and thinner (28ga-min) brick ties. Using Eq. (6) 

and the coefficients presented Table 3-3, one can easily estimate the tie deformations given the 

PGA values of the ground motion without re-training the ANN models.  

Table 3-3: Coefficients of the ANN equation for estimating the top two tie deformations of masonry 

veneers with respect to PGA.  

Brick tie type Tie w1 w2 b1 b2 v1 v2 b βD|IM 

Code-compliant (22ga-ecc) d1 2.30 2.70 0.40 4.34 3.75 1.32 -2.55 0.84 

Code-compliant (22ga-ecc) d2 2.59 3.18 0.72 5.42 3.88 1.15 -3.19 0.93 

Thinner (28ga-min) d1 2.07 -3.79 0.17 -4.47 3.70 -2.10 -0.88 0.87 

Thinner (28ga-min) d2 2.81 -4.95 -0.30 -5.53 3.47 -2.86 -0.91 0.99 

 Moreover, similar to previous studies (Cornell et al., 2002; Nielson and DesRoches, 2007a; 

Padgett et al., 2008), the conditional seismic demands are assumed to follow a lognormal 

distribution, resulting in a normal distribution with a median of ln(SD) and dispersion of βD|IM in 

the transformed space. The variation or dispersion of the seismic demands about the mean, given 
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the intensity measure, is the conditional lognormal standard deviation of the seismic demand 

(βD|IM). Similar to Padgett et al. (2008), βD|IM is here estimated by computing the dispersion of the 

data around the values predicted by the statistical model using the following equation: 

2
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D|IM

[ln( ) ln( )]
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p S
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 (7) 

where pi is the peak demand of the tie of interest, and N is the number of response history analyses 

conducted for the masonry veneers. Table 3-3 shows the value of βD|IM for the ANN-based PSDMs 

developed for estimating the top two tie deformations of masonry veneers with respect to PGA. 

3.6.1 Comparison of ANN-based PSDMs with Conventional Linear Models 

 
(a) Top tie deformation versus PGA (b) Predicted versus measured values 

Figure 3-13: Comparison of the ANN-based and linear-based PSDMs for the top tie in a veneer model 

with code-compliant ties (22ga-ecc). RLR and βLR respectively show the correlation coefficient, R, and 

standard deviation, βD|IM, from linear regression, while RANN and βANN show those from ANN model. 

 

 To compare the predictive power of conventional linear regression (Eq. (3)) and ANN-based 

(Eq. (4)) models, Figure 3-13a depicts the demands and median values derived from linear 

regression and ANN models versus PGA of the ground motions in natural log space. For the 
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purpose of demonstration, the results are shown for top tie deformation of code-compliant (22ga-

ecc) masonry veneers. As seen in the figure, the demand does not follow a linear function with 

respect to the PGA in natural log space. For some of the response history analyses at larger 

intensity levels, there is an increase in the structural demands, which stems from the loss of strength 

in the ties after they reach their peak strength. As seen in the figure, ANN is able to properly 

capture the trends observed in the data and provides more accurate estimates of the median 

structural demand. The linear model, however, overestimates the median demand for lower values 

of PGA and tends to underestimate the demands for larger values.  

 Moreover, Figure 3-13b shows the correlation between the predicted value of the demand from 

ANN and linear model against the measured value from the response history analyses. The dashed 

line in the plot indicates the ideal case where the predicted values equal the measured values. As 

seen in the figure, the data from ANN are closer to the ideal line, indicating a stronger correlation 

between the estimated and measured values. To quantify this correlation, the Pearson Correlation 

Coefficient, R, between the predicted and measured values is computed for both statistical models, 

and the results are shown in Figure 3-13b. R varies between 0 to 1, representing no to full 

correlation, respectively. This parameter is used in many studies to evaluate the predictive power 

of statistical models. See, for example, Alavi and Gandomi (2011), Liu et al. (2011), Gandomi et 

al. (2011), Tokunaga et al. (2015), Gandomi et al. (2016), and Khosravikia and Clayton (2020), 

among many others. As seen in the figure, the larger R value for ANN indicates that the model 

provides stronger correlation between the estimated and the measured values. Finally, the 

estimated standard deviation, βD|IM, is also shown in Figure 3-13a for both methods. As seen, using 

ANN instead of a linear model reduces the uncertainty of the demand model, indicating more 

accurate estimates. Thus, ANN is used to develop PSDMs in this chapter. For the cases where the 
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data follow a linear trend in the transformed space, ANN and the linear model lead to very similar 

median value estimates. 

3.7 FRAGILITY OF MASONRY VENEERS TO CENTRAL U.S. EARTHQUAKES 

Given demand and capacity models, the probability of damage is computed using Monte Carlo 

simulation. In each sample of Monte Carlo simulation, random realizations are generated for the 

demand and capacity, and the damage is evaluated by comparing the paired realizations. To 

properly account for the uncertainty of demand and capacity, 106 number of realizations are 

generated for each specific value of the considered IM (i.e., PGA in this chapter). Hence, the 

probability of damage at a given PGA value is estimated as the number of samples that exceeded 

that limit state divided by the total number of samples, as indicated in Eq. (1). This sampling is 

then carried out over a wide range of PGA values to compute the probability of damage for 

different values of PGA, which forms the underlying data for the generation of fragility curves. 

Fragility curves for the cracking and collapse damage states of masonry veneers with code-

compliant (22ga-ecc) and thinner (28ga-min) brick ties are shown in Figure 3-14. As seen in the 

figure, masonry veneers with thinner (28ga-min) brick ties are more vulnerable than those with 

code-compliant (22ga-ecc) ties. For example, the median PGA for the cracking damage state is 

0.36 g and 0.52 g for thinner (28ga-min) and code-compliant (22ga-ecc) brick ties, respectively. 

That is, for ground motions with PGA of 0.36 g and 0.52 g, there is 50% probability of exceeding 

cracking damage for wall panels with thinner (28ga-min) and code-compliant (22ga-ecc) ties. 

Moreover, according to Figure 3-14, regardless of the masonry veneer tie type, the separation 

between the fragility functions for the collapse and cracking damage states are relatively small, 
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indicating that after failure of the top tie, it is very likely that the second tie will fail when the wall 

is subjected to slightly larger accelerations.  

 
Figure 3-14: Fragility curves for both masonry veneers with code-compliant (22ga-ecc) and thinner 

(28ga-min) brick ties as well as estimated Modified Mercalli Intensity (MMI) ranges. 

 

For purposes of comparison, it should be noted that the largest PGA values recorded in the 

ground motions used in this study came from the November 7, 2016 M5.0 Cushing, Oklahoma 

event. According to USGS ShakeMaps (Wald et al., 2006), the largest PGA recorded during this 

event was approximately 0.6 g, which was at a hypocentral distance of 5.2km. Other stations 

ranging from 6.4km to 9.6km from the hypocenter recorded peak PGA values ranging from 0.20 

g to 0.32 g (Wald et al., 2006). These observed shaking levels are consistent with estimates from 

the region-specific ground motion models developed for small-to-moderate magnitude 

earthquakes in Oklahoma, Kansas, and Texas. For example, the ground motion models developed 

by Khosravikia et al. (2019) and Zalachoris and Rathje (2019) show that, for an earthquake with 

M5, the PGA is likely to be larger than 0.2g at distances less than 10 km from hypocenter, which 

could go up to 0.6 g at closer distances (i.e., less than 5 km). Combination of this information and 

fragility curves shown in Figure 3-14, suggests that larger magnitude induced earthquakes (M5+) 

Brick tie type Limit state

Code-compliant (22ga-ecc) Cracking

Code-compliant (22ga-ecc) Collapse

Thinner (28ga-min) Cracking

Thinner (28ga-min) Collapse

VI

VII

VIII
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have a significant likelihood (i.e., over 90% for thinner (28ga-min) brick ties and over 70% for 

code-compliant (22ga-ecc) brick ties) of producing cracking in masonry panel walls nearby the 

hypocenter (e.g., hypocentral distances less than approximately 5 km).  

Figure 3-14 also shows the comparison of the fragility curves developed for masonry veneers 

with Modified Mercalli Intensity (MMI) estimates from past MMI-to-PGA correlation studies 

(Wald et al., 1999). The qualitative descriptions associated with the MMI values of VI to VIII are 

given in Table 3-4. It should be noted that the correlations between Modified Mercalli Intensity 

and PGA developed by Wald et al. (1999) were mainly developed considering ground motions 

from Western U.S. Comparisons of the quantitative damage estimates from the fragility curves 

with the qualitative damage descriptions of the MMI levels appear to corroborate the damage 

estimates developed for the masonry veneers in this chapter. For example, “ordinary” buildings 

(Table 3-4) may correspond to residential homes with code-compliant (22ga-ecc) masonry 

veneers, and “poorly built” structures may correspond to those with non-code compliant (28ga-

min) brick ties. 

Table 3-4: Modified Mercalli Intensity (MMI) damage description. 

Damage Level  Description 

VI. Strong 
Felt by all, many frightened. Some heavy furniture moved; a few 

instances of fallen plaster. Damage Slight. 

VII. Very 

Strong 

Damage negligible in buildings of good design and construction; slight 

to moderate in well-built ordinary structures; considerable damage in 

poorly built or badly designed structure; some chimneys and masonry 

façades are broken. 

VIII. Severe 

Damage slight in specially designed structures; considerable damage in 

ordinary substantial buildings with partial collapse; damage great in 

poorly built structures; falls of chimneys, factory slacks, columns, 

monuments, walls, Heavy furniture overturned 

3.7.1 Scaling Factor Impact on Fragility Assessment of Masonry Veneers 

It is worth noting that selection of region-appropriate ground motions and scaling them for 

different levels of IM to develop PSDMs is a well-established procedure in the development of 
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fragility curves. See, for example, the studies conducted by Choi et al. (2004), Nielson and 

DesRoches (2007a), Padgett et al. (2008), Zakeri et al. (2013), Tavares et al. (2013), Sichani et al. 

(2019), Khosravikia and Clayton (2020), among many others. However, it is acknowledged that 

scaling the ground motions to excessively large scaling factors could add bias to the conclusions. 

For example, using ground motion recordings from nearby lower magnitude events and scaling 

those to simulate larger intensities expected by larger magnitude events may not capture the 

frequency content associated with those larger magnitude events. Thus, care should be taken when 

scaling ground motions to simulate ground motions of higher intensity. 

In a study by Watson-Lamprey and Abrahamson (2006), they considered scaling factors 

ranging from 0.5 to 20 and found that the structural displacement estimates from nonlinear 

response history analyses were unbiased for scale factors up to 20. They concluded that “scaling 

itself does not lead to biased results. This indicates that we can scale by large factors if we select 

the appropriate recordings.” Here, “appropriate recordings” were those representatives of the 

magnitude and distance ranges of interest. In the present chapter, the ground motions are all taken 

from those recorded in Oklahoma, Texas, and Kansas since 2008 for earthquakes of magnitude 3.6 

to 5.8. Furthermore, as discussed, the range of spectral accelerations from recorded (unscaled) 

ground motions are consistent with the spectral accelerations predicted by the USGS one-year 

hazard maps for induced earthquakes in the considered region. 

To investigate the effects of scaling in the present study, the data used to develop the PDSMs 

in this chapter (e.g., the data shown in Figure 3-13a) was revisited. Here, all data points from 

ground motions that were scaled with factors larger than 20 are removed, as it was the largest 

scaling factor considered by Watson-Lamprey and Abrahamson (2006). Figure 3-15a shows the 

data from ground motion scaling factors less than 20. As seen in the figure, by doing so, fewer 
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data points are considered, particularly in the range of PGAs of 0.8g and above. However, as seen 

in the figure, the ANN-based PSDMs developed for both cases (i.e., the model for the randomly 

selected ground motions and the model where data points from scale factors larger than 20 were 

removed) are very similar. Besides, Figure 3-15b shows the fragility curves developed for masonry 

veneers with code-compliant veneer ties (i.e., 22ecc-ga) considering the analysis corresponding to 

scaling factors less than 20 as well as the fragility curves presented in Figure 3-14 without 

considering any cap on the scaling factor. As seen in the figure, both fragility curves look very 

similar; thus, scaling the ground motions to generate higher intensity values does not change the 

trends in the fragility analysis in this study. Similar patterns are also observed for the masonry 

veneers with thinner (28ga-min) brick ties. It is, however, acknowledged that scaling could affect 

the conclusions derived from fragility analysis, which is part of the ongoing research of the authors 

to fully understand the impact of scaling on the fragility of masonry veneers. 

  
a) ANN-based PSDMs b) Cracking fragility curves 

Figure 3-15: Comparison of the ANN-based PSDMs for the top tie as well as and cracking fragility 

curves for masonry veneers with code-compliant ties (22ga-ecc). The solid black curve shows the results 

for randomly selected motions, and the dashed red curve shows the results for ground motions with a 

scale factor of less than 20. 
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3.7.2 Comparison of Masonry Veneer Fragility to Induced and New Madrid Hazards in 

Central U.S. 

Recall that the seismic fragility of different types of structures in the Central U.S. has been 

historically assessed considering New Madrid seismic hazard; see, for example, Nielson and 

DesRoches (2007b), Padgett et al. (2008), Reneckis and LaFave (2010), and Amirihormozaki et 

al. (2015), among others. Often, these existing fragility functions, claiming to be representative of 

Central U.S. structures, are applied to broad seismic assessments in Central U.S. regions that are 

beyond the New Madrid seismic zone. Thus, comparing the differences between the proposed 

fragility functions based on induced ground motions in this particular region of the Central U.S. 

(Oklahoma, Texas, and Kansas) and existing fragility functions developed based on assumed New 

Madrid seismic hazards can highlight potential issues with using existing regional models based 

on different seismic characteristics.  

To investigate how the fragility of masonry veneers subjected to the induced earthquake in the 

Central U.S. are different from those subjected to New Madrid seismic hazard, Figure 3-16 

compares the fragility curves developed in this chapter with the ones proposed by R&L (Reneckis 

and LaFave, 2009). The R&L fragility curves were developed using numerical models and 

nonlinear response history analyses similar to those used in this chapter; however, the ground 

motions used in the previous study were representative of the New Madrid seismic hazard, which 

has historically been used to evaluate the seismic vulnerability of structures in the Central U.S. As 

seen in the figure, for a given PGA value, masonry veneers, especially those with thinner brick 

ties (28ga-min), correspond to a higher probability of cracking and collapse when they are 

subjected to induced earthquakes compared to the New Madrid seismic hazard. This trend is also 

observed when the median of the fragility curves is compared. For instance, the median PGA (i.e., 
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the PGA associated with 50% probability of damage) for the cracking damage state of walls with 

thinner brick ties (28ga-min) is 0.36 g for induced earthquakes, and 0.63 g for the New Madrid 

seismic hazard. Such differences warn against the use of existing fragility models that claim to be 

representative of Central U.S. fragility based on assumed seismic hazards (e.g., New Madrid) for 

induced seismic hazards in the Central U.S. 

 
Figure 3-16: Comparison of developed fragility curves with existing fragility curves for masonry veneers 

in Central U.S. 

 

 One potential reason for this observation, could be the differences in the spectral shape of the 

induced ground motions compared to Wen and Wu (2001) ground motions, as shown in Figure 

3-4. Recall that Wen and Wu (2001) ground motion set represents the New Madrid seismic hazard, 

and was used in R&L study for vulnerability evaluation of the masonry veneers. Comparing Figure 

3-4a and Figure 3-4b demonstrates that, within the natural period of the masonry veneers (i.e., 

0.165 s to 0.265 s), induced earthquakes, on average, have relatively larger values of spectral 

accelerations that Wen and Wu ground motions when normalized to the same PGA values. 

However, such differences in the fragility of masonry veneers to induced and New Madrid seismic 
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hazards in the Central U.S. raises questions like: Why do induced earthquakes tend to provide 

higher likelihood of damage for a given PGA level compared to the New Madrid seismic hazard 

that generally contains larger magnitude earthquakes? Which characteristics of the ground motions 

cause this difference in vulnerability? Are similar conclusions observed for fragility curves 

developed with respect to other IMs? Are these differences because of the slight differences in the 

modeling approaches between the present and R&L studies? Such questions related to the cause 

of these differences are discussed in the next chapter of this dissertation.  

3.8 REGIONAL IMPACTS OF INDUCED EARTHQUAKES 

The aforementioned fragility curves can be combined with PGA contours from previous events to 

estimate the regional impacts of induced earthquakes with respect to masonry veneer damage in 

residential construction. For the purpose of demonstration, the PGA contours for the November 7, 

2016 M5.0 Cushing, Oklahoma event are derived from the ShakeMaps (Wald et al., 2006) 

provided on the USGS website (2016). Figure 3-17a shows contours for the probability of cracking 

damage in veneers walls with thinner (28ga-min) ties. According to this figure, an area of over 

1372 km2 around the epicenter is estimated to have over 10% probability of cracking for this type 

of veneer. In this regard, Figure 3-17b compares the regional damage estimates resulting from the 

fragility curves developed in this chapter (i.e., based on induced seismic hazards) and existing 

fragility curves in the literature for the Central U.S. (i.e., based on New Madrid seismic hazards). 

In this figure, the areas with over 10% likelihood of cracking predicted from the different fragility 

curves are shaded. As seen, the higher likelihood of damage for a given PGA predicted from 

fragility curves developed using induced earthquake motions results in larger estimates of the 

affected area compared to the predictions using existing fragility curves based on New Madrid 



 

59 

 

seismic hazards. In fact, the area with over 10% probability of cracking based on induced 

earthquake fragilities (i.e., 1372 km2) is almost four times larger than the area expecting the same 

likelihood of damage using existing fragility curves based on New Madrid hazards (i.e., 346 km2). 

These results demonstrate the importance of using fragilities curves developed for the particular 

seismic hazards of interest when conducting regional loss estimates. In this particular case, if 

existing fragility curves for the Central U.S., many of which were developed assuming New 

Madrid seismic hazards, were broadly applied to loss predictions for induced earthquake events in 

the Central U.S., the extent of damage could be significantly underestimated. 

 
a) Cracking probabilities at regional level b) Areas with over 10% probability of cracking  
Figure 3-17: Regional damage estimates for masonry veneers with thinner (28ga-min) ties based on 

ground shaking intensities from the November 2016 M5.0 Cushing, OK earthquake. 

3.9 SUMMARY AND CONCLUSION 

The recent seismic activities in the Central U.S. have resulted in millions of dollars of damage, 

primarily to residential buildings, including chimneys and masonry veneers. Most of these 

earthquakes are believed to be human-induced earthquakes associated with more intense natural 

gas and petroleum productions starting in 2009. This chapter employs a probabilistic framework 
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to better understand and evaluate the impacts of such earthquakes on masonry veneers in that 

region. The proposed framework utilizes a suite of 200 ground motions from 36 seismic events 

with magnitude of 3.6 to 5.8 that have been classified as human-induced earthquakes in that region. 

In the framework, experimentally-validated computational models are developed to simulate the 

seismic performance of non-seismically detailed brick veneers. The proposed framework adopts 

an Artificial Neural Network (ANN) to developed probabilistic seismic demand models (PSDMs). 

It is shown that using ANN instead of the conventional method of linear regression leads to more 

accurate PSDMs, and thereby more reliable performance predictions. The main findings of this 

chapter are as follows:  

• For induced earthquakes, PGA levels of approximately 0.52 g result in 50% probability of 

cracking in brick veneers with code-compliant (22ga-ecc) brick ties. For those with thinner brick 

ties (28ga-min) that are commonly used in residential construction, a lower PGA of 0.36 g results 

in 50% likelihood of cracking. 

• The masonry veneer fragility curves for induced earthquakes in the Central U.S. are in line 

with what is expected from Modified Mercalli Intensity (MMI) descriptions and MMI-to-PGA 

correlations. 

• For a given PGA, induced earthquakes are more likely to cause cracking and collapse for 

masonry veneers, especially those with thinner brick ties (22ga-ecc), compared to what is expected 

using existing fragility functions based on New Madrid seismic hazards.  

• When used in regional damage estimates, the affected areas predicted by fragilities based on 

induced seismic hazards could be significantly larger than what is predicted using existing Central 

U.S. fragility curves developed for New Madrid seismic hazards. 
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It should be noted the findings of this chapter are only limited to non-seismically detailed 

masonry veneers, and more studies should be conducted to fully understand the impacts of induced 

earthquakes on different types of infrastructure.  
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Chapter 4. INFLUENCE OF INDUCED AND NON-INDUCED GROUND 

MOTION CHARACTERISTICS ON MASONRY VENEER 

VULNERABILITY  

4.1 INTRODUCTION 

Recent seismic activities in the Central U.S., such as the 2011 M5.7 Prague, OK, the 2016 M5.8 

Pawnee, OK, and the 2016 M5.0 Cushing, OK earthquakes, caused millions of dollars of damage, 

particularly to masonry veneers and chimneys in residential buildings (Jones, C. and Killman, 

2017; S. Barrett, 2016). Most of these earthquakes have been classified as induced earthquakes 

that are associated with more intense natural gas production and petroleum activities, most notably 

wastewater injection (Frohlich et al., 2014, 2016; Hornbach et al., 2016; Hough, 2014). 

Wastewater injection generally increases the subsurface pore pressure, which facilitates the release 

of stored tectonic stress along an adjacent fault. Recent studies demonstrated that such earthquakes 

have the potential to cause damage to masonry veneers (Khosravikia, Kurkowski, et al., 2020), 

chimneys (Chase and Liel, 2017), and other nonstructural components in light-frame wood homes 

(Chase et al., 2019). Notably, some structures with low natural periods, such as masonry veneers 

on low-rise residential structures, may be more susceptible to damage when subjected to induced 

ground motions compared to ground motions with the same peak ground acceleration (PGA) that 

represent New Madrid seismic hazards (Khosravikia, Kurkowski, et al., 2020). This finding is of 

interest because New Madrid seismic hazards are commonly used to evaluate the vulnerability of 

infrastructure in the Central U.S., which may produce unreliable estimates of the potential impacts 

of induced seismic events in this region. 
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This chapter investigates the influence of induced and non-induced earthquake and ground 

motion characteristics on the fragility of the non-seismically-detailed masonry veneers. The 

primary research questions of interest are: Are induced earthquakes more or less likely to produce 

damage in masonry veneers compared to natural earthquakes? What ground motion characteristics 

have the largest influence on the potential for damage? What are ground motion intensity measures 

best for predicting damage due to both induced and non-induced events? This chapter aims to 

address these questions. To do so, this chapter considers different types of seismic hazards, ground 

motion characteristics such as magnitude, source-to-site distance, and seismic hazard source, as 

well as various intensity measures (IMs), including Peak Ground Acceleration, Velocity, and 

Displacement (PGA, PGV, and PGD), Spectral Accelerations (Sa) at different periods such as 0.2s, 

0.5s, and natural period of the structure (Tn), and Arias intensity (Ia).  

For evaluating the effects of seismic hazard source on masonry veneer fragility, different 

induced and non-induced (i.e., natural) ground motion datasets are considered. The induced ground 

motion dataset includes recordings from Oklahoma, Texas, and Kansas since 2008. For the non-

induced ground motions, two datasets were considered. First, a database of tectonic events from 

the Western U.S. was established to have magnitude and source-to-site distance values similar to 

the ground motions from the induced earthquake dataset to investigate if damage as a result of 

induced earthquakes is similar to what engineers would expect from natural earthquakes with 

similar characteristics. Additionally, a database of synthetic ground motions representative of New 

Madrid seismic hazards typically considered in Central U.S. vulnerability studies was used to 

evaluate how using region-specific (i.e., not hazard-specific) fragilities can influence damage 

predictions. Key ground motion characteristics that contribute to veneer damage are identified 

through a comparison of these different ground motion datasets. 
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4.2 GROUND MOTION SUITES 

As noted, the impacts of induced earthquakes are compared with two different types of natural 

hazards as: (i) tectonic earthquakes with similar magnitude and source-to-site characteristics and 

(ii) New Madrid seismic hazards typically applied in Central U.S. vulnerability assessments. Each 

hazard type, as well as the corresponding ground motion datasets, are explained in detail below.  

4.2.1 Induced Seismic Hazard 

To properly represent induced seismicity in the Central U.S., a suite of 200 ground motions from 

36 different seismic events recorded in Oklahoma, Texas, and Kansas since 2008, are considered 

in this chapter. Literature has classified these earthquakes as human-induced earthquakes 

associated with natural gas and petroleum production activities in that region (Frohlich et al., 2016; 

Petersen et al., 2016). The magnitudes of these records are between 3.6 and 5.8, with a maximum 

recorded PGA of 0.6 g, recorded during the 2016 M5.0 Cushing, Oklahoma event. More 

information on the characteristics of the considered ground motions are available in Khosravikia 

et al. (2018) and Khosravikia et al. (2019). 

To evaluate the influence of ground motion characteristics such as magnitude and source-to-

site distance on the fragility of the masonry veneers, four different subsets, each of which consists 

of 20 different ground motions, are sampled from the database, as follows, 

• The first subset, hereafter referred to as “Ind: Rand”, contains 20 ground motions that are 

randomly selected from the induced earthquake suite.  

• The second subset, hereafter referred to as “Ind: Max Mw”, consists of 20 different ground 

motions randomly selected from the largest magnitude event in the induced earthquake suite 

(i.e. the 2016 M5.8 Pawnee, Oklahoma earthquake). 
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• The third subset, hereafter referred to as “Ind: Max PGA”, contains the 20 ground motions 

with the largest recorded PGA values from the induced earthquake ground motion suite. 

• The fourth subset, hereafter referred to as “Ind: Min R”, corresponds to the 20 ground motions 

with the closest distance to the earthquake hypocenter. 

The latter three subsets represent different sampling methods to investigate the influence of 

these specific earthquake and ground motion characteristics on the vulnerability of masonry 

veneers, targeting characteristics that are thought to be associated with a higher likelihood of 

producing damage.  

Figure 4-1 depicts the key ground motion characteristics, including event magnitude, recorded 

PGA, hypocentral distance, and hypocentral depth, for each of the considered subsets. 

Additionally, Figure 4-2a shows the magnitude-distance relationship for each of the induced 

ground motions subsets and the database from which they were selected. As seen in Figure 4-1a, 

the ground motions related to Max Mw correspond to the same M5.8 event that occurred in Pawnee, 

Oklahoma on September 3, 2016. Moreover, Figure 4-1d shows that all ground motion subsets 

have low hypocentral depths, generally less than 10 km, indicating that most of them are shallow 

depth earthquakes, which has been identified as a primary characteristic of induced earthquakes 

(Khosravikia et al., 2019; Zalachoris and Rathje, 2017). In addition, for the Min R subset, most of 

the ground motions correspond to earthquakes with lower magnitudes that are recorded at 

hypocentral distances closer than 10 km (Figure 4-1c and Figure 4-2a). Many of these ground 

motions were of lower magnitude aftershocks recorded by transportable seismic stations that were 

placed in an area after a larger event. As expected, at shorter distances, the recorded values of PGA 

are larger; thus, the Min R subset consists of relatively larger PGA values compared to the ground 

motions related to the larger magnitude events or randomly selected ones. For the larger magnitude 
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earthquakes, the ground motion recordings were made by a sparse array of seismometers that were 

not necessarily close to the epicenter; thus, the corresponding ground motions have relatively 

smaller PGA values. 

 
Figure 4-1: Box and Whisker plots displaying the distribution of ground motion characteristics within 

each induced hazard subset. For each box, the central red line denotes the median, and the bottom and top 

edges of the box show the 25th and 75th percentiles, respectively. The whiskers extend to the most 

extreme data points not considered outliers, and the '+' symbol shows outliers individually. 

 

4.2.2 Small-to-moderate Magnitude Natural Seismic Hazard 

To compare the effects of induced and natural seismic hazards on masonry veneers, a ground 

motion suite representing 37 small-to-moderate magnitude tectonic earthquakes occurring in the 

Western U.S. are considered in this chapter and selected from the NGA-West2 database (Ancheta 
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et al., 2014). The ground motions are intended to have similar magnitudes and source-to-site 

distances as those of the induced earthquakes considered in this chapter.  

 Here, two subsets are considered from the ground motion suite as follows: 

• The first subset, hereafter referred to as “NGA: Rand”, contains 20 ground motions from the 

NGA-West2 database with magnitude and distance distributions similar to the “Ind: Rand” 

ground motion subset.  

• The second subset, hereafter referred to as “NGA: Min R”, consists of 20 different ground 

motions, with similar magnitudes and distances as “Ind: Min R”.  

 
Figure 4-2: Magnitude–distance distribution of induced and small-to-moderate magnitude tectonic 

earthquakes. 

 

Figure 4-2 shows the magnitude-distance distributions for different subsets of small-to-

moderate magnitude tectonic and induced ground motions considered in this chapter. As seen in 

Figure 4-2, the “NGA: Rand” subset consists of motions with magnitudes in the range of 4.3 to 

5.8 with an average of 4.9, which is similar to the magnitude range of the induced earthquakes. 

Moreover, as seen in the figure, they were recorded at epicentral distances in range of 5 km to 128 

  
(a) Induced earthquakes (b) Small-to-moderate magnitude tectonic 

earthquakes 
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km with an average of 56.2 km, which is again similar to those of “Ind: Rand” subset. Furthermore, 

Figure 4-2 depicts that the magnitude range for “NGA: Min R” subset varies between 3.6 to 5.0 

with an average of 4.5, which is similar to the that of “Ind: Min R” subset, and they were recorded 

at epicentral distances from 4 km to 19 km with an average of 8.8 km, which, according to Figure 

4-2a, is similar to the epicentral distance range of “Ind: Min R” subset. 

4.2.3 New Madrid Seismic Hazard 

Traditionally, the New Madrid seismic hazard is used when assessing the seismic vulnerability of 

civil infrastructure in the Central U.S.; see, for example, Nielson and DesRoches (2007b), Padgett 

et al. (2008), Reneckis and Lafave (2010), and Amirihormozaki et al. (2015),  among others. Most 

of these studies considered two New Madrid ground motion databases available in the literature 

as:  

• The database developed by Wen and Wu (2001), hereafter referred to as “NM: W&W”, which 

consists of 60 synthetic ground motion records for three cities in the Central U.S., namely 

Memphis, Tennessee; Carbondale, Illinois; and St. Louis, Missouri. These ground motion 

suites represent seismic hazards for 2% and 10% probabilities of exceedance in 50 years for 

each site. The records for the suite were developed to represent the seismic characteristics of 

earthquakes within the region from assumed events with magnitudes of 5 to 8 and epicentral 

distances of 28 km to 190 km, resulting in synthetic motions with PGA values in the range of 

0.04g to 0.66g. Here, a subset of 20 different ground motions is randomly selected from this 

database for the fragility analysis. 

• The second database developed by Rix and Fernandez (2004), hereafter referred to as “NM: 

R&F”, which consists of synthetic ground motions for scenario-based earthquakes near 
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Memphis, TN. They used stochastic methods to develop these ground motions by taking into 

account nonlinear site response and the impact of the deep soil deposits in the upper Mississippi 

embayment. They simulated 20 different ground motions for each of 11 magnitude-distance 

bins (Mw: 5.5, 6.5, 7.5; R: 10 km, 20 km, 50 km, 100 km), which lead to 220 time-histories for 

each source model. In the present chapter, 20 different ground motions are randomly selected 

from this database to investigate the fragility of veneers to natural New Madrid seismic 

hazards. The PGA values of the selected ground motions vary between 0.022 g to 0.764 g. 

4.2.4 Comparison of Acceleration Response Spectra  

The mean of the 5%-damped elastic pseudo-acceleration spectra, Sa, of the selected records 

normalized with respect to their PGA is shown in Figure 4-3a. As seen, for lower periods 

(T<0.25s), the induced and small-to-moderate magnitude tectonic events, on average, have larger 

values of normalized Sa compared to those representing New Madrid seismic hazard. However, 

spectral accelerations of induced earthquakes diminish very quickly as the period increases. In 

fact, the energy concentration for induced earthquakes is mainly in the shorter period range from 

0.1 to 0.3 seconds. This diminishment is more noticeable for the “Ind: Min R” and “Ind: Max 

PGA” subsets, which, as seen in Figure 4-3, correspond to lower magnitude earthquakes that are 

not able to produce as much energy for long period waves.  

In this regard, the average of the mean period, Tmean, of the ground motion suites are shown in 

Figure 4-3b. The mean period is an indicator of the dominant frequency content of spectral 

accelerations (Rathje et al., 1998). It averages periods in the Fourier amplitude spectrum by 

weighting each period by the square of its Fourier amplitude as follows, 
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where Ci is the Fourier amplitude of the entire accelerogram, and Ti is the discrete Fourier transform 

periods varying between 0.05 and 4 seconds. As seen in the figure, induced earthquake subsets 

have relatively lower mean periods, indicating that the acceleration response spectrum reaches its 

maximum value at lower periods.  

As seen in Figure 4-3a and Figure 4-3b, there is a noticeable difference between the frequency 

content of the two ground motion subsets representing the New Madrid seismic hazard, i.e., those 

developed by Wen and Wu (2001) and Rix and Fernandez (2004). This difference is mainly 

because of the fact that Wen and Wu ground motions are developed for three different cities 

(Memphis, St. Louis, and Carbondale) with different soil profiles, while Rix and Fernandez ground 

motions are developed for Memphis only. Memphis is known for its deep soil column, whereas 

the St. Louis site assumed in the Wen and Wu (2001) study is located over a relatively thin soil 

layer. Hence, the Rix and Fernandez ground motions have lower spectral accelerations at shorter 

periods because of the nonlinear behavior of the soil, while they have higher accelerations at longer 

periods because of soil column resonance. Moreover, these studies used different source models. 

That is, Rix and Fernandez used the models developed by Frankel et al. (1996); however, Wen and 

Wu used the ones developed by Atkinson and Boore (1995). Finally, it should be noted that the 

Rix and Fernandez ground motions are deterministic while the Wen and Wu ground motions are 

probabilistic. 
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(a) Normalized spectral acceleration (b) Mean period, Tmean 

Figure 4-3. (a) Mean response spectra of ground motions normalized with respect to their PGA; (b) Mean 

period of the ground motion subsets considered in this chapter. For each box, the central red line denotes 

the median, and the bottom and top edges of the box respectively show the 25th and 75th percentiles. The 

whiskers extend to the most extreme data points not considered outliers, and the '+' symbol shows outliers 

individually. 

4.3 METHODOLOGY FOR FRAGILITY ANALYSIS 

The study presented in this chapter utilizes a probabilistic framework to develop fragility curves 

representing the probability of cracking and collapse for masonry veneers. In this framework, 

experimentally-validated computational models are used to simulate the behavior of non-

seismically-detailed brick veneers. Generally, the brick façade is not load-bearing, and it is 

connected to the load-bearing wall with anchors, often called brick ties. In typical residential 

construction considered in this chapter, the load-bearing wall is constructed of wood studs and 

oriented strand board (OSB). Corrugated metal ties are considered as the veneer anchorage since 

they are often used for residential construction in low-seismic areas. 

The out-of-plane behavior of a full wall panel, in this chapter, is simulated by a wall strip 

model shown in Figure 4-4. This method, which is recommended by Reneckis and LaFave (2009), 

increases computational efficiency when executing hundreds of nonlinear response history 

analyses. Note that the strip model approach neglects effects due to openings such as windows, 
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which is considered acceptable in this chapter focused primarily on comparing the effects of 

different ground motion characteristics on fragility. 

 
Figure 4-4: Schematic view of veneer model developed in OpenSees (exploded-view shown for clarity). 

 

The strip model is developed in the OpenSees software (2000) in which the brick veneer and 

the OSB sheathing are modeled using shell elements, and the wood 2x4 studs are modeled using 

elastic beam-column elements. The modeling parameters of the considered brick veneer, studs, 

and OSB sheathings such as height, h, width, w, thickness, t, elastic modulus, E, Poisson’s ratio, 

v, and density, , are shown in Figure 4-4. In addition, horizontal 2x4 top and sole plates are placed 

at the top and bottom, respectively, of the vertically oriented studs, to complete the stud wall 
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subassembly and provide stability. Therefore, the OpenSees model also includes a horizontal wood 

stud beam-column element at the top and bottom of the vertical studs. These horizontal elements 

had the same cross-sectional dimensions and properties as those of the vertical stud. Moreover, as 

seen in the figure, the stud boundary conditions include a pinned out-of-plane lateral elastic spring 

with stiffness of ks = 303 kN/m at the top of the stud assembly to simulate the lateral resistance 

provided by the rest of the structure, as well as linear and bilinear elastic rotational springs at the 

bottom of stud and veneer, respectively, to simulation rocking behavior at the base of the wall. In 

this model, translational degrees of freedom at the base of the brick veneer and stud wall are 

restrained.  

Literature showed the out-of-plane veneer wall performance generally depends on the anchor 

tensile properties (Reneckis and LaFave, 2009, 2010), which demonstrates that the installation and 

cross-sectional properties of the ties are critical in evaluating the performance of the veneer wall. 

In this chapter, the brick ties are spaced at 406 mm (16 inches) horizontally and 610 mm (24 

inches) vertically to meet the prescriptive code required maximum tributary area of 248051 mm2 

(2.67ft2) per tie (Masonry Standards Joint Committee, 2013). This chapter focuses on two types of 

masonry veneer ties that are commonly used in residential construction in low-seismic areas, and 

which were also included in the experimental study conducted by Reneckis and LaFave (2009, 

2010),  as follows: 

 1)  Code-compliant brick ties with a thickness of 0.644 mm (22-gauge) with an 8d nail fastener 

located at the maximum code allowable installation eccentricity, 12.7 mm (½ inches), referred to 

herein as 22ga-ecc. 

2)  Brick ties with a thickness of 0.321 mm (28-gauge), which are thinner than code requirements, 

with an 8d nail fastener located at the minimum code allowable installation eccentricity, 4.0 mm 
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(5/32 inches), referred to herein as 28ga-min. While not code compliant, the 28-gauge ties are 

commonly used on residential construction sites in the Central U.S. 

These brick ties are modeled using nonlinear uniaxial truss elements with experimentally 

validated hysteretic materials (e.g., the behavior shown in Figure 4-4 is for 22ga-ecc brick ties). 

The ties are assumed to be essentially rigid in compression to account for mortar droppings landing 

on ties behind the veneer. Full details of the model and validation of each component behavior 

with experimental data are available in Khosravikia et al. (2020).  

Nonlinear models of each masonry veneer type are then subjected to a suite of ground motions 

that represent the seismic hazard of interest. The ground motions are scaled to various intensity 

levels to generate response data for a wide range of shaking intensities. All ground motions are 

applied in the out-of-plane direction of the walls. The deformations of the top two ties are 

considered as the seismic demand parameters for damage evaluation of the masonry veneers, since 

tie failure, which generally initiates at the top of the wall, directly leads to veneer instability and 

separation from the backup system (Reneckis and LaFave, 2009, 2010). 

 Given the outputs of the response history analyses, probabilistic seismic demand models 

(PSDMs) are developed to relate the demand parameter (i.e., the tie deformations) to the intensity 

measures of the ground motions. In the proposed framework, similar to previous studies (Cornell 

et al., 2002; Nielson and DesRoches, 2007a; Padgett et al., 2008), it is assumed that at a given IM 

value, seismic demand follows a lognormal distribution, resulting in a normal distribution with a 

median of ln(SD) and dispersion of βD|IM in the transformed log-space. For estimating the median 

at a given IM, the proposed framework adopts Artificial Neutral Networks (ANN) based models, 

instead of conventional linear regression methods. Khosravikia et al. (2019) showed that utilizing 

ANN leads to more accurate median predictions, thereby resulting in a more reliable seismic 
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performance assessment of the masonry veneers. The considered ANN-based PSDMs have a 

mathematical form of (Khosravikia, Kurkowski, et al., 2020) 

2

1

1
ln( )

1 exp[ ( ln( ) )]
D i

i i i

S b v
w IM b=

 
= +   

+ −  + 
    (9) 

where wi, bi, b, and vi are coefficient factors that depend on the IM and demand parameter, and 

they are computed from training the ANN models. In this chapter, for each ground motion suite, 

the PSDMs are developed for seven different IMs (shown in Table 4-1), including acceleration 

related IMs (e.g., PGA and Ia), velocity related IMs (e.g., PGV), displacement related IMs (e.g., 

PGD), and structure specific IMs (e.g., Sa at 0.2s, 0.5s, and the natural period of the structure). 

These IMs are later evaluated for use in the development of masonry veneer fragility functions. 

The coefficient factors for each IM, ground motion subset, and brick tie are presented in Appendix 

C. Using Eq. (2) and the coefficient factors, one can easily estimate the median tie deformation 

given the intensity of the ground motion without re-training the proposed ANN models.  

Table 4-1: Considered intensity measures. 

Intensity measure Description Units 

PGA Peak Ground Acceleration g 

PGV Peak Ground Velocity cm/s 

PGD Peak Ground Displacement cm 

Sa (Tn) Spectral Acceleration at natural period, Tn g 

Sa (0.2s) Spectral Acceleration at 0.2s g 

Sa (0.5s) Spectral Acceleration at 0.5s g 

Ia Arias Intensity cm/s 

 

Moreover, similar to Padgett et al. (2008), the variation or dispersion of the seismic demands 

about the mean given the intensity measure, βD|IM, is estimated by computing the dispersion of the 

data around the values predicted by the statistical model using the following equation: 
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where di is the peak demand of the tie of interest, and N is the number of response history analyses 

conducted for the masonry veneers. 

 In addition, for each type of brick tie, the probabilistic seismic capacity model (PSCM) is 

developed to predict the capacity of the masonry veneers. Two levels of damage are defined for 

the veneers as (i) repairable cracking damage and (ii) wall instability or collapse. Based on 

experimental observations and recommendations from Reneckis and LaFave (2009), repairable 

cracking damage corresponds to the failure of the top row of ties in a wall panel, and wall 

instability or collapse generally occurs after the failure of the top two rows of ties on a wall panel. 

In the model, similar to Reneckis and LaFave (2009), the tie elements are assumed to provide no 

resistance after failure. The two brick tie types considered in this chapter, 22ga-ecc and 28ga-min 

brick ties, fail with deformations larger than 0.7 cm (0.27 in) and 0.4 cm (0.17 in), respectively, 

which correspond to the deformation associated with the peak strength in the tie hysteretic models. 

Therefore, it is assumed that the capacity for each limit state follows a lognormal distribution with 

a median given as the previously stated deformation capacities, and an assumed dispersion of 0.25 

to take into account the uncertainty in the tie capacity. The dispersion of 0.25 was based on the 

average variation of 22ga-ecc and 28ga-min tie strengths from tie subassembly tests reported in 

Reneckis and LaFave (2009). 

Table 4-2 shows the natural periods (Tn) of the veneer strip models before and after the failure 

of the top tie, which is always the first tie to fail in a solid wall panel model. The latter natural 

period is determined by removing the top tie from the model and recalculating the natural period, 
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and hereafter is referred to as elongated period (Tm). As in the previous study (Reneckis and 

LaFave, 2009, 2010), the remaining undamaged ties are assumed to be in their elastic range when 

the top tie fails, so there is no reduction in stiffness for those ties for calculation of the natural 

period after the top tie failure. As seen in the table, veneers with the thinner (28ga-min) brick ties 

generally have longer natural periods compared to the model with the code-compliant (22ga-ecc) 

brick ties. 

Table 4-2: Natural period of the veneer model before and after top tie failure. 

Brick Type Natural period, Tn Elongated period, Tm 

Code-compliant (22ga-ecc) 0.125 s 0.265 s 

Thinner (28ga-min) 0.131 s 0.269 s 

 

 Having both the PSDM and PSCM for each component, a Monte Carlo Simulation is 

conducted to develop the fragility curves. In each sample of the Monte Carlo Simulation, 106 

random realizations are created using the PSDM and PSCM for demands and capacity, and the 

damage is evaluated by comparing the paired realizations.  

4.4 INFLUENCE OF INTENSITY MEASURES ON PSDMS 

The present chapter studies the influence of seven different IMs (shown in Table 4-1) on the 

fragility of masonry veneers subjected to different seismic hazards. To do so, first, the optimality 

of the IMs in developing PSDMs is investigated in this section. The selection of an optimal IM 

improves the confidence in the outcomes of the framework and leads to more reliable performance 

predictions. In the following section, the criteria considered for the investigation are briefly 

introduced. Then, using those criteria, the optimality of the IMs presented in Table 4-1 is 

investigated for masonry veneers subjected to different ground motion suites. 
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4.4.1 Evaluation Metrics 

Here, five different features that have been typically used in the literature are considered to 

investigate the optimality of the intensity measures for the development of fragility functions: 

efficiency, sufficiency (Luco and Cornell, 2007), practicality (Mackie and Stojadinović, 2001), 

proficiency (Padgett et al., 2008), and hazard computability (Giovenale et al., 2004). Recently, 

Khosravikia and Clayton (2020) proposed an update on the evaluation metrics for some of these 

features, which forms the basis of optimal IM evaluation of the present chapter. Each of these 

features is explained briefly below. 

• Efficiency 

The first criterion is the efficiency of the IM, which determines the variation of the predicted 

demand for a given IM and is quantified by parameter βr proposed by Khosravikia and Clayton 

(2020), as follows: 

D|IM 1

1
r

l R


 = 

+
 (11) 

where l is the range of demand parameters in the natural log space, and R is the correlation 

coefficient (Smith, 1986) between the measured and predicted demand parameters. More efficient 

IMs lead to lower values of βr, indicating less dispersion around the estimated demand. 

• Practicality 

According to Khosravikia and Clayton (2020), practicality is defined as the proportion of the 

demand range that is covered by the PSDM given the range of the considered IM in the transformed 

space, and is computed as follows: 

il

l
 =  (12) 



 

79 

 

where α is the practicality index; li is the range of the natural log of the demand parameter covered 

by the PSDM model in the considered range of the IM; and l is the total range of the demand 

parameter in natural log space. α is an indicator of the dependency of the demand on the IM, where 

larger values represent a more practical IM. 

• Proficiency 

Proficiency is an index to determine the IM with both efficiency and practicality. In this regard, 

Khosravikia and Clayton (2019) proposed parameter ξr which reads, 

r
r





=  (13) 

Lower values of ξr indicate a more proficient IM, having a stronger correlation between the IM 

and the demands while leading to less dispersion around the median values. 

• Sufficiency 

Sufficiency is defined to assess the dependency of the IM to ground motion parameters such as 

magnitude (Mw) and source-to-site distance (R). A sufficient IM should be conditionally 

independent of such characteristics. The sufficiency of an IM is typically investigated by 

conducting a linear regression analysis on the residuals between the actual response and the 

estimated demand from the PSDM relative to the ground motion characteristic. Here, the p-value 

(Ang et al., 2007) from the regression of the residuals is used to quantify the sufficiency of the IM, 

which indicates the probability of rejecting the null hypothesis that the slope of the linear 

regression is zero. Similar to previous studies such as Padgett et al. (2008), this chapter considers 

a significance level of 5% as the threshold for IM sufficiency evaluation. Values smaller than the 

threshold for the linear regression of the residuals on Mw or R are indicators of statistically 

significant coefficients for the regression estimate, thereby indicating an insufficient IM.  
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• Hazard computability 

Hazard computability describes the level of effort required to conduct the probabilistic seismic 

hazard analysis for a specific IM (Giovenale et al., 2004).  The PSDM relates the demands of the 

structure to the seismic hazard of the considered region, which is quantified by the IM. Thus, the 

probabilistic seismic hazard must be computed with respect to the values dictated by the IM.  

4.4.2 Optimality of the Considered IMs for Different Seismic Hazards 

For the purpose of demonstration, the efficiency, practicality, and proficiency of PSDMs for top 

tie deformation of code-compliant (22ga-ecc) brick tie types are shown in Figure 4-5 for different 

IMs subjected to different suites of ground motions. As seen in the figure, among structure-specific 

IMs (spectral accelerations at 0.2s, 0.5s, and the natural period of the structure), regardless of the 

ground motion suite, using Sa(Tn) tends to provide better efficiency, practicality, and proficiency. 

Thus, Sa(Tn) is considered as the representative of the structure-specific IMs for comparison with 

the other IMs. 

 Figure 4-5 shows that Sa(Tn) and Ia correspond to lower values of ξr compared to other IMs for 

all ground motions suites. This observation demonstrates that Sa(Tn) and Ia are more proficient 

IMs, indicating that the selection of these two IMs leads to more accurate and practical PSDMs 

for masonry veneers regardless of the hazard type they are subjected to. However, PGA and PGV 

have different impacts depending on the ground motion suite under consideration. As seen in the 

figure, for induced motions, PGV is more proficient IM; however, the trend is different for ground 

motion suites representing the New Madrid hazard and small-to-moderate magnitude tectonic 

earthquake. For example, PGA is more proficient than PGV for “NGA: Rand” and “NM: W&W” 

subsets, while PGV is more proficient for “NGA: Min R” and “NM: R&F” subsets. In addition, 

the results depicted in Figure 4-5 indicate that the displacement related intensity measure (PGD) 
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is not an efficient, practical, nor proficient IM for masonry veneer damage. It is worth noting that 

similar trends are observed in the optimality investigation of masonry veneers with 28ga-min brick 

ties. 

 It should be noted that, for induced earthquakes, IMs are more efficient and proficient for 

ground motion subsets associated with maximum PGA and minimum distance values compared 

to those related to the maximum magnitude and random subsets. This observation is mainly 

because of the lower uncertainty associated with the former ground motion subsets. Similar trends 

are observed for most of the IMs when masonry veneers are subjected to small-to-moderate 

tectonic ground motions. That is, small-to-moderate tectonic ground motions recorded at shorter 

distances consist of more accurate and practical PSDMs.  

 
Figure 4-5: Efficiency, practicality, and proficiency evaluation of the considered IMs for top tie 

deformation of code-compliant masonry veneers with 22ga-ecc brick ties. 
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To investigate the sufficiency of the IMs, Table 4-3 shows the p-values of the residuals of the 

PSDMs with respect to ground motion characteristics such as magnitude, Mw, and source-to-site 

distance, R. Here, the results are shown for randomly selected ground motion subsets including 

“Ind: Rand”, “NM: W&W”, and “NGA: Rand”. Note that the Mw and R data are not available for 

“NM: R&F” subsets, so they are not shown in the table. Recall that a significance level 5% is 

considered in this chapter as the threshold for IM sufficiency evaluation, and IMs with p-values 

lower than this threshold are considered to be insufficient IMs. As seen in the table, for induced 

earthquakes, there is no IM that passes the sufficiency test for both magnitude and distance. This 

observation indicates the possibility that the fragility curves developed for induced earthquakes 

will be dependent on the ground motion selection. For instance, from this observation, it is 

expected that fragility curves developed for “Ind: Min R” subset will be significantly different than 

those developed for “Ind: Max Mw” because of the differences in the magnitude and distance 

ranges of the ground motions in each subset. However, Table 4-3 shows that the PSDMs developed 

for low-to-moderate magnitude tectonic earthquakes or W&W subsets representing the New 

Madrid seismic hazard generally pass the sufficiency test, indicating that using different ground 

motion subsets for these seismic hazards will not result in considerably different fragility curves. 

Table 4-3. Sufficiency evaluation of the considered IMs for top tie deformation of code-compliant 

masonry veneers with 22ga-ecc brick ties. 

Intensity 

Measures 

Ind: Rand NGA: Rand NM: W&W 

Mw R Mw R Mw R 

PGA 0.011 0.000 0.188 0.034 0.648 0.230 

PGV 0.004 0.164 0.117 0.006 0.000 0.181 

PGD 0.000 0.248 0.022 0.018 0.259 0.140 

Sa(Tn) 0.000 0.000 0.271 0.081 0.092 0.066 

Sa(0.2s) 0.035 0.041 0.171 0.106 0.100 0.939 

Sa(0.5s) 0.000 0.043 0.032 0.145 0.034 0.974 

Ia 0.000 0.036 0.094 0.070 0.053 0.028 
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In this chapter, to compare the impacts of different ground motion characteristics on the 

fragility of masonry veneers, fragility curves are developed for different seismic hazards, different 

subsets of each seismic hazard, and different IMs (PGA, PGV, Sa(Tn), and Ia). Recall that Sa(Tn) 

and Ia represents more proficient IMs for all ground motions suites, and PGA and PGV are more 

hazard computable since the hazard maps are readily available for these IMs. It is worth noting 

that although Sa(Tn) and Ia require more effort or even structure-specific information for their 

determination, the main objective of this chapter is to comparatively investigate the impacts of 

ground motion characteristics, seismic hazards, and selection of IMs on the fragility of masonry 

veneers. Thus, fragility curves are developed for all of the four IMs in the next section of this 

chapter. 

4.5 FRAGILITY OF MASONRY VENEERS CONSIDERING DIFFERENT SEISMIC 

HAZARDS 

Figure 4-6 and Figure 4-7 show the fragility curves for the cracking damage state of masonry 

veneers with 22ga-ecc and 28ga-min brick ties, respectively. Observations of masonry veneer 

damage from recent induced earthquakes in the region are used to corroborate the damage 

predictions from the fragility functions for induced earthquakes. Specifically, during 2016 M5.8 

Pawnee OK and 2016 M5 Cushing earthquakes, damage was reported for masonry veneers nearby 

the epicenter of the earthquake by Clayton et al. (2016) Geotechnical Extreme Events 

Reconnaissance (GEER) report and the EERI earthquake clearinghouse (2016). Details about the 

spacing or size of the ties are not available in the reports; therefore, the thinner (28ga-min) brick 

ties, which are the common ties in the region, are here assumed for them. Table 4-4 shows the 

location, the PGA and PGV values at the building locations from the USGS ShakeMap after both 
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earthquakes, as well as the corresponding damage probabilities from Figure 4-7. As seen in the 

table, for ShakeMap PGA values, the corresponding fragility curves estimate damage probabilities 

in range of 32% and 61%, while using PGV leads to estimates over 80%. Such an observation 

corroborates that PGV provides more reliable damage prediction for induced earthquakes, which 

demonstrates the importance of investigating the optimality of different IMs in fragility assessment 

of structures. In the following sections, the impacts of different seismic hazards, ground motion 

characteristics, and IMs on the vulnerability of masonry veneers are discussed separately. 

 
Figure 4-6: Fragility curves for cracking damage state of masonry veneers with code-compliant brick ties 

(22ga-ecc) subjected to different ground motion suites. 
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Figure 4-7: Fragility curves for cracking damage state of masonry veneers with thinner brick ties (28ga-

min) subjected to different ground motion suites. 

 

Table 4-4. PGA and PGV values recorded from USGS ShakeMap at the location of damaged masonry 

veneers, as well as corresponding damage probabilities after 2016 M5.8 Pawnee and 2016 M5 Cushing 

earthquakes. 

 

Location USGS ShakeMap 

Damage likelihood 

based on 

 Latitude Longitude PGA (g) PGV (cm/s) PGA  PGV 

M5.8 Pawnee OK earthquake (Clayton et al., 2016) 

Masonry veneer #1 36.5038° -96.8592° 0.36 16 0.39 0.85 

Masonry veneer #2 36.3723° -96.883° 0.32 11 0.32 0.78 

M5 Cushing OK earthquake (EERI Earthquake Clearinghouse, 2016) 

Masonry veneer #3 35.9815° -96. 7729° 0.44 15 0.61 0.85 

Masonry veneer #4 35.9797° -96.7721° 0.40 13 0.44 0.81 
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Impact of different seismic hazards on fragility curves 

According to Figure 4-6 and Figure 4-7, depending on the IM of interest, the relative impacts of 

different seismic hazards on the vulnerability of masonry veneers could be different. For example, 

for a given PGA or Ia, small-to-moderate tectonic earthquakes generally lead to the highest 

probability of cracking, while the New Madrid hazard leads to the lowest probability. However, 

different trends are observed for PGV and Sa(Tn). For a given PGV, induced earthquakes are the 

most damaging hazard type. For a given Sa(Tn), the New Madrid hazard leads to similar (for small-

to-moderate values of Sa(Tn)) or higher (for higher values of Sa(Tn)) probabilities of cracking 

compared to small-to-moderate tectonic and induced earthquakes.  

These differences are mainly believed to be a result of differences in the shape of the 

acceleration response spectra for ground motions representing different seismic hazards when they 

are normalized for different IMs. Two key parameters from the spectral acceleration shape control 

the severity of the damage: (i) the value of spectral acceleration at the natural period the structure 

(i.e., Sa(Tn)) and (ii) the slope of the response spectrum around the natural period the structure. 

Recall that, according to Table 4-2, the natural period of the wall with code-compliant (22ga-ecc) 

and thinner (28ga-ecc) bricks ties are 0.125 s and 0.131 s, respectively. 

As an example of the importance of the spectral acceleration at the structure’s natural period, 

as seen in Figure 4-3, when the ground motions are normalized for a given PGA, the values of 

Sa(Tn) for small-to-moderate tectonic earthquakes (NGA: Rand and NGA: Min R) and the 

randomly sampled induced motions (Ind: Rand) are larger than those of other ground motion 

suites, which results in a higher probability of damage in fragility functions developed with respect 

to PGA. Regarding the slope of the spectral acceleration around the natural period of the structure, 

if the spectral acceleration diminishes very quickly for periods larger than the structure’s natural 
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period, then as the brick ties undergo inelastic deformation and the period elongates, the structural 

demands and thus the severity of damage is reduced. This trend is reflected when Sa(Tn) is selected 

as the IM of interest. The fragilities developed with respect to Sa(Tn) show that all the ground 

motion subsets lead to similar vulnerability up to Sa(Tn) of 1 g, the range in which the structure 

generally remains elastic (i.e., the structure’s period remains at its natural period). However, for 

larger values of Sa(Tn), the ground motion subsets with steeper reductions in the spectral 

accelerations normalized with respect to Sa(Tn), shown in Figure 4-8, result in lower fragilities for 

the veneers. The impacts of the values of spectral acceleration at the natural period of the structure 

and the slope of the spectral acceleration between the natural and elongated periods are discussed 

in more depth in the next section of this chapter. 

 
Figure 4-8: Mean response spectra of ground motions normalized with respect to Sa(Tn) for masonry 

veneers with code-compliant (22ga-ecc) brick ties. 

 

Impacts of ground motion characteristics on fragility curves 

Figure 4-6 and Figure 4-7 show that for induced earthquakes, regardless of the IM, different ground 

motion subsets (representing different ground motion characteristics) lead to different levels of 

fragility for masonry veneers. That is, the fragility curves derived for induced earthquakes 
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significantly depend on ground motion characteristics such as PGA, magnitude, and distance. This 

observation is consistent with the sufficiency analysis presented in Table 4-3, where none of the 

IMs provide enough sufficiency for magnitude and distance for the induced earthquake ground 

motion subsets. Thus, a new IM is proposed in the next section to address the insufficiency issue 

for masonry veneers subjected to induced earthquakes. On the other hand, the results for small-to-

moderate magnitude tectonic earthquakes show that the fragility curves developed for the “NGA: 

Rand” and “NGA: Min R” ground motion subsets are similar, which is consistent with the 

sufficiency results presented in Table 4-3.  

For the New Madrid seismic hazard, Figure 4-6 and Figure 4-7 demonstrate that, regardless of 

the IM, the W&W subset is slightly more vulnerable compared to the R&F subset. This difference 

is not because of the sufficiency of the IMs. Rather, it is mainly because of the differences in the 

spectral shape of these two ground motions suites. For example, Figure 4-3 shows that for a given 

value of PGA, W&W on average consists of larger spectral accelerations at the natural period of 

the structure and, more importantly, for periods between the natural period and elongated period 

of the structure after top tie failure, which is an indicator of the amount of nonlinearity experienced 

by the structure. 

Impacts of IM selection on fragility curves 

According to Figure 4-6 and Figure 4-7, the selection of IM has two impacts on the vulnerability 

assessment of masonry veneers. First, it changes the trends among the ground motion subsets. For 

instance, for a given PGA, small-to-moderate magnitude tectonic earthquakes tend to provide 

similar or higher probability of damage compared with induced earthquakes. This trend is also 

observed for Sa(Tn) and Ia. However, for a specific value of PGV, small-to-moderate magnitude 

tectonic earthquakes are less likely to damage the masonry veneers compared with induced 
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earthquakes. Moreover, the selection of the target IM may also affect the impacts of ground motion 

characteristics on the fragility curves. For instance, for PGA, randomly selected or larger 

magnitude earthquakes tend to have higher probabilities of damage. However, for PGV, ground 

motions recorded at close distances from the epicenter lead to higher probabilities of damage, and 

larger magnitude earthquakes, which also comprise larger epicentral distances in this dataset, 

leading to the lowest probability of damage. These observations on the impact of IM is again 

because of the differences of spectral acceleration shapes around the natural period of the structure 

when the ground motions are normalized considering different IMs (e.g., Figure 4-3 and Figure 

4-8). 

Impacts of Brick Tie on Fragility Curves 

Comparing Figure 4-6 and Figure 4-7 shows that regardless of the IM, masonry veneers with the 

thinner brick ties (28ga-min) are more vulnerable than those with code-compliant ties (22ga-ecc). 

Moreover, as seen, all the observed trends for the impacts of IM, ground motion characteristics, 

and seismic hazard are similar for both types of masonry veneer brick ties. 

Collapse Fragility of Masonry Veneers 

To investigate the impact of the hazards on the collapse of masonry veneers, Table 4-5 shows the 

median values of the fragility curves for cracking and collapse damage states of masonry veneers 

with code-compliant brick ties (22ga-ecc). As seen in the table, for a given IM and ground motion 

subset, the median value associated with collapse damage state is generally slightly larger than 

that of cracking, indicating that the cracking damage state in veneers is typically quickly followed 

by the collapse of the façade for out-of-plane shaking. It is worth noting that, for a given IM, the 

difference between the cracking and collapse limit states are mainly controlled by the slope of the 

spectral acceleration between the natural and elongated periods of the masonry veneers normalized 
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to the considered IM. That is, the difference is more noticeable for cases where spectral 

acceleration diminishes very quickly after the natural period of the veneer, and therefore, the 

ground motion does not provide enough energy to induce more severe damage in the veneers after 

the failure of the top tie and elongation of the structure’s period. For example, as seen in the table, 

for a given PGA, ground motion subsets named “Ind: Min R” and “Ind: Max PGA” exhibit the 

largest difference between the cracking and collapse median values, which, according to Figure 

4-3a, are the two subsets in which the spectral acceleration diminishes the most after the natural 

period of the veneer. The trend holds true for masonry veneers with thinner brick ties (28ga-min). 

Table 4-5: Median values of the fragility curves for cracking and collapse damage states of masonry 

veneers with code-compliant brick tie (22ga-ecc) subjected to different ground motion suites. 

 PGA PGV Sa(Tn) Ia 

Subset Cracking Collapse Cracking Collapse Cracking Collapse Cracking Collapse 

Ind: Rand 0.53 0.68 15.13 18.45 1.43 1.81 216.78 394.11 

Ind: Max Mw 0.63 0.80 16.42 24.50 1.18 1.49 476.52 0.00 

Ind: Max PGA 0.69 0.95 15.80 22.39 1.48 1.79 151.35 272.23 

Ind: Min R 0.79 1.06 14.20 20.21 1.70 2.15 127.37 255.25 

NW: W&W 0.86 1.02 N/A* N/A* 1.26 1.42 N/A* N/A* 

NW: R&F 0.95 1.11 N/A* N/A* 1.29 1.56 N/A* N/A* 

NGA: Rand 0.51 0.66 19.00 24.27 1.28 1.62 115.39 308.19 

NGA: Min R 0.53 0.60 17.01 25.59 1.28 1.62 107.89 247.25 

* Median value is larger than the range considered for the IM 

4.6 CONSIDERATION OF NEW INTENSITY MEASURE 

As noted, none of the considered IMs provide enough sufficiency for the PSDMs developed for 

induced earthquakes. This trend is also observed when the different probabilities of damage are 

derived for a given IM for different subsets of induced earthquakes (i.e., ground motion subsets 

representing different ranges of M or R result in different fragilities). In addition, as discussed, the 

slope of the spectral acceleration is a key parameter affecting the probability of damage for 

masonry veneers. Thus, an alternative IM is here proposed to address the abovementioned issues 

with the current IMs. The suggested IM, Sa(Tn, Tm), is the composite of the spectral accelerations 
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at the natural period, Tn, and at the elongated period of the structure after cracking (i.e., failure of 

the top tie), Tm, and is defined as follows: 

( )
( , ) ( )

( )

a m
a n m a n

a n

S T
S T T S T

S T


 

=  
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The first term in the equation (i.e., Sa(Tn)) considers the impact of spectral acceleration at the 

natural period of the structure, and the second term (i.e. [Sa(Tm)/ Sa(Tn)]
θ) considers the slope of 

the spectral acceleration between natural and elongated periods of the structure. The parameter θ 

in the equation determines the weighting of the slope consideration in the proposed IM. The 

optimal value of θ is determined by training different ANN models as PSDMs for a wide range of 

θ varying between 0 and 2, and comparing the proficiency of the models, which is an indicator of 

both accuracy and practicality of the considered IM.  

 
Figure 4-9: Proficiency evaluation (i.e., ξr) of the proposed IM (i.e., Sa(Tn,Tm)) for top tie deformation of 

masonry veneers with code-compliant ties (22ga-ecc) considering different values of θ. 

 

Figure 4-9 shows the proficiency values, ξr, for the different ANN models developed for 

different values of θ for top tie deformation of masonry veneers with code-compliant brick ties 
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(22ga-ecc). Recall that lower values of ξr indicate a more proficient PSDM. As seen in the figure, 

for θ ≤ 0.3, the values of ξr decrease as θ increases for most of the ground motion subsets, which 

indicates that θ = 0.3 provides a more proficient IM. However, for 0.3 ≤ θ < 0.5, the values of ξr 

remain almost constant, and for 0.5 ≤ θ, ξr increases as θ increases. Therefore, a θ value in the 

range of 0.3 to 0.5 is optimal for the development of PSDMs. Here, θ of 0.3 is selected for 

developing PSDMs. It is worth noting that similar trends are observed for masonry veneers with 

thinner brick ties (28ga-min). The coefficient factors of the ANN-based PSDMs trained for this 

IM considering different ground motion subsets for masonry veneers with code-compliant ties 

(22ga-ecc) and thinner ties (28ga-min) are available in Table C-1 and Table C-2, respectively, 

presented in the Appendix section. 

Table 4-6 shows the efficiency, practicality, and proficiency values derived for the proposed 

IM considering different suites of ground motions for code-compliant masonry veneers with 22ga-

ecc brick ties. Comparing these values with those provided in Figure 4-5 shows that the new IM 

is much more efficient, practical, and therefore, proficient than all the considered IMs. Moreover, 

the p-values of the residuals with respect to Mw and R for the suggested IM for different ground 

motion subsets are also shown in Table 4-6. As seen, the values are much larger than the threshold 

(i.e., 0.05), indicating that, regardless of the considered seismic hazard, the fragility curves 

developed with respect to this new IM should be independent of the ground motion characteristics. 

Thus, this parameter is a sufficient IM for masonry veneers regardless of the considered ground 

motion subset and seismic hazard.  
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Table 4-6. Efficiency, practicality, and proficiency evaluation of the proposed IM (i.e., Sa(Tn,Tm)) for the 

PSDM of the top tie deformation of masonry veneers with code-compliant ties (22ga-ecc). 

    Sufficiency 

Subset βr α ξr Mw R 

Ind: Rand 0.041 0.788 0.052 0.288 0.336 

Ind: Max Mw 0.052 0.797 0.065   

Ind: Max PGA 0.038 0.778 0.048   

Ind: Min R 0.039 0.850 0.042   

NM: W&W 0.052 0.773 0.066 0.682 0.401 

NM: R&F 0.051 0.787 0.067   

NGA: Rand 0.049 0.758 0.065 0.201 0.301 

NGA: Min R 0.055 0.787 0.069   

 

Figure 4-10 shows the fragility functions with respect to Sa(Tn, Tm) for masonry veneers with 

22ga-ecc and 28ga-min brick ties subjected to different ground motion suites. As seen, all types of 

seismic hazards and ground motion subsets representing different ground motion characteristics 

lead to a very similar probability of cracking for a given value of Sa(Tn, Tm). Two key conclusions 

can be derived from this observation as follows: first, finding a similar probability of damage for 

different subsets of a specific seismic hazard substantiates the sufficiency of the proposed IM. The 

second conclusion is that it confirms the observation that not only the spectral acceleration at the 

natural period of the structure but also the slope of the spectral acceleration between the natural 

and elongated periods of the structure are both key parameters in predicting masonry veneer 

vulnerability, regardless of the seismic hazard under consideration. If these two factors are 

accounted for in the selected IM, similar probabilities of damage are likely to be computed for any 

ground motion subset, at least for the masonry veneer structures considered in this chapter. More 

research is needed to fully investigate the influence of the proposed IM on predicting the impacts 

of induced and tectonic earthquakes on different types of structures.  

Note that even with the improved IM, there is a very slight difference between the fragility 

curves of the New Madrid seismic hazard and the small-to-moderate magnitude induced and 
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tectonic earthquakes. These slight differences indicate that there may be other ground motion 

characteristics that influence masonry veneer fragility; however, such characteristics only have 

slight impacts on the fragility curves, and the damage is mainly controlled by Sa(Tn) and the slope 

of the spectral acceleration response. 

 
Figure 4-10: Fragility curves for cracking damage state of masonry veneers with respect to the proposed 

IM. 

4.7 SUMMARY AND CONCLUSION 

The main objective of this chapter is to investigate the effects of induced earthquakes on the 

vulnerability of masonry veneers in the Central U.S. In addition, the impacts of such earthquakes, 

as characterized by fragility curves, are compared with those of tectonic earthquakes with similar 

magnitude and source-to-site distance ranges, as well as New Madrid seismic hazards, which have 

historically been used to evaluate seismic vulnerability in the Central U.S. Key ground motion 

characteristics influencing masonry veneer fragility are identified and discussed. The main 

findings of this chapter are as follows:  

• The fragility of non-seismically detailed masonry veneers to induced seismic hazards is very 
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dependent on ground motion characteristics such as magnitude and source-to-site distance. 

• Depending on the intensity measure, IM, of interest, the conclusions derived from the fragility 

assessment of different seismic hazards could be significantly different for masonry veneers. 

For example, for a particular value of peak ground acceleration and velocity (PGA, PGV), 

induced earthquakes tend to have similar or more detrimental impacts on masonry veneers 

compared to similar magnitude tectonic earthquakes or New Madrid seismic hazards. 

However, for a given value of spectral acceleration at the natural period, Sa(Tn), it is likely that 

induced earthquakes have slightly less, but comparable, likelihood of damage.  

• Such differences in the fragilities associated with different seismic hazards are observed to be 

a result of the spectral acceleration at the natural period of the structures, Sa(Tn), and the slope 

of the acceleration response spectrum between the natural and elongated periods of the 

structure. Therefore, this chapter proposes a new IM, which takes into account both Sa(Tn) and 

the slope of the spectral acceleration response. For such an IM, very similar fragility curves 

are derived for different seismic hazards.  

It should be noted that the findings of this chapter are limited to the masonry veneers considered 

here, and more studies are required to fully understand the impacts of induced earthquakes on 

different types of infrastructure. 
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Chapter 5. INVESTIGATION OF POTENTIAL DAMAGE TO BRIDGE 

INFRASTRUCTURE FROM CENTRAL U.S. INDUCED EARTHQUAKES 

5.1 INTRODUCTION 

Since approximately 2009, the seismicity rate in the Central U.S., especially in Texas, Oklahoma, 

and Kansas, has increased significantly. According to the USGS (2017), from 1970 to 2008, 852 

earthquakes with magnitude 3.0 or larger (M ≥ 3) occurred in this region, resulting in an average 

rate of 25 earthquakes per year. From 2009 to 2017, however, 3258 earthquakes occurred in that 

same region, resulting in an order of magnitude increase in the seismicity rate, up to 362 per year.  

Although most of these seismic events consist of magnitudes ranging from 3.0 to 4.0, which 

rarely result in damage, some of these earthquakes had magnitudes larger than 5.0, causing damage 

to the nearby infrastructure. The 2011 M5.7 Prague, OK, the 2012 M4.8 Timpson, TX, the 2016 

M5.0 Cushing, OK, and the 2016 M5.8 Pawnee, OK earthquakes are four such events that caused 

damage to the nearby structures (Barbour et al., 2017; Ellsworth, 2013; Frohlich et al., 2014). 

Literature shows that these earthquakes are associated with intense petroleum and natural gas 

production activities in the region (Frohlich et al., 2016; Hornbach et al., 2016; Hough, 2014; 

Petersen et al., 2016). They generally occur nearby wastewater injection wells, in areas that 

historically have been considered as non- or low-seismic regions, where the structures were 

typically constructed without considering seismic demands. Thus, the recent increase in induced 

seismic activities, the potential for larger magnitude, potentially damaging earthquakes in the 

future, as well as the minimal seismic design considerations of infrastructure in that area, raise 

concerns for officials responsible for public safety and welfare. 
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This chapter investigates the potential damage caused by such earthquakes on bridge 

infrastructure in Texas, which is one of the states in the region affected by induced earthquakes. 

According to Frohlich et al. (2016) and Hornbach et al. (2016), the number of M ≥ 3 earthquakes 

in Texas has increased from an annual rate of two earthquakes per year in 2008 to approximately 

16 earthquakes in 2016. Furthermore, recent one-year seismic hazard forecasts from USGS 

(Petersen et al., 2016, 2017) that account for induced and natural seismicity in the Central and 

Eastern U.S. showed that specific areas of Texas contain 2-5% probability of having ground 

shaking intensities large enough to cause damage. The areas of potential damage change from 

year-to-year based on petroleum industry activities and included highly populated areas near the 

Dallas-Fort Worth metroplex and more rural areas in west Texas. Therefore, it is critical to evaluate 

the vulnerability of different bridge types throughout the state. 

Previous studies evaluated the seismic vulnerability of non-seismically detailed bridges in 

regions across the Central and Eastern U.S., mainly focusing on New Madrid seismic hazards 

(Choi et al., 2004; Nielson, 2005; Padgett et al., 2008). However, no study has specifically 

addressed the vulnerability of bridges considering induced seismic hazards in this region. The 

study presented in this chapter, which was sponsored by the Texas Department of Transportation 

(TxDOT), aims at characterizing the vulnerability of Texas bridge infrastructure considering 

induced seismic hazards experienced in the state and surrounding areas. Fragility functions are 

developed to estimate the likelihood of experiencing specific levels of damage given different 

ground motion intensity measures. These fragility functions are generated for different bridge 

classes that are representative of the bridge inventory across the state, considering design and 

detailing practices at the time that the bridge population was constructed.  
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Furthermore, this chapter evaluates the impacts of different seismic hazards on bridge fragility. 

In particular, the chapter addresses whether induced earthquakes are more or less likely to cause 

damage to highway bridges compared to similar magnitude natural earthquakes in the Western 

U.S. (specifically California) or compared to larger magnitude earthquakes occurring in the New 

Madrid region, which historically has been used to assess the fragility of different infrastructure in 

the Central U.S. To do so, a database of tectonic events from the Western U.S. with magnitude 

and source-to-site distance values similar to the induced earthquake ground motion dataset is used 

to investigate if damage as a result of induced earthquakes is similar to what engineers would 

expect from natural earthquakes with similar characteristics. Additionally, two databases of 

synthetic ground motions representing New Madrid seismic hazards were used to evaluate how 

using region-specific (i.e., not hazard-specific) fragilities can influence damage predictions.  

 Finally, the proposed fragility functions are compared with HAZUS (2003) fragility curves. 

HAZUS is FEMA’s software program to predict potential losses from disasters. The motivation 

for this comparison is because of the common and widespread use of HAZUS in estimating the 

vulnerability of various structures in the U.S. The present bridge fragility functions available in 

HAZUS are mainly based on the work conducted by Basoz and Mander (1999) and Dutta (1999). 

5.2 FRAGILITY FRAMEWORK 

The present chapter employs a probabilistic framework to develop fragility functions. The 

framework accounts for main uncertainty sources, including uncertainty in ground motions, bridge 

geometry, and material properties. Fragility functions provide the likelihood that a selected 

structure meets or exceeds a pre-defined limit state (i.e., damage level) given a certain ground 

motion intensity measure (IM). Here, the influence of the IM in the reliability of fragility functions 
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will be evaluated through common criteria that exist in the literature. In this framework, for each 

level of damage, the damage probability, pf, is calculated as follows: 

 /   1  I| Mfp P D C=     (15) 

where D and C respectively represent the structural demand and capacity. Assuming lognormal 

distributions for demand and capacity, Cornell et al. (2002) showed that the above-mentioned 

probability can be predicted as: 

D C

2 2

D|IM C

ln( / )
| IMf

S S
p

 

 
 = 
 +
 

   (16) 

where SD and βD|IM respectively represent the median and dispersion of the seismic demands, and 

SC and βC respectively represent the median and dispersion of the capacity. Therefore, to estimate 

the probability of damage, models are needed to compute the median and dispersion of the seismic 

demands and capacities. 

The main steps to produce the fragility curves are demonstrated in Figure 5-1. As shown in 

this figure, first, a suite of ground motions representative of the variability of seismicity for the 

area of interest is collected. Second, bridge samples are generated to be statistically representative 

of the bridge inventory. Then, computational models of sampled bridges are subjected to different 

randomly selected ground motions scaled to different intensity levels, and for every ground 

motion-bridge pair, nonlinear response history analyses are conducted. The outputs of nonlinear 

analyses, the IMs of the selected ground motion, as well as demands of different components (di), 

are set as an input for the probabilistic seismic demand model (PSDM) to calculate the SD and 

βD|IM for each component. For each component, the probabilistic seismic capacity model (PSCM) 

is developed to predict the median and dispersion of the deformation capacity, SC and βC, 
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respectively, associated with each component limit state. Given the PSDM and PSCM for a 

component, the fragility curves are generated using Eq. (2) for that component. Finally, by 

developing the component fragility curves, the fragility functions for each bridge class are. The 

following sections discuss different steps of the numerical fragility procedure in detail.  

 
Figure 5-1: Numerical fragility function procedure used in this chapter. 

 

5.3 GROUND MOTION SUITES 

The motivation of the study presented in this chapter stems from the recent increased seismicity 

rate in Texas and nearby states such as Oklahoma and Kansas, which has been attributed to recent 

petroleum activities. To represent the induced seismic hazards in Texas, due to the lack of 

historical seismic data in Texas, this chapter considers a ground motion database from induced 

earthquakes in Texas and nearby states, i.e., Oklahoma and Kansas. This database contains 200 

ground motions recorded from 36 different earthquakes in this region from 13 October 2010 to 7 

November 2016. These ground motions, which were chosen from a larger database described by 

Khosravikia et al. (2018), have been categorized as induced seismic events in the considered area 

(Frohlich et al., 2016; Petersen et al., 2016). The considered database contains 50 ground motions 

in each of four different magnitude ranges (i.e., 4.0 ≤ Mw < 4.5, 4.5 ≤ Mw < 5.0, 5.0 ≤ Mw < 5.5, and Mw 
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≥ 5.5) to represent induced earthquakes with different energy levels. Note that the maximum PGA 

recorded in the considered database is 0.6 g, which came from the 2016 M5.0 Cushing, Oklahoma 

earthquake and was recorded at a hypocentral distance of 5.2 km. Figure 5-2 presents the 

magnitude and source-to-site distance relations of the selected ground motions. 

To comparatively investigate the impacts of induced and natural earthquake characteristics on 

highway bridge infrastructure, a ground motion suite, hereafter referred to as “NGA”, representing 

200 small-to-moderate magnitude tectonic ground motions recorded in the Western U.S. are 

selected from the NGA-West2 database (Ancheta et al., 2014). As depicted in Figure 5-2, the 

ground motions are intended to have similar magnitude and source-to-site distances as those of the 

induced earthquakes considered in this chapter. The maximum PGA from the selected NGA 

database is 0.42 g. 

 
Figure 5-2: Magnitude and source-to-site distance relations of induced and NGA databases. 

 

To compare the effects of induced and New Madrid seismic hazards, this chapter considers the 

ground motion datasets developed by Wen and Wu (2001) and by Rix and Fernandez (2004). 

These databases have been utilized in many studies in the literature (Nielson and DesRoches, 
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2007a; Padgett et al., 2008; Reneckis and LaFave, 2010) to investigate the seismic fragility of 

Central U.S. civil infrastructure to New Madrid seismic hazards.  

The database developed by Wen and Wu (2001), hereafter referred to as “W&W”, consists of 

60 synthetic ground motions representing seismicity of three regions in the Central U.S., namely 

Memphis, Tennessee; Carbondale, Illinois; and St. Louis, Missouri. The database, for each site, 

consists of 20 ground motions representing seismic hazards for 2% and 10% probabilities of 

exceedance in 50 years. Regarding seismic characteristics of the ground motions, it is worth noting 

that Wen and Wu aimed to represent earthquakes with magnitudes of 5.0 to 8.0 and epicentral 

distances of 28 km to 190 km.  Besides, the PGA of the records varies between 0.04g and 0.66g. 

The second database developed by Rix and Fernandez (2004), hereafter referred to as “R&F”, 

consists of 220 ground motions representing the seismicity of Memphis, TN. The ground motions 

are generated to represent earthquakes with magnitudes of 5.0 to 8.0 and epicentral distances of 

28 km to 190 km.  The PGA of the records varies between 0.02 g and 0.76 g. 

Figure 5-3 demonstrates the mean of the 5%-damped elastic pseudo-acceleration spectra, Sa, 

of the considered ground motion normalized based on PGA. The figure shows that, for lower 

periods (T<0.25s), on average, the ground motions associated with induced and small-to-moderate 

magnitude natural seismic events contain larger values of normalized Sa than those related to New 

Madrid seismic hazard. As the period increases, the spectral shape of the induced earthquakes 

experiences a sharp reduction. That is, the spectral acceleration for induced seismic events consists 

of significantly larger values at shorter periods (i.e., from 0.1 to 0.3 seconds). This observation is 

thought to be a result of the magnitude range of these events, which are not large enough to yield 

as much seismic energy for long period waves. Finally, the difference between the frequency 

content of the two ground motion subsets representative of the New Madrid seismic hazard (i.e., 
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W&W and R&F) is mainly due to consideration of different areas with different soil conditions in 

the New Madrid region; see elsewhere for more details (Nielson, 2005). 

 
Figure 5-3: Average of response spectra normalized with respect to PGA for the ground motion subsets 

considered in this chapter. 

5.4 BRIDGE MODELING 

For seismic fragility evaluation of bridge portfolios in Texas, the bridge inventory is divided into 

different classes considering their superstructure and material type as well as span continuity and 

configuration. This approach is consistent with previous studies of portfolio-level vulnerability 

evaluation of structures, including those by Nielson (2005) and Ramanathan (2012). This chapter 

presents fragility functions for the three most common bridge types in Texas, which are multi-span 

prestressed concrete girder bridges (MSPC), multi-span simply supported steel girder bridges 

(MSSTEEL), and multi-span continuous steel girder bridges (MCSTEEL). According to National 

Bridge Inventory database (NBI, 2019), there are 12,861 MSPC, 3,007 MCSTEEL, and 3,011 

MSSTEEL bridges in Texas. While steel girder bridges are mainly concentrated in and around 

larger cities, prestressed concrete girder bridges tend to be concentrated along major interstate 

highways in Texas. This concentration of specific bridge classes near highly populated areas and 
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along major interstate thoroughfares could be of interest, as damage to these types of bridges 

during an earthquake could have a greater impact on the public and state commerce than if they 

were to occur in less densely populated regions. 

Figure 5-4 demonstrates a schematic view of a multi-span simply supported steel girder bridge 

(i.e., MSSTEEL) for demonstration purposes. Based on TxDOT’s bridge database, most steel and 

prestressed concrete girder bridges (i.e., over 70% and 90%, respectively) contain multi-column bents; 

therefore, as shown in Figure 5-4, the bent type of all bridge classes are assumed to be multi-column 

bents. As seen in the figure, the size of the bent column is generally controlled by span length and built 

year. Based on TxDOT standard and as-built bridge drawings from the 1930s to 2000s, historically, 

columns with 24- and 30-inch diameters are typically used in multi-column bents of Texas bridges. 

Nonetheless, since approximately 2008, larger column diameters, i.e., 36-inch and 42-inch columns, 

have been used in the construction of prestressed concrete girder bridges. More information regarding 

the column size and details of each bridge type is available in Khosravikia et al. (2020). 

In addition, as illustrated in Figure 5-4, steel girder bridges (both continuous and simply 

supported classes), which were typically constructed before 1990s, mainly consist of fixed and 

high-type steel expansion (rocker) bearings. Fixed bearings only accommodate rotational 

movement, whereas expansion bearings allow both rotation and horizontal translation in the 

longitudinal direction. Prestressed concrete girder bridges, conversely, employ fixed and 

expansion elastomeric bearings, which consists of elastomeric rubber pads with or without steel 

dowels (dowels are typically only employed in external girders in Texas). The elastomeric pad 

transfers horizontal load by developing a frictional force, and the steel dowels provide resistance 

through beam-like action. The dowels in expansion elastomeric bearings are placed in slotted holes 

to allow longitudinal translation.  
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TxDOT standard and as-built drawings reveal bridges typically consist of pile-bent seat 

abutments, providing active and passive resistance in the longitudinal direction. Active resistance 

is when the abutment pulls away from the backfill, where the piles beneath the abutment are the 

only elements providing resistance. In passive resistance, which is caused by the abutment pushing 

into the soil, the resistance is provided by both the soil and the piles beneath the abutment. Note 

that resistance in the transverse direction is similar to the active resistance in the longitudinal 

direction, where only piles are considered to provide resistance.  

 
Figure 5-4: Schematic view of MSSTEEL bridges. 

 

Seismic responses of bridges are mostly controlled by key bridge parameters such as number 

of spans, maximum span length, deck width, vertical under-clearance (which is related to column 

height), skew angle (i.e., the angle between the pier centerline and a line normal to the roadway 

centerline), substructure type, and year of construction. These parameters were retrieved from the 

National Bridge Inventory (NBI) and TxDOT bridge databases and were analyzed by Khosravikia 

et al. (2020) to identify general geometric trends throughout the entire bridge population, as well 
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as within each bridge class. In this regard, Khosravikia et al. (2020) developed probabilistic 

distributions for each parameter and using the Latin Hypercube Sampling (LHS) method, 

generated 64 bridge samples for each class that take into account the variation in the geometric 

parameters as well as material properties, such as concrete and reinforcing steel strength. The 

present chapter used these sampled bridges as input for the numerical analysis. 

 
Figure 5-5: Schematic view of the 3D bridge model. Hysteretic behavior examples are shown for 

longitudinal directions of elastomeric bearings and abutments as well as shear-controlled columns. 

 

The seismic performance of the 64 sampled bridges for each bridge class is simulated via a 

three-dimensional nonlinear model in the OpenSees analysis framework (McKenna et al., 2000). 

The schematic view of the three-dimensional model is shown in Figure 5-5. As depicted, beam-

column elements with concentrated translational and/or rotational springs are used to model 
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nonlinearity in columns, bent caps, and girders. Here, similar to previous studies in the literature 

(Filipov et al., 2013; Nielson and DesRoches, 2007a), the bridge deck, girders, and bent caps are 

assumed to remain elastic with no damage. Furthermore, similar to Filipov et al. (2013), the current 

study utilizes a detailed grid of beam elements to simulate girder and deck mass and stiffness, 

which are horizontally and vertically distributed. The following paragraphs briefly describe 

computational models of different bridge components. A full description of the models is available 

in Khosravikia et al. (2018). 

 Typically, bridge columns experience flexural and sometimes combined axial-flexural damage 

during an earthquake. In low-seismic regions, nonetheless, non-seismically detailed bridge 

columns could also be vulnerable to shear failure mode because of lack of confinement and 

inadequate shear reinforcement, Thus, the present study, as shown in Figure 5-5, adopted a 

concentrated plasticity model to simulate both flexural and shear behavior of columns. In such a 

model, the column behavior is simulated with elastic beam-column elements accompanied by 

nonlinear rotational springs that are zero-length elements at the bottom and top in both longitudinal 

and transverse directions. Rather than using one of the many complex response models described 

in the literature, readily available and industry-accepted nonlinear moment-rotation backbone 

behaviors defined in ASCE/SEI 41-17 (2014) were used. The backbone strength parameters 

account for flexure, shear, and lap splice failure modes and are determined according to the 

equations presented in ASCE/SEI 41-17 (2014). To define the unloading and reloading hysteretic 

behaviors, which are not defined in ASCE/SEI 41-17 (2014), the hysteretic pinching parameters 

for the moment-rotation springs defined in OpenSees, shown in Table 5-1, were calibrated using 

the experimental database on reinforced concrete column tests that were used to develop the 

ASCE/SEI 41-17 (2014) backbone parameters (2012a, 2012b). This database consists of 319 
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rectangular and 171 circular columns, which are tested under cyclic loading considering various 

levels of seismic detailing and shear reinforcement. Here, the criterion for the calibration of 

pinching parameters was the energy dissipation capacity of the column, which is equal to the area 

under the hysteresis.  Details of the calibration process are available in Khosravikia et al. (2018). 

As seen in Table 5-1, shear-critical columns typically consist of significantly more pinching than 

flexure-controlled columns. Moreover, there was no apparent difference in damage and unloading 

behavior for the flexure- and shear-controlled specimens; therefore, those parameters were kept 

the same for both types of columns. Figure 5-5, as an example, shows the hysteretic behavior of a 

shear-controlled column in the longitudinal direction. 

Table 5-1: OpenSees column hysteretic parameters. 

Parameter Description 

Flexure-

controlled 

Shear-

controlled 

PinchX Pinching factors for deformation during reloading 0.8 0.8 

PinchY Pinching factors for force during reloading 0.65 0.15 

Damage1 Damage due to ductility 0 

Damage 2 Damage due to energy 0.02 

beta Exponent used to determine the degraded unloading 

stiffness based on ductility 
0.75 

 

As indicated previously, bearings are another component with the potential to significantly 

influence the seismic behavior of bridges. The current study assumes steel bearings for steel girder 

bridges (i.e., both MSSTEEL and MCSTEEL), and elastomeric bearings for prestressed concrete 

girder bridges (i.e., MSPC). The present study simulates the behavior of both bearing types with 

nonlinear models under lateral loads, which are calibrated with the experimental data provided by 

Mander et al. (1996) and Steelman et al. (2013). Figure 5-5, as an example, shows the hysteretic 

behavior of elastomeric bearings in the longitudinal direction for a concrete girder bridge.  

Finally, nonlinear models proposed by relevant previous studies (Filipov et al., 2013; Nielson 

and DesRoches, 2007a; Pan, 2007) are used to simulate the seismic behavior of other bridge 
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components, including expansion joints, deck pounding, foundations, and abutments. An example 

of hysteretic behavior for abutments in the longitudinal direction is shown in Figure 5-5. 

Table 5-2 shows the statistics of the fundamental period of the 64 sampled bridges for each 

class. As seen in the table, the simply-supported steel girder bridge class (i.e., MSSTEEL), on 

average, consists of bridges with relatively short fundamental periods compared to continuous 

steel girder bridges. Moreover, the prestressed concrete girder bridge class generally exhibits 

longer fundamental periods compared to both simply supported and continuous steel girder 

bridges. Noteworthy is the fact that, regardless of the bridge class, the fundamental mode of 

sampled bridges is mostly determined to be a longitudinal translation mode. This observation is in 

line with relevant studies in the literature like Nielson (2005) and Padgett et al. (2008), and it is 

mostly due to three main reasons: 1) Multi-column bents lead to larger stiffness in the transverse 

direction than longitudinally; 2) Due to expansion bearings, more deformation is allowed in the 

longitudinal direction compared to transverse direction; 3) The longitudinal gap between 

abutments and girders also contributes to longer natural period of bridges in longitudinal direction. 

Table 5-2: Fundamental period statistics of the 64 sampled bridges for each class. 

 Fundamental period, Tn (sec) 

Bridge class Min Mean Max 

MCSTEEL 0.30 0.46 0.80 

MSSTEEL 0.26 0.34 0.42 

MSPC 0.49 0.80 1.47 

 

For each ground motion suite and bridge class pair, nonlinear response history analyses are 

conducted to simulate the seismic performance of the sampled bridges. In the analyses, each of the 

sampled bridges is exposed to 10 randomly selected ground motions from a specific ground motion 

suite, all of which are scaled to increasing values of PGA, varying between 0.1g to 1.0g with 

increments of 0.1g. Therefore, 640 nonlinear response history analyses are conducted for each 
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ground motion suite and bridge class pair. Considering four different ground motion suites and 

three different bridge classes results in 4480 nonlinear response history analyses. Recall that the 

maximum observed PGA from the induced earthquakes is 0.6 g, which is recorded at a hypocentral 

distance of 5.2 km from the M5.0 Cushing, Oklahoma earthquake in 2016. Nearby the earthquake 

epicenter (e.g., at distances closer than 5 km), site-specific ground motion prediction models like 

Khosravikia et al. (2019) and Zalachoris and Rathe (2019) estimate median PGA values up to 1.0g 

for earthquakes with  M≥5. Thus, this chapter scales the ground motions up to 1.0g to predict the 

seismic vulnerability of bridges at close distances to moderate magnitude earthquakes. 

In each response history analysis, the responses of columns, bearings, and abutments are 

captured since the damage is assumed to occur in these components. In particular, rotation in the 

column hinges (Rot), longitudinal and transverse deformations of fixed and expansion bearings 

(fx_L, fx_T, exp_L, and exp_T, respectively), and abutment deformations in the passive, active, 

and transverse directions (abut_P, abut_A, and abut_T, respectively) are documented in each 

analysis. The selection of rotation in column hinges for evaluating the performance of reinforced 

concrete columns is because this choice is consistent with the rotational hinge modeling approach 

used for columns in this chapter, which is recommended by ASCE 41 (2014). The maximum 

response of these parameters, together with IM of the ground motions utilized in the analyses, are 

considered as input data to feed the probabilistic seismic demand models. 

5.5 PROBABILISTIC SEISMIC DEMAND MODELS 

Probabilistic seismic demand models (PSDMs) provide relationships between the structural 

response parameter of interest and ground motion intensity measures using outcomes of nonlinear 

response history analyses. Similar to previous studies (2002; Nielson and DesRoches, 2007a; 
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Padgett et al., 2008), it is here assumed that the median of a demand parameter follows a power 

function of the IM of interest, as follows,  

D IMbS a=    (17) 

Thus, coefficients a and b are determined using linear regression in the transformed logarithmic 

space. Furthermore, similar to previous studies (Cornell et al., 2002; Nielson and DesRoches, 

2007a; Padgett et al., 2008), this chapter assumes that the conditional seismic demands follow a 

lognormal distribution, leading to a normal distribution in logarithmic space with a median of 

ln(SD) and dispersion of βD|IM. Thus, the dispersion, βD|IM, is predicted by calculating the mean 

square error of the prediction versus measured data from the numerical analysis, as follows: 

2

D

1
D|IM

[ln( ) ln( )]

2

N

i

i

d S

N
 =

−

=
−


   (18) 

where N is the number of response history analyses conducted, and di is the maximum response of 

the demand of interest in analysis i. 

 The parameters of the PSDMs developed for different demand parameters of the considered 

bridge classes with respect to different IMs and different ground motion databases can be found in 

Appendix D. The accuracy of the PSDMs in estimating the outputs from numerical analysis 

directly relies on the IM of interest. The present chapter studies the appropriateness of seven IMs, 

presented in Table 5-3, on the PSDMs developed for different components of bridges subjected to 

different seismic hazards.  
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Table 5-3: Intensity measures considered in this chapter. 

Intensity measure Description Units 

PGA Peak Ground Acceleration g 

PGV Peak Ground Velocity mm/s 

PGD Peak Ground Displacement mm 

Sa(0.2s) Spectral Acceleration at 0.2s g 

Sa(1.0s) Spectral Acceleration at 1.0s g 

Sa(Tn) Spectral Acceleration at natural period, Tn g 

Ia Arias Intensity mm/s 

 

Table 5-4: Evaluation metrics proposed by Khosravikia and Clayton (2020) for determining the optimal 

IM in developing PSDMs. 

Evaluation Metric Mathematical Equation 

Efficiency 
D|IM 1

1
r

l R


 = 

+
 

Practicality il

l
 =  

Proficiency r
r





=  

Note: l and li are respectively the demand parameter range and its 

portion covered by PSDM in logarithmic space. R is the correlation 

coefficient (Smith, 1986) of the demand parameter and its estimate from 

PSDMs. 

 

 To do so, three different features that have been typically used in the literature are considered 

in this chapter: efficiency, which demonstrates the variation of the predicted demand with respect 

to the IM of interest; practicality, which quantifies the dependency between the predicted demand 

parameter and the considered IM (Mackie and Stojadinović, 2001); and proficiency, which is the 

combination of both efficiency and practicality (Padgett et al., 2008). Recently, Khosravikia and 

Clayton (2020) proposed updates to these evaluation metrics, which are shown in Table 5-4. 

According to the mathematical equations presented in Table 5-4, the efficiency of an IM is 

quantified by parameter βr, where lower βr values indicate less dispersion around the estimated 

demand, and therefore, a more efficient IM. Practicality is quantified by parameter α, where larger 

α values indicate stronger dependency, and therefore, a more practical IM. Finally, proficiency is 
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quantified by parameter ξr, where lower ξr values refer to a more proficient IM, which not only 

provides a strong correlation between the IM and the predicted demand but also results in less 

variation around the median values. 

 
Figure 5-6: Assessment of the efficiency, practicality, and proficiency of the IMs considered in this 

chapter for different bridge classes subjected to induced earthquakes.  

 

Figure 5-6 demonstrates the efficiency, practicality, and proficiency of the IMs evaluated in 

this chapter for PSDMs of four different demand parameters of bridge classes subjected to induced 

seismic events. As seen in the figure, independent of the bridge class, PGV, as well as spectral 

accelerations at longer periods (i.e., Sa(1.0s)) and at the fundamental periods of the bridges (i.e., 

Sa(Tn)) are the top three most efficient, practical, and proficient IMs. That is, using these IMs 

compared to other IMs, such as PGA, leads to higher accuracy in PSDMs, which, in turn, results 

in more reliable estimates of the fragility functions. Moreover, Ia is a composite measure of 
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acceleration time-history and duration, and thus, it is strongly correlated with PGA. However, 

since Ia also accounts for the ground motion duration, it provides more proficiency than PGA. 

 
Figure 5-7: Assessment of the proficiency, ξr, of the IMs considered in this chapter for different bridge 

classes subjected to New Madrid (W&W, R&F) and similar magnitude Western U.S. (NGA) earthquakes. 

 

Conversely, Figure 5-7 shows the proficiency of considered IMs in the development of PSDMs 

for bridges subjected to other ground motion suites. As seen in the figure, again, PGV, Sa(1.0s), 

and Sa(Tn) are the most proficient IMs, indicating that generating fragility curves with respect to 

these IMs provides more reliability in estimating structural demands. In fact, for highway bridges, 

as seen in Figure 5-7, a similar order of IM proficiency is observed for different bridge classes 

subjected to different ground motion suites. This observation does not necessarily mean that bridge 

class and seismic hazard do not have any influence on the proficiency of a specific IM. For 
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example, Figure 5-7 shows that, for a specific IM, more proficient PSDMs are achieved for 

MSSTEEL compared to the MCSTEEL or MSPC classes. Finally, as seen in the figure, the 

selection of the bridge class has more impact than the selection of the seismic hazard on the 

proficiency values of the IMs.  

Because the values of PGV and Sa(1.0s) are strongly correlated (ATC, 1978; McGuire, 1974), 

in the next section, fragility curves are developed specifically for PGV and Sa(Tn). Additionally, 

because of the common and wide use of PGA in the literature on bridge fragility curves, this 

parameter is also considered in the next section. 

5.6 PROBABILISTIC SEISMIC CAPACITY MODELS 

In this chapter, for each bridge component, four levels of damage (i.e., limit states) are defined as 

slight, moderate, extensive, and complete. The qualitative definition of each damage state, which 

is shown in Table 5-5, follows the HAZUS framework, with slight modifications in terminology 

to be more consistent with the TxDOT Bridge Inspection Manual (2018) and the TxDOT 

“Elements” Field Inspection and Coding Manual (2001).  

Similar to past studies (Cornell et al., 2002; Nielson, 2005), capacity for damage levels is 

considered to follow a lognormal distribution with a median of SC and dispersion of βC, shown in 

Table 5-7. The values of SC and βC for bearings and abutments are based on recommendations from 

previous research such as Mander et al. (1996), Choi et al. (2004), Nielson and DesRoches (2007a). 

To be consistent with the rotational hinge modeling approach used for columns, plastic rotation 

(Rot) is used to evaluate the performance of reinforced concrete columns as recommended in 

ASCE 41 (2014). ASCE 41 (2014) proposed plastic rotations for three different pre-defined limit 

states as immediate occupancy (IO), life safety (LS), and collapse prevention (CP), which are 
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shown in Table 5-6. As seen in the table, these values depend on anl and bnl, which are defined as 

the column inelastic rotation limit for the hardening region (i.e., at peak strength) and the rotation 

limit of the strength degradation region (i.e., the point at which the column loses all strength), 

respectively.  The values anl and bnl are determined from equations in ASCE 41 (2014) based on 

axial demand-to-capacity ratios and reinforcement ratios, among other factors (See Khosravikia et 

al. (2018) for more details on the computation of anl and bnl). 

Table 5-5: Qualitative damage state descriptions.  

Damage State Description 

Slight 

Minor cracking and spalling of abutments, appearance of minor 

cracking at bridge seat, minor inelastic deformation of elastomeric 

bearing, minor spalling and cracking of columns (damage requires no 

more than cosmetic repair, and no exposed reinforcing), or minor 

cracking of the deck (distressed area less than 2% of the deck area) 

Moderate 

Moderate cracking and spalling of columns (still sound structurally), 

moderate movement of the abutment (<2 in.), prying of masonry plate 

(e.g., moderate cracking or spalling of bearing area) or severally bent 

anchor bolts, rocker bearing instability, or moderate approach 

settlement. 

Extensive 

Degrading with no collapse-shear failure of columns (structurally 

unsafe), significant inelastic bearing displacement, anchor bolt failure, 

bearing instability imminent (e.g., overturned bearing), extensive 

elastomeric pad damage, major approach settlement, vertical offset of 

the abutment 

Complete 

Collapsing of columns, no longer supported bearings which may cause 

imminent deck collapse, tilting of substructure because of foundation 

failure 

 

Table 5-6: Column limit state values suggested by ASCE 41 (2014). 

Limit state Plastic rotation 

IO 0.15 anl ≤ 0.005 

LS 0.5 bnl 

CP 0.7 bnl 
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Table 5-7: Limit state median and dispersion values for bridge components. 

Component 
Slight Moderate Extensive Complete 

SC βC SC βC SC βC SC βC 

Column rotation (rad) 0.003 0.25 0.020 0.25 0.030 0.47 0.035 0.47 

Steel fixed bearing-long (mm) 6 0.25 20 0.25 40 0.47 187 0.65 

Steel fixed bearing-trans (mm) 6 0.25 20 0.25 40 0.47 186.6 0.65 

Steel expan. bearing-long (mm) 37.4 0.6 104.2 0.55 136.1 0.59 186.6 0.65 

Steel expan. bearing-trans (mm) 6 0.25 20 0.25 40 0.47 187 0.65 

Elasto. fixed bearing-long (mm) 28.9 0.6 104.2 0.55 136.1 0.59 186.6 0.65 

Elasto. fixed bearing-trans (mm) 28.8 0.79 90.9 0.68 142.2 0.73 195 0.66 

Elasto. expan. bearing-long (mm) 28.9 0.6 104.2 0.55 136.1 0.59 186.6 0.65 

Elasto. expan. bearing-trans (mm) 28.8 0.79 90.9 0.68 142.2 0.73 195 0.66 

Abutment-passive (mm) 37 0.46 146 0.46 N/A* N/A* N/A* N/A* 

Abutment-active (mm) 9.8 0.7 37.9 0.9 77.2 0.85 N/A* N/A* 

Abutment-trans (mm) 9.8 0.7 37.9 0.9 77.2 0.85 N/A* N/A* 

*The component is not expected to experience this level of damage during an earthquake. 

 

The definition of these limit states is similar to the slight, moderate, and extensive damage 

states defined by HAZUS, respectively. Thus, the proposed values can be used for slight, moderate, 

and extensive damage states. For complete level of damage defined in Table 5-5, the present study 

considers bnl, the inelastic rotation capacity before strength loss, as the limit state value.  The limit 

state values shown in Table 5-6 depend on the column properties. By investigating columns with 

different properties considered in this chapter, it is observed that the limit state values vary between 

0.002 and 0.004 for slight damage, between 0.011 and 0.033 for moderate damage, between 0.018 

and 0.046 for extensive damage, and between 0.021 and 0.058 for complete damage. Thus, the 

median values of 0.003, 0.020, 0.030, and 0.035 are considered for slight, moderate, extensive, 

and complete levels of damage, respectively. Using a similar approach to Nielson (2005), a 

coefficient of variation (COV) of 25% is considered for slight and moderate damage, and 50% is 

adopted for extensive and complete levels of damage to consider the uncertainty in column 

capacity. These assumptions result in βC of 0.25 for slight and moderate damage, and βC of 0.47 

for extensive and complete damage according to the following equation: 
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2ln(1 COV )C = +    (19) 

5.7 FRAGILITY MODELS AND DISCUSSION 

This chapter uses Monte Carlo simulation to compute the damage probability based on the demand 

and capacity models derived for each component. In particular, random realizations produced in 

each sample of Monte Carlo simulation for both demand and capacity of a component are 

compared to determine the damage to that specific bridge component. In the simulation, the 

component PSDMs are compiled into a joint seismic probability density model (JPSDM) for the 

system to account for the correlation of the seismic demands. The JPSDM takes on a multivariate 

normal distribution in natural logarithmic space and can be fully described by a vector of mean 

demands and a covariance matrix in natural logarithmic space.  

For a given value of IM, in this chapter, 106 realizations are generated to consider uncertainty 

in the demand and capacity of components. Then, the probability of different levels of damage for 

each component at the given value of IM is computed as the number of samples exceeding the 

considered damage level divided by the total number of samples. This process is repeated for the 

range of the considered IMs to predict the damage probability for different components given 

different values of IM.  

In the Monte Carlo simulation, bridge fragility curves are generated by assuming that if any 

component exceeds any level of damage, then the whole bridge exceeds that level of damage. It is 

a conservative assumption that was introduced by Nielson and DesRoches (2007b) and has been 

used in subsequent studies such as Ramanathan (2012) and Tavares et al. (2013). In this approach, 

the probability of a particular damage level for the bridge system is the union of the damage 
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probabilities of bridge components for that damage state. Regression of the data produces fragility 

curves with a lognormal distribution, which can be characterized by a median and dispersion value.  

Figure 5-8 shows the bridge fragility curves with respect to PGA. Each row presents the 

fragility curves for one bridge class, and each column presents the fragility curves for a particular 

level of damage. The figure shows that, for a given PGA, regardless of the bridge class, induced 

earthquakes are less probable to cause damage compared to similar magnitude natural earthquakes 

in Western U.S. (i.e., NGA) and New Madrid seismic hazards (i.e., both W&W and R&F). The 

difference between the likelihood of damage from induced and non-induced earthquakes is more 

noticeable for more intense damage levels. This observation is attributed to the fact that, according 

to Figure 5-3, induced earthquakes usually consist of relatively smaller spectral accelerations in 

the range of fundamental periods of the considered bridges when all motions have the same PGA 

value. Moreover, the sharp reduction in the spectral shape of induced earthquakes reduces the 

amount of the nonlinearity experienced by the bridges (i.e., the demands drop sharply as the period 

elongates), which is the main reason for the more noticeable difference between the fragility 

functions for induced and non-induced motions at more intense levels of damage. 

Regarding the comparison with HAZUS, Figure 5-8 demonstrates that the difference between 

the developed and HAZUS fragility curves depends on the bridge classes. For simply supported 

steel and prestressed concrete girder bridges (i.e., MSSTEEL and MSPC), HAZUS overestimates 

the probability of damage for bridge infrastructure subjected to induced earthquakes. This 

overestimation is more noticeable for more intense levels of damage, which is likely because 

HAZUS is based on a standard design spectrum shape that does not experience such a sharp 

reduction in the spectral accelerations in the fundamental period range as induced earthquake 

motions for these bridge types. However, for continuous steel girder bridges, while HAZUS 
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overestimates the results of more intense levels of damage, it underestimates the likelihood of 

slight damage for this particular bridge class subjected to induced hazards. For this bridge class, 

HAZUS also underestimates the probability of slight damage for other seismic hazards, which is 

in line with findings from previous studies like Nielson et al. (2007a). 

Finally, it is worth noting that the fragility curves derived for NGA and W&W with respect to 

PGA look nearly identical and are below the ones developed based on R&F ground motions, 

especially for more intense levels of damage where greater nonlinearity is expected in the bridges. 

This observation is again because of the spectral shape of the ground motion sets shown in Figure 

5-3, where the R&F ground motions consist of larger spectral accelerations at longer periods. 

 
Figure 5-8: Bridge fragility curves with respect to PGA. 
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Conversely, according to Figure 5-9, for a given PGV, induced earthquakes have similar 

probability of damage as similar magnitude natural earthquakes in the Western U.S. (NGA), which 

is slightly more than what is expected from New Madrid seismic hazards (W&W and R&F). That 

is, using New Madrid seismic hazards for vulnerability evaluation of bridges subjected to induced 

earthquakes could underestimate the fragility of bridges with respect to PGV. This underestimation 

is most noticeable for simply supported steel girder bridges (MSSTEEL), which tend to have lower 

fundamental periods compared to the other bridge classes. 

 
Figure 5-9: Bridge fragility curves with respect to PGV. 

 

Finally, Figure 5-10 shows the fragility curves with respect to Sa(Tn). As seen in the figure, 

regardless of the bridge class, different seismic hazards cause almost identical fragility curves for 

the slight level of damage. That is, if two ground motions consist of similar value of Sa(Tn), they 
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are expected to have similar probabilities of slight damage, regardless of which hazard type they 

represent. However, for more intense levels of damage, where more nonlinearity is expected and 

thus the period elongates to values larger than Tn, induced earthquakes are least likely to cause 

damage compared to the other hazard types because of the sharp reduction in the spectral shape 

compared to the other ground motion sets. For such levels of damage, similar magnitude natural 

earthquakes from the Western U.S. (NGA) and the W&W New Madrid ground motion sets also 

have lower probabilities of damage compared to the R&F New Madrid set, which is consistent 

with the slope and reduction of spectral accelerations at elongated periods beyond Tn for these 

ground motion sets. 

 
Figure 5-10: Bridge fragility curves with respect to Sa(Tn). 
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5.8 SUMMARY AND CONCLUSION 

The recent increased rate of induced seismicity in the Central U.S. motivates the need to investigate 

the safety of infrastructure in the area, as most of the infrastructure has been built without 

considering seismic demands. The study described in this chapter focuses on bridge portfolios in 

Texas, an affected state from induced earthquakes. Furthermore, the influence of such earthquakes, 

as characterized by fragility curves, are compared with those of tectonic earthquakes with similar 

magnitude and source-to-site distance ranges from the Western U.S., as well as the New Madrid 

seismic hazard, which is the historical seismic hazard of interest in the Central U.S. Following is 

a summary of the main research findings: 

• Regardless of the bridge class, there is over 70% and 25% chance of slight to moderate levels 

of damage, respectively, for an earthquake with peak ground acceleration (PGA) of 0.6g, which 

is the maximum recorded PGA (at a hypocentral distance of 5.2 km) from an induced 

earthquake. This observation indicates there is a potential for bridges to experience damage 

during induced events in Texas.  

• The optimality assessment of various IMs in the development of fragility curves reveals that 

peak ground velocity (PGV) and spectral accelerations at 1 second (Sa(1.0s)) and at the 

fundamental period of bridges (Sa(Tn)) lead to more accurate probabilistic seismic demand 

models than PGA, peak ground displacement (PGD), and Arias Intensity (Ia), thus resulting in 

more reliable fragility functions. Similar trends are observed for all the bridge classes and 

seismic hazards considered in this chapter. 

• Depending on IM, the conclusions derived from the fragility assessment of different seismic 

hazards could be significantly different for highway bridges. For example, for a particular 

value of PGA, induced earthquakes tend to produce lower likelihoods of damage for highway 
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bridges compared to similar magnitude tectonic earthquakes, or from Western U.S. or 

compared to New Madrid seismic hazards. Conversely, for a given value of PGV, induced 

earthquakes are similar or more likely to cause damage to the considered bridges compared to 

the other seismic hazards. 

• The differences between the fragility of bridge systems to induced and non-induced seismic 

hazards are found to be mainly related to the spectral acceleration at the natural period and the 

slope of the spectral acceleration at the fundamental period of bridges. 

• Comparing proposed fragility curves with those from HAZUS indicates that continuous steel 

girder bridges in Texas are more likely to experience slight damage than what is expected from 

HAZUS. However, for more intense levels of damage, or for other bridge classes, using 

HAZUS fragility curves for estimating the fragility of Texas bridges significantly 

overestimates the probability of damage relative to the fragility curves developed in the current 

research.
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Chapter 6. SCENARIO-BASED SEISMIC RISK ASSESSMENT OF 

BRIDGE PORTFOLIOS IN TEXAS AND OKLAHOMA STATES 

6.1 INTRODUCTION 

The recent significant increase in the rate of seismicity in Texas and Oklahoma (TX and OK, 

respectively) raises concerns over the safety of infrastructure in the region, as such seismic 

activities were not accounted for in the design of these structures. Literature classified most of the 

recent earthquakes as induced earthquakes attributed to petroleum industry activities (Frohlich et 

al., 2016; Hornbach et al., 2016; Hough, 2014; Petersen et al., 2016). Previous studies on the effects 

of induced seismicity can be generally classified into two different categories, those focused on 

ground shaking estimates and those focused on damage estimates.  

 The first category consists of studies regarding hazard assessment such as the USGS one-year 

hazard maps considering induced seismicity in the region (Petersen et al., 2016, 2017) and those 

estimating the ground shaking levels from seismic events in the region. For example, Yenier et al. 

(2017), Novakovic et al. (2018), Zalachoris and Rathje (2019), and Khosravikia et al. (2019) 

developed ground motion models (GMMs) using different methods to estimate the ground shaking 

levels with various intensity measures (IMs) given the magnitude, source-to-site distance, and 

local site condition. Such models are fundamental in seismic hazard evaluation. They generally 

concluded that near the earthquake epicenter (distances less than 10 to 15 km), these earthquakes 

could cause more intense ground shaking levels than what is expected from GMMs generated for 

other regions of the Central US, suggesting increased potential for damage to nearby infrastructure. 

In such GMMs, researchers used the time-averaged shear wave velocity of the upper 30 m, Vs30, 

to characterize the local site conditions. Since there are limited in-situ Vs30 measurements for this 
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region, researchers have used geologic proxy methods based on limited field measurements (e.g., 

Kottke et al., 2012) or based on larger datasets that include P-wave seismogram estimates (e.g., 

Zalachoris et al., 2017) to estimate Vs30 values in this region. More recently, Li et al. (2020) 

proposed a new Vs30 map for TX based on the integration of geologic proxies and the 

measurements/estimates of Vs30 from the field. 

 The second category contains studies investigating the seismic vulnerability and risk of 

structures in the region. These studies, in general, found that the recent earthquakes could cause 

slight to moderate levels of damage, primarily to nonstructural building components such as 

interior finishes, plumbing, and HVAC (Chase et al., 2019) and exterior masonry veneers 

(Khosravikia, Kurkowski, et al., 2020). Liu et al. (2019) found that the life-safety risks to modern 

buildings from the recent induced earthquakes are likely to be considerably higher than what is 

expected from 2015 NEHRP Provisions (2015), which considers only natural seismicity in the 

region. Regarding bridge infrastructure, Khosravikia et al. (2018) showed that potential damages 

from such earthquakes are not insignificant, although the damage probability and severity are less 

than what is predicted by HAZUS (2003), Federal Emergency Management Agency (FEMA) 

software used for predicting regional losses from natural hazards.  

 The study presented in this chapter integrates ground motion and vulnerability studies (i.e., 

chapters 2 and 5 of this dissertation) to estimate economic loss to infrastructure from recent TX 

and OK earthquakes. The focus of this chapter is highway bridge systems, and loss, in this context, 

is characterized by the repair cost due to structural damage. Due to the ever-changing nature of 

induced seismicity and the lack of long-term data on induced earthquakes in the region, scenario-

based risk assessment is conducted in this chapter. A probabilistic framework is used to estimate 

losses using region-specific Vs30 data, GMMs, and fragility models. Monte Carlo simulation and 
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repair cost analysis generate a probabilistic estimate of the extent of damage across the region and 

the ensuing repair costs loss. This chapter compares the losses predicted by region-specific models 

with the predictions of non-region-specific models that are commonly used for risk assessment, 

such as those from FEMA’s HAZUS software (2003). 

6.2 OKLAHOMA AND TEXAS SEISMICITY 

The recent increase in seismicity in TX and OK is illustrated in Figure 6-1, which shows the 

number of earthquakes with magnitude (M) larger than or equal to 3 since 1970. The data are 

derived from the USGS earthquake catalog (https://earthquake.usgs.gov/earthquakes/search/). 

Note that 103 earthquakes are recorded in these states from 1970 to 2008, resulting in an annual 

rate of 2.6. However, this rate increased to a yearly rate of 264 since 2009. Literature has shown 

that most of these earthquakes are related to hydraulic fracturing (a.k.a. fracking) oil extraction 

practices, particularly in the injection of wastewater produced during the fracking process 

(Frohlich et al., 2016; Hornbach et al., 2016; Hough, 2014; Petersen et al., 2016). This injection 

increases the pore pressure, facilitating the release of stored tectonic stress along an adjacent fault. 

 Figure 6-1 shows that, near the peak of seismic activity in OK, in 2015 alone, 849 earthquakes 

with M ≥ 3 occurred in this state. While this rate decreased to 635 and 261 earthquakes per year 

in 2016 and 2017, respectively, due to the extraction regulations in 2015, it is still well above the 

state’s historical annual seismicity rate. Although most of the earthquakes occurred in OK, the 

seismicity rate in TX also increased considerably from a yearly rate of 1.6 before 2009 to 18.0 

since then. More importantly, unlike OK, not only is there no relative reduction in the seismicity 

rate of TX since 2015, but also with 38 earthquakes in the first six months of 2020, TX broke its 

https://earthquake.usgs.gov/earthquakes/search/
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record for the largest number of earthquakes in a given year. One of the 2020 earthquakes has a 

magnitude of 5.0, which is the maximum magnitude observed in this state since 1995. 

 Figure 6-2 shows that most of the recent earthquakes occurred in mid-OK, and in some isolated 

areas of Texas, including some metropolitan areas such the Dallas-Fort Worth region, which was 

identified as a seismically active region in the 2016 USGS  (Petersen et al., 2016) one-year seismic 

hazard maps accounting for induced earthquakes. They are typically small-to-moderate magnitude 

earthquakes (i.e., M from 3.0 to 5.8). However, such earthquakes are not considered in the design 

of structures in the region. Therefore, these earthquakes could cause damage to the surrounding 

infrastructure. The 2011 M5.7 Prague, OK, the 2012 M4.8 Timpson, TX, the 2016 M5.0 Cushing, 

OK, and the 2016 M5.8 Pawnee, OK earthquakes are four examples of recent seismic events in 

the area that were reported to cause damage to nearby infrastructure (Barbour et al., 2017; 

Ellsworth, 2013; Frohlich et al., 2014). Note that the maximum magnitude of the recent 

earthquakes observed in OK and TX, respectively, are the 2016 M5.8 Pawnee, OK and 2020 M5.0 

Mentone, TX earthquakes. 

  
Figure 6-1: Number of earthquakes with M ≥ 3 

in OK and TX since 1970. 

Figure 6-2: Location of earthquakes with M ≥ 3 

in OK and TX since 2009. 
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6.3 BRIDGE INVENTORY 

This chapter focuses on non-culvert bridges in the states of TX and OK. According to the 2019 

National Bridge Inventory database (NBI, 2019), there are 34,302 and 15,778 non-culvert bridges 

in TX and OK, respectively. Figure 6-3 shows the location of these bridges in both states. In OK, 

the bridges are more evenly distributed throughout the state, while in TX, most of the bridges are 

built within or close to metropolitan areas. Concerns arise when the areas with the densest bridge 

inventory align with those areas of seismic activities, such as areas like the Dallas-Fort Worth 

Metroplex and Oklahoma City.  

 
Figure 6-3: Highway bridge locations in TX and OK. 

 

 Table 6-1 shows the six common bridge classes, categorized based on their superstructure, as 

well as their frequency in TX and OK. These bridge classes account for approximately 80% and 

88% of bridges in TX and OK, respectively. This chapter investigates the impact of earthquakes 

on these bridge classes only. Note that, as seen in Table 6-1, multi-span simply-supported 

prestressed girder (MSPC) bridges are the most common bridge class in TX, while Multi-span 

simply-supported steel girder (MSSTEEL) bridges are more frequent in OK.  
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Table 6-1: Common bridge classes and their frequency in TX and OK. 

Bridge Class Abbreviation TX OK 

Multi-span continuous steel girder bridges MCSTEEL 3,007 8.8% 937 5.9% 

Multi-span simply-supported steel girder bridges MSSTEEL 3,011 8.8% 6,249 39.6% 

Multi-span simply-supported prestressed girder bridges MSPC 12,861 37.5% 4,083 25.9% 

Multi-span simply-supported concrete girder bridges MSRC 4,696 13.7% 514 3.3% 

Multi-span continuous concrete slabs MCRC-Slab 1,563 4.6% 842 5.3% 

Multi-span simply-supported concrete slabs MSRC-Slab 2,172 6.3% 1,230 7.8% 

Others - 6,992 20.4% 1,923 12.2% 

Total - 34,302  15,778  

6.4 LOSS ASSESSMENT FRAMEWORK 

Figure 6-4 demonstrates the framework utilized in this chapter to estimate the scenario-based 

earthquake repair costs for highway bridges. As seen in the figure, the first step is gathering Vs30 

data to characterize local site conditions. This Vs30 data and the scenario magnitude are used in 

ground motion models (GMMs) to estimate the shaking levels around the earthquake epicenter for 

a specific scenario. The study presented in this chapter utilizes a probabilistic approach of 

estimating ground motion intensity measures around the earthquake epicenter considering the 

spatial correlation of the intensities at different locations based on the procedure proposed by 

Jayaram and Baker (2009). Then, the framework uses fragility functions assigned to different 

bridge classes to determine the probability of varying degrees of damage (e.g., slight, moderate, 

extensive, and complete) for every single bridge given the ground shaking level at the bridge 

location. Bridge location and construction data are retrieved from the National Bridge Inventory 

website (NBI, 2019). After that, Monte Carlo simulation (MCS) is conducted to generate different 

realizations of damage across the region. Finally, repair costs are estimated for each realization of 

the MCS, and the distribution of the economic loss is derived for the considered earthquake. In the 

following sections, each step of this framework is discussed in detail. 
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Figure 6-4: Loss assessment framework. 

6.4.1 Vs30 Data 

Vs30 is a common measure of the local site condition, and it is generally used in GMMs to assess 

ground motion amplifications (e.g., Boore et al., 2014; Zalachoris and Rathje, 2019). In the Central 

and Eastern North America (CENA), only 6% of the stations included in the NGA-East database 

have measured Vs30 values (Goulet et al., 2014). Therefore, due to the lack of existing in-situ 

measurements of Vs30, researchers used proxy or P-wave seismogram methods to estimate the Vs30 

at different recording stations in this region. The present study utilizes Vs30 data generated by 

Zalachoris and Rathje (2017) using the P-wave seismogram method for the state of OK. It has been 

shown that the P-wave seismogram method provides less bias and variability than proxy methods 

(Kim et al., 2016). For TX, the integrated Vs30 map generated by Li et al. (2020) is used in this 

chapter. The generated map is based on recent in-situ measurements of Vs30 in the state, a geologic 

proxy for Vs30 according to rock type and geologic age, and geostatistical kriging integrating the 

geologic proxy estimations of Vs30 along with the Vs30 measurements. These studies provide the 

most up-to-date Vs30 data for OK and TX. Prior to such region-specific studies, one would likely 

use the global slope-based Vs30 map provided by USGS (2020), which is based on correlations with 

topographic slope (Allen and Wald, 2009; Wald and Allen, 2007). 
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 Figure 6-5 shows the Vs30 topographic slope map provided by USGS as well as the updated 

Vs30 map derived from region-specific studies, including Zalachoris and Rathje (2017) for OK and 

Li et al. (2020) for TX. The figure also shows the ratio between the updated and USGS Vs30 values 

as a reference. As seen, for the eastern and southern parts of TX, Vs30 data are generally estimated 

to be lower than from the USGS Vs30 map, while for other parts of TX, the updated Vs30 data are 

larger than estimated by the USGS map. For OK, the regional Vs30 estimates tend to be larger than 

USGS estimates. Such differences are likely due to the limited availability of Vs30 measurements 

in TX and OK when creating the Vs30 topographic slope map provided by USGS. 

 
Figure 6-5: Vs30 estimates for TX and OK. 

6.4.2 Ground Motion Models 

Ground motion models (GMMs) estimate intensity measures (IMs) such as peak ground 

acceleration and velocity (PGA and PGV, respectively) given earthquake magnitude, source-to-

site distance, and local site condition (e.g., Vs30). In this chapter, the region-specific GMMs 

developed by Khosravikia et al. (2019) (i.e., those presented in Chapter 2 of this dissertation) are 

utilized to forecast the ground shaking levels from the recent earthquakes in the region. 

Khosravikia et al. (2019) used a database of 4528 ground motion recordings (Zalachoris and 

Rathje, 2019) corresponding to 376 natural and induced seismic events recorded at 209 different 
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seismic stations in TX, OK, and Kansas (KS) since 2005. The database consists of earthquakes 

with a magnitude of 3 to 5.8 recorded at hypocentral distances ranging from 4 to 500 km.  

 As an example, Figure 6-6 shows the PGV-distance relations of the ground motions recorded 

in this region along with the corresponding attenuation curves derived from their GMMs. As seen 

in the figure, the ground motions follow a pronounced trilinear amplitude decay function, which 

is adequately captured by the GMM. The figure also shows the attenuation curves derived from 

Hassani and Atkinson (2015) GMMs as a reference. The Hassani and Atkinson (2015) GMMs are 

generated for CENA as part of the Next Generation Attenuation (NGA)-East project by adjusting 

Boore et al. (2014) GMMs based on the CENA ground motion database. The differences between 

the Khosravikia et al. (2019) and Hassani and Atkinson (2015) attenuation curves demonstrate the 

necessity of using region-specific GMMs. Later, in the chapter, it is investigated how the use of 

these two different sets of GMMs affects the bridge loss estimates in the region. 

 
Figure 6-6: The PGV to distance relations for different magnitude ranges. 

6.4.3 Fragility Models 

Fragility models are typically used in the literature to evaluate the seismic vulnerability of different 

types of structures; see, for example, Choi et al. (2004), Park et al. (2009), and Zanini et al. (2013) 
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among many other studies. Fragility models provide the probability that a particular structure 

meets or exceeds predefined levels of damage (e.g., slight, moderate, extensive, and complete) 

given the ground IMs such as PGA and PGV. 

 In this chapter, the region-specific fragility functions developed by Khosravikia et al. (2018) 

(i.e., those presented in Chapter 5 of this dissertation) for multiple IMs are employed to assess the 

vulnerability of bridges. They investigated the fragility of different bridge types in TX by 

characterizing seismic hazards in TX and surrounding states (i.e., OK and KS), developing 

computational bridge models, and conducting nonlinear response history analyses using hazard-

consistent ground motions. Figure 6-7, as an example, shows the fragility models with respect to 

PGV for various bridge types in TX. The proposed fragility functions are assumed to follow 

lognormal distributions that can be characterized by median and dispersion values.  

 
Figure 6-7: Region-specific fragility functions with respect to PGV for different bridge classes 

(reproduced from Khosravikia et al. (2018)). 

 

 Although these fragility functions are initially generated for TX as part of a research project 

funded by the Texas Department of Transportation (TxDOT), they are applicable to evaluate the 

fragility of bridges in OK because of two main reasons: 1) For nonlinear response history analyses, 

Khosravikia et al. (2018) used a database of ground motions recorded in TX, OK, and KS to 

investigate the vulnerability of non-seismically detailed bridges in this region. 2) Most bridges in 

Slight Moderate Extensive Complete
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OK (i.e., approximately 66%) are non-seismically detailed, including those constructed before 

1980s and those in non-seismically active regions provided by 2009 AASHTO Guide 

Specifications for LRFD Seismic Bridge Design (AASHTO, 2009) that only accounts for historic 

tectonic earthquakes in the region. More importantly, the probabilistic distributions of key bridge 

characteristics (e.g., number of spans, span length, deck width, column height, substructure type, 

and year of construction) considered in the development of the sample bridges in the fragility 

study, are similar in OK and TX. Figure 6-8, as an example, shows the distribution of span length 

and deck width for MCSTEEL, MSSTEEL, and MSPC bridges classes in TX and OK (NBI, 2019), 

which are similar for both states. Similar trends are observed for other characteristics and other 

bridge classes used in this chapter. Thus, the study presented in this chapter uses these fragility 

functions to evaluate the fragility of bridges in TX and OK.  

 
Figure 6-8: Distribution of the span length and deck width for MSSTEEL, MCSTEEL, and MSPC bridges 

in TX and OK. Mean (µ) and standard deviation (σ) of the distributions are also shown in each plot as a 

reference. 
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 Khosravikia and Clayton (2020) investigated the impact of the IM of interest in the reliability 

of bridge fragility models derived for induced earthquakes. They found that PGV tends to provide 

the most reliable estimates compared to other IMs such as PGA, and spectral accelerations at 

distinct periods. Thus, here, PGV is used as an indicator of ground shaking levels to determine the 

bridge fragility. The impact of the IM of interest in the economic loss estimates is also investigated 

in this chapter. 

 
Figure 6-9: Khosravikia et al. (2018) and HAZUS fragility curves per PGA for MSPC bridges. 

 

 Loss estimates using region-specific fragility models are also compared with those using 

FEMA’s HAZUS (2003) software fragility models. Figure 6-9, as an example, compares the 

HAZUS and Khosravikia et al. (2018) fragility models for non-seismically detailed MSPC bridge 

classes. Since the HAZUS fragility models are given in terms of PGA (Basoz and Mander, 1999), 

the IM of interest is PGA in the figure. The figure shows that, regardless of damage level, for a 

given PGA, HAZUS generally predicts a larger damage probability. This observation is more 

noticeable for more intense levels of damage and larger values of PGA. Similar trends are also 

observed for other bridge classes. Note that this observation is not because of the seismic design 

HAZUS

Khosravikia et al. 

(2018)
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and detailing of the bridges in TX and OK. Instead, it is largely due to the spectral shape 

characteristics of the seismic hazard in this region. For instance, the earthquakes in TX and OK 

are generally shorter duration and smaller magnitudes, providing less seismic energy for long 

period waves, and therefore, causing less damage as structural period elongate due to inelastic 

behavior; see Khosravikia et al. (2018) and Chase et al. (2019) for more details. 

6.4.4 Monte Carlo Simulation 

In this chapter, portfolio-level damage is predicted using Monte Carlo simulation (MCS). In each 

MCS realization, the ground shaking levels are predicted using Khosravikia et al. (2019) GMMs. 

The study presented in this chapter adopts a probabilistic approach of estimating ground motion 

intensity measures. In this approach, first, the median intensity measure is estimated by the GMMs. 

Second, the inter-event residual, which is constant at different locations for a certain earthquake, 

is randomly generated in each realization. Then, the intra-event residuals in each realization are 

generated considering the spatial correlation models suggested by Jayram and Baker (2009). The 

sum of the median, inter-event, and intra-event residuals produces the intensity estimates in each 

MCS realization. 

 Given the estimated shaking levels in each MCS realization, the probability of different 

damage levels for each bridge is calculated using the corresponding fragility functions assigned 

for that bridge. Recall that since PGV provides the most reliable estimates of the bridge fragility 

(Khosravikia and Clayton, 2020), this IM is used as the primary metric in determining the ground 

shaking levels and damage probabilities. Then, in each realization, a damage level is randomly 

assigned to each bridge depending on the probabilities of different levels of damage calculated for 

that bridge. This process is repeated for all bridges within a square area of 3,600 km2 centered at 

the earthquake epicenter to generate one realization of portfolio-level damage in the MCS. The 
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considered square area covers the extents of possible bridge damage from all scenarios in this 

chapter. Larger areas may need to be considered for larger magnitude earthquakes. 

 
Figure 6-10: Ground shaking level estimates and bridge conditions in one Monte Carlo realization for an 

earthquake with M5 in Irving, TX.  

 

 Figure 6-10a, as an example, shows one realization of the MCS for a hypothetical M5 

earthquake in Irving, which is a part of the Dallas–Fort Worth metroplex in TX. The latitude and 

longitude of the assumed earthquake are respectively 32.844 and -96.911, and the epicentral depth 

is assumed to be 5 km. In the considered area, there are 2,341 bridges within the six bridge classes 

in the scope of this study. As seen in the figure, 83 of these bridges, in this realization, experience 

slight level of damage, three experience moderate damage, and two experience extensive damage. 

Note that, in this realization, no bridge experiences complete level of damage, which is reasonable 

considering the magnitude of this scenario. 

 Moreover, Figure 6-10b shows that most of the damaged bridges in this realization belong to 

the MSPC bridge classes. This observation is because this bridge class is more frequent in the 

region and is more vulnerable (see Figure 6-7) than other bridge classes. Figure 6-10 shows only 

(a) Ground shaking level and bridge 

conditions

(b) Number of damaged bridges and their 

corresponding bridge class
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one realization of the MCS, representing one potential damage scenario. In this chapter, 1,000 

realizations are generated to account for variability in the regional intensity and damage prediction.  

6.4.5 Repair Cost Analysis 

The repair cost is estimated for each realization in the MCS. The repair cost of a damaged bridge, 

in this chapter, is estimated as a fraction of the construction cost using the repair cost ratios 

proposed by Basoz and Mander (1999), as shown in Table 6-2. These ratios form the basis of 

bridge repair cost estimates in the HAZUS software (2003). 

Table 6-2: Repair cost ratios suggested by Basoz and Mander (1999). 

Damage state Repair cost ratio 

Slight 0.03 

Moderate 0.08 

Extensive 0.25 

Complete 1.0 (if n < 3)* 

 2.0/n (if n ≥ 3)* 

*Note: n represents the number of spans 

  

 The construction cost of the bridges, in this chapter, is predicted based on the deck area of the 

bridges (retrieved from the NBI database) and the unit cost of construction per deck area, which 

depends on the bridge type. The information regarding the unit cost of construction for OK is 

retrieved from NBI database (NBI, 2019). However, the NBI database does not include 

construction cost data for TX bridges; thus, for TX, the cost data are retrieved from the Texas 

Department of Transportation (TxDOT) construction reports (2020) from 2011 to 2019. Table 6-3 

shows the statistics for the unit construction cost for different bridge classes in TX and OK. These 

statistics are adjusted to 2020 costs based on an assumed yearly inflation rate of 3%.  

 The uncertainty in the unit cost of construction is determined by fitting a distribution to the 

cost data for each bridge class. Based on Kolmogorov–Smirnov (Justel et al., 1997), Anderson-

Darling (Anderson and Darling, 1952), and Chi-Squared (Cochran, 1952) goodness-of-fit tests, it 
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is determined that lognormal distribution has an acceptable goodness of fit to the data at a 

significance level of 0.01. Thus, it is assumed that the unit construction cost of each bridge class 

follows a lognormal distribution with the characteristics presented in the table. 

Table 6-3: Unit cost of construction of common bridge classes in TX and OK. 

  Statistics of the data ($/m2) Fitted distribution 

 Bridge Class Min Max Mean Median Std. Distribution λ*  ζ* 

TX 

bridges 

MCSTEEL 980 2,315 1,567 1,510 366 Lognormal 7.332 0.222 

MSSTEEL 980 2,315 1,567 1,510 366 Lognormal 7.332 0.222 

MSPC 616 2,016 941 823 369 Lognormal 6.792 0.309 

MCRC-Slab 585 1,907 1,122 1,061 338 Lognormal 6.982 0.289 

MSRC-Slab 585 1,907 1,122 1,061 338 Lognormal 6.982 0.289 

MSRC 646 996 766 732 138 Lognormal 6.629 0.151 

OK 

bridges 

MCSTEEL 81 5,096 1,547 1,368 811 Lognormal 7.221 0.497 

MSSTEEL 89 5,939 2,464 2,388 926 Lognormal 7.730 0.420 

MSPC 66 5,996 1,341 1,349 598 Lognormal 7.105 0.460 

MCRC-Slab 72 5,437 2,353 2,401 708 Lognormal 7.715 0.330 

MSRC-Slab 183 5,775 2,550 2,548 732 Lognormal 7.796 0.330 

MSRC 122 5,932 2,094 1,781 986 Lognormal 7.534 0.491 

*Note: λ and ζ are the statistics of the lognormal distribution fitted to the data, and they respectively 

represent the mean and standard deviation of the log of the distribution. 

 

6.5 SCENARIO-BASED LOSS ASSESSMENT 

As noted, for each earthquake scenario, 1,000 Monte Carlo realizations are generated to produce 

probabilistic estimates of the portfolio level of bridge damage and ensuing loss. The following 

sections discuss results for hypothetical and real earthquakes of different magnitudes in TX and 

OK. Validation of the framework with real past earthquakes is also discussed later in this section. 

6.5.1 Different Magnitude Earthquakes in Irving, TX 

Recall that PGV, updated Vs30 maps, region-specific ground motion, and fragility models are used 

to produce the realization for an earthquake with M5 in Irving, TX shown in Figure 6-10. Figure 

6-11a shows the distribution of the number of damaged bridges along with their damage severity 

for this earthquake after generating 1000 realizations. As seen in the figure, among 2,341 bridges 
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in the considered area, it is expected that 133 of them experience slight damage, and only a few of 

them (less than 6) tend to experience moderate damage. Neither extensive damage nor collapse is 

expected for such an earthquake in Irving.  

 
Figure 6-11: Distribution of damage and economic loss estimates for an earthquake with M5 in Irving, 

TX.  

 

 Figure 6-11b shows the distribution of the repair cost for this earthquake across the 1000 

realizations. As seen, the median of repair costs to the highway bridge systems due to the 

earthquake is 22.02 million dollars. These results only account for direct loss due to structural 

bridge damage. After an earthquake, the damaged bridges should be partially or fully closed for 

inspection and/or repair, leading to an increase in network travel time, which is defined as an 

indirect loss. Literature shows that indirect losses due to damaged bridges in a transportation 

network are in the range of 5 to 20 times the direct losses (ATC, 1991). Therefore, a moderate 

magnitude earthquake in a metropolitan area like Dallas-Fort Work could result in non-negligible 

direct repair costs, as well as the potential to cause disruptions in people’s lives by significantly 

affecting transportation system functionality. Therefore, caution should be taken when it comes to 

the induced earthquakes in TX and OK.  
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Figure 6-12: Distribution of damage and economic loss estimates for earthquakes with M4 and M5.8 in 

Irving, TX. 

 

 To investigate the impact of magnitude on the earthquake consequences, Figure 6-12 presents 

the damage and loss estimates from earthquakes with M4 and M5.8 in that region. As seen, for an 

earthquake with M4 in Irving, the median economic loss estimates go down to approximately 60 

thousand dollars. Further analyses of various scenarios not shown here indicate that a magnitude 

of 3.9 is the threshold for observing damage to highway bridges in this region. Figure 6-12 also 

demonstrates that as the earthquake magnitude increases from 5 to 5.8, the median economic loss 

is almost tripled. Note that M5.8 is the maximum magnitude observed from a human-induced 

earthquake in the region, which happened in Pawnee, OK in 2016. Comparing Figure 6-11 and 

Figure 6-12 reveal that the increase in the economic loss with increasing earthquake magnitudes 

is mainly due to the increase in the number of bridges experiencing slight-to-moderate levels of 
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damage, and it is not due to a significant increase in the severity of the damage across the portfolio. 

In fact, the median of the number of slightly and moderately damaged bridges respectively 

increases from 133 to 308 and from 6 to 21 when the magnitude increases from 5.0 to 5.8, while 

there is no noticeable change in the number of more severely damaged bridges. 

6.5.2 Different Magnitude Earthquakes in Oklahoma City 

Oklahoma City is a metropolitan area in OK located in the seismically active zones identified in 

the 2017 USGS one-year seismic hazard map (Petersen et al., 2017). Thus, the consequences of 

three hypothetical scenarios with magnitudes of 4, 5, and 5.8 in this area are considered to 

investigate the effects of different magnitude earthquakes in metropolitan regions of OK. The 

latitude, longitude, and depth of these earthquakes are assumed to be 35.462, -97.495, and 5 km, 

respectively. 

 
Figure 6-13: Ground shaking level estimates and bridge conditions in one Monte Carlo realization for an 

earthquake with M5 in Oklahoma City, OK.  

 

 Figure 6-13, as an example, shows one Monte Carlo realization for an earthquake with M5.0 

in Oklahoma City. As seen in the figure, 646 bridges exist in the considered area, and in the 

presented realization, 65 of them experience slight damage, two of them experience moderate 
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damage, and one experiences extensive damage levels. The damaged bridges are primarily from 

the MSPC, MCSTEEL, and MSSTEEL bridge classes, due to the frequency of these bridge classes 

close to the earthquake epicenter.  

 
Figure 6-14: Distribution of damage and economic loss estimates for earthquakes with M5 and M5.8 in 

Oklahoma City, OK. 

 

 Figure 6-14 shows the distribution of the number of damaged bridges as well as the ensuing 

repair costs from the MCS for earthquakes with M5 and M5.8. The results from M4 are not shown 

in the figure since M4.1 is found to be the threshold at which damage is observed for this location, 

so no damage is observed in the M4 scenario. According to Figure 6-14, similar to the Dallas-Fort 

Worth area, the damage is mainly expected to range from slight to moderate. Figure 6-14 shows 

that an earthquake with M5 is expected to cause 50 bridges to experience slight damage, which 

increases to 120 bridges for an earthquake with M5.8. In Oklahoma City, median repair costs are 
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estimated to be 8.31 and 27.79 million dollars for earthquakes with M5 and M5.8, respectively. 

Note that the median repair cost from an earthquake in the Oklahoma City metropolitan area is 

less than that of same magnitude earthquake in the Dallas-Fort Worth area. This observation is 

mainly due to the number of bridges in these areas, as Dallas-Fort Worth is more densely populated 

than Oklahoma City. 

6.5.3 Benefits of Region-specific Information  

As noted, updated Vs30 maps, region-specific ground motion, and fragility models are used in this 

chapter for risk assessment of bridge infrastructure. In addition, according to the regional study 

conducted by Khosravikia and Clayton (2020), PGV is used in the analyses as the IM of interest 

in ground motion and structural fragility models. In the absence of such information, slope-based 

Vs30 data from USGS, GMMs for the Central and Eastern U.S. like those from Hassani and 

Atkinson (2015), and HAZUS fragility functions would likely be used for risk assessment. Note 

that since HAZUS fragility functions are based on PGA, this IM should be used in this case as the 

IM of interest. By replacing these models with the region-specific information in the risk 

framework and repeating the MCS and repair cost analyses, Figure 6-15 compares the median 

repair cost with and without region-specific knowledge for different magnitude earthquakes in 

Irving, TX. As seen in the figure, generally, there is a significant difference between the cost 

estimates with and without region-specific information. This difference becomes more and more 

noticeable as the earthquake magnitude increases. For example, the median cost of $66 million for 

an earthquake with M5.8 event would be estimated as $1,000 million (an increase of more than 15 

times) in the absence of region-specific information.  

 Such a significant difference raises two questions: 1) How do different models used within the 

framework (e.g., IM, Vs30 data, GMMs, and fragility models) contribute to this difference between 
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loss predictions? And 2) which combination of models are more reliable in estimating losses from 

real seismic events in this region? Each of these questions is discussed separately below. 

 
Figure 6-15: Median repair cost for different magnitude earthquakes in Irving, TX, with and without 

region-specific information. Note that the repair cost is shown in log-scale. 

 

 Figure 6-16 shows the contribution of each assumption in the loss estimates for the earthquake 

with M5.8 in Irving, TX. In general, incorporation of each region-specific models leads to a 

reduction in the median repair cost. This decrease is more noticeable for fragility models (i.e., 

comparison of Case 1 and Case 2). In fact, as discussed in Figure 6-9, HAZUS fragility models 

overestimate the damage probability in this region, leading to significantly larger repair cost 

estimates. Moreover, the reduction due to the use of region-specific GMMs is mainly due to two 

reasons: 1) As discussed in Figure 6-6, the ground motion amplitudes from induced earthquakes 

diminish more quickly with distance compared to the general CENA GMMs (e.g., Hassani and 

Atkinson, 2015) based on natural seismicity. 2) CENA GMMs (e.g., Hassani and Atkinson, 2015) 

typically assume Vs30 scaling from the NGA-West models, which have been shown to overestimate 

site amplification for CENA conditions (Zalachoris and Rathje, 2019). Furthermore, comparing 

the estimates from Case 4 and Case 5 in the figure shows that there is a noticeable difference in 

results based on the selection of IM. Using PGA and its corresponding GMM and fragility models 
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almost tripled the repair cost estimates compared to PGV. Note that Khosravikia and Clayton 

(2020) recommended the use of PGV to increase the reliability of the fragility assessment. 

 
Figure 6-16: Contribution of region-specific knowledge in estimating repair cost for the M5.8 earthquake 

in Irving, TX. Case 1 represents without-region specific information, while Case 5 represents the region-

specific information. Note that HA15 and KCN19 respectively represent Hassani and Atkinson (2015) 

and Khosravikia et al. (2019) GMMs, and FK18 represents Khosravikia et al. (2018) fragility functions. 

 

 To investigate the reliability of loss predictions using models with and without region-specific 

information, the framework is used to estimate the highway bridge repair costs from two real 

seismic events in this region. The first one is the March 2020 Mentone, TX earthquake with M5. 

The latitude, longitude, and depth of this earthquake were respectively 31.708, -104.039, and 6.6 

km. Figure 6-17a shows the ground shaking levels and bridge conditions nearby the earthquake 

epicenter using the region-specific information from one realization of MCS. As seen in the figure, 

this event was in a rural location, so there were only five bridges considered around the epicenter, 

and none of them experienced damage in the MCS. This observation is consistent with the Texas 

Department of Transportation (TxDOT) inspection results (T. Ellis, personal conversation, April 

2020). However, without region-specific information (i.e., with modeling assumptions presented 
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in Case 1 in Figure 6-16), the median value of the number of slightly damaged bridges is 0.8, 

leading to a median repair cost of $27,802. 

 
Figure 6-17: Ground shaking levels and bridge conditions from one Monte Carlo realization after the 

2020 M5 Mentone, TX and 2016 M5.8 Pawnee, OK earthquakes using region-specific information. 

 

 The second event is the September 2016 Pawnee, OK earthquake with M5.8 and depth of 5.6 

km. The latitude and longitude of this earthquake are respectively 36.425 and -96.929. Figure 

6-17b shows the ground shaking levels and bridge conditions after this earthquake in one 

realization of the MCS. There are 207 bridges nearby the epicenter, among which 2 of them (1 

MSSTEEL and 1 MSPC) experience slight damage in the presented realization. 

 The distributions of damage and ensuing loss for the Pawnee earthquake after generating 1000 

Monte Carlo realizations are shown in Figure 6-18. As seen in the figure, using region-specific 

information, it is expected that five bridges experience slight damage with a median repair cost of 

approximately $90,000, and no higher levels of damage are expected. For comparison, the Clayton 

et al. (2016) Geotechnical Extreme Events Reconnaissance (GEER) report documented two 

slightly damaged bridges after this earthquake. Moreover, in the post-earthquake response plan by 

Oklahoma Department of Transportation (2017), it is noted that after this earthquake, only a few 
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bridges experienced slight levels of damage. Thus, for the 2016 M5.8 Pawnee OK earthquake, the 

estimates using region-specific information are consistent with the findings of on-site inspections 

made after the earthquake. However, as seen in Figure 6-18, without region-specific information 

(i.e., using PGA, slope-based USGS Vs30 data, Hassani and Atkinson (2015) GMMs, and HAZUS 

fragility models), the loss estimates would increase to approximately 17 million dollars (increasing 

by a factor of more than 188), which significantly overestimates the observed bridge damage and 

repair costs from this particular events. The observations from these two seismic events 

corroborate the validity of the proposed loss framework and the necessity of using region-specific 

information in estimating the loss associated with highway bridges for earthquakes in TX and OK. 

 
Figure 6-18: Damage and ensuing loss estimates after 2016 M 5.8 Pawnee, OK earthquake. 
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6.6 SUMMARY AND CONCLUSION 

The study presented in this chapter evaluates the risk of the recent induced earthquakes on highway 

bridge portfolios in TX and OK to help state officials and communities in the region to plan for 

future earthquakes. Risk, in this context, is characterized by economic losses associated with the 

repair of structural damage. Region-specific Vs30 maps characterizing the local site conditions, 

region-specific ground motion models predicting ground shaking levels, as well as region-specific 

structural fragility models estimating the probability of damage and its severity given the shaking 

levels, have been adopted. Using MCS and repair cost analysis, a probabilistic estimate of the 

extent of damage across the region and the ensuing loss is generated for different earthquakes in 

this region. Here is the summary of the findings of this chapter: 

• Magnitude 4 is approximately the threshold for damage to bridge infrastructure in Dallas-Fort 

Worth and Oklahoma City metropolitan areas. 

• Moderate magnitude earthquakes (from 5 to 5.8) could cost on the order of tens of millions of 

dollars of loss to highway bridges in metropolitan areas like Irving, TX, or Oklahoma City, 

OK. 

• An increase in magnitude from 5 to 5.8 could triple the economic loss to bridge systems in this 

region, which is largely due to the increases in the number of slightly damaged bridges 

associated with the larger distance over which shaking is felt. The larger magnitude 5.8 event 

is still not expected to produce many severely damaged (extensive or complete) bridges. 

• The recent induced earthquakes in TX and OK require region- and hazard-specific ground 

motion and fragility models to achieve reliable risk assessments.  
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• Using HAZUS for estimating the fragility of bridge infrastructure in this region could 

significantly overestimate the economic loss estimates. This overestimation becomes more 

noticeable as the magnitude of the earthquake increases.  

 The results of the study presented in this chapter can be used to identify the bridges contributing 

most to potential future losses and to inform pre-earthquake mitigation planning.
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Chapter 7. CONCLUSIONS AND FUTURE WORK 

The main contributions of the studies presented in this dissertation are provided in the Introduction 

chapter of this dissertation. This chapter discusses the research approach from a broader 

perspective. Several directions and tasks for future research are also suggested. 

7.1 SUMMARY OF RESEARCH APPROACH 

The research approaches presented in this dissertation are part of a larger vision of integrating 

artificial intelligence, systems engineering, structural, and earthquake engineering to simulate 

responses of civil infrastructure to seismic hazards in both structural and regional levels. The goal 

of this vision is to build from existing datasets to achieve reliable and computationally efficient 

predictions of earthquake impacts on structures and systems. ShakeRisk is a computer package that 

takes a step towards this vision, as it combines models, methods, and analyses from artificial 

intelligence, systems engineering, and structural and earthquake engineering into a 

computationally-efficient analysis platform. The clean architecture and object-oriented 

programming language employed in ShakeRisk allows it to be easily extended, which makes it an 

appropriate platform for future growth toward this vision.  

The present dissertation focuses on the combination of data science with structural and 

earthquake engineering to develop a state-of-the-art framework to characterize seismic demand 

and to evaluate the vulnerability of structures in a more reliable way. This framework is applied to 

evaluate the impact of Central U.S. induced earthquakes on residential building masonry façades 

and highway bridges. The motivation for this investigation is based on the recent dramatic increase 
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in seismicity in the Central U.S., particularly in the states of Oklahoma, Texas, and Kansas, due to 

the more intense oil and gas activities starting in 2009.  

7.2 SUMMARY OF APPLICATION-SPECIFIC FINDINGS 

In this dissertation, each main chapter (Chapter 2 through 6) is a self-contained journal article that 

includes its own conclusions and summary of findings. Here, a summary of key takeaways from 

the evaluation of Central U.S. induced earthquakes is provided. 

• The recent induced earthquakes in the Central U.S. necessitate region- and hazard-specific 

ground motion and fragility models to achieve reliable risk assessments. For instance, using 

widely accepted HAZUS models to estimate the fragility of bridge infrastructure in this region 

could significantly overestimate economic loss predictions. This overestimation becomes more 

noticeable as the magnitude of the earthquake increases.  

• Induced earthquakes in the Texas, Oklahoma, and Kansas region tend to have higher shaking 

amplitudes at short epicentral distances compared to natural earthquakes in the broader Central 

and Eastern North America.  

• Induced earthquakes have the potential to adversely affect bridge infrastructure and masonry 

façades on residential buildings. The severity of damage to highway bridges and masonry 

veneers from induced earthquakes are expected to be in the range of slight to moderate levels 

of damage.  

• Depending on the intensity measure, the conclusions derived from the fragility assessment of 

different seismic hazards could be significantly different for bridges and masonry veneers. The 

differences between the fragility of structures to induced and non-induced seismic hazards are 

found to be mainly related to the spectral acceleration at the natural period and the slope of the 
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acceleration response spectrum at the fundamental period of the structure. 

• Peak ground velocity (PGV) is found to be a more reliable intensity measure for evaluating 

ground shaking intensity, structural vulnerability, and risk in the Central U.S. compared to 

peak ground acceleration, peak ground displacement, arias intensity, and spectral acceleration 

at discrete periods. 

• Magnitude 4 is approximately the threshold for damage to bridge infrastructure in urban areas 

in Oklahoma and Texas. Moderate magnitude earthquakes (e.g., M5) could cost on the order 

of tens of millions of dollars of loss to highway bridges in metropolitan areas like Irving, TX, 

or Oklahoma City, OK. This economic cost estimate could be tripled for earthquakes with 

M5.8 in the region.  

Based on the abovementioned conclusions, it is believed that caution should be taken when it 

comes to the induced earthquakes in Central U.S. Such earthquakes could result in significant 

losses, and engineers and city officials should prepare and plan for them. 

7.3 FUTURE RESEARCH DIRECTIONS 

This future research directions can be classified into four different groups as follows: 

7.3.1 Methodology Development 

Machine Learning in Ground Motion Intensity Evaluation 

The proposed ANN-based framework for developing ground motion models (GMMs) in this study 

does not take into account the event-to-event and site-to-site variability of the ground motions. 

Event-to-event variability represents variation in observed ground motion intensities from 

different events with the same event-specific parameters (e.g., magnitude), while site-to-site 

variability represents the spatial variability of observed ground motion intensities with the same 
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site-specific parameters (e.g., site conditions) for a specific site. The quantification of these terms 

reduces the aleatory uncertainty of the models, which is critical in probabilistic seismic hazard 

assessment. Thus, it is recommended to adjust the ANN-based GMMs to consider these 

variabilities in the GMMs.  

Moreover, the present study utilizes ANN as the statistical method to develop the ground 

motion models. To achieve a simple mathematical equation form, this study uses a relatively 

simple version of ANN models. Although such a model increases the prediction accuracy of the 

GMMs compared to conventional methods, the simplistic ANN model used to facilitate a user-

friendly mathematical equation does not represent or take advantage of the full benefits of machine 

learning techniques in developing GMMs. More complex ANN models and/or other machine 

learning techniques can be used as the statistical methods for GMMs to fully evaluate the benefits 

of using machine learning techniques in developing GMMs.   

Machine Learning in Vulnerability Evaluation of Structures 

The present study uses machine learning techniques and proposes a framework to develop fragility 

functions for masonry veneers, and it has been shown that it has the potential to increase the 

reliability of the prediction over conventional methods. This framework can be expanded to 

develop fragility functions for other types of structures. 

Moreover, machine learning techniques can also be used for system- or portfolio-level 

vulnerability evaluation of structures. In this study, to evaluate the vulnerability of bridges based 

on superstructure type, the bridges are categorized into different bridge classes, and fragility 

functions are generated for each bridge class. In fact, similar to previous studies in the literature, 

it is assumed that the bridges in each class perform similarly given the same shaking levels. This 

assumption is mainly because of the computational cost of simulating the seismic performance of 
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each individual bridge in the system. This methodology does not account for the variation in the 

structural properties of the bridges within a class, such as geometric parameters, stiffness, and 

natural period.  

In this regard, machine learning techniques can be used in system-level vulnerability 

evaluation of structures to develop meta-models based on the results from computational analyses. 

Using such meta-models derived from extensive simulation results does not increase the 

computational cost of regional-scale vulnerability or risk assessments. Instead, such techniques 

help to extract more information from the simulations conducted in the conventional methodology. 

The meta-models can provide multi-dimensional probabilistic seismic demand models (e.g., to 

predict structural response based on multiple structural and ground shaking intensity properties), 

leading to multi-dimensional fragility functions. Not only do such multi-dimensional seismic 

demand and fragility functions depend on the ground shaking intensity level (as is considered in 

conventional methods), but also they account for structural properties such as geometric 

parameters, stiffness, and natural period. This way, the system-level vulnerability prediction is 

more reliable as bridge damage estimates account for structural characteristics of each individual 

bridge. Once the abovementioned methodology is implemented, the developed multi-dimensional 

fragility functions can be used to improve the reliability of network- or system-level risk 

assessments.  

Risk Assessment Framework Development 

The immediate impact of earthquakes on bridge structures in this study is quantified by the 

structural damage. Initial damage is one component of assessing direct losses and seismic 

resilience, but it does not address indirect losses or recovery. For example, when a bridge 

experiences damage, the road should be closed for repair or reconstruction. Therefore, people may 
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use different routes to get to their destinations, which may increase their travel time and travel 

cost. This is an example of indirect losses due to the earthquake. Using system-level techniques 

such as an agent-based modeling approach, a new framework can be proposed to estimate both 

direct and indict losses to the transportation system, leading to a more comprehensive 

understanding of the seismic risk to transportation systems.  

The integrated loss estimates can then be used to develop more comprehensive plans of actions 

to improve resiliency through both pre- and post- hazard plans. Pre-earthquake plans can focus on 

retrofit decisions, particularly to identify the structures most susceptible to earthquakes. The 

retrofit decisions, in this case, can be based on not only the structural performance but also the 

impact of the bridges on the traffic flow of the transportation system. The post-earthquake plans 

can focus on prioritizing the damaged bridges for repair or reconstruction after a seismic event. In 

fact, after a disaster, there is most likely a limited amount of money and resources, so fixing all 

the damaged bridges at the same time may not be feasible. Systems engineering techniques can be 

used to determine an optimal approach to recover the transportation system. Such models can also 

consider the interdependencies among the bridges in the system by considering the impacts of a 

damaged bridge on the repair or construction time of other bridges in the network. 

7.3.2 ShakeRisk Development 

ShakeRisk is open-source application software for conducting structural and region-scale seismic 

risk assessments. This software platform consists of models, methods, and analyses from artificial 

intelligence, systems engineering, and structural and earthquake engineering to conduct reliable 

and computationally-efficient evaluations of natural hazard impacts on the built environment. The 

initial version of this computer application is published alongside this dissertation, which focuses 

on seismic hazards and highway bridges. However, based on the design architecture of this 
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application, it can be readily extended to other types of hazards and other types of structures and 

distributed infrastructure. Moreover, all the above-mentioned discussion of potential future work 

directions can be implemented in ShakeRisk to achieve a more versatile package for disaster risk 

and resilience assessment of different types of structures. 

7.3.3 Induced Seismicity Studies 

The study shows that induced earthquakes have the potential to adversely affect common structures 

in transportation and residential infrastructure. However, it should be noted that the findings of 

this study are limited to the highway bridges and masonry veneers on residential buildings. More 

studies are required to fully understand the impacts of induced earthquakes on different types of 

infrastructure, such as water, wastewater, and energy systems.
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A.1. INTRODUCTION 

ShakeRisk is open-source, object-oriented software with a graphical user interface for risk, 

reliability, and resilience assessment of the built environment to natural hazards. ShakeRisk 

provides a platform to integrate artificial intelligence, systems engineering, structural and 

earthquake engineering research fields to simulate the responses of civil infrastructure at both 

structural and system scales in a reliable and computationally efficient way.  

A.2. VERSION AND FEATURES 

ShakeRisk 0.1.0 (i.e., the first version of ShakeRisk) is published alongside this dissertation and is 

available at the GitLab repository link provided in Section A.8. This version consists of the data, 

models, and analyses presented in this dissertation, which focus on estimating regional ground 

shaking levels as well as regional levels of damage and ensuing repair costs to highway bridges 

for future seismic events.  

A.3. PROGRAMMING LANGUAGE  

The programming language used in this application software is Python, alongside some freely 

available libraries, including NumPy, SciPy, Pandas, Scikit-learn, TensorFlow2, Keras, 

Matplotlib, Plotly, Folium, and Django. The structural design of ShakeRisk is based on clean 

architecture principles (Martin, 2018), which can be readily extended by adding new features (i.e., 

new data sources, models, analyses, and user interfaces) and customizing existing ones without 

the need to modify existing code. In this architecture, an object-oriented programming language is 

Appendix A. SHAKERISK: OBJECT-ORIENTED SOFTWARE 
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used to orchestrate the communication of data, models, and analyses inside of ShakeRisk to 

facilitate the extendibility of the software. ShakeRisk provides a variety of probabilistic analysis 

tools and methods, including Monte Carlo sampling methods that yield probability distributions 

of responses. 

A.4. GRAPHICAL USER INTERFACE 

Figure A-1 through Figure A-3 show the graphical user interface of ShakeRisk. This graphical user 

interface, which is on a web platform, is designed to facilitate the use of this multi-model analysis 

tool in academia and engineering practice. The programming languages used in generating this 

graphical interface includes HTML, CSS, and JavaScript. As seen in Figure A-1, ShakeRisk 

consists of a set of input and main analyses (see Table A-1 for a description of each analysis). Each 

analysis in ShakeRisk is presented through an independent HTML form, within which there is a 

visualization pane to show the output of the analysis (e.g., Figure A-1), a data section to define the 

earthquake scenario and other required data for running the analysis (e.g., Figure A-2), and a model 

section to define the models used in the analysis (e.g., Figure A-3). Note that the analyses 

conducted in each form (i.e., tab) are independent of each other. That is, each analysis receives its 

own required data and models. After running an analysis, the results are presented in two different 

formats: CSV format, which is saved in the directory provided by users (e.g., Figure A-3), and 

graphical format, which is shown in the visualization pane of the user interface of ShakeRisk. The 

data repository and model libraries of ShakeRisk 0.1.0, which can be used for each analysis, are 

presented in the next section. 
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Figure A-1: A screenshot of the user interface of ShakeRisk 0.1.0. 

 

 
Figure A-2: A screenshot of data section for “Regional Damage” analysis in ShakeRisk 0.1.0. 
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Figure A-3: A screenshot of model section for “Regional Damage” analysis in ShakeRisk 0.1.0. 

A.5. EXISTING DATA, MODELS, AND ANALYSES IN SHAKERISK 

ShakeRisk has a growing database and library of models and analyses. They are implemented to 

identify or estimate the occurrence, magnitude, location, and intensity of hazards, the performance 

of structures and infrastructure, and the ensuing consequences, such as economic, socioeconomic, 

and environmental consequences. The following sections introduce a list of the available databases 

and libraries in ShakeRisk 0.1.0.  

A.5.1. Analyses 

Two types of analyses are included in ShakeRisk. The first type consists of main analyses, as 

identified in Figure A-1, which can be used to estimate the regional impact of earthquakes. Table 

A-1 provides a list and brief description of the main analyses available in ShakeRisk 0.1.0. The 

second type consists of input analyses, as identified in Figure A-1, which retrieve databases from 
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online sources or receive data from users, analyze the data, and create data repositories and models 

that can be later employed by users in the main analyses. The descriptions of these analyses are 

also provided in Table A-1. 

Table A-1: Available analyses in ShakeRisk 0.1.0. 

Analysis 
Analysis 

type 
Description 

NBI data 

conversion 

Input 

analysis 

Retrieve and compile bridge information from the NBI website 

(https://www.fhwa.dot.gov/bridge/nbi/ascii.cfm) based on user-

specified search criteria (e.g., culverts or non-culverts). This 

information can be used in the software for risk assessment of 

highway bridges in different states. 

Earthquake data 
Input 

analysis 

Retrieve and compile earthquake and ground motion data from the 

USGS website (https://earthquake.usgs.gov/earthquakes/search/) 

based on user-specified search criteria (e.g., time range, location, 

magnitude range). The outputs of this analysis can be used as a 

database in the software for developing new ANN-based ground 

motion models. 

ANN-based model 
Input 

analysis 

Create an ANN-based model for a given dataset. For example, this 

analysis can be used to develop a new ANN-based ground motion 

model for different locations given the database provided by users or 

the database retrieved from the “Earthquake data” input analysis. 

Regional intensity 
Main 

analysis 
Estimate ground shaking levels after an earthquake scenario with 

different intensity measures. 

Regional damage 
Main 

analysis 

Generate scenarios of the regional extent of damage to structural 

portfolios with the corresponding repair costs after an earthquake 

scenario. 

Regional repair 

cost 

Main 

analysis 
Generate the distribution of economic loss to structural portfolios 

after an earthquake using Monte Carlo simulation. 

Inspection 

prioritization 

Main 

analysis 
Determine post-earthquake inspection plans given the probability 

and severity of structural damage after an earthquake.  

 

A.5.2. Models 

Models in ShakeRisk are defined as functions and tools that can be used in the analyses. This 

section discusses currently available models and the implementation of new models in ShakeRisk.  

Ground Motion Models (GMMs) 

Ground motion models (GMM) provide shaking level estimates at different locations around an 

earthquake’s epicenter using intensity measures such as peak ground acceleration, peak ground 

https://www.fhwa.dot.gov/bridge/nbi/ascii.cfm
https://earthquake.usgs.gov/earthquakes/search/
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velocity, and spectral acceleration at discrete periods. Input data for GMMs are typically source 

characteristics (e.g., magnitude), source-to-site distance, and local site conditions (characterized 

by Vs30). Table A-2  shows a list of GMMs that are currently implemented in ShakeRisk. 

Table A-2: GMMs implemented in ShakeRisk 0.1.0. 

GMM name in ShakeRisk Reference Location of interest 

Khosravikia et al. 2019 Khosravikia et al. (2019) OK, TX, and KS 

Zalachoris, Rathje. 2019 Zalachoris and Rathje (2019) OK, TX, and KS 

Hassani, Atkinson. 2015 Hassani and Atkinson (2015) 
Central and Eastern North 

America 

Boore et al. 2014 Boore et al. (2014) NGA-West 2 

 

Structural Fragility Models 

Structural fragility models provide the probability of different levels of damage (i.e., slight, 

moderate, extensive, and complete) given ground shaking estimates. Fragility models for different 

types of structures that are currently implemented in ShakeRisk are shown in Table A-3. For each 

of these “structure types,” there are different fragility functions that correspond to specific 

structural characteristics and detailing/design practices within the broader description of “bridge” 

or “building.”  

Table A-3: Fragility models implemented in ShakeRisk 0.1.0. 

Structure type Source Location of interest 

Building HAZUS (2003) USA 

Bridge HAZUS (2003) USA 

Bridge Khosravikia et al. (2020) TX, OK, and KS 

 

Repair Cost Models 

Repair cost models used in ShakeRisk aim to estimate the repair cost of damaged structures based 

on the severity of damage and replacement cost. Repair cost models for different types of structures 

that are currently implemented in ShakeRisk are shown in Table A-4. 
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Table A-4: Repair cost models implemented in ShakeRisk 0.1.0. 

Structure Source 

Bridge Basoz and Mandar (1999) 

 

Implementation of New Models in ShakeRisk 

Users can also implement new models in ShakeRisk and use them for their analysis. To do so, the 

new model can be directly added to the model repository of ShakeRisk (see Section A.7.4 for more 

details). Moreover, users can use the “ANN-based model” input analysis to create new models in 

ShakeRisk. For example, they can train a ground motion model given a ground motion dataset and 

use that model in the main analyses. Note that the created model will not be automatically added 

to the core of the software unless users intend to add the model permanently using the 

corresponding checkbox option provided in the graphical user interface of ShakeRisk. 

A.5.3. Data Repository 

Internal Data Repository 

ShakeRisk consists of already available databases such as Vs30 maps, structural and ground motion 

data (see Table A-5 and Table A-6 for more details). The data inside of the software are managed 

using a SQL database structure. This option provides the opportunity for easily using and 

extending the databases available in the software. Note that the available data in ShakeRisk are 

handled as a separate module; adding or changing data sources does not affect the models and 

analyses in the software. Table A-5 and Table A-6, respectively, show the structural and Vs30 data 

available in ShakeRisk. 

Table A-5: Structural data implemented in ShakeRisk 0.1.0. 

Structures Location Source Year 

Bridge* TX, OK, KS, and CA NBI (2019) 2019 

*Note: Bridge data include facility ID, longitude, latitude, number of spans, span length, deck 

width, skew value, NBI bridge classification. 
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Table A-6: Vs30 data implemented in ShakeRisk 0.1.0. 

Location Source Description Year 

TX, OK USGS (2020) Slope-based 2020 

TX, OK Li et al. (2020) In-situ measurements and p-

wave seismogram method 

2020 

 

Implementation of New Data Repository 

Users can import their own database into ShakeRisk and run analyses using their database. In this 

regard, for each type of data, ShakeRisk provides a template file with the required information in 

the software. These template files ensure that the imported data satisfy the required information 

for running scenarios in ShakeRisk. Users can fill out the template using their database and import 

it into ShakeRisk in one of the following structures: CSV, text, or JSON. Headings (e.g., variable 

names) of the data file should be the same as the template file so that ShakeRisk understands the 

parameters of the imported database. The imported data can be used for analyses in ShakeRisk, but 

it will not be automatically added to the permanent data repository in ShakeRisk. To add the 

database to the software repository, ShakeRisk provides a checkbox option in the graphical user 

interface.  

Moreover, ShakeRisk is also able to directly use online data for analyses. This option is 

provided by the “NBI data conversion” and “Earthquake data” input analyses; see Table A-1 for 

more details. Note that the created model will not be automatically added to the core of the software 

unless users intend to add the model permanently using the corresponding checkbox option 

provided in the graphical user interface of ShakeRisk.  
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A.6. REQUEST ANALYSIS IN SHAKERISK 

ShakeRisk, as shown in Figure A-4, provides two methods of requesting a new analysis: (1) using 

the graphical user interface and (2) through a command line interface. Each of these methods is 

described below. 

1) Graphical interface: Each analysis has an HTML form in the Django front-end, including all 

the required information from users. As seen in Figure A-1, the HTML forms are separated by 

tabs in ShakeRisk, making them independent. That is, each analysis receives its own required 

information separately and can be requested independently from other analyses available in 

ShakeRisk. Once the HTML form is submitted by users, the information in the tab is retrieved 

from the HTML form using AJAX, a JavaScript Library, without reloading the page. In this 

case, the Django Server receives the HTML form, checks the validity of the request, converts 

it to a ShakeRisk compatible format, and sends it to the project core, where the calculations for 

processing the request are conducted. Analysis results are then returned to the Django server 

from the project core. The Django server uses the results to write the output file and generates 

the front-end code for the results visualization. The generated visuals are retrieved by the front-

end as HTML (and CSS and/or JavaScript) and presented to the user in the visualization pane 

assigned to analysis.  

2) Command Line Interface: ShakeRisk can also be launched through the command line interface. 

This format is built for cases when users want to directly run the analysis with the software 

without using the graphical user interface. One of the key motivations for generating this 

format is to run parallel analyses using high-performance computers. In this case, a JSON file 

with key/value pairs containing the desired analysis, input data, and required information to 

process the analysis is passed to the software. The templates of the JSON files for the analyses 
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listed in Table A-1 are included in the software. Users can use the provided JSON files to 

request a new analysis in ShakeRisk. In this case, as seen in Figure A-4, the command line 

interpreter receives the JSON file by running its Python file using the file path as an argument 

and sends it to the project core to process the request. This makes it possible to use the software 

without running the Django server and allows a user to schedule multiple analyses using 

scripts. If users use the JSON format for running an analysis, returned outputs are saved at a 

location determined by users. 

 
Figure A-4: Illustration of the methods of requesting analysis in ShakeRisk 0.1.0. 

A.7. STRUCTURE AND DESIGN ARCHITECTURE 

ShakeRisk is developed using clean architecture (Martin, 2018) computer programming principles 

such that it can be continuously growing, meaning existing features can be improved, and new 

features can be implemented. Clean architecture philosophy divides the computer program 

elements into different levels (as shown in Figure A-5), starting with high-level rules at the core 

and ending with low-level tools in outer layers. The essential feature of the clean architecture 

design is the dependency rule among layers, stating that source code dependencies can only point 

inwards. That is, the dependency among layers in clean architecture is only defined in one 

direction, which is going inward from outer to the inner layer. This way, codes written in inner 

layers do not rely on those in the outer layers. It helps to encapsulate the logic behind the software 
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at the core while keeping it separated from the delivery mechanism, databases, and tools in outer 

rings. For example, the logic behind calculating damage to structures should not depend on 

whether structure data come from an offline SQL database or an online source. 

 
Figure A-5: A schematic view of the clean architecture. 

 

 Although this rule does not directly relate to the concept of inversion of control, it brings the 

concept of inversion of control in the application software. Inversion of control (Johnson and 

Foote, 1988) is a principle in software engineering by which the control of objects in the program 

is transferred to containers or frameworks. Inversion of control is used to increase modularity of 

the program and make it extensible, and it has applications in object-oriented programming. Thus, 

this one-directional dependency rule, which forms the basis of clean architecture, makes it easy to 

add new features (i.e., data sources, models, analysis, and user interfaces) and customize existing 

ones without the need to modify existing code. In the following sections, a brief introduction of 

each layer of the clean architecture presented in Figure A-5 is provided. 

A.7.1. Entities 

Entities, as demonstrated in Figure A-5, form the innermost layer in clean architecture and are 

global objects containing the most high-level rules. They are not affected by any other layers, and 
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the data structure and methods in this layer are created independently of other layers in the 

software. Each entity consists of a list of attributes defining that entity and a method to validate 

whether the entity object can be created in the software given the information in the software or 

from users.  

 As an example, “bridge” is defined as an entity with its own attributes (e.g., latitude, longitude, 

span number, and so on) and validation method in the ShakeRisk software. When bridge data are 

imported from a database or by users, the validation method validates whether the data satisfy all 

attributes defined for a bridge entity. If so, a bridge object with the attributes already defined in 

the bridge entity is created to be used in the analysis requested by users. Otherwise, it sends an 

error indicating that the imported data do not satisfy the attributes defined for the entity in the 

software. This way, the attributes assigned to the bridge object are independent of how the data 

are imported and used in the software. It solely depends on the bridge entity description. “Fragility 

models” and “Vs30 maps” are other examples of the entities defined in ShakeRisk. 

A.7.2. Use Cases 

The second inner layer consists of use case classes. For every analysis presented in Table A-1, a 

use case class is defined and assigned in the software to that particular analysis. The use case class 

contains the required calculation code for conducting the corresponding analysis. 

 When users request a particular analysis, an object is created from the corresponding use case 

class for that analysis and is called from the interface adapter layer (which will be discussed 

shortly) through a request model. Each use case consists of its own request model in the software. 

As shown in Figure A-6, each time the use case is called, the interface adapter layer creates a 

request object using the request model class. Then, the adopter feeds the request information to 
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the request object and sends it to the use case object. The request information consists of the list 

of the data, models, and other inputs provided by users for running the requested analysis.  

 Once the use case is called and receives the required information (i.e., data, models, and other 

assumptions listed in the request model object) from the interface adapter layer, it processes the 

request according to the logic defined in the code to conduct the analysis. Thereafter, as illustrated 

in Figure A-6, the use case returns the results in the structure defined by a response model to the 

interface adapter layer. Similar to the request model, each use case has its own response model. 

After each analysis, the response model creates a response object to define the structure of the 

results received from the use case object. The output of the response model is sent back to the 

interface adapters to present the results of the analysis in the outer layer to the user. 

 A use case only depends on the definition of the corresponding analyses and entities. Changes 

in use cases are not expected to influence the entities available in the system, and use cases are 

typically independent of changes in the external layers such as databases, user interface, or any of 

the existing models in the software.  

A.7.3. Interface Adapters 

This layer is the interface between the outermost details level and the application layer (i.e., use 

case layer). It consists of a set of adapters (e.g., gateways, controller, and presenters) to handle the 

information flow (e.g., data and user requests) between use cases and the objects in the outer layer 

(e.g., frameworks, databases, user interfaces).  

 A gateway is an object to encapsulate access to an external system or resource. In particular, 

as seen in Figure A-6, it converts data in the outer layer to a format defined in the corresponding 

entity and sends it to a use case object.  Recall that when users request analysis, the associated use 

case is called in ShakeRisk through a request model, which lists the information required for 
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conducting the analysis. Part of this information is data (e.g., Vs30 information for estimating 

ground shaking levels analysis). Data in the architecture presented in Figure A-5 are in the outer 

layer, and they can come from three different sources: an internal database repository, external 

data fetched online, and external data provided by users. In ShakeRisk, the repository handler 

manages this converting process and deals with all three different database sources. By doing so, 

the objects in the inner layers, like use cases and entities, are independent of the initial source and 

structure of the database. As a result, a database can be easily updated, changed, and re-structured 

in ShakeRisk without any changes in the internal layers (e.g., use cases and entities).   

The controller, as seen in Figure A-6, is an object to receive the request from the outer layer, 

convert it into a request model format, and pass it to the corresponding use case. In ShakeRisk, 

requests from the outer layer come from either the graphical interface or command line interface 

using a JSON file.  

All requests received from the ShakeRisk graphical interface are handled by the Django 

server. The server receives the request from the front-end, validates it, and converts it to a form 

suitable for the use case the user requested. The Django server is also responsible for converting 

the returned results from the use case through the response request model to a form suitable for 

the front-end. 

When ShakeRisk is called from the command line interface, the command line interpreter in 

ShakeRisk receives the request from the outer layer, converts the requests into a request model, 

and passes it to the corresponding use case. The command line interpreter works in the same 

fashion as the Django server does in the graphical user interface of the software. Both are controller 

objects in the interface adapter layer. 
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The presenter, as seen in Figure A-6, is an object to get results from the use case through the 

response model and transform it into a proper format before passing it to the outer layer. In the 

web version of ShakeRisk, this process is handled by the Django server. 

A.7.4. Database, Models, and User-Interface 

This layer is the outermost layer on the diagram presented in Figure A-5. It is the largest layer of 

the software since there are a variety of databases and libraries. The material in this layer is 

constantly changing, and being in the outermost layer prevents these changes from affecting other 

inner layers of the software. This layer of ShakeRisk consists of the following tools: 

Databases: Recall that the data in ShakeRisk can come from three different sources: an internal 

database repository, which consists of a SQL database; external data fetched online; and external 

data provided by users. A list of the internal repositories in ShakeRisk is presented in Section A.5.3. 

Being in the outer layer, the structure and content of the data can be updated and changed without 

any effect on the code written in the core levels (i.e., use cases and entities). 

Models: The list of the available models in ShakeRisk is provided in Section A.5.2. Note that, as 

discussed in Section A.5.2, users can also implement new models into ShakeRisk by uploading a 

script file of their model or by using input analyses like “ANN-based Model.” All these models 

are in the outer layer to ensure that any changes in the model libraries will not affect the objects 

defined in the project core (i.e., use cases and entities). 

Graphical User Interface: The graphical user interface (i.e., web-interface) is in this layer. The 

JSON files required for launching ShakeRisk from the command line interface are also considered 

to be in this layer. 
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Figure A-6: Process of conducting analysis in ShakeRisk.  

A.8. INSTALLATION AND LAUNCHING SHAKERISK 

The following steps guide users through the process of installing ShakeRisk on their computer 

system. 

Step 1: Download ShakeRisk files 

Download ShakeRisk files using the link provided below. This link directs users to the GitLab 

repository of the ShakeRisk software. Users can pull the ShakeRisk files to their computer and have 

access to the current and previous versions of ShakeRisk. 

GitLab Repository Link: https://gitlab.com/Khosravikia/shakerisk-software.git 

Note: To access the files, please email Farid Khosravikia at farid.khosravikia@utexas.edu to 

receive the username and password for the ShakeRisk repository in GitLab. 

Step 2: Installation of the Working Environment 

https://gitlab.com/Khosravikia/shakerisk-software.git
mailto:farid.khosravikia@utexas.edu
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Install Anaconda for Python 3.7 according to your operating system using the following link: 

https://www.anaconda.com/products/individual#Downloads.  

Installation instructions are available here: https://docs.anaconda.com/anaconda/install/ 

Step 3: Installation of Required Libraries in a New Environment 

Open the Anaconda Prompt (instructions here) and run the command below, to add “conda-forge” 

to the channels list.  

conda config --append channels conda-forge 

 

Change the current directory to your ShakeRisk folder, and Then run the command below to create 

a new environment and install all required packages in it, automatically. You can change the 

environment name by editing “EnvName.” 

conda create --name EnvName --file requirements.txt 

 

If you are asked for confirmation, press ‘y’ and then hit Enter (Return on Mac OS) and wait for all 

packages to be installed. 

Step 4: Activating Environment 

Use the command below to activate the newly created environment. (Change “EnvName” to the 

name you chose when creating the environment in step 3.) 

conda activate EnvName 

 

Note: Make sure to activate the environment after opening Anaconda Prompt and before launching 

ShakeRisk in future uses of ShakeRisk as well. 

Step 5: Launching and Running ShakeRisk Using the Command Line 

After activating the environment as described in step 3, change the current directory to your 

ShakeRisk folder in the Anaconda Prompt (if it is not already changed) and run the command 

below. In this command, “path_to_json_file” contains the directory path of the JSON file required 

https://www.anaconda.com/products/individual#Downloads
https://docs.anaconda.com/anaconda/install/
https://docs.anaconda.com/anaconda/install/verify-install/#conda
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for running an analysis in ShakeRisk. Users may change the “path_to_json_file” according to the 

directory of the JSON file on their computer. For each analysis, there is a JSON file in the “cli” 

folder of the ShakeRisk project containing the list of information required for running that analysis. 

Users may use the JSON file, feed the analysis with the required information in the JSON file, and 

insert the JSON file path in the command below. If the JSON file is still in the “cli” folder, the 

“path_to_json_file” would be the name of the JSON file (e.g., shaking_level_estimation.json). 

python cli\handler.py path_to_json_file 

 

Step 6: Launching and Running ShakeRisk Using the Graphical User-Interface 

After activating the environment as described in step 3, change the current directory to your 

ShakeRisk folder in the Anaconda Prompt (if it is not already changed) and run the command 

below: 

python DjangoFront\manage.py runserver 

 

Open the link printed in the Anaconda Prompt in your browser. (Usually http://127.0.0.1:8000/ ) 

A.9. LICENSE AGREEMENT 

ShakeRisk is freely available for users. However, by using ShakeRisk, users accept the terms and 

conditions listed below.  

1) Access to and use of ShakeRisk is free for academic purposes only. For any other usage, users 

must request permission to use it from the owner (Farid Khosravikia; email: 

farid.khosravikia@utexas.edu). 

2) Users should cite the following reference in any type of dissemination in which this software 

is used for any purpose, including, but not limited to, in print or in an online publication in the 

http://127.0.0.1:8000/
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form of journal papers, conference proceedings, reports, theses, dissertations, presentations, 

posters, courses, and workshops, using the following reference: 

Reference: Khosravikia, F. (2020) “Machine-learning-based Models, Methods, and Software for 

Intensity, Vulnerability, and Risk Assessment of Central U.S. Induced Earthquakes.” Doctoral 

Dissertation, The University of Texas at Austin. 

A.10. FUTURE VISION 

The next version of ShakeRisk (i.e., ShakeRisk 0.2.0) will consist of network data, models, and 

analyses to quantify the impact of the earthquakes on transportation systems and to determine post-

earthquake plans to improve network recovery. ShakeRisk 0.2.0 is expected to be available at the 

GitLab repository link provided in Section A.8 by December 2020. 
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B.1. SELECTION OF THE HIDDEN LAYER SIZE OF THE ANN MODELS 

It is assumed that all the proposed ANN models used in Chapter 2 comprise one hidden layer with 

n number of neurons, which is a key parameter in the accuracy of the ANN model. Low and high 

values of n may cause underfitting and overfitting problems, respectively. Here, the underfitting 

problem is controlled by evaluating the accuracy of the model, while overfitting due to n is 

controlled by the general criterion suggested by Hecht-Nelson (1989). In that study, it is suggested 

that n ≤ 2×nI+1, where nI is the number of the input variable of the model, i.e., the size of the input 

layer.  Here, nI is equal to 3, resulting in n ≤ 7.  Hence, for each intensity measure, seven different 

ANN models associated with n values from 1 to 7 are trained and investigated to find the optimal 

value of n. The optimal n is determined considering the following criteria to evaluate accuracy:  

1) The mean absolute error, MAE, and root mean square error, RMSE, measure the relative error 

between the target (i.e., measured) and predicted intensity measure values from the training 

and validation datasets. Lower values of MAE and RMSE are typically achieved with larger 

number of neurons in the hidden layer. These errors are computed as follows: 
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where ti and pi are respectively target and predicted output values, and m is the number of 

samples. 

Appendix B. SENSITIVITY ANALYSIS OF ANN-BASED GROUND 

MOTION MODELS  
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2) The correlation coefficients, R, between the target and predicted values from the training and 

validation datasets for each output is another criterion for evaluating the sufficiency of the 

number of neurons in the hidden layer. This parameter is computed as follows: 
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where t and p  are respectively the average of the target and predicted output values. Generally, 

R values greater than 0.8 indicate a strong correlation between the target and predicted values 

(Smith, 1986).  

3) To take into account the effect of both R and MAE parameters, another criterion is here utilized 

as the minimum objective function (OBJ), which was introduced by Gandomi et al. (2011). 

This function depends on the number of the training data, No.Training, and validation data, 

No.Validation, as well as MAE and R values of the training and validation data subsets, and is 

given as: 

Training Validation Training Validation Validation

2 2

Training Validation Training Training Validation Validation

No. No. 2No.

No. +No. No. +No.

MAE MAE
OBJ

R R

 −
= +   
 

  (B-3) 

Recall that No.Training and No.Validation, in this study, are 2,700 and 900, respectively. According 

to Eq. (6), as R increases or MAE decreases, the value of OBJ reduces; therefore, the lower the 

OBJ is, the more accurate the model is.  

4) Finally, when ANN models with different hidden layer sizes result in the same performance 

based on the other criteria, this criterion is used to give preference to the ANN model with a 

fewer number of neurons. 
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 As an example, Figure B-1 presents the abovementioned criteria for the seven ANN models 

developed for PGA. To only consider the effect of n on the mentioned criteria, all seven ANN 

models are trained using the same training and validation subsets. It is worth noting that the 

training process is also repeated for different training and validation subsets, and similar results 

are obtained for the effect of n.  As seen in the figure, the values of MAE and RMSE decrease as n 

increases, which indicates that the accuracy of the model increases with n. However, similar MAE 

and RMSE values for ANN models with n ≥ 4 denote that those models have similar accuracy in 

predicting PGA. Figure B-1c shows that all ANN models result in R values greater than 0.8, 

indicating a strong correlation between the target and predicted values of the ANN models 

developed for PGA. Moreover, although R generally increases with n, this increase is not 

remarkable for n ≥ 3. Finally, Figure B-1d shows that OBJ generally decreases with n, indicating 

a better model; however, this reduction is negligible for n ≥ 4. Similar trends were observed for 

the accuracy criteria for ANN models of other output parameters. Based on the abovementioned 

metrics, it is concluded that n=4 is the optimal hidden layer size for all outputs, and therefore, it is 

assumed that all ANN models consist of four neurons in the hidden layer.  

 
Figure B-1: Accuracy of the ANN models in predicting PGA with different hidden layer size. 
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B.2. SENSITIVITY OF ANN MODELS TO MODELING ASSUMPTIONS 

In this section, the effect of the modeling assumptions on the accuracy of the models is 

investigated. The main modeling assumptions are the activation functions and the normalization 

process. The normalization process in Chapter 2 is simply to divide the input and output values by 

the normalization ratios, which is slightly larger than the maximum value of that parameter to 

convert the values of the predictive and output parameters into values in range of 0 to 1.0 and in 

range of -1.0 to 1.0, respectively. Moreover, the activation functions used in Chapter 2 are a log-

sigmoid function of 𝜑(𝑥) = (
1

1+𝑒−𝑥
) for the hidden layer and a linear function of 𝜑(𝑥) = 𝑥 for the 

output layer. Generally, in the literature, there are three common activation functions as: a log-

sigmoid function of 𝜑(𝑥) = (
1

1+𝑒−𝑥
), a hyperbolic tangent sigmoid function of 𝜑(𝑥) = (

𝑒𝑥−𝑒−𝑥

𝑒𝑥+𝑒−𝑥
), 

and a linear function of 𝜑(𝑥) = 𝑥. To evaluate the sensitivity of the ANN models to such modeling 

assumptions, four different ANN models, which are trained using the same training and validation 

subsets, are defined for each intensity measure as follows: 

• Case 1: The ANN model developed with the normalization process and using log-sigmoid and 

linear activation functions respectively for hidden and output layers. This is the model that is 

used in Chapter 2, and the results of this model were presented in Chapter 2 of this dissertation.  

• Case 2: The ANN model developed without normalizing the inputs and outputs and using log-

sigmoid and linear activation functions respectively for hidden and output layers, i.e., the same 

activation functions as the ANN model in Case 1.  

• Case 3: The ANN model developed with the normalization process and using hyperbolic 

tangent sigmoid and linear activation functions respectively for hidden and output layers. 



 

182 

 

• Case 4: The ANN model developed with the normalization process and using linear activation 

functions for both hidden and output layers. 

While different hidden layer activation functions are considered to evaluate the sensitivity of 

the ANN models to the selection of the activation function, for simplicity of the mathematical 

equations derived from the ANN models, it is assumed that the output layer in all cases has linear 

activation function. For each intensity measure, comparing the accuracy of the models developed 

in Case 1 through Case 4 reveals the effects of the normalization process and activation functions 

on estimating that intensity measure. Here, for the sake of brevity, Figure B-2 shows the values of 

R for the ANN models developed in four different cases for predicting PGA values. 

As seen in Figure B-2, the values of R for Case 1 are much larger than those for Case 2, which 

indicates that normalizing the inputs and outputs results in a considerable increase in the accuracy 

of the model. This observation is mainly because the normalization process prevents saturation of 

the activation functions, thereby resulting in a better estimation of the results. Figure B-2 also 

shows that the accuracy of Case 4 with a linear activation function is less than the other cases. That 

is, assuming a simple linear activation function cannot properly simulate the complex behavior of 

the ground motion parameters. However, as seen in the figure, there is no notable difference 

between the accuracy of the ANN models that are developed using log-sigmoid and hyperbolic 

tangent sigmoid functions. In fact, both log-sigmoid and hyperbolic tangent sigmoid functions lead 

to high and similar accuracies. However, for the purpose of simplicity, here, the log-sigmoid 

activation function is used to predict the PGA values. It should be noted that similar trends are 

observed for all other intensity measures. 
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Figure B-2: Sensitivity of the ANN models developed for PGA to the normalization process and 

activation functions. 
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B.3. CHARACTERISTICS OF THE GROUND MOTIONS USED IN CHAPTER 2 

Table B-1: Description of the ground motion characteristics. 

Parameter Mean Median Std. Skewness Minimum Maximum 

Normalization 

ratio for ANN 

Mw 3.79 3.70 0.50 1.61 2.92 5.80 6.1 

Vs30 (m/s) 716.99 666.16 268.93 0.73 122.51 1706.48 1792.0 

Rhypo (km) 150.45 136.21 106.30 1.00 4.32 497.94 522.0 

df (km) 5.13 5.00 2.19 1.28 0.10 16.60 - 

PGV (cm/s) 0.08 0.02 0.34 17.77 0.00 11.23 2.5 

PGA 3.31 0.62 15.07 19.03 0.01 583.25 6.7 

PSA (0.05s) 6.69 1.02 37.49 24.79 0.01 1628.19 7.8 

PSA (0.06s) 7.70 1.23 41.52 24.77 0.01 1827.17 7.9 

PSA (0.08s) 8.88 1.56 47.17 23.17 0.01 1959.89 8.0 

PSA (0.10s) 8.34 1.75 39.68 25.73 0.01 1781.85 7.9 

PSA (0.15s) 6.71 1.53 27.10 17.55 0.01 980.54 7.2 

PSA (0.20s) 5.17 1.17 19.50 14.41 0.01 614.75 6.7 

PSA (0.25s) 4.17 0.91 14.98 13.30 0.01 411.78 6.3 

PSA (0.30s) 3.20 0.68 12.18 17.47 0.01 407.37 6.3 

PSA (0.35s) 2.47 0.51 10.59 23.91 0.01 459.36 6.4 

PSA (0.40s) 1.97 0.40 7.94 17.04 0.01 252.83 5.8 

PSA (0.45s) 1.60 0.33 6.86 19.89 0.01 238.00 5.7 

PSA (0.50s) 1.31 0.27 5.47 19.11 0.01 198.49 5.6 

PSA (0.60s) 0.96 0.20 4.01 18.03 0.00 123.83 5.1 

PSA (0.70s) 0.73 0.15 2.89 14.90 0.00 74.14 4.5 

PSA (0.80s) 0.58 0.12 2.31 15.79 0.00 76.34 4.6 

PSA (0.90s) 0.48 0.09 2.11 21.26 0.00 87.38 4.7 

PSA (1.00s) 0.41 0.07 1.91 22.46 0.00 80.79 4.6 

PSA (1.50s) 0.22 0.03 1.09 15.18 0.00 26.79 3.5 

PSA (2.00s) 0.11 0.02 0.52 13.89 0.00 12.05 2.6 

PSA (2.50s) 0.07 0.01 0.31 11.48 0.00 6.39 1.9 

Note: The units for PGA and PSA values are cm/s2  
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B.4. CONNECTION WEIGHTS AND BIAS VALUES OF ANN MODELS 

 

Table B-2: Connection weights and bias values for Neurons 1 and 2 of the hidden layer. 

 Neuron 1 Neuron 2 

Output w11 w21 w31 b1 w12 w22 w32 b2 

PGV 0.808 -0.406 30.044 0.958 -14.300 2.769 4.101 9.727 

PGA 2.361 4.437 15.095 -17.120 0.781 -0.783 41.306 1.643 

PSA (0.05s) 1.462 -3.523 -14.619 5.461 -0.795 0.269 -36.036 -1.886 

PSA (0.06s) 1.236 -1.967 -5.840 4.624 5.926 -0.179 -0.212 -4.077 

PSA (0.08s) -5.420 -1.084 -0.071 4.275 -0.768 1.426 6.695 -2.622 

PSA (0.10s) -2.064 -9.000 -6.162 9.543 -6.796 -0.224 -0.363 4.940 

PSA (0.15s) -2.110 -1.400 -17.577 9.198 -7.867 0.733 0.699 5.114 

PSA (0.20s) -8.067 6.923 2.337 4.361 -6.016 1.052 -0.851 3.729 

PSA (0.25s) 2.927 -0.149 0.426 -1.699 -0.169 -0.151 8.570 -4.445 

PSA (0.30s) 1.675 -0.757 11.493 -6.945 4.281 -1.271 -0.248 -1.864 

PSA (0.35s) -1.296 0.122 -22.576 -1.423 3.250 -0.509 -0.878 -1.239 

PSA (0.40s) 7.761 -0.570 -1.225 -5.447 0.001 -0.194 35.128 2.299 

PSA (0.45s) -15.746 2.306 -3.846 8.806 -7.149 0.900 -13.557 11.798 

PSA (0.50s) 0.490 -0.410 25.141 1.744 4.636 -0.236 1.154 -2.523 

PSA (0.60s) -10.014 1.589 -0.638 6.987 1.345 -1.806 13.699 -7.851 

PSA (0.70s) 0.678 0.056 21.131 1.048 -8.314 -0.632 0.130 5.368 

PSA (0.80s) -0.050 -0.300 22.234 1.583 -9.258 -2.162 -5.523 7.297 

PSA (0.90s) 1.812 0.444 -25.740 -0.894 4.950 12.736 2.775 -9.789 

PSA (1.00s) -2.923 5.912 1.047 -1.549 -14.990 1.651 -8.568 8.784 

PSA (1.50s) 2.490 -0.007 27.277 0.826 -17.772 1.230 9.230 11.284 

PSA (2.00s) 9.862 4.527 9.123 -8.253 4.703 -0.480 -0.598 -2.064 

PSA (2.50s) 2.147 6.738 -9.232 7.572 7.696 -0.224 -0.152 -4.337 
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Table B-3: Connection weights and bias values for Neurons 3 and 4 of the hidden layer.  

 Neuron 3 Neuron 4 

Output w13 w23 w33 b3 w14 w24 w34 b4 

PGV 8.246 -0.586 -2.336 -3.329 6.990 -3.548 10.554 -4.637 

PGA 4.840 -0.610 -1.992 -2.892 -10.704 -0.881 5.816 2.541 

PSA (0.05s) -8.013 0.545 2.211 5.225 -10.915 -1.159 3.728 3.488 

PSA (0.06s) -0.477 0.642 -45.236 -2.115 1.056 -0.652 -3.316 1.934 

PSA (0.08s) 0.541 11.157 -11.054 -1.343 0.747 -0.296 37.998 1.790 

PSA (0.10s) -0.882 0.434 -33.177 -1.831 0.032 2.332 6.336 -3.892 

PSA (0.15s) 15.434 9.445 -11.715 -4.706 0.931 -0.308 32.746 1.551 

PSA (0.20s) -0.822 0.301 -30.339 -1.758 -0.693 -1.589 6.862 -2.657 

PSA (0.25s) -0.302 8.960 5.165 -2.865 0.197 0.717 -28.228 -2.643 

PSA (0.30s) 3.934 -5.087 -2.477 2.230 0.592 -0.487 27.189 1.659 

PSA (0.35s) 9.612 -3.198 9.164 -5.587 4.151 -9.697 -3.602 5.600 

PSA (0.40s) 11.429 -0.445 -1.513 -4.182 7.564 -18.194 -6.616 2.744 

PSA (0.45s) 0.918 0.026 25.365 1.111 -5.834 0.660 -0.089 3.211 

PSA (0.50s) -5.741 2.545 3.134 2.744 8.073 0.000 -5.971 -0.816 

PSA (0.60s) -0.636 0.204 -20.580 -1.854 17.199 -0.952 0.438 -7.896 

PSA (0.70s) 2.175 -3.016 -2.973 0.878 2.488 1.932 6.424 -3.856 

PSA (0.80s) 3.967 -0.705 -0.792 -1.148 6.827 -8.955 -4.245 4.211 

PSA (0.90s) -7.683 -1.385 -5.395 7.164 -4.231 0.190 0.665 1.535 

PSA (1.00s) 1.426 -0.153 20.658 0.685 -3.390 -0.356 0.361 1.216 

PSA (1.50s) 2.229 -12.431 -2.377 5.333 -4.576 -0.153 0.358 1.916 

PSA (2.00s) -1.195 -0.267 -18.928 -0.648 -5.833 8.284 -3.694 -3.195 

PSA (2.50s) -1.331 0.349 -31.269 -1.200 1.317 -0.283 -0.763 -0.667 
 



 

187 

 

Table B-4: Connection weights and bias values for output neurons. 

Output v1 v2 v3 v4 b 

PGV -8.894 -0.971 2.602 0.245 6.153 

PGA 0.221 -6.387 1.335 -0.324 5.878 

PSA (0.05s) 0.174 8.328 -0.701 -0.411 0.418 

PSA (0.06s) -1.050 0.791 7.814 2.124 -0.990 

PSA (0.08s) -1.044 -0.665 -0.097 -6.962 7.935 

PSA (0.10s) -0.157 -0.924 6.764 -0.682 0.953 

PSA (0.15s) 0.162 -0.938 0.197 -5.972 6.326 

PSA (0.20s) -0.104 -1.205 7.146 -0.618 0.876 

PSA (0.25s) 2.717 -0.515 -0.266 7.657 -1.211 

PSA (0.30s) -0.323 2.278 -0.482 -5.045 4.171 

PSA (0.35s) 5.468 2.452 0.192 -0.125 -1.551 

PSA (0.40s) 0.999 -7.520 0.956 0.099 6.243 

PSA (0.45s) 0.133 0.214 -4.554 -2.237 5.147 

PSA (0.50s) -5.927 1.721 -0.528 0.584 4.452 

PSA (0.60s) -1.085 -0.326 8.184 0.893 -0.287 

PSA (0.70s) -4.352 -1.585 1.042 0.371 3.918 

PSA (0.80s) -4.216 -0.352 3.764 -0.177 1.434 

PSA (0.90s) 0.982 -0.153 -0.315 -3.763 0.863 

PSA (1.00s) -0.536 -0.220 -4.384 -4.741 5.382 

PSA (1.50s) -11.015 -0.254 0.335 -5.550 11.680 

PSA (2.00s) 0.430 6.329 7.487 0.150 -5.888 

PSA (2.50s) -2.551 4.479 14.885 6.685 -5.419 
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Table C-1: Coefficients of the ANN-based PSDM for masonry veneers with code-compliant ties (22ga-

ecc). 
  First tie Second tie 

 IM w1 w2 b1 b2 v1 v2 b βD|IM w1 w2 b1 b2 v1 v2 b βD|IM 

Ind:Rand 

PGA 2.30 2.70 0.40 4.34 3.75 1.32 -2.55 0.85 2.59 3.18 0.72 5.42 3.88 1.15 -3.19 0.94 

PGV -2.75 1.40 8.59 -1.95 -2.67 2.51 -0.54 0.83 -2.12 -1.41 9.33 4.18 1.99 -6.37 1.01 0.92 

PGD -1.36 1.77 4.10 1.26 -1.72 2.22 -0.60 1.29 -1.74 2.13 5.49 1.69 -1.96 2.33 -1.14 1.42 

Sa (Tn) 3.08 1.90 -2.06 1.84 2.97 1.98 -3.04 0.76 -3.53 3.06 2.22 3.08 -3.41 1.54 -0.10 0.84 

Sa (0.2s) 1.75 2.24 -1.64 1.91 3.56 2.01 -2.54 0.80 1.97 -1.83 -2.52 -1.03 3.54 -3.04 -0.21 0.88 

Sa (0.5s) 2.25 -1.67 0.79 -4.47 1.93 -2.46 0.09 1.08 -1.93 -2.16 -0.66 -5.54 -2.84 -2.17 2.05 1.19 

Ia 0.88 -0.65 -6.62 2.30 4.12 -2.76 -0.25 0.74 0.61 0.70 -2.35 -5.23 2.31 5.79 -3.68 0.82 

Sa (Tn,Tm) -2.12 -2.31 1.74 -3.16 -4.74 -1.91 3.39 0.63 -2.47 -1.50 1.94 -1.76 -4.24 -2.46 2.69 0.68 

Ind: 

Max Mw 

PGA -4.09 4.80 -0.58 6.98 -3.06 1.55 0.49 1.12 2.80 -3.03 -0.10 -4.83 4.18 -1.72 -1.72 1.22 

PGV 0.85 0.85 -2.44 -2.44 3.13 3.13 -3.41 1.20 0.79 -0.78 -2.60 2.60 4.01 -4.08 -0.16 1.29 

PGD -0.74 0.80 1.13 -1.89 -2.32 2.82 -0.72 1.39 -1.86 -1.83 6.27 0.50 -2.68 -2.70 1.51 1.49 

Sa (Tn) -3.15 2.59 1.36 2.82 -2.89 1.93 -0.22 1.10 3.17 -1.35 -1.43 -0.94 2.78 -2.69 -1.15 1.19 

Sa (0.2s) -2.88 -2.37 1.93 -2.63 -3.57 -2.14 2.84 0.92 4.17 1.93 -3.22 1.46 3.42 2.94 -3.54 0.99 

Sa (0.5s) -2.25 1.96 1.59 3.58 -2.91 2.52 0.61 1.21 -2.79 -1.74 1.93 -3.29 -3.38 -3.17 3.23 1.31 

Ia 0.49 -1.00 -1.06 8.13 3.75 -6.77 2.26 0.82 0.71 -0.82 -1.37 6.59 2.47 -8.24 3.50 0.90 

Sa (Tn,Tm) -2.38 -1.88 1.40 -2.86 -3.97 -2.11 2.57 0.96 2.90 -1.17 -1.97 -0.87 3.48 -3.05 -0.94 1.03 

Ind: 

Max 

PGA 

PGA -2.87 -3.01 -0.08 -4.63 -2.65 -1.75 1.60 0.76 -3.38 -3.47 0.02 -5.05 -2.94 -1.72 1.24 0.85 

PGV 2.31 1.70 -10.07 -3.00 6.41 3.08 -3.11 0.68 -1.35 -0.99 5.13 1.92 -4.03 -3.44 3.35 0.78 

PGD -1.45 1.80 4.28 1.11 -1.39 2.88 -1.23 0.99 1.31 -1.99 -4.12 -1.19 2.16 -2.78 -0.45 1.08 

Sa (Tn) 3.54 1.77 -2.25 1.81 2.21 2.52 -3.37 0.61 -4.55 1.85 2.56 2.20 -2.61 2.63 -1.68 0.68 

Sa (0.2s) 1.34 -2.58 1.19 4.26 3.95 -3.02 -0.15 0.66 1.49 -1.80 1.24 2.81 3.85 -3.34 -0.46 0.74 

Sa (0.5s) 2.50 1.10 -0.27 2.74 3.25 4.00 -3.18 0.78 -4.68 -1.27 0.43 -2.82 -3.19 -4.23 3.82 0.86 

Ia -0.87 -0.63 5.64 1.04 -4.01 -2.73 3.06 0.63 -0.93 0.53 6.88 -1.53 -4.45 4.21 0.00 0.72 

Sa (Tn,Tm) -3.18 1.62 2.05 2.05 -2.77 2.83 -0.72 0.52 -3.34 1.50 2.38 1.86 -3.31 3.05 -0.89 0.58 

Ind: 

Min R 

PGA -2.15 2.48 0.39 4.03 -3.58 1.63 0.58 0.59 -2.32 2.80 0.38 4.16 -3.64 1.62 0.07 0.67 

PGV 1.06 -1.24 -0.88 4.29 2.85 -4.59 0.51 0.45 -2.34 -1.34 7.97 2.13 -2.79 -3.40 2.07 0.51 

PGD -1.47 2.34 0.60 3.31 -2.75 1.74 -0.16 0.63 -1.14 1.34 -0.23 3.70 -4.63 1.12 0.23 0.73 

Sa (Tn) -3.19 1.82 2.26 1.94 -2.15 2.43 -1.30 0.51 3.66 3.49 -2.16 3.78 2.44 1.75 -3.73 0.61 

Sa (0.2s) -0.99 0.99 -0.50 0.46 -3.02 2.59 -0.43 0.49 1.18 -1.67 1.81 0.49 2.96 -2.97 -1.26 0.56 

Sa (0.5s) -1.87 1.21 -0.80 3.92 -2.17 3.38 -1.08 0.68 1.21 -1.91 3.71 -0.78 3.61 -2.49 -1.38 0.77 

Ia -0.57 0.79 0.69 -3.90 -2.10 3.13 -1.65 0.61 1.32 0.99 -6.99 -1.58 2.88 2.01 -4.01 0.71 

Sa (Tn,Tm) 2.29 -1.27 -1.81 -1.53 2.94 -3.16 -0.51 0.41 -2.50 2.42 1.30 3.56 -3.56 1.91 -0.38 0.49 

NM: 

W&W 

PGA 5.01 1.61 -1.63 1.95 4.86 2.90 -3.23 1.03 -5.82 -1.59 1.55 -2.08 -4.93 -3.06 3.96 1.12 

PGV -2.76 1.29 10.59 -2.74 -3.04 1.99 -0.38 1.44 -2.52 -1.15 9.21 2.16 -3.49 -1.57 1.04 1.53 

PGD -0.06 0.94 10.23 -4.51 -1.38 5.23 -2.05 1.56 0.96 -0.56 -4.60 2.74 3.13 -3.40 -1.20 1.68 

Sa (Tn) -6.70 -1.95 2.97 -2.11 -3.27 -2.45 2.43 1.03 -8.81 2.16 3.72 2.42 -3.34 2.49 -0.59 1.11 

Sa (0.2s) 5.74 2.02 -5.40 1.94 4.35 2.70 -3.26 0.92 -5.88 1.72 5.50 1.64 -4.61 3.08 0.54 0.98 

Sa (0.5s) 2.79 -2.63 -2.35 -4.18 4.53 -2.05 -0.68 1.33 -3.58 2.90 2.75 4.61 -4.65 2.35 1.14 1.41 

Ia 1.26 -0.74 -10.42 2.43 8.54 -2.75 -1.04 1.00 -0.71 -1.25 1.94 10.37 -2.85 -10.90 9.05 1.07 

Sa (Tn,Tm) -6.24 -1.90 4.50 -1.91 -4.41 -2.65 3.71 0.87 -8.59 -1.88 5.72 -1.57 -4.04 -2.87 2.99 0.93 

NM: 

R&F 

PGA -5.93 -1.72 1.88 -2.31 -4.10 -2.98 3.59 0.89 5.95 1.92 -1.99 2.41 4.69 2.86 -3.96 0.94 

PGV 1.59 -0.79 -6.14 3.05 2.39 -2.87 -0.77 1.33 -0.90 0.76 3.67 -2.94 -3.78 3.04 -1.04 1.42 

PGD -1.83 0.99 11.57 -1.97 -2.72 0.73 0.34 1.44 -0.01 0.92 -7.06 -6.18 -0.16 4.53 -2.79 1.54 

Sa (Tn) -3.97 2.17 2.24 2.64 -3.75 2.26 0.36 0.91 -3.16 2.48 2.13 3.04 -4.79 2.16 0.74 0.98 

Sa (0.2s) -8.59 -1.75 6.77 -1.38 -3.70 -3.16 3.43 0.72 -6.60 1.77 5.45 1.46 -4.02 3.15 -0.08 0.78 

Appendix C. COEFFICIENTS OF THE ANN-BASED DEMAND MODELS 

FOR MASONRY VENEERS  
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Sa (0.5s) -2.43 3.19 -0.06 4.46 -2.06 1.91 -0.94 1.34 -2.59 -3.18 -0.15 -4.33 -1.94 -2.06 0.42 1.43 

Ia 0.00 0.53 -8.40 -4.06 -0.41 7.38 -3.30 1.17 0.59 1.38 -4.25 0.33 6.84 -1.89 -2.06 1.25 

Sa (Tn,Tm) 4.68 -1.71 -3.24 -2.00 4.24 -2.91 -0.75 0.81 -4.92 1.89 3.36 2.05 -4.36 2.82 0.18 0.87 

NGA: 

Rand 

PGA 3.64 -1.56 -0.87 -1.66 3.88 -3.29 0.64 0.95 4.11 -1.67 -1.21 -1.63 4.50 -3.71 0.43 1.03 

PGV -2.08 2.41 10.05 -5.99 -6.49 2.64 4.01 1.10 -2.43 2.60 11.85 -6.39 -7.00 3.14 3.77 1.21 

PGD 2.97 2.37 -5.33 0.29 1.83 2.07 -2.00 1.55 -2.45 2.73 5.27 0.48 -2.28 2.53 -0.75 1.69 

Sa (Tn) -4.50 2.45 2.72 2.39 -3.45 1.86 0.72 0.91 4.04 -1.52 -2.96 -1.47 3.69 -2.80 -1.07 0.98 

Sa (0.2s) 3.11 3.39 -1.85 2.89 3.82 1.43 -2.52 1.04 -3.63 2.45 2.08 1.82 -3.63 1.72 0.42 1.11 

Sa (0.5s) -3.37 -2.45 3.12 -3.25 -3.34 -2.86 4.06 1.30 -3.72 -2.43 2.92 -3.40 -3.55 -3.03 3.76 1.42 

Ia -1.46 -1.22 5.36 9.47 -2.38 -5.52 5.42 0.97 -1.08 0.96 3.63 -7.60 -2.53 6.64 -0.93 1.07 

Sa (Tn,Tm) 3.34 -2.65 -2.31 -2.64 4.17 -1.75 -0.89 0.90 3.79 -2.15 -2.58 -2.59 4.40 -2.18 -1.50 0.96 

NGA: 

Min R 

PGA -3.70 -4.34 0.06 -5.84 -2.93 -1.86 2.40 1.21 -1.73 -1.73 -1.17 -1.17 -2.65 -2.65 1.92 1.31 

PGV 1.60 -2.05 -7.87 4.40 6.34 -2.50 -0.12 1.19 0.71 -0.71 -2.58 2.51 4.54 -4.40 0.09 1.32 

PGD 4.40 2.44 -10.35 0.81 3.36 1.75 -1.76 1.30 4.46 5.28 -10.61 0.15 3.86 1.79 -2.20 1.41 

Sa (Tn) -1.90 -2.26 1.34 -3.65 -4.88 -1.65 3.09 0.95 2.61 -1.88 -1.68 -2.90 4.48 -2.30 -2.10 1.01 

Sa (0.2s) -2.24 -2.11 1.69 -2.62 -3.89 -2.00 2.87 1.01 2.31 -1.26 -1.88 -0.70 3.45 -3.24 -0.50 1.07 

Sa (0.5s) -1.52 2.25 1.24 3.62 -2.37 1.99 0.67 1.49 1.45 -2.43 2.25 2.58 3.21 -3.05 0.18 1.61 

Ia -0.97 0.99 3.10 -7.60 -2.67 6.59 -0.19 1.00 1.47 -0.70 -10.70 2.91 4.04 -4.36 0.57 1.09 

Sa (Tn,Tm) -1.95 1.17 2.01 0.47 -4.08 3.35 0.97 0.95 -2.51 -1.37 2.78 -0.89 -4.58 -3.48 4.19 1.02 

 

Table C-2: Coefficients of the ANN-based PSDM for masonry veneers with thinner ties (28ga-min). 
  First tie Second tie 

 IM w1 w2 b1 b2 v1 v2 b βD|IM w1 w2 b1 b2 v1 v2 b βD|IM 

Ind:Rand 

PGA 2.07 -3.79 0.17 -4.47 3.70 -2.10 -0.88 0.88 2.81 -4.95 -0.30 -5.53 3.47 -2.86 -0.91 1.00 

PGV 1.34 2.49 -3.29 -0.45 6.44 -2.38 -1.55 0.86 1.86 -1.93 -7.91 4.34 2.24 -4.88 0.61 0.98 

PGD 1.37 2.26 -2.85 1.66 1.59 2.08 -2.58 1.53 -1.53 -2.02 4.24 -2.06 -1.83 -2.78 0.87 1.73 

Sa (Tn) -3.32 1.08 0.81 0.67 -3.28 2.09 -0.27 0.69 -3.33 2.22 0.89 3.30 -4.55 1.52 -0.16 0.77 

Sa (0.2s) 1.76 2.82 -1.35 2.00 3.00 2.57 -2.93 0.92 -2.90 -4.50 2.34 -2.50 -2.56 -3.14 2.04 1.05 

Sa (0.5s) -1.88 -2.08 0.01 -5.56 -3.05 -2.98 2.99 1.16 1.90 1.62 0.24 4.11 2.81 3.34 -3.86 1.34 

Ia 1.28 0.64 0.39 -3.50 -1.63 6.73 -1.92 0.89 0.47 -0.82 9.93 4.32 1.35 -6.34 0.78 1.01 

Sa (Tn,Tm) 1.35 2.02 -0.66 -0.04 2.98 3.11 -3.17 0.63 -2.19 1.41 0.11 -0.88 -3.70 3.28 -0.39 0.72 

Ind: 

Max Mw 

PGA -2.81 3.09 -0.83 5.93 -3.96 1.72 0.46 1.07 2.82 3.71 0.18 4.33 4.04 2.35 -4.01 1.21 

PGV 3.56 0.96 -7.26 -4.14 2.50 4.26 -3.24 1.30 -1.77 -0.87 3.67 2.70 -3.27 -3.40 1.86 1.50 

PGD 2.26 1.09 -0.90 -3.04 2.17 3.12 -3.49 1.46 1.10 1.80 -2.85 -1.32 3.49 2.22 -4.34 1.65 

Sa (Tn) -3.06 -2.36 0.83 -3.55 -4.00 -1.80 1.84 0.89 -2.88 -1.41 0.60 -1.98 -4.62 -1.83 1.53 1.00 

Sa (0.2s) -2.68 -2.70 0.84 -2.68 -3.76 -2.00 2.44 0.92 -2.71 2.45 1.19 2.01 -4.07 2.52 -0.13 1.04 

Sa (0.5s) -1.74 1.73 0.99 3.30 -2.39 3.25 -0.64 1.35 -3.64 -2.40 2.27 -4.60 -2.78 -3.91 2.64 1.53 

Ia 1.09 -0.90 -1.10 5.90 2.28 -5.97 0.95 0.83 -0.39 0.87 2.33 -5.47 -3.43 5.16 -1.58 0.93 

Sa (Tn,Tm) -2.54 -1.70 0.81 -2.85 -4.57 -1.95 2.34 0.80 -2.50 -2.29 0.68 -4.19 -5.36 -1.91 2.01 0.90 

Ind: 

Max 

PGA 

PGA -3.52 4.78 0.15 6.10 -3.01 1.94 -0.27 0.85 -2.56 2.87 -0.35 4.05 -4.02 1.76 -0.35 0.98 

PGV -1.94 -1.68 7.73 2.99 -3.01 -3.76 2.87 0.91 0.91 -1.14 -2.48 2.82 3.12 -4.29 -0.87 1.07 

PGD -1.59 2.35 4.79 1.67 -2.01 3.01 -1.18 1.19 -1.64 2.91 4.78 2.51 -2.53 3.06 -1.64 1.41 

Sa (Tn) 4.56 -1.66 -2.23 -1.83 2.84 -2.63 -1.46 0.46 -4.00 -2.37 1.77 -2.77 -3.90 -1.94 1.08 0.53 

Sa (0.2s) 1.74 -2.03 -2.46 -1.93 2.90 -3.55 0.04 0.93 -1.77 -2.05 1.98 -1.82 -2.80 -3.54 2.02 1.09 

Sa (0.5s) 1.72 -3.06 4.27 0.01 3.85 -2.78 -0.71 1.02 1.55 -3.02 3.74 0.08 4.34 -3.10 -1.30 1.19 

Ia 0.74 0.58 -3.91 -2.70 2.83 3.76 -3.74 0.72 -0.97 0.68 5.31 -2.08 -3.76 2.83 -1.05 0.84 

Sa (Tn,Tm) -2.15 2.44 0.84 3.70 -4.34 1.71 0.51 0.60 -2.07 2.71 0.51 4.34 -5.31 1.25 0.62 0.71 

Ind: 

Min R 

PGA 3.08 -4.64 0.01 -6.18 3.10 -1.71 -1.54 0.63 2.94 -4.49 0.22 -5.71 3.73 -1.67 -2.51 0.72 

PGV 1.94 -1.73 -6.04 2.85 2.28 -3.12 -0.58 0.69 -3.44 -1.54 9.65 2.64 -2.09 -3.51 0.91 0.81 

PGD -1.88 1.04 -1.58 0.22 -2.95 1.51 -0.44 0.89 1.11 -1.87 0.19 -1.44 1.62 -3.38 -0.98 1.06 

Sa (Tn) -2.81 2.82 1.27 3.52 -3.61 1.48 -0.10 0.43 -2.92 -3.31 1.25 -4.46 -4.25 -1.46 0.95 0.50 

Sa (0.2s) 2.03 -1.35 0.73 -1.40 2.15 -2.87 -0.73 0.73 1.66 -1.52 0.98 -0.78 2.74 -2.87 -1.51 0.85 

Sa (0.5s) 1.23 2.00 0.89 6.00 2.66 2.55 -3.16 0.97 1.66 -2.44 1.09 -7.48 2.84 -2.84 -1.16 1.15 

Ia -0.89 1.11 1.02 -5.56 -2.02 3.77 -2.20 0.62 -1.70 0.95 8.53 -2.10 -3.14 2.39 -1.63 0.71 

Sa (Tn,Tm) -2.01 -2.67 0.25 -4.57 -4.39 -1.19 1.84 0.49 -2.34 -2.74 0.19 -4.56 -4.52 -1.27 1.17 0.58 

NM: 

W&W 

PGA -4.04 -1.51 0.56 -1.70 -4.21 -3.20 3.36 1.18 3.61 -1.65 -1.02 -0.98 4.427 -4.07 -0.51 1.33 

PGV 2.88 -1.98 -9.09 1.55 3.81 -0.49 -3.35 1.69 -3.26 -1.15 10.29 2.482 -3.32 -1.18 -0.23 1.92 

PGD 1.01 1.13 -4.71 0.24 5.74 -2.03 -2.27 1.75 2.51 -0.48 -11.6 2.934 3.234 -2.55 -2.11 1.95 
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Sa (Tn) -5.05 2.06 1.87 2.81 -4.34 2.20 0.17 0.94 6.13 -1.93 -2.4 -1.66 4.139 -2.76 -2.11 1.05 

Sa (0.2s) 2.42 -4.33 1.90 4.22 2.72 -4.43 0.79 1.26 2.45 -4.38 1.962 4.198 2.793 -5.07 0.587 1.43 

Sa (0.5s) 3.77 3.56 -2.68 5.37 3.70 2.08 -2.92 1.68 -3.74 3.79 2.058 5.926 -3.3 2.586 -0.85 1.89 

Ia -0.50 0.65 3.26 -4.93 -1.90 7.91 -2.12 1.27 -0.48 0.768 3.428 -5.82 -2.2 8.72 -2.52 1.44 

Sa (Tn,Tm) -4.05 -1.68 2.55 -1.07 -4.23 -3.12 3.39 1.03 -4.48 1.639 2.944 0.812 -4.86 3.285 0.103 1.17 

NM: 

R&F 

PGA 4.13 -2.89 -1.28 -3.93 5.99 -1.89 -1.95 1.00 4.24 -3.86 -0.29 -5.58 5.19 -1.54 -3.21 1.10 

PGV 3.25 -0.55 -11.82 3.01 3.03 -1.06 -2.62 1.58 2.98 3.22 -10.97 -1.83 3.68 -1.93 -2.62 1.78 

PGD -0.17 -0.90 7.94 5.88 0.99 -5.15 0.91 1.55 -0.30 -0.85 9.37 5.86 1.53 -6.56 0.83 1.74 

Sa (Tn) 5.41 -1.46 -2.77 -1.69 4.36 -2.79 -1.60 0.78 5.50 -1.45 -2.66 -1.64 4.80 -2.82 -2.54 0.83 

Sa (0.2s) -5.47 1.30 4.46 0.77 -4.74 3.76 0.39 0.68 5.66 -1.33 -4.55 -0.69 5.54 -3.74 -1.51 0.76 

Sa (0.5s) 1.80 1.80 1.28 1.28 1.89 1.89 -3.49 1.60 -1.59 -3.02 0.07 -3.08 -1.23 -3.06 -0.34 1.80 

Ia -0.63 -0.87 6.14 5.44 0.81 -4.91 0.33 1.37 -0.71 0.41 5.20 -2.74 -5.35 2.75 0.01 1.51 

Sa (Tn,Tm) -4.94 -1.32 3.30 -1.32 -4.91 -3.26 3.69 0.72 5.58 -1.36 -2.94 -1.39 4.80 -3.13 -2.29 0.77 

NGA: 

Rand 

PGA -4.58 5.17 -0.48 6.00 -3.41 2.29 0.44 1.12 4.30 -5.71 0.29 -6.63 4.38 -2.50 -1.43 1.24 

PGV 2.51 1.87 -11.83 -5.02 4.69 4.23 -3.44 1.34 1.75 1.46 -4.44 -6.73 3.36 6.85 -4.40 1.52 

PGD -1.13 1.11 0.71 -0.61 -2.57 2.09 -0.43 1.80 -1.10 1.84 1.44 -0.09 -3.20 2.28 -0.72 2.02 

Sa (Tn) 3.60 -2.02 -1.78 -2.21 4.58 -1.79 -1.86 0.99 4.25 2.00 -2.44 0.69 4.08 2.60 -4.22 1.06 

Sa (0.2s) 4.13 2.24 -2.36 0.61 3.19 2.34 -3.04 1.15 3.78 2.90 -2.27 1.29 4.53 2.10 -4.12 1.27 

Sa (0.5s) -3.04 3.25 2.91 4.35 -4.51 3.32 1.64 1.44 3.49 -2.39 -3.43 -2.88 4.47 -4.08 0.34 1.64 

Ia 1.12 -0.77 -8.41 2.74 5.72 -3.38 -0.42 1.08 -0.99 0.72 7.28 -2.81 -6.16 3.92 1.22 1.22 

Sa (Tn,Tm) 2.84 -1.49 -1.94 -0.24 3.98 -3.19 -0.19 0.99 3.62 2.74 -2.30 0.59 4.14 2.56 -3.94 1.09 

NGA: 

Min R 

PGA 1.42 -1.68 0.60 0.03 4.76 -2.35 -1.14 1.15 2.07 -1.86 1.11 -0.96 3.14 -3.12 -1.13 1.31 

PGV 0.73 -0.86 -1.94 3.40 3.39 -5.65 1.27 1.29 -1.94 1.56 9.94 -4.02 -4.16 5.36 -0.65 1.47 

PGD -2.98 -4.48 7.36 0.21 -3.73 -1.75 3.49 1.50 -2.67 3.48 6.35 0.53 -3.36 2.14 0.43 1.73 

Sa (Tn) -3.11 2.49 1.75 3.53 -4.60 1.91 0.45 0.76 -3.08 -2.04 1.67 -3.13 -5.32 -2.00 2.05 0.84 

Sa (0.2s) -2.16 1.63 1.86 0.52 -3.46 3.18 0.02 0.98 2.96 -2.27 -3.05 -0.71 3.53 -3.54 -0.64 1.12 

Sa (0.5s) 1.19 -1.35 0.01 -2.67 3.88 -1.48 -1.22 1.62 -0.74 2.64 0.33 3.58 -2.90 2.09 -0.40 1.85 

Ia -0.47 0.48 2.56 -3.16 -2.01 7.79 -2.03 1.02 -1.00 -0.86 7.13 3.71 -5.09 -3.92 4.63 1.17 

Sa (Tn,Tm) 1.01 -1.63 -0.95 2.71 9.53 -2.39 -1.48 0.82 2.17 -1.23 -2.04 -0.31 5.76 -3.47 -1.18 0.94 
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