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Abstract10

Recent efforts have sought to apply performance-based earthquake engi-11

neering (PBEE) principles to post-event decision-support systems that12

utilize strong motion building response data in near real time. The rela-13

tive effectiveness of different ground motion intensity measures (IMs) in14

structural response prediction is a core issue within the PBEE paradigm.15

This problem has been well-studied in the context of numerical simu-16

lations. However, the effectiveness of alternative IMs for reconstructing17

structural responses in the post-earthquake environment has not been18

investigated. This study evaluates the performance of several IMs in19

estimating displacement and acceleration-based responses using building20

strong motion data. In addition to the efficiency and sufficiency criteria,21

the IMs are evaluated using causal inference principles. The data set of22

strong motion structural responses includes recordings from 150 buildings23

and 35 earthquakes. The study finds that peak ground velocity (PGV)24

and peak ground acceleration (PGA) outperform the other IMs in terms25

of their efficiency in estimating peak story drift ratios (PSDR) and peak26

floor accelerations (PFA), respectively. PGV, cumulative absolute veloc-27

ity (CAV) and arias intensity (Ia) are sufficient with respect to magnitude28

(M) and distance (R) for PSDR, whereas for PFA, only the spectral IMs29

are sufficient with respect to M. The causal analysis finds that when a30

functional form is not assumed, the IM-EDP relationships are generally31

linear (in logarithmic space) with reduced effects for some IMs at the32
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tail ends of their distributions. When a linear relationship is assumed,33

CAV outperforms the other IMs when estimating both PSDR and PFA.34

Keywords: ground motion intensity measures, structural health monitoring,35

causal inference, performance-based earthquake engineering, structural36

response reconstruction37

1 Introduction38

Structural health monitoring has been shown to be useful for informing rapid39

damage assessments of infrastructure following an earthquake. For individual40

facilities, strong motion response measurements can be incorporated into the41

decision-making process that determines whether an affected building is safe to42

occupy. For building portfolios, in addition to informing damage (or function-43

ality) state determination, response measurements can also be used to guide44

the sequencing and timing of post-earthquake inspections. Numerous studies45

have been conducted to develop methodologies that use strong motion response46

measurements to assess post-earthquake structural integrity. While the earliest47

studies used metrics related to the change in the physical state of the struc-48

ture [1–4], more recent efforts have sought to leverage the performance-based49

earthquake engineering (PBEE) framework to assess immediate impacts using50

decision variables such as monetary losses and/or downtime [5–8].51

An important aspect of the PBEE methodology is determining the most52

suitable ground motion intensity measure (IM) for structural response estima-53

tion. In simulation-based PBEE assessments (i.e., without the use of strong54

motion data), structural responses or engineering demand parameters (EDPs)55

are estimated using nonlinear response history analyses (NRHAs). In this con-56

text, numerous studies have been carried out to appraise the suitability of57

different IMs for structural response estimation. The basic formulation of such58

studies includes constructing a nonlinear structural model, performing NRHAs59

using a set of either site-specific or site-agnostic ground motions, and using60

the empirical distributions of the generated EDPs to evaluate alternative IMs61

using different criteria. Efficiency and sufficiency are the most commonly used62

criteria, however, IMs have also been evaluated based on their robustness to63

scaling and predictability.64

The efficiency criterion evaluates an IM based on its ability to minimize the65

dispersion in the generated EDPs. The earliest studies focused on efficiency-66

based IM evaluations date back to the early 1990’s where the primary IMs of67

interest were the peak ground acceleration (PGA) and the spectral acceleration68

at the first mode period (SaT1). The latter was found to be more suitable for69

estimating displacement-based EDPs such as peak story drift ratio [9]. Later70

studies considered other spectral acceleration-based parameters that were con-71

ditioned on two or more periods. Studies by [10] and [11] showed that the72

performance of SaT1 could be enhanced by including additional modal periods73
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(e.g., 1st and 2nd mode). This idea has since been extended by using the geo-74

metric mean spectral acceleration over a range of periods (Saavg), which has75

been shown to be very efficient for structures with highly nonlinear response or76

whose behavior is influenced by multiple modes (e.g., taller buildings) [12, 13].77

Peak ground velocity (PGV) has also been shown to be effective (from an effi-78

ciency standpoint) for estimating peak story drift responses, especially in tall79

structures [14] while the filtered incremental velocity has been demonstrated80

to be suitable for collapse performance estimation [15]. In general, PGA has81

been shown to be the IM that is most suitable for estimating acceleration-based82

EDPs (e.g., peak floor acceleration) [13, 14].83

The sufficiency criterion evaluates an IM based on the conditional indepen-84

dence assumption that is embedded in the PBEE triple integral. Specifically,85

this assumption implies that, conditioned on a given IM, the EDPs are inde-86

pendent of the ”upstream” parameters used in ground motion models (e.g.,87

earthquake magnitude, source-to-site distance) [16]. There are alternative88

approaches to assessing the sufficiency of an IM. One uses a two-stage regres-89

sion, the first step of which develops a linear model that predicts the EDP as90

a function of the IM. The second step regresses the residuals from the first91

model against the upstream parameter of interest. The statistical significance92

of the coefficient from the second regression determines the sufficiency of the93

IM with respect to the considered upstream parameter. A p-value that exceeds94

some predefined significance threshold (usually 5%) implies that the upstream95

parameter is statistically independent of the EDP after conditioning on the96

IM and is therefore sufficient. An alternative approach to the two-stage regres-97

sion is to use scaling to condition the ground motions on a predefined IM98

level. The EDPs generated by the scaled ground motions are then regressed99

against the upstream parameter and the resulting p-value is interpreted as100

described earlier. Like efficiency, the sufficiency criterion has been widely used101

in prior simulation-based IM evaluation studies [9, 12, 13, 15–17]. However, a102

recent study by [14] showed that the results of the sufficiency-based assessment103

varies depending on the number of ground motions considered in the analysis.104

Recently, alternatives to the sufficiency-based assessments have been proposed105

including the use of information theory [18–20] or methods and principles from106

the field of causal inference [14]. The latter has recently been shown to produce107

results that are invariant to the number of considered ground motions.108

Because PBEE assessments are typically performed using simulated EDPs,109

the aforementioned studies utilized responses generated from NRHAs to evalu-110

ate the adequacy of IMs. However, as noted earlier, there is a growing emphasis111

on using strong motion building response data to conduct rapid PBEE-type112

assessments in the post-earthquake environment. A major challenge in this113

context is that the response measurements in a given building or portfolio114

are never ”complete”. Meaning, within in a given building, only a subset of115

the floor levels are instrumented. Also, in a given portfolio, only a subset of116

buildings are instrumented. For this reason, response reconstruction models117

are used to generate EDPs in the uninstrumented locations (i.e., a subset of118
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the stories in a given building or a subset of the buildings in a given inven-119

tory) [1, 21–26]. These response reconstruction models often utilize one or120

more IMs as predictor variables. Therefore, understanding the relative suit-121

ability of different IMs based on different criteria can inform the development122

of the EDP reconstruction models, especially when they are incorporated into123

a PBEE-type evaluation.124

In this study, we assess the effectiveness of several different IMs using125

data from building strong motion response measurements. In addition to the126

sufficiency- and efficiency-based criteria, we evaluate the IMs using the princi-127

ples and methods from the field of causal inference. The six IMs considered in128

the evaluation include PGA, PGV, cumulative absolute velocity (CAV), arias129

intensity (Ia), SaT1 and Saavg. The response measurements are taken from130

the database developed by [27], which contains historical data from more than131

200 buildings located in California that have been subjected to M > 4 earth-132

quakes during a period of more than 35 years. The recorded floor acceleration133

histories are used to generate peak story drift ratios (PSDRs) and peak floor134

accelerations (PFAs), which are the considered EDPs. The acceleration history135

measured at the ground level is taken as the input motion for each building136

and used to compute IM values. Several different causal inference methods are137

considered in the evaluation to determine whether the findings are invariant138

to the adopted model.139

The next section provides an overview of the considered data set including140

the geometric and structural characteristics of the buildings that make up the141

inventory and the IM and EDP distributions. A brief but broad overview of142

the relevant aspects of causal inference is then presented followed by a detailed143

description of the considered methods. The sufficiency- and efficiency-based144

assessment criteria are then summarized. The subsequent section presents the145

results of the IM evaluation using the three approaches (sufficiency, efficiency146

and causal inference). The paper concludes with a summary of the key findings,147

limitations of the study, and suggestions for future related work.148

2 Summary of Building, Event and Strong149

Motion Response Data150

The building strong motion responses are obtained from the relational151

database developed in [27]. After removing data points with relevant missing152

information, 150 buildings with recordings from 35 earthquakes are considered,153

giving a total of 479 response measurements. The pertinent building proper-154

ties include the number of stories (above ground), lateral force resisting system155

(LFRS) type, period estimated by ASCE 7-16 [28] (T1,ASCE), and the response156

measurements, including their locations within the structure. The site prop-157

erties include the location, source-to-site distance (epicentral), time averaged158

shear wave velocity to a depth of 30m (VS30), and site class. The event magni-159

tude associated with each response measurement is also considered. Figure 1160

shows histograms of the VS30, source-to-site distance, PGA, PGV, and the161
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LFRS type. For the LFRS type histogram, many of the buildings have multi-162

ple systems, so each system is counted individually for this plot. In Figure 2, a163

histogram of the number of stories is overlayed by plots showing the bin aver-164

ages of (a) the ASCE period and (b) SaT1 and SaAvg. In (c), the coefficient165

of variation (COV) for each bin is plotted. These plots help to understand the166

data distribution and serve as a preliminary check. For example, in plot (a),167

we see that as the number of stories increases, the average period within a168

bin increases. Conversely, the spectral IMs in (b) decrease with the increase169

in number of stories (i.e. increase in period). From a physical standpoint, this170

is expected. The COV plots in (c) help to understand how the number of171

data points within a bin may effect the results we obtain from the analysis172

performed later. There are multiple factors considered in the analysis, and173

given that there are more data points in the low to mid-rise buildings, there is174

more variation in the building, site, and event characteristics, leading to the175

higher observed COV. This information will aid in interpreting the results and176

drawing conclusions.177

The ASCE 7-16 estimated period is used to determine SaT1 and Saavg.178

Figure 3 shows the geometric mean spectra (considering ground motions in the179

two orthogonal directions) for all buildings in the set. Saavg is calculated as the180

geometric mean for the range 0.2T1 to T1, as most of the responses are linear-181

elastic. It is important to note that the lack of moderate to highly nonlinear182

responses is one of the limitations of the current study. Specifically, the findings183

in terms of the most suitable IM(s) would only be applicable to problems184

involving structures that respond in the near-elastic range. Nevertheless, we185

believe the IM evaluation using measured responses provides new information186

that has overall relevance to PBEE-type assessments.187

The EDPs (maxPSDR and maxPFA) are extracted from the time-series188

data. The story drift ratio is calculated as the difference in the displacement189

values in two adjacent stories divided by the story height. This value is calcu-190

lated at each floor, using the maximum over the entire response history as the191

PSDR for that floor. The maximum over all floors is then taken as the max-192

PSDR. The instruments record the accelerations at their respective floors. The193

maximum at each floor over the entire response history is computed (PFA),194

and the maximum of these values over all floors is the maxPFA for a given195

building.196

3 Fundamentals of Causal Inference197

3.1 Potential Outcomes198

This section provides a brief overview of the relevant fundamental aspects of199

causal inference. In a broad sense, causal inference aims to utilize observational200

data (i.e., data not generated by a controlled experiment) to identify and/or201

quantify the causal effect of one variable (described as the ”treatment”) on202

another (described as the ”outcome” variable) in the presence of ”covariate”203
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Fig. 1 Histograms showing the empirical distribution of (a) VS30, (b) source-to site dis-
tance, (c) PGA, (d) PGV, and (e) the lateral force resisting system types

or ”confounding” variables. This can be contrasted with traditional statis-204

tics which is centered around establishing associative relationships among a205

set of variables. Potential outcomes, a cornerstone of causal inference, provide206

a conceptual mathematical framework for representing causal relationships.207

Originating from the works of Neyman and Rubin, potential outcomes are208
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Fig. 2 Bin averages and histograms for (a) the ASCE Period (b) SaT1
and Saavg and (c)

the corresponding coefficients of variation (COV)

hypothetical outcomes that would have been observed under different treat-209

ment conditions [29, 30]. This framework lays the foundation for estimating210

causal effects and drawing causal conclusions.211

In any causal problem, each individual or unit possesses two potential out-212

comes: the outcome that would be observed if the unit receives the treatment213

(denoted as Y1), and the outcome under the condition that the treatment214

is not assigned to the same unit (denoted as Y0). However, the fundamen-215

tal challenge of causal inference stems from the fact that only one of these216

potential outcomes can be realized in an observational data set, depending217

on whether a given unit actually receives the treatment or not. The potential218

outcomes framework allows us to define the causal effect of a treatment as219

the difference between Y1 and Y0 or Y1 − Y0. This causal effect captures the220

change in the outcome that can be attributed solely to the treatment itself221

while holding all other factors constant. To estimate causal effects within this222

framework, researchers rely on data from various study designs such as obser-223

vational studies or randomized controlled trials. Regardless of the context, the224

main challenge lies in addressing the unobserved potential outcomes. Over-225

coming this challenge requires making identification assumptions that relate226
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Fig. 3 Geometric mean spectra (considering ground motions in the two orthogonal direc-
tions

to the relationship between the potential outcomes and the treatment assign-227

ment mechanism. These assumptions play a critical role in estimating causal228

effects.229

One widely recognized identification assumption is the stable unit treat-230

ment value assumption (SUTVA) [31]. SUTVA assumes that the potential231

outcome for a given unit is not influenced by the treatment assignment or232

potential outcomes of other units. This assumption ensures that the esti-233

mated causal effect can be solely attributed to the treatment itself. Another234

important criterion within the potential outcomes framework is related to the235

assignment mechanism or the process by which units are assigned to different236

treatment conditions. In randomized controlled trials, the assignment mecha-237

nism is typically random, ensuring that treatment assignment is independent238

of unit characteristics or covariate variables. In observational studies, however,239

the assignment mechanism may be affected by confounding factors, which can240

introduce bias into the estimated causal effects. This leads to the ignorability241

assumption, which says that the treatment assignment should be independent242

of potential confounding factors (variables affecting both the treatment and243

the outcome). Lastly, the consistency assumption says that the potential out-244

come of unit i corresponding to the treatment condition for the same unit is245

the outcome that is observed. So, in other words, if the treatment condition246

for unit i, Ti = t, then outcome, Y t
i = Y T

i = Yi [32].247

The potential outcome framework provides a principled approach to248

understanding causal relationships. By considering the hypothetical potential249

outcomes and making appropriate identification assumptions, effect estimates250



Ground Intensity Measure Evaluation 9

can be quantified and more defensible conclusions can be drawn about the251

causal relationships between variables.252

3.2 Directed Acyclic Graphs (DAGs) and Structural253

Causal Models (SCMs)254

Causal graphical models have been proposed as a compliment to the potential255

outcomes framework [32]. Causal graphical models provide a visual represen-256

tation of causal relationships and facilitate the identification of causal effects257

based on structural causal models. Directed Acyclic Graphs (DAGs) and Struc-258

tural Causal Models (SCMs) are used to represent and understand causal259

relationships between variables. They provide a formal framework for modeling260

causal structures and making causal claims based on observed data.261

In a DAG, variables are represented as nodes, and causal relationships are262

depicted by directed edges connecting the nodes. Importantly, DAGs impose a263

structure where causal effects flow from parent nodes to child nodes, creating264

a clear directionality of influence. The acyclic property ensures that there are265

no feedback loops or circular dependencies among variables. DAGs are useful266

for encoding prior knowledge about the causal relationships between variables.267

They help define the assumptions underlying the causal models and identify268

the confounding variables that need to be addressed when estimating causal269

effects. Figure 4 shows an example of a DAG for a hypothetical causal problem270

with outcome Y, treatment T, a set of covariates [X], and the corresponding271

unmeasured influences, U.272

Fig. 4 DAG for a hypothetical causal problem with treatment T, outcome Y and covariates
[X]

SCMs are mathematical representations of the causal relationships273

described by a DAG. SCMs specify the interactions among variables in the274

system and how their values are determined. Each variable is associated with275

a structural equation that describes its dependence on its parent variables.276

The structural equations encode the causal mechanisms or processes that gen-277

erate the values of the variables. In an SCM, there are endogenous variables278

and exogenous variables. Endogenous variables are those whose values are279

determined by other variables in the system, while exogenous variables are280

treated as inputs or sources of external influence, which are not affected by281
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other variables in the system. The structural equations in an SCM provide a282

mathematical representation of the causal relationships implied by the DAG.283

By specifying the functional forms and parameters of these equations, causal284

effects can be estimated using statistical methods under different scenarios.285

The SCM associated with the DAG in Figure 4 is described in Equation 1.286

Xi = fXi
(UXi

) (1a)

T = fT (X1, ..., Xn, UT ) (1b)

Y = fY (X1, ..., Xn, T, UY ) (1c)

In summary, the combination of DAGs and SCMs enables causal conclu-287

sions to be drawn from observational data. DAGs provide a clear graphical288

representation of the causal assumptions, while SCMs formalize these assump-289

tions into mathematical models. These models can then be used to estimate290

causal effects, perform counterfactual analyses, and assess the sensitivity of291

results to different assumptions.292

4 Methods used to Evaluate the Efficacy of293

Ground Motion Intensity Measures294

In addition to the well-established efficiency and sufficiency criteria, three dif-295

ferent causal inference methods are used to evaluate the relative performance296

of the considered IMs. The subsequent subsections provide an overview of the297

causal inference approach to the IM evaluation problem as well a detailed298

description of the three methods. A brief summary of the efficiency and299

sufficiency-based assessment is also presented.300

4.1 Causal Inference-Based Intensity Measure Evaluation301

4.1.1 Overview302

According to the sufficiency criterion, an effective IM is one that produces303

EDPs that are independent of the upstream parameters used in ground304

motions models (e.g., event magnitude, source-to-site distance) after condition-305

ing on said IM. As discussed in the Introduction section, the sufficiency-based306

assessment of this conditional independence criterion can be evaluated using307

one of two approaches: (i) regressing the conditional EDP (i.e., EDPs asso-308

ciated with a single IM level) against the upstream parameter of interest or309

(ii) a two-stage process that first regresses the EDP against the IM and then310

regresses the residuals from the first model against the upstream parameter311

of interest. In either approach, if the upstream parameter of interest is found312

to be statistically insignificant (based on the associated p-value), the IM is313

deemed sufficient.314

As described in [14], the conditional independence criterion can also be315

evaluated through the lens of causal inference. The DAG shown in Figure 5316
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provides a conceptual representation of the IM evaluation problem from a317

causal inference perspective. In this formulation, the EDP is the outcome vari-318

able and the IM is the treatment. The considered upstream parameters include319

the event magnitude (M), epicentral source-to-site distance (R), and site class320

(as defined by ASCE 7-16). Note that site class (SC in Figure 5) is used (as321

a categorical variable) in lieu of V s30 because of the large uncertainty associ-322

ated with the latter. Also, many of the V s30 values provided by the Center for323

Strong Motion Data [33] are not directly measured but inferred from topolog-324

ical features. In the Figure 5 DAG, M, R and the site class (denoted by the325

vector X1 = {M,R, SC}) are confounders because they affect both the IM326

and the EDP. It then follows that the causal effect of a given upstream param-327

eter (e.g., M) on the EDP can be interpreted as having two parts. The direct328

effect represented in Figure 5 by the arrow from the upstream parameter to329

the EDP and the ”mediated” effect which flows through the IM. From a con-330

ditional independence standpoint, a desirable IM is one that maximizes the331

”mediated” effect and minimizes the direct effect. However, since the direct332

effect is independent of the IM, the IM that maximizes the effect on the EDP333

while controlling for the upstream parameters is the most desirable (from a334

causal inference perspective).335

In a typical NRHA-based IM evaluation study (like the prior studies336

described in the Introduction section), each structure is considered individ-337

ually and the uncertainty is derived from using multiple ground motions. In338

the current study, the set of measured EDPs are from a portfolio of build-339

ings. In other words, the IMs are being evaluated across multiple structure340

types. As such, the number of stories (Ns), LFRS-type and ASCE 7-16 esti-341

mated period (T1) (denoted by the vector X2 = {Ns, LFRS, T1}) are also342

confounders because they affect both the IM and the EDP. Therefore, the343

causal inference-based IM evaluation considers both the upstream parameters344

and building/structural properties shown in Figure 5 as confounders (denoted345

by the vector X = {X1, X2}). Note that T1 only affects the SaT1 and Saavg346

IMs, which is why the arrow between the two variables is shown using a dashed347

line.348

The IM evaluation problem shown in Figure 5 is solved using the following349

three causal inference methods: Inverse Propensity Weighting (IPW), Covari-350

ate Balancing Propensity Score (CBPS) and Entropy Balancing for Continuous351

Treatments (EBCT). Recall that for any causal problem, a primary challenge352

with estimating the effect of the treatment on the outcome variable is the353

presence of one or more confounders. One approach to addressing this chal-354

lenge (illustrated in Figure 6) is to ”balance” the effect of the confounding355

variables (or covariates) before estimating the treatment effects using statis-356

tical regression. The differences among the IPW, CBPS and EBCT methods357

lie primarily in the covariate balancing strategy that is used before estimating358

the treatment effect. Considering all three methods will allow us to assess the359

invariance of the causal inference-based IM evaluation results to the covariate360

balancing strategy. Ideally, the relative performance of the considered IMs in361
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estimating the EDPs should should not vary across the different covariate bal-362

ancing approaches. As shown in Figure 6, two types of regression are considered363

after the covariate balancing is performed. Using simple linear regression pro-364

vides a single average treatment effect (ATE) value. However, to consider any365

nonlinearity in the post-balancing relationship between the treatment and out-366

come, local linear regression is also performed to obtain an exposure outcome367

relationship.368

Fig. 5 DAG showing a conceptual representation of the IM evaluation problem. The unmea-
sured influences are not shown.

4.1.2 Inverse Propensity Weighting (IPW)369

To account for non-random assignment of the treatment in observational stud-370

ies, inverse propensity weighting (IPW) [34] is a widely used technique in causal371

inference. It assigns weights to each observation based on their propensity372

scores, which represent the conditional probability of receiving the treatment373

given the observed covariates.374

Consider a binary treatment setting with a dataset comprised of N obser-375

vations denoted by (Yi, Ti, Xi) for i = 1, 2, ..., N . Here, Yi is the outcome of376

interest, Ti is the binary treatment indicator (0 for control, 1 for treatment),377

and Xi represents the vector of observed covariates for the observation i. The378

propensity score, denoted as π(Xi), is the conditional probability of receiving379

the treatment given the covariates Xi, i.e., π(Xi) = P (Ti = 1|Xi). The goal is380

to estimate the average treatment effect (ATE), which is the average difference381

in outcomes between the treated and control groups. To balance the covariates382

across the treatment groups, we assign weights to each observation based on383

the inverse of the propensity scores. The weight for the ith observation is given384

by w(Xi) = 1/π(Xi) for the treated group (Ti = 1) and w(Xi) = 1/(1−π(Xi))385

for the control group (Ti = 0). The w(Xi) operates by upweighting the under-386

represented group and downweighting the overrepresented group, effectively387

balancing the covariate distributions between the treatment groups. The IPW388

estimate of the ATE is then calculated as:389
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Fig. 6 Schematic illustration of the covariate balancing approach used to solve the IM
evaluation problem using causal inference

ATEIPW = (1/N)
∑

[TiYiw(Xi)]− (1/N)
∑

[(1− Ti)Yiw(Xi)] (2)

where the first term on the right-hand side represents the weighted sum of390

outcomes in the treated group, and the second term represents the weighted391

sum of outcomes in the control group. By incorporating the weights based392

on the inverse propensity scores, the IPW estimator effectively creates a393

pseudo-population where the treatment assignment is independent of the394

observed covariates. This allows for unbiased estimation of the treatment395

effect by removing the confounding bias induced by the non-random treatment396

assignment.397

For continuous treatment variables (as is the case in the IM evaluation398

problem), the IPWmethodology can be extended by replacing the binary treat-399

ment indicator with the continuous treatment values. The propensity scores400

are then estimated using the appropriate models, such as logistic regression for401

binary treatments or generalized propensity score models for continuous treat-402

ments. The weights are calculated as the inverse of the estimated propensity403

scores, similar to the binary treatment case. The IPW estimator for the aver-404

age treatment effect with continuous treatments follows a similar formulation405

as the binary treatment case:406
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ATEIPW = (1/N)
∑

(Ti − µ(T ))wiYi (3)

where Ti now represents the continuous treatment values, and w(Xi) is407

the corresponding weight based on the inverse propensity score. µT is the408

conditional mean of the treatment given the covariates.409

Estimating the propensity scores and choosing the appropriate model for410

estimating treatment effects are the two main steps in the IPW methodology.411

Various techniques, such as logistic regression, machine learning algorithms, or412

propensity score matching, can be employed to estimate the propensity scores.413

IPW is a useful technique in causal inference that addresses the issue414

of non-random treatment assignment in observational studies. By assigning415

weights based on the inverse of propensity scores, IPW balances the covariate416

distributions between treatment groups and allows for unbiased estimation of417

treatment effects. The methodology can be applied to both binary and contin-418

uous treatment settings, with appropriate modifications in the calculation of419

weights and estimation procedures.420

4.1.3 Covariate Balancing Propensity Score (CBPS)421

Covariate Balancing Propensity Score (CBPS), originally developed by [35], is422

a method used in causal inference to estimate treatment effects while achiev-423

ing balance in the covariates between the treatment and control groups. The424

method was extended by [36] to consider continuous treatments. It com-425

bines the principles of propensity score estimation and weighting techniques426

to address confounding bias and enhance the validity of causal analyses. Sim-427

ilar to IPW, the CBPS method begins by estimating the propensity scores,428

πβ(Xi) = P (Ti = 1|Xi) using logistic regression:429

πβ(Xi) =
exp(XT

i β)

1 + exp(XT
i β)

(4)

where β is an unknown parameter vector of size equal to the number430

of covariates, which can be estimated by maximizing the log-likelihood in431

Equation 5. Once the propensity scores are estimated, the CBPS method432

assigns weights to each unit based on their propensity score and covariate val-433

ues. The definition of weights based on the covariates is where CBPS differs434

from IPW. In the CBPS framework, the weight assigned to unit i, Wi, is given435

by Equation 6.436

β̂MLE = argmax
β

N∑
i=1

Tilog(πβ(Xi)) + (1− Ti)log(πβ(Xi)) (5)

Wβ(Ti, Xi) =
Ti − πβ(Xi)

πβ(Xi)(1− πβ(Xi))
(6)

437

This ensures that units with covariate values that are unbalanced between438

the treatment and control groups receive higher weights, facilitating covari-439

ate balance. When extended to continuous treatments, transformation of the440
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treatment and covariate vectors is performed so that the means and variances441

are 0 and 1, respectively. The transformed vectors are denoted as T̃i and X̃i.442

The transformation of the treatment variable is shown in Equation 7. The443

same equation is used to transform the covariate vector.444

T̃i =
Ti − T̄
√
sT

(7a)

T̄ =

N∑
i=1

Ti

N
(7b)

sT =

N∑
i=1

(Ti − T̄ 2)

N − 1
(7c)

The weights for the continuous treatment case are defined by:445

wi =
f(T̃i)

f(T̃i|X̃i)
(8)

To satisfy the covariate balancing conditions that the weights (i) remove446

the correlation between X̃i and T̃i and (ii) maintain their marginal means, the447

following constraints are applied.448

N∑
i=1

wig(X̃i, T̃i) = 0 (9a)

N∑
i=1

wi −N = 0 (9b)

where g(X̃i, T̃i) = (X̃i, T̃i, X̃iT̃i)
⊤. Equation 8 can be rewritten in terms of449

wi as f(T̃i, X̃i) =
1
wi

f(T̃i)f(X̃i). To maximize the likelihood of the full sample,450

we maximize the following function with the corresponding contraints:451

N∏
i=1

f(T̃i, X̃i) =

N∏
i=1

1

wi
f(T̃i)f(X̃i) (10)

s.t.

N∑
i=1

wig(X̃i, T̃i) = 0

N∑
i=1

wi = N

N∑
i=1

wiX̃iT̃i = 0



16 Ground Intensity Measure Evaluation

wi > 0 for all i

The likelihood is equivalent to
∑N

i=1 log(f(T̃i))+log(f(X̃i))−log(wi). Since452

we are only interested in wi, this equation simplifies to453

argmin

N∑
i=1

log(wi) (11)

Using the Lagrange method to evaluate the optimization problem and solve454

for wi, we obtain455

wi =
1

1− γ⊤g(X̃i, T̃i)
(12)

where γ is the Lagrange multiplier associated with the first constraint.456

With the assigned weights, the CBPS method computes the weighted average457

treatment effect. The wi’s are incorporated in the estimation of the ATE by458

giving more weight to units whose covariate values are unbalanced between459

the treatment and control groups.460

By achieving covariate balance, the CBPS method aims to reduce con-461

founding bias and provide more reliable estimates of the treatment effect. It462

allows for the adjustment of multiple covariates simultaneously and can handle463

both binary and continuous treatments.464

CBPS combines propensity score estimation and weighting techniques to465

achieve covariate balance. By assigning weights based on the estimated propen-466

sity scores and covariate values, CBPS aims to reduce confounding bias and467

provide more accurate treatment effect estimates.468

4.1.4 Entropy Balancing for Continuous Treatments (EBCT)469

Entropy Balancing for Continuous Treatments, or EBCT, was developed by470

[37] as a continuous treatment extension to the original entropy balancing471

method for binary treatments [38]. The primary function of EBCT is to mini-472

mize the correlation between the moments of the pre-treatment covariates and473

the treatment by weighting each unit. The weighted set can then be used to474

estimate the ATE with minimal influence from the confounders. EBCT works475

by first partitioning the observations into bins based on the treatment variable.476

Then, within each bin, the covariate distributions are balanced using a weight-477

ing scheme that minimizes the dispersion of the weights (the entropy). This478

ensures that the weights are evenly distributed across the treatment and con-479

trol groups. Once these weights are obtained, they can be used in techniques480

such as weighted linear regression to estimate the ATE.481

The binary entropy balancing case will be first introduced then expanded482

to deal with continuous treatments. The binary treatment variable is denoted483

as T such that each data point is assigned to either the treatment (1) or484

control (0) group. For a set of N observations (N = N0 + N1), each unit,485

i, has a treatment status Ti and covariates Xi. Entropy balancing seeks to486
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find the weight, wi, for each unit that balances the covariate distribution in487

the treatment and control groups. The formulation uses the Kullback entropy488

metric (h(w) in Equation 13).489

h(wi) = wi ln

(
wi

πi

)
(13)

490

where πi, the selected base weight, is set equal to 1/N1 for all i when not491

specified. The goal is to minimize this entropy subject to certain constraints492

via the loss function H(w) in Equation 14.493

min
w

H(w) =
∑

i|Ti=0

h(wi) (14)

s.t.
∑

i|Ti=0

wicri(Xi) = mr, r ∈ 1, ..., R

∑
i|Ti=0

wi = 1

wi ≥ 0 for all i such that Ti = 0

where cri(Xi) is the covariate moment functions of the control group,494

which can be defined as cri(Xi) = Xr
ij or a de-meaned version of the moment495

functions given by cri(Xij) = (Xij − µj)
r, where µj is the mean and j is a496

corresponding covariate for observation i. mr represents the rth moment of497

the treatment group for covariate Xj . For example, if r = 1, the constraint is498

such that only the means of the covariates are balanced. If r = 2, then the499

means and the variances are balanced, and so on. In summary, the constraints500

impose that the sum of the weighted covariate moments in the control group501

must equal the moments of the covariates in the treatment group.502

The extension of EBCT to consider continuous treatment variables is based503

on [37]. The treatment T is now a continuous variable, with Ti > 0 for treated504

units. The covariate moment function for the binary case, cri(Xi) , is rewritten505

as X̃i = f(Xi) − 1
N1

∑
i|Ti>0 f(Xi) where f(·) is a function of the covariate506

and any interaction terms to be balanced, and the de-meaning is done with507

respect to the treatment group. The variables p and T̃ are used to denote the508

order of the treatment term to be balanced and a de-meaned representation509

of the treatment (similar to X̃ for the covariates), respectively. The column510

vector g(p, X̃i, T̃i) = [X̃i
′
, T̃i, ..., T̃i

p
, X̃i

′ · T̃i, ..., X̃i
′ · T̃i

p
] considers all necessary511

covariate and treatment moments and interactions. Equation 14 can then be512

re-written for continuous treatments as513

min
w

H(w) =
∑

i|Ti>0

h(wi) (15)
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s.t.
∑

i|Ti>0

wig(p, X̃i, T̃i) = 0

∑
i|Ti>0

wi = 1

wi > 0 for all i such that Ti > 0

To obtain the weights, the constrained optimization problem can be refor-514

mulated by applying Lagrange multipliers (λ, γ) to the constraints. Recall515

from Equation 13 that h(w) = wi ln
(

wi

πi

)
, so the new unconstrained problem516

becomes517

min
w,λ,γ

L , (w, λ, γ) = wi ln

(
wi

πi

)
− λ

{ N1∑
i=1

wi − 1
}
−γ′{ N1∑

i=1

wig(p, , , X̃i, , , T̃i)
}

(16)
Differentiating with respect to λ and wi produces the equation for518

calculating the balancing weights519

wi =
qi exp

{
γ′g(p, , , X̃i, , , T̃i))

}∑N1

i=1 qi exp
{
γ′g(p, , , X̃i, , , T̃i)

} (17)

4.2 Efficiency and Sufficiency520

In general (statistical) terms, efficiency and sufficiency are two approaches to521

quantifying the quality of an estimator. The efficiency criterion gauges how522

effectively the available data is utilized to estimate the outcome of interest.523

Sufficiency assesses whether the estimator alone is sufficient with respect to524

one or more covariates in explaining the response. Sufficiency is evaluated by525

conditioning on the estimator and evaluating the dependence of the response526

on the covariate(s) of interest. In the context of the current study, the IM is527

the estimator and the upstream parameters are the covariates.528

The primary objective in efficiency-based evaluation is to identify the IM529

that offers the most precise estimates of the EDPs given certain assumptions530

or conditions. Specifically, an estimator is deemed efficient when it achieves531

the smallest variance among the class of estimators being compared. In other532

words, it strives to minimize the dispersion between estimated values and the533

true value of the parameter. Consider the following regression:534

ln Ŷ = ln a+ b · lnX + ϵ (18)

where Ŷ is the response variable of interest, X is a predictor variable, a535

and b are regression parameters and ϵ is the error. An efficient estimator is one536

that minimizes the variance in the error term ϵ.537

The sufficiency criterion is a measure of how well the estimator alone pre-538

dicts the outcome. The two stage regression approach is adopted in the current539
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study. The first regression is between the intensity measure and the response,540

the same as for efficiency in Equation 18. The second regression takes the541

residuals from the first stage and regresses them against each covariate, shown542

in Equation 19. The p-values obtained from this second regression indicate543

the sufficiency of the IM. If the p-value is greater than 0.05 (a commonly544

used threshold for statistical significance), then the covariate is rendered inde-545

pendent of the first stage regression residuals conditioned on the treatment,546

deeming the IM sufficient.547

ϵ = c · Z + η (19)

where Z is the covariate or upstream parameter, c is a regression parameter548

and η is a second error term. The baseline unbalanced data set is evaluated549

for both efficiency and sufficiency for comparison with the causal inference550

approaches that use covariate balancing.551

5 Ground Motion Intensity Measure552

Evaluation and Results553

This section evaluates the relative effectiveness of five ground motion inten-554

sity measures in estimating two types of engineering demand parameters. The555

considered IMs include PGA, PGV, CAV, Ia, SaT1 and Saavg. Each sensor556

in a building that is subjected to a given event provides response history data557

at a specific location (i.e., floor level). The response histories are recorded558

at small intervals over the duration of the event. In most buildings, sensors559

are not placed on every floor, so linear interpolation was performed to cal-560

culate the response histories on those floors that are not instrumented [24].561

This information is then used to calculate the peak response demands. The562

peak story drift ratio (PSDR) and peak floor acceleration (PFA) are used to563

denote the peak response corresponding to each story and floor respectively.564

The maximum PSDR and PFA over all stories and floors, respectively, denoted565

as maxPSDR and maxPFA, are the considered EDPs. To calculate the peak566

response demands, the diaphragm is assumed to be rigid and torsional effects567

are neglected. The causal inference-based evaluation via the three alternative568

covariate balancing methods is implemented in addition to the efficiency and569

sufficiency criteria.570

A procedure similar to that outlined in [37] is followed. The original sam-571

ple consists of N = 479 samples. Bootstrapping is used to resample the data572

with replacement over Nb = 500 repetitions. The samples are considered indi-573

vidually for the covariate balancing schemes. Weights are estimated for each574

sample and a regression is performed. The estimated exposure-outcome curves575

in Figure 7 and Figure 8 are determined by using the fitted regression to pre-576

dict at evenly spaced values of the considered IM between the fifth and 95-th577

percentile, as we do not expect to draw confident inferences outside of this578

range.579
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5.1 Covariate Balancing580

This subsection presents the results of the covariate balancing sub-step of the581

causal inference-based evaluation illustrated in Figure 6. Recall that the goal582

of covariate balancing is to remove the correlation between the confounding583

covariates and the treatment variable (EDP) to minimize bias in the effect584

estimation. Balancing also reduces the effective sample size (ESS) which are585

summarized in Table 2. ESS measures the amount of precision in the data.586

Specifically, higher correlations in the data results in lower ESS due to redun-587

dancy. The considered covariates include M, R, SC, and T1. Since the number588

of stories (Ns) and lateral force resisting system (LFRS) only affect the IM589

through the first mode period, they are not included as covariates. More for-590

mally, it can be shown that considering T1 in the covariate balancing also591

addresses the confounding effects of LFRS and Ns. For this data set, it is592

expected that the ESS will be significantly reduced given the high correlations593

that M has with the exposure variables.594

The results from the covariate balancing are shown in Table 1 which595

summarizes the Pearson correlations between the confounding covariates and596

treatment variable (IM) before and after balancing is performed. The post-597

balancing correlations, which are computed after applying the weights (wi) to598

each observation, serve as an indication of the relative balancing ability of each599

method. The values reported in the table are the Pearson correlations between600

the covariates and treatment variables. Prior to balancing, the earthquake601

magnitude has the highest absolute correlation - which is positive, as expected602

- with the IMs. Also, as expected, T1 has relatively high pre-balancing corre-603

lations with SaT1 and Saavg. R has low to moderate correlations with PGV,604

SaT1 and Saavg and low positive correlations with PGV, CAV and Ia before605

balancing. Recall that SC is a categorical variable, which, for the purpose of606

the analysis, is assigned values of 0 and 1 for site class C and D, respectively.607

As such, the positive (but low) pre-balancing correlations between SC and the608

various IMs indicate that the site class D IM levels are generally higher rel-609

ative to site class C. Based on the observed post-balancing correlations, it is610

clear that EBCT provides the best balance, effectively eliminating the corre-611

lations for all variables while maintaining a larger ESS (see Table 2) than the612

other two methods. Nevertheless, the results using all three balancing meth-613

ods are reported to evaluate the consistency of the relative performance of the614

different IMs. It should also be noted that EBCT was performed with r = 1615

and p = 1, i.e. only the first moment (the mean) of the treatment and covari-616

ates are balanced. This decision was based on convergence issues that arose617

when attempting to balance higher order moments. IM-covariate pairs that618

converged did so with the consequence of a low ESS. A larger dataset might619

alleviate these issues, but for the current study, higher order moments were620

omitted.621



Ground Intensity Measure Evaluation 21

Table 1 Pearson correlations between the IMs and covariates before and after balancing

Covariate IM Unweighted IPW CBPS EBCT
PGA 0.279 -0.143 0.013 0.000
PGV 0.661 0.196 0.001 0.000

M CAV 0.742 0.367 0.198 0.000
Ia 0.742 0.330 0.166 0.000

SaT1 0.514 0.001 0.041 0.000
Saavg 0.533 -0.055 0.110 0.000
PGA -0.381 -0.354 -0.111 0.000
PGV 0.046 0.146 0.003 0.000

R CAV 0.091 0.084 -0.002 0.000
Ia 0.092 0.051 -0.020 0.000

SaT1 -0.007 -0.263 -0.161 0.000
Saavg -0.041 -0.284 -0.115 0.000
PGA 0.011 -0.039 0.015 0.000
PGV 0.056 0.078 -0.005 0.000

Site Class CAV 0.079 0.047 0.071 0.000
Ia 0.070 0.021 0.046 0.000

SaT1 0.196 0.069 0.056 0.000
Saavg 0.135 0.039 0.049 0.000
SaT1 -0.470 -0.521 -0.201 0.000

T1 Saavg -0.309 -0.178 -0.117 0.000

Table 2 Effective sample size corresponding to the different covariate balancing methods

IM IPW CBPS EBCT
PGA 132.9 69.9 220.1
PGV 99.8 52.8 171.7
CAV 126.3 53.9 129.3
Ia 90.5 36.2 130.5

SaT1 46.8 122.3 154.0
Saavg 154.2 131.7 198.3

5.2 Causal Effect Estimation Results622

After the balancing is performed and the weights (wi) for all samples are623

determined, a weighted linear regression is performed for each method. Both624

simple and local linear regressions are performed. The local linear regression625

provides more flexibility in the functional relationship between the exposure626

and outcome, so the form does not need to be assumed. It serves as a way627

to evaluate how the effect may vary at different levels for a given IM. The628

simple linear regression allows for a more direct and intuitive comparison of629

the population ATE, which is taken as the regression coefficient. When the630

relationship is nonlinear, the effect cannot be simply summarized into a single631

value for the population. However, the exposure-outcome curve is useful for632

highlighting important aspects of the relationship between the treatment (IM)633

and outcome (EDP).634

The results of the simple linear regression are summarized in Table 3 and635

Table 4. The reported values are the regression coefficient (β) (causal effect)636

which is interpreted as a β% increase in the outcome (EDP) caused by a 1%637

increase in the treatment (IM). Recall that, from a conditional independence638
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standpoint, the most desirable IM is the one with the largest β value (shown639

in bold font). From Table 3, it is observed that, across all three covariate bal-640

ancing methods, CAV has the highest causal effect for PSDR and is therefore641

the best performing IM (from a causal inference perspective). It is notable642

that CAV is one of the least studied IMs specifically as it relates to its rela-643

tive performance in estimating EDPs. However, this finding is consistent with644

that of the study by [39] which found that CAV is well-correlated with dam-645

age, even moreso than other IMs such as PGA. The worst performing IM for646

PSDR, which is the one with the lowest causal effect, is PGA. Again, this is647

consistent with several prior studies which showed that PGA does not perform648

well for displacement-based EDPs [12, 13].649

The results from Table 4 show that CAV is also the best performing IM650

for PFA across all balancing methods. It is a bit unusual that PGA is outper-651

formed by most of the other IMs (with the exception of SaT1) when estimating652

PFA. Most prior simulation-based studies have shown that, at least from an653

efficiency standpoint (discussed later in this section), PGA performs relatively654

well for acceleration-based EDPs. On the other hand, the fact PGA generally655

performs much better for PFA than for PSDR (when comparing the causal656

effects in Table 3 and Table 4)) is consistent with the principles of structural657

dynamics. Further, when attempting to benchmark the current results against658

findings from the prior literature, it is important to highlight that (i) all prior659

studies utilize simulation-based data whereas this study uses response mea-660

surements and (ii) the current study is based on aggregated data from multiple661

structure types and configurations whereas all prior studies utilize data from662

one structure type at a time. Although the covariate balancing is implemented663

to consider these differences, the analysis is limited by the amount of avail-664

able data. The strata for some variables have few data points compared to665

others (i.e. high-rise vs low-rise buildings). The results are also dependent on666

the performance of the balancing methods and the resulting effective sample667

sizes. Results where the ESS is less than 10% of the original sample size are668

excluded due to the low precision.669

When evaluating the results across the different methods, it is important670

to acknowledge their respective performance. For example, it can be observed671

that the causal effect estimation for PGA on PSDR is significantly larger when672

balanced using EBCT compared to IPW and CBPS. This may initially seem673

concerning without considering that not only was EBCT better at eliminating674

the correlations in the covariates, but for this IM-EDP pair, EBCT maintained675

a larger ESS. The ESS for CBPS, for example, is only just barely above the676

10% cutoff criterion.677

The results of the weighted local linear regressions are shown in Figure 7678

and Figure 8. For brevity, only the EBCT-weighted plots are shown and679

inferences will be drawn from this weighting scheme as it performed best at680

eliminating the correlations between the covariates and IMs and maintaining681

a reasonable ESS. The estimated exposure-outcome curve is plotted with nor-682

mally approximated 95% confidence bands using the boostrapped standard683
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errors. The unweighted and EBCT-weighted simple regression curves are also684

plotted to illustrate their differences. In general, we see that although the lin-685

ear model assumption was not unreasonable for some IM-EDP pairs, others686

display a potentially more complex relationship. Specifically, for CAV and Ia687

at low intensities, the response is nearly flat (in the cases of both PSDR and688

PFA), indicating there is almost no causal effect of the IM on the EDP at689

these intensity levels. This is unsurprising as these are cumulative metrics,690

so data points in this range likely belong to buildings that experienced little691

shaking and consequently, had very small responses with negligible differences.692

The mid-level intensities show a steep upward slope, indicating a significant693

increase in the causal effect, but it again decreases at the very high end of694

intensities, exhibiting a negative slope. The latter observation is unusual, but695

may be explained by the limited number of responses in this range. This con-696

clusion is further supported by the wide confidence bands in this range. With697

the current size and linear-elastic nature of the set, drawing inferences in this698

range is not recommended. Another observation to consider is with respect699

to PGV. When regressed against PFA, it exhibits a notable increase in the700

causal effect around 1 g-s, indicating it may be a better quality predictor for701

this EDP at higher intensity levels. Under the assumption that the EBCT-702

weighted LOESS better reflects the true relationships, it shows how the simple703

linear regression may underestimate the effectiveness of this IM. Although lim-704

ited by the size and breadth of the available responses, the weighted LOESS705

provides potential insight into the underlying relationships between IMs and706

EDPs that the simple regression does not capture.707

Table 3 Estimated causal effect (β) for PSDR from post-balancing linear regression

IM IPW CBPS EBCT
PGA 0.315 0.367 0.675
PGV 0.929 0.852 0.850
CAV 1.29 1.62 1.694
Ia 1.018 - 1.385

SaT1 - 0.577 1.112
Saavg 0.297 0.862 1.105

Table 4 Estimated causal effect (β) for PFA from post-balancing linear regression

IM IPW CBPS EBCT
PGA 0.682 0.666 0.658
PGV 0.742 1.03 1.031
CAV 1.165 1.576 1.54
Ia 0.972 - 1.361

SaT1 - 0.625 0.603
Saavg 0.791 0.844 1.01
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Fig. 7 Exposure-outcome Curves for PSDR vs a) PGA, b) PGV, c) CAV, d) Ia, e) SaT1

and f) SaAvg using Naive simple linear regression, EBCT-weighted simple linear regression,
and EBCT-weighted LOESS

5.3 Efficiency and Sufficiency708

This section presents the results of the efficiency and sufficiency-based evalu-709

ations. Table 5 summarizes the standard errors from the probabilistic seismic710

demand models (based on Equation 18) which serve as a measure of effi-711

ciency. For PSDR, PGV produces the lowest dispersion and is therefore the712

best performing IM for that EDP. Although, it is noteworthy that CAV and713

Ia have dispersion values that are comparable with (5% higher than) PGV,714

which is generally consistent with the findings from the causal analysis. It is715

interesting that PGA outperforms SaT1 and Saavg in estimating PSDR. This716

runs counter to the findings from prior simulation-based studies. One possible717

explanation is that the inventory considered for the current study comprises718

primarily low-rise buildings (as summarized in Figure 2). In fact, more than719

half of the buildings in the inventory have five stories or less. This, coupled720

with the fact that most of the responses are in the linear elastic realm may721

explain the superior performance of PGA relative to SaT1 and Saavg. For722

PFA, PGA produces the lowest dispersion and is therefore the most efficient.723

This is consistent with the findings from prior simulation-based studies which724

have shown that PGA performs well for acceleration-based EDPs.725
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Fig. 8 Exposure-outcome Curves for PFA vs a) PGA, b) PGV, c) CAV, d) Ia, e) SaT1
and

f) SaAvg using Naive simple linear regression, EBCT-weighted simple linear regression, and
EBCT-weighted LOESS

The p-values from the sufficiency-based evaluations are summarized in726

Table 6. For each upstream parameter (i.e., M and R), the p-values for the suf-727

ficient IMs (i.e., p-values above the 5% significance threshold) are highlighted728

in bold. The fact that CAV and Ia are sufficient with respect to both M and R729

when estimating PSDR while PGA isn’t, is consistent with the findings from730

the causal analysis. For PFA, only SaT1 and Saavg are sufficient with respect731

to M and none of the IMs are sufficient with respect to R. The latter finding is732

a bit surprising and inconsistent with the results from prior studies [16, 40, 41].733

However, as described in [14], this may be explained by the sensitivity of the734

sufficiency-based findings to the size of the data set.735

Table 5 Efficiency of IMs as measured by the standard error from the PSDM (Equation 18)

IM PSDR PFA
PGA 1.30 0.43
PGV 1.07 0.58
CAV 1.12 0.66
Ia 1.13 0.67

SaT1 1.55 0.85
Saavg 1.41 0.63
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Table 6 The p-values from the sufficiency-based IMs evaluations

Covariate IM PSDR PFA
PGA 0 0
PGV 0.35 0

M CAV 0.56 0
Ia 0.56 0

SaT1 0 0.24
Saavg 0 0.38
PGA 0 0
PGV 0.44 0

R CAV 0.44 0
Ia 0.42 0

SaT1 0.27 0
Saavg 0 0.01

6 Conclusion736

This study assessed the effectiveness of ground intensity measures (IM’s) using737

strong motion building response data. Sufficiency, efficiency, and causal anal-738

yses are used to evaluate the performance of different IMs for potential use in739

a structural response reconstruction context. In the causal analyses, covariate740

balancing methods are implemented to control for known confounding vari-741

ables that contribute to building response, and the weights from these methods742

were used to perform regressions that define the causal relationship between743

the IMs and engineering demand parameters (EDPs).744

The IMs considered include peak ground acceleration (PGA), peak ground745

velocity (PGV), cumulative absolute velocity (CAV), Arias Intensity (Ia), first746

mode period spectal acceleration (SaT1
), and the geometric mean spectral747

acceleration over a range of periods (Saavg). For the causal analysis, each748

IM was balanced against common cause covariates of the IM and EDP (or749

confounders), then regressed using weights calculated from the covariate bal-750

ancing. The simple linear regression provided an intuitive understanding of751

the population level average treatment effect (ATE), which represents how752

a change in the intensity level of the IM, on average, changes the response.753

A local linear regression was also performed to allow for a more complex754

functional relationship that captures the variation in the effect across the inten-755

sity levels. This revealed potential heterogeneous effects in the data, where756

the effect varies among covariate subgroups. The effects of some of the IMs757

on the EDPs, including when accounting for confounding, were shown to be758

mostly linearly positive, but the results also highlighted some complexity in759

the relationships.760

The results from the causal analysis indicated that CAV generally outper-761

forms the other IMs. A prior study by [39] also found that CAV generally762

outperforms other IMs, especially in terms of damage detection. Also consis-763

tent with prior studies, PGA was found to be the worst performing IM when764

estimating PSDR. There were some surprising observations, such as PGA being765

outperformed by most of the other IMs in the causal analysis when estimat-766

ing PFA. However, this was explained by a number of factors including the767
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structural heterogeneity within the data. In terms of efficiency, the findings768

were generally consistent with the causal evaluation. The sufficiency-based769

evaluation also produced some unexpected results. For example, the spectral770

IMs (SaT1 and Saavg) were generally outperformed by PGA and none of the771

IMs were sufficient with respect to source-to-site distance. The inconsistencies772

(with respect to prior studies) in the sufficiency analysis may be explained by773

the relatively small size of the data set as it has been shown in past studies to774

be sensitive to sample size [14].775

There are several limitations of this study which serve as motivation for776

future related research. The EDP data set comprises mostly elastic responses,777

which means that the findings cannot be generalized to nonlinear demand778

levels. The imbalance in the distribution of structural characteristics also pro-779

duced some challenges. For instance, the majority of buildings can be classified780

as low to mid-rise with very few high rises. While it is conceptually possible781

to account for heterogeneous effects (e.g., variations in IM performance across782

different building heights) in the causal analysis, this was not feasible in the783

current study because of the relatively small size of the data set. The size of784

the set also limited the EBCT balancing scheme, as higher order moments785

were unable to be included due to non-convergence and effective sample sizes786

below the chosen cutoff threshold.787

Future studies can address some of the aforementioned limitations by788

expanding the suite of strong motion data to consider a broader range of789

demand levels (i.e., elastic and inelastic). Alternatively, a hybrid data set can790

be constructed by combining recorded and simulated responses. In addition791

to addressing issues related to sample size, a hybrid data set can be used to792

ensure greater balance in the structural characteristics of the considered build-793

ing inventory. This would enable an assessment of heterogeneous effects (in the794

causal evaluation) using subgroup analysis and potentially allow for balancing795

higher order moments of the IMs and covariates to eliminate correlations that796

may exist.797
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