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Given the results of Sections B.1.1 and B.1.2, it seems likely that any minor differences 

between estimated correlation coefficients are due to the finite samples of data used for the 

estimates, rather than any underlying differences. 

B.2 Correlations of inter-event epsilon values 

In Chapter 8 it was also stated that the equation for correlations of spectral acceleration values of 

a single component can be used to approximate the correlation of inter-event ε values. This 

statement will now be examined in more detail. For this study, the inter-event terms from the 

Abrahamson and Silva (1997) attenuation model were used, as provided by Abrahamson (2004). 

The original set of inter-event terms provided by Abrahamson included events with magnitudes 

beween 4.4 and 7.4, but only the events with magnitude greater than 5.5 were retained here (no 

events with magnitude less than 5.5 were used for the other correlation computations, so for 

consistency they are not used here either). 

Contours of the correlation matrix for these terms are shown in Figure B.4. It is clear that 

there are differences between Figure B.4 and Figure B.1.  
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Figure B.4: Empirical correlation contours for inter-event ε values. 

Another comparison of the empirical correlation coefficient estimates is seen in Figure B.5. 

For each period pair considered, the correlation coefficient estimates for the two ε values are 

plotted versus each other. We see that the agreement between the two is not perfect, and is 

certainly not as good as the agreement for geometric mean Sa values seen earlier in Figure B.3. 
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There are several possible explanations for this. First, while the same record sets were used 

earlier for both the geometric mean and arbitrary component correlations, here we do not have 

that luxury. The inter-event ε values were provided by Abrahamson, and so the events used are 

not identical. Second, there are a much smaller number of data points available for estimating 

correlations of inter-event ε values (only 36 events are available, versus 534 total horizontal 

components used for arbitrary component ε values), which decreases the confidence with which 

the correlation coefficients can be estimated. Third, and perhaps most importantly, there may be 

physical reasons why the two sets of correlations are in fact different. 
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Figure B.5: Comparison of correlation coefficients for inter-event ε values versus correlation 
coefficients for total ε values. 

To determine the true extent of the differences seen in Figure B.5, statistical hypothesis 

testing was used to determine the significance of apparent differences in the two correlation 

coefficient estimates (Neter et al. 1996, p644). First the z-transform was taking for each 

correlation coefficient estimate, in order to stabilize its variance (see Equation 8.5). The test 

statistic is then 

 1 2

1 2

*
1 1

3 3

z zz

n n

−
=

+
− −

 (B.12) 

where z1 and z2 are the z-transformed correlation coefficients for the inter-event ε values and the 

arbitrary component ε values, respectively, and n1 and n2 are the number of data points used for 

estimating each (usually 36 and 534, although the number is slightly lower for the inter-event ε 
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values at a few periods, because not all events were used at all periods due to filter-frequency 

limitations). If the two correlation coefficients are equal, and as long as n1 and n2 are greater than 

about 25 (which is true here), then z* is distributed approximately as a standard normal random 

variable. Hence, if | *| 1.96z > , we can conclude that the two correlation coefficients differ with a 

5% significance level21. This criterion allows us to identify the region of Figure B.5 where 

apparent differences in the two correlation coefficients are not statistically significant. Setting 

n1=36 and n2=534, we have the criteria 
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which simplifies to 
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 (B.14) 

The region where this inequality holds is shown in Figure B.6, with the data from Figure B.5 

superimposed. If the correlation coefficients for inter-event ε values were in fact equal to 

correlation coefficients for total ε values, we would expect to see 95% of the points inside the 

shaded region and 5% outside. In the figure, however, 58% of the points are inside the shaded 

region, with 42% outside, indicating that significant differences between the two occur more 

often than expected. However, many of the statistically significant differences occur in the top 

right corner of the plot, where the difference in absolute correlation values is not large. For 

example, the difference between correlation coefficients of 0.9 and 0.95 is statistically significant, 

but may or may not have practical significance in application.  

                                                 
21 Lack of statistical significance does not necessarily imply that the correlation coefficients are equal. It 
merely indicates that, given the limited data available, it is difficult to detect a significant difference 
between the two.  
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Figure B.6: Comparison of correlation coefficients for inter-event ε values versus correlation 
coefficients for total ε values, and the region with no statistical significance (at the 5% level) 
superimposed. 

Given the small number of inter-event ε data available, no attempt was made to fit a new 

correlation model for the inter-event ε data. Using Equation 8.9 as an approximation for the 

correlation of inter-event ε values may be a reasonable approach in the absence of other models. 

In the future, a model specific to the inter-event ε data could be fit that would likely provide 

improved predictions. 

B.3 Positive definiteness of correlation matrices 

The correlation coefficient model of Chapter 8, when combined with marginal variances provided 

by the ground motion prediction (attenuation) model, specifies the covariance matrix of a vector 

of spectral acceleration values with varying periods and orientations. It is necessary that the 

variance of any linear combination of these spectral acceleration values be non-negative, which 

leads to the requirement that the covariance matrix be positive definite. It can be shown that the 

covariance matrix is positive definite if and only if the correlation matrix is positive definite. So 

to confirm that the specified correlation model is permissible, it suffices to shown that 

corresponding correlation matrices are positive definite. 

A common method for determining the positive-definiteness of a matrix A involves 

attempting to factor the matrix into the form T=A R R , where R is an upper triangular matrix 
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with positive diagonal entries. The factorization is called a Cholesky decomposition, and is 

possible if and only if A is positive definite (Lay 1997, p456).  

Correlation matrices were created for each of the correlation models proposed in Chapter 8. 

For each model (e.g., horizontal/horizontal in the same direction, horizontal/vertical, etc.), a 

75x75 correlation matrix was formed by evaluating the appropriate predictive equation at 75 

periods between 0.05 and 5 seconds. The Cholesky decomposition was performed for each of 

these matrices and was found to exist. Further, a 225x225 correlation matrix was constructed 

consisting of correlations for spectral values at 75 periods in all three directions (two horizontal 

and one vertical) simultaneously. The Cholesky decomposition also exists for this matrix. 

The Cholesky decomposition was attempted and found to exist for the correlation matrix 

computed using the model of Inoue and Cornell (1990), but it does not exist for the correlation 

matrix computed using the model of Abrahamson et al. (2003). 

B.4 Correlation as a function of magnitude or distance 

The proposed correlation coefficient predictions are functions of the two periods considered 

and the orientations of the ground motion components considered. The possibility exists that they 

are also functions of the magnitude or distance of the ground motion. In order to consider this 

possibility, records were selected within magnitude or distance bins, and the calculated 

correlation coefficient from each bin was compared to the original correlation coefficient 

calculated using all of the records.  

The results are displayed graphically in Figure B.7 below. Here, correlation coefficients are 

computed at a period of 1s for opposite horizontal components and for horizontal versus vertical 

components. The correlation coefficients are computed using all records, and this coefficient is 

compared to correlation coefficients selected using only those records that fall within a magnitude 

or distance bin (+/-0.2 magnitude units or +/-10km are used as the bin limits). In Figure B.8 and 

Figure B.9, correlation coefficients are displayed for opposite horizontal components versus 

magnitude and distance, respectively, for a range of considered periods. No systematic trends are 

seen in any of these figures, indicating that the predictive equations do not need to include terms 

for the magnitude or distance of the event. 
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Figure B.7: Correlation coefficients for ε values at a period of 1 second as a function of 
magnitude and distance. (a) Opposite horizontal components versus magnitude. (b) Opposite 
horizontal components versus distance. (c) Horizontal/vertical components versus magnitude. 
(d) Horizontal/vertical components versus distance. 
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Figure B.8: Correlation coefficients for  ε values between opposite horizontal components as 
a function of magnitude for several periods. (a) Period = 0.05s. (b) Period = 0.2s. (c) Period = 
1s. (d) Period = 5s. 
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Figure B.9: Correlation coefficients for  ε values between opposite horizontal components as 
a function of distance for several periods. (a) Period = 0.05s. (b) Period = 0.2s. (c) Period = 
1s. (d) Period = 5s. 

The above computations were performed for the case when the two periods of interest are 

equal. The same computations could be repeated for correlation coefficients at two differing 

periods. However, the number of possible combinations is very large. The procedure was 

repeated for a small number of period combinations, and again no trends were seen. Because of 

the lack of trends seen in any of these tests, no systematic investigation of all period pairs was 

performed. At this point it was concluded that there is no detectible trend in correlation 

coefficients as a function of either magnitude or distance. 

B.5 Modification of ground motion prediction (attenuation) models 

Throughout this dissertation, it was stated that typical ground motion predictions for geometric 

mean spectral accelerations can be converted into predictions for arbitrary components of ground 

motion, given knowledge of correlations of the two horizontal components. The importance of 
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distinguishing between the two was discussed in Chapter 6, and the equation for the conversion 

was given in (8.19) 
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. .2
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2 ( , )
( , )
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ε ε

σ
σ

ρ
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+
 (8.19) 

where ( , )H M Tσ  is the standard deviation of a single component spectral acceleration (which is 

typically a function of magnitude and the period considered), . .( , )g m M Tσ  is the standard 

deviation of geometric mean spectral acceleration, and ,x yε ερ  is the correlation between two 

orthogonal horizontal components at the period T. 

Given this equation for conversion, the Abrahamson and Silva (1997) ground motion 

prediction model can be easily modified for prediction of arbitrary components. The only change 

necessary is the modification of the b5 and b6 components for the standard deviations, presented 

in Table 4 of Abrahamson and Silva (1997). The replacement values for these coefficients are 

given in Table 3.1, based on the correlation model of Chapter 8. 
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Table B.1. Coefficients for the standard deviation of arbitrary component standard deviations, 
to be used with the Abrahamson and Silva (1997) ground motion prediction model. 

Period b5 b6 
       0.01 0.72 0.139 
       0.02 0.72 0.139 
       0.03 0.72 0.139 
       0.04 0.73 0.139 
       0.05 0.74 0.139 
       0.06 0.75 0.139 
     0.075 0.76 0.139 
       0.09 0.76 0.139 
       0.10 0.77 0.140 
       0.12 0.78 0.140 
       0.15 0.79 0.140 
       0.17 0.80 0.140 
       0.20 0.80 0.141 
       0.24 0.81 0.141 
       0.30 0.82 0.141 
       0.36 0.83 0.142 
       0.40 0.84 0.139 
       0.46 0.84 0.137 
       0.50 0.85 0.134 
       0.60 0.85 0.134 
       0.75 0.86 0.130 
       0.85 0.87 0.128 
       1.00 0.87 0.125 
       1.50 0.89 0.117 
       2.00 0.91 0.112 
       3.00 0.93 0.104 
       4.00 0.94 0.099 
       5.00 0.96 0.094  
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Accounting for near-fault effects in ground 
motion prediction 

 

C.1 Modification of mean predictions 

As discussed in Section 5.5.1, ε values should be computed with care for pulse-like ground 

motions. Particularly when one is concerned about the occurency of velocity pulses, one should 

use a ground motion prediction model that accounts for pulse-like ground motions explicitly. 

Most prediction models in use today do not account for this effect, unfortunately. However, 

Somerville et al. (1997)22 have proposed a modification to the Abrahamson and Silva (1997) 

prediction model that accounts for near-fault effects. The Somerville et al. model includes 

modifications for both fault-normal ground motion components and average components. Here 

the modification for fault-normal components is used, because all of the records used here are 

known to be oriented in the fault-normal direction. 

In Figure C.1, the effect of the near-fault modification is illustrated. The 5% damped response 

spectrum of the Lucerne recording from the 1992 Landers earthquake is shown. In addition, the 

predicted median response spectra are plotted using the Abrahamson and Silva (1997) model, 

both with and without near-fault modifications. It can be seen that for this ground motion, the 

near-fault modification has the effect of raising the median prediction for periods greater than 

0.6s. It should be noted that this near-fault modification may also lower the median prediction if, 

for example, the fault geometry suggests that the rupture is moving away from the site and 

                                                 
22 For this work, the model of Bozorgnia (Bozorgnia and Bertero 2004, Chapter 5) is used, which is based 
on the Somerville 1997 model. The Somerville 1997 model was originally adapted for prediction by 
Abrahamson (2000), who tapered the modification off as the magnitude decreased or the distance 
increased. Bozorgnia repeats a description of the Abrahamson model, but corrects mistakes that are present 
in the Abrahamson manuscript. 
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negative directivity effects are likely to be present. For the record set considered here, however, 

the modification typically increases the median prediction because the records have been 

preferentially selected have positive directivity effects. The modification also modifies the 

standard deviation of the prediction. Because ε values are computed as deviations of the record 

response spectrum from the predicted response spectrum, it can be seen that the Lucerne record’s 

ε values will change at periods larger than 0.6 seconds. 
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Figure C.1. The response spectrum of the Lucerne recording from the 1992 Landers 
earthquake, along with predicted median spectra from ground motion prediction models with 
and without near-fault effects accounted for. 

The near-fault modification should improve the accuracy of the ground motion predictions. 

This can be tested by looking at the residual (ε) values computed from the predictions with and 

without the near-fault modification. The ε values should theoretically have a standard normal 

distribution. This can be checked by examining histograms of the ε values from the 70 pulse-like 

ground motions. These histograms are shown in Figure C.2. Epsilon values are computed for each 

record using the model of Abrahamson and Silva (1997), both with and without modification for 

near-fault effects. For each record, ε values were computed from 0.6 to 5.0 seconds, in increments 

of 0.01 seconds. The ε values for all records and all periods are pooled and used to generate the 

histograms of Figure C.2. The theoretical distribution is also superimposed for comparison. In 

Figure C.2b, the histogram tends to fall to the right of the theoretical distribution, suggesting that 

the unmodified prediction equation is biased for this specific class of records (it tends to under-
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predict the spectral acceleration values of these pulse-like records). In Figure C.2a, the match 

between the theoretical distribution and the empirical histogram is improved, indicating that 

much of the bias has been removed. Although the match is not perfect in Figure C.2a, it is 

certainly better than in Figure C.2b. Thus, the near-fault modification has improved the fit of the 

ground motion prediction for near-fault records. 
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Figure C.2. Histograms of ε values computed for the 70 near-fault ground motions at periods 
from 0.6 seconds to 5.0 seconds, both with (a) and without (b) modification to account for 
near-fault effects. 
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C.2 Correlations among spectral values at varying periods 

In order to perform vector-valued hazard analysis for the vector IM consisting of Sa(T1) and 

RT1,T2, it is not enough to modify the mean and standard deviations to account for near-fault 

effects. One must also know the correlation coefficient between lnSa(T1) and lnSa(T2) values for 

near-fault ground motions. A correlation coefficient model for ordinary ground motions is 

presented in Chapter 8, but the unique characteristics of pulse-like ground motions suggest that 

perhaps their spectral values have different correlation coefficients than ordinary ground motions.  

Empirical correlation coefficients were estimated for the 70 near-fault ground motions used 

in Chapter 5, using the method of Chapter 8 and using the ground motion prediction model 

discussed in the previous section. Contours of these correlation coefficients as a function of the 

two periods are shown in Figure C.3, along with the correlation coefficients from ordinary ground 

motions, for comparison. The near-fault ground motions appear to have lower correlation 

coefficients for a given T1 and T2, and even have negative correlation coefficients for some 

widely separated period pairs. However, for period ratios likely to be considered (e.g., the 

T2=T1*2 suggestion in Chapter 5), the correlations are in fact not significantly different. This 

suggests that if the period pairs are not widely separated, the correlation model of Chapter 8 may 

be a reasonable approximation. The preferred approach for pulse-like ground motions, however, 

would be to take correlations from the empirical results shown here (this is especially important 

when the period pairs are widely separated). In the future, a predictive equation could be fit to 

this data from pulse-like records by using the method of Chapter 8. 
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(b) 
Figure C.3. Empirical correlation contours for horizontal spectral acceleration values in the 
same direction at two periods (T1 and T2) for (a) pulse-like and (b) ordinary ground motions. 
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Fitting a lognormal distribution for collapse 
capacity, when different records are used at 
each IM level 

 
A useful structural response quantity to estimate from dynamic analyses is the probability of 

collapse as a function of IM (typically Sa at the first-mode period of the structure). This result can 

then be combined with a ground motion hazard to compute the mean annual rate of structural 

collapse (e.g., Shome and Cornell 1999, FEMA 2000a, Ibarra 2003). 

In most work using this method, the collapse capacity can be found by repeatedly scaling a 

ground motion (i.e., using incremental dynamic analysis) until the ground motion causes collapse 

of the structure. Using this method, each ground motion has a single Sa value associated with its 

collapse. By repeating this process for a set of ground motions, one can obtain a set of Sa values 

associated with the onset of collapse, as illustrated in Figure D.1. The probability of collapse at a 

given Sa level, Sa*, can then be estimated as the fraction of records for which collapse occurs at a 

level lower than Sa*. A plot of this estimate is shown in Figure D.2. The distribution of Sa levels 

which cause the structure to collapse is often assumed to be lognormal, and so a lognormal 

distribution is fitted to the results. This can be done by taking logarithms of each Sa value 

associated with collapse of a record. The mean and standard deviation of the log Sa values can 

then be calculated, using e.g., the method of moments (Rice 1995), and converted in the 

parameters of the lognormal distribution (see, e.g., Ibarra 2003). Alternatively, counted fractiles 

could be used to estimate the mean and standard deviation. The resulting fitted distribution is also 

shown in Figure D.2. 
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Figure D.1: Incremental dynamic analyses of the Van Nuys building, used to identify Sa 
values associated with collapse for each record.  
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Figure D.2: Probability of collapse using an empirical CCDF and a fitted lognormal CCDF, 
for a set of records. 

The above method is straightforward, but it cannot be used to estimate the probability of 

collapse for Figure 6.11 of Chapter 6. This is because different records are used at each Sa level, 

and so the incremental dynamic analysis approach illustrated in Figure D.1 cannot be used. 
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Instead of an Sa value associated with the onset of collapse for each record, we have, for each Sa 

level, the fraction of records at that level that caused collapse. This is illustrated in Figure D.3. 

For this figure, probabilities of collapse were obtained from records specially selected to match 

target epsilon values at each Sa level (i.e., the records selected using Method 3 in Chapter 6). 
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Figure D.3: Empirical probability of collapse for a set of Sa values, obtained from records 
selected to match target epsilon values at each Sa level. 

It is possible to fit a lognormal distribution to the observations of Figure D.3, but the process 

is slightly more difficult. The goal is to identify the lognormal distribution parameters so that the 

fitted distribution predicts probabilities is as close to the observed probabilities of collapse as 

possible. To illustrate, consider the following. The observed probability of collapse at level Sai is  

 # of collapses at  level ( | )
total number of records

i
i observed

Sa SaP C Sa =  (D.1) 

and the predicted probabilities of collapse are 

 ln

ln

ˆln
( | ) 1

ˆ
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i Sa
i pred
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P C Sa
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σ

⎛ ⎞−
⎜ ⎟= − Φ
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⎝ ⎠

 (D.2) 

where lnˆ
iSaµ  and lnˆ

iSaσ  are the parameters of the estimated lognormal distribution. In the basic 

case above, lnˆ
iSaµ  and lnˆ

iSaσ  could be estimated directly from the IDA results (i.e., the data of 

Figure D.1). When the records are changing at each Sa level, however, another method is needed. 
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One method for estimating these parameters would be to minimize the total squared errors 

between the estimated probability of collapse and the observed probability of collapse over all of 

the Sa levels considered. That is, 
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 (D.3) 

This is a straightforward nonlinear optimization that can be easily performed with a variety of 

algorithms, taking care to verify (usually visually) that the minimum is actually a global 

minimum (and not just a local minimum). 

However, the least-squares method ignores a fundamental property of the data: the variance 

of the observations is non-constant. That is, if zero collapses are observed at a given Sa level and 

the fitted probability of collapse is 0.1, then this error is much larger than fitting a probability of 

collapse of 0.6 at an Sa level where 50% collapses are observed. In order to account for the non-

constant variance, the method of maximum likelihood can be applied (e.g., Rice 1995). This 

estimate is then 

 ln ln ,

ln lnˆ ˆ{ , } max 1
i i

Cap Cap

n N n
i i

Sa Sa
i

Sa Sa
µ σ

µ µµ σ
σ σ

−⎛ ⎞− −⎛ ⎞ ⎛ ⎞= − Φ Φ⎜ ⎟⎜ ⎟ ⎜ ⎟
⎝ ⎠ ⎝ ⎠⎝ ⎠

∑  (D.4) 

where ni is the number of collapses observed at Sa level Sai, and N is the total number of records 

analyzed at level Sai. This method was observed by the author to be more sensitive to local 

minima than the above least squares method, at least for the examples considered in this 

dissertation. However, an equivalent way to estimate the lognormal distribution using maximum 

likelihood is to use generalized linear regression with a Probit link function (Agresti 2002). This 

is because generalized linear regression uses maximum likelihood as its optimization scheme. 

This regression function is available in many statistical software packages. The inputs to the 

function are the number of records at each Sa level and number of collapses at each Sa level (the 

“y” data from Figure D.3), along with the associated Sa level (the “x” data). The Probit model fits 

a normal CDF, and so the Sa values should actually be input as lnSa values in order to obtain a 

lognormal CDF in terms of Sa. Estimates obtained using this scheme were observed to always be 

at the global minimum, unlike the manually implemented maximum likelihood method. An 

illustration of the fitted distribution is displayed in Figure D.4. 
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Figure D.4: Empirical probability of collapse and a lognormal distribution fitted using 
generalized linear regression with a Probit link function. 

This method was used to obtain estimated the probabilities of collapse in Figure 6.11 of this 

dissertation. Note that although this method is slightly more complicated than the standard 

method used elsewhere, it is also more flexible. For example, if one is primarily interested in the 

lower tail of the distribution (as is often the case, because lower Sa values occur much more 

frequently), then only this portion of the data need be obtained for fitting. For example, Sa 

“stripes” could be analyzed for increasing Sa levels until a certain fraction (e.g. 40% or 50%) of 

the records cause collapse. Then the analysis can be stopped, and the distribution fitted without 

knowledge of the effect of larger Sa values. This may be advantageous when structural analyses 

are expensive. 
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Appendix E  

 

Use of mean disaggregation values to model 
target spectra 

 
The mean values of M, R and ε (referred to here as M , R  and ε ) from disaggregation have 

been used to develop target spectra in Chapter 6. Strictly speaking, however, there are a range of 

(M, R, ε) values that could result in occurrence of the target Sa(T1) value. For example, a 

disaggregation obtained from the U.S. Geological Survey (2002) is shown in Figure E.1 for the 

Van Nuys, California site used as an example throughout this dissertation; this disaggregation is 

for the Sa(1s) value exceeded with 2% probability in 50 years. A description of the seismicity at 

this site is provided by Somerville (2001b). The mean (M, R, ε) values are (6.8, 9.1km, 1.44), but 

the plot indicates that a range magnitude, distance and ε values contribute. 
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Figure E.1: Example disaggregation for Sa(1.0s) at the Van Nuys site discussed in Chapter six 
(USGS 2002). 

In order to develop the true distribution of conditional spectra, one should consider a 

weighted combination of conditional spectra from each possible (M, R, ε) triplet, where the 

weights are assigned according to the probability of that triplet causing the target Sa(T1) value to 

be exceeded (these probabilities are readily available from standard PSHA disaggregation). 

Consider n possible (M, R, ε) values, denoted (Mi, Ri, εi), with associated probability pi. That is 

 
1

( , , ) ,   where 1
n

i i i i i
i

P M M R R p pε ε
=

= = = = =∑  (E.1) 

We can then use conditional means and variances, and the total probability theorem (Benjamin 

and Cornell 1970), to compute the mean and variance of the resulting spectrum. The conditional 

mean of lnSa(T2) given lnSa(T1)=x is  

 ( )2 1 1 2ln ( )|ln ( ) ln 2 ln 2 ln ( ),ln ( ) 1
1

( , , ) ( , ) ( )
n

Sa T Sa T x i Sa i i Sa i Sa T Sa T i
i

p M R T M T Tµ µ σ ρ ε=
=

= ⋅ + ⋅∑  (E.2) 

where ln 2( , , )Sa i iM R Tµ  and ln 2( , )Sa iM Tσ  are the mean and standard deviation from a ground 

motion prediction model, following the notation of Chapter 6. The term 
1 2ln ( ),ln ( )Sa T Sa Tρ  is the 
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correlation of spectral values from Chapter 8 (Equation 8.9). Note that 
1 2ln ( ),ln ( )Sa T Sa Tρ  is specified 

for a given magnitude and distance, but it is found empirically to be insensitive to (i.e., 

independent of) the actual magnitude or distance value (see Section B.4). Similarly, the 

conditional variance of lnSa(T2) given lnSa(T1)=x is 
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In order to achieve practical approximations, we make the first-order approximation that that the 

marginal mean and standard deviation ln ( , , )Sa M R Tµ  and ln ( , )Sa M Tσ  are linear functions of M 

and R. Then, using Taylor expansions about M  and R , we obtain the First-Order, Second 

Moment (Melchers 1999) approximation of the conditional mean and variance of the target 

spectrum, given lnSa(T1)=x. The conditional mean is 
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∑  (E.4) 

and Equation E.2 simplifies to Equation 6.1. We make the additional approximation that the 

variance in conditional lnSa(T2) values is primarily due to ε rather than variations in causal 

magnitudes and distances. That is, 
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Under this approximation, then Equation E.3 simplifies to Equation 6.2. These 

approximations are convenient because it is much simpler to consider the spectrum at only the 

mean (M, R, ε) values. 

To test the validity of this approximation, consider the following examples. For the site of 

interest here, the conditional spectral shape developed from M , R , ε  was very close to the 

conditional spectral shape developed using the rigorous procedure (the conditional means and 

variances nearly always differed by less than a few percent between the two methods). Note that 

when the ground motion hazard is dominated by a single magnitude and distance, Equation E.4 is 

exact (the site in Figure E.1 looks like this, as will many coastal California sites and certain 

Central and Eastern US sites near Charleston or New Madrid).  
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A more difficult test can be performed by considering a hypothetical site where multiple 

earthquake events contribute to the hazard at a given Sa(T1) level, and these events have very 

different mean spectral shapes. Such a site is considered here. The hypothetical site is near two 

faults, each of which produces only a single characteristic earthquake, as illustrated schematically 

in Figure E.2. 

 
Figure E.2: Schematic illustration of the hypothetical site considered. 

The two faults produce earthquake events with the following properties: Fault A produces 

only Magnitude 6 earthquakes at a distance of 10 km from the site. This is referred to as “Event 

A.” Event A has a mean annual frequency of occurrence of 0.01 (i.e., a mean return period of 100 

years). Fault B produces only magnitude 8 events at a distance of 25 km from the site. This event 

is referred to as Event B, and has a mean annual frequency of occurrence of 0.002 (i.e., a mean 

return period of 500 years). These two events have very different mean spectra, as predicted by 

the attenuation model of Abrahamson and Silva (1997) and displayed in Figure E.3. 

Site 

Fault A 

Fault B 

10 km 

25 km 
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Figure E.3: Predicted mean spectra from the two possible events. 

The ground motion intensity resulting from these faults is a random variable, due to variation 

in the earthquakes’ stress drop, slip distribution, etc., even given multiple earthquakes with the 

same magnitude and distance. The uncertainty in spectral acceleration values is illustrated in 

Figure E.4, which displays the mean spectra and the mean spectra +/- one standard deviation. 

Given that the ground motion spectral acceleration is a random variable, the possibility exists that 

the spectral acceleration resulting from an earthquake is much larger than the mean ground 

motion associated with the earthquake’s magnitude and distance (this would be a “positive 

epsilon” ground motion). Consider the exceedance of an Sa(1s) value of 0.9g. (This level of 

intensity is chosen because it has a 4*10-4 annual rate of exceedance at the given site, as will be 

calculated below. If a Poisson model for earthquake recurrence is assumed, this corresponds to 

the Sa(1s) ground motion level exceeded with 2% probability in 50 years—a common design 

level in structural engineering.) This Sa(0.1s)=0.9g ground motion is also displayed in Figure E.4. 

It is clear from this figure that the target Sa level is slightly more than one standard deviation 

larger than the mean Sa from Event B. It is approximately two standard deviations larger than the 

mean Sa from Event A. However, Event A has a much higher rate of occurrence, and so it will 

still make a significant contribution to the ground motion hazard at this Sa level. 
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Figure E.4: Predicted mean spectra from the two possible events along with +/- one standard 
deviation. The target Sa(1s) value is also noted. 

In fact, the contribution of each event to the hazard at this Sa level can be computed using 

disaggregation (McGuire 1995, Bazzurro and Cornell 1999). Given the rates of occurrence of the 

two events given above, and the mean and standard deviation of log Sa(1s) given each of the 

events (log Sa values, given magnitude and distance, have been seen to be well-represented by 

Gaussian distributions), disaggregation can be performed. Some of the relevant data is 

summarized below. 

Event A: 
Mean of lnSa(1s) given Event A = -1.7356 

Standard deviation of lnSa (1s) given Event A = 0.7494 

Probability of exceeding Sa(1s)=0.9g, given Event A = 0.0148 

Mean annual rate of Sa(1s)>0.9g due to earthquakes from Fault A = 0.01*0.0148=1.48*10-4 

Event B: 
Mean of lnSa (1s) given Event B = -0.8329 

Standard deviation of lnSa (1s) given Event B = 0.6243  

Probability of exceeding Sa(1s)=0.9g, given Event B = 0.1219 

Mean annual rate of Sa(1s)>0.9g due to earthquakes from Fault B = 0.002*0.1219= 2.44*10-4 
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By summing the mean annual frequencies of Sa(1s)>0.9g due to the two events, we get a total 

mean annual frequency of ~4*10-4, as noted above23. We can now use disaggregation to 

determine the contribution of each event to exceedance of 0.9g, along with the associated ε value. 

Using PSHA disaggregation, we find that given occurrence of a ground motion with Sa(1s)>0.9g, 

the probability is 0.38 that the ground motion came from Event A, and the probability is 0.62 that 

the ground motion came from Event B (these are the “pi” probabilities needed in the equations 

throughout this Appendix). Note that these probabilities are just the relative contributions of the 

two events to the total mean annual frequency of exceeding 0.9g. Further, the disaggregation 

values associated with these two events can also be determined. Given Event A, the causal 

magnitude, distance and ε values are 6, 10 and 2.18, respectively24. Given Event B, the causal 

magnitude, distance and ε values are 8, 25 and 1.17, respectively. These are the Mi, Ri and εi 

values needed in the equations throughout this Appendix. Further, we can weight these two M, R 

,ε triples by their associated probabilities of causing Sa(1s)>0.9g to determine the mean M, R and 

ε. In this example, they are M =7.25, R =19.3 km, and ε =1.55. These are the values used for the 

approximation of Equations 6.1 and 6.2. Note that these values are not associated with either of 

the two earthquakes that can physically occur at the site; however, they will produce a reasonable 

approximation of the Conditional Mean Spectrum, considering ε, as will now be demonstrated.  

In Figure E.5, the Conditional Mean Spectra, considering ε, are plotted for several situations. 

The conditional mean spectra are plotted, given Sa(1s)=0.9g and occurrence of either Event A or 

B. These two spectra are then combined using Equation E.2 to compute the CMS-ε, which is also 

shown in Figure E.5. 

                                                 
23 As can be observed in Figure E.4, the ground motion level associated with the 2% in 50 years hazard is 
much larger than the mean ground motion from any possible earthquake. Although not always emphasized, 
this is often the case in real sites as well, particularly in seismically active areas such as the Western United 
States. 
24 Here the McGuire (1995) disaggregation method is used to obtain ε, rather the alternative method 
considered by the Bazzurro and Cornell (1999). As mentioned in Chapter 6, the McGuire method is more 
appropriate for this record-selection problem. 
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Figure E.5: Conditional mean spectra given occurrence of the individual events, and then 
combined CMS-ε spectrum that is proposed as a target spectrum for record selection. 

The CMS-ε spectrum shown in Figure E.5 is the exact spectrum for this site to use in the 

record selection procedure proposed in Chapter 6. As an alternative, the M , R , and ε  values 

from this site can be used to approximate the CMS-ε spectrum, using Equation 6.1. The two 

CMS-ε spectra are shown in Figure E.6, and the agreement is seen to be reasonable. 
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Figure E.6: Exact (using Equation E.2) and approximate (using Equation 6.1) CMS-ε spectra 
for the given hypothetical site. 

Further, one could compare the exact and approximate conditional standard deviations of the 

response spectrum given Sa(1s)=0.9g. These are displayed graphically in Figure E.7.  
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Figure E.7: (a) Exact conditional mean and standard deviation of the response spectrum, given 
Sa(1s)=0.9g. (using Equations E.2 and E.3). (b) Approximate conditional mean and standard 
deviation of the response spectrum, given Sa(1s)=0.9g. (using Equations 6.1 and 6.2). 

Visually, the results from Figure E.7 look comparable. Within the range T/3 to T*3 (the range 

of the response spectrum that might be expected to affect a structure with fundamental period T, 

which is equal to 1s in this example), the approximate mean differs from the exact mean by no 

more than 12%. The conditional standard deviations differ by no more than 20% over this range.  
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These errors could be considered an upper bound on the errors that might occur at a real site. 

This site was specifically constructed to have significant contributions from two events with 

dramatically different magnitudes. In some situations, this might approximately represent the 

hazard at a site (e.g., Sa(1s) at the 2% in 50 year hazard level for Atlanta, shown in Figure E.8, 

has significant contributions from two different sources), and by idealizing this as two sources, 

one could repeat the calculation performed above to compute a more exact CMS-ε spectrum. 

Otherwise, at sites where the hazard is dominated by events with very similar magnitudes and 

distances (such as the one displayed in Figure E.1), there will be much less difference between 

the exact and approximate CMS-ε spectra. For this reason, the approximations used in Chapter 6 

are believed to be reasonable in many situations situations. 

 

 
Figure E.8: Disaggregation for Sa(1.0s) at the 2% in 50 year hazard level for Atlanta, Georgia 
(USGS 2002). 

The success of this approximation depends on the observation that the conditional variance in 

ε values at other periods has a much greater effect on variations in spectral shape than differences 

in mean spectra due to variations in magnitude and distance (because the variance of ε is large, 



Appendix E  295 
   
 

 

and because Sa is sensitive to changing values of ε) . Given the close match of the two 

procedures, the much simpler procedure of using M , R , ε  is recommended for most practice 

(the exact answer in the above example was easy to compute because there were only two 

possible events, but this is not the case at real sites). However, if the analyst has any concern 

about the accuracy of the approximate result for a given site, there is no obstacle other than 

programming time and computational effort preventing one from obtaining the exact conditional 

spectra (within the limits of the discrete disaggregation, which can often be fairly coarse). It 

should also be mentioned that M , R  values from disaggregation sometimes correspond to 

values that do not occur from any fault in the area surrounding the site (e.g., Bazzurro and 

Cornell, 1999, note that R  is sometimes intermediate between the distances to two major faults, 

as was the case in the example above), causing some to express concern about using M , R  as 

target values for record selection. This concern should be lessened here, because we are only 

using M  and R  to identify a target response spectrum distribution and not to identify target M 

and R values. The response spectra of records coming from magnitudes and distances that 

actually occur at the site and have the specified Sa(T)* level will agree well with the conditional 

response spectra based on M  and R  given Sa(T)*.  

One final concern that should be noted with this simplification is that when M , R  and ε  

obtained from disaggregation of Sa(T1) are used to predict Sa(T1), one does not necessarily obtain 

the target value of Sa(T1) back again. Although each (Mi, Ri, εi) triplet will produce an Sa(T1) 

value equal to the target, when one obtains the mean values of M, R and ε marginally, they do not 

necessarily produce this target Sa(T1) value. This results in the mean conditional spectra predicted 

by Equation 6.1 not actually passing through the Sa(T1) value that was conditioned on. There are 

two simple fixes for this. One is to re-assign ε  to the ε value that results in a prediction of the 

Sa(T1) target value; the modification will be small and this is consistent with the treatment of ε by 

McGuire (1995). The second option is to slightly re-scale the target spectrum so that it passes 

through the target Sa(T1) value. The second option has been adopted in this work, although the 

modification is so small that the first option will produce essentially identical results.  





 

 297  
 
 

 

Appendix F  

 

Response results for two additional 
structures, using four methods for selecting 
ground motions 

 
To support the conclusions of Chapter 6, the four record-selection methods proposed in that 

chapter were used to analyze two additional structures. Both structures were considered to be 

located at the same Van Nuys, California, site used in Chapter 6. Several summary figures and 

tables are shown in this appendix, and the equivalent figures and tables from Chapter 6 are noted. 

F.1 First structure 

The first structure considered is a generic frame structure designed by Ibarra (2003), which has 

also been used in Chapters 3, 4 and 5. It has the following properties: 3 stories, T1 = 0.3s, ductility 

capacity (δc/δy) = 4, post-capping stiffness coefficient (αc)= -50%, V/W = 0.75 (i.e., Sayield(0.3s) = 

0.75g). 

This first-mode dominated structure has a fundamental period of 0.3 seconds, making it 

sensitive to shorter periods than the structure tested in Chapter 6. The hazard disaggregation 

values for Sa(0.3s) are given in Table F.1 through Table F.3, which correspond to Table 6.1 

through Table 6.3 in the body of the dissertation. At this shorter period, the hazard tends to be 

controlled by smaller magnitude events at closer distances than for the 0.8s period considered in 

Chapter 6. 



298  Appendix F 
 

 

Table F.1. Mean magnitude values from disaggregation of the Van Nuys site, and the mean 
magnitude values of the records selected using each of the four proposed methods. The mean 
magnitude value of the record library was 6.7. 

    Magnitude 

Sa(0.3s) 
[g]   

Target 
from 

disagg 
1. AR 

Method 
2. MR-BR 
Method 

3. ε-BR 
Method 

4. CMS-ε 
Method 

0.1  6.0 6.7 6.3 6.7 6.6 
0.4  6.0 6.7 6.1 6.5 6.5 
0.8  6.0 6.7 6.1 6.6 6.5 
1.2  6.0 6.7 6.1 6.7 6.6 
1.6  6.1 6.7 6.2 6.7 6.5 
2.2  6.1 6.7 6.2 6.7 6.5 
3.0  6.2 6.7 6.3 6.7 6.6 
4.0  6.3 6.7 6.4 6.7 6.6 
5.0   6.4 6.7 6.5 6.7 6.7  

 

 

Table F.2. Mean distance values from disaggregation of the Van Nuys site, and the mean 
distance values of the records selected using each of the four proposed methods. The mean 
distance value of the record library was 33 km. 

    Distance 

Sa(0.3s) 
[g]   

Target 
from 

disagg 
1. AR 

Method 
2. MR-BR 
Method 

3. ε-BR 
Method 

4. CMS-ε 
Method 

0.1  44.8 35.5 37.0 30.3 27.0 
0.4  20.5 35.5 20.0 32.0 26.2 
0.8  14.7 35.5 14.2 34.9 27.4 
1.2  12.7 35.5 12.7 36.3 27.0 
1.6  11.7 35.5 12.5 38.0 27.3 
2.2  10.7 35.5 11.7 37.1 28.4 
3.0  9.6 35.5 10.6 37.1 30.4 
4.0  8.8 35.5 9.0 37.1 31.6 
5.0   8.8 35.5 7.3 37.1 33.5  
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Table F.3. Mean ε values (at 0.3s) from disaggregation of the Van Nuys site, and the mean 
εvalues of the records selected using each of the four proposed methods. The mean ε value of 
the record library was 0.2. 

    Epsilon (ε) 

Sa(0.3s) 
[g]   

Target 
from 

disagg 
1. AR 

Method 
2. MR-BR 
Method 

3. ε-BR 
Method 

4. CMS-ε 
Method 

0.1  -0.2 0.2 0.2 -0.2 0.2 
0.4  0.6 0.2 0.4 0.6 0.3 
0.8  1.2 0.2 0.2 1.1 0.4 
1.2  1.5 0.2 0.5 1.4 0.6 
1.6  1.8 0.2 0.5 1.7 0.6 
2.2  2.1 0.2 0.5 1.7 0.5 
3.0  2.4 0.2 0.2 1.8 0.7 
4.0  2.6 0.2 0.0 1.8 0.7 
5.0   2.8 0.2 -0.2 1.8 0.7  

 
 

The conditional mean spectra at the Sa(0.3s) level corresponding to a 2% in 50 years hazard 

are shown in Figure F.1 (corresponding to Figure 6.7). The spectra from the Arbitrary Records 

and M, R-Based Records again tend to be larger at most periods. Note, however, that the mean 

spectrum from the MR-BR records has a slight “valley” at 0.4 seconds, which might cause these 

records to produce lower levels of nonlinear response than might otherwise be expected (a result 

which will be observed below). The valley observed here is believed to be a chance observation 

due to the finite sample size—there is no reason to expect a spectral shape like this to occur 

consistently. Note also that the trends in spectra become less clear at periods greater than 1 

second; however, this period range will have little or no effect on the short-period structure 

considered here. In fact, the variation of the spectra at these long periods occurs precisely because 

we have conditioned on spectral acceleration at a much shorter period. 
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Figure F.1: Conditional Mean Spectra at Sa(0.3s)=2.2g (given M =6.1, R =10.7 km and 
ε =2.1) and the mean response spectra of record sets selected using each of the four proposed 
record selection methods. 

 

The geometric mean of EDP as a function of IM is shown in Figure F.2 (corresponding to 

Figure 6.9), using the results from the four record-selection methods. The CMS-ε records produce 

smaller responses than the other methods. This may be because the record-selection method 

preferentially selects records with spectra that are somewhat smooth, in order to match the target 

spectrum; Carballo (2000) observed that records which were artificially processed to have very 

smooth spectra tend to produce lower levels of structural response, and the same effect may be 

occuring here to a lesser extent with the partially-smooth records. The MR-BR records produce 

responses comparable to the ε-BR records, possibly due to the valley in the MR-BR record 

spectra noticed earlier. Given the results from similar tests on the other structures, it is expected 

that the MR-BR records will typically produce larger responses (comparable to the AR-records’ 

responses). 
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Figure F.2: The geometric mean of maximum interstory drift ratio vs. Sa(T1) for the four 
record-selection methods considered. 

The standard deviations of log maximum interstory drift ratio from the three record sets are 

shown in Figure F.3 (comparable to Figure 6.10). These results are quite similar to Figure 6.10. 

The standard deviations are only reported for Sa levels where fewer than 50% of records caused 

collapse: when a large fraction of records cause collapse, then the standard deviation of non-

collapse responses becomes a less meaningful statistic. 
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Figure F.3: The standard deviation of log maximum interstory drift ratio vs. Sa(T1) for the 
four record-selection methods considered, at Sa(T1) levels where less than 50% of records 
cause collapse. 

The probability of collapse as a function of Sa is shown in Figure F.4 (which is comparable to 

Figure 6.11). The MR-BR records have relatively lower probabilities of causing collapse than in 

the other two test cases (Figure 6.11 and Figure F.10), possibly because of the valley in the 

spectra observed in Figure F.1. If more records were available to generate another sample of MR-

BR records, it would be expected that they would have similar probabilities of causing collapse as 

the AR records. 
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Figure F.4: Estimated probability of collapse vs. Sa(T1) (i.e., the collapse “fragility curve”) 
using the four record-selection methods considered. 

The Sa(0.3s)-based drift hazard curves are shown in Figure F.5. The trends here are 

comparable to those observed in Figure 6.13, except that the MR-BR records produces lower 

mean annual rates of exceedance. 
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Figure F.5: Mean annual frequency of exceeding various levels of maximum interstory drift 
ratio, as computed using the scalar intensity measure Sa(T1).  

When a vector IM incorporating ε is incorporated with the AR records, the resulting drift 

hazard curve agrees more closely with the (scalar-based) drift hazard curves estimated using ε-

BR records or CMS-ε records. However, when the MR-BR records are used with the vector IM, 

the result becomes too low. Again, it should be noted that with another sample of M,R-Based 

records, this behavior from the MR-BR records would likely not occur. 
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Figure F.6: Mean annual frequency of exceeding various levels of maximum interstory drift 
ratio, as computing using either the scalar intensity measure Sa(T1) or the vector intensity 
measure Sa(T1) and ε.  

None of the four record selection methods showed a statistically significant bias with record 

scaling. In Table F.5 (analogous to Table 6.4), p-values for maximum interstory drift versus scale 

factor are given, and no characteristics of statistical significance are evident. This is in contrast to 

results from Chapter 6 and the structure analyzed below, where Methods 1 and 2 display a 

statistically significant bias with scale factor. Even if this scaling bias is present with Methods 1 

and 2 in only two of the three structures considered, it is preferable to select records using 

Methods 3 or 4, which displayed no scaling bias in any of the three cases considered.  
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Table F.4. P-values from regression prediction of max interstory drift ratio as a function of 
scale factor for four methods of record selection, at seven levels of Sa(0.3s). P-values of less 
than 0.05 are marked in boldface.  

Sa(0.3s) 

Method 1: 
Arbitrary 
Records 

Method 2: M, 
R-Based 
Records 

Method 3:  
ε-Based 
Records 

Method 4: 
CMS-ε 
Method 

0.1 0.69 0.23 0.35 0.71 

0.4 0.69 0.28 0.36 0.87 

0.8 0.68 0.32 0.98 0.80 

1.2 0.07 0.47 0.11 0.07 

1.6 0.78 0.21 0.01 0.58 

2.2 0.66 0.83 0.05 0.70 

3 0.43 0.24 0.90 1.00 

median  
p-value 0.68 0.28 0.35 0.71 

 
 

F.2 Second structure  

The second structure considered is also a generic frame structure designed by Ibarra (2003). It has 

the following properties: 6 stories, T1 = 1.2s, ductility capacity (δc/δy) = 4, post-capping stiffness 

coefficient (αc)= -50%, V/W = 0.2 (i.e., Sayield(1.2s) = 0.2g). 

This structure has a fundamental period of 1.2 seconds. The hazard disaggregation values for 

Sa(1.2s) are given in Table F.5 through Table F.7, which correspond to Table 6.1 through Table 

6.3 in the body of the dissertation. The general trends in these tables are very similar to the trends 

observed in Table 6.1 through Table 6.3. 

Table F.5. Mean magnitude values from disaggregation of the Van Nuys site, and the mean 
magnitude values of the records selected using each of the four proposed methods. The mean 
magnitude value of the record library was 6.7. 

    Magnitude 

Sa(1.2s) 
[g]   

Target 
from 

disagg 
1. AR 

Method 
2. MR-BR 
Method 

3. ε-BR 
Method 

4. CMS-ε 
Method 

0.1  6.5 6.7 6.5 6.7 6.8 
0.2  6.6 6.7 6.6 6.8 6.8 
0.4  6.7 6.7 6.6 6.5 6.8 
0.6  6.7 6.7 6.6 6.5 6.8 
0.8  6.6 6.7 6.7 6.5 6.8 
1.2  6.6 6.7 6.6 6.6 6.7 
1.6  6.6 6.7 6.5 6.6 6.7 
2.0  6.6 6.7 6.6 6.6 6.7 
2.4   6.7 6.7 6.6 6.6 6.7  

 



Appendix F  307 
   
 

 

Table F.6. Mean distance values from disaggregation of the Van Nuys site, and the mean 
distance values of the records selected using each of the four proposed methods. The mean 
distance value of the record library was 33 km. 

    Distance 

Sa(1.2s) 
[g]   

Target 
from 

disagg 
1. AR 

Method 
2. MR-BR 
Method 

3. ε-BR 
Method 

4. CMS-ε 
Method 

0.1  62.1 35.5 59.0 31.6 28.3 
0.2  45.2 35.5 42.7 30.8 30.2 
0.4  31.8 35.5 31.9 34.1 34.3 
0.6  25.6 35.5 27.2 41.2 38.5 
0.8  21.6 35.5 20.9 46.5 42.8 
1.2  15.8 35.5 14.9 51.2 42.4 
1.6  11.9 35.5 10.4 51.2 42.6 
2.0  9.6 35.5 9.7 51.2 42.5 
2.4   9.0 35.5 10.0 51.2 42.5  

 

Table F.7. Mean ε values (at 1.2s) from disaggregation of the Van Nuys site, and the mean ε 
values of the records selected using each of the four proposed methods. The mean ε value of 
the record library was 0.1. 

    Epsilon (ε) 

Sa(1.2s) 
[g]   

Target 
from 

disagg 
1. AR 

Method 
2. MR-BR 
Method 

3. ε-BR 
Method 

4. CMS-ε 
Method 

0.1  0.2 -0.1 0.8 0.2 0.1 
0.2  0.7 -0.1 0.0 0.7 0.4 
0.4  1.2 -0.1 0.0 1.2 0.7 
0.6  1.6 -0.1 0.2 1.5 0.9 
0.8  1.8 -0.1 0.0 1.7 1.0 
1.2  2.1 -0.1 -0.2 1.9 1.2 
1.6  2.4 -0.1 -0.2 1.9 1.4 
2.0  2.5 -0.1 -0.1 1.9 1.4 
2.4   2.6 -0.1 0.1 1.9 1.4  

 

The conditional mean spectra at the Sa(1.2s) level corresponding to a 2% in 50 years hazard 

are shown in Figure F.7 (corresponding to Figure 6.7). The spectra from the Arbitrary Records 

and M,R-Based Records again tend to be larger than the ε-BR and CMS-ε spectra at all periods. 

Note that the target spectrum does not match the ε-BR and CMS-ε spectra near 2 seconds. 

Research in progress by the author suggests that the attenuation model used here (Abrahamson 

and Silva 1997) tends to over-predict Sa values in this period range, and thus leads to target 

spectra which are larger than the observed spectra. This does not significantly affect the results 

below, and no special effort was made to correct the difference, but it is interesting to note. 



308  Appendix F 
 

 

10
-1

10
0

10
-1

10
0

S
a 

[g
]

T [s]

CMS-ε spectrum
Mean record spectrum from Method 1 (AR)
Mean record spectrum from Method 2 (MR-BR)
Mean record spectrum from Method 3 (ε-BR)
Mean record spectrum from Method 4 (CMS-ε)

 
Figure F.7: Conditional Mean Spectrum at Sa(1.2s)=1.2g (given M =6.6, R =15.8 km and 
ε =2.1) and the mean response spectra of record sets selected using each of the four proposed 
record selection methods. 

The geometric mean of EDP as a function of IM is shown in Figure F.8 (corresponding to 

Figure 6.9), for the Sa levels at which less than 50% of records caused collapse. The ε-BR and 

CMS-ε records produce smaller responses, as was observed in Figure 6.9. 
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Figure F.8: The geometric mean of maximum interstory drift ratio vs. Sa(T1) for the four 
record-selection methods considered. 

The standard deviations of log maximum interstory drift ratio from the three record sets are 

shown in Figure F.9 (comparable to Figure 6.10). These results are quite similar to Figure 6.10. 
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Figure F.9: The standard deviation of log maximum interstory drift ratio vs. Sa(T1) for the 
four record-selection methods considered, at Sa(T1) levels where less than 50% of records 
cause collapse.  



310  Appendix F 
 

 

The probability of collapse as a function of Sa is shown in Figure F.10 (which corresponds to 

Figure 6.11). These results are also quite similar to Figure 6.11. 

 

0.5 1 1.5 2 2.5 3 3.5 4 4.5 5
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Sa(1.2s) [g]

P
(c

ol
la

ps
e)

Method 1 (AR) records
Method 2 (MR-BR) records
Method 3 (ε-BR) records
Method 4 (CMS-ε) records

 
Figure F.10: Estimated probability of collapse vs. Sa(T1) (i.e., the collapse “fragility curve”) 
using the four record-selection methods considered.  

The Sa(1.2s)-based drift hazard curves are shown in Figure F.11. As in Figure 6.13, the MR-

BR and AR records produces higher mean annual rates of exceedance because of the higher 

median responses and probabilities of collapse shown above. In fact, the difference is as great as 

an order of magnitude in mean rates at for max interstory drift ratios near 0.1. However, when ε is 

incorporated in a vector IM for the MR-BR and AR records, their resulting estimated drift hazard 

curves are in much closer agreement with the lower two drift hazard curves, as is seen in Figure 

F.12. 
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Figure F.11: Mean annual frequency of exceeding various levels of maximum interstory drift 
ratio, as computed using the scalar intensity measure Sa(T1). 
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Figure F.12: Mean annual frequency of exceeding various levels of maximum interstory drift 
ratio, as computing using either the scalar intensity measure Sa(T1) or the vector intensity 
measure Sa(T1) and ε. 

In Table F.8 (analogous to Table 6.4), p-values for maximum interstory drift as a function of 

scale factor are given. As in Table 6.4, Methods 1 and 2 show a statistically significant trend as a 
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function of scale factor. To illustrate this trend graphically, plots of max interstory drift ratio as a 

function of scale factor ar shown in Figure F.13 (analogous to Figure 6.16) for the Sa(1.2s) level 

of 0.6g. 

Table F.8. P-values from regression prediction of max interstory drift ratio as a function of 
scale factor for four methods of record selection, at seven levels of Sa(1.2s). P-values of less 
than 0.05 are marked in boldface.  

Sa(1.2s) 

Method 1: 
Arbitrary 
Records 

Method 2: M, 
R-Based 
Records 

Method 3:  
ε-Based 
Records 

Method 4: 
CMS-ε 
Method 

0.1 0.00 0.02 0.43 0.72 

0.2 0.00 0.00 0.12 0.27 

0.4 0.01 0.00 0.42 0.80 

0.6 0.02 0.01 0.40 0.66 

0.8 0.10 0.01 0.22 0.78 

1.2 0.22 0.32 0.01 0.03 

1.6 0.47 0.31 0.01 0.21 
median  
p-value 0.02 0.01 0.22 0.66  
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(d) 
Figure F.13: Maximum interstory drift ratio versus record scale factor for each of the four 
selection methods considered, at an Sa(1.2s) level of 0.6g. Regression fits based on scale 
factor are shown with solid lines. Dashed horizontal lines corresponding to the mean 
prediction at a scale factor of one are shown for comparison. (a) Records using the AR 
Method. (b) Records using the MR-BR Method. (c) Records using the ε-BR Method. (d) 
Records using the CMS-ε Method.  

 

The conclusions drawn in Chapter 6 appear to hold for these two structures as well. There 

will still be some variation in estimated structural response because of the finite number of 

records used (this might be the source of the MR-BR records causing smaller levels of response 

in the 0.3s structure than had been expected). On average, however, the ε-BR and CMS-ε records 

tend to produce smaller mean responses and smaller probabilities of collapse for a given Sa(T1) 

level than do the AR and MR-BR records. As was argued in Chapter 6, the smaller responses 

from the ε-BR and CMS-ε records are more accurate than responses from the other records, 

because they account for the effect of ε, which has been observed to be a useful predictor of 

structural response. 
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