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ABSTRACT

A mixture model approach is presented for combining the results of different models or
analysis methods into a single probabilistic demand model for seismic assessment. In general,
a structure can be represented using models of different type or different number of degrees of
freedom, each offering a distinct compromise in computational load versus accuracy; it may
also be analysed via methods of different complexity, most notably static versus dynamic
nonlinear approaches. Employing the highest fidelity options is theoretically desirable but
practically infeasible, at best limiting their use to calibrating or validating lower fidelity
approaches. Instead, a large sample of low fidelity results can be selectively combined with
sparse results from higher fidelity models or methods to simultaneously capitalize on the frugal
nature of the former and the low bias of the latter to deliver fidelity at an acceptable cost. By
employing a minimal 5 parameter power-law-based surrogate model we offer two options for
forming mixed probabilistic seismic demand models that (i) can combine different models with
varying degree of fidelity at different ranges of structural response, or (ii) nonlinear static and

dynamic results into a single output suitable for fragility assessment.
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1 Introduction

Seismic performance assessment lacks no breadth in the choices that an analyst needs to make
when tackling any single structure. Structural models can range from minimalistic oscillators
to high-resolution behemoths of millions of degrees-of-freedom, each offering different levels
of accuracy (e.g. Lachanas and Vamvatsikos, 2020, Silva et al. 2019, Chi et al. 1998). Further
issues of the explicit simulation of brittle or ductile failure mechanisms and
material/section/member models (e.g. Jalayer et al. 2010, Vamvatsikos and Fragiadakis 2010,
Ibarra and Krawinkler 2011, Kazantzi et al. 2014) provide a myriad of options that come with
obvious improvements in the fidelity of the results, together with an equally obvious cost in
computational resources. Selecting the proper combination of model options is a problem that
heavily depends upon the experience of the analyst, the task at hand, and the available
resources, namely time, data and computer power.

The typical approach is to select the model and analysis method, accept the consequences
and just go with it. Still, there are advantages in being able to combine models and approaches
of different fidelity and complexity to deliver a better compromise. Low-fidelity models can
be leveraged for achieving speedup at the cost of reduced accuracy, effectively offsetting (and
contrasting) the high-expense/high-accuracy of high-fidelity models. Multifidelity approaches
can combine low and high-fidelity outputs to achieve an overall improved accuracy in the
structural estimate at a reasonable cost, for a final result that is more than the sum of its parts.
In the literature, multiple strategies are offered for employing mutlifidelity methods
(Peherstorfer et al. 2018), such as adapting the computation process of low-fidelity models
based on the outputs of high-fidelity ones (adaptation), combining the results of both low- and
high-fidelity models a posteriori into a single output (fusion), and filtering the results of low-
fidelity models to keep only those consistent with higher fidelity computations (filtering).

In seismic assessment, there are cases where two different model types are complementary,
offering improved accuracy at different regions of response. This is the case of distributed
plasticity fiber models that offer higher fidelity at low (pre-capping) deformations, while
lumped plasticity models are more reliable for larger (post-capping) deformations closer to
collapse (Haselton et al., 2007). Combining the two could leverage the complementary benefits
of both to deliver a single response model of high fidelity at all deformation/intensity ranges.
There are also cases where one approach is clearly the better, but (per the “no free lunch”
theorem) also the disproportionally more expensive one, such as the case of nonlinear static

versus dynamic analysis (e.g. Fragiadakis et al. 2014). A static procedure can inexpensively
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provide intensity versus deformation results at all ranges of response, but with non-negligible
bias as one deviates from simple first-mode-dominated structures (Krawinkler and Seneviratna
1998). Nonlinear response history analyses (NRHA), suffers from little to no bias (assuming a
good structural model), but it is often prohibitively expensive for practical applications.
Optimally, a static pushover (SPO) based approach could be relied upon to provide the bulk of
the data, while a few higher fidelity dynamic runs could be employed for correcting the bias,
e.g., due to higher modes unaccounted for by the SPO.

Overall, in terms of Peherstorfer et al. (2018), we aim to follow a fusion approach to
combine via data fitting low- and high-fidelity outputs from distinct structural model and
analysis pairs into a single multifidelity surrogate model (Fernandez-Godino et al. 2019) of
seismic demand. This provides the functional relationship between the input variable, i.e., the
intensity measure (IM), and the output of interest, i.e., the Engineering Demand Parameter
(EDP) per the Cornell and Krawinkler (2000) performance-based earthquake engineering
framework. In the following we aim to describe the conceptual approach to deriving and
employing such mixed fidelity models while offering two practical examples of application for
the assessment of a 4-story reinforced concrete (RC) frame (i) using lumped and distributed

plasticity models and (ii) combining nonlinear static with dynamic analysis.

Mixing demand models

Multiple methods of varying complexity can be employed to combine two or more sets of
results of different fidelity into a single data-fit surrogate that can be used for seismic response
assessment. For instance, parametric or non-parametric regression analysis (Hastie et al 20009,
Weisberg 2005) can be applied in order to combine any number of disparate IM — EDP data
into a single functional representation. The functional form of parametric models, e.g.
polynomial regression, is predetermined, while in non-parametric ones the predictor does not
take a predetermined shape but is constructed based on information derived from the data and
can be adjusted to capture any unusual or unexpected features, as in smoothing splines or k-
nearest-neighbor regression. The analyst in both cases should avoid including too many
parameters in parametric regressions or too much flexibility in non-parametric ones to avoid
overfitting, i.e., fitting the random quirks of the dataset while not being able to capture the
characteristics of new data points outside the fitted set. When it comes to an error minimization
criterion for finding the best-fit function, equal weighting of observations tends to be the typical
answer, as in the case of ordinary least squares that minimize the residual sum of squares. Still,

this is not necessarily the optimal for our purposes. To better covey the different confidence
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inherent to results of different fidelity, placing higher weights (e.g. in weighted least squares)
on the few high-fidelity results is a more viable option, appropriately biasing the fit towards

the points with higher importance.

An alternative non-regression (or non-parametric regression, depending on one’s point of
view) option is to employ a Bayesian framework (e.g. Jalayer et al. 2011, 2015) to update the
probabilistic distribution of a prior estimate of structural response (e.g. obtained by low-fidelity
methods) as more (and potentially higher fidelity) data become available. Other methods that
do not necessarily include the data-fit surrogate have also been proposed, such as the one of
Patsialis and Taflanidis (2020) that utilizes the multi-fidelity Monte Carlo simulation to
selectively run analyses on low/high-fidelity models and combine their results for seismic risk
assessment. Still, to the authors’ belief, the simplest viable solution that can be practically
implemented for the problem at hand relies upon fitting the 5-parameter surrogate of Jalayer
and Cornell (2009).

The 5-parameter surrogate of Jalayer and Cornell

The 5-parameter surrogate treats non-collapse and collapse data separately: a power-law-based
approximation (3 parameters) is fit to the non-collapse data for estimating the distribution of
EDP response (and associated probability of exceeding any EDP level) for a certain level of
the IM, given that collapse has not occurred. This is augmented by the distribution of collapse-
inducing IMs or, equivalently, the probability of collapse given the IM, as determined by fitting
an idealized lognormal distribution to the collapse data; effectively two more parameters are
added, namely the median value of the distribution and its dispersion. Consequently, a total of
5 parameters fully characterizes the model of demand. The mutually exclusive events of
collapse, C, and no collapse, NC, are combined through the total probability theorem to

estimate the probability of exceeding any limit state of interest, LS, given the level of the IM:

P[EDP > EDF, | IM]=P[EDP > EDP. |[NC,IM]-(1-P[C|IM])+1-P[C | IM] (1)
where P[EDP >EDPc | IM] is the probability of the demand, EDP, exceeding the EDP capacity,
EDPc, given the IM, and P[EDP >EDPc |NC,IM] is the probability of EDP exceeding EDPc
given the IM and no collapse. The value of 1 stands for P[EDP >EDPc |C,IM] that is the
probability of EDP exceeding EDPc given collapse that always equals 1 and P[C | IM] is the
probability of collapse given the IM.

The power-law model (Shome and Cornell 1999) is employed for the non-collapse data to
estimate the P[EDP > EDP¢ |NC,IM]:
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where b is the slope in log-log space, In(a) is the intercept and ¢ is the regression error, i.e., a
lognormal random variable with unit median and a logarithmic standard deviation of oin.. The
basic assumption that lies behind Eqg. (2) is that the EDP | IM dispersion is constant for all IMs,
also known as homoscedasticity. However, the dispersion of EDP | IM is expected to increase
for higher IM values, due to increasing nonlinearilty. In cases of large discrepancies in
dispersion at low and high IM values, a separate power-law model can be employed in each
region to avoid otherwise complicating its application.

Global collapse is generally deemed to occur when numerical non-convergence appears in
a rigorous model that incorporates both material and geometric nonlinearities or when
unrealistically large values of EDP appear. To overcome potential bias in the low IMs due to
the large near-collapse EDP values, non-collapse and collapse data are treated separately, and
the probability of collapse is estimated directly from the collapse points. Multiple methods
have been proposed for fitting the collapse data, most notably the logistic regression, the
maximum likelihood estimation (MLE) or the method of moments (Baker 2015). MLE can be
employed in cases of binary input, such as for the case at hand since records may either cause
structural collapse (i.e., 1) or not (i.e., 0), as long as estimates of two numerically different
values of collapse probability are available at least at two different levels of IM. The median
and the dispersion of the lognormally distributed collapse fragility curve are the parameters

that maximize the likelihood function (as per Baker 2015):

{é,)}}:arg max Y’ In(:jj+ 2, |nq>[w}(nj Q)In[l@[wn 3)

0F  j= j

where 6 and £ are the estimates of the mean, 6, and the standard deviation, £, of the logarithmic
collapse fragility distribution, argmax abbreviation stands for maximizing the function, ®(-)
denotes the cumulative density function of the standard normal distribution, n;j is the number
of ground motions per IM = ¥;, zj is the number of ground motions that caused structural

collapse for IM =x;, and m is the number of IM levels. The probability of collapse can be

directly determined via 8 and j.

Overall, the 5-parameter surrogate is arguably the minimum comprehensive surrogate that
can represent the full-range IM — EDP response space. Adding more parameters, e.g., by
augmenting the regression expression of Eq. (2) by more terms, is a natural improvement that

may result in a more flexible yet less practical model that would require more data for a reliable
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fit. Most importantly, employing it with inadequate data may lead to overfitting of the so-called
“training” dataset, thus capturing idiosyncratic effects that cannot be generalized. Note here
that flexible non-parametric surrogates with an appropriate regularization scheme to avoid
overfitting can potentially offer a fully customizable near-automatic regression capability to fit
any situation of interest, encompassing both small and large datasets. Still, having only a
handful of distinct parameters makes it easier to gain intuition on the effects of our modeling
and combination choices and on how to fit each parameter, if needed. Thus, the 5-parameter
surrogate is our baseline choice for all subsequent work, offering a good compromise between

accuracy and computational effort.

Herein, we propose two ways of how to form mixed surrogate models for seismic response
by fitting our baseline surrogate to analysis results from a single case-study building in two
distinct situations: (i) combining the results of two different models with different accuracy in
disparate regions of response via weighted regression and a user-defined IM-based degree of
model preference, and (ii) employing the results of nonlinear static and nonlinear dynamic

analysis to directly determine each of the five model parameters.

2 Case-study building

To illustrate the proposed framework, a 4-story RC building is studied. In each principal
direction, the building has two perimeter moment-resisting frames (MRFs) of four bays each,
as well as internal columns that carry only gravity loads. The plan view of the building and the
elevation of the moment frame are shown in Fig. 1. The overall plan dimensions are about
55x37m (120°x180”) while the total height is about 16.5m (54°), with heights of 4.5m (15°) at
the first story and 4m (13”) for subsequent ones. The building was originally designed by
Haselton (2008), while Aschheim et al. (2019) re-designed the structure following a
performance-based approach via the use of the Yield Frequency Spectra (Vamvatsikos and
Aschheim 2016).

The two-dimensional model of the building is developed in OpenSees software (Mazzoni
et al. 2000). Only one out of the two MRFs that act in each principal direction is modeled along
with a leaning column. The leaning column is pinned at the foundation and modeled using
linear elastic elements having cross sectional properties of one half of the gravity columns of
the building plus one half of the columns that belong to the MRFs acting in the other direction.

Two 2D distinct models of the case study building are formed (Chatzidaki and VVamvatsikos
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2021), one using lumped plasticity elements and another employing distributed plasticity ones,

both being viable alternatives for assessment purposes.

54 ft (16.5 m)
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Fig. 1 (a) Plan view of the building indicating the perimeter frames by dashed lines and (b) elevation
of the perimeter moment resisting frame (adopted from Aschheim et al. 2019).

Beams and columns of the distributed plasticity model are modeled using force-based fiber
elements discretized into longitudinal steel and concrete fibers. A bilinear constitutive law
accounting for pinching and stiffness degradation is employed to model the steel reinforcing
bars. The cover concrete is modeled without confinement, while the confinement-related
parameters of the core concrete are calculated per Mander et al. (1988). The strength of the
steel and concrete materials is set at their expected values, rather than nominal characteristic
strengths, thus fye = 475MPa (69ksi) and fee = 44.8MPa (6.5ksi). The rigid diaphragm is
simulated via stiff truss elements connecting the frame nodes at each floor level. One end of
each horizontal beam element is provided with a low stiffness axial spring at the connection
with the column. This solution is preferred instead of imposing rigid kinematic constraints,
since they would impose the condition of zero axial strain on beams resulting in the generation
of fictitious axial compression forces that would artificially increase the bending moment
capacity of beam sections. Rayleigh damping of 1% is assigned to the first and second mode.
Although this is lower than a typical value of 5% usually assigned to RC structures, it is
considered realistic as cracking is directly incorporated in the fiber model giving rise to early
hysteretic damping (Sousa et al. 2020).

Beams and columns of the lumped plasticity model are realized by a single force-based
beam-column element per member with plastic hinges located at each end. Moment-rotation
laws for each plastic hinge are defined in terms of the backbone curve of ASCE 41-13 (2014).
Rigid kinematic constrains are applied on all nodes of each floor thus enforcing the same lateral
displacements. A minor calibration of the elastic member stiffness is employed to avoid a large

mismatch in the periods of the distributed and lumped plasticity models. Specifically, the
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“cracked” moment of inertia of both lumped plasticity beams and columns is determined by
averaging the initial “uncracked” stiffness and the nominal “cracked” stiffness at yield, as
derived by moment-rotation analyses of the actual fiber sections. A Rayleigh damping of 5%
is assigned in the first and second mode for the lumped plasticity model. In all cases, P-A effects
are accounted for via a first-order treatment.

The SPO capacity curves resulting from a first-mode-proportional lateral load pattern are
shown in Fig. 2 for both models, in terms of base shear, Vhase, and roof drift ratio, Groor. The
fundamental periods of the distributed and the lumped plasticity models are T1s=0.79sec and
T1,) = 0.97sec, respectively. Incremental Dynamic Analysis (IDA, Vamvatsikos and Cornell
2002) is performed on both models to compare their respective response. The far-field ground
motion set of FEMA P695 (FEMA 2009) is used for the analysis; it comprises 22 ground
motions, each having two horizontal components, resulting in a total of 44 accelerograms. To
facilitate comparison between the two models, a common IM is adopted that is the average
spectral acceleration (AvgSa, see Kohrangi et al. 2017) for the period range [0.3sec, 3.0sec]
with an increment of 0.1sec. For illustration purposes, the individual IDA curves for the
maximum interstory drift ratio, max, along with the 16, 50 and 84% fractiles are presented in

Fig. 3a-b for the lumped and the distributed plasticity models, respectively.
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Fig. 2 Static pushover capacity curves of the distributed plasticity model (grey line) versus the lumped
plasticity model (black line).
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Fig. 3 IDA results of the (a) lumped plasticity model and (b) the distributed plasticity model in terms
of AvgSa and Gnax along with the 16%, 50% and 84% IDA fractiles.

3 Application 1: Mixing structural models of different accuracy

The lumped and the distributed plasticity models offer different accuracy and convergence
capabilities in the complementary response regions of low versus high IMs (and EDPs).
Specifically, the distributed plasticity models allow representation of phenomena such as
concrete cracking and gradual plastification of sections, thus they can better reproduce the
behavior of the structure in the pre-yield segment. However, they cannot capture the post-
capping response of the system and they often fail to converge in the region of negative global
lateral stiffness. On the contrary, phenomenological lumped plasticity elements can model the
post-capping response but often fail to capture the transition of the system from the initial
uncracked stiffness to the cracked one, thus they cannot fully reproduce the pre-yield structural
behavior (Haselton et al. 2007). At the same time, they offer easier convergence, thus they can

be applied when NRHA is performed to assess the structural behavior even close to collapse.

Given the relative strengths and weaknesses of each modelling type, we expect different
degrees of bias in the estimation of EDP response given the IM level. For low IMs, the lumped
plasticity model cannot capture the pre-yield evolution of member stiffness, thus leading to
lower, or unconservatively biased, variability estimates. This tendency is evident in the IDA
curves, especially when plotted in terms of 5%-damped first-mode spectral acceleration
Sa(T1, 5%). It can only be partially observed in Fig. 3a-b due to the use of AvgSa as the IM,
which tends to increase the record-to-record variability in the elastic range, involving, e.g.,
“elongated” periods that only become relevant after yield. A higher median EDP response is

also observed for the distributed plasticity model. Although this latter observation is not
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necessarily generalizable, it surely tells us that, for the case at hand, the lumped plasticity model
underestimates both the median and the dispersion of EDP given IM. For higher IMs, the
distributed plasticity model is clearly disadvantaged by its propensity for non-convergence,
being unable to reliably predict the post-capping response. It offers conservative biased-high
estimates of EDP given IM, or conversely biased-low estimates of the distribution of IM given
EDP for practically any fragility in the post-capping region.

The aforementioned observations can cast doubt on the suitability of either single model
for fragility assessment, and point to the potential for improvement by combining their
respective results. As a minimalistic example, in the spirit of multi-stripe analysis (MSA,
Jalayer and Cornell 2009), we shall employ two stripes of EDP given IM from each model, as
schematically presented in the conceptual algorithmic process of Fig. 4. The lower stripes come
from the distributed plasticity model and target the pre/near-yield response, while the two
higher stripes come from the lumped plasticity model to better capture the post-yield and near-
collapse behavior. More stripes, cloud analysis (Jalayer 2003) or IDA can also be employed,
to obtain the IM — EDP representation of the source models. Even different methods can be
adopted for the two source models without problems. In the end, we seek to determine a single
5-parameter surrogate that incorporates both sets of results to optimally determine the
fragilities of interest.

Weighted regression is our method of choice for fitting the 5-parameter surrogate to
combine the outputs of the lumped and the distributed plasticity models. This is fairly
straightforward for fitting collapse-level data, as one would expect to derive the collapse
fragility based on the more reliable model for that range of response, thus giving full weight to
the lumped plasticity model. Assigning model weights a priori to non-collapse results is a more
difficult premise. For instance, if N low-fidelity data points are to be mixed with M << N high-
fidelity points, the higher number of low-fidelity points will dominate the result, unless a
significantly higher weight is assigned to the few high-fidelity points, so that they can still have
an impact on the mixed model. Similarly, when EDP results at multiple IM levels are mixed, a
few high IM and EDP values can have a disproportionally higher leverage relative to the lower
ones, easily acting as outliers that can dominate the regression, potentially causing bias in low-
IM estimates of response. Finally, the fragilities targeted also play a role; for example, one
would emphasize the lower IM stripes if mainly serviceability level limit-states are of interest.

As a potential solution, we propose the concept of an IM-based Degree of Preference
(DOP), whereby a user declares his/her relative confidence per model given the IM level. Then,

a direct search optimization algorithm is employed for determining near-optimal regression

10
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weights that minimize the difference among the mixed model’s fragility and the target/ideal

fragilities as computed based on the DOPs.
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Fig. 4 Conceptual approach for mixing structural models of different accuracy via the 5-parameter

model. The numbers indicate the corresponding steps of the WeightSearch algorithm.

Degree of preference, target fragilities, and optimal mixing weights
The DOP is loosely defined as the analyst’s degree of belief on the applicability of each source
model given the IM level. Mathematically speaking, it is a function, DOP;(IM), per each model
i=1,..., N, where:

N

0<DOR(IM)<1, > DOR(IM)=1 (4)

i=1
It may have any shape, but complicated functions are not recommended unless they have an
explicit physical meaning. For our purposes, a linear function will be adequate.

A definition akin to Eq. (4) but parameterized on the EDP may seem to be more
straightforward, as specific EDP thresholds can better (and a priori) delineate regions of
differing structural behavior compared to IM thresholds. However, this can become
problematic if MSA is applied with records coming from a hazard-consistent selection process
(e.g., Lin et al 2013a,b). Then, placing differing weights on the results of records selected as a
single set may cause inconsistency with the hazard, partially defeating the purpose of selection.
To avoid such pitfalls and any associated complex workarounds, we shall opt for the
practicality of DOP;(IM) rather than the intuitive simplicity of DOPi(EDP).

The purpose of the DOP is to allow estimating an intermediate proxy, termed the target
fragility curve, Pyt j[EDP >EDPc;j| IM], for limit state j characterized by a threshold EDP

11
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capacity of EDPcj, by combining the corresponding fragilities Pij[EDP > EDPc | IM] of the

source models weighted by the DOP of each model as:

N
Pg;[EDP > EDF, | | IM]:ZDOF’i (IM )-PLJ-[EDP >EDFR. ;[ IM] (5)

i=1
Fig. 5 shows two examples of DOP functions as well as the corresponding target fragility
curves that are computed via Eq. (5). Specifically, Fig. 5b shows the target fragility curve when
constant DOPs are assumed (Fig. 5a), while Fig. 5d shows the target fragility when linear DOP
functions are adopted that range from 0 to 1 (Fig. 5c).
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Fig. 5 Two examples of DOPs and the resulting target fragilities for combining two arbitrary models, 1
and 2. The constant DOPs of (a)-(b) imply a consistent preference of model 2 over model 1 for any 1M.

The ramp DOPs of (¢)-(d) assume that the fidelity of model 2 increases over model 1 with the IM level.

The target fragility is not necessarily what one would like to employ as the final fragility

estimate, as for some DOP choices it may not even resemble a traditional fragility; it is only a

12
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proxy to help us determine the candidate fragility that best matches the analyst’s preference.
For any given limit-state this is achieved by selecting the mixed-model fragility
Pmixed JEDP > EDPcj| IM] having the minimum “distance” Dj from the target fragility. Several
options are available to quantify the difference of the two distributions. Potential choices are
the relative entropy or Kullback-Leibler divergence (Tsioulou and Galasso 2018), the Cramer-
Von Mises distance (Parr 1981), and the absolute area difference. The latter, is simply the
integral of the absolute difference between the two cumulative distribution functions, and it is

our baseline choice:

D, =T\Ptgu [EDP > EDP, ; |IM |- Py, ;[EDP > EDR. | | IM ] dIM (6)
0

One may further refine the distance metric of Eq. (6) by emphasizing divergence in the lower
left tail, which often figures more prominently in risk assessment (due to the higher frequency

of the IM level) than the corresponding right tail.

Minimizing Eq. (6) separately per each limit-state fragility j =1,...,M would lead to M
different 5-parameter surrogates and corresponding weights for their fitting. Instead, for
reasons of logistical simplicity, a single mixed model (and set of weights) may be employed to
determine all limit-state fragilities. Then one should seek to minimize a combination of all D;,

such as Diot, the sum of the distances for all limit states of interest:

Mz

—_
1]
N

D =

tot

D; (7

Having all our machinery in place, it now becomes a straightforward application of direct
search to determine optimal (or near-optimal) weights for the model mixing, as indicatively
presented for mixing two source models via the WeightSearch algorithm, following the
conceptual model of Fig. 4:
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Algorithm WeightSearch: Selection of near-optimal mixing weights for two source models

1 fori=1to 2 source models
2 obtain the IM-EDP pairs of source model i
3 fit the 5-parameter surrogate to source model i
4 determine the DOP; (IM)
5 for j =1 to M limit states
6 calculate i-th source fragilities Pij[EDP > EDPc; | IM] from the 5-parameter surrogate
7 calculate Py [EDP >EDPc;| IM] via Eq. (5)
8 end for
9 end for
10 select the mixed model’s collapse fragility P[C | IM] from the most reliable source model for collapse
11 for k=1 to K weights
12 assign weight wi = 1/(2K) + (k-1)/K on the non-collapse data of source model 1
13 assign weight w, = 1 —wjy on the non-collapse data of source model 2
14 fit the 3-parameters of Eq. (2) via (w1, w2)-weighted regression
15 for j =1 to M limit states
16 calculate mixed fragility Pmixedxj[EDP >EDPc;|NC, IM] from the fitted 3-parameters
17 find Prixedkj[EDP > EDPc; | IM] via Prixed,cj[EDP > EDPcj| NC, IM] and P[C| IM] via Eq. (1)
18 calculate Dj via Eq. (6)
19 end for
20 calculate Diork Via Eq. (7)
21 end for
22 select weight combination k corresponding to the minimum Dot

As the very first step of the WeightSearch algorithm we need to determine IM — EDP pairs
for each source model. To do so effectively, we need to keep in mind the end game of step 3,
i.e., fitting a 5-parameter surrogate per source. Given the differing predictive power of the
source models, it actually makes sense to fit only the non-collapse part of Eq. (2) for the
distributed plasticity model, i.e., only 3 parameters, effectively assuming that the probability
of collapse is zero, and both parts (all five parameters) for the lumped plasticity. Of course, this
means that the source fragilities determined in step 6 for the distributed plasticity model make
little sense for large EDPc values near collapse. Yet, this is of little concern if an appropriate
DORP is selected that deemphasizes the distributed plasticity model results for high IM values,
e.g., as in Fig. 5c¢, thus allowing the target fragility of step 7 to be dominated by the lumped
plasticity model at high IMs. Following the pre-processing part of steps 1-9, we select the
collapse fragility of the lumped plasticity model for the mixed model in step 10, and then we
enter the direct search of steps 11-21, iteratively trying K different weight combinations, and
culminating in step 22 with the selection of those that provide the lowest total distance, Drot,

from the target fragilities.
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Note that a prerequisite of applying the WeightSearch algorithm is being able to fit at least
the non-collapse part of the 5-parameter surrogate to both source models, thus being able to
actually derive fragilities from both. Where insufficient data is available to allow such fitting
per source, as in the case of having just a few sparse time history analyses, only one or two
parameters out of the three in Eq. (2) may be fitted. Then, the DOP approach is an overkill, and
a priori weight assignments may be preferable or even more intuitive, as will be discussed in

the second application example (Section 4).

Application to the case-study building

The IM — EDP characterization for the case study building is determined by performing two
stripes of analyses on each source model. An interesting question of computational significance
is how many records to use per stripe. An optimal number would depend on parameters such
as the type of the structure, as well as the IM and EDP used. In our case we have selected
relatively well-behaved variables for the IM and EDP, i.e., AvgSa and max, With dispersions in
the order of 30-40%. In similar EDP situations, Baltzopoulos et al. (2018) employed a
minimum of 20 records per stripe. In our case, thanks to the good performance of AvgSa and
to showcase a relatively frugal application, a single set of 9 ground motion records is adopted
that are randomly selected out of the 44 records of FEMA P695. Taking in regard the relative
advantages of each model, the stripes of the distributed plasticity model are performed at
relatively low AvgSa values equal to 0.10g and 0.15¢g, while higher values of 0.60g and 1.00g
are employed for the lumped plasticity model, aiming to capture the behavior closer to the
collapse region, as shown in Fig. 6.

1.5 1.5
O fiber (NC)
¢ lumped (NC)
* |lumped (C)
. 1 ] Holsolololoiole| 1 q
2 °
<
0 &
=] [=}}
z o o 0 0 * E _
05 B 1 0.5 - - - - «
- -
- e -
© BYS© T
0 L L - - - . 0= - | | |
0 0.01 002 003 004 005 006 007 ) 0.2 0.4 0.6 0.8 1

maximum interstory drift ratio,
max

Fig. 6 The four IM-EDP stripes, showing both

collapse (C) and non-collapse (NC) points.

Fig. 7 DOPs assumed for the distributed and the

lumped plasticity model.
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The power-law fit of the non-collapse data is presented in Fig. 8 for the lumped and the
distributed plasticity models. Only the first stripe, i.e. at 0.6g, is considered in the non-collapse
fit of the lumped plasticity model assuming b = 1, while the other one having more than 16%
of collapses is omitted. In the low-IM stripes of the distributed plasticity model, all records
achieved convergence; thus unreliable “collapse” points did not appear. If that was not the case,
such data would be neglected in the fitting of the collapse fragility, effectively assigning a
weight of 1.0 to the lumped plasticity estimates of collapse. In the high-1M stripes of the lumped
plasticity model, both collapse and non-collapse points appeared. Furthermore, each stripe has
a different percentage of collapsed points. Had the same percentage been estimated, we would
either have to add more records to the two stripes, or simply add a new stripe to be able to

achieve a full-range estimate of the collapse fragility.

O lumped (NC)

O fiber (NC)
—fiber power-law fit
= =|lumped power-law fit
———mixed power law fit

10 10°® 1072 107 10°
maximum interstory drift ratio, ()max

Fig. 8 Non-collapse IM — EDP pairs from the lower three stripes of Fig. 6, as considered in the power-
law fit of the lumped plasticity (dashed line) and the distributed plasticity model (continuous line). The

power-law based approximation of the mixed model is also presented in magenta.

Having established the IM — EDP points, the relative DOPs are assumed to follow a ramp
pattern, linearly varying within 0g and 0.6g and remaining constant thereafter as shown in Fig.
7. This corner IM point is selected to be at the level of the first high-IM stripe employed for
the lumped plasticity model. Different choices would obviously present different final results,
still there is a wide range of IMs where the precise corner point value is of secondary
importance.

Herein, a single mixed model is to be determined for the four limit states considered at Omax
capacities, fmaxc = 0.015, 0.02, 0.025 and 0.030. The source fragilities, resulting from fitting
the power-law approximation on the distributed plasticity model and the 5—parameter surrogate

to the lumped plasticity model, are presented in Fig. 9a-d for all limit states of interest. The
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target fragilities resulting from combining the fragilities of the source models based on the pre-
defined DOPs via Eq. (5) are then determined. Their shape does not necessarily resemble the
“classic” S-shaped fragilities (Fig. 9a), or even conform to the monotonicity expected of a
fragility curve (Fig. 9b-d), due to the DOPs ramp-shape. Still, this is of no concern, as the target
fragility is only meant to serve as a simple proxy.

The mixed model non-collapse fit that offered the fragilities best matching the target curves
(i.e., with the lowest total distance Diot) is presented in Fig. 8. The resulting mixed fragility
curves lie between the source fragilities in all cases, as shown in Fig. 9a-d. As required, they
all lean towards the distributed plasticity model for lower IMs, and veer off towards the more
reliable lumped plasticity model at higher IMs, with this change occurring earlier (in IM terms)
as a higher-damage fragility is sought. To achieve this transition within the constraints of the
5-parameter model, the mixed curves show a larger dispersion compared to the source ones,
necessitated by the need for a shallower slope around the median to capture the two different
source models. As a result, at the low left tail, some minor overlapping of the mixed fragilities
and the distributed plasticity source fragility occurs. If this is undesirable, given the
significance of the lower tail for risk assessment, additional constraints may be added to the
optimization algorithm.

The median and dispersion values, assuming lognormality, of the fragility curves for the
lumped, the fiber and the mixed model for all limit states are listed in Table 1. The fiber model
shows constant dispersion per the non-collapse power-law model while this constant dispersion
is further modulated by the collapse fragility in the case of the lumped-plasticity model. Note
how in the latter case the dispersion decreases with the IM as AvgSa is better performing away
from the elastic region where “elongated periods” captured by AvgSa come into play. The
mixed model, by virtue of combining both models, naturally employs a larger starting

dispersion that converges to the lower lumped-plasticity dispersion close to collapse.

Countless other improvements can be incorporated, ranging from using different surrogates
as a basis, to mixing more models and using different weighting approaches. These will
probably come out naturally as different applications are tackled. Still, even the baseline
approach proposed herein is enough to generate a single mixed model surrogate from disparate

sources that conforms to the model with the higher validity in each region of response.
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Fig. 9 Fragility curves for all examined limit states. For each limit state the two source fragilities, the

target, and the mixed fragility are presented.

Table 1 Fragility curve median and dispersion values in terms of AvgSa, assuming lognormality, for
all models and limit states.

- Model Fiber Lumped Mixed
Limit State

Omax.c = 1.5% 0.20 (31%) 0.46 (34%) 0.31 (56%)

Omax.c = 2.0% 0.25(31%) 0.59 (29%) 0.48 (48%)

Omax.c = 2.5% 0.30 (31%) 0.67 (24%) 0.62 (37%)

Omax.c = 3.0% 0.35(31%) 0.71(21%) 0.69 (28%)

447 4 Application 2: Mixing different structural analysis types

448 The approximation of the multi degree-of-freedom (MDOF) structure via an equivalent single

449  degree-of-freedom (ESDOF) model renders SPO analysis the preferred option for many

18



450
451
452
453
454
455
456
457
458
459

460
461
462
463
464
465
466
467
468
469
470
471
472
473
474
475
476
477
478
479
480
481
482

applications since it offers computational simplicity and can be implemented with ease. In the
context of seismic codes (e.g., ASCE 41-13, 2014 or EN1998-3, 2005), SPO is used to provide
a single estimate of the EDP response for a given level of seismic intensity, yet it is often
disregarded that the ESDOF approximation can also be adopted to comprehensively assess the
dynamic response of the structure. This SPO/ESDOF approach requires following a procedure
similar to the one appearing in current codes, namely (i) performing SPO analysis on the
MDOF structure, (ii) obtaining the SPO curve of the ESDOF system, (iii) fitting a piecewise
linear function to the SPO curve, (iv) estimating the seismic demand of the ESDOF system
based on the SPO curve, and (v) translating the ESDOF seismic demand to the MDOF

response.

The important difference between typical code-style application and a full-range
estimation comes in the fourth step, i.e., the estimation of ESDOF seismic demand. Typically,
one would employ R-u-T (strength ratio-ductility-period) relationships to determine a central
value (mean or median) of the ESDOF displacement response given the intensity level of
interest, usually in terms of Sa(T1, 5%) (see Miranda 2001 and references therein). Instead, the
full distribution of demand can also be obtained. This is typically assumed to follow the
lognormal distribution, characterizing the EDP | IM response by two parameters, i.e., the
conditional mean and variance. Both parameters can be assessed either by subjecting the
ESDOF to a number of dynamic analyses, e.g., via the open-source tools developed by
Baltzopoulos et al. (2018), Elkady and Lignos (2018), or by employing advanced R-u-T
relationships, such as the ones proposed by Ruiz-Garcia and Miranda (2007) for elastoplastic
oscillators, or the SPO2IDA tool (Vamvatsikos and Cornell 2006, Baltzopoulos et al. 2016) for
oscillators with complex quadrilinear backbones.

Assessing the MDOF response using the ESDOF as a basis inevitably brings in all the
weaknesses associated with the ESDOF approximation of the mean and/or variance of dynamic
response. The ESDOF model cannot accurately reproduce complex dynamic characteristics of
the MDOF, potentially resulting in biased mean estimates of the seismic demand, especially in
cases of tall or plan-asymmetric buildings. Regarding variance, the ESDOF model can only
capture the record-to-record variability in the first-mode, while being unable to reproduce the
additional variability contributed by higher modes.

These issues reduce the fidelity of SPO-based results and render one unable to recommend
the SPO/ESDOF approach with some confidence as a generally viable method. The question,

thus, remains: Can one still ride this trusty old workhorse of seismic assessment to deliver
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credible results in a performance-based world? Perhaps yes, with a pair of new horseshoes. In
this regard, Baltzopoulos et al. (2017) proposed a methodology to assess the missing variability
in the elastic range and inject it back into the SPO/ESDOF estimate, using precomputed
dynamic analysis results of simplified MDOF systems. Similarly, a limited number of “just-in-
time” computed dynamic analyses of the MDOF model can be employed to refine the
SPO/ESDOF mean estimate of response. This allows taking advantage of the full-range
computational capability of the ESDOF and then bias-correcting the less-than-ideal estimate
using MDOF results. In line with our mixed model concept, a minimalistic approach is offered
herein to combine pushover and dynamic analysis source results into a single mixed 5-
parameter surrogate that is suitable for fragility assessment, as schematically presented in the
flowchart of Fig. 10. This approach is illustrated by means of an example for the lumped
plasticity model of the case-study building.

Mixed model
Non-collapseCollapse
y |
bas IMA non-collapse ;lM i P
=] L) :
- 1 : 8espor
cooo ° : bespor 6
: espor
o collapse 5 ® Oincesoor : Besoor
3 > i i
roof EDP é EDP & M
pushover analysis ESDOF NRHA stripes :
M
IM i i g
non-collapse duoor
——— v v ¥bypor =1 B,
wywvvwy Ojne MDOF i BMDOF
collapse e
EDP IM

EDP
MDOF NRHA stripe

Merge per Table 1 Merge per Table 1

Fig. 10 Conceptual flowchart of mixing structural analyses of different accuracy: the case of static

pushover and nonlinear response history analyses.

The SPO-based approximation of IDA

The SPO analysis of the MDOF model (Fig. 11a) is used as a basis to determine the backbone
curve of the ESDOF oscillator, e.g., following the recommendations of Fajfar (2000): The
MDOF Vyase and roof displacement are divided by the first-mode participation factor, 7, while
the first-mode effective mass, m”, is adopted for the oscillator. To achieve a simpler
representation of the ESDOF backbone, a piecewise linear function can be fitted. For the case
at hand, a bilinear backbone curve is adopted. De Luca et al. (2013) suggested that the elastic
segment of bilinear backbones should match the elastic stiffness of the SPO curve, especially

for structures that are not characterized by significant stiffness changes. This is the expected
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behavior of the case-study lumped plasticity model since by its nature it cannot reproduce
concrete cracking and gradual plastification of sections, thus resulting in minor stiffness
changes in the elastic range. Consequently, the elastic segment of the bilinear fit is selected to
match the initial stiffness of the SPO curve. The post-yield linear segment of zero stiffness
matches the maximum base shear and the horizontal plateau ends at the deformation limit of
0.33 where more than 20% of the maximum base shear is lost per De Luca et al. (2013). The
resulting SPO of the ESDOF model as well as its bilinear fit are presented in Fig. 11b. Given
the nominal yield displacement, 6,", and yield force, F,", the resulting period, T*, of the ESDOF

is estimated as T" = 2m,/m"8], / F, ., almost perfectly matching the MDOF’s T1 by construction;

thus, they are going to be used interchangeably henceforth.
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Fig. 11 Static pushover curve of (a) the lumped plasticity model and (b) its bilinear fit in ESDOF

terms.

For illustrative purposes, and to dispense with any further approximations introduced even
by elaborate R-u-T relationships such as SPO2IDA, the bilinear-backbone ESDOF is directly
subjected to IDA to assess its seismic response using the far-field ground motion set of FEMA
P695. The resulting IDA curves are presented in Fig. 12a along with their 16%, 50% and 84%
IDA fractiles in terms of Sa(T1, 5%) and Omax, Where Ty is the period of the lumped plasticity
MDOF model. A cut-off limit is employed in IDA results for ESDOF displacement equal to
0.33, as imposed by the ultimate ductility of the fitted bilinear backbone (Fig. 11b). The grey
rectangle of Fig. 12a highlights that all IDA fractiles of the SPO/ESDOF approach coincide
for low Sa(T1, 5%) values, where the ESDOF behaves elastically thus resulting in zero response

variability.
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For comparison purposes, IDA curves and IDA fractiles are also presented in Fig. 12b for
the lumped plasticity model in terms of Sa(Ti, 5%) and Omax. The 50% IDA fractile of the
SPO/ESDOF approach appears somewhat shifted to the left in respect to that of the MDOF,
indicating that bias is introduced in the median SPO/ESDOF estimate. In any case, obtaining
the same median estimate from the two different approaches would be quite fortuitous since
multiple approximations are involved in the SPO/ESDOF. Herein this results in
underestimation of the true MDOF response. While this outcome tends to occur fairly often, it
cannot be generalized as it is attributed to many user-selected factors. One is the fitting of the
oscillator backbone, with different fits resulting to changes in the SPO/ESDOF estimates.
Another could be the lateral load pattern used in the SPO analysis. In our case, a first-mode
proportional lateral load pattern is adopted, but adaptive load patterns that allow accounting for
stiffness changes, changes of the modal characteristics and period elongation of the structure
(Elnashai 2001) could potentially better reproduce the behavior of the MDOF in the negative
stiffness segment. Regardless of the approach adopted, such bias should always be expected
when an ESDOF is used in place of the MDOF,; it is of more interest now to show how one can
take advantage of the higher-fidelity MDOF model to bias-correct the SPO/ESDOF estimate

at a low computational cost.

850%

84%

| ‘ ‘ | | 0 001 002 003 004 005 006
0 0.01 0.02 003 004 005 006 maximum interstory drift ratio, Hmax
maximum interstory drift ratio, Hmax

(a) SPO/ESDOF (b) MDOF
Fig. 12 IDA analysis results (grey) and 16%, 50% and 84% IDA fractiles (black) from (a) the

SPO/ESDOF approach (with a grey rectangle showing the area of pure linear-elastic response) versus
(b) the MDOF model.

Bias-correction via a single MDOF stripe
Any number of MDOF analyses can be employed to improve upon the SPO/ESDOF results.

Ideally, one could employ several MDOF stripes or even a cloud of MDOF data and combine
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them within a weighted regression scheme (similar to Section 3) to determine the mixed model
per a user’s preferences. Still, as the number of MDOF analyses increases, the usefulness of
the SPO/ESDOF combination disproportionately diminishes. Frugal options are of more
practical interest.

Actually, even a single stripe of, say, five to ten MDOF dynamic analyses can offer usable
information on the seismic response. Assuming mostly non-collapse points are recorded, such
a limited number of analyses can typically provide a better estimate of the median EDP | IM
response than the SPO/ESDOF, but not necessarily of the dispersion, which tends to be
underestimated by small samples. Still, there are cases where even small samples can provide
a viable estimate of the dispersion, for instance, if ground motion records are selected via a
stratified (rather than random) sampling scheme, as performed, e.g., by the Conditional
Spectrum approach (Lin et al. 2013a,2013b, Kohrangi et al. 2017). Then, a stripe of ten MDOF
analyses may offer a competitive estimate of dispersion. Nevertheless, for reasons of generality
the MDOF model is only employed herein for updating the median non-collapse response
estimate and/or the collapse fragility. Therefore, the MDOF stripe results are selectively
assimilated into the 5-parameter surrogate as shown in Table 2.

Table 2 Source model used to compute each parameter of the mixed 5-parameter surrogate.

Data (Fit) Parameter MDOF or SPO/ESDOF model?
a if Pstripe < 0.16 then MDOF,
Non-collapse data else SPO/ESDOF
(power-law regression fit) b SPO/ESDOF
Olne SPO/ESDOF
0 if Pstripe in [0.2, 0.8] then MDOF,
Collapse data else SPO/ESDOF
(lognormal MLE fit) if Pstripe in (0,0.2) or (0.8,1) then MDOF,
p else SPO/ESDOF'

Tif Pstripe = 1 the MDOF stripe is mostly discarded

The probability of collapse of the MDOF model, Pstipe = P[C | IM=IMstripe], given the
stripe’s IM level, IMstripe, can be directly computed as the fraction of ground motion records
that cause structural collapse out of the total number of records used in the stripe. Depending
on the value of Pstripe, the MDOF model can be used to update the non-collapse and/or collapse
estimate obtained by the SPO/ESDOF, as presented in Table 2. In general, if a single stripe is
to be performed on the MDOF model, the IMsige Should be selected so that the resulting

Pstripe 1S preferably lower than 0.5, and optimally lower than 0.16, since in the latter case the
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MDOF can also be used to bias-correct the non-collapse estimate obtained by the SPO/ESDOF-.
Obviously, if Pstripe = 1.0, the MDOF is essentially disregarded since it cannot be used for
updating neither collapse or non-collapse SPO/ESDOF results. It can only provide some
limited value, e.g., within an appropriate MLE refitting of the collapse fragility, if the
SPO/ESDOF predicts a non-unitary collapse probability at the IMstripe level.

Regarding the non-collapse data, the power-law model of Eq. (2) is regressed on the non-
collapse data of SPO/ESDOF to estimate the aespor, bespor, and oin:-espor parameters. If few
or no collapses appear in the MDOF model, i.e., Pstripe < 0.16, then the analysis results of the
MDOF are used to refine the a estimate of the power-law model, thus aespor is substituted by
ampor While the other two parameters are maintained constant. This is equivalent to shifting
the linear fit of Eq. (2) in log-log space to match the median value implied by the MDOF while
keeping the same intercept and variability. Consequently, the 3 parameters that describe the
power-law-based approximation of the mixed model are ampor, bespor, and oin—espor. On the
contrary, if more than 16% of collapses appear in the MDOF model, then the parameters of the
power-law approximation are directly derived from SPO/ESDOF, thus being aespor, bespor,
and oin—espoF.

Regarding collapse fragility, if no collapses appear in the MDOF stripe, the collapse
fragility curve of the mixed model is directly obtained from the SPO/ESDOF. If, instead,
MDOF collapse data is available, the point-estimate of the collapse probability, i.e.,
Pstripe—l Mistripe, Can be used to refine the collapse fragility curve obtained from SPO/ESDOF. If,
say, 0.20 < Pstripe < 0.80 then the median value of the collapse fragility can be modified so that
the fragility curve passes from the point estimate, while maintaining the same dispersion, 3, as
schematically presented in Fig. 13a. The median value of the modified distribution, /Msom, can
be computed as:

In IIvlSO,m =In IIVlstripe _(D_l(Pstripe)'ﬂ (8)

where ®1(-) is the inverse of the standard normal cumulative distribution function. Obviously,
the further away the point estimate is from the median (e.g. Pstripe < 0.2 Or Pstripe > 0.8), the
more haphazard such an approach becomes, as a tail-point would be used to bias correct a
central value. In such cases, using the stripe information to bias correct the variability may
become a more prudent choice, essentially rotating the initial lognormal curve around its
median, IMsp, as shown in Fig. 13b. The modified dispersion, Sm, of the lognormal fragility

curve in this case can be computed as:
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For the case-study building, the stripe analysis is performed on the MDOF model at the IM
level with 10% probability of exceedance in 50 years, estimated at 0.62g via site-specific
seismic hazard analysis. The 7 ground motion records that are used for the analyses are
randomly selected from the FEMA P695 far-field ground motion set. The obtained EDP | IM
response of the MDOF model is presented in Fig. 14a. To allow fitting Eq. (2) and (3) the IDA
analysis results of the ESDOF model are interpolated to produce multiple stripes of 44 points
each, as shown in Fig. 14a where light grey color is used for the non-collapse points of stripes

having more than 16% collapses and dark grey color for the lower ones.

1.0 1.0 —T
....
= =
S 05f o 057
o o
stripe | —initial distribution / —initial distribution
—==modified distribution —==modified distribution
l. median values (initial and shifted) median value
. point estimate P_. point estimate
0 i smpﬁ e
IM_ . IM_, .
stripe stripe
IM IM
(a) updating the median (b) updating the dispersion

Fig. 13 Two options for updating the probability of collapse of the SPO/ESDOF approach to match the
point estimate of the MDOF stripe: (a) The median of the lognormal fragility curve (grey triangle) is
shifted to allow matching the point estimate (green bullet point) while the dispersion is kept constant,
or (b) the dispersion of the lognormal fragility curve is modified to allow matching the point estimate

(green bullet point) while the median value (grey triangle) is kept constant.
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Fig. 14 (a) Stripe analysis results of the SPO/ESDOF and the MDOF models and (b) power-law fit on
the non-collapse data. The stripe analysis results shown by the rhombi and the crosses are performed at
the same IM level, but they appear shifted for illustrative purposes.

The power-law based approximation is fitted on the stripes of the SPO/ESDOF model with
less than 16% collapses, i.e., P[C|IM]<0.16, to derive the pure pushover-based
approximation, and then shifted to the right to predict higher EDP responses for any given IM
per the MDOF stripe results, as aespor is substituted by ampor to determine the mixed power-
law fit of the non-collapse data (Fig. 14b). Since collapse data is not available in the MDOF
stripe, the collapse fragility curve is directly derived from the SPO/ESDOF.

The fragility curves resulting from fitting the 5-parameter model on the SPO/ESDOF stripe
results are presented in Fig. 15a—c for three indicative limit states defined at Gmax,c = 0.01, 0.02
and 0.03. Note that the estimated ESDOF response distribution is practically identical to the
predictions of the Ruiz-Garcia and Miranda (2007) relationships. In other words, we could
achieve similar results by recreating stripes via sampling the distributions of response implied
from published R-u-T relationships, rather than performing IDA of the ESDOF system. The
fragility curves of the mixed 5-parmeter surrogate as well as the lognormally fitted fragility
curves computed by the full IDA results are also presented for both SPO/ESDOF and MDOF;
obviously, running IDA on the latter is not required by the aforementioned procedure, only
done for comparing. In all cases, the median and dispersion parameters of the lognormal fit of
the fragilities are reported in Table 3.

First of all, to understand the limitations of the 5-parameter surrogate we should critically
evaluate its fitting of the SPO/ESDOF results (denoted as SPO/ESDOF 5-parameter fit) against
the underlying data (denoted as SPO/ESDOF IDA). As Fig. 15a—c show, these are fairly close
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at lower intensities but not as well matched higher up. Still, a fair matching can be claimed if
one considers the simplification involved with using only 5 parameters. A better matching can
be achieved if a more flexible parametric form is fitted, such as a smoothing spline or an
elaborated fitted expression, but this is outside our present scope. Overall, though, this inability
of the 5-parameter model to “perfectly”” capture the underlying data is expected to propagate
itself to the mixed-model results.

When pitting the SPO/ESDOF against the MDOF IDAs, it becomes clear that the fragilities
of the former appear on the right of the MDOF fragilities, indicating an underestimation of
response, as the ESDOF is clearly introducing bias in the assessment. Attempting to remove
this bias via the model mixing comes with, admittedly, mixed results when only 7 records are
employed. The 5-parameter surrogate does indeed shift the actual SPO/ESDOF fragility curves
to the left, but it tends to overcorrect as the median of the 7 records led it slightly astray. Still,
it can be claimed that it adequately corrects the bias for Omax,c = 0.01 and 0.03, but not as well
for Omax.c = 0.02. Given the low number of records, there is some non-negligible sensitivity to
the actual records selected for the MDOF stripe, here manifesting itself as an overcorrection of
all fragility medians, and in other cases as undercorrection. When 44 records (or in general
more than the minimalistic 7) are used in the stripe (see the 44 rhombi versus 7 crosses in Fig.
14a-b), the resulting fragility curves of the mixed model are closer to the ones computed from
IDA on the MDOF model, thus offering an improved estimate of the structure’s behavior.

Additional inherent limitations lie within this approach: Shooting for EDPc values outside
the EDP range obtained from the MDOF stripe, where not enough data is available, requires
extrapolating the data and potentially increases the error. Nevertheless, data sparsity is a
problem of its own and cannot be magically solved by a surrogate. Given the initial conditions
and the limited data at hand, it is hard to argue that a better fragility estimate can be found

without adding more MDOF dynamic analyses.

Table 3 Fragility curve median and dispersion values, in terms of Sa(T1,5%) assuming lognormality,
for all approaches and limit states.

Approach  MDOF  SPO/ESDOF SPO/ESDOF  Mixed Mixed

44 records 44 records 44 records 7-record  44-record

Limit State model fity ~ Stripe stripe
Omaxc = 1.0% 0.38 (18%) 0.43 (12%) 0.45(19%) 0.31(19%) 0.38 (19%)
Omaxc = 2.0% 0.84 (25%) 0.97 (30%) 0.90 (19%) 0.64 (18%) 0.79 (18%)
Omaxc=3.0%  1.07 (27%) 1.29(33%)  1.21(25%) 0.95 (19%) 1.11 (22%)
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Fig. 15 Fragility curves for all examined limit states.

5 Conclusions

Mixed probabilistic demand models can combine different analysis options of multiple
fidelities into a single surrogate that is suitable for fragility assessment. The examples shown
use as a vehicle the 5-parameter power-law-based surrogate and they enable us to obtain
reliable estimates of the fragility curves even in regions where inadequate data is available.
When it comes to combining structural models of different fidelities, the selection of relative
weights depends on the user’s own preferences and beliefs about the validity of each model in
each region: By modifying the relative weights, the mixed probabilistic seismic demand model
is capable of capturing the response of each single source model and any combination in
between. In contrast, when mixing different analysis methods, there is an undeniable
superiority of the nonlinear dynamic versus the nonlinear static results. Still, the 5-parameter
surrogate can be employed to update the full-range static pushover results via a single sparse
stripe analysis of the MDOF model. The value of this approach becomes more apparent when
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considering highly complex models where each response history analysis comes at a
considerable cost, and taking advantage of every single point estimate available is of paramount
importance. All in all, it can be claimed that the mixing of two or more seismic-demand models
even via simplified surrogates is a useful tool, yielding results that are much more than a sum

of their parts.
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