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We present a prototype operational loss model for California based on 6 

UCERF3-ETAS, which represents the first earthquake forecast to relax fault 7 

segmentation assumptions and to include multi-fault ruptures, elastic-rebound, 8 

and spatiotemporal clustering, all of which seem important for generating realistic 9 

and useful aftershock statistics.  UCERF3-ETAS is nevertheless an approximation 10 

of the system, however, so usefulness will vary and potential value needs to be 11 

ascertained in the context of each application.  We examine this question with 12 

respect to statewide loss estimates, exemplifying how risk can be elevated by 13 

orders of magnitude due to triggered events following various scenario 14 

earthquakes.  Two important considerations are the probability gains, relative to 15 

loss likelihoods in the absence of main shocks, and the rapid decay of gains with 16 

time.  We hope this paper inspires similar analyses with respect to other risk 17 

metrics to help determine whether operationalization of UCERF3-ETAS would be 18 

worth the considerable resources required. 19 

 20 

INTRODUCTION 21 

Long-term earthquake forecasts, which are applicable from decades to centuries, 22 

represent our first line of defense with respect to mitigating earthquake risk, especially in 23 

terms of informing building codes. We also know, however, that aftershocks and otherwise 24 

triggered events can be large and damaging, as demonstrated by several recent sequences 25 

including that which produced the 2011 M 6.3 Christchurch (e.g., Kaiser et al., 2012) and 26 
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2016 M 7.8 Kaikoura earthquakes in New Zealand. The ability to forecast earthquakes on 27 

shorter time scales, such as days to decades, is known as Operational Earthquake Forecasting 28 

(OEF), which also involves the dissemination of authoritative information to inform risk 29 

mitigation decisions (Jordan and Jones, 2010; Jordan et al., 2011). The history, motivation, 30 

and challenges associated with OEF have been discussed elsewhere (e.g., Jordan and Jones, 31 

2010; Jordan et al., 2011; Peresan et al., 2012; Wang and Rogers, 2014; Jordan et al., 2014, 32 

Kossobokov et al., 2015; Goltz, 2015), and significant progress with OEF has been made in 33 

both Italy following the 2009 L’Aquila earthquake (Marzocchi et al., 2014) and in New 34 

Zealand following the 2010 Darfield/Christchurch events (Gerstenberger et al., 2014).  35 

Furthermore, a workshop was recently held to discuss the potential usefulness of OEF, at 36 

which there was generally broad support for the capability among a wide range of 37 

stakeholders (Field et al., 2016). This view is consistent with the fact that OEF developments 38 

are a strategic-action goal of the United States Geological Survey (USGS, 39 

http://pubs.usgs.gov/of/2012/1088; page 32). 40 

The USGS has in fact been issuing aftershock forecasts following various earthquakes 41 

since the 1980s.  These reports are based on the Reasenberg and Jones (1989, 1994) model, 42 

which estimates earthquake probabilities from empirical Omori-Utsu and Gutenberg-Richter 43 

statistics (Utsu, 1961, 1971; Gutenberg and Richter, 1956).  This approach provides 44 

aftershock probabilities as a function of time and magnitude, but lacks information on where 45 

the triggered events might occur.  Gerstenberger et al. (2005) added spatial information to the 46 

Reasenberg and Jones algorithm in their Short Term Earthquake Probability (STEP) model, 47 

which also provides real-time hazard maps.  The USGS produced STEP forecasts for 48 

California between 2005 and 2010, but discontinued these postings thereafter due to software 49 

maintenance issues.   50 

A significant limitation of these and other candidate OEF models is a lack of information 51 

on proximity to known active faults. For instance, the California Earthquake Prediction 52 

Evaluation Council (CEPEC), which advises the California Office of Emergency Services 53 

(CalOES) on earthquake threats, is known to convene when an M ~5 earthquake occurs near 54 

the San Andreas fault, but not when such an event occurs far from any known fault (Jordan 55 

and Jones, 2010).  In other words, proximity to a fault and its activity level are perceived as 56 

important when it comes to large-event triggering.  Furthermore, the Omori-Utsu statistics 57 

applied in previous OEF models imply that the most likely place for a triggered event is the 58 



 

location of the main shock, whereas the elastic-rebound theory applied in fault-based 59 

forecasts says the opposite – the least likely place for a large triggered event is exactly where 60 

the fault just ruptured. The USGS National Seismic Hazard Maps also imply that fault-based 61 

sources dominate hazard estimates in most parts of California, so simply ignoring their 62 

existence might be a serious limitation with respect to OEF. 63 

Including fault-based information has therefore been a major goal of the candidate OEF 64 

model under considered here, which we refer to as UCERF3-ETAS for reasons discussed in 65 

the next section.  While this model is believed to represent a significant improvement over its 66 

predecessors, especially with respect to including faults, it too embodies assumptions and 67 

approximations.  Given all models are ultimately wrong, potential usefulness can only be 68 

ascertained in the context of specific hazard or loss studies (e.g., Field, 2015), as a model 69 

may be a suitable approximation in one situation but not another.  In other words, we need to 70 

add valuation (Jordan et al., 2011) to our verification and validation protocols.  This study 71 

effectively represents an initial foray into UCERF3-ETAS valuation with respect to statewide 72 

loss estimates. 73 

Iervolino et al. (2015) were the first to introduce and demonstrate feasibility with respect 74 

to what they termed Operational Earthquake Loss Forecasting (OELF).  Specifically, they 75 

deployed an experimental system for Italy, called MANTIS-K, which produces real-time risk 76 

maps with respect to potential building collapse, displaced residents, injuries, and fatalities.  77 

Marzocchi et al. (2015) subsequently used this system to demonstrate that while triggering 78 

probabilities may remain low during an aftershocks sequence, the potential consequences, 79 

such as individual risk of death, can rise to actionable levels.  Similarly, Herrmann et al. 80 

(2016) have shown that combining fatality estimates with cost-benefit analyses can lead to 81 

reasonable evacuation alarm levels during a foreshock-aftershock sequence (although their 82 

study was based on a single, hand-constructed sequence rather than an operational system).  83 

The point is that the various components required for OELF appear to be sufficiently mature 84 

in terms of providing potentially useful systems.   85 

The potential value added by the UCERF3-ETAS-based OELF system presented here is 86 

not only the inclusion of fault-based information, including finite ruptures and elastic-87 

rebound effects, but also loss estimates that are based on synthetic catalog simulations (a.k.a. 88 

stochastic event sets).  The latter implies that rather than providing only a mean expected loss 89 

following a main shock of interest (e.g., 5 billion dollars), we generate a full probability 90 



 

distribution of potential losses given all possible sequences of events (rather than computing 91 

loss from the average event rate implied by all possible sequences). As discussed by Field et 92 

al. (2016), the mean loss value will almost never be realized, and a practitioner might actually 93 

be more concerned about exceeding some particular value, such as their level of reinsurance 94 

coverage. 95 

 96 

UCERF3-ETAS 97 

UCERF3-ETAS was developed by the Working Group on California Earthquake 98 

Probabilities (WGCEP; http://www.WGCEP.org), which is responsible for developing 99 

authoritative earthquake forecasts for California on behalf of the USGS and the California 100 

Geological Survey (CGS).  All UCERF3 components were developed in partnership with the 101 

Southern California Earthquake Center (SCEC), and the California Earthquake Authority 102 

provided financial support. UCERF3-ETAS is actually built upon an elastic-rebound-based, 103 

time-dependent forecast (UCERF3-TD; Field et al., 2015, and references therein), which in 104 

turn is built upon a long-term time-independent model (UCERF3-TI; Field et al., 2014, and 105 

references therein).  We give only a brief summary of these forecast models here, as details 106 

can be found in the associated main reports. 107 

The time-independent model (UCERF3-TI) provides the long-term rate of all possible 108 

earthquakes throughout the region (above a magnitude threshold and at a specified level of 109 

discretization), both on and off explicitly modeled faults (Figure 1a).  The primary 110 

achievements embodied in UCERF3-TI are a relaxation of fault-segmentation assumptions 111 

and the inclusion of multi-fault ruptures, both of which were acknowledged limitations of the 112 

previous model (UCERF2). The rates of all earthquakes were solved for simultaneously, and 113 

from a broader range of data, using a system-level “grand inversion” that is both conceptually 114 

simple and extensible. This new approach is more derivative and less prescriptive than that 115 

taken previously; for example, rather than assuming a magnitude-frequency distribution 116 

(MFD) on most faults, the inversion solves for the MFD that is most consistent with available 117 

data. The inverse problem is generally large and underdetermined, so a range of solutions 118 

was sampled using an efficient simulated annealing algorithm (Page et al., 2014).  An 119 

interesting and important finding is that individual faults are generally inconsistent with the 120 

Gutenberg-Richter distribution, meaning most faults exhibit a characteristic MFD in terms of 121 



 

having relatively high rates at higher magnitudes.  The model also made more explicit use of 122 

geodetic data via three new deformation models, which not only provide alternative fault 123 

slip-rate constraints, but also enabled the inclusion of 150 fault sections that were previously 124 

excluded due to lack of geologic data.  These additions served to fill out and expose the 125 

interconnectivity of the fault system, thereby revealing more multi-fault rupture possibilities.  126 

The number of fault-based ruptures increased from 10,000 in UCERF2 to more than 250,000 127 

in UCERF3. 128 

Overall, UCERF3-TI has a lower rate of M 6.5-7.0 earthquakes, reflecting an explicit 129 

regional MFD constraint added to avoid a UCERF2 over-prediction at these magnitudes.  The 130 

rate of larger, multi-fault ruptures generally increased as a consequence, reflecting a tradeoff 131 

that was effectively brokered by the grand inversion in satisfying all data constraints.  132 

However, the rate of multi-fault ruptures was also effectively minimized by several other 133 

constraints, so if anything the model under predicts the frequency of such events (Field et al., 134 

2014).  Various epistemic uncertainties are represented in UCERF3-TI via 1,440 logic-tree 135 

branches, each of which represents a viable model with an associated probability of being 136 

correct.  Following an extensive review process, UCERF3-TI was adopted for the 2014 137 

update of the USGS National Seismic Hazard Maps (Petersen et al., 2015; Powers and Field, 138 

2015). 139 

Building on UCERF3-TI, the WGCEP subsequently defined a time-dependent model 140 

(UCERF3-TD) that uses renewal models to represent elastic-rebound-implied rupture 141 

probabilities (Field et al., 2015, and references therein). A new methodology was developed, 142 

which solves applicability issues in the previous UCERF2 approach with respect to un-143 

segmented models. The new algorithm also supports magnitude-dependent aperiodicity in the 144 

renewal model, whereby the timing of smaller magnitude events is somewhat less periodic 145 

than that of larger ones.  It also accounts for the historic open interval on faults that lack a 146 

date-of-last-event constraint, thereby allowing time-dependent probabilities to be defined for 147 

all fault-based ruptures. Compared to the time-independent model, and as shown in Figure 148 

1b, UCERF3-TD probabilities are relatively low on faults where a large event has recently 149 

occurred, and relatively high (by up to a factor of ~2.5) where the time since last event is 150 

greater than roughly half the average recurrence interval.  In other words, it reflects what we 151 

would expect from an elastic-rebound perspective.  Epistemic uncertainties are represented 152 



 

via four different levels of time-dependent predictability, or aperiodicity, leading to a total of 153 

5,760 logic-tree branches for UCERF3-TD. 154 

The third UCERF3 forecast model is UCERF3-ETAS (Field et al., 2017, and references 155 

therein), which attempts to model aftershocks and otherwise triggered events by merging 156 

UCERF3-TD with a state-or-the-art spatiotemporal clustering component.  The latter is the 157 

Epidemic Type Aftershock Sequence model (ETAS; Ogata, 1988), which represents a 158 

generalization of classic Omori-Utsu aftershock statistics in that every earthquake can trigger 159 

its own aftershocks.  ETAS thereby implies that many events in a sequence are triggered 160 

indirectly (as aftershocks of aftershocks), which produces richer and more realistic triggering 161 

behavior, such as the possibility that the 1999 Hector Mine earthquake was ultimately 162 

triggered by the 1992 Landers event (Hardebeck, 2013).  163 

UCERF3-ETAS therefore represents the first complete forecast model that combines 164 

finite-faults and an elastic-rebound-based renewal model with a spatiotemporal clustering 165 

component. Several challenges and surprises were encountered in developing UCERF3-166 

ETAS, including the need for both elastic rebound and characteristic MFDs when including 167 

finite faults.  That is, excluding elastic rebound causes large aftershocks to simply re-rupture 168 

the main shock rupture surface, at least much more often than is seen in nature.  Likewise, 169 

characteristic MFDs are generally needed in order to satisfy the intuitive expectation that 170 

large-event triggering probabilities, given a nearby smaller event, should be relatively high 171 

near known active faults (Michael 2012).  UCERF3-ETAS is simulation based, meaning it 172 

generates one or more synthetic catalogs of M≥2.5 events for a given timespan, conditioned 173 

on the triggering potential of all M≥2.5 earthquakes known (or hypothesized) to have 174 

occurred prior to the forecast start time.  175 

The UCERF3-ETAS report discusses results with respect to both long-term (1,000-year) 176 

simulations, as well as for 10-year time periods following a variety of hypothetical scenario 177 

main shocks.  While the results are both realistic and plausible, they are not always consistent 178 

with the simple notion that triggering probabilities should always be greater if a main shock 179 

is located near a fault.  Important factors include the degree of characteristicness in the MFD 180 

of a nearby fault, as well as whether large triggered events can nucleate from within the 181 

rupture zone of a large main shock. UCERF3-ETAS also represents various approximations 182 

and multiple sources of uncertainty, as will any candidate OEF model, which is why potential 183 

usefulness always needs to be considered in the context of specific applications.  The purpose 184 



 

of this paper is, again, to begin exploring UCERF3-ETAS usefulness is the context of 185 

statewide loss estimates.  To this end, we use only the single branch-averaged model utilized 186 

and described in the UCERF3-ETAS report (Field et al., 2017), which is also shown in 187 

Figure 1 here.   188 

The one epistemic uncertainty we do account for in this study is whether or not a large 189 

fault-based aftershock can be triggered by aftershocks that occur inside the rupture zone of 190 

the triggering event, or whether only aftershocks outside this zone can do such triggering, as 191 

described in detail by Field et al. (2017).   We refer to this branch option as the “triggering 192 

uncertainty” in what follows, with the two options being equally weighted in the averages 193 

presented below. 194 

 195 

STATEWIDE LOSS CALCULATIONS 196 

The goal of our OELF system is to provide the distribution of possible losses for any 197 

specified timespan, condition on the M≥2.5 seismicity known to have occurred up to some 198 

point in time.  This is a very challenging and complicated problem to get exactly right.  For 199 

example, damage from one large event may change the distribution of assets, their 200 

vulnerabilities, and/or their values.  Uncertainties also abound throughout the model, a full 201 

accounting of which is not presently feasible.  Our OELF system is therefore necessarily 202 

simplified, as will be any such model.  The relevant question is whether the model is 203 

potentially useful given the known limitations, a topic we return to after describing the 204 

system and some results.  At the very least, we can quantify the potential value of such a 205 

system assuming the present one is correct. 206 

A key to computational efficiency is pre-computing the mean expected loss for every 207 

M≥5 rupture defined in UCERF3.  The loss expected for a given earthquake catalog of events 208 

is then simply the sum of the mean loss expected for each event in the catalog (assuming the 209 

portfolio is static).  If we have many realizations of possible catalogs, representing for 210 

example the different ways in which an aftershock sequence might play out, we can construct 211 

a probability distribution of potential losses. 212 

The mean loss expected for each rupture in UCERF3 is computed using the methodology 213 

and OpenSHA tools described by Porter et al. (2012, 2017).  We use a portfolio that 214 

approximates most of the California building stock, originally constructed using FEMA’s 215 



 

Hazus-MH 2.1 software, but with some updates to reflect increased asset values and 216 

population growth (Porter et al., 2017).  Specifically, for each census tract we have a list of 217 

asset/building types and the total aggregate replacement cost for each.  We also have a 218 

vulnerability model for each asset type, which gives a distribution of losses for a given 219 

ground motion level or intensity measure (5% damped, 1-second spectral acceleration). 220 

Figure 2 shows the net value of assets in each census tract. 221 

For a given rupture, we compute the intensity-measure mean and standard deviation at 222 

each census tract location using all five NGA-West2 ground-motion prediction equations 223 

(Abrahamson et al., 2014; Boore et al., 2014; Campbell and Bozorgnia, 2014; Chiou and 224 

Youngs, 2014; and Idriss, 2014) and two statewide Vs30 models to represent site effects 225 

(Wills and Clahan, 2006; Wald and Allen, 2007). The mean loss is then computed using the 226 

relevant vulnerability function and total replacement cost for each asset type in the given 227 

census tract.  For the background/gridded seismicity in UCERF3, we approximate the range 228 

of possible rupture surfaces using two perpendicular faults where the length is magnitude 229 

dependent.  Computing the mean loss for every rupture in UCERF3 was time consuming (we 230 

used the Stampede supercomputer at the Texas Advance Computing Center), but it only had 231 

to be done once. 232 

 233 

SIMULATION RESULTS 234 

Our risk metric of interest here is statewide financial losses (cost to repair building 235 

damage) in California, and more specifically, anticipated losses conditioned on information 236 

about recent events. The potential usefulness of OELF depends on the difference between 237 

conditional and unconditional loss estimates, the latter being estimates made in the absence 238 

of any information on past seismicity.  In other words, there is tangible earthquake risk in 239 

California even in the absence of information on recent earthquakes.  The relevant question is 240 

the extent to which risk fluctuates due spatiotemporal clustering, and whether UCERF3-241 

ETAS predictions of this based on recent earthquakes can constitute useful information to 242 

decision makers. 243 

 244 

UNCONDITIONAL LOSS ESTIMATES 245 



 

Figure 3 shows the statewide, unconditional loss exceedance curve derived from 1,000 246 

1,000-year UCERF3-ETAS simulations (that is, based on 1 million yearly samples).  Again, 247 

unconditional here means the estimate when we lack information on recent events.  The dark 248 

shaded region in this and other figures represents the range of values implied by the one 249 

epistemic uncertainty considered here (the triggering-uncertainty branch discussed above) 250 

with the solid line giving the mean based on equal branch weights.  The light shaded region 251 

in this and other figures represents sampling uncertainties, which are due to the fact that we 252 

are inferring statistics from a finite number of simulations (see caption for details). The 253 

implied mean annual loss is $4.0 billion (see figure for uncertainty), which is consistent with 254 

other estimates as discussed by Porter et al. (2017).  More importantly, the curve gives us the 255 

probability of exceeding specific loss thresholds, such as a 1.8% chance of exceeding $50 256 

billion. Tables 1 and 2 list the 1-day and 1-year exceedance probabilities, respectively, for 257 

other loss thresholds, as well as the uncertainties on these estimates.  One might alternatively 258 

be interested in the dollar amount that has a certain chance of exceedance.  For example, a 259 

statewide insurer may have a stipulation that reinsurance coverage shall be based on the 1% 260 

annual exceedance probability, which would be $76 billion dollars according to the 261 

unconditional losses in Figure 3. 262 

As far as we know, Figure 3 represents the first statewide loss exceedance curve that 263 

includes spatiotemporal clustering, or at least the first that includes finite faults and elastic-264 

rebound effects.  How important is the spatiotemporal clustering?  Figure 4 compares the 1-265 

year unconditional loss exceedance curve with that obtained after randomizing the origin 266 

time of each event in each catalog (a uniform probability distribution over the simulation 267 

duration, thereby imposing a Poisson distribution).  As expected, spatiotemporal clustering 268 

widens the tail, giving rise to elevated probabilities above ~$20 billion and lower exceedance 269 

likelihoods below, with the latter being a consequence of the two having the exact same mean 270 

annual loss. 271 

 272 

CONDITIONAL LOSS ESTIMATES  273 

Losses based on actual historical seismicity. The unconditional exceedance curves in 274 

Figure 3 are based on long-term (1000-year) simulations, meaning the influence of actual 275 

recent seismicity is negligible.  We also ran 100,000 1-year simulations with a start year of 276 

2012 to see if estimates based on actual historical seismicity differ, with 2012 representing 277 



 

the time at which the carefully vetted UCERF3 M≥2.5 historical catalog ends (Felzer, 2013).  278 

No significant differences were found. 279 

Losses from an M 7.1 Hayward-fault scenario. Conditional losses will obviously be 280 

elevated following larger earthquakes because the number of trigged events increases 281 

exponentially with magnitude.  Based on 200,000 UCERF3-ETAS simulations, Figure 5 282 

shows exceedance curves following an M 7.1 earthquake on the Hayward fault, which 283 

represents the UCERF3 rupture that most closely matches the USGS “HayWired” planning 284 

scenario (https://www2.usgs.gov/natural_hazards/safrr/projects/haywired.asp).  The mean 285 

expected loss in the year following the scenario is $24 billion, a factor of 6 greater than the 286 

unconditional value. The unconditional loss exceedance curves (from Figure 3) are shown for 287 

comparison, implying significant probability gains following the Hayward scenario.  288 

Specifically, the mean gain is a factor of 716 and 7.09 in the first day and first year, 289 

respectively, at the $50 billion threshold (gains and associated uncertainties are listed for this 290 

and other loss thresholds in Tables 1 and 2).  We also note that while the loss estimates are 291 

admittedly uncertain, as will be discussed more below, the gains are presumably less so 292 

because taking ratios should provide some bias correction.  Figure 6 shows how the $50 293 

billion exceedance probability gain decreases with time following the event, effectively 294 

trending back toward unconditional losses as aftershocks decay away.  The 1% chance of 295 

exceedance value is $138 billion in the year following the scenario, a factor of ~1.8 greater 296 

than the unconditional value ($76 billion).  To give an indication of which neighboring fault 297 

ruptures are contributing to these losses, Figure 1c shows the implied M≥6.7 probability gain 298 

of each fault in the year following the scenario (the fraction of times each fault participated in 299 

an aftershock divided by its long-term participation rate).  Alternatively, Figure 7 shows the 300 

average number of M≥2.5 aftershocks in a 10-year period following the main shock, 301 

compared to an ETAS model that lacks faults, clearly illuminating the influence of finite 302 

faults in UCERF3-ETAS. 303 

Losses from an M 7.0 Mojave SAF scenario.  Figure 8 is similar to Figure 5, but for an 304 

M 7.0 scenario on the Mojave section of the southern San Andreas Fault (SAF), details of 305 

which can be found in Field et al. (2017).  The mean expected loss in the year following the 306 

scenario is $12 billion, a factor of 3 greater than the unconditional value. The gain at $50 307 

billion is a factor of 560 and 3.85 in the first day and first year following the scenario, 308 

respectively (see Tables 1 and 2 for other threshold values).  The 1% chance of exceedance 309 



 

value is $130 billion in the first year, a factor of ~1.7 greater than the unconditional value.  310 

These gains are less than for the Hayward scenario, which makes sense given the relative 311 

proximity of these events to populated areas. 312 

Losses implied by the 2009 M 4.8 Bombay Beach earthquake.  As mentioned in the 313 

introduction, CEPEC convenes on behalf of CalOES when earthquakes of triggering concern 314 

occur.  One such event was the 2009 M 4.8 Bombay Beach earthquake (Jordan and Jones, 315 

2010), located about 4 km from the Coachella Valley section of the SAF, the latter of which 316 

is considered to be loaded in an elastic-rebound sense (Field et al., 2015).  Do such events 317 

have a perceptible influence on statewide loss estimates?  Figure 9 attempts to answer this 318 

question based on 200,000 UCERF3-ETAS simulations, revealing no significant gains in the 319 

year following the event, but up to a factor-of-three gain in the first day (although 320 

significance becomes questionable above about $30 billion).  If we restrict the loss 321 

calculations to only include census tracts that are near the main shock, specifically those 322 

within 20 km of the town of Rancho Mirage, CA, 1-year and 1-day gains increase to about a 323 

factor of ~2 and ~30, respectively, reflecting expected sensitivity to the geographic spread of 324 

the portfolio. 325 

 326 

DISCUSSION AND CONCLUSIONS 327 

UCERF3-ETAS represents the first candidate OEF model to include fault-based 328 

information, and it implies that including elastic-rebound is required to get realistic triggering 329 

behavior, both of which have been left out of previous OEF applications.  Nevertheless, 330 

UCERF3-ETAS is only an approximation of the real system, meaning it is ultimately wrong 331 

at some level, as will be true for any future OEF replacement.  The question is whether 332 

UCERF3-ETAS is right enough to be useful, and useful enough to be worth operationalizing, 333 

especially given the latter will require a significant commitment in terms of personnel and 334 

technological resources, including on-demand access to high-performance computing.   335 

The question of whether UCERF3-ETAS is potentially useful can only be answered 336 

in the context of specific applications; these include public-preparedness activities, 337 

emergency management, building inspection and tagging, zoning and building codes, oil and 338 

gas regulation, and insurance and capital markets.  The net value of UCERF3-ETAS will also 339 

depend on the specific application.  In fact, UCERF3-ETAS may be overkill for some uses 340 



 

where, for example, only a magnitude-probability distribution of triggered events is needed.  341 

The inclusion of finite faults also adds considerable complexity, and while we believe this 342 

makes the model more scientifically credible, it does not necessarily imply that fault-free 343 

models will always be less useful or misleading. 344 

This study represents a first attempt at UCERF3-ETAS valuation in the context of 345 

statewide loss estimates, particularly with respect to the probability gains implied by 346 

aftershocks of various scenarios (relative to long-term or unconditional loss probabilities).  347 

Again, many modeling uncertainties have been ignored, including the 5760 UCERF3-TD 348 

logic tree branches, alternative ground-motion prediction equations and site-effect models, 349 

and the influence of correlated ground motions.  We have also ignored uncertainties in the 350 

portfolio contents, asset values, and vulnerability functions, as well as how these might 351 

change due to ongoing damaging earthquakes.  This list of modeling uncertainties could go 352 

on (e.g., demand surge, influence of code revisions), and we will indeed need to grapple with 353 

the influence of these factors before deeming OEF information useful or valuable.  This will 354 

take considerable work, however, so it makes sense to pause and explore potential usefulness 355 

assuming our existing model is correct; if there is sufficient value under this assumption, or if 356 

we can quantify the conditions under which sufficient value would be obtained, then 357 

additional effort toward operationalization might be warranted. 358 

The main factor that dictates potential usefulness is the probability gain relative to 359 

unconditional values.  That is, if short-term OEF estimates do not deviate from long-term 360 

averages, then why bother with the former?  Rather than reiterating the conditional loss 361 

estimates and gains implied by the OELF modeling presented here, we instead turn the 362 

questions back to anyone concerned about statewide loss estimates.  In fact, we can pose the 363 

same set of questions to anyone interested in any other risk or loss metric, such as the 364 

collapse probability of San Bernardino city hall (which was closed for two days in 2016 due 365 

to another sequence of earthquakes near Bombay Beach, CA; http://www.ci.san-366 

bernardino.ca.us/civica/press/display.asp?layout=1&Entry=23).  Specifically, for any given risk or loss 367 

metric we ask the following questions: 368 

1. How high would the probability gain need to be, relative to long-term 369 

(unconditional) probabilities, in order for OEF information to be actionable to 370 

you? 371 

2. What timeframes following significant events are you most interested in? 372 



 

3. Can you quantify the potential monetary value of this OEF information? 373 

The last question is posed not because the USGS might charge for results, but rather to 374 

ascertain whether the benefit-cost ratio justifies operationalization.  Although the statewide 375 

loss modeling results presented here represent a first step toward valuation, being more 376 

specific would require additional information.  For example, an insurance company would 377 

need to consider things like the cost of changing reinsurance levels, as well as whether 378 

triggered events are considered part of the main shock in terms of policy deductibles.  379 

Probability gains will also be sensitive to the distribution of assets, as an M 5 event may have 380 

a negligible influence on statewide loss estimates, but significant gains for more localized 381 

assets such as San Bernardino city hall. 382 

 Question (2) above is important given the rapid decay of probability gains with time 383 

(e.g., Figure 6).  While electronic trading might enable taking advantage of the highest gains 384 

immediately following a main shock, most other decisions will take more time to make and 385 

implement. Our calculations have also assumed zero latency, meaning results can be 386 

generated and delivered immediately, which again is a best-case assumption.  We estimate 387 

that the types of conditional loss estimates presented here should take a matter of minutes to 388 

generate provided enough computer processors are available, which should not be a problem 389 

given currently available cloud-computing suppliers, although cost may be an issue. 390 

In conclusion, we now have a candidate, fault-based OEF model for California, and 391 

we have hereby exemplified its potential usefulness in the context of statewide loss estimates.  392 

Determining whether it is worth operationalizing will now depend on potential users 393 

quantifying potential value in the context of their particular risk metric(s), and assuming the 394 

current model is correct.  If these valuation efforts prove promising, then the next step will be 395 

to explore the extent to which existing epistemic uncertainties erode this inferred usefulness, 396 

including those related to loss modeling.  There are also many ways in which UCERF3-397 

ETAS could be improved, so these valuation analyses should help elucidate which 398 

modifications would be most worth the effort. 399 
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TABLES 

 
Table 1. One-year loss exceedance probabilities for the unconditional case (where no information on prior events is available) and in a year 
immediately following the various earthquake scenarios evaluated in this study (see text for details). Probability uncertainties (min, max) 
represent 84% confidence bounds1.  Gains for the scenarios are defined relative to unconditional loss estimates, where the uncertainties (min, 
max) represent ~95% confidence bounds2. 

$ Loss 
(Billions) 

Unconditional M 7.1 Hayward  M 7.0 Mojave M 4.8 Bombay Beach 
Probability 

(min, max) 
Probability 

(min, max) 
Gain 

(min, max) 
Probability 

 (min, max) 
Gain 

(min, max) 
Probability 

 (min, max) 
Gain 

(min, max) 

≥5 1.28E-01 
(1.2E-01, 1.3E-01) 

8.59E-01 
(8.4E-01, 8.7E-01) 

6.69 
(6.58, 6.80) 

3.86E-01 
(3.0E-01, 4.8E-01) 

3.00 
(2.36, 3.61) 

1.27E-01 
(1.2E-01, 1.3E-01) 

0.99 
(0.96, 1.01) 

≥10 7.63E-02 
(7.2E-02, 8.1E-02) 

6.49E-01 
(6.1E-01, 6.9E-01) 

8.50 
(8.35, 8.64) 

2.20E-01 
(1.3E-01, 3.1E-01) 

2.89 
(1.85, 3.84) 

8.02E-02 
(7.5E-02, 8.5E-02) 

1.05 
(1.03, 1.07) 

≥25 3.58E-02 
(3.3E-02, 3.9E-02) 

2.92E-01 
(2.1E-01, 3.8E-01) 

8.17 
(6.20, 9.90) 

1.13E-01 
(4.9E-02, 1.8E-01) 

3.16 
(1.48, 4.64) 

3.71E-02 
(3.3E-02, 4.2E-02) 

1.04 
(0.98, 1.09) 

≥50 1.78E-02 
(1.6E-02, 2.0E-02) 

1.26E-01 
(6.0E-02, 1.9E-01) 

7.09 
(3.74, 9.91) 

6.86E-02 
(2.1E-02, 1.2E-01) 

3.85 
(1.32, 5.99) 

1.81E-02 
(1.5E-02, 2.1E-02) 

1.02 
(0.94, 1.09) 

≥100 6.02E-03 
(5.0E-03, 7.0E-03) 

2.84E-02 
(9.2E-03, 4.8E-02) 

4.72 
(1.75, 7.07) 

2.06E-02 
(6.4E-03, 3.5E-02) 

3.43 
(1.21, 5.19) 

5.81E-03 
(4.4E-03, 7.3E-03) 

0.97 
(0.84, 1.08) 

≥150 2.14E-03 
(1.7E-03, 2.6E-03) 

7.31E-03 
(1.9E-03, 1.3E-02) 

3.42 
(1.07, 5.22) 

6.71E-03 
(2.2E-03, 1.1E-02) 

3.14 
(1.22, 4.61) 

2.00E-03 
(1.4E-03, 2.6E-03) 

0.94 
(0.81, 1.05) 

≥200 9.45E-04 
(7.3E-04, 1.2E-03) 

2.06E-03 
(6.7E-04, 3.6E-03) 

2.18 
(0.83, 3.30) 

2.97E-03 
(9.3E-04, 5.1E-03) 

3.14 
(1.15, 4.76) 

8.93E-04 
(6.0E-04, 1.2E-03) 

0.95 
(0.75, 1.13) 

1 The min and max are based on the extreme 68% confidence bounds, due to sampling errors discussed in Figure 3 caption, from the two logic-tree branches considered 
separately; because values from each branch are significantly different, and each branch is given an equal weight of 0.5, the 32% chance of being outside the range 
becomes 16%, leading to a 84% confidence range.  

2 Based on the 68% confidence bounds from the scenario and unconditional estimate sampling errors. i.e., the min value is the lower bound of the scenario loss divided 
by the upper bound for the unconditional estimate, and since each has a 0.16 probability of being lower or greater, respectively, the combined probability is 0.16*0.16 
= 0.0256 (~0.025%); likewise for the max value, and thus the 95% confidence range. 

 

 



 

Table 2.  Same as Table 1, but for one day rather than one year 

$ Loss 
(Billions) 

Unconditional M 7.1 Hayward  M 7.0 Mojave M 4.8 Bombay Beach 
Probability 

(min, max) 
Probability 

(min, max) 
Gain 

(min, max) 
Probability 

 (min, max) 
Gain 

(min, max) 
Probability 

 (min, max) 
Gain 

(min, max) 

≥5 3.71E-04 
(3.4E-04, 4.0E-04) 

4.24E-01 
(3.9E-01, 4.5E-01) 

1142 
(1035, 1253) 

9.27E-02 
(3.9E-02, 1.5E-01) 

250 
(103, 405) 

1.14E-03 
(9.9E-04, 1.3E-03) 

3.07 
(2.62, 3.58) 

≥10 2.14E-04 
(1.9E-04, 2.4E-04) 

2.08E-01 
(1.6E-01, 2.5E-01) 

971 
(756, 1194) 

5.08E-02 
(1.2E-02, 9.0E-02) 

237 
(57.4, 426) 

6.46E-04 
(5.6E-04, 7.4E-04) 

3.01 
(2.38, 3.84) 

≥25 8.51E-05 
(7.5E-05, 9.7E-05) 

8.13E-02 
(3.7E-02, 1.3E-01) 

955 
(399, 1624) 

3.09E-02 
(4.8E-03, 5.7E-02) 

363 
(50.7, 744) 

2.17E-04 
(1.4E-04, 3.2E-04) 

2.55 
(1.43, 4.23) 

≥50 3.27E-05 
(2.6E-05, 4.1E-05) 

2.34E-02 
(8.6E-03, 3.9E-02) 

716 
(227, 1355) 

1.83E-02 
(2.4E-03, 3.5E-02) 

560 
(62.3, 1219) 

6.61E-05 
(1.9E-05, 1.4E-04) 

2.02 
(0.48, 5.28) 

≥100 5.64E-06 
(3.1E-06, 9.5E-06) 

3.30E-03 
(3.0E-04, 6.5E-03) 

585 
(31.2, 2072) 

3.77E-03 
(6.4E-04, 7.1E-03) 

668 
(67.4, 2250) 

1.16E-05 
(3.3E-06, 3.9E-05) 

2.06 
(0.34, 12.5) 

≥150 8.25E-07 
(1.6E-07, 3.1E-06) 

2.80E-04 
(2.2E-05, 6.0E-04) 

339 
(7.50, 3659) 

9.74E-04 
(1.8E-04, 1.9E-03) 

1180 
(63.1, 11367) 

6.35E-06 
(2.9E-07, 3.4E-05) 

7.70 
(0.10, 208) 

≥200 2.20E-07 
(0.0E+00, 2.5E-06) 

4.34E-05 
(6.9E-06, 1.1E-04) 

198 
(3.68,  *) 

3.69E-04 
(5.3E-05, 7.4E-04) 

1678 
(28.7, *) 

2.20E-06 
(0.0E+00, 2.5E-05) 

10.0 
(0.00, *) 
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FIGURES 

 

Figure 1. Three-dimensional perspective views of the third Uniform California Earthquake Rupture 

Forecast (UCERF3), based on the branch averaged model described and utilized by Field et al. 

(2017).  The small black parallelograms represent the 2606 fault subsections utilized in the forecast. 

(a) The probability that each fault, or 0.1 by 0.1 degree geographic cell, will participate in one or 

more M≥6.7 earthquakes in a given year according to the long-term, time-independent model 

(UCERF3-TI). (b) The probability gain in 2012, relative to (a), that each fault will participate in an 

M≥6.7 according to the elastic-rebound component in the long-term time-dependent model 

(UCERF3-TD).  (c) The 1-year M≥6.7 probability gain implied by an M 7.1 scenario on the Hayward 

fault (assumed to have occurred at the beginning of 2012), as inferred from 200,000 UCERF3-ETAS 

simulations.  The spotted nature of gains away from the main shock reflect the finite number of 

simulations, as the result would be smoother if an infinite number were available. 



 

 

 

Figure 2. Map of asset-value (replacement-cost) density in each census tract.   

 

  



 

 

 

Figure 3. Unconditional (i.e., long-term average) statewide loss exceedance curves for various 

timeframes (as labeled) based on 1,000 1,000-year UCERF3-ETAS simulations.  The upper and lower 

limits for the dark-shaded regions represent results for the two “triggering uncertainty” logic-tree 

branches considered separately, and the solid lines represent the equally weighted average.  The light 

shaded region represents sampling uncertainty (due to probabilities being inferred from a finite 

number simulations); specifically, the error represents the 68% confidence interval for the true faction 

of exceedances assuming a binomial distribution, and using the "Wilson score interval with continuity 

correction" developed by Newcombe (1998).  The two branches were treated separately, so the light 

shaded region represents an 84% confidence bound (see note in Table 1 for details).  Uncertainties on 

the mean annual loss labeled here are also 84% confidence bounds for similar reasons. 

 



 

 

Figure 4.  The influence of removing spatiotemporal clustering with respect to unconditional, annual 

loss exceedance probabilities.  The solid line and shaded regions represent results equivalent to those 

shown in Figure 3, but after randomizing all event times to invoke a Poisson temporal distribution. 

Shown for comparison are results from Figure 3 (including spatiotemporal clustering), but where the 

solid line was replaced with dot-dashed and the shaded regions were replaced with dashed and dotted 

lines to improve overlap visibility. 

 



 

 

Figure 5. Loss exceedance probabilities in 1-year (a) and 1-day (b) following the M 7.1 scenario 

earthquake on the Hayward Fault described in the text.  Solid lines and shaded regions represent 

scenario estimates as described in Figure 3, and dot-dashed, dashed, and dotted lines are the 

unconditional exceedance curves from Figure 3. The vertical distance between the solid and dot-

dashed lines represent the loss exceedance gain (increase in the probability of exceeding losses due to 

events possibly triggered by the scenario). 

 

 



 

 

Figure 6. Decay of the $50 billion loss exceedance gain with increasing forecast timespans 

immediately following the M 7.1 Hayward fault earthquake scenario. Gain represents the ratio of the 

conditional probability (given the main shock) to the unconditional probability (when no information 

on past events is available).  Shaded region represents 95% confidence bounds as described for gains 

in Table 1. 

 

 

  



 

 

Figure 7.  (a) The average number of M≥2.5 aftershocks (in 2-by-2 km geographic cells) in 10 years 

following the M 7.1 Hayward fault scenario, as inferred from 200,000 UCERF3-ETAS simulations.  

(b) Results for a no-fault model, revealing the influence of faults in (a). 

 



 

 

Figure 8. Same as Figure 5, but for the M 7.0 scenario earthquake on the Mojave section of the San 

Andreas Fault. 

 

 

Figure 9. Same as Figure 5, but for the 2009 M 4.8 earthquake near Bombay Beach, CA, which is 4 

km from the Coachella section of the San Andreas Fault. 
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