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Abstract 13 

Fire following earthquake (FFE) is a secondary earthquake hazard that can require rapid spatial prioritization 14 

when response resources are constrained. This study developed a census-tract-level logistic regression model 15 

for the probability of at least one recorded FFE ignition, using 7,074 earthquake-census-tract observations 16 

from seven California earthquakes between 1983 and 2014. A nested leave-one-event-out cross-validation 17 

design was used to select model structures in the inner loop and assess the entire procedure on an earthquake 18 

event excluded from fitting in the outer loop. Across the seven outer test events, event-mean area under the 19 

receiver operating characteristic curve and average precision were 0.833 and 0.267, respectively. The event-20 

specific Top20% priority screening sets contained 71.9% of observations with at least one recorded ignition. 21 

When refitted on all historical observations and applied to the U.S. Geological Survey HayWired earthquake 22 

scenario, the model identified screening sets concentrated mainly in Alameda, Contra Costa, and Santa Clara 23 

counties; the reported scenario ignition estimates were also concentrated in these counties. The results 24 

characterize event-held-out ranking performance across the seven historical events and support scenario-25 

based priority screening under the stated data and modeling assumptions. 26 

 27 

Keywords  Fire following earthquake · Ignition probability · Nested cross-validation · Event-held-out 28 

validation · Priority screening 29 

1  Introduction 30 

Fire following earthquake (FFE) is an important secondary hazard in urban seismic risk assessment (Lee et 31 

al. 2008; Lu et al. 2024; Wang et al. 2023). During the 1906 San Francisco earthquake, fires accounted for 32 

approximately 80% of the city’s damage and burned about 28,000 buildings over 12.2 km² (Scawthorn 1986). 33 

More than 200 fires occurred following the 1995 Great Hanshin earthquake, burning over 7,000 houses across 34 

more than 0.65 km² (Hokugo 1995). Following the 2024 Noto Peninsula earthquake, 17 fires were recorded, 35 

and the large fire in central Wajima burned approximately 240 buildings (Nishino 2025). Multiple 36 

simultaneous ignitions may coincide with damage to water-supply systems (Liang 2003; Yan et al. 2026), 37 

disrupted road access (Wang et al. 2024), and limited firefighting resources. These combined constraints can 38 

reduce the capacity for initial suppression. Individual fires may then spread and cause losses over a wider 39 

area (Sarreshtehdari and Elhami Khorasani 2021; Wang et al. 2026; Yoshioka et al. 2020). Estimating 40 
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ignition probabilities across the earthquake-affected area and identifying priority screening sets are therefore 41 

important for urban FFE risk reduction and emergency response. 42 

Early FFE ignition models commonly estimated regional ignition counts using empirical relationships 43 

between ground-motion intensity and ignition rates per unit building floor area. The Hazus model (FEMA 44 

1999) and the models proposed by Ren and Xie (2004) and Zhao et al. (2006) followed this general 45 

framework. Subsequent studies used geographic information systems to integrate ground-motion data, 46 

building inventories, and population data and develop multivariable statistical models at the census-tract level. 47 

Davidson (2009) used census-tract ignition counts as the response variable in generalized linear models and 48 

generalized linear mixed models. Elhami Khorasani et al. (2017) instead used a binary response indicating 49 

whether at least one ignition was recorded in a census tract. Using data from seven California earthquakes, 50 

Tong and Gernay (2022) applied a hierarchical Bayesian model to examine covariates associated with 51 

historical ignition counts and predict counts for future earthquake scenarios. Thus, FFE ignition research has 52 

expanded from regional count estimates derived from ignition rates per unit floor area to multivariable 53 

estimates of census-tract ignition counts and probabilities. 54 

However, predictive performance for earthquakes excluded from model development remains insufficiently 55 

tested. Specifically, it remains unclear whether census tracts with at least one recorded ignition appear near 56 

the top of within-event rankings by predicted ignition probability. Previous multi-earthquake studies did not 57 

use all census-tract observations from one earthquake as an independent test set (Davidson 2009; Elhami 58 

Khorasani et al. 2017; Tong and Gernay 2022). When observations from the same earthquake are divided 59 

between training and test sets, that earthquake contributes data to both model fitting and testing. Performance 60 

estimates from such partitions do not directly characterize prediction for a complete held-out earthquake 61 

event (Roberts et al. 2017). Performance may also be overestimated when candidate model structures are 62 

selected and assessed using the same cross-validation results (Cawley and Talbot 2010; Krstajic et al. 2014; 63 

Varma and Simon 2006). A suitable validation design should therefore assign all census-tract observations 64 

from an earthquake to the same fold (Nowicki Jessee et al. 2018). Nested cross-validation then separates 65 

model selection in the inner loop from model assessment in the outer loop (Cawley and Talbot 2010; Krstajic 66 

et al. 2014; Varma and Simon 2006). 67 

Accordingly, this study examines seven historical California earthquakes that occurred between 1983 and 68 

2014. It evaluates the full modeling procedure, including model structure selection and regression coefficient 69 

estimation, on complete held-out earthquake events. Assessment focuses on within-event rankings by 70 

predicted ignition probability and calibration of outer-test predicted probabilities. It also compares 71 

performance estimates obtained using alternative ground-motion intensity measures and sample-splitting 72 

schemes. The final predictive model, selected and fitted using all historical observations, is then applied to 73 

the HayWired earthquake scenario to estimate census-tract ignition probabilities and identify Top-k% priority 74 

screening sets. The county-level distribution of these sets is compared with that of the ignition estimates 75 

reported for the HayWired earthquake scenario (Scawthorn 2018). 76 

2  Data and Candidate Explanatory Variables 77 

The study workflow is shown in Fig. 1 and comprises four components: (1) construction of the earthquake-78 

census-tract database and specification of candidate model structures; (2) nested cross-validation with leave-79 

one-event-out (LOEO) splitting in the inner and outer loops; (3) selection of the final model structure and 80 

sensitivity analyses; and (4) application to the HayWired earthquake scenario. 81 
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Fig. 1 Overall study workflow and nested LOEO procedure 83 

2.1  FFE ignition database 84 

The FFE ignition database was compiled using California earthquake data assembled by Davidson (2009) 85 

and Elhami Khorasani et al. (2017). It contains ignition records from seven historical California earthquakes 86 

that occurred between 1983 and 2014. Eligible records were limited to ignitions associated with the 87 

mainshock that developed into structural fires, occurred within 10 days after the earthquake, and required a 88 

fire department response (Davidson 2009; Elhami Khorasani et al. 2017; Tong and Gernay 2022). 89 

The study used 2000 Census tracts as the common spatial unit of analysis. Each historical ignition was 90 

assigned to the corresponding census tract based on its recorded location, and each earthquake-census-tract 91 

combination constituted one observation. Following the 0.08-g cutoff adopted by Elhami Khorasani et al. 92 

(2017), only census tracts with a census-tract area-weighted mean peak ground acceleration (PGA) of at least 93 

0.08 g were included for each earthquake. When multiple ignitions were recorded in the same census tract 94 

during the same earthquake, they were consolidated into a single observation while retaining the ignition 95 

count. The remaining included census tracts were classified as census tracts with no recorded ignition. Table 96 

1 summarizes the observations and ignitions in the database by earthquake. 97 

As shown in Table 1, the database comprises 7,074 earthquake-census-tract observations and 155 recorded 98 

ignitions. Of these observations, 135 contained at least one recorded ignition, whereas 6,939 contained no 99 

recorded ignition. Observations with at least one recorded ignition therefore represented 1.91% of the 100 

database, resulting in an imbalanced binary response. The numbers of census-tract observations and recorded 101 

ignitions, as well as the proportion of observations with at least one recorded ignition, varied among the 102 

seven earthquakes. The 1994 Northridge earthquake contributed 2,696 observations and 82 recorded ignitions, 103 

accounting for 38.1% of all observations and 52.9% of all recorded ignitions, respectively. Although the 2014 104 

Napa earthquake contributed only 74 observations, five contained at least one recorded ignition. The 105 

corresponding proportion, 6.76%, was the highest among the seven earthquakes. 106 

Table 1 Sample composition of the FFE ignition database for historical California earthquakes 107 

Earthquake 
Census-tract 

observations 

Observations with 

at least one 

recorded ignition 

Recorded ignitions 

Proportion with at 

least one recorded 

ignition (%) 

Magnitude 

1983 Coalinga 44 1 3 2.27 6.7 

1987 Whittier 

Narrows 
2202 20 20 0.91 5.9 
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Table 1 (continued) 108 

Earthquake 
Census-tract 

observations 

Observations with 

at least one 

recorded ignition 

Recorded ignitions 

Proportion with at 

least one recorded 

ignition (%) 

Magnitude 

1989 Loma Prieta 1399 31 36 2.22 6.9 

1984 Morgan Hill 487 6 6 1.23 6.2 

1986 N. Palm 

Spring 
172 1 1 0.58 6.0 

1994 Northridge 2696 71 82 2.63 6.7 

2014 Napa 74 5 7 6.76 6.0 

Total 7074 135 155 1.91 - 

2.2  Candidate explanatory variables 109 

Using the FFE ignition database described above, we compiled a census-tract-level database of candidate 110 

explanatory variables. Candidate variables were required to be relevant to FFE ignition and consistently 111 

available at the census-tract level. For this study, the candidate explanatory variables were organized into 112 

five categories: ground-motion intensity measures, exposure variables, proxy variables for building 113 

vulnerability, proxy variables related to potential ignition sources, and environmental variables. Table 2 lists 114 

the candidate explanatory variables and their respective categories. 115 

Table 2 Candidate explanatory variables and their categories 116 

Variable description 
Variable 

code 

Ground-

motion 

intensity 

measure 

Exposure 

variable 

Proxy variable 

for building 

vulnerability 

Proxy variable 

related to 

potential ignition 

sources 

Environmental 

variable 

Peak ground acceleration PGA ●     

Peak ground velocity PGV ●     

ShakeMap instrumental 

intensity 
MMI ●     

Total building floor area TFA  ●    

Population density PD  ●    

Pre-1970 housing-unit share Pre70   ●   

Wood-building floor-area share WoodSh   ●   

Unreinforced masonry building 

floor-area share 
URMSh   ●   

Mobile-home building floor-

area share 
MHSh   ●   

Utility-gas-heated occupied 

housing unit density 
GasHD    ●  

Utility-gas-heated occupied 

housing unit share 
GasHSh    ●  
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Table 2 (continued) 117 

Variable description 
Variable 

code 

Ground-

motion 

intensity 

measure 

Exposure 

variable 

Proxy variable 

for building 

vulnerability 

Proxy variable 

related to 

potential ignition 

sources 

Environmental 

variable 

Commercial building floor-area 

share 
ComSh    ●  

Industrial building floor-area 

share 
IndSh    ●  

Residential building floor-area 

share 
ResSh    ●  

Mean air temperature in the 

earthquake month 
Temp     ● 

Ground motion is an important factor in FFE ignition (He and Elhami Khorasani 2022). Stronger shaking is 118 

more likely to displace building contents (Dhakal et al. 2016) and to damage gas and electrical connections 119 

or overturn equipment such as water heaters, thereby increasing FFE ignition probability (Elhami Khorasani 120 

et al. 2017; Tong and Gernay 2022). PGA, peak ground velocity (PGV), and ShakeMap instrumental intensity 121 

(MMI) were selected as candidate ground-motion intensity measures. All three measures were obtained from 122 

U.S. Geological Survey (USGS) ShakeMap grid.xml files (Worden et al. 2020). For each measure, the 123 

census-tract area-weighted mean was calculated using the area of intersection between each ShakeMap grid 124 

cell and census tract as the weight. 125 

For census tracts with the same total building floor area, higher population density may correspond to more 126 

potential ignition sources (Elhami Khorasani et al. 2017). Total building floor area (TFA) and population 127 

density (PD) were therefore selected as exposure variables. TFA was obtained from the HAZUS-MH MR4 128 

default building inventory and was used to represent the size of the building stock within each census tract. 129 

PD was calculated from Census 2000 population counts and census-tract land area and was used to represent 130 

population concentration within the tract. 131 

Building age and structural type affect the extent of earthquake-induced building damage (Ismail and Khattak 132 

2019; Yazgan et al. 2016). Structural damage may also cause damage to nonstructural systems and lead to 133 

ignition (Tong and Gernay 2022). The pre-1970 housing-unit share (Pre70), wood-building floor-area share 134 

(WoodSh), unreinforced masonry building floor-area share (URMSh), and mobile-home building floor-area 135 

share (MHSh) were therefore selected as proxy variables for building vulnerability (Davidson 2009). Pre70 136 

was obtained from Census 2000 and was used to characterize the age composition of the housing stock. 137 

WoodSh, URMSh, and MHSh were obtained from the HAZUS-MH MR4 default building inventory and 138 

were used to characterize the structural-type composition of the building stock within each census tract. 139 

Building occupancy affects the types of equipment and contents present within buildings and, consequently, 140 

the types of potential ignition sources (Tong and Gernay 2022). Gas leakage may also contribute to FFE 141 

ignition (Elhami Khorasani et al. 2017; Farahani et al. 2020). Five variables were selected as proxy variables 142 

related to potential ignition sources: the residential building floor-area share (ResSh), commercial building 143 

floor-area share (ComSh), industrial building floor-area share (IndSh), utility-gas-heated occupied housing 144 

unit density (GasHD), and utility-gas-heated occupied housing unit share (GasHSh). ResSh, ComSh, and 145 

IndSh were obtained from the HAZUS-MH MR4 default building inventory. GasHD and GasHSh were 146 

calculated from Census 2000 data on occupied housing units using utility gas as their principal house-heating 147 

fuel. 148 

Mean air temperature in the earthquake month (Temp) was selected as the environmental variable. Because 149 

electric and gas appliances are more frequently used for heating in winter than in summer, Temp was used 150 

to represent seasonal differences among the earthquake events (Tong and Gernay 2022). Temperature data 151 

were obtained from Parameter-elevation Regressions on Independent Slopes Model monthly mean air-152 

temperature grids (Daly et al. 2008). For each earthquake, the grid corresponding to the year and month of 153 

occurrence was selected, and the mean air temperature within each census tract was calculated. 154 
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3  Research Methodology 155 

3.1  Logistic regression model 156 

A census-tract-level model of FFE ignition probability was developed using logistic regression. The model 157 

uses a binary response, and the logistic function maps a linear combination of explanatory variables to a 158 

conditional probability in the interval (0, 1) (Elhami Khorasani et al. 2017; Hosmer et al. 2013). 159 

Let 𝑦௘௜ denote the binary ignition response for census tract ݅ in earthquake event ݁: 160 𝑦௘௜ = {1, if at least one ignition was recorded,0, if no ignition was recorded. (1) 161 

Let X௘௜ = (ܺ௘௜1, ܺ௘௜2, ⋯ , ܺ௘௜௤) denote the explanatory-variable vector, where X௘௜௝ is the ݆th explanatory 162 

variable for census tract ݅  in earthquake event ݁ , and ݍ  is the number of explanatory variables. The 163 

corresponding conditional probability is 164 ௘ܲ௜ = ܲ(𝑦௘௜ = 1 ∣ X௘௜) (2) 165 

where ௘ܲ௜ denotes the conditional probability that at least one ignition is recorded in census tract ݅ during 166 

earthquake event ݁, given X௘௜. The logistic regression model is expressed as 167 ܲ(𝑦௘௜ = 1 ∣ ܺ௘௜1, ܺ௘௜2, ⋯ , ܺ௘௜௤) = 11 + exp [− 0ߚ) + ∑ ௝௤௝=1ߚ ܺ௘௜௝)] (3) 168 

Here, 0ߚ is the intercept, and ߚ௝ is the regression coefficient associated with the ݆th explanatory variable, 169 

for ݆ = 1, … ,  The regression coefficients were estimated using maximum likelihood estimation. 170 .ݍ

3.2  Variable transformations and candidate model structures 171 

PGA and PGV were right-skewed in the study dataset and were therefore transformed using the natural 172 

logarithm, yielding ln(PGA) and ln(PGV), respectively. TFA and PD also exhibited right-skewed 173 

distributions and wide ranges of values. They were transformed as ln(1+TFA) and ln(1+PD), respectively, 174 

so that zero values remained defined after transformation. GasHD was similarly right-skewed, with many 175 

observations concentrated near zero, and was therefore square-root transformed and denoted by √GasHD. 176 

No nonlinear transformation was applied to the remaining explanatory variables. 177 

Existing census-tract-level FFE models include ground-motion intensity and total building floor area as 178 

explanatory variables and contain three to five explanatory variables (Davidson 2009; Elhami Khorasani et 179 

al. 2017; Tong and Gernay 2022). In this study, MMI and ln(1+TFA) formed the base model. The remaining 180 

11 non-ground-motion candidate explanatory variables were treated as optional explanatory variables. To 181 

limit the complexity of each candidate model structure, no more than three optional explanatory variables 182 

were added to the base model. The candidate explanatory variables were combined according to their 183 

definitions and categories under the rules listed in Table 3, resulting in 211 candidate model structures. 184 

Table 3 Variable-combination rules for candidate model structures 185 

Variable group Combination rule Rationale 

ln(1+PD), √GasHD 
Not included in the same 

structure 
Both are densities based on census-tract land area 

√GasHD, GasHSh 
Not included in the same 

structure 

Both are derived from the same count of utility-gas-heated occupied 

housing units 

WoodSh, URMSh, 

MHSh 
At most two per structure All are building floor-area shares by structural type 

ComSh, IndSh, ResSh At most two per structure All are building floor-area shares by occupancy 
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3.3  Nested cross-validation with leave-one-event-out splitting 186 

When the same cross-validation results are used both to select a model and to assess its predictive 187 

performance, the resulting performance estimates may be optimistically biased (Cawley and Talbot 2010; 188 

Krstajic et al. 2014; Varma and Simon 2006). This study therefore used nested cross-validation, in which the 189 

inner loop selected the model structure and the outer loop assessed the predictive performance of the full 190 

modeling procedure on held-out earthquake events. LOEO splitting was applied in both loops. Consistent 191 

with the event-wise holdout logic of Nowicki Jessee et al. (2018), each split held out one earthquake event 192 

in its entirety. All earthquake-census-tract observations associated with that event formed the inner validation 193 

set or the outer test set, as applicable. For each inner and outer split, the means and standard deviations used 194 

to standardize the explanatory variables were estimated exclusively from the corresponding training set and 195 

applied unchanged to the associated validation or test set. The procedure comprised the following five steps. 196 

1. Outer-loop sample splitting. The outer loop used LOEO splitting, yielding seven outer folds. In each 197 

outer fold, one entire earthquake event was held out, with all its census-tract observations forming the 198 

outer test set. Observations from the remaining six earthquake events formed the outer training set. Model 199 

selection and regression coefficient estimation were performed entirely within the outer training set, 200 

whereas the outer test set was used only for model assessment in that fold. 201 

2. Inner-loop sample splitting. Each outer training set contained six earthquake events and was further 202 

partitioned using LOEO splitting, yielding six inner folds. In each inner fold, all observations from one 203 

earthquake event formed the inner validation set, whereas observations from the remaining five events 204 

formed the inner training set. 205 

3. Inner-loop model selection. In each inner fold, every candidate model structure was fitted using the inner 206 

training set, and the evaluation metrics were calculated from predictions for the inner validation set. After 207 

all six inner folds had been completed, the evaluation results for each candidate model structure were 208 

aggregated across the six inner validation events. The model-selection criterion was then applied to 209 

determine the model structure selected for that outer fold. The evaluation metrics and model-selection 210 

criterion are defined in Sect. 3.4. 211 

4. Outer-loop model fitting and assessment. After inner-loop model selection, the regression coefficients 212 

of the selected model structure were re-estimated using the entire outer training set. Predicted ignition 213 

probabilities and evaluation metrics were then calculated for the census tracts in the outer test set. The 214 

metrics obtained from the seven outer folds constituted the outer-loop assessment results of the nested 215 

cross-validation. 216 

5. Determination of the final model structure and fitting of the final predictive model. After completion of 217 

the outer-loop assessment, LOEO cross-validation was applied to all seven historical earthquakes. The 218 

evaluation results for each candidate model structure were aggregated across the seven validation events, 219 

and the same model-selection criterion was used to determine the final model structure. Its regression 220 

coefficients were then re-estimated using all observations, yielding the final predictive model used for 221 

mapping census-tract ignition probabilities and for earthquake-scenario applications (Lewis et al. 2023; 222 

Tsamardinos 2022). 223 

3.4  Model assessment and selection 224 

3.4.1  Probability-ranking metrics and model-selection criterion 225 

Both the inner-loop comparison of candidate model structures and the outer-loop model assessment used 226 

each complete held-out earthquake event as the unit of evaluation. Within each held-out event, census tracts 227 

were ranked in descending order of predicted ignition probability, and the area under the receiver operating 228 

characteristic curve (AUROC), average precision (AP), and Recall@Top-k% were calculated. Each metric 229 

was first calculated within the held-out event and then averaged across events with equal weight; the resulting 230 

value is hereafter referred to as the event mean. 231 

AUROC was used to assess the model’s overall ranking discrimination between census tracts with at least 232 

one recorded ignition and census tracts with no recorded ignition within a single held-out event (Saito and 233 

Rehmsmeier 2015). AP was calculated as the arithmetic mean of the precision values at the ranks occupied 234 

by census tracts with at least one recorded ignition (Manning et al. 2008). Recall@Top-k% was defined as 235 

the proportion of census tracts with at least one recorded ignition in an event that fell within the top k% of 236 

census tracts ranked by predicted ignition probability. The number of census tracts corresponding to each 237 

cutoff was rounded up to the next integer. The Top5%, Top10%, and Top20% cutoffs were specified a priori. 238 
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For each candidate model structure, these metrics were calculated separately for the six inner validation 239 

events, after which the event mean of each metric was obtained. Model selection considered both the overall 240 

ranking of census tracts with at least one recorded ignition and their recall at different screening proportions. 241 

Event-mean AP and the mean of event-mean Recall@Top5%, Recall@Top10%, and Recall@Top20% were 242 

each assigned a weight of 50%, and the candidate model structure with the highest composite score was 243 

selected. In the event of a tie, structures were compared sequentially by higher event-mean AP, higher event-244 

mean AUROC, and fewer explanatory variables. 245 

The evaluation metrics were calculated separately for the outer test event in each of the seven outer folds. 246 

The event mean of each metric was used to assess the performance of the full modeling procedure in ranking 247 

census tracts by predicted ignition probability for earthquake events held out in their entirety. 248 

3.4.2  Calibration assessment of outer-test predicted probabilities 249 

To assess the agreement between the outer-test predicted probabilities and the binary ignition responses, the 250 

outer-test predictions from the seven folds of nested cross-validation were pooled for calibration assessment. 251 

Because the Coalinga and N. Palm Spring earthquakes each contained only one census tract with at least one 252 

recorded ignition, calibration measures were not estimated separately for individual events. Instead, 253 

calibration was assessed using all pooled outer-test observations. 254 

The calibration intercept and calibration slope were jointly estimated by fitting a logistic regression model 255 

with the binary ignition response as the dependent variable and the logit-transformed predicted ignition 256 

probability as the explanatory variable. Their ideal values are 0 and 1, respectively. A calibration curve was 257 

also constructed by applying local regression (loess) smoothing to the binary ignition response as a function 258 

of the predicted ignition probability. The 45° reference line represents perfect calibration (Austin and 259 

Steyerberg 2014; Van Calster et al. 2019). 260 

3.5  Sensitivity analyses 261 

After the final model structure was determined, two sensitivity analyses examined changes in rankings by 262 

predicted ignition probability and the corresponding evaluation metrics under alternative ground-motion 263 

intensity measures and sample-splitting schemes. 264 

In the ground-motion intensity-measure sensitivity analysis, the non-ground-motion explanatory variables in 265 

the final model structure were held fixed. MMI, ln(PGA), and ln(PGV) were used separately to represent 266 

ground-motion intensity. The three models used the same seven LOEO splits and evaluation metrics. Their 267 

rankings by predicted ignition probability were compared within each held-out earthquake event. 268 

The sample-splitting sensitivity analysis used the final model structure and repeated stratified five-fold cross-269 

validation by earthquake event and response class. In each repeat, earthquake-census-tract observations were 270 

randomly allocated among five folds within each earthquake event and response class, with fold sizes 271 

balanced as closely as possible. For each cross-validation iteration, four folds from each of the seven 272 

earthquake events were pooled to form the training set, and the remaining fold from each event formed the 273 

test set. The training and test sets therefore contained approximately 80% and 20%, respectively, of the 274 

observations from each event. After predictions from the five test folds were combined, AUROC, AP, and 275 

Recall@Top-k% were calculated separately for each earthquake event from its complete set of out-of-fold 276 

predictions. The event mean of each metric was then calculated for that repeat. The five-fold partitioning and 277 

evaluation procedure was repeated independently 100 times. For each metric, the resulting event means were 278 

compared with the corresponding event mean obtained from fixed-structure LOEO. 279 

4  Results 280 

4.1  Distributions and correlations of candidate explanatory variables 281 

To describe the univariable relationships between the candidate explanatory variables and the binary ignition 282 

response, Fig. 2 presents the variable distributions together with binned observed ignition proportions and 283 

predicted-probability curves.  284 
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Fig. 2 Distributions of candidate explanatory variables in census tracts with at least one recorded ignition 286 

and census tracts with no recorded ignition. Gray points show binned observed ignition proportions, 287 

darker points denote bins with more observations, curves show predictions from univariable logistic 288 

regression 289 

For ln(PGA), ln(PGV), and MMI, the binned observed ignition proportions generally increased with ground-290 

motion intensity, and the corresponding predicted-probability curves from univariable logistic regression 291 

showed upward trends (Fig. 2). MMI values were generally higher among census tracts with at least one 292 

recorded ignition than among those with no recorded ignition. Among the non-ground-motion explanatory 293 

variables, the univariable predicted-probability curves showed upward trends for ln(1+TFA), ln(1+PD), 294 

URMSh, √GasHD, ComSh, and Pre70; downward trends for WoodSh, ResSh, and Temp; and comparatively 295 

little variation for MHSh, GasHSh, and IndSh. Some bins contained few observations, and the corresponding 296 

observed ignition proportions were more variable. 297 

Fig. 3 presents the Spearman rank correlation coefficients for MMI, ln(1+TFA), and the 11 optional 298 

explanatory variables. The largest absolute correlations were mainly found between density variables, 299 
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between variables describing building structural-type composition, and between variables describing 300 

building-occupancy composition. The coefficients were −0.934 between ComSh and ResSh, 0.915 between 301 

ln(1+PD) and √GasHD, and −0.875 between WoodSh and URMSh. These correlations were consistent with 302 

the variable-combination rules specified in Sect. 3.2 on the basis of the variable definitions. 303 
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Fig. 3 Spearman rank correlation matrix 305 

4.2  Candidate model structure selection and assessment of the full modeling procedure 306 

4.2.1  Model structures selected in the inner loops and outer-loop assessment results 307 

Following the procedure described in Sect. 3.3, Table 4 reports the model structure selected by inner-loop 308 

cross-validation for each outer fold and the corresponding outer-loop assessment results. Across the seven 309 

outer folds, five distinct model structures were selected. Two structures were each selected in two outer folds, 310 

whereas the remaining three were each selected once. The selected structures differed across outer folds, 311 

indicating that model structure selection varied with the composition of earthquake events in the outer 312 

training set. 313 

Table 4 Model structures selected in the inner loops and outer-loop assessment results 314 

Outer test 

event 

Model structure 

selected in the inner 

loop 

Inner-

loop 

event 

mean 

for AP 

Mean of three 

inner-loop 

event-mean 

Recall@Top-

k% values 

AUROC AP 
Recall@ 

Top5% 

Recall@ 

Top10% 

Recall@ 

Top20% 

1983 

Coalinga 

MMI + ln(1+TFA) + 

Pre70 + √GasHD 
0.154 0.466 1.000 1.000 1.000 1.000 1.000 

1984 

Morgan 

Hill 

MMI + ln(1+TFA) + 

Pre70 + URMSh 
0.292 0.581 0.660 0.048 0.167 0.333 0.500 

1986 N. 

Palm 

Spring 

MMI + ln(1+TFA) + 

Pre70 + √GasHD + 
Temp 

0.315 0.579 0.813 0.030 0.000 0.000 1.000 
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Table 4 (continued) 315 

Outer test 

event 

Model structure 

selected in the inner 

loop 

Inner-

loop 

event 

mean 

for AP 

Mean of three 

inner-loop 

event-mean 

Recall@Top-

k% values 

AUROC AP 
Recall@ 

Top5% 

Recall@ 

Top10% 

Recall@ 

Top20% 

1983 

Coalinga 

MMI + ln(1+TFA) + 

Pre70 + √GasHD 
0.154 0.466 1.000 1.000 1.000 1.000 1.000 

1984 

Morgan 

Hill 

MMI + ln(1+TFA) + 

Pre70 + URMSh 
0.292 0.581 0.660 0.048 0.167 0.333 0.500 

1986 N. 

Palm 

Spring 

MMI + ln(1+TFA) + 

Pre70 + √GasHD + 
Temp 

0.315 0.579 0.813 0.030 0.000 0.000 1.000 

1987 

Whittier 

Narrows 

MMI + ln(1+TFA) + 

Pre70 + √GasHD 
0.308 0.557 0.797 0.037 0.150 0.350 0.650 

1989 

Loma 

Prieta 

MMI + ln(1+TFA) + 

URMSh + √GasHD + 
IndSh 

0.289 0.499 0.785 0.074 0.129 0.419 0.645 

1994 

Northridge 

MMI + ln(1+TFA) + 

Pre70 + URMSh + 

ResSh 

0.283 0.571 0.885 0.191 0.324 0.577 0.775 

2014 Napa 

MMI + ln(1+TFA) + 

Pre70 + √GasHD + 
Temp 

0.237 0.534 0.890 0.492 0.400 0.600 0.800 

Mean — 0.268 0.541 0.833 0.267 0.310 0.469 0.767 

The outer-loop metrics reported in Table 4 reflect the predictive performance of the full modeling procedure, 316 

including model structure selection and regression coefficient estimation, for completely held-out earthquake 317 

events. The event means for AUROC and AP were 0.833 and 0.267, respectively. The event means for 318 

Recall@Top5%, Recall@Top10%, and Recall@Top20% were 0.310, 0.469, and 0.767, respectively. The 319 

AUROC values for Whittier Narrows and Loma Prieta were similar, at 0.797 and 0.785, respectively, whereas 320 

the AP for Loma Prieta was 0.074, approximately twice that for Whittier Narrows (0.037). The two events 321 

showed similar overall ranking discrimination, but census tracts with at least one recorded ignition were 322 

concentrated to different degrees near the top of the respective rankings. 323 

Across the seven events, the event-specific Top20% priority screening sets contained 97 of the 135 324 

earthquake-census-tract observations with at least one recorded ignition, corresponding to 71.9%. 325 

Coalinga and N. Palm Spring each had only one earthquake-census-tract observation with at least one 326 

recorded ignition; consequently, their AP and Recall@Top-k% values depended on the ranking position 327 

of that single observation. For the remaining five events, Recall@Top20% ranged from 0.500 to 0.800. 328 

In every outer test event, the Top20% priority screening set included at least half of the census tracts 329 

with at least one recorded ignition. 330 

4.2.2  Calibration results for outer-test predicted probabilities 331 

After pooling the outer-test results from all seven outer folds, the mean predicted probability among the 332 
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outer-test observations was 0.0215, whereas the observed ignition proportion was 0.0191. The calibration 333 

intercept and calibration slope were −0.638 and 0.824, respectively. 334 

The predicted probabilities for the outer-test observations were concentrated primarily in the low-probability 335 

range, with 95% of the observations having predicted probabilities no greater than 0.106. As shown in Fig. 336 

4, the loess-smoothed calibration curve was close to the 45° line of perfect calibration in the low-probability 337 

range and gradually fell below the reference line thereafter. 338 
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Fig. 4 Calibration curve for outer-test predicted probabilities 340 

The mean predicted probability was slightly higher than the observed ignition proportion, indicating slight 341 

overall overprediction. A calibration slope below 1 indicated that the predicted probabilities were too widely 342 

dispersed, such that higher predicted probabilities may have been too high and lower predicted probabilities 343 

may have been too low (Van Calster et al. 2019). Because relatively few observations fell in the higher-344 

probability range, the loess curve was also more sensitive to the influence of a small number of observations 345 

(Austin and Steyerberg 2014). 346 

4.2.3  Rankings by predicted ignition probability for the outer test events 347 

Fig. 5 shows the rankings by predicted ignition probability for the seven outer test events. The blue ranking 348 

curves generally declined steeply near the top of the rankings and gradually flattened thereafter. Relatively 349 

high predicted ignition probabilities were concentrated among a small number of top-ranked census tracts, 350 

whereas the predicted probabilities for most census tracts lay in a lower range. The probability ranges and 351 

rates of decline varied across events, indicating that the within-event distributions of predicted probabilities 352 

were not identical across the outer test events. 353 
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 354 

Fig. 5 Rankings by predicted ignition probability for the seven outer test events. a 1983 Coalinga. b 1984 355 

Morgan Hill. c 1986 N. Palm Spring. d 1987 Whittier Narrows. e 1989 Loma Prieta. f 1994 Northridge. g 356 

2014 Napa. Blue curves show census tracts ordered by predicted probability; red points denote tracts with 357 

at least one recorded ignition; vertical dashed lines mark the Top5%, Top10%, and Top20% cutoffs  358 

Overall, the red points were more densely distributed near the top of the rankings and became progressively 359 

sparser at lower ranking positions. However, red points extended beyond the Top20% cutoff in several events. 360 

Recall@Top20% was 0.775 for Northridge and 0.800 for Napa. In Northridge, 16 census tracts with at least 361 

one recorded ignition fell outside the Top20% priority screening set, with some extending into the lower-362 

ranked portion of the ranking; in Napa, only one such tract fell outside this set. Thus, even when events had 363 

similar Recall@Top20% values, the distributions of census tracts with at least one recorded ignition across 364 

the predicted-probability rankings could differ markedly. 365 

4.2.4  Spatial distributions of Top-k% census tracts in the outer test events 366 

Fig. 6 shows the spatial distributions of the Top-k% census tracts for the seven outer test events. 367 
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 368 

Fig. 6 Spatial distributions of Top-k% census tracts for the seven outer test earthquake events. a 1983 369 

Coalinga. b 1984 Morgan Hill. c 1986 N. Palm Spring. d 1987 Whittier Narrows. e 1989 Loma Prieta. f 1994 370 

Northridge. g 2014 Napa. Colors show the Top5%, 5%–10%, 10%–20%, and remaining 80% ranking bands; 371 

green outlines denote tracts with at least one recorded ignition 372 

The top-ranked census tracts were spatially contiguous in most events, forming local clusters or elongated 373 

zones. In some events, the top-ranked census tracts were distributed across several spatially separated areas. 374 

As the screening proportion increased from Top5% to Top20%, the newly included census tracts were 375 

generally located around the existing clusters.  376 

4.3  Selection of the final model structure 377 

After the seven outer-fold assessments were completed, model selection was repeated using all seven 378 

historical earthquakes, the candidate model structures described in Sect. 3.2, and the model selection criterion 379 

specified in Sect. 3.4. The model structure comprising MMI, ln(1+TFA), Pre70, and √GasHD achieved the 380 

highest composite score, with an event mean for AP of 0.275 and a mean of 0.542 across the three 381 

Recall@Top-k% values. Accordingly, this structure was selected as the final model structure. 382 
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4.4  Sensitivity analysis results 383 

4.4.1  Ground-motion intensity-measure sensitivity analysis 384 

The non-ground-motion explanatory variables in the final model structure were held fixed, while MMI, 385 

ln(PGA), or ln(PGV) was used to represent ground-motion intensity. All three models were evaluated using 386 

LOEO, with AUROC, AP, and Recall@Top-k% calculated separately for each held-out earthquake event. 387 

Table 5 reports the event means for these metrics and the numbers of earthquake-census-tract observations 388 

with at least one recorded ignition contained in the Top-k% ranges. 389 

Table 5 LOEO assessment results for models using three ground-motion intensity measures 390 

Model 

Event 

mean 

for 

AUROC 

Event 

mean 

for 

AP 

Event mean for 

Recall@Top5% 

Event mean for 

Recall@Top10% 

Event mean for 

Recall@Top20% 

Observations 

with at least 

one recorded 

ignition in 

Top5% 

Observations 

with at least 

one recorded 

ignition in 

Top10% 

Observations 

with at least 

one recorded 

ignition in 

Top20% 

MMI 0.830 0.275 0.352 0.506 0.767 43 72 98 

ln(PGA) 0.809 0.285 0.315 0.472 0.684 27 55 79 

ln(PGV) 0.828 0.273 0.326 0.507 0.734 37 66 91 

As shown in Table 5, the MMI model yielded event means of 0.830, 0.352, and 0.767 for AUROC, 391 

Recall@Top5%, and Recall@Top20%, respectively. Its Top5%, Top10%, and Top20% ranges contained 43, 392 

72, and 98 earthquake-census-tract observations with at least one recorded ignition, respectively, exceeding 393 

the corresponding counts for the other two models. The ln(PGA) model had the highest event mean for AP 394 

(0.285), but its event means for AUROC and all three Recall@Top-k% metrics were lower than those of the 395 

MMI model. The ln(PGV) model yielded event means of 0.828 and 0.273 for AUROC and AP, respectively, 396 

which were close to those of the MMI model. 397 

Using the MMI model as the reference, Fig. 7 shows the differences in the evaluation metrics for the ln(PGA) 398 

and ln(PGV) models in each held-out earthquake event. For the Loma Prieta and Northridge earthquakes, 399 

both models yielded lower values than the MMI model for all evaluation metrics. For the Napa earthquake, 400 

the AP values of the ln(PGA) and ln(PGV) models were higher by 0.169 and 0.103, respectively, and their 401 

Recall@Top10% values were both higher by 0.200. The ln(PGA) model had the highest event mean for AP, 402 

mainly because of its higher AP for the Napa earthquake. The MMI model yielded higher Recall@Top-k% 403 

values for the Loma Prieta and Northridge earthquakes and therefore contained the largest numbers of 404 

observations with at least one recorded ignition in all three Top-k% ranges. 405 
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Fig. 7 Differences in evaluation metrics among models using different ground-motion intensity 407 

measures across the held-out earthquake events. a ln(PGA) – MMI. b ln(PGV) – MMI 408 

Overall, with the non-ground-motion explanatory variables held fixed, changing the ground-motion intensity 409 

measure altered the rankings for some earthquake events. However, the event mean for AUROC exceeded 410 

0.80 for all three models, and, for each model, the Top20% ranges across the seven events contained more 411 

than half of all earthquake-census-tract observations with at least one recorded ignition. 412 

4.4.2  Sample-splitting sensitivity analysis 413 

Following the procedure described in Sect. 3.5, the final model structure was evaluated using repeated 414 

stratified five-fold cross-validation by earthquake event and response class, with 100 repetitions across the 415 

seven earthquakes. Table 6 summarizes the event means obtained in these repetitions. When averaged across 416 

the 100 repetitions, the event means for AUROC, AP, Recall@Top5%, Recall@Top10%, and 417 

Recall@Top20% were 0.838, 0.276, 0.394, 0.530, and 0.745, respectively. Compared with the fixed-structure 418 

LOEO results for the MMI model in Table 5, the first four metrics were slightly higher, whereas 419 

Recall@Top20% was slightly lower. 420 

Table 6 Event means from 100 repetitions of stratified five-fold cross-validation 421 

Evaluation metric Mean 
Standard 

deviation 
Median 25th percentile 75th percentile 

AUROC 0.838 0.004 0.839 0.836 0.841 

AP 0.276 0.033 0.294 0.231 0.299 

Recall@Top5% 0.394 0.020 0.396 0.375 0.407 

Recall@Top10% 0.530 0.013 0.534 0.528 0.539 

Recall@Top20% 0.745 0.069 0.792 0.653 0.796 

Both the training and test sets in repeated five-fold cross-validation contained observations from all seven 422 

earthquakes. Consequently, different census-tract observations from the same earthquake event contributed 423 

separately to model fitting and testing. By contrast, fixed-structure LOEO excluded all census-tract 424 

observations from the held-out earthquake when estimating the regression coefficients in each fold. The 425 

former assessed predictive performance for test census tracts within earthquake events that were also 426 

represented in the training set, whereas the latter assessed the predictive performance of the final model 427 

structure for a completely held-out earthquake event. 428 

Fig. 8 shows the distributions of the event means across the 100 repetitions and compares them with the 429 
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fixed-structure LOEO results. AP and Recall@Top20% exhibited greater variability across the 430 

repetitions, primarily because the Coalinga and N. Palm Spring earthquakes each contained only one 431 

census tract with at least one recorded ignition. For Coalinga, this census tract ranked first in 74 432 

repetitions and second in 26 repetitions. For N. Palm Spring, the only census tract with at least one 433 

recorded ignition fell within the Top20% range in 65 repetitions and outside it in 35 repetitions. These 434 

changes in ranking position for events containing only one such census tract widened the distributions 435 

of AP and Recall@Top20%. 436 
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Fig. 8 Distributions of event-mean metrics from 100 repetitions of stratified five-fold cross-validation. 438 

Diamonds show fixed-structure LOEO results 439 

Overall, the event means for AUROC were at least 0.830 and those for Recall@Top20% exceeded 0.700 440 

under both sample-splitting schemes. Under both schemes, the Top20% ranges contained most census tracts 441 

with at least one recorded ignition on average across the seven events. Because this study focuses on 442 

predictive performance for completely held-out earthquake events, assessment of the full modeling procedure 443 

remained based on the outer-loop results reported in Sect. 4.2. 444 

4.5  Regression coefficient estimates for the final predictive model 445 

After the final model structure had been determined, the logistic regression model was refitted using all 446 

7,074 earthquake-census-tract observations to obtain the final predictive model for probability mapping and 447 

scenario application (Lewis et al. 2023). The regression coefficient estimates for the final predictive model 448 

are presented in Table 7. The regression coefficients for MMI, ln(1+TFA), Pre70, and √GasHD were all 449 

positive. Holding the other explanatory variables constant, higher values of each variable corresponded to 450 

higher predicted ignition probabilities. 451 

Table 7 Regression coefficient estimates for the final predictive model 452 

Variable Regression coefficient Standard error 

Intercept -28.3373 2.7414 

MMI 1.6485 0.1127 

ln(1+TFA) 0.9369 0.1979 

Pre70 0.5564 0.4346 

 0.0365 0.0057 
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5  Application to the USGS HayWired Earthquake Scenario 453 

The USGS developed the HayWired earthquake scenario, which assumes an Mw 7.0 earthquake on the 454 

Hayward Fault, to examine damage and losses in the San Francisco Bay region under the scenario earthquake 455 

(Detweiler and Wein 2017). The final predictive model was applied to the HayWired earthquake scenario to 456 

calculate predicted ignition probabilities for individual census tracts and identify the Top5%, Top10%, and 457 

Top20% priority screening sets. The county-level ignition estimates reported by Scawthorn (2018) for the 458 

HayWired earthquake scenario were used as a regional spatial reference for comparing the counties in which 459 

the reported estimates and the Top-k% priority screening sets were primarily concentrated. 460 

5.1  Distribution of predicted ignition probabilities and priority screening sets 461 

Ground-motion data for the HayWired earthquake scenario were obtained from the USGS ShakeMap 462 

grid.xml file (Worden et al. 2020). After overlaying the ShakeMap grid with the Census 2000 tract 463 

boundaries, the area-weighted mean PGA and MMI were calculated for each census tract. The 1,721 464 

census tracts with area-weighted mean PGA values of at least 0.08 g were included in the scenario 465 

analysis area. 466 

The spatial distributions of predicted census-tract ignition probabilities and priority screening sets under 467 

the HayWired earthquake scenario are shown in Fig. 9. In Fig. 9(a), census tracts with higher predicted 468 

ignition probabilities were distributed mainly along the eastern shore of San Francisco Bay and in the 469 

South Bay. They were concentrated in Alameda and Santa Clara counties, with fewer such tracts in 470 

Contra Costa County and the northern Bay Area. Fig. 9(b) shows that, when census tracts were ranked 471 

in descending order of predicted ignition probability, the Top5%, Top10%, and Top20% priority 472 

screening sets comprised 87, 173, and 345 census tracts, respectively. As the priority screening set 473 

expanded from the Top5% to the Top20%, the newly included census tracts were located mainly around 474 

the previously included areas and extended progressively along the eastern shore of San Francisco Bay 475 

and into the South Bay. 476 

 477 

Fig. 9 Spatial distributions of predicted ignition probability and Top-k% priority screening sets at the 478 

census-tract level under the HayWired earthquake scenario. a predicted ignition probability. b Top5%, 479 

Top10%, and Top20% priority screening sets 480 
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5.2  County-level comparison of priority screening sets and HayWired ignition estimates 481 

The HayWired study estimated that 668 ignitions would occur following the scenario earthquake, 482 

including 352 in Alameda County, 123 in Contra Costa County, and 83 in Santa Clara County. Together, 483 

these three counties accounted for 558 estimated ignitions, or 83.5% of the total (Scawthorn 2018). Table 484 

8 compares the county-level compositions of the ignition estimates reported for the HayWired earthquake 485 

scenario and the three priority screening sets defined in this study. 486 

Table 8 County-level composition of ignition estimates reported for the HayWired earthquake scenario and 487 

Top-k% priority screening sets 488 

Quantity Unit Total Alameda 
Contra 

Costa 

Santa 

Clara 

Other 

counties 

Three-

county 

total 

Three-

county 

share (%) 

Reported 

ignition 

estimates 

Ignitions 668 352 123 83 110 558 83.5 

Top5% 

priority 

screening 

set 

Census 

tracts 
87 41 4 36 6 81 93.1 

Top10% 

priority 

screening 

set 

Census 

tracts 
173 86 9 70 8 165 95.4 

Top20% 

priority 

screening 

set 

Census 

tracts 
345 176 28 121 20 325 94.2 

6  Conclusions 489 

Using 7,074 earthquake-census-tract observations from seven historical California earthquakes, this 490 

study developed a census-tract-level model of FFE ignition probability. The full modeling procedure 491 

was evaluated using nested cross-validation, and the final predictive model was applied to the HayWired 492 

earthquake scenario. The main conclusions are as follows. 493 

(1) The event means for AUROC and AP across the seven outer test events were 0.833 and 0.267, respectively. 494 

The event-specific Top5%, Top10%, and Top20% priority screening sets contained 34, 67, and 97 495 

earthquake-census-tract observations with at least one recorded ignition, respectively, accounting for 25.2%, 496 

49.6%, and 71.9% of all such observations. In every outer test event, the Top20% priority screening set 497 

included at least half of the census tracts with at least one recorded ignition. Calibration assessment showed 498 

that the outer-test predicted probabilities were close to the observed ignition proportions in the low-499 

probability range, where most observations were concentrated. Overall, the predicted probabilities were 500 

slightly overestimated, with larger deviations in the higher-probability range. 501 

(2) The final model structure comprised MMI, ln(1+TFA), Pre70, and √GasHD, representing a ground-502 

motion intensity measure, an exposure variable, a proxy variable for building vulnerability, and a proxy 503 
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variable for potential ignition sources, respectively. This structure achieved the highest composite score 504 

among the 211 candidate model structures. Its event mean for AP was 0.275, and the mean of the three event-505 

mean Recall@Top-k% values was 0.542. After the model was refitted using all historical observations, the 506 

regression coefficients for all four explanatory variables were positive. 507 

(3) Changing the ground-motion intensity measure altered the rankings by predicted ignition probability for 508 

some earthquake events. For each of the three models, the Top20% ranges contained more than half of all 509 

earthquake-census-tract observations with at least one recorded ignition. Although the MMI model did not 510 

yield the highest event mean for AP, it yielded the highest event means for AUROC and Recall@Top20%. 511 

It also included the largest numbers of observations with at least one recorded ignition in all three Top-k% 512 

ranges. The MMI model therefore had a relative advantage in overall ranking discrimination and in the 513 

coverage of census tracts with at least one recorded ignition by the priority screening sets. 514 

(4) The evaluation results from 100 repetitions of stratified five-fold cross-validation by earthquake 515 

event and response class were broadly similar to the LOEO results. Compared with the fixed-structure 516 

LOEO results, the event means for AUROC, AP, Recall@Top5%, and Recall@Top10% were higher by 517 

0.008, 0.001, 0.042, and 0.024, respectively, whereas the event mean for Recall@Top20% was lower by 518 

0.022. Both the training and test sets in repeated five-fold cross-validation contained census-tract 519 

observations from the same earthquake events. Therefore, the LOEO results remained the primary basis 520 

for evaluation in this study. 521 

(5) The Top-k% priority screening sets and the ignition estimates reported for the HayWired earthquake 522 

scenario were concentrated mainly in Alameda, Contra Costa, and Santa Clara counties. Together, these 523 

counties accounted for 83.5% of the reported ignition estimates. Census tracts in these counties 524 

accounted for 93.1%, 95.4%, and 94.2% of the Top5%, Top10%, and Top20% priority screening sets, 525 

respectively. The Top-k% results identified the census-tract spatial extents corresponding to different 526 

screening proportions. 527 
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