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Abstract

The Long Valley volcanic region is an active volcanic area situated at the eastern base of the Sierra Nevada
escarpment and dominated by a 32 km wide resurgent caldera created ~760 ka. Eruptions after 180 ka have
been localized at Mammoth Mountain on the western rim of the caldera and along the Mono-Inyo Craters
volcanic chain stretching about 45 km northward. Three different probability models have been developed
and then combined in a logic tree to estimate the long-term spatial probability of vent opening. These models
include (i) an anisotropic kernel density estimator based on past vent locations, (ii) a new Bayesian model
for coupling new vents with pre-existing faults, and (iii) a uniformly distributed probability map. The model
combination procedure relies on Bayesian model averaging. Using a doubly stochastic framework enables us
to incorporate some of the main sources of epistemic uncertainty about the interpretation of the volcanic
system, thereby exploring their effect. Our vent-opening probability maps show two higher likelihood regions
for new vent opening, one around Mammoth Mountain to the south, and the other along the Mono-Inyo
Craters to the north. The spatial vent opening probability, conditional on an eruption, is estimated as ~64%
in the northern region and ~36% in the southern region, with an uncertainty of about ±20%. These findings
provide a rational basis for the hazard mapping of a potential eruption in the Long Valley volcanic region,
suggesting that the hazard associated with Mammoth Mountain volcanism should be fully evaluated.

Introduction

The Long Valley volcanic region (LVVR) is an area of bimodal basaltic-rhyolitic volcanism encompassing ~4000 km2,
which became active at ~4Ma as the Sierran microplate started to detach from North America (Hildreth, 2004). It is
dominated by the 32 km by 18 km wide, resurgent Long Valley caldera, which formed ~760 ka during the eruption of the
Bishop Tuff. Recent activity, including vents that were active after 180 ka, are associated with the Mammoth Mountain
vent system, including a composite dome volcano at its core on the southwest topographic rim of the caldera, and the
Mono-Inyo Craters volcanic chain and Mono Lake islands, a nearly linear array of vents stretching north of the caldera
for ~45 km (Figure 1).

Although activity in the Mammoth Mountain system started as early as ~230 ka (Hildreth et al., 2014), current evidence
traces initiation of the Mono-Inyo Craters and Mono Lake islands systems back only to ~60 ka. Both systems were active
in the Holocene, with the most recent magmatic eruptions occurring at ~9 ka (Browne et al., 2010) from the Mammoth
Mountain system, and at ~0.3 ka (Bursik & Sieh, 2013) from the Mono-Inyo/Mono Lake islands systems. The hazard
assessment for the LVVR (Miller et al., 1982) does not include an evaluation of the potential for a future eruption at
Mammoth Mountain, but recent mapping, geochronologic and petrologic studies, as well as geophysical unrest, suggest that
the Mammoth Mountain system is potentially active (Hill, 2006; Hildreth et al., 2014; Peacock et al., 2016). Furthermore,
Mammoth Mountain is the focus of continuing diffuse, magmatic CO2 degassing (e.g., Farrar et al., 1995; McGee &
Gerlach, 1998; Gerlach et al., 1999). A principal source of uncertainty affecting spatial forecasts is the relevance of past
Mammoth Mountain activity to future activity – is a vent likely to form again in this area in the future? Zones that have
not seen magmatism for some time, but were active during the recent past, such as zones around Mammoth Mountain,
may be volcanic gaps where crustal extension must again be accommodated, leading to possible future dike injection and
eruptions (see, e.g., Bursik & Sieh, 1989; Bursik, 2009).

Evaluating the potential for an eruption from the Mammoth Mountain system depends on a number of factors. Pre-
existing faults are often associated with the opening of new vents and typically represent a weakness element that may
favor and deviate magma ascent and eruption (Connor et al., 2000; Calais et al., 2008), especially in a region where the
link between tectonism and volcanism is strong, such as the LVVR. A key issue is therefore the distance from a fault
outcrop at which an increased probability of vent opening could be expected. Other factors, including the strike and dip
of the fault and the magma pressure and depth of interaction, could also be relevant (Gaffney et al., 2007; Le Corvec
et al., 2013).

Especially important to the potential for volcanic hazards in the LVVR is the identification of likely locations of future
vents. This is a key component of volcanic hazard and risk assessment, given the wide dispersion of eruptive locations
within caldera systems and volcanic fields (Woo, 1999; Mader et al., 2006; Rougier et al., 2013). A map of the potential
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Figure 1: LVVR and the locations of past vents. Vent locations active after 180 ka are colored
from green to yellow to red based on their age (also see the worksheet found in the additional
file, TableS1.xlsx). Spatial groups of vents are labeled and also color coded. The Long Valley
caldera topographic boundary and ring faults are outlined with dashed lines (from Bailey, 1989;
Hildreth, 2004).
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for vent opening displays the estimated probability of a vent opening per km2 at each point within a region of interest
(e.g., Connor & Hill, 1995; Marti & Felpeto, 2010; Bebbington & Cronin, 2011; Connor et al., 2012; Cappello et al.,
2012; Bartolini et al., 2013; Selva et al., 2012; Bevilacqua et al., 2015). Different strands of data can be used and
various modeling choices can be made in developing a vent opening map. Multiple procedures appear to be reasonable
and have been successfully adopted. Many are based on bivariate kernel density estimation, but differ in specifics. A
nearest neighbor approach (Connor & Hill, 1995), plug-in bandwidth matrix selection (Duong & Hazelton, 2003), cross-
validation bandwidth selection (Duong, 2007), and Kullback-Leibler score (Vere-Jones, 1992) have all been used, some in
the geophysical setting (Bebbington, 2015). These techniques are spatial, although time can be taken into consideration
separately (Bebbington, 2013), and one spatio-temporal model has been constructed (Connor & Hill, 1995). None of these
models, however, explicitly incorporate the potential jumping of activity in a volcanic gap filling sequence of eruptions.

In this study we focus on a spatial assessment; the probability of vent opening is conditioned on the occurrence of a new
eruption in the foreseeable future, and the estimates of vent opening do not have an associated temporal window. We
will provide long-term assessments, based on the record of past eruptions and on volcanic and structural features of the
region, without including any short-term (monitoring-based) information (Marzocchi & Bebbington, 2012). Such long-
term vent opening forecasts will help constrain the next generation of volcanic hazard zone maps, from which will stem
improved understanding of societal vulnerability to volcano hazards, more targeted hazard mitigation strategies, and wise
community growth and development planning. Moreover, we believe such long-term assessment provides the starting point
for immediate hazard assessments based on the incorporation of geophysical monitoring data into the forecast (Marzocchi
et al., 2004; Hincks et al., 2014; Aspinall & Woo, 2014).

We present a simple approach that integrates several models, with weights related to hind-casting performance (i.e. the
forecasting of past events based on pre-existing data). This new multi-model approach linearly combines three possible
models inside a probability mixture. Bayesian Model Averaging (BMA) is adopted for estimating the weight of each model
(weights reflect the probability of a particular model being the most appropriate) (e.g., Hoeting et al., 1999; Ajami et al.,
2007; Steel, 2011; Yan & Moradkhani, 2016). The models include elements of novelty, including the use of a different
procedure for estimating the bandwidth and drift in a kernel density estimator (Model 1), and the use of a Bayesian method
to add susceptibility around fault outcrops locations (Model 2). Moreover, the models expressly cope with the uncertainty
affecting a possible shift of eruptive focus, and with sources of uncertainty related to tectonic data. In particular, we
incorporate into our maps the available information from past vent location patterns, and tectonic structures, focusing
specifically on some of the key epistemic uncertainties of the volcanic system.

Our method treats the volcano as a stochastic system that must be assessed with incomplete information and through
careful interpretation of the uncertainty associated with each piece of information. For this reason the models are con-
structed, implicitly, as doubly stochastic (e.g., Cox & Isham, 1980; Daley & Vere-Jones, 2005, 2008; Jaquet et al., 2008,
2012). This means that the statistical distribution of the location of the next eruptive vent is represented using ill-
constrained parameters. These parameters are treated as random variables (e.g., Bevilacqua et al., 2015, 2016; Neri et al.,
2015; Bevilacqua, 2016). We define two different probability measures, one that describes the physical variability of the
system (aleatory uncertainty), and the second representing the epistemic uncertainty due to imperfect knowledge of the
system under study (Sparks & Aspinall, 2004; Marzocchi & Bebbington, 2012). This division corresponds to the distinction
between an intrinsic randomness of the system and the additional uncertainty that affects its representation, the latter
originating from incomplete information and expressing the degree of belief in alternative assumptions. As a consequence
of this approach, map values will have their own confidence intervals (e.g., Selva et al., 2012; Bevilacqua et al., 2015).

This study is structured as follows. First, the LVVR is described. Second, the volcanic datasets (past vent locations and
ages, tectonic structures) are presented. Third, the implementation of the main uncertainty sources and details of the
statistical models are given. Fourth, the vent opening probability maps, with uncertainty quantification, are presented
and discussed.

1 Long Valley volcanic region

The LVVR is located at the western edge of California, along the Sierra Nevada frontal fault escarpment. It includes
Long Valley caldera (LVC), an oval depression 32 km wide in the E-W direction and 18 km in the N-S direction, and the
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Mono-Inyo Craters volcanic chain, which extends 45 km from the west edge of the caldera to Mono Lake (Bailey, 1989),
(Bursik & Sieh, 2013). Mammoth Mountain is a 3400m high lava dome complex on the southwestern edge of the caldera,
rising about 1000m above it (Hildreth et al., 2014; Hildreth & Fierstein, 2016, Figure 1).

Mono Craters are the northern part of the Mono-Inyo Craters volcanic chain. These craters form a 17 km long ridge
composed of more than 30 overlapping volcanic domes and craters, rising 610m above the surrounding terrain (Bursik &
Sieh, 1989). Inyo Craters form a less prominent line of volcanic domes and craters extending 10 km south of the Mono
Craters into the western boundary of LVC (Miller , 1985).

Volcanism in the region began before 3Ma (Hildreth, 2004). The most voluminous and explosive eruption, which caused
the subsidence that formed the LVC occurred ~760 ka, with the eruption of ~600 km3 of rhyolitic magma and the deposition
of the widespread Bishop Tuff. The deposit thickness is locally 200m in the Upper Owens Valley and reaches 1500m inside
the caldera (Bailey, 1976; Hildreth & Mahood, 1986). Today the caldera floor ranges in elevation from 2000masl in the
mostly barren eastern half to about 2600masl in its western half, which is hilly and mostly forested. Topographic walls
of the caldera rise 3000−3600masl in elevation, except on the east and southeast sides, where the rim is only 100−200m
above the surrounding terrain. A 10 km wide, 500m high resurgent dome formed in the central part of the caldera floor.
Between the central hills and the caldera walls is an annular depression referred to as the caldera moat.

The most recent activity in the LVVR after ~60 ka, issued from the volcanoes of Mono Lake, the Mono-Inyo Craters, some
small eruptions in the Mammoth Mountain periphery, and the phreatic explosion pits of Mammoth Mountain (Sieh &
Bursik, 1986; Bursik & Sieh, 2013). The details of eruptions younger than 1000 years are relatively well known, progressing
from an explosive sub-plinian phase through a surge and pyroclastic flow phase, to a debris flow and dome building phase.
Older events are often discovered by examining deposits found in distal outcrops, although relationships between the
outcrops and source vents generally remain uncertain (Bursik et al., 2014; Yang & Bursik, 2016). Past activity includes
an ~1 km3 eruption in 1325−1350AD along a 25 km section of the Mono-Inyo Craters chain (Sieh & Bursik, 1986). The
most recent eruption, in ~1700AD, created Paoha Island in Mono Lake (Hildreth, 2004).

Seismologic and magnetotelluric studies (Achauer et al., 1986; Peacock et al., 2015, 2016) suggest that numerous, separate,
mid-crustal, potentially active magmatic sources (partial melt zones) lie in an irregular, but N-S elongated zone extending
from Mono Lake to Mammoth Mountain.

The ongoing period of unrest in the LVVR started in 1978 with a magnitude 5.8 earthquake (Hill, 2006, 2017; Hill et al.,
2017). Monitoring studies recorded numerous episodes of increased unrest in the LVC and under Mammoth Mountain,
including one in 2014 (Prejean et al., 2003; Shelly & Hill, 2011; Shelly et al., 2015). Diffuse CO2 emissions at Mammoth
Mountain claimed four lives in recent decades and killed ~40 km2 of forest (Farrar et al., 1995; McGee & Gerlach, 1998;
Gerlach et al., 1999). This long period of geophysical and geochemical unrest may culminate in a future volcanic eruption
that could have a serious impact on the region. This makes probabilistic analysis of the location pattern of vents a timely
and important task.

2 Dataset description

The inputs for the probabilistic maps consist of two different types of datasets: (i) the location and age of vent openings
after 180 ka (Bursik & Sieh, 2013; Hildreth et al., 2014; Hildreth & Fierstein, 2016), and (ii) the location of fault outcrops
and their measured extension rate (Bailey, 1989; Bursik & Sieh, 1989). Data sources include new field work. Unless
reported otherwise, the data are mapped on a regular grid of 200× 200 cells, each cell is 500× 500m, with the lower left
corner of the grid at (271050.1E, 4134249N) WGS84 UTM Zone 11N coordinates.

2.1 Distribution of past vents

The first dataset is the space-time location of 81 known past events after 180 ka (Figure 1 and the additional file,
TableS1.xlsx ). The selected time window contains events from the Mammoth Mountain region and the Mono-Inyo
Craters, including the youngest lava dome eruptions in the western part of LVC. The LVVR includes additional foci
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Figure 2: Cumulative number of past events as a function of time. Vertical lines separate subsets.
(a) Red curve is the entire sequence. (b) Blue curve is State A; green curve is State B. Horizontal
line segments display preliminary age uncertainty.
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of activity beyond these sub-regions, but they are not included in the dataset because they are older and there are no
signs of still un-crystallized magmatic reservoirs related to them. For each event, a spatial location is associated with an
uncertainty uniformly distributed within a disk of 500m radius —indeed most of the events left lava domes or craters.
Each disk partially covers 4 to 9 grid cells. Because this spatial location uncertainty coincides with the cell size, it does
not produce a large effect on the results, and we avoid carrying through the analysis additional spatial errors that might
arise by using another grid size.

Most of the vents of unknown age, reported in Figure 1, occur among clusters of vents known to be older and are therefore
outside of our temporal window. The other remaining vents that are not dated belong to the Mammoth or Mono systems
and we neglected their effect on the statistical models. However, the presence of these vents must be acknowledged and
additional field work may provide dates and thus, improve the overall accuracy of the estimates.

Preliminary age uncertainty, also displayed, is obtained by calibration of isotope dating and assuming a nominal 50%
standard deviation error for obsidian hydration rind dating. Age uncertainty at LVVR is the subject of our ongoing
research and it is not directly implemented in the model for vent opening location. An alternative eruption record is
introduced in Appendix B), exploring the robustness of the results against the details of the temporal representation.

The vent location dataset assumes a one-to-one relationship between the eruptive sequence, often consisting of multiple
pyroclastic events and dome formation, and the eruptive vent. The possible occurrence of eruptions with two or more
simultaneously active vents in different sectors of the region is considered as two distinct events for the purpose of vent
zonation, as is the possible occurrence of multiple eruption sequences from the same vent locality. For example, the North
Mono eruption and the Inyo eruption, both of 1325-1350AD, are considered as two separate events. Data locations and
ages are derived from recent relevant literature (Bursik & Sieh, 2013; Hildreth et al., 2014; Hildreth & Fierstein, 2016)
and new field work.

Figure 2 shows the cumulative number of events as a function of time. This past record is divided into five subsets based
on anomalously large shifts in spatial location or anomalous repose behavior:

Subset 1 180−149 ka, a 9-event sequence, average return time of ~3400 yr, concluded with an ~18 000 yr period of
quiescence;

Subset 2 131−60 ka, a 30-event sequence, average return time of ~2350 yr, activity occurred in Mammoth Mountain
area, concluded by a 20 km location shift to the first Mono event;

Subset 3A 59−27 ka, a 7-event sequence, average return time of ~4650 yr, a gradual shift of activity to Mono basin,
concluded by an ~13 000 yr period of quiescence;

Subset 3B 14−8 ka, a 5-event sequence, average return time of ~1150 yr, main activity centered at Mono basin,
concluded by a relative increase in activity rate;

Subset 4 <6ka, a 30-event sequence, average return time of ~200 yr, includes the most recent events and a much
higher frequency, more than 10 vents were active simultaneously, 1325−1350AD.

The ~20 km south to north shift in the locus of activity, which took place at ~60 ka, assumes great importance for the
interpretation of the volcanic system, and corresponds to the activation of the northern part of the region. After 59−27 ka
(Subset 3A, Figures 2 and 3), the eruption pattern showed a remarkable shift of the bulk of vent locations from the
Mammoth Mountain region to Mono Basin. We remark that there is no evidence of eruptions from the Mono-Inyo system
during the first 120 000 yr of the 180 ka record. Moreover, the physiography of Mono Basin does not allow for complete
erosion or obliteration of volcanic structures in that time period, so the start of activity in the north at 60 ka is assumed
to represent a real change in the vent opening pattern. For this reason, two different states of volcanic activity, named A
and B, are considered for modeling the past vent locations, with a probability, p1, of a new event occurring in State A.
As the recent activity has been confined to State B, this would represent a change of state. The partition of the record
into subsets has mostly a descriptive purpose, and does not play a role in the construction of probability models, except
for the classification into State A or State B. Geographically, State A is related to the Mammoth Mountain area, and
State B to the Mono Basin, with Inyo Craters lying in the middle. The UTM northing coordinate of the South Deadman
vent (4175778 northing, WGS84 UTM Zone 11N) is adopted as the geographic divisor between State A and State B.
State A mostly corresponds to the activity between 180 ka and 60 ka (Subsets 1−2, part of 3A and one event in 3B), while
State B corresponds to the activity between 60 ka and the present time (part of Subset 3A, most of 3B and the entire
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Figure 3: Time distribution of N−S (a,c) and E−W (b,d) vent propagation distances from 1st and
2nd spatially closest of pre-existing vents. Note, N−S scale (a,c) is ~5 times larger than E−W scale
(b,d). Histogram representations of the maximum likelihood Gaussian fits are shown in a1−d1.

Statistics in Volcanology



Bevilacqua et al. Long Valley long-term vent opening maps 9

Subset 4). The probability value of p1 is difficult to estimate, due to the fact that the Mammoth Mountain system is
partially crystallized, but since this volcanism is related to tectonics, reactivation of a current volcanic gap cannot be
completely discounted. Moreover, most of the precursory signals picked up by the current monitoring activity come from
the southern part of the volcanic region.

In general, the distance of propagation to each new vent from the set of previous vent locations is a quantitative parameter
of major importance for describing the data (see also, Magill et al., 2005). The temporal gap between eruptions is not
used explicitly because of sometimes poor date control affecting possible vent ordering. For this reason, alternative
distance measurements are defined, based on the distance of each new vent from the nearest of those previously active.
Figure 3 shows the distribution of N−S and E−W propagation distances from the first and second spatially closest of
the pre-existing vents after 180 ka. The 9 most ancient vents (Subset 1) are assumed as a starting dataset, necessary for
defining the distance of propagation, and are not included in the plots. The data are well-represented by a Gaussian
probability distribution according to the Shapiro-Wilk test (Figure 3, plots a1−d1). The vent propagation process is
clearly anisotropic (cf., Figure 3, plots a, c with plots b, d). It is worth mentioning that after the location shift took
place, a significant increase in N−S propagation distances followed.

2.2 Distribution of faults

The second dataset adopted in this study concerns the fault locations and extension measurements in the region. The
development of Long Valley volcanism is indeed related to the tectonic setting; the LVC lies in a releasing bend of the
transtensional Walker Lane belt (Bursik, 2009; Hill & Montgomery-Brown, 2015). Much of the LVVR began down-
dropping relative to the Sierra Nevada about 3Ma, with a total differential motion of ~1100m (Huber , 1981).

Pre-volcanic basement in the area is mainly Mesozoic granitic rock of the Sierra Nevada batholith, and Paleozoic meta-
sedimentary and Mesozoic meta-volcanic rocks (Bailey, 1989). Structural and petrological studies in other regions show
that some granitic plutons are emplaced in tectonic holes, pull-apart or extensional zones within regional strike-slip fault
systems (Vegas et al., 2001). If plutons develop in a local extensional tectonic environment, then it is natural to assume that
the volcanoes above them will also form in relation to the tectonic environment. In particular, geological and geophysical
evidence indicates that a tectonic pull apart zone or releasing bend guided the Bishop Tuff eruption and LVC subsidence
(Bursik, 2009). Indeed, venting of the Bishop Tuff began near the intersection of the major regional faults and the caldera
boundary (Hildreth & Mahood, 1986).

The Mono Basin is a northward plunging graben from the edge of LVC to Mono Lake (Gilbert et al., 1968). The temporal
pattern of offset rates suggests that the zone of greatest tectonic activity has migrated to the NW through time and now
is focused on that area. The Mono Craters magma system has been considered to be forming in a releasing bend similar
to LVC (Bursik & Sieh, 1989). In particular, the Mono magma chambers could enlarge by the incremental injection of
dikes along one wall of the releasing bend, suppressing tectonic movement along the nearby range-front fault of the Sierra
Nevada.

Two different sources of data are included in the analysis, four fault extension maps concerning Mono Basin, from Bursik
& Sieh (1989), and a fault location map for the entire region, from Bailey (1989) (Figure 4). In the case of a lack of
extension rate measurements for a particular structure, a value of 100µm per year is assumed; this is a typical extension
rate for faults in the region, and was adopted as a proxy for unknown extension rates in Bursik & Sieh (1989). A 100m
locational uncertainty buffer around fault scarps is assumed for producing the maps. These data are rasterized with 50m
accuracy, before being reduced to the final 500m cell size of the vent opening probability maps.

The data available for the Mono Basin cover the faults that were active after 130 ka. In particular, they cover four time
windows: 130 ka−66 ka, 66 ka−40 ka, 40 ka−14 ka, <14 ka. When considering the relevance of these data to vent opening,
the younger fault slips, <14 ka, may be the only relevant dataset in a forecasting model. However, they are strongly
correlated with dike accommodation beneath the Mono domes, and the older extension epochs could still be valuable data
for the long-term tectonics of the region. Two different approaches are considered: one assumes only the most recent time
window, the other picks up the maximum value of the extension rate from the three older time windows. The latter choice
enables us to attenuate the weighting of the Mono dikes, but forces us to rely on the older, less accurate data.
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Figure 4: Long Valley volcanic region tectonic datasets. Fault outcrop locations are shown with colored
lines and names. Different colors correspond to different sources: blue lines from Bursik & Sieh (1989),
black lines from Bailey (1989). The Long Valley caldera topographic boundary and ring faults (Hildreth,
2004) are also displayed as a dashed line and a dotted line.
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In general, a major component of the development of vent patterns is magma transport in dikes, mostly driven by the
buoyancy of lighter magma in denser country rock. Analogue experiments, field observations and numerical modeling
have been adopted for exploring the relative importance of the self-propagation of magma through pristine rock and the
control exerted by pre-existing faults. For this reason, the outcrop pattern of faults can give precious information for
the forecasting of future vent locations. Dike intrusion, like normal faulting, can accommodate extensional strain (Bursik
& Sieh, 1989). Dike capture by a fault is primarily limited to steeply-dipping faults, except at the shallowest depths.
This is because the pressure that the magma intrusion needs to exceed the normal stress across the fault walls generally
increases with depth. If the wall stress is too high, then the dike propagates vertically, ignoring the fault. In addition,
the fracture toughness of rock and the presence of pre-existing hanging wall fractures can influence the intrusion process
(Gaffney et al., 2007). Strike angle differences between dikes and faults can influence the interaction, as well as dike
volume and the presence of multiple sub-parallel faults (Le Corvec et al., 2013). The relationship between vent pattern
and dike distribution is a complex geological problem and is the subject of much ongoing research (Reches & Fink, 1988;
Eichelberger et al., 1988; Connor et al., 2000; Gaffney & Damjanac, 2006; Kiyosugi et al., 2012; Mazzarini et al., 2016).

A parameter of great importance in evaluating the complex relationship between faults and vents is the distance δ between
the surficial fault outcrop and the past vent locations. Because the faults in the area can be considered to have, on average,
a 60◦ dip (Bursik & Sieh, 1989), a first-order approximation for δ is given by half the depth of the shallowest fault-dike
interaction. Two different bounds are considered for the depth 2δ: the ~10 km brittle-ductile transition of the crust in
the region; and the ~2 km depth that is obtained from the numerical estimates of Gaffney et al. (2007) for a 60◦ fault
dip, granite-like rock toughness, and short (0.1m) pre-existing hanging wall fractures. While the first estimate might
be overestimating the depth of possible interactions, the second estimate potentially underestimates the depth threshold,
because the magma in any crustal chamber is likely to be more silicic than the basaltic magma assumed in the experiments.

3 Methods: doubly stochastic probability maps

The localization of the next eruptive vent in the LVVR is assumed to be a random variable, X, with a continuous density
in the spatial domain. The unknown value of X is the geographical location of the next vent. A vent opening map is
defined as the probability of a vent opening per km2 at each point in the region of interest and can be displayed as a
graph of the probability density of X per km2. Most of the probability estimates have their own confidence intervals due
to epistemic uncertainty, and even the final probability maps are affected by uncertainty; we calculate the mean, 5th and
95th percentile values for the vent opening probability density functions. We include the following uncertainty sources,
modeled with the uncertainty parameters (pi), where i = 1, . . . , 4.

Separate alternative assessments of the Mammoth region (State A) and the Mono region (State B). The degree of belief
in State A is p1; the degree of belief in State B is (1 − p1). We choose to assume that a vent in the State A dataset
does not count more than a vent in the State B dataset, without additional information. Hence, the random value of
p1 is uniformly sampled inside the interval [0% − 54%], (0.54 = 44/81 is the proportion of past vents after 180 ka that
opened in the Mammoth region). Specifically, we assume that the importance of vent locations belonging to the Mammoth
Mountain region ranges from negligible to equally important with the vents in the more recently active Mono region. More
detailed time-weighting of the two States, A and B, could be considered, but this weighting is affected by a proportional
uncertainty. The Mono region started to be active at 60 ka, which accounts for only ~33% of the total time record duration,
although the activity occurred during the most recent part of the record. Mammoth Mountain was active until ~10 ka,
with only 4 events recorded at Mammoth Mountain after 60 ka, but its activity covers more than 90% of the duration of
our record. In particular, after 10 ka more than 30 vents opened in the Mono region while none opened in the Mammoth
region. A spatio-temporal nearest-neighbor analysis (e.g., Connor & Hill, 1995) would indicate a very low weight for the
Mammoth region. In contrast, since 1980, geophysical precursory signals occurred in the Mammoth Mountain area, while
almost none occurred in the Mono-Inyo Craters area (Hill, 2006; Bergfeld et al., 2015). The p1 range described above
reasonably encompasses these contrasting strands of information. The two end members could be also described: (i) if
p1 = 0%, then the northward shift is a permanent feature, or (ii) if p1 = 54%, then the apparent northward shift is a
transient feature with lesser connection to the next possible eruption.

The degree of belief in a uniformly distributed background for the prior fault map compared to available tectonic information.
The degree of belief in a uniformly distributed background is p2; the degree of belief in available tectonic data is 1−p2. The
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random value of p2 varies inside the interval [0%−50%] assuming that it is unreasonable for the overall available tectonic
data to be weighted less than a uniform random distribution representing the lack of information about potentially
unmapped faults.

The degree of belief in the pre-14 ka fault extension sub-datasets for the Mono region compared to the most recent dataset.
The degree of belief in the pre-14 ka fault extension data is p3; the degree of belief in the most recent data is 1− p3. The
The value of p3 is randomly sampled inside the interval [0%−100%].

Two alternative models for estimating the distance bound δ, from fault outcrops to the vents potentially related to them.
One model uses a 5 km distance depending on the brittle/ductile transition depth, the other uses a 1 km distance depending
on numerical models for dike propagation. The degree of belief in the 5 km bound is p4; the degree of belief in the 1 km
bound is (1−p4). Neither approach is expected to be more reliable without additional information. Hence, p4 is uniformly
sampled inside the interval [0%−100%].

Similar to Bevilacqua et al. (2015), different map layers are linearly combined with specific weights, qj , where j = 1, . . . , n,
for the development of a total vent opening map that includes all information (see also, Chapman et al., 2012). While the
layers in the earlier work directly correspond to different key features/datasets, here the layers are associated with three
different conceptual models, Model 1, Model 2 and Model 3. Following this multi-model approach, each weight represents
the probability of the corresponding model to be the correct one in the forecast, assuming that one of the models is correct.
Figure 5 illustrates the logic of this vent opening model combination. The linear weights, q1, q2, q3, associated with each
of these models, are constrained through a BMA procedure detailed in Appendix A.

Model 1 is an anisotropic Gaussian kernel density estimation based exclusively on the distribution of past vents. In
general, a kernel density estimator is a way of smoothing past data (i.e., vent locations) into a probability density that
best represents the location of a potential future event that comes from the same underlying population as the observed
data. The smoothing is determined by the bandwidth (e.g., Bebbington & Cronin, 2011; Connor et al., 2012; Mazzarini
et al., 2016). The kernel function describes the expected distance of propagation of new eruptive vents from pre-existing
vents. The Bayesian procedure adopted for estimating the bandwidth, as well as the possibility of including a drift, are
novel elements in our study.

Model 2 assumes that fault outcrops (i.e. mapped faults) provide information for forecasting vent locations (e.g., Felpeto
et al., 2007; Cappello et al., 2012, 2015). New vents are expected to more likely occur near mapped faults. We consider
only the structures which are more likely to have previously interacted with the rise of magma (see also Martin et al.,
2004; Jaquet et al., 2012). Thus, our procedure is based on the update of tectonic data using the likelihood for preferred
paths of dike intrusion in the past. The application of a Bayesian procedure on fault data is another novel element in our
study.

Model 3 is a uniformly distributed probability map inside a conservative (i.e., large) distance range, basically the maximum
recorded distance of past vents from the nearest pre-existing vent after 180 ka. We use a 20 km range from past vent
locations, excluding regions above 3000m if not within a 5 km range from past vents (red dashed line displayed in Figures 7
and 13). Model 3 is included mainly to consider the effect of potentially missing information, complementing the first two
models which neglect the presence of unknown vents, and has a remarkably larger spatial extent than the others. Similar
uniform probability distributions have been implemented in Selva et al. (2012) and Bevilacqua et al. (2015) for the same
reason.

The 3000m elevation threshold has been included in Model 3 because LVVR is close to the Sierra Nevada, and there is
a very low probability for a non-volcanic peak to become a vent (most of the area is about 2000m in elevation, so this
implies a 1000m altitude difference). The additional 5 km threshold corresponds approximately to the range of Mammoth
Mountain peripheral activity, which is the only place where vent locations were recorded above 3000m. We also rely on the
geological assumption that future volcanism is expected near past activity. Model 1 directly relies on past vent locations,
and Model 2 considers mapped faults that are closer to past vent locations. None of the vents after 180 ka opened farther
than 20 km from previously active vents, so this assumption is also included in the more conservative Model 3.

However, we conducted a sensitivity analysis on the 20 km threshold. Reducing this threshold to a smaller value slightly
increases the average hind-casting performance of Model 3, but assigns zero likelihood to some of the past events. Indeed,
20 km is the maximum range that was observed in our record, and it is also the distance separating the foci of State A
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and State B; a shorter threshold distance would not have been able to forecast the jump that occurred at ~60 ka. Hence,
assuming a threshold range for the uniform map that is below 20 km is not geologically consistent with past activity.
In contrast, increasing the range of the uniform probability map above 20 km significantly reduces the hind-casting
performance of the model. Future research aimed at more accurate estimates of the low probability of unexpected
large jumps in the volcanic vent pattern could allow for more detailed estimates at the boundary of the domain, but this
is beyond the purposes of our study (see also Bebbington, 2015).
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Mammoth
[state A]

LEVEL 1
1-p1

p1

pre-14 ka post-14 ka
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uniform
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Figure 5: Logic tree of the multi-model scheme, presenting epistemic uncertainty sources. Ran-
dom variables modeling epistemic uncertainty sources are displayed. Blue boxes show two layers
of vent opening map in Model 1. Red boxes show five layers of prior probability of tectonic
parameters, and green boxes show two models for likelihood of vent location.

3.1 Kernel density estimation for past vents propagation (Model 1)

Kernel density estimation is a non-parametric method for estimating the spatial density of future volcanic events based
on the locations of past vents (Bebbington & Cronin, 2011; Connor et al., 2012; Mazzarini et al., 2013; Bevilacqua et al.,
2015). The kernel function can be any positive function K that integrates to one; in this study K is assumed to be a
two-dimensional anisotropic Gaussian density. A Gaussian density is completely described by its mean (or drift), µ, and
the covariance (or bandwidth) matrix, Σ.

Given the locations (xi, yi), where i = 1, . . . , N of N past events, we allow a new event to propagate some random distance
from a given location, which is sampled from the kernel function. That is,

X = (xk + d1, yk + d2) , (1)
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where X is the spatial location of the next vent, k is a discrete random variable in a 1, . . . , N sampling of one of the
previous vents, and d = (d1, d2) is a two dimensional Gaussian random vector with mean µ and covariance matrix Σ. A
small complication in our study is that the past vent locations do not comprise points, but instead disks of uncertainty,
and each vent area partially covers more than one cell of our grid. Therefore for each cell we take into account the fraction
of each vent disk that it contains and then we apply the kernel convolution to this value. It is significant that the adoption
of anisotropic kernel functions allows for directional features, which are particularly relevant in the Mono region.

Following this method, the only source of uncertainty affecting the results arises from the possibility of eruptions jumping
between the Mammoth Mountain region (State A) and the Mono region (State B). The uncertainty sources previously
listed concern the tectonic information. The random variables k and d change with the state; we define them as kA, dA for
State A and kB , dB for State B. Without additional information being available, the variables (kj), j = A,B, are assumed
to be equally distributed on the (Nj), j = A,B, vents belonging to the considered state, and in particular:

P [kA = i] = 1
NA

,∀ i ≤ NA

P [kB = i] = 1
NB

,∀ i ≤ NB

The estimation of the variables (dj), where j = A,B, relies on the statistics of the distances of propagation observed in
the past. They are characterized by their mean values µA and µB , and their covariance matrices ΣA and ΣB .

The complete kernel can be expressed as follows. For each j = A,B, the density fj of X conditioned on being in the
State j is the convolution of the kernel function describing dj with the past vent location disks (Di), i = 1, . . . , Nj , each
weighted by the distribution of kj :

fj(x) =
Nj∑
i=1

1
2Njπ

√
det(Σj)

∫
Di

exp

(
−1

2 (x− ξ − µj)T Σ−1
j (x− ξ − µj)

)
dξ. (2)

The combined formula adopted for defining the final density is

f = p1fA + (1− p1)fB . (3)

Mean values (µj), j = A,B, and covariance matrices (Σj), j = A,B, for State A, are obtained from propagation distances
of the 35 most recent vents in State A. The 9 oldest vent locations (Subset 1 defined above) serve as an initial distribution,
necessary for the definition of the propagation distances. For State B we consider the 30 most recent propagation distances
(Subset 4), using the 7 older State B vents as an initial distribution. This estimate also depends on the pre-existing vent
from which we are measuring. We consider measuring from the spatially closest vent, or from the second closest vent (and
of course one could continue looking farther afield), and find very different results.

Alternative estimates are produced considering all the different distances from the nth closest pre-existing vent for n =
1, . . . , 7. They produce different drifts, different bandwidth matrices, and hence different shapes for the propagation
kernels. The combination of these distance measurements is done following a Bayesian Model Averaging (BMA) procedure
based on a hind-casting validation of the most recent part of the State A and State B datasets (25 events); this procedure
is detailed in Appendix A.

Our procedure is different from the bandwidth selection methods based on least-squares cross-validation (LSCV) (Duong,
2007), or on the sum of asymptotic mean squared error (SAMSE) (Duong & Hazelton, 2003). The LSCV and SAMSE
methods both rely on the mean integrated squared error (MISE) criterion,

MISE(f) = E

[∫
R2
|f(x)− g(x)|2 dx

]
, (4)

to measure the performance of the estimated density f compared to the target density, g, (i.e., the unknown density
from which the data points are sampled). MISE depends on g, and the methods cope with this through plug-in estimates
(SAMSE) and cross-validation techniques (LSCV). Model 1 of this study does not make a comparison with any target
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density, g, but instead focuses on the distances between new data points (i.e., vents) and the pre-existing data points
(see also Magill et al., 2005). We use the temporal sequence of data, and this also enables us to compute a drift in the
propagation pattern, together with the covariance matrix.

Other bandwidth selection methods are based on the maximization of the Kullback-Leibler score, S, inside a cross-
validation procedure (Vere-Jones, 1992; Bebbington, 2015). In particular:

S =
∑
i∈Θ

logf(xi)−
∫
R2
f(x)dx, (5)

where (xi), i ∈ Θ, are the data point locations selected for the validation, and f is computed using the other data points.
In our vent opening mapping problem (spatial estimates only, not including time), the second term of this sum is equal to
one, and maximizing S is equivalent to maximizing the log-likelihood of the data points inside Θ. Model 1 of this study
is different because it relies on the temporal sequence for setting up the validation procedure instead of following a cross-
validation approach. Moreover we implement BMA on a set of possible bandwidth models instead of relying on a single
maximum likelihood estimator. Significantly, all of our prior bandwidth models use only nearest data point (pre-existing
vent) information, hence the corresponding estimator can be inconsistent and the BMA at least partially compensates for
this.

Because of its similarity to our approach, we make a comparison of Model 1 with the spatio-temporal nearest-neighbor
estimate approach detailed in Connor & Hill (1995), concerning the production of vent opening maps in the Yucca
Mountain region (Nevada). Similarly, their method also uses information from only the nearest vents. The procedure
includes temporal information, weighting vents inversely according to ∆t∆x2. In our approach, the reduced weight of
State A follows a similar reasoning. However, the LVVR temporal record ranges over almost three orders of magnitude,
and the relevance of State A activity in the spatio-temporal nearest-neighbor analysis is significantly smaller than in our
approach. In contrast, a spatial nearest-neighbor analysis gives a larger relevance to the State A activity, because of the
strong spatial clustering of past vents in that region.

3.2 Bayesian update of fault extension maps (Model 2)

Model 2 merges tectonic data and past vents locations following a Bayesian approach. The vent opening map depends
on an additional spatial parameter ζ = (ζ1, ζ2) representing the outcrop of the fault interacting with a future potential
rising dike. First, we obtain the prior distribution of ζ from the available fault extension dataset. Next, we calculate the
posterior distribution of ζ given the observation of past vent locations and a Gaussian likelihood function concerning the
expected distance of faults and vents. Finally, we convolve the likelihood function with the posterior distribution of ζ for
calculating the vent opening probability map.

This is a different approach from the one reported in Martin et al. (2004). In that study, various strands of geophysical
data were implemented as likelihood functions to update the prior vent opening probability distribution based on the
spatio-temporal pattern of past events. In our study, the roles of parameter and observation are the inverse of those.

In the following, we detail the construction of the prior probability distribution of ζ including the sources of uncertainty
previously described. The prior probability is assumed to be uniformly distributed on a 100m buffer along fault scarps,
weighted in proportion to their extension rate measurements in a log-scale of 10µm per year units. State A and State B of
the system correspond to separate prior probability maps, respectively based on Bailey (1989) and Bursik & Sieh (1989)
datasets. In particular, we define two alternative maps for State B, assuming the pre-14 ka maximal extension rates or
the post-14 ka extension rates. We also include an additional uniformly distributed probability map for considering the
incompleteness of this tectonic information. This uniform probability distribution has a different meaning than the one in
Model 3. These maps are not vent opening maps, but rather probability maps of the tectonic parameter ζ. In total, we
consider four alternative prior probability maps, each of them associated to a different degree of belief (mi), i = 1, . . . , 4,
influenced by the epistemic uncertainty parameters (pi), i = 1, 2, 3.

These degrees of belief are:

m1 = (1− p1)(1− p2)p3, for State B pre-14 ka tectonic data,
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m2 = (1− p1)(1− p2)(1− p3), for State B post-14 ka tectonic data,

m3 = p1(1− p2), for State A tectonic data,

m4 = p2, for a uniform probability distribution.

The sum of these four degrees of belief is equal to one, and a simple logic tree (presented in Figure 5) underlies their
definition from the parameters (pi), i = 1, 2, 3.

Conditioned on the tectonic parameter value ζ = (ζ1, ζ2), we define the likelihood for a vent location x as a symmetrical,
two dimensional Gaussian function of mean ζ and covariance matrix σ2I:

g(x|ζ) = 1
2πσ2 exp

(
− 1

2σ2 ‖x− ζ‖
2
)

(6)

The value of the standard deviation, σ, is related to the distance bound from the fault outcrops to the vent openings
related to them: 5 km, depending on the brittle/ductile transition depth, or 1 km, depending on the numerical models for
dike propagation. In particular, we assume this bound equal to 2σ, which is the 95th percentile of the one-dimensional
projection of the Gaussian likelihood g(·|ζ) on the unknown dipping direction of the considered fault. The degrees of belief
in the two models are p4 and (1− p4), respectively.

Then, for each specific past vent location (xi, yi), we use Bayes theorem to calculate the posterior probability density
values z(ζ1, ζ2|xi, yi) of ζ as the product of the prior density values z(ζ1, ζ2) and the likelihood g(xi, yi|ζ1, ζ2) values, up to
a multiplicative normalization constant C. We integrate past vent locations on their uncertainty disk (Di), i = 1, . . . , N ,
according to the expression:

z(x|Di) = C ·
∫

Di

z(x)g(ξ|x)dξ. (7)

A sequential update of several past vent locations would produce an averaged dike preferential path. Considering, instead,
an ensemble of alternative magma paths for the different events, we calculate different posterior probabilities, one for each
of the past vents considered, and we define the global posterior of ζ as the average of them, with equal weights.

This procedure is repeated for the four different prior maps considered for ζ, producing four posterior maps. We define
a combined posterior probability map comprehensive of all the possible prior choices by another linear averaging step,
weighting the posterior maps for ζ in proportion to the degrees of belief (mi), i = 1, . . . , 4 listed above. Linear averaging
is not commutative with the Bayes theorem; a different result would be obtained by averaging the four prior probability
maps instead. We choose to average the posterior probability maps because, by this method, the linear weights directly
impact the final results, and they are not altered by the multiplicative step.

Finally, we calculate the vent opening map applying the kernel function g(·|ζ) to the final posterior probability distribution.
In summary, the vent opening probability density g according to Model 2 is defined by:

g(x) =
∫
R2
g(x|ζ)

4∑
j=1

mj

N

N∑
i=1

zj(ζ|Di)dζ, (8)

where (zj), j = 1, . . . , 4 are the prior probability density functions of ζ, (mi), i = 1, . . . , 4 are their degrees of belief, and
(Di), i = 1, . . . , N are the uncertainty disks of past vents.

3.3 Stochastic combination of the three models

We have described three conceptual models: (i) the kernel density estimation model, (ii) the model based on the Bayesian
update of the fault map, and (iii) the uniform probability model. The purpose of the study is to produce a vent opening
map integrating all of the available information, and hence, we will accomplish a linear combination (probability mixture)
of the three maps. Because the models are doubly stochastic, this combination will be repeated for each of the sample
maps inside a Monte Carlo simulation. Figure 5 illustrates the logic of this vent opening model combination.
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The linear weights (qi), i = 1, 2, 3, are a key parameter in this approach. In Bevilacqua et al. (2015) expert judgment
techniques were adopted to constrain the linear weights; in contrast here, we will follow a Bayesian model averaging
approach, relying on how the three models performed to hind-cast the 25 most recently active vent locations based on the
older data. The weights (qi), i = 1, 2, 3 coincide with the model scores s(i), i = 1, 2, 3 (see Appendix A).

4 Results and discussion

First, we separately describe each model’s detailed results, then we present the linear weights and the combined maps.

4.1 Kernel density estimator map (Model 1)

The key elements of Model 1 are the parameters of the kernel function, the mean vector µ and the covariance matrix Σ,
which depend on the choice of nearby vents used to calculate the vent propagation distance. For example, assuming we
measure the distance from the nearest previously active vent (in km), the covariance matrix ΣA calculated through the
unbiased estimator, and the associated (column-wise) eigenvectors (vA

1 , v
A
2 ) are:

ΣA =
[

1.218 0.240
0.240 0.974

]
(vA

1 , v
A
2 ) =

[
−0.852 0.523
−0.523 −0.852

]
(9)

In State A, both the covariance matrix and the eigenvectors do not show a large anisotropy. This distance is the most
likely according to the BMA procedure (Table 1). Concerning State B, the more likely results are, instead, obtained
considering the distance of each vent in the sequence from the 3rd closest pre-existing vent (Table 1). The covariance
matrix ΣB and the eigenvectors (vB

1 , v
B
2 ) are in this case:

ΣB =
[

1.637 −1.183
−1.183 16.656

]
(vB

1 , v
B
2 ) =

[
−0.078 −0.997

0.997 −0.078

]
(10)

In State B, the covariance ΣB,22, concerning the N−S direction, is an order of magnitude larger than ΣB,11. The first
eigenvector is directed north, compatible with the strike direction of the main faults.

For both the State A and State B calculations, the mean vector µ, which represents a mean drift in the propagation
distance, is less than 300m and does not significantly affect the results.

Table 1: The BMA weights, bandwidth selection for Model 1.

Scores M1 M2 M3 M4 M5 M6 M7

StateA (sA) 99.70% 0.19% 0.06% 0.05% 0.00% 0.00% 0.00%
StateB (sB) 0.00% 0.53% 71.13% 23.82% 0.48% 3.89% 0.14%

Considering the ith spatially closest pre-existing vent for i = 1, . . . , 7, different estimates are produced. We linearly
averaged the alternative kernel density functions accordingly to the BMA scores presented in Table 1 (also described in
Appendix A).

Figure 6 shows an example of the effect of BMA on the kernel functions. On the left are the plots of the average kernel
function adopting prior scores, while on the right are the results with posterior ones. The reduction of variance is due to
the fact that higher index models do not get large scores.

The vent opening maps presented in Figure 7 are the estimates for the probability of vent opening per km2 in each point
in the region of interest according to the described model. The maps have their own confidence intervals due to the effects
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Figure 6: Plots of kernel distributions. Colors and numbers show probability as a percentage per km2.
Frames (a and c) show mixtures assuming equal weights s(i), i = 1, . . . , 7. Frames (b and d) present
the posterior weights.
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Figure 7: Spatial vent opening probability maps for LVVR based on kernel density estimation method.
In (a) we show the 5th percentile values, in (b) the mean values, and in (c) the 95th percentile values
of the probability. Color, contours and numbers show probability as a percentage per km2. Black lines
are 0.3% spaced, dashed lines mark 0.1% and 0.02% probability density levels. Red dashed line marks
the map boundary (described in Model 3).
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of epistemic uncertainty on parameter p1, i.e., the unknown relevance of Mammoth Mountain (State A). For this reason
three maps are displayed, showing the 5th percentile, the mean and the 95th percentile values.

Colors and contour lines show the vent opening probability as a percentage per km2. The thin red dashed line marks
the current domain boundary, a 20 km range from past vents locations, excluding places above 3000m if not in a 5 km
range from past vents. The local maxima of the probability are clearly localized around Mammoth Mountain in the south
and the Mono-Inyo Craters range in the north. The mean probability density values per km2 are about 1.3% and 0.7%
respectively, indicating a more peaked probability in the Mammoth Mountain region. However, this does not produce
a remarkably higher integral of probability because the Mono region covers more than twice the area width, specifically
detailed for the combined maps. The relevant epistemic uncertainty about the real relevance of State A activity, compared
to that of the younger State B, has the effect of making the 5th percentile maxima of densities in the two sub-regions 0.1%
and 0.5% respectively, whereas the 95th percentiles are instead 2.6% and 1.0%, respectively.

4.2 Bayesian update of the fault map (Model 2)

The posterior probability distribution of ζ is presented in Figure 8, with specific colors indicating the probability density
value per km2 of this tectonic parameter. A black line bounds the 0.02% probability density per km2. Areas of high
probability closely follow the fault outcrops which are proximal to past activity. However, the largest random p2 values,
associated with the uniformly distributed probability map, produce a higher probability further from the mapped faults.

Figure 9 shows the vent opening maps obtained from Model 2, according to the previously described tectonic data. The
maps have their own confidence intervals due to the effects of epistemic uncertainty on parameters (pi), i = . . . , 4, and
again three maps are displayed, showing the 5th percentile, the mean and the 95th percentile values. The mean map shows
what we obtain if we average the different conceptual models according to their degrees of belief (mi), i = 1, . . . , 4, and
the percentile maps display what may change according to the uncertainty that affects such degrees of belief.

In this case, the maximal mean values at Mammoth Mountain and around Mono craters are 1.7% and 2.1% per km2,
indicating that the distribution is more peaked than following Model 1, reducing the difference between the north and
south sub-regions. The south maximum drops to 0.1% in the 5th percentile map, while the north is 0.5%. The 95th

percentile maxima reach 4.5% and 4.1%, respectively. A secondary maximum is also present in the Mono Lake zone,
reaching a mean of 1.0%. Because of epistemic uncertainty affecting the estimates about the distance from fault outcrops
and new vents (5 km or 1 km), the 95th percentile map shows more widely spread high density values, while the 5th

percentile map is more narrowly following the main fault lines.

4.3 Combined vent opening probability maps

Table 2: The BMA weights for multiple models.

Scores 5th percentile mean 95th percentile

Model 1 (q1) 33.06% 38.73% 46.76%
Model 2 (q2) 41.19% 51.90% 57.22%
Model 3 (q3) 07.62% 09.38% 11.30%

Using the BMA procedure described in Appendix A, we obtain the weights (qj), j = 1, 2, 3, adopted for a linear combination
of the three alternative conceptual models developed: (i) the kernel based method (Model 1), (ii) the Bayesian update of
tectonic data (Model 2), and (iii) the uniformly distributed probability map (Model 3). These estimates are affected by
epistemic uncertainty depending on the uncertain parameters (pi), i = 1, . . . , 4. Hence, the distributions of (qj), j = 1, 2, 3
are described by their mean values, 5th percentiles and 95th percentiles and calculated using the BMA algorithm in a
Monte Carlo simulation which randomly sampled the value of the (pi), i = 1, . . . , 4; these are presented in Table 2. Model 2
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Figure 8: Tectonic parameter ζ posterior probability distribution, after past vents data. (a) shows the
5th percentile values, (b) the mean values, and (c) the 95th percentile values of the probability. Color
and contours show probability as a percentage per km2. Black lines mark the 0.02% probability density
level. Red dashed line marks the map boundary (described in Model 3).
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Figure 9: Spatial vent opening probability maps for LVVR based on Bayesian update of tectonic data.
In (a) we show the 5th percentile values, in (b) the mean values, and in (c) the 95th percentile values
of the probability. Color, contours and numbers show probability as a percentage per km2. Black lines
are 0.5% spaced, dashed lines mark 0.1% and 0.02% probability density levels. Red dashed line marks
the map boundary (described in Model 3).
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Figure 10: Spatial vent opening probability maps for LVVR based on three averaged models (BMA).
In (a) we show the 5th percentile values, in (b) the mean values, and in (c) the 95th percentile values of
the probability. Color, contours and numbers describe probability as a percentage per km2. Black lines
are 0.4% spaced, dashed lines mark 0.1% and 0.02% probability density levels. Red dashed line marks
the map boundary (described in Model 3).
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weights at more than half of the total probability, but Model 1 is still significantly relevant, gaining more than one third
of the total probability.

It is helpful to compare these results with those of Bevilacqua et al. (2015). Here the uncertainty bounds are significantly
narrower, and the uniformly distributed probability map received a smaller weight, compared with the Bevilacqua et al.
(2015) findings. These differences arise not only from the different features of the two volcanic systems studied, but also
from the different statistical approaches followed, an expert judgment analysis in the former study and BMA in this study.

Figure 10 shows the averaged model map using the BMA weighted combination. Again, maps of the 5th percentile, the
mean and the 95th percentile values are shown. The average maxima of 1.3% probability per km2 in the Mammoth and
Mono regions are equal, but such probability values in the north region cover a much larger extension. The Mono Lake
secondary maximum reaches a mean of 0.5% per km2. The Mammoth and Mono region maxima reach 2.9% and 2.5%,
respectively, in the 95th percentile maps, but are reduced to 0.2% and 0.5% in the 5th percentile map. The uniform
probability distribution produces a probability minimum of at least 0.0032% per km2 inside the red dashed boundary
displayed in the figure.

We also estimate the complementary probabilities of a new event opening in the northern and in the southern parts of
LVVR, according to a separation line at the northernmost point of LVC boundary (4180952 northing, WGS84 UTM Zone
11N and marked as a black dot in Figure 11. They are described as average probability values and 5th percentiles and
95th percentiles due to epistemic uncertainty effects: North [45.87%, 63.56%, 84.70%], South [15.30%, 36.44%, 54.13%].
Additional estimates are possible for any specific subset of the region.

Figure 11 shows the density function of the marginal South-to-North direction of the vent opening probability, i.e., the
integral of the bivariate probability distributions shown in Figures 7, 9 and 10, along the horizontal (E−W) direction. This
enables us to plot a one-dimensional summary of the vent opening maps. In Figure 11a we show the mean and percentile
curves obtained from the kernel density estimator method, in Figure 11b, the percentile curves from the Bayesian update
of the fault map, and in Figure 11c, the averaged model results. Figure 11d shows a comparison between the mean
density functions of the different models. For the sake of completeness we also include the marginal density of the uniform
probability distribution (Model 3), which is not constant because of the varying width of the area.

In Figure 11 (a, b and c), the parts of the curve corresponding to Mammoth Mountain and Mono Craters are labeled.
The higher level of uncertainty affecting the former is characterized by the larger spread between the percentile lines. In
Figure 11 (b and c), the parts corresponding to Inyo craters and Mono Lake are labeled, characterized by local maxima
in Model 2. The averaged model produces curves intermediate to those of Models 1 and 2, with a smaller effect from
Model 3, reducing the spikes in the 95th percentile curve and producing a low probability tail at the boundary of the
volcanic region.

Conclusions

We have developed a new spatial map of the long-term probability of vent opening, conditioned on the occurrence of a
volcanic eruption in the LVVR region. The estimates are based on the most up-to-date information of the distribution
of past eruptive vents after 180 ka, from literature (Bursik & Sieh, 2013; Hildreth & Fierstein, 2016) and new field work,
and from fault locations and their extension rates (Bailey, 1989; Bursik & Sieh, 1989). The doubly stochastic features
and BMA approach implemented on logic tree schemes permit the combination of different conceptual models and the
production of averaged estimates, including uncertainty quantification. Our map represents crucial input information
for the development of quantitative long-term hazard zonation of potential hazardous eruptive phenomena in the LVVR,
such as pyroclastic density currents and tephra fallout (Miller et al., 1982; Bayarri et al., 2009, 2015; Neri et al., 2015;
Volentik & Houghton, 2015; Sandri et al., 2016). The vent opening map may also be used as the basis for generating up-
dated short-term probability assessments, once monitoring information is integrated. Additional research aimed at a more
detailed modeling of the temporal record in the LVVR region would be relevant, and a specific uncertainty quantification
concerning temporal completeness of the record is fundamental to improve the current analysis. Our most significant
results include the following:
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Figure 11: Marginal density functions of the vent opening probability maps for LVVR, along the
South-to-North direction. Shown are (a) Model 1, (b) Model 2, (c) the averaged model results. Black
curves describe the average values, continuous colored curves the 5th percentile values, dashed colored
curves the 95th percentile values of the probability density per km. (d) shows a comparison of the mean
density functions, different colors describe the different models. A black dot marks the northernmost
point of LVC boundary.
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1. Through the application of a doubly stochastic model, our map explicitly accounts for the presence of relevant
sources of epistemic uncertainty in relation to the interpretation of the LVVR volcanic system. We consider
the potential relevance of Mammoth Mountain activity, the time window/completeness of tectonic data, and
the range from fault outcrops in which the vent opening probability is increased. In addition to a mean vent
opening map representative of the physical variability of the process, we quantify the effects of these epistemic
uncertainty sources, and display the 5th percentile and 95th percentile uncertainty bounds at each location.

2. We present a kernel density estimation model with anisotropic properties due to the specific past vents migra-
tion pattern relying on a new Bayesian procedure to estimate covariance and drift (Model 1). We present a
new Bayesian approach based on tectonic data and observations of past vents locations (Model 2).

3. Three different statistical models are combined through a BMA procedure based on a comparative validation
via the hind-casting of the most recent vent locations. This proves to be a versatile tool for comparing and
combining different models. We expect that the integration of BMA with expert judgment could improve un-
certainty quantification in multi-model frameworks, improving comprehension of target questions, and reducing
response bias.

Our results show evidence for two principal high probability sub-regions, one along Mono-Inyo Craters and the other around
Mammoth Mountain. The probability density values at the Mammoth Mountain and Mono-Inyo Craters maxima are very
similar, but the Mammoth Mountain high-probability sub-region is spatially more localized, and it is also significantly
affected by epistemic uncertainty. We calculate the vent opening probability integrals on the north and south parts of
the region, obtaining ~64% and ~36% probabilities respectively, with an uncertainty of about ±20%. This is significant
to our thinking about the LVVR hazard, as previously the estimation of the hazard related to Mammoth Mountain has
tended to be near zero, owing to the age of the edifice as a whole. This result, taken together with the recent mapping
and dating by Hildreth et al. (2014) and Hildreth & Fierstein (2016) of Mammoth Mountain and its periphery suggests
that the hazard associated with volcanism in this area should be more fully evaluated.
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TableS1.xlsx contains the dataset adopted in the main text, while TableS2.xlsx contains the modified dataset adopted
in Appendix B.
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Appendix A: Bayesian model averaging

This appendix describes additional technical details on the vent propagation distance estimator and on the model averaging
procedure. In general, the Bayesian model averaging (BMA) provides a coherent mechanism for weighted averaging of
alternative models, allowing the production of more comprehensive output estimates (Hoeting et al., 1999; Ajami et al.,
2007; Steel, 2011; Yan & Moradkhani, 2016).

Let (Mi), i = 1, ..., n be a set of alternative probability models for the calculation of a random quantitative output δ,
such that we do not know which is the correct one. The main step of BMA is to define some scores s(i), i = 1, ..., n for
the models based on a set of available observations (D) about the quantity δ. The scores are normalized to sum to one,
allowing the definition of a discrete probability distribution on the models set (Mi), i = 1, ..., n. These scores represent the
probability of the models to be correct, assuming that exactly one of them is correct. Equal prior scores, s(i), i = 1, ..., n,
are assumed for each model, such that si = 1

n
∀ i. Bayes Theorem states that, for each i = 1, ..., n, the posterior weights

can be calculated as:
s(i|D) = Li(D) · s(i)

C
, (11)

where Li is the likelihood associated to model i, and C is a normalizing constant such that the posterior weights sum
to one. Hence, starting from equal prior scores, the posterior scores are proportional to the likelihoods of observed data.
A maximum likelihood approach would have considered only the best fitting model, while the BMA’s more conservative
approach allows a weighted average of all models.

In this study there are two outputs (δ) on which BMA is applied: one is the propagation distance (d) of each new vent from
the cluster of previously active vents, according to the model set (Mi), i = 1, ..., 7, where model Mi uses the propagation
distance of the vent from the ith spatially closest of the previously active vents, and the other is the vent opening location
X, according to the model set (Mi), i = 1, 2, 3, where M1 is the kernel density estimation model, M2 is the model based
on the Bayesian update of the fault map, and M3 the uniformly distributed probability map. In both the cases, the
observations inside D are generated through a hind-casting validation technique set up for each of the most recently active
vents.

Distance of propagation. In this case the set D includes m = 25 elements for StateA (post 93 ka) and for StateB
(post 3.5 ka). In detail, for each model (Mj) the total likelihood (Lj(D)) is the product of the likelihoods of the considered
events:

s(j|D) = 1
Cn

m∏
i=1

∫
Di

f i
j(x)dx, (12)

where C is a normalizing constant, n is the number of models, f i
j is the density of the vent location model obtained

restricting kA and kB , respectively, to the vents active before the ith and calculating d according to the model Mj . The
same scores concern all the observations inside D.

Vent opening models. In this case each one of the m = 25 most recent events is separately selected as a potential
observation (i.e., the site of the disk of uncertainty Di, for i in 1, . . . ,m. Hence, m different triplets of posterior scores are
calculated. This permits the assumption of changing scores as a function of the event. A statistic of the total likelihood
is defined as the average of such values, according to the expression:

s(j|Di)i=1,...,m = C

mn

m∑
i=1

∫
Di

f i
j(x)dx, (13)

where f i
j is the density of the jth vent location model obtained restricting k (forM1 andM2) to the vents active before the

ith. This average is the estimator for the scores adopted in the averaged model for calculating the vent opening probability
map in LVVR.
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Appendix B: Effects of an eruptive record change

The eruptive record of the LVVR region is the subject of ongoing research (Yang & Bursik, 2016), and the age of several
events could be constrained differently by newer measurements. In addition, some vent locations have not yet been dated;
these are displayed with small purple dots in Figure 1, together with the vents older than 180 ka. The availability of
additional information and the update of the eruption record will also affect the BMA procedure, potentially changing the
scores of the models in a way that improves the multi-model performance. This section provides an example of eruptive
record change, concerning the [2−50] ka time interval, according with other radio-isotopic dates reported in literature
(Dalrymple, 1967; Bursik & Gillespie, 1993; Hu et al., 1994; Reid, 2003; Marcaida, 2015). The alternative record is
reported in the additional file TableS2.xlsx.

Figure 12a shows the cumulative plot of this alternative eruption record. Main differences affect the Mono domes sequence,
which is assumed to be older and re-ordered. Moreover, the State B first event is now dated at 42.5 ka instead of 59.4 ka.
Modifications in Subsets 3A, 3B and the initial part of 4 change the observed propagation distances, with non-negligible
effects noticed only on the Model 1 results. They do not produce significant effects on Model 2 and 3 results. The new
Bayesian model averaging scores for propagation distance are presented in Table 3.

Table 3: The BMA weights, bandwidth selection for Model 1 (alterna-
tive record for State B)

Scores M1 M2 M3 M4 M5 M6 M7

StateB (sB) 0.00% 0.00% 0.59% 96.25% 0.25% 2.58% 0.34%

Figure 12b shows the output of the new posterior kernel function, which appears more diffuse than before the record
change. This change affects the vent opening probability map, shown in Figure 12c. The probability of vent opening in
the Mono region is slightly less peaked than the probability shown in Figure 7. The maximum probability value decreases
0.5% per km2 because the same amount of probability is spread over a larger area.

Model performance appears to not be significantly different after the dataset change. The new BMA weights are presented
in Table 4.

Table 4: The BMA weights for multiple models.

Scores 5th percentile mean 95th percentile

Model 1 (q1) 34.82% 39.38% 46.15%
Model 2 (q2) 45.52% 51.88% 56.09%
Model 3 (q3) 07.04% 08.74% 11.07%

Figure 13 presents the probability maps: (a) 5th percentile values, (b) mean values, and (c) 95th percentile values. Again,
the results are not significantly different from those in Figure 10, showing only a minor reduction of the Mono maximum.
The averaged model results prove to be quite robust against the described change in the eruption record.
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Figure 12: (a) Cumulative number of past events as a function of time according to the changed eruption record.
Vertical lines separate subsets. The blue and green curves separate States A and B. Horizontal segments display
preliminary age uncertainty. (b) Plots of the new kernel posterior distribution. Frame presents the posterior weights.
(c) Spatial vent opening probability map for LVVR based on kernel density estimation method and changed record.
In (b-c) colors, contours and values describe probability as a percentage per km2. Black lines are 0.3% spaced,
dashed lines mark 0.1% and 0.02% probability density levels. Red dashed line marks the map boundary.
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Figure 13: Spatial vent opening probability maps for LVVR based on three integrated models (BMA) and the
changed record. (a) shows the 5th percentile values, (b) the mean values, and (c) the 95th percentile values of
probability. Color, contours and numbers describe probability as a percentage per km2. Black lines are 0.4%
spaced, dashed lines mark 0.1% and 0.02% probability density levels. Red dashed line marks the map boundary.
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