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ABSTRACT

Over the last 60 years, six landslides with volumes from 105 m3 to 5.3 x 107 m? have occurred around Qweldweldsten (Mount
Meager Volcanic Complex; MMVC), southwestern British Columbia, Canada. The dormant volcanic massif has experienced sig-
nificant uplift leading to exposed and incised Miocene and older basement rocks and volcanic rocks associated with the MMVC.
The topographic relief and variation in rock types creates a complex environment where the interplay between lithology and land-
slide initiation can be captured. We developed models using logistic regression and random forest methods to assess the most
critical parameters affecting inter-eruptive landslide susceptibility in the area. Both approaches indicate that Devastator Peak
and Plinth Peak volcanic assemblages are of notably higher landslide susceptibility. Large landslides originated in higher areas,
but long runout poses the main hazard. Results support the need for detailed geological mapping for landslide susceptibility

assessments in elevated volcanic massifs worldwide.

KEYWORDS: Inter-eruptive hazards; Deglaciation; Alteration; Uplifted volcanism; Slope stability.

1 INTRODUCTION

Volcanoes are complex systems with many factors that can
impact landslide susceptibility [van Wyk de Vries and Fran-
cis 1997; Voight and Elsworth 1997; van Wyk de Vries and
Davies 2015]. A landslide is defined as the movement of a
mass of rock, earth or debris down a slope [e.g. Cruden 1991].
Landslide susceptibility is defined as the propensity of an area
to failure, and is a function of the stability of the slope and
presence of factors which may reduce said stability [Crozier
and Glade 2005]. Landslides are commonly classified accord-
ing to their movement type and the material involved [Hungr
et al. 2014] but may be classified according to many other fea-
tures such as geometry, rate of movement and causes [Varnes
1978]. Landslides may exhibit properties of multiple classes
and transition in behaviour [Cruden and Varnes 1996}, such
as rock slide-debris avalanche, which are typically a result of
high entrainment during the failure [Hungr and Evans 2004;
Mitchell et al. 2020]. In volcanic terrain, high degrees of het-
erogeneity can lead to a combination of landslide behaviours
simultaneously [Roberti et al. 2017].

Five general methods exist for assigning landslide suscepti-
bility: geomorphological mapping, analysis of landslide inven-
tories, heuristic or index-based approaches, physically based
models, and statistically based modelling methods [Guzzetti
et al. 1999]. The methods have distinct advantages and disad-
vantages, which may result in certain methods yielding results
that are more accurate, more interpretable, or more transfer-
able to decision-makers, depending on the problem at hand.

The growth of satellite and space-borne data sources has
enabled statistically based methods to be completed with
greater accuracy, at faster rates and larger scales. Object-
oriented image analysis has been applied with a random forest
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framework to map landslides, identifying several useful fea-
tures and obtaining good accuracies despite class-imbalance
challenges [Stumpf and Kerle 2011]. Similarly, high-resolution
LiDAR-derived imagery can be used to extract many use-
ful predictive features for landslides [Chen et al. 2014], as
have studies combining multiple spatial data sources [e.g.
Zhang et al. 2017]. Accurate and very interpretable results
have been obtained with variable selection using penalized re-
gression with high-resolution data [Lombardo and Mai 2018].
Global studies predicting earthquake-induced landslides have
achieved good results using a random forest framework and
90-m spatial resolution data [He et al. 2021].

Volcanic sector collapses can produce extremely large-
volume landslide events, causing significant risk and altering
landscape morphology [Sekiya 1889; Gorshkov 1959; Yonechi
1988; Begét and Kienle 1992; Girina 2013; Shevchenko et al.
2020]. The 1980 Mount St. Helens (USA) eruption provided
a wealth of data and knowledge on these processes [Lipman
1981; Moore 1981; Kerr 1984; Siebert and Reid 2023] and re-
cent studies have uncovered entire landscapes formed from
these events despite limited evidence from current morpholo-
gies. A debris avalanche deposit covering an area greater than
500 km? was uncovered at Samalas volcano (Indonesia) using
morphological analysis, stratigraphic mapping, and geophysi-
cal tools despite no caldera remaining [Malawani et al. 2024].
Based on the extent and sedimentary characteristics of the de-
posit, it likely formed from a magmatic eruption ~3500 years
ago [Malawani et al. 2024]. Determining the origin of volcanic
debris avalanche deposits can also be challenging in environ-
ments with coalesced volcanic centers and overlapping vol-
canic periods [Roverato et al. 2018]. Distinguishing between
“hot” avalanches produced by processes such as active lava
dome collapses and “cold” events occurring as mass wasting
events without such conditions is an additional complication;
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however, variations in deposit textures and jointing can be
used to distinguish the two [Stewart et al. 2003].

Active volcanoes undergo many volcanic processes and fac-
tors linked to increased landslide susceptibility. Among the
identified factors are: extensive hydrothermal alteration, mag-
matic intrusion and extrusion, phreatic and phreatomagmatic
explosions, and local ground accelerations from volcanic
sources [Voight and Elsworth 1997; Waythomas 2012]. Conti-
nental stratovolcanoes typically have weak internal structures
due to large pyroclastic rock content and hydrothermal al-
teration [L.opez and Williams 1993; van Wyk de Vries and
Francis 1997; McGuire 2003]. Increases in surface slope, dy-
namic loading from volcanic earthquakes, and static loading
from magma pressure can also affect a slopes susceptibility to
failure [Voight and Elsworth 1997]. Low-strength layers such
as volcanic residual soils [Hiirlimann et al. 2001] or water satu-
rated rock [Siebert 1984] can be additional causes of instability.
In the Central Andes, gravitational spreading lead to progres-
sive strain weaking and rock fracturing, as suggested for the
Socompa debris avalanche [van Wyk de Vries and Francis
1997; van Wyk de Vries et al. 2001]. Changes in bedrock struc-
ture as a result of magmatic intrusion, stress relief, geothermal
processes, and destabilization of valley walls can all occur in
volcanic environments [Voight and Elsworth 1997), leading to
lower rock mass quality. These processes can lead to fail-
ures at a range of scales, with smaller events occurring more
frequently than large events [McGuire 2003].

Dormant volcanoes which lack recent eruptive activity can
still be affected by many of these processes. Small to large
landslides can be generated as a result of hydrothermally al-
tered volcanic rocks undergoing preferential gravity-driven
spreading [Cecchi et al. 2004] and the associated hazards may
be more difficult to predict due to the absence of volcanic
precursory signals [Shea and Van Wyk de Vries 2010]. Sev-
eral recent non-volcanogenic events (i.e. not triggered by an
eruption) highlight the importance of mass movement events
in these environments. The glaciated dormant Kazbegi stra-
tovolcano, near the Georgia-Russia border, last erupted about
6000 years ago [Chernyshev et al. 2002] and is the site of at
least six large ice-rock avalanches, with the largest being a
2002 event of >1.5 x 10® m3 of ice and debris [Evans et al.
2009; Tielidze et al. 2019]. The latest event in 2014 resulted in
nine fatalities and damaged critical infrastructure. Causes of
significant landslide activity in the area are attributed to unsta-
ble glacier dynamics, active displacement of morphostructural
blocks, and volcanic activity [Tielidze et al. 2019]. The Yate
volcano, a glaciated stratovolcano in the Andean Southern Vol-
canic Zone of Chile, has no historically recorded eruptions,
although tephrochronological evidence suggests minor post-
glacial explosive activity [Watt et al. 2009]. A detailed study
of the 1965 Yate landslide (6-10 x 10° m?) showed that it
initiated as a deep-seated rock failure and transformed into a
debris flow that flowed down the El Derrumbe valley. An
impulse wave generated from the landslide material contact-
ing the Lago Cabrera resulted in the deaths of 27 nearby in-
habitants. A fault zone in the complex and late-Pleistocene
deglaciation are all factors that may affect volcanic landslide
frequency at the site [Watt et al. 2009)].
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Similar landslide hazards have been identified in the rapidly
uplifted mountains surrounding Mount Shirouma in Japan, in-
cluding rock slope deformation, shallow landslides, toppling
and landslide complexes [Kariya et al. 2006]. The area was
glaciated during Marine isotope stage 4 (MIS) and MIS 2, and
has a complex geological history with Paleozoic to Mesozoic
basement rocks and Neogene to Quaternary volcanic rocks.
Debris avalanches were found to occur in the study area,
but only incorporated volcanic source material with the lat-
est large-volume event in 1911 having an estimated volume of
1.5 x 10 m3. Many lodges and tourism facilities have been
built in the area since the 1970s. Although further study of pre-
cursory causes is needed, stress release due to deglaciation, in-
creased precipitation since the early Holocene and permafrost
degradation are believed to be the most likely causes [Rariya
et al. 2006]. Iliamna volcano, a Quaternary andesitic strato-
volcano located in Alaska’s Cook Inlet [Werner et al. 2022],
also hosts several large glaciers [Waythomas and Miller 1999;
Toney et al. 2021] and has undergone rapid uplift and erosion
since 15 Ma that exposed plutonic bedrock [Detterman and
Hartsock 1966; Vallier et al. 1994]. Although it underwent pe-
riods of unrest in 1996, 2002 to 2006, and 2012, no historical
eruptions are known to have occurred [Werner et al. 2022].
The massif nevertheless frequently produces large-volume
ice-rock avalanches, with at least 8 events > 5 x 10° m3 in
the last 65 years and events on the order of 1 x 10° m3 to
3 x 107 m? estimated to occur with return periods of 2—4 years
[Huggel et al. 2007]. Low rock strength due to hydrothermal
alteration and subsurface heat flow from the volcanic system
leading to ice melting at the glacier-rock interface are likely
reasons for the occurrence and frequency of events [Huggel
et al. 2007; 2008].

In 2010, a large landslide occurred on the flank of
Qwel(’qwelﬁsten (Mount Meager) which is a stratovolcano
complex in the northern Cascades of British Columbia,
Canada. The landslide occurred as multiple events with a total
volume of 53 x 10° m3 [Guthrie et al. 2012; Roberti 2018]. De-
posit characteristics indicate the landslide occurred as water-
rich and water-poor phases, resulting in different behaviours
[Roberti et al. 2017]. The flow from the event travelled 7.8 km
downstream from its source location, briefly dammed both
Meager Creek and the Lillooet River and forced the tempo-
rary evacuation of ~1500 residents in the village of Pemberton.
Glacial retreat exposing a zone of extensively hydrothermally
altered rock and increased snowmelt due to high temperatures
were attributed to the failure [Roberti 2018], with water build-
ing up in the fractured volcanic mass [Delcamp et al. 2016].

The Mount Meager Volcanic Complex (MMVC) in south-
western British Columbia (Figure 1), is the most active vol-
cano in Canada with the main syn-eruptive landslide hazards
considered to be lahars that may occur in conjunction with
dome-collapse pyroclastic density currents and tephra fallout
[Hickson et al. 1999; Simpson et al. 2006; Friele et al. 2008;
Warwick et al. 2022]. Currently dormant, the glaciated strato-
volcano complex has been the site of at least seven very large
(> 1 x 10° m3 [Fell 1994)) inter-eruptive landslides in histor-
ical time [Friele et al. 2008; Guthrie et al. 2012]. exposing a
zone of extensively hydrothermally altered rock. Other stud-
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ied events include a large-volume debris flow in July 1998
(1.2 x 10° m3 [Bovis and Jakob 2000]), a rock avalanche in
1986 (0.5 x 10° m3 [Evans 1987]), multiple debris flows (102
to 10 x 10° m? [Jordan 1995]) and a fatal rock avalanche in
1975 (28 x 10° m3 [Mokievsky-Zubok 1977]). Large-volume
pre-historic landslides originating near Qwek’;welﬁsten have
also been studied [Friele and Clague 2004; Friele et al. 2005]
while many other smaller magnitude events frequently occur
on the massif but are undocumented in the literature. In addi-
tion to studies of individual events, many previous academic
and industry assessments of inter-eruptive hazards in the area
have been undertaken [e.g. Baumann Engineering 1999; Friele
et al. 2008; Friele 2012; Hetherington 2014; Roberti 2018] and
provide an invaluable resource for validating results from this
study.

An increased landslide occurrence in the volcanic edifice
compared to basement areas aligns with previous studies
in the region. Holm et al. [2004] studied the occurrence of
landslides in relation to post-Little Ice Age neoglacial retreat.
Rock falls, rock slides, rock avalanches, debris slides, debris
avalanches, and slopes undergoing deep-seated gravitational
deformation were mapped northwest of Pemberton, includ-
ing some in the MMVC. Amongst other findings, the study
showed that landslide susceptibility is significantly higher in
Quaternary volcanic rocks, such as most of the MMVC, com-
pared to nearby granitic units [Holm et al. 2004].

Rapid uplift in tectonic convergent landscapes leads to the
development of elevated headwalls and the steepening of the
valley floor section near glaciers as a secondary response
[Brocklehurst and Whipple 2007], often resulting in high mean
slope angles near the threshold for bedrock landslide initiation
[Burbank et al. 1996]. Landslide occurrence is also the domi-
nant mechanism of hillslope erosion in mountainous, tecton-
ically active environments [Hovius et al. 1997; Hewitt 1998;
Brocklehurst and Whipple 2007] and allows for equilibrium
to be maintained between bedrock uplift and valley incision
[Burbank et al. 1996]. Along the British Columbia coast, rapid
uplift has also occurred around 12-12.5 ka following ice re-
moval from the Fraser Glaciation [James et al. 2000; Clague
and James 2002].

Uplifted basement rocks and volcanic terrain have addi-
tional implications for landslide hazards. Both basement rocks
and volcanic material are exposed to similar geomorpholog-
ical processes that may influence slope stability. Addition-
ally, volcanic and basement rock can have varying strength
properties that may result in variations in mean slope angles
required for landslide initiation. These may have varying ef-
fects depending on the slope scale and stress conditions im-
posed on the material. The purpose of this study is to assess
the most important factors controlling landslide occurrence in
Quelqwelisten/MMVC (excluding syn-eruptive lahars) using
statistically based machine learning techniques. The interac-
tion between basement rocks and volcanic materials in the
context of landslide hazards can be readily studied because of
the consistent morphological elements affecting both materi-
als. Results have implications to other elevated volcanic mas-
sifs around the world, such as the Patagonian Andes, Japan,
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Alaska, Caucasus, Turkey, New Zealand, the northern Cas-
cades, and Costa Rica, amongst others.

2 STUDY AREA

The Mount Meager Volcanic Complex (MMVC) is an active,
Pleistocene to Recent glaciated volcanic complex located about
150 km north of Vancouver, British Columbia (Figure 1). The
MMVC forms part of the Garibaldi Volcanic Belt, the north-
ern segment of the Cascade Volcanic Arc, and sits within the
Coast Mountains, a chain of plutonic intrusions with associ-
ated metamorphic pendants and screens [Gehrels et al. 2009].
Eruptions over the past 1.9 Ma from multiple coalesced stra-
tovolcanic centres and spanning compositions from basaltic
through to rhyodacite, have generated the current geological
setting [e.g. Read 1977; Hickson et al. 1999; Russell et al. 2023;
Muhammad et al. 2024]. The volcanic massif is located within
the Lilwat Nation Traditional Territory, at the headwaters of
a populated agricultural valley, and with part of the massif in a
provincial park. In addition, a run of river hydroelectric facil-
ity, pumice quarries, forestry tenures, and geothermal energy
prospects are on or immediately next to the volcano.

The MMVC has also undergone large amounts of uplift [Far-
ley et al. 2001] from the surrounding Coast Mountains due to
the subducting Farallon plate (Juan de Fuca, Explorer, and
Gorda plates) [Hildreth 2007; Russell et al. 2023] and effects
of the Northern Cordilleran slab window [Thorkelson et al.
2011; Russell et al. 2023]. The southern Coast Mountains un-
derwent moderately rapid uplift during the Eocene, followed
by very low (~0.02 km Ma~!) uplift rates up to 10 Ma [Parrish
1983]. Steady exhumation of ~0.22 mm yr~! followed, until
uplift rates accelerated by at least 70 % post-4 Ma [Farley et al.
2001]. Volcanic stratigraphy of faults in the complex suggests
that approximately 1 km of uplift and erosion of volcanics
may have been accommodated in the last 5 Ma [Muhammad
et al. 2024]. Many large-scale glaciations have occurred in
British Columbia over the last several Ma [Souther and Symons
1974; Hickson and Souther 1984] resulting in downwarping
and subsequent uplift upon ice removal. Most recently, rapid
deglaciation following the Fraser Glaciation triggered rapid
land uplift around 12 ka [Mathews et al. 1970; Clague et al.
1982; James et al. 2000; Clague and James 2002] As a re-
sult of uplift, both basement and volcanic rocks have been
incised by glaciations [Ryder and Thomson 1986; Jennings et
al. 2007], leading to high glacial and glaciofluvial erosion rates
[Shuster et al. 2005; Ehlers et al. 2006; Andrews et al. 2012].
This behaviour stands in contrast with volcanic edifices in the
southern half of the Cascade Volcanic Arc which have under-
gone much lesser degrees of uplift [Hammond 1979], including
much lower isostatic rebound from deglaciation following the
Fraser Glaciation, indicated by elevations of glacial lake shore-
lines in the northern Cascadia subduction zone [Mathews et al.
1970; James et al. 2000; Clague and James 2002]. Similar up-
lift histories have occurred at volcanic massifs in the Coast
Mountains and northern Cascade Range [Reiners et al. 2002].

Volcanic rocks and nearby basement materials at the com-
plex were first mapped by Read [1977] and subdivided into
assemblages based on volcanological genesis and lithological
characteristics. Some locations were mapped based on the
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Figure 1: Overview of the Qwelgwelisten(Mount Meager Volcanic Complex), with major creeks and rivers (red arrows) and peaks
(blue triangles) delineated. Coordinates in UTM Zone 10N, WGS 84. Lettered black arrows indicate photo locations from Figure 4.

surface material where bedrock was not visible, such as under
glaciers or large landslide deposits. A simplified map show-
ing volcanic assemblages was later generated [Read 1990]. Full
label descriptions are provided below (Table 1). Fifteen vol-
canic assemblages were identified in the original mapping by
Read [1977] and were further expanded during recent map-
ping [Stewart et al. 2008; Harris et al. 2021] (Figure 2). Volcanic
units generally young northwards across the complex [Lewis
et al. 1978; Muhammad et al. 2024]. Pliocene-aged units were
identified dominantly in the southwest of the complex from an
early period of rhyodacitic volcanism [Read 1990]. Pleistocene
volcanic assemblages make up most of the complex with the
youngest of these consisting dominantly of highly altered rhy-
odacitic tuff, breccia and flows from between 1.9 + 0.2 Ma and
1.0 + 0.1 Ma [Read 1977].

Much of the south and centre portion of the complex was
formed following a shift to andesitic volcanism from 1.0 + 0.1
Ma to 0.5 + 0.1 Ma, with the Devastator Peak (Figure 1) being
the primary source [Read 1990]. A late period of rhyodacitic
volcanism from 0.1 + 0.02 Ma to 2360 + 50 BP produced the
upper portions of many peaks observed today within the com-
plex, including Mount Job, Capricorn Peak, Mount Meager,
and Pylon Peak (Figure 1) [Hickson et al. 1999]. These units
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range from interglacial to postglacial with breccias, flows, and
intrusions frequently encountered [Read 1977].

Volcanic rocks overlie Triassic to Miocene basement intru-
sive material and metamorphic material including quartz dior-
ite, granodiorite, schist and gneiss [Read 1977; Harris et al.
2021]. Periods of dacitic, rhyodacitic, and andesitic volcanism
occurred from around 1.9 Ma to 0.4 Ma [Read 1990]. A period
of basaltic volcanism occurred on the massif between Job and
Mosaic Creeks (Figure 1) and more broadly across the MMVC
from 0.02 + 0.06 Ma to 0.44 + 0.10 Ma [Anderson 1975; Wil-
son and Russell 2019; Harris et al. 2023; Morison and Hickson
2023} The most recent dated periods of explosive volcan-
ism occurred during 24.3 + 2.3 ka [Russell et al. 2021] and
2360 + 60 14C BP [Clague et al. 1995; Hickson et al. 1999] on
the northeast flank of Plinth Peak. The latter eruption gen-
erated pyroclastic density currents, lahars, and flooding after
the failure of a welded block-and-ash flow created a dam that
temporarily blocked the Lillooet River [Hickson et al. 1999;
Stewart et al. 2008; Andrews et al. 2014].

Alpine glaciation occurred in the region beginning around
7-8 Ma [Denton and Armstrong 1969; Ehlers et al. 2006], with
glacial erosion accelerating around 1.8 Ma [Shuster et al. 2005;
Ehlers et al. 2006]. The Fraser glaciation is the most recent
glacial episode in the southern Coast Mountains [Church and
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Figure 2: Detailed lithological mapping from the dweldwelﬂsten (Mount Meager Volcanic Complex) [Read 1977; Harris et al.
2021]. Description of lithological units in Table 1. Coordinates in UTM Zone 10N, WGS 84.

Ryder 2010], spanning between 25,000 and 10,000 14C Bp
in British Columbia’s mountains [Clague and Ward 2011].
Neoglacial ice advances from the Little Ice Age have left no-
ticeable impacts in the valleys surrounding Quelqweldsten.
In the southern Coast Mountains, three phases of ice advance
have been recorded, with the earliest being the Garibaldi
phase (6000 to 5000 *C BP) and the latest occurring around
900 '*C BP [Ryder and Thomson 1986]. Steep undercutting is
frequently observed around neoglacial trimlines in the MMVC,
more so than in nearby granitic basins [Holm et al. 2004].

The Quelqueldsten area has long been a treasured area by
the Lilwat First Nations for both its cultural and spiritual sig-
nificance and the Nation has preserved many important oral
histories including about its extensive hot springs [Jones 2011,
Angelbeck et al. 2024] and even the most recent eruption in
2360 BP [Wilson et al. 2024]. The area has also been identified
as a promising location for geothermal energy potential, with
studies on the area having begun as early as 1975 [Jessop et
al. 1991] and continuing in the southern part of the complex,
near Meager Creek. A wide range of studies involving struc-
tural geology [Muhammad et al. 2024], geophysics [Klaasen et
al. 2021; Lu and Bostock 2022; Hanneson and Unsworth 2023;
Hormozzade Ghalati et al. 2023; Unnsteinsson et al. 2024], ge-
ological mapping [Harris and Russell 2021; Harris et al. 2021],
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volcanic hazards [Warwick et al. 2022; Kelman and Wilson
2024] and hydrogeology [Jamieson and Freeze 1982] have been
completed on the complex, with the Garibaldi Geothermal En-
ergy Project being the most recent multidisciplinary research
endeavour [Grasby et al. 2021]. Pumice mines, hydroelectric
projects and logging operations are all present on or around
the Quelqweldsten massif [Warwick et al. 2022].

3 METHODOLOGY

Statistical landslide susceptibility methods are based on the
functional relationship between predictor variables and an in-
putted landslide distribution [Guzzetti et al. 1999]. These meth-
ods are based on the assumption that past factors governing
landslide occurrence will likely control landslide occurrence
in the future [Carrara et al. 1995]. Predictor variables used
in statistical models commonly include geological, hydrologi-
cal, land cover, and morphological categories, with the most
common predictor variables being slope, lithology, and aspect
[Reichenbach et al. 2018]. The most significant predictor vari-
ables can vary depending on factors such as the type of land-
slide being studied [Liang et al. 2021]. Studies dividing an area
of interest into domains also found similarities and differences
between predictor variable importance amongst the different
domains [Petschko et al. 2014]. Statistical landslide suscepti-

Page 643


https://doi.org/10.30909/vol.07.02.639663

Inter-eruptive landslide susceptibility at dweldwelﬂsten (Mount Meager)

Connelly et al. 2024

Table 1: Lithological unit descriptions [Read 1977] included in this study and shown in Figure 2.

Label Colour Description
uTr-cc White marble
uTr-cp Grey phyllite; minor greywacke
uTr-csb Biotite muscovite schist and gneiss
uTr-cv Greenstone, volcanic breccia
uTr-cm Streaky amphibolite
Mi-gm Biotite quartz monzonite
Mi-qd - Biotite hornblende quartz diorite
1Ct-Gv Aphanitic grey-green flows, tuff and breccia with granitic detritus
Lct-gd Biotite quartz hornblende quartz diorite
Basement Basement rock (undivided)
Ps-1 Devastator assemblage: White, altered rhyodacite tuff, breccia and flows
Ps-2f Dark grey, aphanitic andesite flows
Ps-2x Andesite breccia and ash
Ps-3c Andesite (Pylon assemblage)
Ps-3f Pylon assemblage: Porphyritic andesite flows
Ps-3i Pylon assemblage: Porphyritic andesite
Ps-3x Pylon assemblage: Porphyritic andesite flows
Ps-4f Porphyritic andesite breccia
Ps-4x Porphyritic andesite flows
Ps-5x Porphyritic andesite breccia and tuff
Ps-6f Light grey, porphyritic andesite flows
Ps-6i Light grey, porphyritic andesite
Ps-7f - Job assemblage: Ochre weathering, porphyritic rhyodacite flows
Ps-7x Job assemblage: Ochre weathering, porphyritic breccia and ash
Ps-8f Capricorn assemblage: Dark grey to purple, porphyritic rhyodacite flows
Ps-8x Capricorn assemblage: Dark grey to purple, porphyritic rhyodacite breccia and ash
Ps-9f Plinth assemblage: Light to medium grey, porphyritic rhyodacite flows
Ps-9i - Plinth assemblage: Medium to dark grey, porphyritic rhyodacite
Ps-9x Plinth assemblage: Light to medium grey, porphyritic thyodacite breccia and ash
Ps-10f Mosaic assemblage: Porphyritic basalt
Ps-10x - Mosaic assemblage: Vesicular to scoriaceous basalt, breccia, tuff and bombs
Re-1 Pebble Creek formation: Blocks and ash of porphyritic rhyodacite pumice
Rc-3ls Pebble Creek formation: Landslide or lahar debris derived from unit Ps-9f
Rc-4f Pebble Creek formation: Light grey, porphyritic rhyodacite vitrophyre

bility studies are quantitative, generating numerical estimates
of landslide occurrence [Guzzetti et al. 1999], and as such can
be implemented as machine learning models. These methods
are also indirect, estimating susceptibility based on the rela-
tionship between predictor variables and an inputted land-
slide distribution [van Westen et al. 2003]. When used in a
predictive manner, results are based on the assumption that
the factors controlling the occurrence of previous landslides
also control the occurrence of future landslides [Guzzetti et al.
1999]. In this study we use logistic regression and random for-
est methods, which are among the most common techniques
for statistical landslide susceptibility analyses in different geo-
logical contexts [Sun et al. 2021; Barman et al. 2023].

3.1
3.1

Modelling methods
Logistic regression

Logistic regression is a widely used statistical method for an-
alyzing the response between one or more outcome variables
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and a series of predictor variables known in the statistical field
and henceforth referred to as features. Logistic regression is
commonly used in landslide susceptibility mapping [Brenning
2005; Budimir et al. 2015; Lombardo and Mai 2018; Reichen-
bach et al. 2018], where the occurrence or absence of land-
slides is denoted by a 1 or 0. Binary logistic regression is
built upon the assumptions of independent observations, non-
perfect collinearity in features, and linearity between continu-
ous features and the transformed outcome [Harris et al. 2021].

The Least Absolute Shrinkage Selection Operator (LASSO)
logistic regression [Tibshirani 1996] is a form of penalized lo-
gistic regression that has been applied successfully to many
landslide susceptibility studies [Camilo et al. 2017; Lombardo
and Mai 2018; Amato et al. 2019]. The method reduces vari-
ance in a logistic regression model by using a penalty param-
eter A to apply a small amount of bias in the log-likelihood
function (Equation 1). LASSO can reduce model coefficients
towards or equal to zero [Tibshirani 1996], leading to a form
of simultaneous feature selection [Zou and Hastie 2005]:
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Ly(B) =
n p
D A )]+ (=g In [1=m(x)]}+ N Y B,V
i=1 J=1

(1)

where L) (p) is the LASSO regression log-likelihood function,
A; is the LASSO shrinkage parameter, m(x) is the conditional
mean, x; the features for observation i of n and y; is the out-
come response for observation i of n.

3.1.2 Random forest

Random forest [Breiman 2001] is a tree-based statistical
method that tends to generate models with low degrees of
overfitting [Merghadi et al. 2020]. The method averages a
series of decision trees derived with randomization. Ran-
domization is applied in the original random forest algorithm
[Breiman 2001] through the sampling technique [Breiman 1997]
and random feature selection at each decision tree node [Amit
et al. 1997]. Results from individual trees are aggregated by
taking the mean for regression tasks or majority voting for
classification tasks [Breiman 1996]. Many model properties
can be tuned with hyperparameters. For this study, hyper-
parameters were used to control the number of features con-
sidered as splitting features at each split: the proportion of
observations sampled and the minimum node size at which
to split.

3.2 Statistical model workflow

3.2.1 Modelling strategy

Two iterations of statistical models were completed (Figure 3).
Both logistic regression and random forest models were com-
pleted for each iteration, with logistic regression completed
using the LASSO method. The goal of the first iteration was
to assess the contribution of a wide range of factors and due
to the large number of features in this model, the simplified
lithology from Read [1990] was used. Following this step, a
second model was generated with only the most significant
features determined based on the first iteration model results
to reduce overfitting and generate more interpretable results.
Smaller models are often seen as more meaningful compared
to those with a very large number of features [Guzzetti et al.
2006).

Both model iterations were generated with nearly identi-
cal workflows. A grid cell mapping unit was selected with
grid cells generated at spatial resolutions of 5 m. For both
logistic regression and random forest models, a classification
framework was selected and generated models aimed at clas-
sifying pixels as either landslides or non-landslides. Proba-
bilities generated from this framework describe the likelihood
of being classified as either a landslide pixel or non-landslide
pixel based on the inputted database of previous landslides
and features. Logistic regression calculates this value as the
conditional mean of the probability of belonging to a set class,
calculated using the predictor feature values and fitted regres-
sion coefficients [Hosmer and Lemeshow 2000]. In random
forest classification tasks, probabilities are calculated based
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on the proportion of trees voting for a class [Breiman 2001].
Non-landslide points were downsampled to obtain a recom-
mended dataset balance for rare-event studies and weights
were used to increase the importance of classifying the minor
class values correctly. Each model was split into a training
dataset consisting of 70 % of data and a testing dataset with
the remaining 30 %. To assess variations that could be caused
by the testing/training data split, as well as variation due to
the downsampling of non-landslide data points, 500 iterations
of both the logistic regression and random forest models were
completed. Detailed workflow steps are described in subse-
quent sections.

Iteration 1: Large model

Feature selection

Generate models
o
& Evaluate models

Training data |
(70 %)

Splitdata ©

Features (17)0

Testing data ©
(30 %)

@ Features (3)

Iteration 2: Small model

Process data H Split data H
== olca gy O Generate models

(30 %)

Landslide |
inventory

Training data
(70 %)

Generate
susceptibility | o Evaluate models
maps

Figure 3: High-level workflow for the study.

Seventeen features were included in the large model and
covered hydrological, geological, morphological, land cover,
and climatic data categories (Figure 2). These features were
derived from 1-m spatial resolution LiDAR acquired in 2015—
2016 [Roberti 2018], satellite imagery [Planet Labs 2018], gov-
ernment sources [Natural Resources Canada 2019], or digitized
from existing maps [Read 1977; Read 1990; Jordan 1995; Bau-
mann Engineering 1999; Bovis and Jakob 2000; Roberti 2018].

3.2.2 Data processing

Prior to performing the statistical analysis, the data were an-
alyzed to ensure the assumptions of logistic regression were
met. Continuous data were assessed for highly correlated fea-
tures using the Pearson’s correlation coefficient. Through this
process, Mean Annual Temperature and Terrain Ruggedness
Index were removed from the dataset for subsequent mod-
els. The logistic regression assumption of independence was
met by only selecting one data point from each landslide event.
Values were taken as the mode for categorical data and median
values for continuous data of pixels in the landslide source
zZone.

The logistic regression assumption of linearity in contin-
uous features was assessed using the Box-Tidwell test [Box
and Tidwell 1962], which assesses the relationship between
log-transformed odds and continuous features. Features with
a statistically significant relationship (p < 0.05) remained in
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Table 2: Feature data summary

Features

Acrongm

Aspect (°) -
Elevation (m)* -
Land cover (-) -
Lithology (-) -

Mean annual precipitation (mm yr!) MAP
Normalized difference vegetation index (-) -
Planar curvature (-) PLC
Profile curvature (-) PRC
Distance from roads (m) RD
Slope (°)° -
Stream Power Index (-) SPI
Topographic Position Index (-) TPI
Distance from trimlines (m) TD
Topographic Wetness Index (-) TWI
Distance from watercourse (m) WD

Random forest form  Logistic regression form
Continuous Discretized
Continuous Continuous
Discretized Discretized
Discretized Discretized
Continuous Discretized
Continuous Discretized
Continuous Discretized
Continuous Discretized
Continuous Discretized
Continuous Continuous
Continuous Continuous
Continuous Discretized
Continuous Discretized
Continuous Continuous
Continuous Continuous

T Variable used in both iterations of models

Table 3: Discrete data from first iteration (large) model. Lithology from Read [1990].

Feature Label Description
Land cover SNF Sub-polar taiga needleleaf forest
Land cover TDF Temperate or sub-polar broadleaf deciduous forest
Land cover Mixed forest ~ Mixed forest
Land cover TS Temperate or sub-polar shrubland
Land cover TG Temperate or sub-polar grassland
Land cover Barren land Barren land
Land cover Urban Urban
Land cover ~Water Water
Land cover Snow and ice Snow and ice
Lithology PL1 Basal breccia
Lithology PL2 Porphyritic (quartz) dacite
Lithology P1 Devastator assemblage
Lithology P2 Pylon assemblage, aphanitic flows
Lithology P3 Pylon assemblage, porphyritic plagioclase andesite
Lithology P4 Job assemblage
Lithology P5 Capricorn assemblage
Lithology P6 Plinth assemblage
Lithology P7 Mosaic assemblage
Lithology R1 Pebble Creek formation
Lithology Basement Basement rock (undivided)

continuous form, while those with an insignificant relation-
ship were transformed using the square, square-root and log
functions and re-assessed. If no transformed features passed
the Box-Tidwell test, features were discretized using break-
points (Table 2). Discrete data labels are described in Table 3.
Additionally, continuous features that lacked physical meaning
over their entire scale were discretized, for example distance
from roads and from neoglacial trimlines. Logistic regression
features were standardized and centred such that output co-
efficients could be compared amongst features. The above
transformations and discretizations were only completed for
logistic regression modeling. Features were left in continu-
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ous form for random forest models. Further details on data
processing are given in Supplementary Material 1.

3.2.3 Statistical analysis

Hyperparameters were tuned for the random forest model us-
ing a sequential model-based Bagesian optimization [Probst
et al. 2019], with out-of-bag predictions used for evaluation.
Model predictions were used during tuning, generating a
much faster tuning process than other resampling techniques
[Probst et al. 2019]. Hyperparameters tuned were the num-
ber of features which can be split at each node (from 0 to
the maximum number of features), the minimum node size
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to split at (from 0 to 140), and the fraction of observations
sampled without replacement (from 20 to 90 %). Ranges were
calculated using the recommended values [Probst et al. 2019].
The area under the Receiver Operating Characteristic curve
(AUC) metric was used to evaluate results during hyperpa-
rameter tuning. The number of trees was set to 1000 because
higher values often lead to increased model accuracy and more
stable feature importance estimates [Probst et al. 2019]. For lo-
gistic regression models, the only hyperparameter tuned was
the penalty coefficient A. While random forest models have
some degree of intrinsic feature selection [Louppe 2015], addi-
tional feature selection was performed to completely remove
the least significant features as in the LASSO regression. This
was completed by retaining the most significant 60 % of fea-
tures using an AUC filter. The percentage of features retained
was selected such that a comparable number of features re-
mained as in logistic regression models (see Supplementary
Material for further details).

The impact of individual features on logistic regression
model predictions was quantified using the resulting beta co-
efficients output from the models. Random forest feature im-
portance was calculated using the Gini impurity. The Gini
impurity [Gini 1912] belongs to the Mean Decrease Impurity
class of methods which quantifies importance based on the
weighted impurity reduction from all nodes of the feature of
interest, averaged over all trees [Scornet 2020] Many statisti-
cal metrics were used to evaluate model quality on both test-
ing and training datasets. Receiver Operating Characteristic
curves are one of the most frequently used methods for de-
scribing model performance [Reichenbach et al. 2018]. The
area under the Receiver Operating Characteristic curve (AUC)
ranges from 1 (perfect predictor) to 0.5 (random predictor).
Other metrics evaluated include the classification error, Binary
Brier score and balanced accuracy.

Susceptibility maps were generated based on the mean
probability for each pixel over all 500 model iterations. Stan-
dard deviation (SD) was also calculated for the probabilities,
providing another indicator of variability between model re-
sults. Partial dependency plots are visual tools showing the
effect a small number of features have on the estimated out-
come [Friedman 2001] and can be used to estimate feature im-
portance [Greenwell et al. 2018] on a wide range of statistical
model types; these were generated using the DALEX package in
R [Biecek 2018] for both logistic regression and random forest.

3.3 Landslide inventory generation

The landslide inventory was generated using a combination of
images from helicopter overview flights (Figure 4), optical and
radar satellite imagery, images from ground-based field work
and previously published results in the literature [Mokievsky-
Zubok 1977; Jordan 1995; Bovis and Jakob 2000; Friele et al.
2008; Guthrie et al. 2012; Roberti 2018 Landslide events in-
cluded in the inventory were restricted to slides or avalanches
of either soil or rock according to the updated Varnes land-
slide classification system [Hungr et al. 2014} This aims to
simplify the range of mechanisms involved, which produces
additional uncertainty in the statistical analysis. Nevertheless,
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some additional error will likely arise due to multiple types of
landslides present in the inventory.

Only landslides with a minimum width of 30 m across the
flanks of the mapped source zone were included in the study;
minimum area thresholds have been used in other studies [Mil-
lard et al. 2002]. Prehistoric events not identified in the field
were not included in the inventory since many are difficult
to identify visually, and a detailed study focusing on landslide
identification using landslide deposits was not conducted. In
total, 117 landslides were identified for the inventory.

4 REsSULTS

4.1 Large model results and feature selection for small model

The results of the first iteration (large model) are shown in
Figure 5, in terms of the feature inclusion of the features con-
sidered. Feature inclusion is calculated as the total number
of models with the feature of interest after feature selection,
divided by the total number of models (n = 500). Features
that are more frequently selected during the feature selection
process are more influential for predicting landslide suscepti-
bility. Features included in a high percentage of models are
also influential regardless of the database split and selected
non-land slide points.

Feature selection for the small (second iteration) model was
done using feature inclusion results from the large models
(Figure 5) and manual inspection. Many features were con-
sistently removed from models during automated feature se-
lection. For logistic regression, these include aspect, Stream
Power Index (SPI), Topographic Position Index (TPI), distance
from trimlines, distance from watercourses, and Topographic
Wetness Index (TWI). For random forest, aspect, Normalized
Difference Vegetation Index (NDVI), Topographic Position In-
dex (TPI), distance from watercourses, planar curvature, and
profile curvature were frequently removed. Slope, elevation,
land cover, mean annual precipitation, and lithology were fre-
quently included in models in both logistic regression and ran-
dom forest.

Based on the logistic regression results, mean annual precip-
itation was excluded from the model due to inconsistency be-
tween model results and the expected behaviour. The highest
range of mean annual precipitation (map.3) resulted in a de-
crease in landslide susceptibility, while the intermediate range
(map.2) resulted in an increase. Higher precipitation values
would be expected to generally increase landslide susceptibil-
ity [Wang et al. 2020] and due to the misalignment between
mechanism and result, it was excluded from the second iter-
ation model.

Land cover was also excluded from the second iteration
model as logistic regression results indicated that the only cat-
egory which remained in greater than 50 % of models was
barren land. This category may indicate that unvegetated
slopes are more prone to landslides. However, it may also
be a result of landslide source zones being unvegetated due to
the landslide events, as most landslides had occurred prior to
land cover mapping. The snow and ice category was the only
other category included in a significant number of logistic re-
gression models (Figure 5), being included in just below 50 %
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Figure 4: Landslides from [A] Canyon Creek basin, [B] No Good Creek basin, [C] Affliction Creek basin and [D] Capricorn Creek
basin. The large block field in [C] is part of a deep-seated gravitational landslide [Bovis 1982; 1990]. Red lines depict the landslide
crowns. Photo locations are shown in Figure 1. Photos by B. Coughlan and J. Connelly.
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Figure 5: Large model feature importance results for [A] logistic regression and [B] random forest. Full feature descriptions can

be found in Table 2 and Table 3.
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of models. The feature was not included in the subsequent
iteration because of the lower logistic regression inclusion rel-
ative to other features of interest and to restrict the second
iteration model to only the most critical features. Slope, ele-
vation, and lithology were the final parameters chosen for the
subsequent iteration (small model).

4.2 Small model results and feature importance

The small (second iteration) model allows a more detailed as-
sessment of feature importance, notably the slope, elevation,
and lithological units. Feature importance metrics (Figure 6)
provide insight to the extent a given feature contributes to
the model. Figure 6 shows standardized absolute beta coeffi-
cients for logistic regression and importance values estimated
using the Gini impurity for random forest models for the small
model. Lithologies removed in all logistic regression models
during feature selection are not shown. In both model types,
slope is clearly the most important feature. Elevation is more
significant in logistic regression models, with all lithology cat-
egories averaging smaller beta coefficients. In random forest,
lithology ranks marginally higher compared to elevation. For
a representative comparison between logistic regression and
random forest lithology results, individual categories of litholo-
gies should be compared. While this is not possible using the
importance metrics shown here, it is possible using partial
dependency plots (Section 4.3).

Beta coefficients for all basement material units result in
a reduction in landslide susceptibility (Figure 6). Half (9/18)
of logistic regression beta coefficients increased the likelihood
of landslide classification with the largest coefficients with sig-
nificant inclusion being Mi-qm (biotite quartz monzonite), Ps-1
(Devastator assemblage), and Ps-9x (Plinth assemblage).

4.3 Partial dependency plots

Partial dependency profiles (Figure 7 and Figure 8) illustrate
how the average prediction varies over the features range of
values. Slope values alter the average prediction by large
amounts, indicated by the steep slope in the partial depen-
dency profiles. The logistic regression slope profile increases
at a more uniform rate compared to that of random forest,
which increases rapidly between 20 and 50°. This is likely due
to the flexibility of random forest compared to logistic regres-
sion. Elevation profiles exhibit similar trends. Both indicate
landslide susceptibility is generally lower at higher elevations,
however the logistic regression profile is much more linear
and subdued, while the random forest profile captures many
small variations. Note that logistic regression slope values are
square root transformed on the x-axis to meet the logistic re-
gression assumption of linearity.

Categorical random forest partial dependency profiles for
lithology (Figure 8) appear very different for logistic regres-
sion and random forest. Partial dependency results for lo-
gistic regression lithologies that were removed during feature
selection from all 500 models are not plotted. Logistic regres-
sion values deviate little from the mean value with changes in
lithology and indicate that Ps-1 (Devastator assemblage) and
Ps-9i (Plinth assemblage) are the most susceptible units. Lo-
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gistic regression partial dependency plots do not indicate any
units are of particularly low susceptibility.

Changes in lithology vary with average predictions much
more significantly in random forest models. Results indicate
Ps-1 (Devastator assemblage), Ps-9i (rhyodacite of Plinth as-
semblage), Ps-9f (rhyodacite flows of Plinth assemblage), and
Ps-10f (basalt of the Mosaic assemblage) are the most suscepti-
ble units. Least susceptible units are uTr-cp (grey phyllite with
minor greywacke, basement rock), Ps-3c (Pylon assemblage),
Rc-4f (Pebble Creek Formation), and uTr-cv (greenstone and
volcanic breccia, basement rock).

Both methods of analysis indicate Ps-1 (Devastator assem-
blage) and Ps-9i (rhyodacite of Plinth assemblage) are high-
susceptibility units. No clear correlations between random
forest and logistic regression exist for low-susceptibility units,
partly due to the very low variation in logistic regression av-
erage predictions.

4.4 Model validation

Receiver Operating Characteristic curves generated on testing
datasets (Figure 9) highlight some differences between model
iterations and model types. Random forest models (AUC =
0.874) obtained marginally higher AUC values than logistic
regression (AUC = 0.860) for the larger iteration. The same
pattern held true for small models (AUC = 0.822 and 0.806).
While these scores are considered excellent by some stan-
dards [Mandrekar 2010], most statistical landslide susceptibil-
ity studies result in AUC values greater than 0.8 [Fleuchaus
et al. 2021]. Receiver Operating Characteristic curves manifest
themselves similarly, with small deviations. The large random
forest model appears to most outperform logistic regression at
high sensitivity values while the small model random forest
outperforms logistic regression most at lower sensitivity val-
ues.

Variation in training and testing performance results for the
second iteration of models is shown in Figure 10. There are
many consistent trends between the various metrics. In most
metrics, there is a large performance variation between train-
ing and testing datasets in the random forest models, resulting
in high model variance. The logistic regression model perfor-
mance decreases only slightly with the shift from training to
testing datasets due to the bias inserted into the model as part
of the LASSO regression process. Even with the high levels of
variance, random forest testing results exceed those of logistic
regression. Note that training metrics shown were evaluated
on a biased dataset and provide no indication of model per-
formance.

4.5 Susceptibility maps

Susceptibility maps were generated for the second iteration
model based on aggregated prediction results from all 500
model repeats. Typical values are shown by the calculated
means while variation between the 500 repeats is delineated
using standard deviation values (Figure 11). Predicted values
for logistic regression are much closer to the central proba-
bility (0.5) compared to that of random forest as indicated by
the histograms, and darker shades in the random forest mean
plot. Random forest classifies most pixels with very low land-
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Figure 6: Feature importance results for [A] logistic regression and [B] random forest.
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features.

slide probabilities, as would be expected. More pixels in the
map also have very high probabilities, indicated by the darker
red shades. Logistic regression has a much more uniform dis-
tribution in standard deviation (SD) values, with most pixels
having a low SD and the frequency decreasing as the SD in-
creases. Intermediate SD pixel values are most frequent in the
random forest model, however very high standard deviations
are less frequent than logistic regression.
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Geomorphic trends are generally similar between both
mean predicted probability plots. Both models predict steep
valley sidewalls as generally being of high susceptibility, along
with other steeper slopes such as along rivers. The increased
influence of lithology in the random forest model can be seen
from lithological contacts in the susceptibility maps along units
such as the Devastator assemblage (Ps-1; 1 in Figure 11), base-
ment units (uTr-cm; 2 in Figure 11), and along basement-
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Figure 8: Categorical partial dependency profiles for lithology
using [A] logistic regression and [B] random forest. Features
not plotted in [A] were removed during feature selection for all
500 models.

volcanic contacts (Ps-3f and Mi-qd; 3 in Figure 11) amongst
others. Unit outlines can be seen in the random forest sus-
ceptibility map (Figure 11B), delineating changes in prediction
based on lithological unit while they are much more difficult
to observe in the logistic regression map (Figure 11A).

Both logistic regression and random forest methods indicate
steep slopes, such as glacially oversteepened valley sides, typi-
cally also have larger SDs than other nearby areas (Figure 11C,
11D). In many aspects, the distribution of SD values varies
greatly between logistic regression and random forest. Ran-
dom forest SD has greater levels of variation with changes in
lithological unit. In the southwest of the study area, many pix-
els have high SDs in logistic regression models, but very low
values in random forest models likely due to lower lithological
influence in the logistic regression model. A larger landslide
dataset would likely help reduce some variation in random
forest models, which appear to be influenced by the testing
dataset split and non-landslide point downsampling to obtain
the 5:1 landslide to non-landslide point ratio from the initial
59:1 ratio present in the raw data.
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ing previously published results, however, there may be some
misidentified and excluded events. Based on characteristics
of the massif, there is likely more error in results mapped on
high slopes in the massif, where identification of landslides
is more difficult due to a lack of vegetation, glacier coverage
and frequent colluvial cover. Error association with input ge-
omorphological features is generally small, as most features
were derived from 1-m spatial resolution LiDAR resampled
to a 5-m spatial resolution.

The analytical methodology also introduces some addi-
tional error. Only one point was selected to represent each
landslide point to satisfy requirements of logistic regression.
However, these may not be representative of the whole land-
slide body and is highlighted for cases where a landslide may
occur over a source zone covered by multiple discrete cate-
gories. In these cases, only one category can be selected, re-
sulting in an underrepresentation in the other category. The
2010 Mount Meager landslide is an example of such an event,
that originated in two lithologies [Roberti 2018].

5 DiscussIoN

The susceptibility analyses show that slope angle has the
greatest control on landslides in the complex, as is evident
in both linear Regression and random forest models. This
aligns with expectations based on the physics of slope stabil-
ity and results from other landslide susceptibility studies. The
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Figure 10: [A] Area under the Receiver Operating Characteristic curve, [B] binary Brier score, [C] balanced accuracy and [D]

classification error for all models.

majority (95 %) of studies recorded slope as the most signifi-
cant feature [Budimir et al. 2015]. At Qwelquweltdsten/MMVC,
landslide susceptibility generally decreased with increasing el-
evation. This trend could be due to less landslides in the
upper peaks of the massif due to glacier cover, or increased
smaller volume landslides at lower elevations along water-
ways where stream power is larger. The former explanation
is more likely, as landslides have previously occurred under
glacier cover at the massif [Mokievsky-Zubok 1977] and other
volcanoes [e.g. Huggel et al. 2008]. Upper portions of the mas-
sif also have more uncertainty in landslide mapping results.
The third group of significant features is lithology, which have
some distinct characteristics in a volcanic massif compared
with landslide studies elsewhere.

5.1 Lithological influence on landslides

Model results indicate that the crystalline basement material
tends to decrease landslide susceptibility, while volcanic ma-
terial is likely to lead to increases. All logistic regression beta
coefficients for basement material suggested decreases in land-
slide probability, while half of the volcanic assemblages in-
creased the probability of classification as landslide suscep-
tible. Both units of high landslide susceptibility in logistic
regression partial dependency profiles are also volcanic. Ran-
dom forest results indicate two of the four lowest susceptibility
units were basement material. One of the two lowest suscep-
tibility volcanic units (Ps-3c) covers a very small area, which
likely led to an inadequate sample size for the unit. All eight of
the highest susceptibility units determined using random for-
est partial dependency plots are volcanic. The combination
of these results suggests that high-susceptibility units in the
complex are volcanic, while there is more uncertainty classi-
fying the lowest susceptibility units, which may be volcanic
or basement rock with basement material being more likely.
Variations in groundwater flow patterns and pore pressure
between basement and volcanic units could also play a role in
varying landslide susceptibility between units. In volcanoes,
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porosity, fracturing, compaction, and the presence of clays can
vary significantly resulting in a wide range of possible hy-
draulic conductivities [Mueller et al. 2005; Wright et al. 2009;
Farquharson et al. 2015; Delcamp et al. 2016]. High thermal
fluxes in volcanoes with large volumes of water also allow
the hydrothermal system to expand, further weakening ma-
terial [Delcamp et al. 2016]. Around Qwelc’lwelﬁsten/MMVC,
cold springs have been identified in volcanic, basement and
unconsolidated material, and are likely stratigraphically con-
trolled [Jamieson 1981]. Hydrothermal alteration in volcanic
systems can alter porosity, resulting in variations in pore pres-
sure which can induce volcano instability [Heap and Vio-
lay 2021]. High pore pressure due to water infiltration from
snowmelt and permafrost thaw were a triggering factor in the
2010 Mount Meager landslide and resulted in fluid-rich phases
of flow [Roberti et al. 2017].

Due to the complex processes occurring in volcanic cen-
tres, material is often highly heterogeneous with a wide range
of properties [del Potro and Hiirlimann 2008]. Volcanic mate-
rial at the site dominantly consists of rhyodacitic to basaltic-
andesitic flows, breccias, pumice, tuff, bombs, and pillow lava
units [Read 1977; Read 1990]. Basement material is mostly
quartz diorite [Read 1990], with metamorphic rocks such as
schist, gneiss and amphibolite also present [Harris et al. 2021].
A multielement geochemistry study of the MMVC indicated
that at least two periods of hydrothermal alteration have oc-
curred [NSBG 1985]. An early period of alteration charac-
terized by propylitic alteration and chalcopyrite affected base-
ment material while a later alteration episode resulted in spha-
lerite, pyrite, clays, carbonates, and chlorite related to the cur-
rent geothermal system affected both basement and volcanic
rocks [NSBG 1985]. Studies have shown that alteration can re-
sult in increases or decreases in the strength of volcanic rocks
[del Potro and Hiirlimann 2009]. Alteration associated with
a porosity decrease may increase rock strength [Heap et al.
2020], while alteration leading to an increase in porosity or
formation of clays can reduce strength [del Potro and Hiirli-
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Figure 11: Susceptibility maps for second iteration models. Mean values are plotted for [A] logistic regression and [B] random
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boundaries and are refered to in-text. Coordinates in UTM Zone 10N, WGS 84.

mann 2009; Frolova et al. 2021; Heap and Violay 2021]. Results
from this study agree with these findings, with basement ma-
terial being less susceptible despite possibly more alteration.
The presence of clay minerals derived from the second stage
of alteration is likely a major factor in the high susceptibility
of the volcanic Devastator assemblage (Ps-1).

Both model types indicated that the early-Pleistocene Dev-
astator and late-Pleistocene Plinth volcanic assemblages [Read
1990] are high-susceptibility lithologies. For logistic regression,
this was concluded using both standardized beta coefficients
(Figure 6) and partial dependency plots (Figure 8). Observa-
tions from other researchers support the Devastator assem-
blage as being of particularly high susceptibility. Read [1990]
described the unit as intensely hydrothermally altered with
ubiquitous clay minerals and many landslides consisting of the
material. Portions of the Plinth assemblage around Pylon Peak
(Figure 1) have undergone extensive hydrothermal alteration
[Muhammad et al. 2024], which also likely contributes to the
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high levels of landslide susceptibility. This assemblage also
comprised part of the source zone of the 53 x 10® m® land-
slide which occurred in 2010 on the flank of Qwelc’{welﬁsten
[Guthrie et al. 2012; Roberti 2018]. The Plinth assemblage is
commonly vesicular, and contains diagnostic cognate inclu-
sions of hornblende andesite [Read 1977; Read 1990]. The
vesicular texture may lead to high porosity in the assemblage
and a reduced intact rock strength [e.g. Entwisle et al. 2005;
Aligholi et al. 2017]. Additional research on alteration levels
and types in these units would be beneficial to these findings.

Point load testing of lava flow unit samples with differing al-
teration levels collected near Devastation Creek indicated very
different strength levels. While the samples were taken far
from the headwaters where the most intense alteration is ob-
served, the less altered material had an estimated unconfined
compressive strength of 123 + 38 MPa while more altered
samples yielded an unconfined compressive strength estimate
of 73 + 22 MPa. More altered samples also had much higher
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porosity than unaltered samples. Based on these conclusions,
it is likely that alteration associated with the geothermal reser-
voir, leads to higher landslide susceptibility due to the forma-
tion of clay minerals and a porosity increase. This is supported
by geophysical research that has identified a conductive body
spatially associated with the Devastator assemblage which is
interpreted to be a clay-rich caprock layer [Hormozzade Gha-
lati et al. 2022]. This factor is likely combined at local scale
with the rock mass structure, not analyzed in this regional-
scale study, plus slope and elevation, to define the critical un-
stable areas within the most susceptible units.

While basement material may be less susceptible to land-
slides, our results indicate that basement rock can still be
prone to failure. Both non-volcanic and volcanic factors af-
fecting landslides may also affect basement material. Glacial
retreat has been a major causative factor in multiple land-
slide studies surrounding Quelqweldsten [Mokievsky-Zubok
1977; Bovis 1990], which affects both volcanic and basement
material. Additionally, volcanic eruption centres have been
strongly linked to basement tectonic features [Tibaldi et al.
2005]. At the Qu}el(’]wehﬁsten massif, fractures related to re-
gional tectonic deformation are common in character between
basement and volcanic material and are often in good align-
ment with volcanic eruption centres [Chen et al. 2021; Muham-
mad et al. 2024 Thus, the rock mass structure in both base-
ment and volcanic units may influence the occurrence of land-
slides. The Mi-qm basement unit is an example of a suscep-
tible basement unit. In logistic regression studies, the magni-
tude of the beta coefficient is highly variable (Figure 6) and
random forest results show the unit as being of moderate sus-
ceptibility, with the second highest average prediction for a
basement unit (Figure 8). Portions of the unit outcrop along
the valley walls of the recently deglaciated Mosaic and Af-
fliction Creeks. Movement was detected in the Mosaic zone
using differential interferograms [Roberti 2018] and the Afflic-
tion zone using ground-based field work [Bovis 1990]. Signs
of deep-seated gravitational deformation are found throughout
the complex, particularly along steep slopes high in the mas-
sif (such as Devastator Peak, Mount Meager, and Plinth Peak)
and deglaciated valley walls.

Both highest landslide susceptibility lithologies (Plinth and
Devastator) are located on slopes with geomorphological evi-
dence of instability. Studies in these regions can be an addi-
tional form of validation for model results. The west flank of
Plinth peak descends into the Job Creek basin and consists of
altered material of the Plinth assemblage [e.g. Muhammad et
al. 2024]. The site is considered one of the most likely sites for
future edifice collapse [Friele et al. 2008; Hetherington 2014;
Roberti 2018]. An optical monitoring camera was installed
facing the slope, and has been used for motion detection with
comparable results to InSAR measurements [Muhammad et
al. 2022]. The upper portions of the Mount Meager peak also
consist of material from the Plinth assemblage and has expe-
rienced multiple landslide events [Evans 1987; Roberti 2018,
with the most recent and largest occurring in 2010 [Guthrie
et al. 2012; Roberti 2018]. Signs of continued slope instability
such as tension cracks remain even on the slope after the 2010
failure [Guthrie et al. 2012].
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The northwest flank of the Devastator shows signs of slope
instability [Roberti 2018] and is underlain by the Devastator
assemblage. The slope is considered one of the most likely
sites of edifice collapse [Friele et al. 2008]. Other locations
with susceptible units and additional signs of instability in-
clude west-dipping slopes in Devastation Creek basin [van der
Kooij and Lambert 2002; Friele et al. 2008] and areas with
instability dominantly in basement material such as the east-
dipping slopes in Affliction [Bovis 1982; 1990; Roberti 2018]
and Mosaic [Roberti 2018].

5.2 Model performance

Random forest models recorded greater performance results
in each metric. Small models resulted in AUC values of 0.822
for random forest and 0.806 for logistic regression, compared
to 0.873 and 0.860, respectively, for large models. Many other
studies have reported higher validation scores for random for-
est compared to logistic regression [Sahin et al. 2018; Merghadi
et al. 2020; Akinci and Zegbek 2021; Chen et al. 2023]. The
variation between results does vary depending on the metric.
Random forest and logistic regression results appear closer in
AUC and balanced accuracy, while random forest records sig-
nificantly higher Binary Brier scores and lower classification
error rates. Results highlight the need to assess models using
multiple performance metrics.

Logistic regression and random forest training metric scores
differ greatly. Random forest scores are very high when eval-
uating using the training data but decrease substantially when
the testing dataset is evaluated. On the other hand, logistic
regression scores show little decline when shifting from the
training dataset to testing dataset evaluation. This indicates
that the logistic regression model has very little overfitting and
low model variance. The LASSO regression is known to pro-
vide this advantage [Tibshirani 1996]. Due to the high levels
of variance, the random forest model is likely overfitting train-
ing data to some degree. Even with the overfitting, random
forest still delivers higher performance results than logistic re-
gression. The above findings are partly due to random forest
being a more flexible method, able to capture more detail than
logistic regression models. Partial dependency profiles from
continuous features illustrate this point well (Figure 7).

The first iteration of models had a notable increase in per-
formance compared to the smaller, second iteration. With the
decrease in features, the logistic regression model recorded
an AUC decrease of 0.054 and 0.051 for the random forest
model. This indicates that decreasing the number of features
had a consistent effect on logistic regression and random forest
models and this decrease in performance can be explained by
the chosen methodology. Gradient boosting algorithms train
shallow decision trees sequentially and may yield improved
results over random forest [e.g. Callens et al. 2020]. Multiple
types of landslides were included to gather a sufficient size of
landslide inventory; however, different landslides types have
different physical behaviours, leading to different features in
statistical studies best predicting their occurrence [Budimir et
al. 2015]. The larger model likely contained some features that
were best for classifying a subset of the landslide population,
leading to higher scores in that model. Regardless of mecha-
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nism, some other features may have very small effects, leading
to higher scores in the large model.

5.3 Suitability of methods

Logistic regression and random forest provide a range of ad-
vantages and disadvantages, which were found to comple-
ment each other well. Logistic regression provides easy-to-
interpret results but is not able to capture complex trends in
the data. Models yielded improved results, however they are
prone to overfitting as seen from the large model variance. Lo-
gistic regression partial dependency profiles yielded very little
variation in average prediction for varying lithology, especially
for low-susceptibility units. Differences in the influence of
lithology between logistic regression and random forest mod-
els are likely caused by characteristics of the two methods.
The LASSO logistic regression removed many categories of
lithology from models during implicit feature selection, sig-
nificantly reducing the average impact of most lithologies in
partial dependency plots. This is due to regression coefficients
for lithological categories generally being much smaller than
that of slope. While decision trees do have some degree of im-
plicit feature selection [Louppe 2015], the different mechanism
leads to more variation in model importance results.

Higher model performance does not mean a model is nec-
essarily the optimum choice for all landslide susceptibility ob-
jectives. Random forest models provided more insight on fea-
ture importance and were able to capture non-linear trends
in continuous data. For these reasons, random forest is better
suited for statistical landslide susceptibility studies aimed at
evaluating feature impact and for studies involving complex
relationships. Logistic regression models benefit from easy
interpretation, very low degrees of overfitting and capturing
main trends in data. Such advantages may be well-suited for
a first-order susceptibility map and as a method of prioritizing
zones for detailed study. Larger amounts of overfitting (as seen
in the random forest models) can also produce results that are
geomorphologically unreliable. Regardless of the chosen ap-
plication, using multiple methods to validate results is the best
practice.

Both methods benefit greatly from visual model interpre-
tation tools, such as partial dependency plots (Figure 7 and
Figure 8). This tool allows for a clear comparison of multiple
methods, which otherwise may be challenging to compare
and enable detailed interpretation of models that are conven-
tionally more difficult to interpret, such as random forest. In
this case, the impact of each discrete data class could be seen,
which was not possible using the Gini impurity. Partial depen-
dency profiles using a flexible method such as random forest
would also be a useful decision-making tool when discretiz-
ing continuous features for use in logistic regression. Doing
so would minimize information loss, one of the major disad-
vantages of discretization in statistical models.

5.4 Implications for hazard and risk

Model findings are in good agreement with previous studies
of landslide hazards in the area [e.g. Baumann Engineering
1999; Friele et al. 2008; Friele 2012; Hetherington 2014; Roberti
2018]. Model results show that most glaciated valleys in the
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area are highly susceptible to landslides. Many unstable zones
with monitored displacements and/or geomorphological signs
of instability fall in the same valleys [e.g. Mokievsky-Zubok
1977; Bovis 1990; Roberti 2018; Muhammad et al. 2022]. As
expected, most areas directly surrounding volcanic peaks are
of high susceptibility, due largely to the steep relief associated
with these features, combined with hydrothermal alteration
of the volcanic rocks which may change intact rock strength
[del Potro and Hiirlimann 2009; Heap et al. 2020; Frolova et
al. 2021; Heap and Violay 2021] as described above. Previous
studies have identified the flanks of Plinth Peak and Devas-
tation Peak as being of particular concern [Friele et al. 2008;
Hetherington 2014; Roberti 2018]. Deep-seated gravitational
movement is very common along valley walls in the mas-
sif [e.g. Bovis 1982; 1990; Bovis and Evans 1996; Hethering-
ton 2014; Roberti 2018] and may evolve into more rapid fail-
ures, however many also remain stable within historical time
[Hungr et al. 2014]. Findings from this study do give an indi-
cation of zones susceptible to initiation of events such as rock
avalanches, although the study does not include deep-seated
gravitational deformation zones that have not transitioned to
such forms. Additional factors and temporal effects may also
affect the evolution of deep-seated gravitational deformation
into more rapid landslide forms, warranting a study of this
process on its own.

Previous studies have shown that events originating high
in the massif may have significant impacts to nearby infras-
tructure, most notably roads and bridges. Landslides in the
complex have resulted in significant economic losses [Guthrie
et al. 2012], fatalities [Mokievsky-Zubok 1977], and the tem-
porary damming of nearby waterbodies [Evans 1987; Bovis
and Jakob 2000]. High-susceptibility zones are in almost all
major basins, although the Job Creek, Affliction Creek, Capri-
corn Creek, and Devastation Creek basins appear to have the
largest susceptible zones. Results generally align with previous
interpretations with hazards dominantly constrained to low-
lying areas where landslide material may travel to or along
[Baumann Engineering 1999; Friele 2012}, and localized source
zone slopes with highest risk zones in the south of the complex
being along Devastation, Capricorn, and Meager Creeks [Bau-
mann Engineering 1999]. The impact of an event would be de-
pendent on properties of the landslide, such as its volume, ini-
tiation zone location, and the amount of water, ice and/or snow
available, which may lead to fluidization of the initial rock slide
and evolve into long-runout rock and ice avalanches and/or
debris flows, as described in the previous examples. Large
landslides also have the capacity to dam creeks, with the possi-
bility of posterior breaching generating outburst floods. Land-
slides originating near higher order waterbodies may lead to
localized road damages where road creek setback is small and
possible temporary creek damming at narrow reaches.

Results from the models generated still require interpreta-
tion to produce commonly used maps such as risk or hazard
maps. However, they demonstrate how quantitative results
can be generated over a large area as a useful input for such
assessments. Alternatively, model results can be combined
with a variety of tools to predict runout hazards associated
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with gravitational hazards [e.g. Horton et al. 2013; Mitchell et
al. 2018; 2019].

These observations apply to the current geothermal lease
area in the southern part of the study area, north of Meager
Creek. The sector with potential industrial development falls
mostly in moderate- to low-susceptibility areas, due likely to
the occurrence of small, localized slope failures. Neverthe-
less, large avalanches or flows originating from Devastation
or Capricorn Creeks may strongly impact accessibility to the
site, affecting roads and especially bridges. Local debris flows
in smaller creeks may also impede access at least temporarily.
Furthermore, a hydroelectric facility is located along the Lil-
looet River in the northeast of the complex. Localized zones
of high susceptibility along steep slopes are found near the
development. Small landslides may occur here, likely with
little impact beyond the source zones and immediate vicin-
ity. More detailed smaller-scale investigations would be re-
quired to accurately characterize the stability of such zones,
as small-scale effects such as jointing and variations in rock
strength may dictate stability. Large-volume events leading to
long runout flows may reach the area of development from
high-susceptibility zones upstream of facilities. Plinth Peak
and valley walls near Job, Affliction, and Mosaic Creeks are
all susceptible to failure, and could travel past existing facil-
ities situated near the Lillooet River. Such events may cause
road access damages and implications for people nearby as
well as damage to hydroelectric infrastructure.

6 CONCLUSIONS

Using cell-based statistical methods, landslide predictive fac-
tors were investigated on Qwel(’{welﬁsten/Mount Meager Vol-
canic Complex, a long-lived glaciated volcanic massif. Ini-
tial models considering a wide number of features determined
that slope angle, elevation and lithology are the most signifi-
cant features affecting inter-eruptive landslides in the MMVC.
While logistic Regression models record lower performance
results, these models also have much lower variance com-
pared to random forest results. Results indicate many features
are needed to capture the range of mechanisms observed in
included landslide types.

All models show that the younger volcanic rock units tend
to have higher susceptibility than basement rocks, with both
materials having undergone similar morphological evolution
and likely related to clay-rich, hydrothermal alteration pro-
cesses. The Devastator and Plinth volcanic assemblages are
of particularly high landslide susceptibility and results indicate
the spatial association of the Devastator unit with a subsur-
face clay-rich cap layer also influences landslide susceptibil-
ity. Logistic Regression results show all basement lithologies
decreased the probability of landslides, while 50 % of volcanic
units increased the probability of landslide occurrence. Ran-
dom forest model results show significant variation in average
prediction with varying lithology, with all high-susceptibility
units being volcanic and most low-susceptibility units being
basement material. Findings agree with previous observa-
tions of volcanic rock being more susceptible to landslides and
also show that high-susceptibility zones of basement material
are present around the complex, particularly near glacial trim-
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lines. As recognised by previous studies in the area, our results
indicate that steep peaks on the massif, valley sidewalls, and
slopes along higher order streams are of high initiation sus-
ceptibility. Most susceptible lithologies identified from model
results align with expected zones based on monitoring and
geomorphological observations, validating model results.

The findings from this study support the need for more
detailed geologic mapping in volcanic environments as an in-
put for landslide susceptibility and hazard assessments due
to the impact of lithological factors and high degree of het-
erogeneity commonly observed in volcanic settings [del Potro
and Hirlimann 2008]. Considering detailed lithological units
in hazard mapping has implications for other uplifted vol-
canic massifs with glacial influences worldwide, such as in
the northern Cascades Range, Japanese Alps, Caucasus region,
Alaska, and the Patagonian Andes, amongst others. Better un-
derstanding and management of landslide risk in the massif
would benefit from future studies combining lithological in-
fluences with other factors such as failure mode and runout
behaviour. Temporal statistical landslide susceptibility studies
account for changes in where landslides occur over time due
to changes in feature behaviour and could also be conducted
to assess changing climatic conditions and glacial retreat on
inter-eruptive landslide susceptibility. This assessment would
likely require a smaller range of included landslide forms and
larger study area as there would have to be enough temporal
variation in landslide events to detect patterns with the feature
datasets.
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