
1.  Introduction
Snow avalanches affect transportation corridors and settlements throughout the world. Understanding long-
term avalanche frequency patterns, and associated climate and weather influences, furthers our understand-
ing of how climate change may affect avalanche activity and associated societal impacts. Avalanches also 
play an important ecological role by modifying landscape and habitat characteristics (Bebi et al., 2009; Rixen 
et al., 2007). Climate (e.g., coastal, continental) serves as a background influence on snowpack characteristics 
that drive long-term patterns in avalanche activity (Armstrong & Armstrong, 1987; Mock & Birkeland, 2000; 
Mock et al., 2016) or prevalent avalanche problem type (Haegeli et al., 2021), while weather directly influences 
snowpack structure and avalanches on daily to seasonal timescales. In addition, variability in synoptic-scale 
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atmospheric circulation and persistent climate modes (i.e., ocean-atmosphere teleconnections such as the El 
Niño Southern Oscillation, ENSO and the Pacific Decadal Oscillation, PDO) can have substantial effects on 
snowpack processes (Abatzoglou,  2010; McCabe,  1994; McCabe & Dettinger,  2002; Mock,  1996; Pederson 
et al., 2011a, 2011b, 2013) as well as avalanche frequency and behavior (Birkeland & Mock, 1996; Birkeland 
et al., 2001; Fitzharris & Bakkehoi, 1986; Fitzharris & Schaerer, 1980; Peitzsch, Pederson, et al., 2021).

Recent studies examined the effects of climate change and increasing winter air temperature on avalanche 
frequency, magnitude, and trends. For instance, in North America, Peitzsch, Pederson, et al. (2021) showed a 
decrease in the probability of large magnitude avalanche (LMA) years in the northern Rocky Mountains, United 
States, due primarily to temperature-driven snowpack decline, but also suggested that increased spring precip-
itation buffered this decreasing trend. Similarly, in Glacier National Park, British Columbia, Canada, Bellaire 
et al. (2016) found several significant trends between 1965 and 2014 for weather and snowpack variables consist-
ent with a warming climate, such as warmer temperatures and less snowfall over monthly and seasonal scales.

Across the European Alps, studies on climate change effects on snow avalanches have come to differing conclu-
sions depending on the region. For example, in the Swiss Alps, Laternser and Schneebeli (2003) found a gradually 
increasing mean snow depth, persistence of continuous snow cover, and number of snowfall days to increase until 
the 1980s, after which a significant decrease in each variable occurred. Though snow conditions had changed 
over a 50-year period, an associated long-term change in avalanche activity was not discernible (Laternser & 
Schneebeli,  2002). More recently, in the Vosges Mountains, France, Giacona et  al.  (2021) found that winter 
warming led to a decrease in the number of avalanches and a reduction in avalanche runout extent at lower eleva-
tions. Similarly, in the French Alps, Eckert et al. (2013) found a general decrease in dry snow avalanches since 
the mid-1970s as well as an increase in runout altitude (i.e., a decreased runout distance) of infrequent LMAs 
from 1980 to 2000, suggesting a potential change in avalanche character from dry snow to wet snow avalanches. 
On the other hand, Eckert et al. (2009) found no discernible change in overall avalanche occurrence processes 
that could be associated with climate change over the past 60 years in the northern French Alps, while Pielmeier 
et al. (2013) found an increase in the proportion of wet snow avalanches in the Swiss Alps from 1952 to 2013. 
In the western Himalaya, Ballesteros-Canovas et al. (2018) reported an increase in the probability of wet snow 
avalanches in the late 20th century.

Several studies in North America investigating the relationship between long-term avalanche frequency patterns 
and large-scale climate patterns and teleconnections reveal a complex interaction that is often difficult to disentan-
gle from short-term synoptic weather events. For instance, Mock and Birkeland  (2000) investigated atmos-
pheric circulation and avalanche climate associations in the western United States and found the Pacific-North 
American teleconnections (both phases) to be correlated with several avalanche-climate patterns. Fitzharris and 
Schaerer (1980) found associations between major avalanche winters at Rogers Pass, British Columbia, Canada, 
with either strong zonal flow that brought heavy snow and rising temperatures or periods of sustained meridional 
flow resulting in extended cold and below average snowfall followed by wet storm systems from the Pacific. 
Peitzsch, Pederson, et al. (2021) found winters with persistent low pressure, negative anomalies of the PDO and 
positive snow depth anomalies as a major contributor to years with LMA activity.

Studies examining climate-avalanche relationships require long-term avalanche and climate data. However, in the 
western United States, complete long-term avalanche records are sparse or non-existent. Dendrochronological 
studies are a common method of reconstructing avalanche chronologies and have been used in a wide variety 
of snow climates (Ballesteros-Canovas et al., 2018; Favillier et al., 2018; Hebertson & Jenkins, 2003; Martin 
& Germain, 2016; Peitzsch, Pederson, et al., 2021; Pop et al., 2018). Here, we used a tree-ring based avalanche 
occurrence data set in a high-latitude, maritime climate coupled with long-term climate data to examine the 
climate drivers of LMA frequency in southeast Alaska. Our objective was to develop a regional LMA chro-
nology for the study area and identify the climate variables and ocean/atmospheric teleconnections associated 
with LMA frequency. Building upon well-established avalanche-dendrochronological techniques (Burrows & 
Burrows, 1976; Butler & Sawyer, 2008), and more recent advances in this field (Corona et al., 2012; Favillier 
et  al.,  2018), we strategically sampled six avalanche paths near Juneau, Alaska that are representative of the 
regional topography and climate. We employed a strategic regional sampling methodology that aligns the spatial 
and temporal scales of the avalanche process to the potential influence of synoptic atmospheric variables. For 
instance, in this study, we examine relationships between avalanche frequency and regional climate patterns. 
However, tree-ring samples are only available and collected at an avalanche path scale. Therefore, we sampled a 
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network of avalanche paths spaced across the core of the climatically similar region similar to Peitzsch, Hendrikx, 
et al. (2021) (see Section 2.2). Understanding the regional spatio-temporal nature of LMA frequency and asso-
ciated climate drivers helps improve avalanche forecasting and, ultimately, our understanding of this dynamic 
natural hazard in a changing climate.

2.  Materials and Methods
2.1.  Study Area

Our study area is comprised of six individual avalanche paths in the Coast Mountains of southeastern Alaska near 
Juneau, which is the most populous city in the region (Figure 1). We sampled pairs of avalanche paths in three 
distinct subregions within the same general maritime climate type (Shandro & Haegeli, 2018), providing climatolog-
ical coherence across the study region (Lader et al., 2020). Mean monthly temperatures range from −2 to 14°C and 
mean annual precipitation is 1,400 mm in Juneau. Winter snowfall at sea level measures 0.4 m of water equivalent 
(w.e.) with greater than 10 m w.e. at higher elevations on the nearby Juneau Icefield (Pelto et al., 2013). The region is 
part of the world's largest contiguous coastal temperate rainforest and composed primarily of spruce-hemlock forests 
at lower elevations with alpine tundra, bedrock, and extensive glacier coverage at upper elevations. The avalanche 
paths in this study extend from sea level to 1,000 m above sea level (a.s.l.) and include a variety of aspects (Table 1).

Long-term historical observational avalanche records in the region are scarce and generally limited to LMAs 
directly affecting the City and Borough of Juneau (Margreth, 2011) and surrounding roads and infrastructure 
(Wilbur et al., 2010). As such, we collected tree-ring samples in avalanche paths included in these long-term 
records, as well as in paths with more recent and consistent avalanche activity to allow for a qualitative compar-
ison of avalanche events documented in the historical record versus those registered in tree-rings. A formal 
quantitative analysis of tree-ring-derived avalanche frequency compared to these historical records would not be 
reflective of the true reliability of tree-ring methods due primarily to the incomplete historical record.

2.2.  Sample Collection and Processing

The use of tree-rings in avalanche studies is robust, but due to the inherent decrease in data quantity moving 
further back in time, this method can lead to an underestimation of avalanche activity (Corona et  al., 2012). 
To help alleviate the issue of missing avalanche years because of successive large avalanches in any one given 
avalanche path and to obtain a reasonable regional estimate of avalanche frequency, we employed a regional 
sampling strategy using full cross-sectional samples from trees (Peitzsch, Hendrikx, et al., 2021). In this sampling 
method, we utilized the concept of scale triplet to synchronize the measurement scale to the process scale of 
avalanches. By incorporating the scale triplet concept, we are able to better understand the characteristics of the 
topic, the scale at which samples should be collected, and how we can estimate the measurements across space. 
The scale at which measurements are made can often differ from the scale necessary for predictive purposes, 
making inference problematic (Blöschl, 1999). As such, we considered spacing (the distance between avalanche 
paths), extent (the overall spatial domain of our study area), and support (the size and location of the individual 
trees (samples) within each avalanche path) (Blöschl, 1999). We utilized a nested design where we sampled two 
individual paths that were either adjacent to each other or within the same drainage to capture the sub-region and 
then a total of six avalanche paths across the broader region.

We define LMAs as avalanches of approximately size D3 or greater, which translates to a destructive poten-
tial that could “bury and destroy a car, damage a truck, destroy a wood frame house, or break a few trees” 
(Greene et al., 2016). We also used LMA observations within the past 15 years to constrain our sampling extent. 
Based on previous work analyzing sample sizes in avalanche-dendrochronological research (Corona et al., 2012; 
Germain, 2016), we sampled between 51 and 147 tree stems per avalanche path, resulting in 426 cross-section 
samples from 434 trees across the study area. The three species we sampled were mountain hemlock (Tsuga 
mertensiana; TSME), Alaska yellow-cedar (Callitropsis nootkatensis; CANO), and Sitka spruce (Picea sitchen-
sis; PISI).We sampled cross sections in this study due to the availability of downed and standing dead trees, and, 
more importantly, cross sections provide a more robust and complete growth disturbance (GD) and avalanche 
history when compared to traditional increment cores (Peitzsch, Hendrikx, et al., 2021).

For individual tree samples, we extracted cross sections at the location of visually identified scars or just above 
the root buttress. For downed trees, we collected location characteristics, including the presence or absence of 
ground-attached roots and the distance to the location where the tree was uprooted, that were used to identify 
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Figure 1.  (a) Regional overview showing the location of the Juneau area, southeast Alaska. (b) Shaded relief map of the study region with three slide path locations 
identified (squares) along with the city of Juneau and the Global Historic Climate Network site of Annex Creek. (c–f) Satellite imagery showing avalanche paths 
including starting zones and the location of dendrochronology samples within each slide path. Note: white pins with black dots denote tree-ring sample locations. 
Satellite and map imagery: © Google (2023).

 21699011, 2023, 8, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2023JF007154 by M

ontana State U
niversity L

ibrary, W
iley O

nline L
ibrary on [03/10/2023]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



Journal of Geophysical Research: Earth Surface

PEITZSCH ET AL.

10.1029/2023JF007154

5 of 21

if the tree was in place or transported from its original growth position. In addition to collecting cross sections, 
we extracted 5mm increment cores from living trees with obvious scarring or flagging along the avalanche path 
margin and in the runout zone. At every sample location where cross sections or increment cores were collected, 
we took a photograph annotated with the sample ID number, recorded the GPS coordinates for the sample (accu-
racy 1–3 m), and noted the upslope direction (when discernible) as well as the extent of scarring on sampled trees 
(Peitzsch et al., 2023). We also extracted increment cores from living trees in the surrounding gallery forest (i.e., 
trees not impacted by avalanches) for cross-dating purposes. We used nearby tree-ring records from the Interna-
tional Tree-Ring Databank (ITRDB, 2020) to facilitate crossdating of the sampled materials.

2.3.  Avalanche Year Identification and Chronology Reconstruction

We analyzed samples for signs of traumatic impact events (hereafter “responses”) likely caused by snow 
avalanches. We adapted a classification system from previous dendrogeomorphological studies to qualitatively 
rank the trauma severity and tree growth response (Nowacki & Abrams, 1997; Stoffel et al., 2010) from avalanche 
impacts using numerical scores ranked 1 through 5 (Table S1 in Supporting Information S1) (Peitzsch, Hendrikx, 
et  al.,  2021; Reardon et  al.,  2008). This classification scheme identified more prominent avalanche damage 
responses with higher-quality scores and allowed us to remain consistent with previous work (Corona et al., 2012; 
Favillier et al., 2018). We included only the highest quality response as the response for a given year in a given 
tree.

To generate avalanche event chronologies and estimate return periods for each path as well as for the entire study 
area, we utilized the package slideRun, an extension of the burnR library (Malevich et al., 2018) within the R 
programming environment. We calculated the age of each tree sampled and the number of responses per year 
in each avalanche path and computed descriptive statistics for the entire data set. Estimates of avalanche path 
return intervals (RIs) should be viewed as potential maximum RI values due to the successive loss of samples 
and decreasing sample number back through time. RIs, typically reported in years, are defined as the time period 
between occurrences of an avalanche event of a given or greater magnitude.

We used a multistep process to reconstruct avalanche chronologies on three different spatial scales: individual 
paths, three subregions, and the entire region (Favillier et al., 2017, 2018; Peitzsch, Hendrikx, et al., 2021). First, 
we calculated the ratio of trees exhibiting GDs over the number of samples alive in year t to provide the index It 
(Shroder, 1978):

𝐼𝐼𝑡𝑡 =

⎛
⎜⎜⎜⎜⎝

𝑛𝑛∑
𝑖𝑖=1

(𝑅𝑅𝑡𝑡)

𝑛𝑛∑
𝑖𝑖=1

(𝐴𝐴𝑡𝑡)

⎞
⎟⎟⎟⎟⎠
× 100� (1)

where Rt is the number of trees recording a GD in year t with At representing the number of trees alive in our 
samples in year t.

We then used double thresholds to estimate the minimum absolute number of GDs and a minimum percentage 
of samples exhibiting GDs per year (It) based on sample size (N) following thresholds established by Corona 

Subregion-path
# Trees/# 
samples

Full path elevation 
(range) (m)

Starting zone 
slope (mean) (°)

Area 
(km 2)

Length 
(m)

Aspect 
(mean)

Kensington—Jualin Portal (JP) 62/63 334–505 38 0.03 230 NE

Kensington—Kensington Portal (KP) 52/56 334–616 43 0.05 360 NE

Fish Creek—Fruit Bowl (FB) 51/51 593–868 33 0.16 850 E

Fish Creek (FC)—Fish Creek Knob (FK) 147/149 416–896 38 0.37 1,070 SW

Snettisham—South Crater (SC) 62/63 0–653 35 0.55 950 E

Snettisham—4–6 Diverter (4–6) 52/52 4.5–1,000 39 1.38 1,600 SE

All Paths 426/434 0–1,000 33–43 2.54 – –

Table 1 
Topographic Characteristics of Avalanche Paths in the Study Region of Southeast Alaska
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et al. (2012) and Favillier et al. (2018): N = 10–20 (GD ≥ 3 and It ≥ 15%), N = 21–50 (GD ≥ 5 and It ≥ 10%), 
N = 51–100 (GD ≥ 7 and It ≥ 7%), and N > 100 (GD ≥ 9 and It ≥ 4.5%).

We used the chronologies derived from this process to calculate a weighted index factor (Wit). We used this estab-
lished threshold approach since it has been broadly employed in the literature and allows for the comparability 
of our avalanche chronology to results reported in other studies. We adapted previous equations of a weighted 
response index (Kogelnig-Mayer et al., 2011) to our five-scale ranking quality classification to derive the Wit:

𝑊𝑊it =

((
𝑛𝑛∑
𝑖𝑖=1

𝑇𝑇𝐶𝐶1
∗ 7

)
+

(
𝑛𝑛∑
𝑖𝑖=1

𝑇𝑇𝐶𝐶2
∗ 5

)
+

(
𝑛𝑛∑
𝑖𝑖=1

𝑇𝑇𝐶𝐶3
∗ 3

)
+

(
𝑛𝑛∑
𝑖𝑖=1

𝑇𝑇𝐶𝐶4 ,𝐶𝐶5

))

𝑛𝑛∑
𝑖𝑖=1

𝐴𝐴𝑡𝑡

� (2)

where the sum of trees with scars or injuries (C1–C5) was multiplied by a factor of 7, 5, 3, 1, and 1, respectively.

Next, we classified Wit into high, medium, and low confidence events using the thresholds detailed in Favillier 
et al. (2018), in which high is Wit ≥ 0.3, medium is 0.3 > Wit ≥ 0.2, and low is Wit < 0.2. This provided another 
step for discriminating the avalanche response from noise. We included all events with medium to high confi-
dence in the next analysis. We then estimated the number of avalanche years, descriptive statistics for RIs, and 
the annual probability (1/RI) for each path, subregion, and region. We used these RI values, which were deter-
mined after filtering events throughout the study. Finally, we compared RIs between individual paths and across 
subregions using analysis of variance and Tukey's Honest Significance Difference test (Ott & Longnecker, 2016).

We completed this multi-step process for each individual path and then grouped each path within each sub-region 
together and completed the same process rather than simply aggregating the avalanche years together for each 
path and classifying those years as avalanche years for the sub-region. This method attempts to limit the potential 
bias of any one avalanche path within a sub-region (Favillier et al., 2023; Peitzsch, Hendrikx, et al., 2021) but can 
also reveal a regional avalanche year when two or more paths combined meet the existing thresholds.

2.4.  Climate and Weather Data

For our generalized linear model (glm) (described in Section 2.5), we used climate data from Annex Creek (28 m 
a.s.l., Global Historic Climate Network (GHCN) ID: USC00500363), which has a record extending back to 1917 
(Table 2). We chose the Annex Creek station because of the length of record and because it is located to the east 
of Juneau (Figure 1), and it has a colder and wetter climate than the other local, long-term climate station at the 
Juneau airport (5 m a.s.l., GHCN ID: USW00025309, 1933–2020 climate record). As a result, Annex Creek 
is more representative of the weather in the higher elevation starting zones of the coastal avalanche paths we 
sampled. We also compared Annex Creek temperature and precipitation records to local stations at Snettisham 
and Kensington that have more temporally limited data sets to assess regional climate coherence (Figure S1 in 
Supporting Information S1).

The Annex Creek climate data set extends from 1917 to 2020, and we used the following climate parameters in 
our analyses: daily mean, maximum, and minimum temperature (°C); precipitation (mm), snow depth (mm), and 
snowfall (mm). We used climate data from the Juneau Airport to impute missing observations from the Annex 
Creek data set as the Annex Creek record had periods of missing data, primarily in the 1990s. However, climate 
data from these sites are highly correlated (Figure 2). We compared observed values for each variable for the 
Juneau Airport to the long-term daily mean for that particular date, and the magnitude of change (e.g., 20% above 
normal) was then multiplied to the daily average value for Annex Creek on that date to create an imputed value for 
each climate parameter. Overall, between 16% and 27% of the Annex Creek data record for the climate parameters 
we used was imputed using data from the Juneau Airport. This is slightly more than the typical threshold of 10% 
of missing data, but the climatic coherence across this region (Figure S1 in Supporting Information S1) suggests 
using the longer-term Juneau Airport record to complete the more representative Annex Creek is reasonable.

Teleconnection data for three oceanic indices, the Arctic Oscillation (AO), PDO, and Oceanic Niño Index (ONI), 
were obtained from the sources described in Table 2. For each of these teleconnections, we calculated the monthly 
mean indices from the period December to March to create a winter index for a particular year (i.e., December of 
1917 to March of 1918 were averaged to a single value representing winter 1918).
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For the AO, we obtained monthly mean AO indices from the Joint Institute for the Study of the Atmosphere and 
Ocean (JISAO) (http://www.atmos.colostate.edu/davet/ao/Data/aoindex.html), as described in Thompson and 
Wallace (2000). This data set covers the period of 1899–2002. To extend the AO period through the extent of our 
dendrochronology time series, we extended this AO time series using monthly average AO indices from 1950 to 
2020 from the NOAA Climate Prediction Center (CPC, https://www.cpc.ncep.noaa.gov/products/precip/CWlink/
daily_ao_index/monthly.ao.index.b50.current.ascii). To extend the AO time series, we examined the Pearson 
correlation coefficient between the JISAO AO indices and the CPC AO indices over the extent of the overlap 
period (1950–2002) and found the two time series to be in good agreement (r = 0.97). We fit an orthogonal 
regression model between these two time series and used the model intercept (intercept = −0.13) to apply a 
correction factor to monthly CPC AO indices from 2002 to 2020. In this way, we obtained a complete AO index 
time series from 1899 to 2020 with the period 2002–2020 generated using this correction factor (Figure S2 in 
Supporting Information S1).

We calculated emergent variables from climate data using daily records obtained from the GHCN (GHCN, 2022). 
We calculated total precipitation and total snowfall for each month November through March as the sum of daily 
precipitation (e.g., prcp_Jan) and snowfall (e.g., snow_Jan).

2.5.  Avalanche and Climate Statistical Analysis

We used a glm to fit a binomial regression (logit link function) predicting a binary outcome (LMA or no LMA) 
from our continuous predictor variables. Generalized linear models are an extension of linear regression where 
the response variable is modeled using a link function rather than across a continuous distribution. This allows 
for modeling of non-normally distributed data such as Poisson distributions (e.g., count data) or binomial data 
(presence/absence). In this case, we modeled a binary outcome (LMA or no-LMA); thus, the model used a logit 
or binomial link function to predict probabilities of the occurrence of 0 (no-LMA) or 1 (LMA) using the climate 
variables discussed above (e.g., prcp_Jan).

We aggregated the common reconstructed LMA years from the subregions (n = 82) to provide a larger sample 
size when compared to the reconstructed LMA years across the region (n = 38). Using the aggregated years from 
the subregions allowed for a more conservative estimate of the number of years associated with LMAs, which 
is preferable to underestimating years when assessing natural hazards with societal impact and allowed for a 
more robust statistical analysis. We used the linearity of continuous predictor variables against logit-transformed 
LMA outcomes, which we assessed visually. Initial model predictor variables included ONI, PDO, AO, monthly 
precipitation January through March (prcp_Jan, prcp_Feb, prcp_Mar), and monthly snowfall January through 
March (snow_Jan, snow_Feb, snow_Mar) (Table 2). To ensure models were not overfit, we used a backward 

Figure 2.  Average daily climate variables measured at two locations (see Figure 1) in the Juneau area, southeast Alaska. 
Periods of record are approximately 1917–2021 for Annex Creek and 1936–2021 for the Juneau Airport.

 21699011, 2023, 8, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2023JF007154 by M

ontana State U
niversity L

ibrary, W
iley O

nline L
ibrary on [03/10/2023]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

http://www.atmos.colostate.edu/davet/ao/Data/aoindex.html
https://www.cpc.ncep.noaa.gov/products/precip/CWlink/daily_ao_index/monthly.ao.index.b50.current.ascii
https://www.cpc.ncep.noaa.gov/products/precip/CWlink/daily_ao_index/monthly.ao.index.b50.current.ascii


Journal of Geophysical Research: Earth Surface

PEITZSCH ET AL.

10.1029/2023JF007154

9 of 21

stepwise regression procedure to iteratively eliminate variables by minimizing the Akaike Information Criteria 
(AICc) value. We also examined multicollinearity for the full model by calculating the variance inflation factor.

3.  Results
3.1.  Avalanche Chronology Reconstruction

Using a strategic sampling plan, we collected 434 cross sections from 426 unique trees throughout six avalanche 
paths in the study region. This resulted in 2706 identified GDs due to avalanches, with 261 classified as C1, 687 
as C2, 643 as C3, 461 as C4, and 199 as C5 (Table 3). Observations and death dates of sampled trees comprised 
the majority of the GDs in C1, and various representations of reaction wood were the majority of signals in C2 
through C5. The mean age of trees sampled was 199 years (Figure 3a), and the most prevalent species was Tsuga 
mertensiana (mountain hemlock) (Figure 3b).

The number of samples (i.e., trees alive in each year) able to record avalanche disturbance generally increases 
through time in most of the individual avalanche paths (Figure 4). Deviations from this pattern exist in the South 

Class 1 Class 2 Class 3 Class 4 Class 5

Scar 0.27 0.03 0.01 0.01 0.04

Reaction Wood 0.19 0.90 0.95 0.93 0.71

Growth Suppression 0.04 0.07 0.01 0.01 0.00

Traumatic Resin Ducts 0.11 0.05 0.06 0.10 0.30

Observed/Historical Record 0.64 0.00 0.00 0.00 0.00

Note. Note that proportion totals for each class are greater than 1 because multiple signals can exist for any given year (e.g., 
scar with associated reaction wood).

Table 3 
Proportions of Signals in Each Growth Disturbance (GD) Class

Figure 3.  Histograms of (a) sample age (vertical red line represents mean age), and (b) sampled species for each avalanche 
path (labeled at top): mountain hemlock (Tsuga mertensiana; TSME), Alaska yellow-cedar (Callitropsis nootkatensis; 
CANO), and Sitka spruce (Picea sitchensis; PISI).
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Crater and 4–6 paths. In South Crater, the sample size increases until the late 18th century, decreases until 
the mid-1800s, then generally increases again. The sample size in path 4–6, also in the Snettisham sub-region, 
increases and then plateaus with minor changes from the 1700s to the modern era. These two paths also contain 
the smallest number of trees alive per year despite our efforts to collect over 50 and 60 samples in 4–6 and South 
Crater, respectively.

3.2.  Return Periods Across Scales

Using a multi-step process to distinguish avalanche signals from noise, we reconstructed avalanche chronologies 
for individual avalanche paths, subregions, and the entire study region (Table 4 and Figure 5). Across all six 
avalanche paths, we identified 128 avalanche events. On the individual path scale, Fruit Bowl (FB) in the Fish 
Creek subregion exhibited the largest median RI of 30 years and the two avalanche paths in the Kensington subre-
gion (Kensington Portal and Jualin Portal (JP)) the smallest RIs (5 and 6 years, respectively). The Kensington 
subregion avalanche paths also contain the greatest number of years with LMAs in the reconstructed chronology 
(30 and 29 years). Fruit Bowl, on the other hand, contains the fewest number of years with LMAs (7 years), and 
4–6 contains the greatest interval between any two avalanche years in the chronology with a maximum RI of 
126 years. The RIs of FB and FK significantly differ and are the only two paired paths within each subregion that 
differ (Table S2 in Supporting Information S1, p < 0.001).

We reconstructed 37 years with LMA activity in the Kensington subregion, 33 years in the Snettisham subregion, 
and 23 years in the Fish Creek subregion. The reconstructed chronology for the entire region contained 38 years 
associated with LMAs. The total common reconstructed LMA years across subregions are 82 from 1720 to 2018, 
50 years from 1850 to 2018 (period of ONI and avalanche analysis) and 31 years from 1918 to 2018 (period of 
full climate analysis).

The subregion with the greatest median RI of years with LMAs was Fish Creek (10 years) followed by Snettisham 
(9 years) and then Kensington (4 years). The subregion with the greatest maximum RI was Snettisham (73 years). 

Figure 4.  The number of trees alive and able to record avalanche disturbance (gray area plots) and the number of growth disturbances (orange columns) for all six 
individual avalanche paths in this study. Note the variable x- and y-axes for each plot. Avalanche path names: KP = Kensington Portal, JP = Jualin Portal, FK = Fish 
Creek Knob, FB = Fruit Bowl, SC = South Crater, 4–6 = 4–6 Diverter. Gray lines represent the Fish Creek sub-region, Blue lines represent the Kensington sub-region, 
and green represents the Snettisham sub-region.
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Subregion Kensington Fish Creek Snettisham

Path KP JP FK FB SC 4–6

Aval Years 1837 1837

1840 1848

1851 1858

1862 1870 1798

1870 1875 1825

1875 1881 1847 1728

1891 1882 1848 1731

1895 1885 1858 1736 1618

1901 1891 1871 1744 1627

1907 1895 1881 1753 1631

1913 1901 1882 1762 1636

1921 1907 1894 1808 1774 1641

1926 1913 1896 1823 1786 1653

1928 1923 1905 1858 1801 1662

1930 1926 1908 1882 1814 1666

1936 1928 1919 1953 1831 1679

1939 1930 1923 1970 1865 1696

1943 1936 1926 2012 1871 1706

1946 1939 1941 1923 1731

1949 1946 1946 1949 1753

1953 1949 1949 1955 1774

1959 1959 1953 1963 1814

1962 1962 1972 1972 1882

1964 1964 1975 1981 2008

1971 1971 1985 1999

1981 1976 1993 2014

1985 1981 2012

1988 1988

1991 1991

2003

# Of aval. years 30 29 24 7 21 17

POR (raw samples) 1748–2019 1728–2019 1487–2019 1544–2019 1396–2019 1489–2011

RI median 5 6 9 30 11 12.5

RI mean 5.72 5.5 9.30 34.00 14.30 24.38

RI min. 2 1 1 15 3 4

RI max. 16 12 27 71 52 126

Table 4 
Avalanche Chronologies and Return Interval (RI) Statistics of All Six Avalanche Paths in the Region
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Subregion Kensington Fish Creek Snettisham

Path KP JP FK FB SC 4–6

1/RI 0.2 0.17 0.11 0.03 0.09 0.08

σ 3.47 2.98 7.22 20.90 11.53 31.72

Note. Avalanche years in bold indicate years identified in two avalanche paths in the subregion. Underlined avalanche years 
indicate years in common in at least one path from at least two of the three subregions. Avalanche years in italics indicate 
years in common in three or more avalanche paths. 1/RI refers to the probability of an avalanche occurring in that avalanche 
path in any given year, and σ represents the standard deviation of the RI. The period of record (POR) for each path represents 
the earliest inner year to the most recent outer year of all the samples in the path. The RI was calculated on the return interval 
of avalanche years.

Table 4 
Continued

The range of RI is greatest at Snettisham and more tightly clustered in Kensington. Snettisham and Kensington 
are the only subregions that exhibit a significant difference in RIs (Table S2 in Supporting Information  S1, 
p < 0.01). The median RI of years with LMAs across the broader study region is 9 years. However, the RI for the 
entire region exhibits a bimodal distribution with peaks at approximately 4 years and another at 9 years.

3.3.  Monthly Climate Variables and LMAs

The monthly minimum, mean, and maximum winter (November through April) temperature (°C) profiles for 
years with LMAs exhibit similar patterns when compared to temperature profiles for years without LMAs across 
the region (Figure 6 and Figure S3 in Supporting Information S1). The only significant difference in total monthly 
precipitation between LMA and non-LMA years exists in February (Figure S4 in Supporting Information S1). 
However, the precipitation pattern shifts in January, where cumulative monthly precipitation increases in LMA 
years before decreasing again through the rest of the winter, but median precipitation generally decreases during 
non-LMA years. Cumulative snowfall (mm), on the other hand, is greater every month during years with LMAs 
compared to non-LMA years.

Figure 5.  Raincloud plots for the individual paths within each of the three subregions (a–c) and the subregions compared to 
the entire study region (d). Note the different x-axis scale for each subregion. Kensington subregion: KP = Kensington Portal, 
JP = Jualin Portal; Fish Creek subregion: FK = Fish Creek Knob, FB = Fruit Bowl; Snettisham subregion: SC = South 
Crater, 4–6 = Diverter 4–6. Entire region represents these six paths aggregated.
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3.4.  Generalized Linear Model of Avalanche Years

Using a glm to fit a binomial regression allowed us to predict a binary outcome (LMA or no LMA) from our 
continuous independent variables. Results of the glm indicate ONI, February precipitation, and March precip-
itation to be significant predictors of years associated with regional LMAs (Table 5). Variance inflation factor 
values for each predictor variable were all less than 1.6, indicating that the predictor variables were not signifi-
cantly correlated.

The logistic regression model coefficients for January and February precipitation (β = 0.001 and 0.001, respec-
tively) indicate that the odds of a LMA year increase by 0.1% for every cumulative unit increase in precipitation 
for both months (Figures  7a and  7b). Cumulative precipitation in February exhibits a non-linear directional 
influence on whether a year is associated with LMAs or not, while the direction of influence from precipitation 
in January is linear.

Closer inspection of ONI as a statistically significant predictor variable (β = −0.65, p = 0.02) in the logistic 
regression model shows a negative coefficient (β = −0.65) indicating that the odds of a LMA year decrease by 
48% for each unit increase in the ONI (El Niño; Figure 6c). Through the full time series of the ONI index asso-

ciated with our reconstructed regional avalanche chronology (1850–2018), 
there are 53 years of positive (El Niño) ONI, 49 years of negative (La Niña), 
and 70 neutral years. Of those years, LMA activity occurred in either a posi-
tive (El Niño, 11 years) or negative (La Niña, 14 years) phase 25 times and 
during neutral conditions (−0.5 to 0.5) 25 times (Figures 8a and 8b).

The overall model (hereafter, naïve model) accuracy is 72% when proba-
bility outcomes >0.5 are predicted to be years associated with LMAs and 
outcomes ≤0.5 are predicted to be years without regional LMA events. We 
implemented a supervised probability range when assessing the probability 
of a given year being one associated with or without LMAs (Table 6 and 
Figure  9a). When we classify outcome probabilities >0.60 as confident it 
is a large magnitude year and below 0.25 as confident it is a non-LMA year 
model performance improves (83% and 85%, respectively) (Figure 9b). The 
model performs poorly when the probability of outcome is between 0.25 and 

Figure 6.  Summary of monthly climate variables (November through April) grouped years with large magnitude avalanches 
(LMA, solid gold line) and years without large magnitude avalanches (no LMA, dashed black line) throughout the region.

Estimate Standard error z value p-value

Intercept −3.72 0.97 −3.85 0

ONI −0.65 0.28 −2.32 0.02

prcp_Feb 0.001 0.00 2.60 <0.01

prcp_Mar 0.001 0.00 2.13 0.03

Note. A backward stepwise regression procedure was performed using AIC 
to select the most parsimonious set of predictor variables from the full model. 
P-values are calculated using Walds tests, with significance at the α = 0.05 
level (bold).

Table 5 
Results of the Generalized Linear Model Fit Predicting Binary Outcomes of 
Avalanche Year or No Avalanche Year and Fit Using a Logit Link Function
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0.60 (hereafter, undecided) with a designated threshold of 0.5 (>0.5 = correct and <0.5 = incorrect) and with an 
accuracy of 56%.

4.  Discussion
4.1.  Avalanche Chronology and Return Frequency

The 2706 GDs identified in this study from 426 trees across a large spatial extent allowed us to identify 82 years 
with regional LMA activity from 1720 to 2018. This large sample size of GDs consisted mostly of C2 and C3 
signals in the tree ring samples. While signals rated C1 represent the highest quality, they represent only 11% of 
the GDs identified in this data set. C2 and C3 quality samples, on the other hand, comprise 59% of the data set. 
The small number of C1 samples could potentially be attributed to the relatively rapid decomposition of mountain 
hemlock wood, which comprised the majority of samples in our data set, compared to Alaska yellow-cedar, which 
is far more resistant to rot and decay (Hennon et al., 2002). Thus, the overall rate of decomposition of dead and 
down trees (particularly hemlock) in this wet maritime climate likely prevented us from confidently classifying 
some signals as C1. This differs from other studies where C1 signals are the most abundant category of avalanche 
signals (Favillier et al., 2018; Peitzsch, Hendrikx, et al., 2021). However, the large overall number of GDs and the 
weighting process we employed (see Section 2.3) allowed us to confidently reconstruct the avalanche chronology 
in the study region. This use of cross sections and a large sample size also allowed for a complete assessment and 
a comparison against other samples where reaction wood may exist in some, but not other, samples for consecu-
tive years; thus, reducing the ability to record avalanche activity (Gratton et al., 2020).

Figure 7.  Single variable logistic regression models show the directional influence of the three variables selected for the final model: (a) monthly cumulative February 
precipitation (mm), (b) monthly cumulative January precipitation (mm), and (c) Oceanic Niño Index. Histograms at the top and bottom of each plot represent the 
density of observations along the x-axis—relative densities can be inferred within each panel but should not be compared between panels. Large magnitude avalanche 
(LMA) = years with regional LMA events, non-LMA = years without regional LMA events. The y-axis denotes model output odds (1 = LMA and 0 = no LMA) where 
the horizontal dashed line represents equal odds of both outcomes. The dashed line represents the 0.5 probability level.
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The RIs of LMAs within each individual path across the region exhibit a large range (1–126 years). Fruit Bowl 
exhibits the greatest minimum RI at 15 years while the RIs in the other 5 paths range from 1 to 4 years. The mean 
slope angle of the FB starting zone is 33 degrees which may act as a potential topographic influence on avalanche 
release and subsequent higher RI in this path. Jualin and Kensington paths in the Kensington subregion exhibit the 
most frequent median (and mean) RI likely due to regular avalanche mitigation measures beginning in 2007–2008 
to protect the Kensington gold mine, which lies directly downslope of these paths. Prior to this concentrated 
management effort, infrequent mitigation occurred in these paths. While it is possible that artificial avalanche miti-
gation resulted in some LMA years in our reconstruction, this fails to account for a consistently frequent RI from 
the early 1800s to the early part of the 21st century when mitigation was not as frequent. This more frequent LMA 
activity could also be explained by the topographic characteristics of these two paths; JP and KP are the smallest in 
area (0.03 and 0.05 km 2, respectively) and vertical distance (230 and 360 m, respectively). Therefore, it is possible 
that more frequent avalanches smaller than size D3 on the destructive scale could cause mechanical damage to the 
sampled trees and register as avalanche signals in these two paths (Corona et al., 2012). However, we sampled dead 
and downed trees in the lower most part of the runout zone in both paths where the path length is 230 and 360 m. 
This exceeds the typical path length for size D2 avalanches on the destructive scale (Greene et al., 2016), suggest-
ing that the avalanche signals in these paths represent LMAs as defined in this study. Kensington also experienced 
landscape disturbance (i.e., logging) that limits the sample depth prior to the mid-19th century.

Similar to other avalanche studies using dendrochronological data, the number of trees alive each year in each 
avalanche path generally increases in the individual avalanche paths in this study (Corona et al., 2012; Favillier 
et al., 2023). Exceptions include the two paths in the Snettisham region. In South Crater, specifically, the number 
of trees alive each year and subsequent ability to record avalanche activity in their rings increases and decreases 

Figure 8.  (a) Oceanic Niño Index (ONI) since 1850, with associated El Niño (warm), La Niña (cold), and la nada (neutral) 
phases. Years with large magnitude avalanche (LMA) events in southeast Alaska determined by dendrochronology 
reconstruction are shown as points along the time series. (b) proportion of years for each ONI category with LMA events.

Model outcome probability and reconstructed result Supervised classification Accuracy

Probability ≥0.6 and reconstructed LMA year Correct Confident LMA 83%

Probability <0.25 and reconstructed non-LMA year Correct Confident non-LMA 85%

Probability ≥0.25 AND <0.5 and reconstructed non-LMA year Correct Undecided 56%

Probability ≥0.5 AND <0.6 and reconstructed LMA year Correct Undecided

All else Incorrect NA

Table 6 
Supervised Classification Categories Based on the Modeled Outcome Probability and Reconstructed Regional Avalanche 
Chronology for Each Year
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throughout the chronology. The number of trees able to record avalanches in 4–6 increases and then generally flat-
tens. The maximum number of trees alive in any given year in these paths is also smaller than the other four paths 
in the region. This likely influenced the RIs for these individual paths. Observations indicate large avalanches in 
both avalanche paths in the Snettisham runout to the ocean. Therefore, large to historic-sized avalanches during 
the 20th century removed trees, deposited debris into the ocean, and limited the available material for sampling.

Additionally, in 1920 in the Snettisham area Alaska Pulp and Paper Company purchased a large timber sale 
and constructed a small pulp mill at Port Snettisham. In 1967, construction began on the first component of the 
Snettisham Hydroelectric Facility. Combined, these human disturbances likely removed potential material for 
sampling as the electric transmission lines traverse through these avalanche paths in the Snettisham area.

The significant difference in RIs between FK and FB highlights the potential difference in snowpack structure 
due to aspect. Fish Creek Knob faces southwest while FB is east facing. Subtle differences in snowpack structure 
and localized winds can explain why these two paths are the only paths that exhibit different RIs within any given 
subregion. Similarly, Gratton et al. (2020) found differences in avalanche activity by aspect due to varying mete-
orological drivers using a tree-ring reconstructed data set, and Reuter et al. (2015) found aspect to be a primary 
driver of snowpack instabilities.

The bimodal distribution of RIs across the entire region indicates a potential for regional LMAs every 4–9 years. 
The variability of median RIs across the subregions supports this and suggests that multiple subregions are neces-
sary to reconstruct and evaluate regional LMA activity. This is particularly true within southeast Alaska where 
the high-latitude maritime climate exhibits very strong air temperature gradients that influence the form (liquid 
vs. solid) and amount of precipitation as a result of microtopographic influences and the proximity to atmospheric 
circulation originating from either the Gulf of Alaska to the west or the extensive icefield complex to the east 
(Lader et al., 2020; Shanley et al., 2015). Overall, our results illustrate the interannual variability within each 
avalanche path within a given region and highlights the importance of sampling multiple paths when attempting 
to examine LMA activity at a regional scale (Favillier et al., 2023; Germain et al., 2010; Giacona et al., 2021; 
Hebertson & Jenkins, 2003; Martin & Germain, 2017; Peitzsch, Hendrikx, et al., 2021). This sampling strategy 
also aligns with regional climate and synoptic meteorological influences on snowpack and subsequent avalanche 
activity (Eckert, 2010; Giacona et al., 2021; Peitzsch, Pederson, et al., 2021).

4.2.  Climate Associations With Avalanche Activity

We examined specific climate variables and atmospheric teleconnection indices for relationships with LMA activ-
ity in the study area. Overall, monthly air temperature patterns suggest November and December temperature is 

Figure 9.  (a) Predictions (probabilities) of the model containing Oceanic Niño Index, precip_Feb, and precip_Mar for each year. Observed outcomes are presented as 
the color of the bar (black = no LMA, yellow = LMA) in each year. The gray shaded area represents the range of probabilities between 0.25 and 0.60 and classified as 
“undecided”. We classify areas above this shaded area (0.61–1.00) as “confident LMA” and areas below (<0.25) as “confident no LMA”. (b) Accuracy improved for 
predictions above and below the undecided region.
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similar in years with and without LMA activity across the region. Median monthly precipitation is not significantly 
different between LMA and non-LMA years except for February. However, it is worth noting the differences in 
precipitation patterns. The monthly median precipitation in years with LMAs increases from December to Janu-
ary leading to a significant difference with non-LMA years in February. Years with LMAs exhibit significantly 
greater cumulative February precipitation, suggesting a scenario of a relatively shallow early winter (November 
and December) snowpack followed by an increase in storminess and precipitation across the region in the latter 
part of the winter. Early season shallow snowpacks limit the runout extent and associated size of avalanches 
capable of impacting trees in avalanche runout zones, consistent with infrequent early season LMA activity due 
to a reduced volume of available snow (Bartelt et al., 2012; Eckert et al., 2013). However, early season shallow 
snowpacks often lead to persistent weak layer development, and, when combined with sufficient storms later in 
the winter, increase the probability of large deep slab avalanches (Marienthal et al., 2015). Overall, this finding 
suggests that the climatological differences between years with and without LMAs generally develop from Janu-
ary onward and are largely independent of early winter (November and December) temperature and precipitation.

To further elucidate climate drivers of LMA activity in southeast Alaska, we used a logistic regression model and 
found ONI, February precipitation, and March precipitation to be significant predictors of years with LMA activ-
ity. These results indicate that late-winter (February and March) precipitation is the primary driver of LMA  activ-
ity in this region; however, the relationship with ONI also suggests that there is an interaction with winter 
temperature, which is significantly warmer in southeast Alaska during the positive phase of the ONI (Fleming 
& Whitfield,  2010; Papineau,  2001). Air temperature plays a substantial role in the accumulation of winter 
snowpack in our study region because the long term (1991–2020) average winter (November through March) 
temperature is within 0.5°C of the freezing point of water (NOAA, 2022). As a result, small changes in winter 
temperature associated with shifts in the state of the ONI can change the form of precipitation (liquid vs. solid) 
during winter months. Within southeast Alaska, there are few long-term records of snow accumulation, and fewer 
still at mid- and high-elevation locations where avalanches start. However, the influence of the ONI on snow-
pack accumulation in the Coast Mountains is evidenced by the fact that the positive (warm) phase of the PDO, a 
teleconnection with similar regional signatures to El Niño/Southern Oscillation, is associated with a significant 
increase in winter streamflow regionally (from increased liquid precipitation during winter) and a corresponding 
decrease in regional summer streamflow (from lower winter snow accumulation (Neal et al., 2002)).

These empirical observations are consistent with our results showing that small perturbations in winter temper-
ature as reflected by the ONI signals in the logistic regression model had a significant impact on the probability 
of LMAs. A large percentage change in the odds of LMA activity in southeast Alaska (48%) occurs with a single 
unit change in ONI, indicating the substantial influence of temperature on precipitation type in February and 
March, which influences avalanche activity. In northwest Montana, USA, Dixon et al. (1999) report a relationship 
between El Niño years and a decrease in avalanche activity. Similarly, Peitzsch, Pederson, et al. (2021) show a 
short-term variability component in their climate data set is driven by ENSO and this component is a significant 
predictor of avalanche years in the northern Rocky Mountains, United States. Germain et al. (2009) also found 
more than a third of the years with LMAs in their data set in eastern Canada occurred during El Niño years.

The influence of seasonal temperature regimes on LMA activity has broad implications for modeling avalanche 
activity in maritime regions where temperature is an important control on snow accumulation compared to 
interior, continental environments (Mote et al., 2018; Pederson, Gray, Woodhouse, et al., 2011). Our tree ring 
constructed chronology of LMA shows that neutral ONI followed by the La Niña (cold) phase comprises the 
greatest proportion of years with LMA activity in our data set, while winters exhibiting El Niño conditions 
are associated with a lower proportion of years with LMA activity. This is consistent with the idea that, while 
precipitation is an important predictor of LMA years, temperature dictates the precipitation type (rain vs. snow) 
falling in the Coast Mountains of southeast Alaska. Thus, temperature can be seen to modulate the positive 
relationship between precipitation and LMA years in coastal environments, as in Gratton et al. (2020), with the 
frequency of large, snow-producing storms increasing during the cold phase of the ONI. Similarly, Martin and 
Germain (2017) and Keylock (2003) demonstrate the importance of atmospheric circulation patterns on regional 
avalanche patterns in the Presidential Range of New Hampshire, the United States, and Iceland, respectively. 
These results also align with several studies showing a decrease in the probability of avalanches as snowpack 
declines and temperature warms as well as a decrease in avalanche runout extent (Castebrunet et al., 2012; Eckert 
et al., 2013; Giacona et al., 2021; Peitzsch, Pederson, et al., 2021).
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4.3.  Model Performance

Logistic regression has been used to investigate avalanche activity and associated weather and climate influences. 
Gauthier et al. (2017) conclude that logistic regression is a valuable tool when examining meteorological drivers 
of avalanche activity in the maritime climate of eastern Canada. Hebertson and Jenkins (2003) found logistic 
regression a useful technique to demonstrate that January snowfall was a significant driver of avalanche activity 
in the Wasatch Range, Utah, USA, but found that the model failed to explain a substantial amount of variability 
in the data set. They report a small sample size of tree-ring data from individual paths and a lack of complete, 
long-term climate data set as limitations to their study. Here, we leverage a large (n = 435) data set of tree-ring 
records and long-term climate records to improve the ability of a logistic regression model to accurately predict 
avalanche probability. We use monthly and seasonal temperature, precipitation, and snowfall as local climate 
variables to account for the influence of short-term climate variability as well as teleconnection indices (ONI, 
PDO, AO) to account for mesoscale climate influences. Using these two general types of climate drivers allows 
us to relate regional avalanche activity and climate at the appropriate spatio-temporal scale for tree-ring based 
avalanche reconstructions.

In our study, the glm outcome indicates reasonable accuracy predicting LMA years (72%) using a cutoff of 
0.5 where probability outcomes >0.5 are predicted to be years associated with LMAs and outcomes ≤0.5 are 
predicted to be years without regional LMA events. The accuracy of prediction in the confident LMA class was 
high (83%) but represented a small minority of LMA observations over the entire period of record. The proba-
bility of outcome between 0.25 and 0.6 is where the model struggles to properly classify years associated with 
LMA activity or years without LMA activity. Therefore, we implemented a supervised probability range, which 
improved the performance of our model. Collectively, our findings indicate that a logistic regression model can 
provide useful information about the climate drivers of years with LMAs when the probabilities are partitioned in 
a supervised way. The limitation, of course, is distinguishing between whether conditions associated with proba-
bilities in the 0.25 to 0.6 range will result in LMA or not. The lack of accuracy in predicting probabilities in this 
range could be attributed to the sensitivity of the ONI signal in the model. In particular, the model struggles to 
predict LMA activity when the influence of temperature on the form of precipitation is difficult to discern from 
the ONI (i.e., temperature is not clearly warm or cold). In this context, our model can provide reliable information 
for the higher and lower probability ranges for LMA years. By identifying February and March precipitation and 
ONI as drivers of LMA activity, we provide information that can be used operationally to plan avalanche mitiga-
tion resources more effectively. However, the interaction of weather and snowpack structure on daily to seasonal 
time scales is important when forecasting avalanches (Morin et al., 2019). Therefore, using a finer temporal scale 
of weather variables (e.g., daily), while also including snowpack structure variables, may help improve the accu-
racy of the “undecided” range and address the limitations of the model (Gauthier et al., 2017). Additionally, the 
nature of tree growth and our tree-ring record limits the resolution of avalanche signals to an annual scale, and, as 
such, finer scale avalanche records could further increase model performance. However, despite these limitations, 
this study aimed to examine the climate-avalanche relationship in southeast Alaska, and our findings shed light 
on important climate variables and physical processes associated with LMA years throughout the study area. 
These results can be used to help inform long-term infrastructure planning and avalanche mitigation operations, 
particularly in an urban avalanche context such as Juneau, Alaska.

5.  Conclusions
We reconstructed a LMA chronology from 1720 to 2018 using an extensive tree-ring data set from six avalanche 
paths in southeast Alaska. We identified 82  years with LMA activity common throughout the study's three 
sub-regions. Using a suite of climate and atmospheric teleconnection variables, we examined avalanche-climate 
relationships from 1850 to 2018 that included 50 years identified as LMA years. Our results show variable  return 
period frequencies throughout the six individual avalanche paths, but, when aggregated to sub-regions, the 
median return period becomes more consistent across three sub-regions. The RIs for the entire region exhibit a 
bimodal distribution suggesting a median RI of 9 years across the region but a secondary peak at 4 years.

Our analysis of the relationships between LMA activity and climate revealed an important influence of mid-winter 
precipitation and temperature. A glm fit with binomial regression (LMA vs. non-LMA year) showed February 
and March precipitation and the ONI to be statistically significant predictors of LMA activity within a given year. 
The probability of LMA activity increased with February and March precipitation. Years with positive (warm) 
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ONI values, a proxy for short-term temperature variability in our data set, were associated with a greater proba-
bility of a year being one without LMA activity. Overall, our results suggest that the climatological differences 
between years with and without LMAs generally develop from January onward and are largely independent of 
early winter (November–December) temperature and precipitation. The limitations of the predictive capabilities 
of the model can likely be attributed to a lack of snowpack structure variables, since avalanche activity heavily 
depends on snowpack stability. In this study, however, our objective was to examine climate-avalanche relation-
ships in southeast Alaska, and we demonstrate that these results can be used to help inform long-term infrastruc-
ture planning and avalanche mitigation operations.

Disclaimer
Any use of trade, firm, or product names is for descriptive purposes only and does not imply endorsement by the 
U.S. Government.

Data Availability Statement
Data for this work can be found in Peitzsch et al. (2023): https://doi.org/10.5066/P9LPZPJP.
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