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Abstract: (1) Background: Global climate change is expected to significantly alter growing conditions
along mountain gradients. Landscape ecological patterns are likely to shift significantly as species
attempt to adapt to these changes. We evaluated the extent to which spatial (elevation and canopy
cover) and temporal (decadal trend and El Niño–Southern Oscillation/Pacific Decadal Oscillation)
factors impact seasonal snowmelt and forest community dynamics in the Western Hemlock–True
Fir ecotone region of the Oregon Western Cascades, USA. (2) Methods: Tsuga heterophylla and Abies
amabilis seedling locations were mapped three times over 20 years (2002–2022) on five sample transects
strategically placed to cross the ecotone. Additionally, daily ground temperature readings were
collected over 10 years for the five transects using 123 data loggers to estimate below-canopy snow
metrics. (3) Results: Based on validation using time-lapse cameras, the data loggers proved highly
reliable for estimating snow cover. The method reported fewer days of snow cover as compared to
meteorological station-based snow products for the region, emphasizing the importance of direct
under-canopy field observations of snow. Snow season variability was most significantly impacted
temporally by cyclical ENSO/PDO climate patterns and spatially by differences in canopy cover
within the ecotone. The associated seedling analysis identified clear sorting of species by elevation
within the ecotone but reflected a lack of a long-term trend, as species dominance in the seedling
strata did not significantly shift along the elevation gradient over the 20-year study. (4) Conclusions:
The data logger-based approach provided estimates of snow cover at ecologically significant locations
and fine enough spatial resolutions to allow for the study of forest regeneration dynamics. The results
highlight the importance of long-term, understory snow measurements and the influence of climatic
oscillations in understanding the vulnerability of mountain areas to the changing climate.

Keywords: climate change; under-canopy seasonal snow cover; Pacific Decadal Oscillation; El
Niño–Southern Oscillation; regeneration niche; western hemlock; Pacific silver fir

1. Introduction

Climate models predict that global climate change will cause dramatic changes in
snowfall, snowmelt season length and timing, and snow–water equivalent [1,2]. Some of
the most extreme reductions in snowpack are projected for the mountains of the U.S. Pacific
Northwest, where a decrease of nearly 70% is projected by 2100 as temperatures continue to
rise and less precipitation occurs as snowfall [3]. Earlier snowmelt is also likely, due to the
rising temperatures [4]. These changes in snowmelt timing are anticipated to be especially
pronounced for U.S. West Coast forests at elevations between 0 m and 2000 m [2,5]. In
addition to anthropogenic temperature increases, factors including topography [6], forest
canopy cover [7], and natural climate phenomena such as the El Niño–Southern Oscillation
and the Pacific Decadal Oscillation (ENSO and PDO) have been shown to significantly
impact snowmelt variability in the region [8].
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One option for species adaptation to the changing climate is migration. To remain
within preferred climatic envelopes, species would need to shift tens to hundreds of
kilometers poleward over the next few decades [9]. Mountain landscapes provide the
opportunity to witness these shifts along a compressed gradient of tens to hundreds of
meters rather than kilometers, as species migrate upslope to adapt to warming at lower
elevations and more favorable growing conditions at their upper range limits [10,11]. These
types of elevational expansions and contractions have been documented at both the cool
and warm limits of species distributional ranges [12]. Even in mountains, however, there
are serious concerns that natural migration will not be able to keep up with the current
rapid rate of environmental change [13].

Along with temperature and precipitation, snowpack has been shown to be a strong
influence on species’ range shifts [14]. Reductions in snow cover can impact forest
ecology by changing soils, water balances, fire regimes, and wildlife interactions [15,16].
Physiologically, climates can limit recruitment, creating habitat constriction for some
subalpine species, for example, as temperature interacts with precipitation to change
the snow-free season [17]. Earlier snow disappearance and reduced snowpack have
been correlated with earlier emergence, better survival, larger seedling size, and thus
higher rates of establishment of trees [18,19], thus contributing to the upslope migration
of forest species.

Ecotones have received increased attention in recent years as geographic areas of tran-
sition between biological communities that are likely to be highly responsive to changes in
climate [20,21]. Species living near the limits of their physical and competitive tolerances
at these sites would be among the first to experience observable range shifts [22]. These
ecotone dynamics have been shown to differ markedly at local and landscape scales, indi-
cating that temperature changes alone may be an insufficient predictor of forest response to
the changing climate in complex terrain [23]. In systems where seasonal snow variability
determines the boundaries among species, changes in snow cover would be expected to
trigger biogeographical shifts that would first be detectable through ecotone monitoring.
However, current snow monitoring networks are likely insufficient for capturing these
changes in forested montane watersheds [24], and new approaches are needed.

Methods for linking climate-driven changes in snow cover to changes in species’
spatial distributions in a forest ecotone require relatively long-term monitoring, under a
tree canopy, at a fine spatial scale. Previous research in the Cascade Mountains has been
quite effective at using satellite data to document basin-scale reductions in snowpack [5]
and changes in the timing of snowmelt within an ecotone of old-growth forest [25].
However, satellite sensors are unreliable in detecting changes under dense forest canopy,
e.g., because the forest canopy obscures snow from optical sensors which requires as-
sumptions and corrections [26]. Furthermore, high spatial resolution of observation is
required to study an ecotone in complex mountain terrain where understory microcli-
mate conditions are likely more important than macroclimate warming in determining
shifts in seedling recruitment (e.g., [27]). Therefore, these types of remote sensing studies
have limited ability to draw connections between temporal changes in snow and local
changes in the forest community, and field methods provide a valuable complement to
satellite-based approaches [28].

The goal of this research is to evaluate the extent to which spatial (elevation and
canopy cover) and temporal (decadal trend and El Niño–Southern Oscillation/Pacific
Decadal Oscillation) factors impact seasonal snowmelt and forest community dynamics
in the Western Hemlock-True Fir ecotone region of the Cascade Mountains of Oregon,
USA. Our study aims to quantify patterns of snow cover under the canopy in an area of
old-growth forest thought to be highly sensitive to snow hydrology. We evaluated the
following: (1) if snow persistence was spatially correlated with overall snow cover during
the melt season; (2) if snowmelt occurred earlier in the spring in recent years; and (3) if El
Niño–Southern Oscillation/Pacific Decadal Oscillation (ENSO/PDO) strongly influenced
the timing of snowmelt. Further, we quantified the spatial and temporal patterns of forest
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regeneration in the ecotone and determined the influence of snow variability. Specific
hypotheses addressed the following: (1) whether tree seedling species were well mixed
spatially within the ecotone; (2) whether seedlings shifted to higher elevations during a
twenty-year period; and (3) whether the timing of snowmelt was spatially correlated with
seedling composition.

2. Materials and Methods
2.1. Study Area

The H.J. Andrews (HJA) Experimental Forest Long-Term Ecological Research (LTER)
site is located on the western slope of the Western Cascade Mountains of Oregon, USA
(Figure 1). The 64 km2 HJA watershed is contained within the Willamette National Forest
and spans 1200 m in elevation, from 400 m asl to 1600 m asl. The Experimental Forest
was established in 1948 and added to the LTER network in 1980, so the generation and
analysis of long-term datasets have a long history at the site. The site is representative of the
region’s rugged mountains, stream ecosystems, and old-growth, conifer-dominated forests.
Approximately 40% of the landscape could be considered old-growth, characterized by a
complex stand structure containing snags, coarse woody debris, and large, old trees (in
many cases over 500 years old). Lower-elevation forests are within the Western Hemlock
vegetation zone, which is dominated by Tsuga heterophylla (western hemlock) with Pseu-
dotsuga menziesii (Douglas fir) and Thuja plicata (western red cedar). The higher-elevation
True Fir vegetation zone is notably colder, wetter, and snowier, and it is dominated by Abies
amabilis (Pacific silver fir) and A. procera (noble fir) [29].
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Figure 1. The H.J. Andrews Experimental Forest study watershed. The light green band represents an
elevation-based approximation (1230–1410 m) of the Western Hemlock–True Fir ecotone. Sample plots
are marked by white boxes. Diamonds indicate locations of two benchmark meteorological stations
located in the ecotone: Vanilla Leaf (elevation = 1275 m) and Upper Lookout (elevation = 1295 m).
Inset: the star identifies the location of H.J. Andrews in Oregon, USA. The map projection is NAD83
UTM Zone 10N.



Land 2024, 13, 424 4 of 16

Oregon’s average temperature has risen by 1.2 ◦C since 1895 and is expected to increase
by 2.8 ◦C by mid-century and by 4.6 ◦C by the 2080s in business-as-usual scenarios [30].
Precipitation has not changed substantially and winter precipitation is expected to increase
slightly. However, warmer temperatures may cause more of this precipitation to fall as rain
rather than snow, and annual snowpack across the state is projected to decline by 25% by
2050 [30]. Many parts of Oregon depend on seasonal meltwater, and snowpack and glacial
declines will likely reduce irrigation water supplies in parts of the state. Reductions in
snowpack would also contribute to declines in soil moisture, which would increase wildfire.
Fire is an ever-present risk to the landscape, and large burns influenced the HJA watershed
in 2020 and 2023. The 2023 Lookout Fire was particularly impactful to the HJA, having
originated in it and spread over a majority of its area.

2.2. Data

Sample plots were strategically established to cross the ecotone between the Western
Hemlock and True Fir vegetation types. Through prior modeling work, we used estimates
of temperature [31], soil moisture [32], and radiation [33], combined with field sampling of
forest composition stratified throughout the watershed, to classify and map the dominant
vegetation types [34]. The model identified locations on the watershed of significant mixing
of the hemlock and fir community types, and this information was used to define the
ecotone for the present analysis (Figure 1). Within this ecotone band (approximately 1230 to
1410 m in elevation based on the vegetation models), we established five 20 m by 100–180 m
plots for more intensive, long-term monitoring [35]. These highly heterogeneous plots
represented sites on the landscape anticipated to be among the most sensitive to climate-
driven ecological range shifts.

We have been monitoring changes in seedling populations within these ecotone plots
since 2002. We focused on this early life stage as an indicator of species persistence or
migration because of its demonstrated sensitivity to climate change and overall importance
in shaping plant community dynamics [14,36,37]. Seedling data were collected in the
summers of 2002, 2012, and 2022 for the following four conifer species: Tsuga heterophylla
(western hemlock), Abies amabilis (Pacific silver fir), A. procera (noble fir), and A. grandis
(grand fir). All seedlings up to 1.37 m tall within a 1 m offset on both sides of the plot
centerlines were recorded and georeferenced. The species, height, distance along the
centerline, and offset from the centerline were recorded for all seedlings on the five plots.
Seedlings were binned by species and size class: young of the year (yoy), 0–10 cm in height,
10–50 cm in height, and 50–137 cm in height. Seedlings classified as yoy were later excluded
from analyses due to inconsistency between years in these data. Seedling germination,
growth, and therefore detectability of yoy seedlings is highly dependent on the timing
of snowmelt relative to the timing of sampling. The interval between these two events
was not consistent for our three vegetation surveys (2002, 2012, and 2022). We therefore
excluded all the yoy seedlings from our analyses.

An average of nearly 40 elevation reference points were mapped every 20 m along
the plots using an Impulse (Laser Technologies Incorporated) laser surveying system.
These points were kriged to produce 1 m resolution digital elevation models (DEMs)
for the plots [35]. The elevation for each seedling was then estimated by extracting the
value from the DEM for the seedling’s recorded spatial locations in ArcPro®. In 2002 and
2022, we also used a spherical densiometer to record canopy cover on the plots and at
observed seedling locations. For comparison purposes, publicly available elevation and
snow data were also gathered from two meteorological stations (VANMET and UPLMET,
canopy cover = 0 at both) located within the ecotone region of the study area (Figure 1).
With the exception of A. grandis, reproductively mature trees were present on the plots in
sufficient density to ensure that seeds were present and none of the species were likely
dispersal-limited [35].

In 2013, we began monitoring the timing of snowmelt on the plots, and from 2013
to 2022, we recorded snow cover using data from 123 temperature data loggers (Onset
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HOBO Pendant Models UA-002-64), dispersed at ground level throughout the five plots.
One-third of the data loggers were co-located next to T. heterophylla seedlings (20 of the
loggers) and A. amabilis seedlings (24 loggers). Twenty of the loggers were located in the
field of view of nine time-lapse cameras (Wingscapes TimelapseCam 8.0), which were used
to validate our logger-based estimates of snow.

Measurements of temperature were recorded by the data loggers every 6 h (3:00, 9:00,
15:00, and 21:00 PST; Pacific Standard Time = Universal Time-8 h). Due to the insulating
properties of snow, data loggers covered by snow recorded a consistent temperature
between −1 and 1 ◦C. To account for times when temperatures were naturally within that
range and snow was not on the ground, a “snow-covered” value for a data logger at a
specific time was only recorded when the data logger recorded temperatures within that
range for at least 4 consecutive readings (i.e., 24 h). When the location became snow-free,
the data logger was no longer covered by snow and temperatures would fluctuate between
measurements. The number of snow days metric was calculated as the number of snow-
covered values for a data logger divided by 4 (4–7 snow values = 1 snow day, 8–11 snow
values = 2 snow days, etc.). The last day of snow metric was calculated as the date of
the final snow-covered value for a data logger. Any data loggers that stopped logging or
became non-operational before the end of the snow season for that year were excluded
from that year’s data.

For the validation, the “snow-covered/snow-free” classified values at 9:00 PST for all
data loggers within view of a camera were compared to camera photos taken at 9:00 PST
on the same day. This process involved manually inspecting over 12,000 photos: if the
data logger was visible upon observation, that observation was recorded as snow-free, and
otherwise, the logger was considered snow-covered. The manual observations of photos
were compared to the data logger observations derived via temperature (methodology
outlined in the previous paragraph), and this comparison was used to evaluate whether
the data logger-based estimates were reliable indicators of the presence or absence of snow
using the kappa statistic from a confusion matrix. Out of the four times when “snow-
covered/snow-free” values were recorded by data loggers, only the 9:00 PST and 15:00 PST
values could be used for validation since camera photos were only available during these
daylight hours. The 9:00 PST values were chosen for validation somewhat arbitrarily
to obtain one measurement per day. We did not validate both times every day due to
our sufficiently large sample size (12,000+) and the significant labor cost of analyzing
12,000 additional photos by eye. Overall, we expected the validation statistics to be very
similar at 9:00 PST and 15:00 PST.

2.3. Analyses
2.3.1. Snow Variability

We first validated the ability of the temperature data loggers to record snow cover. For
each day of the snow depletion season, we used the methods described above to determine
the presence or absence of snow for each of the ten to twenty data loggers per year that
were in sight of the cameras (due to factors such as battery failure, damage, and loss, not all
cameras nor data loggers were available for every year). We considered the snow depletion
season as beginning on 21 March (or 20 March in a leap year) and ending on 30 June (or
29 June; [38]). We evaluated thousands of photos by eye during this time frame to confirm
whether the data loggers were actually covered in snow for the date and created a confusion
matrix to assess misclassifications and visualize the outcomes.

Once confident in the ability of the data loggers to record snow, we began to
construct snow cover time series specific to the ecotone. For each year and each logger,
we used the following two metrics to quantify the snow as described in Kostadinov and
Lookingbill [25]:

1. Number of snow days—the total number of days during the snow depletion season
that the data logger was covered by snow;
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2. Last day of snow—the last day of the water year (which ends on 30 September) in
which the data logger was covered by snow.

We calculated the number of snow days and last day of snow for each year for all
available data loggers over the 10-year period from 2013 to 2022. The data recovery
rate ranged from 65 to 123 data loggers per year for a total sample size of 779 records.
We conducted a Pearson correlation analysis between the two snow metrics to test
whether snow persistence was spatially correlated with overall snow cover during the
melt season.

To assess the temporal trend, we plotted the percentages of recovered data loggers
covered with snow for each day of the snow depletion season. We then constructed box
plots to assess the within- and among-year variability in the total snow days and the last
day of snow metrics to examine whether snow had been decreasing or snowmelt occurring
earlier in the spring over time.

To test the hypothesis that climate teleconnections due to the El Niño–Southern Os-
cillation (ENSO) and the Pacific Decadal Oscillation (PDO) were drivers of snow cover
variability in the ecotone during the melt season, monthly values for the multivariate ENSO
index (MEI) [39,40] and the PDO index [41,42] were obtained for 2013–2022. Yearly ENSO
averages were calculated using ENSO values from December to February right before the
snow depletion season of that year while yearly PDO averages were calculated using PDO
values from October to March, following the methods of Kostadinov and Lookingbill [25].
These two averages were combined to develop a final ENSO/PDO value for the year, which
was then compared to the snow metric values for each year using ordinary least squares
(OLS) linear regression.

2.3.2. Forest Regeneration

To test whether species were well mixed within the ecotone, we conducted a Wilcoxon
rank sum test comparing the cumulative frequency distributions of abundance based on
elevation for the observed T. heterophylla and A. amabilis seedlings. To test whether seedlings
shifted to higher elevations over the 20-year study period, we conducted Kruskal–Wallis
tests on the abundance distributions for the three sample years (2002, 2012, 2022) for both
species. To test whether the timing of snowmelt was spatially correlated with seedling
composition, we calculated the average number of snow days and average last day of
snow for the 44 data loggers located at 24 A. amabilis and 20 T. heterophylla seedlings.
We compared the overall and yearly averages of the snow metrics for the two seedling
types using Wilcoxon rank sum tests to determine if either of the two metrics significantly
predicted differences in the locations of the two species.

Data sorting and manipulation was performed in Python. All statistical tests were
conducted in R (R Core Team, 2023).

3. Results
3.1. Snow Variability

The data loggers were reliable measures of the presence or absence of snow at their
fixed locations during the snow depletion season. Of the 12,357 measurements pairing
data logger assessments of snow presence–absence with the presence–absence observations
derived from the photos, 12,030 were a match (kappa = 0.94). False-negative Type II errors
(n = 186) slightly exceeded false-positive Type I errors (n = 141), but both were negligible
(Table 1).

In total, we recorded an average of 28.6 snow days per year from 2013 to 2022 across all
plots and all sensors (Figure 2; recall that snow days were counted for the melt season begin-
ning on 20 or 21 March). The number of snow days ranged from a low of 13.0 days/sensor
in 2015 to a high of 44.8 days/sensor in 2022. The mean last day of snow from 2013 to
2022 (and across all loggers) was 2 May; the annual mean (across all loggers) ranged from
17 April to 18 May over the study period.
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Table 1. Confusion matrix for the data logger classifications of snow presence–absence compared
to the values obtained by examining time-lapse camera imagery. Data derived from 10 to 20 data
loggers within sight of 9 cameras for the 2013–2022 snow depletion seasons (21 March–30 June).
Kappa coefficient = 0.94.

Cameras

Snow-Covered Snow-Free

Data Loggers Snow-Covered 3496 (28.3%) 186 (1.5%)
Snow-Free 141 (1.1%) 8534 (69.1%)

Land 2024, 13, x FOR PEER REVIEW 7 of 16 
 

Table 1. Confusion matrix for the data logger classifications of snow presence–absence compared to 
the values obtained by examining time-lapse camera imagery. Data derived from 10 to 20 data log-
gers within sight of 9 cameras for the 2013–2022 snow depletion seasons (21 March–30 June). Kappa 
coefficient = 0.94. 

  Cameras 
  Snow-Covered Snow-Free  

Data Loggers Snow-Covered 3496 (28.3%) 186 (1.5%) 
 Snow-Free 141 (1.1%) 8534 (69.1%) 

In total, we recorded an average of 28.6 snow days per year from 2013 to 2022 across 
all plots and all sensors (Figure 2; recall that snow days were counted for the melt season 
beginning on 20 or 21 March). The number of snow days ranged from a low of 13.0 
days/sensor in 2015 to a high of 44.8 days/sensor in 2022. The mean last day of snow from 
2013 to 2022 (and across all loggers) was 2 May; the annual mean (across all loggers) 
ranged from 17 April to 18 May over the study period.  

 
Figure 2. Percentages of data loggers covered by snow for each day of the snow depletion seasons 
from 2013 to 2022. Within this timeframe, 2022 had the most days with snow cover, while 2015 had 
the fewest number of snow days. 

The amount of snow on the plots was consistently less than at the neighboring mete-
orological stations, which can be explained by the differences in canopy cover. In 2022, 
the total number of snow days recorded by the different data loggers ranged from 35 to 
72, and the canopy cover over those sensors ranged from 37.5% to 99% (mean = 85.4%). In 
contrast, the two meteorological stations are located in open field conditions (0% canopy 
cover) and recorded 80 (at UPLMET) and 102 snow days (at VANMET) for the 2022 snow 
depletion season. The relationship between canopy cover and number of snow days was 
highly significant for the 2022 data loggers (R2 = 0.32; p < 0.001). From 2002 to 2022, there 
was minimal disturbance to the canopy on the plots. Canopy cover decreased slightly 
from an average plot value of 94% to 85%, most of which was caused by treefall disturb-
ance on one of the plots resulting in a decrease from 95% to 79% on that plot.  

Figure 2. Percentages of data loggers covered by snow for each day of the snow depletion seasons
from 2013 to 2022. Within this timeframe, 2022 had the most days with snow cover, while 2015 had
the fewest number of snow days.

The amount of snow on the plots was consistently less than at the neighboring me-
teorological stations, which can be explained by the differences in canopy cover. In 2022,
the total number of snow days recorded by the different data loggers ranged from 35 to
72, and the canopy cover over those sensors ranged from 37.5% to 99% (mean = 85.4%). In
contrast, the two meteorological stations are located in open field conditions (0% canopy
cover) and recorded 80 (at UPLMET) and 102 snow days (at VANMET) for the 2022 snow
depletion season. The relationship between canopy cover and number of snow days was
highly significant for the 2022 data loggers (R2 = 0.32; p < 0.001). From 2002 to 2022, there
was minimal disturbance to the canopy on the plots. Canopy cover decreased slightly from
an average plot value of 94% to 85%, most of which was caused by treefall disturbance on
one of the plots resulting in a decrease from 95% to 79% on that plot.

Across all years, from 2013 to 2022, the day of snow disappearance metric was signifi-
cantly correlated (r = 0.54; n = 820, p < 0.001) with the total number of snow days metric
(Figure 3). For some years, the metrics provided nearly identical information (e.g., r = 0.99
in 2019 and r = 0.92 in 2020, p <0.001); for other years, the correlation was much weaker
(e.g., r = 0.28 in 2021, p = 0.03). For simplicity, the remaining figures below are provided
for the total number of snow days metric. However, results are reported in the text for
both metrics.
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Figure 3. Correlation of two snow metrics, last day of snow and total number of snow days during
the snow depletion season, as recorded by the forest floor temperature data loggers (2013–2022). The
metrics were moderately correlated (r = 0.54; n = 820; p < 0.001), indicating that snow persistence was
correlated with overall snow cover during the depletion season.

The time series of the number of snow days metric illustrates the high interannual
variability at the site (Figure 4), which is also notable in Figure 3, and is consistent with the
results of Kostadinov and Lookingbill [25], who also observed high interannual variability
in snow cover and disappearance dates for this ecotone. In general, the second half of the
decade had more snow, with the snowiest year being the most recent (2022). The least
snowy years were 2014–2016. Any long-term signal was obscured by ENSO, PDO, and
other sources of variability over this time period. Cold-phase years of ENSO/PDO were
correlated with more snow days (R2 = 0.32; p = 0.08), which can explain the high amounts
of snow in the most recent years. The two years with the warmest ENSO/PDO states were
also the two least snowy years (Figure 5).



Land 2024, 13, 424 9 of 16Land 2024, 13, x FOR PEER REVIEW 9 of 16 
 

 
Figure 4. Boxplot showing the medians, interquartile ranges, and outliers of the number of snow 
days metric by year for all data loggers (2013–2022). Years were classified as hot (red), cold (blue), 
or neutral (gray) based on combined ENSO and PDO rankings. The coldest ENSO/PDO year was 
2022, with an ENSO value of −1.067, a PDO value of −2.422, and a median of 41 snow days per data 
collector. The warmest ENSO/PDO year was 2016, with an ENSO value of 1.867, a PDO value of 
0.812, and a median of 14 snow days. 

 
Figure 5. Linear regression analysis between the mean number of snow days per year and the mean 
rank value from the ENSO and PDO indices for the year (R2 = 0.32; p = 0.08). High-rank values indi-
cate the warm PDO and ENSO years; low-rank values indicate the cool phases of the PDO and ENSO. 

Figure 4. Boxplot showing the medians, interquartile ranges, and outliers of the number of snow
days metric by year for all data loggers (2013–2022). Years were classified as hot (red), cold (blue),
or neutral (gray) based on combined ENSO and PDO rankings. The coldest ENSO/PDO year was
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0.812, and a median of 14 snow days.
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rank value from the ENSO and PDO indices for the year (R2 = 0.32; p = 0.08). High-rank values
indicate the warm PDO and ENSO years; low-rank values indicate the cool phases of the PDO
and ENSO.
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3.2. Forest Regeneration

Of the four species of seedlings recorded, T. heterophylla (n = 829) and A. amabilis
(n = 781) were found most frequently in the ecotone (Table 2). Over 80% of the T. heterophylla
seedlings were located on nurse logs, while only a small fraction of the A. amabilis and A.
procera seedlings were located on nurse logs. Totaling across all years, the T. heterophylla
seedlings (median 1285 m) were observed at significantly (p < 0.001) lower elevations than
the A. amabilis seedlings (median 1337 m). Cumulative frequency distributions for the
two species’ seedling elevations are provided in Figure 6.

Table 2. Total counts for the four sampled seedling species in the ecotone. Combines data from 2002,
2012, and 2022 sampling dates. Excludes young-of-the-year (yoy) seedlings. T. heterophylla seedlings
were most frequently observed on nurse logs.

Species Total Percentage on Nurse Logs

Western hemlock
(T. heterophylla) 829 80.9%

Silver fir
(A. amabilis) 734 4.3%

Grand fir
(A. grandis) 10 0.0%

Noble fir
(A. procera) 277 10.1%
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Figure 6. Elevational sorting of species. Cumulative frequency distributions of elevation for all T.
heterophylla and A. amabilis seedling abundances highlight a significant (p < 0.001) elevational differ-
ence between the two species based on Wilcoxon rank sum testing, with T. heterophylla being found at
lower elevations (median = 1285 m) and A. amabilis found at higher elevations (median = 1337 m).

A comparison among years (2002, 2012, and 2022) revealed no significant upslope
shift of seedlings for either species (p > 0.05) based on the Kruskal–Wallis tests (Figure 7).
Median elevation for the T. heterophylla seedlings was 1279 m in 2002 and 1285 m in 2022.
Median elevation for the A. amabilis seedlings was 1337 m in 2002 and 1328 m in 2022.
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Figure 7. No temporal shift in elevation. Cumulative frequency distributions of elevation by species
for the three sample years (2002, 2012, 2022) indicate no significant shift for T. heterophylla seedlings
or A. amabilis seedlings in the ecotone based on the Kruskal–Wallis tests (p > 0.05).

On average, four fewer snow days per year were recorded by data loggers located
at T. heterophylla seedling locations (mean = 27 days) compared to data loggers located at
A. amabilis seedling locations (mean = 31 days, p = 0.021). Differences were significant for
six of the 10 individual years (Figure 8). Generally, differences were not significant in the
years of highest (2017 and 2022) and lowest snow cover (2014 and 2015, but significant for
2016). Differences between the two species were also not significant for the last day of snow
metric (p = 0.55), with the average date of the last snowmelt from 2013 to 2022 for the T.
heterophylla and A. amabilis seedlings occurring on 2 May and 3 May, respectively.
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Figure 8. Average number of snow days per year recorded at A. amabilis seedling locations (n = 24)
and T. heterophylla seedling locations (n = 20) from 2013 to 2022. The error bars represent standard
deviations. * years for which the average number of snow days was significantly lower (p < 0.05)
for the T. heterophylla seedling locations than for the A. amabilis locations based on Wilcoxon rank
sum tests.

4. Discussion

Our results suggest that relatively inexpensive temperature data loggers offer a highly
reliable option for detecting the presence or absence of snow cover at decadal time scales.
Agreement with time-lapse camera observations was strong, though the malfunction
and loss of loggers in the harsh field conditions of the HJA were appreciable. Overall,
using a network of inexpensive temperature loggers on the forest floor to detect snow
presence provides a useful complement to satellite-, airborne-, and lidar-based mapping of
snow dynamics in remote and difficult-to-access landscapes. This approach has the distinct
advantage that it is affordable and collects time series for a long period of time with minimal
maintenance, requiring no local power or internet infrastructure. The basic principle of
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operation of the snow detection employed here (using the insulating properties of the
snow) has been shown to be effective and accurate by other investigators as well and can
also be used with a fiber optic cable to detect snow along long linear pathways [26,43,44].
Combined with light sensors and aligned in vertical distributions, temperature data loggers
can even be used to detect snow depth at a low cost in remote locations [45].

In forested landscapes, the approach provides the added benefit of measuring condi-
tions below tree canopies and at fine spatial scales that may be important to forest processes
such as seedling germination and establishment, as well as for developing and validating
remote sensing algorithms for the detection of snow under a canopy (e.g., [26]). Our esti-
mates from the temperature data loggers under the canopy at the HJA generally indicated
an earlier melt and lower total snow amounts than provided by nearby meteorological
stations located in open fields. Two of the years (2013 and 2014) from our study overlapped
with those of an earlier study that used MODIS satellite-based methods to assess snow
for the same Western Hemlock–True Fir ecotone but over a larger geographic region [25].
Using the methods from that study to assign snow days to the ecotone, our two studies
are in agreement about whether the ecotone was snow-covered or not for 177 out of the
204 days (87%) in the snow depletion seasons for the two years. Two late-season storms
(one each year in May) that occurred after the initial melt-off for the year resulted in a total
of seven snow days that were captured by the field data loggers but not by the satellite
imagery. Additionally, the satellite record included nine consecutive “snow days” in April
2014 that were assessed as snow-free by the data loggers. These comparisons with local
meteorological and remote sensing data suggest the following: (a) snow dynamics under a
canopy are different than they are in the open, as expected [26], and (b) as stated above, the
network of temperature loggers under a canopy provides very useful and complementary
information to other remote and in situ methods of snow observation.

Apart from the modality of measurement, the choice of snow metrics is another
important decision in understanding the impact of changes in snowfall and melt on snow-
adapted species. For example, here, we demonstrated that the number of snow days and
the snow disappearance date did not exhibit a perfect correlation. At a much larger scale,
Pierce & Cayan [1] compared different snow metrics in their ability to detect a statistically
significant, multi-decadal trend from climate models for the western United States. While
they found that many of the variables that they investigated such as snow season length
were generally changing as a result of climate change, they reported an uneven response
among the different metrics. Ultimately, different stakeholders may select different metrics
based on the intended use and the sensitivity of the studied entity or question to the metrics.

For our purposes, the last day of snowmelt and the total number of snow days during
the snow depletion season were selected as two metrics with potential relevance to the
regeneration niche of our species of concern. The two metrics were moderately correlated
for most but not all years. We found a significant difference in the first of these metrics
between the two seedling species (mean = 27 snow days for the T. heterophylla seedlings;
mean = 31 snow days for the A. amabilis seedlings), supporting the suggestion that the
stiffer A. amabilis seedlings may be more tolerant to spring snows and that the influence
of snow might be critical to shaping this ecotone [46,47]. However, we did not observe
a significant difference in terms of the timing of snow disappearance, which was more
sensitive, for example, to late-season storms that would cover all of the sensors for a day or
two but likely not have a lasting impact on the forest physiology or hydrology.

Despite the global increases in temperature, the HJA has exhibited only limited ev-
idence of warming, e.g., local observations of earlier springs in some areas of the land-
scape [48]. We found that neither snow metric significantly decreased over the period of
study. Instead, climate oscillations such as ENSO and PDO appear to be the dominant
drivers of snow variability at this temporal scale. The recorded correlation with negative
phases of ENSO (La Niña) (more snow in negative ENSO years) is consistent with other
findings in Pacific mountains including instrument and reconstructed snowpacks from
300 years of tree ring data in British Columbia [8]. Although we did not observe a temporal
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decrease in snow cover over the past decade, the observed differences in the mean number
of snow days for the A. amabilis and T. heterophylla seedling locations could have important
climate change implications. Any future changes in snow (e.g., even through indirect
pathways by impacting the strength and/or frequency of ENSO/PDO events) are likely to
have significant impacts on the composition of these forests.

Given the lack of a trend in the snow data, it is perhaps not surprising that we did
not find that seedling distributions within the ecotone were consistently shifting to higher
elevations. We also note that for some earth system datasets, many years or decades of data
would be required to distinguish a long-term trend from natural noise (e.g., [25]), especially
given that gaps/discontinuities in sensors and data are common and even inevitable [49,50].
It may also be the case that climate trends may not necessarily be the best predictor of
species range shifts driven by differential seedling establishment [51]. Because regeneration
events happen over discrete periods of time, “windows of opportunity” in which conditions
are ripe for seedling survival over a small number of consecutive years may be a better
indicator of species’ response to climate change [37]. Accordingly, two years of cooler,
wetter weather from 2020 to 2022 may have provided the window of opportunity conditions
necessary to support species persistence in their current niches despite longer-term global
warming [52]. After multiple La Niña years, 2023/2024 ushered in an El Niño, with a shift
to yet another La Niña likely by mid-2024. It will be important to continue to track the
consequences of these episodic events on the regeneration of these forests.

Other recent studies have found similar stability in tree species ranges over the past
decades, but have highlighted the potential effect of increases in disturbance events in
triggering range shifts [53]. The possible triggering effect of disturbances such as fire,
which are likely to become more frequent as a consequence of warming and earlier spring
snowmelt [15], requires additional study. For example, many long-term studies at the HJA,
such as this one, have been majorly disrupted by the summer 2023 Lookout Fire that burned
much of the Experimental Forest. The fire offers a potential opportunity for new seedling
establishment within the ecotone. The consequences of this fire should be closely monitored.
Though we did not observe substantial range shifts within these old-growth stands, the
interaction of climate and fire may result in future patterns of seedling establishment that
drive landscape change [54,55].

It is also possible that microsite topographic variability and neighborhood effects are
more important in determining species distributions than elevation at the ecotone level [56].
Alatalo and Ferrarini [57] demonstrated how topography can slow the upslope shift of
subalpine forests. Although the strong association between fallen overstory trees (nurse
logs) and T. heterophylla regeneration has been well documented in these forests (e.g., [58]),
the mechanism underlying this association is not clearly understood, as coarse woody
debris is a relatively nutrient-poor substrate compared to the forest floor [59]. We found
that over 80% of T. heterophylla seedlings in the ecotone were located on nurse logs, which
are also likely to affect snow dynamics as compared to ground locations. More research
is needed on these relationships and their interactions with climate migration to develop
effective adaptation strategies for forests of the Northwestern USA [60].

5. Conclusions

The results provided here highlight the importance of below-canopy, fine-resolution
snow measurements to understand snow dynamics relevant to forest processes like seedling
recruitment. Such data are also important for the development of remote-sensing algo-
rithms capable of accounting for differences in under-canopy vs. open/gap area snow
dynamics in forests. The results confirm the strong influence of climatic oscillations on
montane old-growth forests. As global climate change alters abiotic factors in ways that are
often hard to predict at landscape scales, long-term studies will continue to be essential in
providing valuable information on the resilience of old-growth forests. Ultimately, com-
bining remote sensing and local field plot data may be the best way to monitor changes in
forest ecotones over decadal time scales.
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