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Abstract Extensive and complex changes in spring vegetation phenology have occurred in the Pan-Arctic
over the last several decades. However, the role of snow cover at the start of the growing season (SOS) under
different climatic conditions remains unclear. Therefore, we compare the effects of four snow indicators on
SOS from 1982 to 2015 based on long-term remote sensing data and found that snow cover end date (SCED)
is the main snow indicator affecting SOS, with SOS advancing 0.56 days for each 1-day advance in SCED,
explaining 12%-90% of SOS variability in 63% of the Pan-Arctic region. The results also demonstrate that
SCED is the dominant factor on SOS in 13% of the Pan-Arctic region and the effects of SCED on SOS vary
with temperature gradient rather than precipitation gradient. In cold areas, the positive effect of SCED on SOS
diminished with increasing temperature, while in warm areas, the positive effect of SCED on SOS increased
with increasing temperature. As the climate warms, the impact of SCED on SOS is expected to weaken in cold
areas and increase in warm areas. The findings have crucial implications for understanding future vegetation
phenological responses to climate change across the Pan-Arctic.

Plain Language Summary The Pan-Arctic is undergoing dramatic environmental changes.
Changes in spring vegetation phenology, one of the most critical climate-induced changes, have not always
followed the global advancement trends. The role of changing snow cover in a considerable amount of variation
in spring vegetation phenology under various climatic conditions is still not clear. Based on long-term remote
sensing datasets, we find that snow cover influenced 63% of Pan-Arctic terrestrial spring vegetation phenology,
with a 1-day advance in snowmelt followed by a 0.56-day advance in spring vegetation phenology. The effect
of snowmelt on spring vegetation phenology varies by area and is related to the temperature rather than
precipitation. There are different modes of the impact of snowmelt on spring vegetation phenology in cold

and warm areas. The impact of early snowmelt on spring vegetation phenology is expected to diminish in cold
areas and increase in warm areas as the climate warms across the Pan-Arctic. Our results contribute to a better
understanding of the future vegetation status of the Pan-Arctic ecosystem in the context of climate change.

1. Introduction

Changes in vegetation phenology in spring, particularly the start of the growing season (SOS), are critical
climate-induced changes (Piao et al., 2019; Richardson et al., 2013) that can alter the length of the vegetation
growing season and influence the carbon, water, and energy fluxes between the terrestrial ecosystems and the
atmosphere (Keenan et al., 2014; Kim et al., 2018; Linderholm, 2006; Penuelas et al., 2009). Spring tempera-
ture is an environmental variable widely used to explain variation in spring vegetation phenology (de Beurs &
Henebry, 2005, 2008; Panchen & Gorelick, 2017; Prevéy et al., 2017). Despite the global trend of advancing SOS
since the early 1980s due to increasing temperatures (Piao et al., 2019), changes in SOS in the Pan-Arctic region,
where temperatures rise sharply, do not always follow these trends. Instead, the SOS in some areas advances
while it delays or remains unchanged in others, reflecting substantial complex variation (H. Zeng et al., 2011;
Zheng et al., 2020). Moreover, changing snow cover complicates the relation between temperature and spring
vegetation phenology and has been proven to play an important role in a considerable amount of the complex vari-
ation in spring vegetation phenology (Bjorkman et al., 2015; Buus-Hinkler et al., 2006; Legault & Cusa, 2015;
Semenchuk et al., 2016; Wipf & Rixen, 2010).

WU ET AL.

1 of 15


https://orcid.org/0000-0002-6777-4196
https://orcid.org/0000-0003-2739-3302
https://orcid.org/0000-0001-6188-0257
https://orcid.org/0000-0001-9672-3024
https://orcid.org/0000-0002-4590-3022
https://doi.org/10.1029/2022JG007183
https://doi.org/10.1029/2022JG007183
https://doi.org/10.1029/2022JG007183
https://doi.org/10.1029/2022JG007183
https://doi.org/10.1029/2022JG007183

~1
AGU

ADVANCING EARTH
AND SPACE SCIENCE

Journal of Geophysical Research: Biogeosciences 10.1029/2022JG007183

Snow cover affects SOS by altering the soil water, heat, and nutrient cycles (Freppaz et al., 2008; Harpold &
Molotch, 2015; Rixen et al., 2008). For instance, snow layers protect plants from frost damage, desiccation, and
photoinhibition (Lundell et al., 2010; Mglgaard & Christensen, 2010; Sherwood et al., 2017) and provide soil
moisture and nutrients for plant growth (Harpold & Molotch, 2015; Rixen et al., 2008). Thin layers of snow that
melt quickly can increase the probability of frost formation and reduce the soil temperature, consequently, limit-
ing plant growth (Bokhorst et al., 2011; Wipf et al., 2006). The importance of snow cover end date (SCED) on the
SOS has been demonstrated by many field-based plot-scale studies (Assmann et al., 2019; Cooper et al., 2011;
Tler et al., 2017; Wipf, 2010; Zheng et al., 2022). Snow cover onset date (SCOD), snow cover duration (SCD),
and snow water equivalent (SWE) can also affect the SOS (Borner et al., 2008; Jonas et al., 2008; K. Wang
et al., 2015; Westergaard-Nielsen et al., 2017; Xie et al., 2018). Different snow indicators are interrelated and
relatively partially independent. Still, few studies in the Pan-Arctic have clarified the impact of snow cover on
SOS when different snow indicators are considered comprehensively. Therefore, the effect of snow cover as a
phenological driver of SOS is not fully understood.

Previous studies based on experimental or observational data have suggested that the impact of snow cover on
the SOS varies with local hydrothermal conditions and topographic conditions (Kelsey et al., 2021; Paudel &
Andersen, 2012; S. Wang et al., 2017; X. Wang et al., 2017; X. Wang et al., 2018). X. Wang et al. (2018) found
that most regions of the Tibetan Plateau exhibited a positive correlation between SOS and snowmelt timing,
while the opposite response was observed in warmer but drier areas. Moreover, Paudel and Andersen (2012)
reported that changes in snow cover and precipitation patterns play a more important role in rangeland vegetation
dynamics in snow-fed, drier areas. The Pan-Arctic is currently experiencing a significant increase in temperature,
which is accompanied by alterations in snow cover and various other climatic conditions (Meredith et al., 2019).
Previous studies have focused on localized sites or specific species to explore the associations among climatic
conditions, snow cover, and vegetation phenology in the Pan-Arctic (Oberbauer et al., 2013; Wheeler et al., 2015;
Zheng et al., 2022). For instance, Oberbauer et al. (2013) used species-level phenological event data from 12 sites
in International Tundra Experiment (ITEX) and found that dry sites generally have light snow cover and warmer
soils, thus vegetation emerges from the snow earlier than in wet and moist sites. Recently, based on multiple
ground observations and remote sensing products in Alaska and part of Yukon, Zheng et al. (2022) discovered
that SOS is less sensitive to SOM in Temperate Coastal with suitable temperatures and abundant precipitation,
and more sensitive to SOM in Bering Taiga located in moist polar climates with relatively abundant precipitation.
However, past studies with limited data and restricted perspectives have limited our understanding of the response
of SOS to snow cover under different climatic conditions across the Pan-Arctic.

This study comprehensively evaluates the influence of snow cover changes on the SOS across the Pan-Arctic
(>60°N latitude) using long-term remote sensing data. Specifically, we aim to (a) quantify the effect and identify
the importance of snow cover on the SOS; and (b) investigate the impacts of snow cover on the SOS under differ-
ent climatic conditions. Therefore, the corresponding results will further enhance our understanding of the effects
of snow cover on the SOS at the circumpolar scale in the context of climate change. Additionally, the findings will
improve the predictions of the response of vegetation to changing plant growth conditions across the Pan-Arctic.

2. Materials and Methods
2.1. Observational Data Sets

The Pan-Arctic region (Northern Hemisphere with latitudes more than 60°N) is selected as the study area
(Brown et al., 2010; Luus et al., 2013). Daily SWE observations for 1980-2018 at a spatial resolution of 25 km
are obtained from the GlobSnow SWE product, which is derived from a combination of ground-based snow
depth observations and satellite-based passive microwave radiometer data in an assimilation scheme (Luojus
et al., 2020; Pulliainen, 2006; Takala et al., 2011). The GlobSnow SWE product is selected because it provides
a more realistic observation-based estimate of SWE over the Pan-Arctic than previous passive microwave algo-
rithms (AMAP, 2017; Pulliainen et al., 2020).

The satellite-derived normalized difference vegetation index (NDVI) is a proxy for vegetation greenness and
photosynthetic activity (Myneni et al., 1995) and is commonly used to interpret the SOS by extracting land
surface phenology (Buitenwerf et al., 2015; Cong et al., 2013; de Beurs & Henebry, 2010). We use the GIMMS
NDVI3g data set developed by NASA and derived from AVHRR sensors at a spatial resolution of 1°/12° and a
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temporal resolution of 15 days for 1981-2015. Further, the GIMMS NDVI3g data set is corrected for calibration,
solar geometry, heavy aerosols, clouds, other effects unrelated to vegetation change, and discontinuities in the
GIMMS NDVI data set north of 72°N (Pinzon & Tucker, 2014). As the longest continuous data set of global
vegetation activities, GIMMS NDVI3g is currently the most suitable choice for long-term vegetation trend anal-
ysis (Tian et al., 2015).

Daily temperature, precipitation, and radiation data are from the ECMWF ERA-5 hourly data set, a climate reanal-
ysis data set that provides a consistent view of the evolution of climate variables over decades from 1979 to the
present at a spatial resolution of 0.25° X 0.25° (Hersbach et al., 2020). ERA-5 performs well in terms of temper-
ature, precipitation, and radiation in the Arctic compared to several other common reanalyses or ground-based
and satellite observations (Barrett et al., 2020; Graham et al., 2019; Trolliet et al., 2018). In addition, the Climate
Change Initiative Land Cover (CCI LC) data set with 300 m spatial resolution from 1992 to 2015 classifies land
cover into 22 types based on the Land Cover Classification System (LCCS) approach (ESA, 2017). It is a suitable
data set for analyzing Pan-Arctic vegetation with an appropriate classification system (Bartsch et al., 2016) and
relatively high accuracy for classifying forest, shrubs, and sparse vegetation (Li et al., 2019). We retain pixels
with unchanged land cover types, select the main vegetation types and reclassify them as evergreen needleleaf
forest (ENF), deciduous needleleaf forest (DNF), mixed forest (MF), mosaic vegetation cover (MV), shrubland
(SH), grassland (GL), sparse vegetation (SV), and wetland (WET).

Since the above-mentioned datasets comprise different time series, we limit the analysis to 1982-2015 to corre-
spond to the NDVI series. Furthermore, all datasets are aggregated to a spatial resolution of 25 km X 25 km using
the nearest neighbor resampling technique to match the SWE data set resolution. Although some recent studies
suggested a possible deceleration or reversal in the trend of advancing SOS since the 2000s in some areas (Park
et al., 2018), we conduct additional analyses for two different periods (1982—-1997 and 1998-2015) to explore the
effect of snow cover on SOS in Supporting Information (Figures S1-S10 in Supporting Information S1). Notably,
our key findings remain consistent across the different periods studied.

2.2. Determination of Snow Indicators and SOS

Based on the seasonal cycle of snow cover over the Pan-Arctic, we define the period from 1 August to 31 July of
the following year as a hydrological year to derive the snow indicators (Mudryk et al., 2020). SCOD is defined
as the first date of the first five continuous snow cover days, SCED is defined as the last date of the last five
continuous snow cover days (S. Wang et al., 2017; X. Wang et al., 2017), and SCD is defined as the number of
snow cover days between the snow cover start date and the SCED during a hydrological year (Zhong et al., 2021).
Further, snow accumulation (SWE_ ) is defined as the maximum value of the snow water equivalent in a hydro-
logical year.

‘max

Snowmelt would increase spring NDVI, which can confound the derivation of SOS (Delbart et al., 2006; Jin &
Eklundh, 2014). Before SOS extraction, we thus replace the snow-contaminated NDVI values with the mean
value of the uncontaminated non-growing season NDVI values based on the snow flag provided by the GIMMS
NDVI3g quality field for each pixel (Shen et al., 2014). After removing snow contamination, the Savizky-Golay
filter is applied to reduce the noise (X. Wang et al., 2019). Areas with NDVI_ <O0.1 are considered non-vegetated
areas and are excluded from SOS extraction. Due to the weak seasonal variation of some evergreen vegetation,
there is large uncertainty in remote sensing to extract phenological information about evergreen vegetation (Wu
et al., 2014). Therefore, we exclude the pixels whose difference between the multi-year mean of NDVI in the
growing season and the multi-year mean of NDVI in the non-growing season is less than 0.1, to reduce the uncer-
tainty of phenological extraction.

The SOS extraction method includes two steps (J. Zeng et al., 2020). The first step is the reconstruction of the
daily NDVI time series using a data filter function. The double logistic function, as shown in Equation 1, is used
to fit the NDVI time-series data set in this study, which is more suitable than other algorithms at high latitudes
with persistent snow cover (Beck et al., 2006).

1 1
) =a+ b(l Toa T +e“("f>) .

where a is the initial background NDVI value; b is the maximum NDVI value; 7 is the time in days; y(?) is the
NDVI value at time #; and c, d, e, and f are parameters that need to be set.
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The second step is the determination of the SOS from the NDVI time series. We select two commonly used meth-
ods (inflection point detection method and dynamic threshold method) to extract the SOS (J. Wang et al., 2022;
Wu et al., 2021). The former method determines the inflection point in the reconstructed NDVI time-series curve.
We determine the date corresponding to the maximum value of the first-order derivative of the fitted curve as
the SOS (White et al., 1997). The second method, which compares the smoothed NDVI time series with a fixed
percentage of the annual maximum, determines the date, corresponding to the first day of the season in which the
threshold of Ratiog,y is exceeded, as the SOS.

NDVlay — NDVlyin
NDVImax - NDVImin

Ratiogy = 2)
where Ratiog,y is the ratio of the annual amplitude of NDVI on a given day, and the threshold of Ratiog,y is set as
0.5; NDVlIg,y is the fitted NDVI on a given day; NDVIp., and NDVIy,, are the maximum and minimum NDVI
each year, respectively (Descals et al., 2020). We further screen the valid dates for SOS within 1-200 day of year
(DOY) and retain the pixels for which SOS could be extracted for all 34 years. To reduce the SOS uncertainty due
to the differences between the two methods, we apply both methods together and average the results to determine
the SOS.

2.3. Statistical Analysis

We first calculate the annual means of the four snow indicators (SCOD, SCED, SCD, and SWE_ ) and SOS
for the period 1982-2015 and estimate their trends using the Theil-Sen median slope estimator and a modified
Mann-Kendall test for time-autocorrelated data (Hamed & Rao, 1998). To investigate the relation between snow
and SOS, we apply a partial correlation analysis per pixel to remove the impacts of pre-season mean temperature,
total precipitation, and total radiation. Pre-season length (range: 15-120 days, in 15-day steps) is defined as the
period before SOS when climatic factors show the highest absolute value of partial correlation coefficient with
the determined SOS date.

To find the most representative snow indicator from the four snow indicators, we use simple linear regression
to evaluate the between-year effects of the four snow indicators on SOS, and calculate the annual mean SOS of
different snow indicator ranges and use simple linear regression to calculate the between-site effects of the four
snow indicators on the SOS. Because of the correlation between the snow indicators, stepwise regression is used
to eliminate interference to identify the main snow indicators affecting SOS per pixel. Furthermore, using the
representative snow indicator, we determine the contribution of snow cover to SOS based on the determination
coefficients per pixel. Additionally, to assess the relative importance of snow cover, we compare the values of
partial correlation coefficients of snow cover and climate indicators with SOS, and the indicator with the largest
partial correlation coefficient is the relatively most important indicator affecting SOS.

Finally, to investigate the effects of snow cover on SOS under various climatic conditions, we divide the study
area into different climatic zones at temperature intervals of 1°C and precipitation intervals of 50 mm; and for
each zone, we calculate the mean value of the partial correlation coefficient for pixels with significant partial
correlation (p < 0.05) between snow and SOS, and target the analysis for different vegetation types. We use the
piecewise linear regression (Equation 3) to further determine if the temperature and precipitation affect the rela-
tions between SOS and snow cover (X. Wang et al., 2011).

Po+pPit+e t<a
y= 3
Po+pit+phit—a)+e t>a

where 7 is annual mean temperature or annual total precipitation; y is the correlation coefficient between SOS and
snow cover; « is the turning point of the effect of annual mean temperature or annual total precipitation and is
determined by least square error methods; f, #,, and 3, are regression coefficients; and ¢ is the residual of the fit.
The effect of annual mean temperature or annual total precipitation is 8, before the turning point, 3, + f, after it.
To avoid having few data points, a minimum of five data points is required to participate in the linear regression.
Data points with less than 10 pixels are excluded from the linear regression. We use a t-test to assess the necessity
of introducing a turning point, and a p-value <0.05 is considered significant.
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Figure 1. Spatial distributions of the annual mean and trends of snow cover onset date, snow cover end date, snow cover duration, and SWE,___during 1982-2015

across the Pan-Arctic (only the pixels with p < 0.05 retained).

3. Results

3.1. Spatiotemporal Dynamics of Snow Cover and SOS

The spatiotemporal variability of the snow indicators (SCOD, SCED, SCD, and SWE

) and SOS during 1982—

max:

2015 across the Pan-Arctic are illustrated in Figures 1 and 2.

The annual means of SCED and SCD showed similar spatial patterns and exhibited a trend of delay or exten-
sion with increasing latitude, respectively, with the earliest SCED area (DOY < 110) and the shortest SCD area

100 110 120 130 140 150 160 -09-06-03 0 03 06 09
SOS (day of year) Trend of SOS (day yr™")

Figure 2. Spatial distributions of the annual mean and trend of start of the
growing season during 1982-2015 across the Pan-Arctic (only the pixels with
p < 0.05 retained).

(days < 140) observed in Europe near 60°N latitude (Figures 1b and 1c). The
SCED (25.7% of the area) and SCD (37.0% of the area) decreased at rates
of —0.46 + 0.21 day yr~! and —0.95 + 0.37 day yr~!, respectively (Table 1).
In contrast, the annual mean of SCOD advanced with increasing latitude,
with the latest SCOD area (DOY > 340) observed in Europe near 60°N lati-
tude (Figure 1a), and SCOD significantly delayed in 23.5% of the Pan-Arctic.
The SWE_,, spatial pattern differed, with high SWE_, values concentrated
in Europe and Central Siberia, with the maximum value reaching 342 mm
(Figure 1d and Table 1). The spatial distribution of the SWE trend appeared
in clusters, with the most significant increasing and decreasing trends in
Western Siberia and eastern Canada, respectively (Figure 1h).

The annual mean SOS delayed as the latitude increased, with the earliest
SOS area (DOY < 120) occurring in Europe and Alaska near 60° N latitude
(Figure 2a). SOS was significantly advanced (28.7% of the area), mainly in
Europe and Central Siberia, at a rate of —0.37 + 0.19 day yr~!, while it was
considerably delayed (4.9% of the area) in parts of Canada and Alaska at a
rate of 0.32 + 0.17 day yr~! (Figure 2b and Table 1). In general, the spatial
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Table 1
Maximum and Minimum of Multi-Year Averaged Snow and Vegetation Indicators and the Proportion and Rate of Positive
and Negative Changes in These Indicators During 1982-2015

Snow and Minimum Maximum Positive Positive change Negative Negative change
vegetation (DOY/days/ (DOY/days/ change rate (day yr~!/ change rate (day yr~!/
indicator mm) mm) proportion mm yr~') proportion mm yr—')
SCOD 277 363 23.5% 0.67 + 0.30 0.6% —0.58 + 0.41
SCED 74 161 0.3% 0.33 £0.24 25.7% —0.46 £ 0.21
SCD 15 242 0.3% 1.02 +1.25 37.0% —0.95 + 0.37
SWE,_ .. 0 342 16.0% 1.19 + 0.67 14.4 —1.31 + 0.60
SOS 90 181 4.9% 0.32 £ 0.17 28.7% -0.37 £ 0.19

patterns of the annual mean of snow cover and SOS are similar, and the five variables vary according to the
gradients of climatic and topographical conditions.

3.2. Effects of Snow Cover Change on SOS Variability

To understand the relation between snow cover change and SOS variability, we calculate the partial correlation
coefficients between the snow indicators and SOS (Figures 3a—3d). Our analysis revealed that SOS demonstrated
the strong positive correlation with SCED and SCD, mainly in Central Siberia and Western Siberia, as well as
in regions of Alaska, western Canada, and Europe. Moreover, SOS exhibited positive correlations with SWE
mainly in western and Eastern Siberia, as well as in Alaska. Nevertheless, our findings also revealed a negative
correlation between SOS and SCOD in parts of Central Siberia, Europe, and western Canada.

‘max’

The simple regression results showed that the SOS was advanced by 0.56/0.18 days with SCED advancing/SCD
shortening by 1 day for different years, while the interannual variations of SCOD and SWE_had no significant
effect on SOS (Figures 3e-3h). Moreover, for different sites, the SOS was advanced by 0.84/0.29/0.04 day for
sites with SCED advancing/SCD shortening by 1 day or SWE_  increasing by 1 mm (Figures 3j-31), while
in contrast, SOS was delayed by 0.35 day with each 1-day advancement of SCOD (Figure 3i). SCED had the
strongest between-sites and between-years effects on SOS compared to other snow indicators. In addition, the
determination coefficients (R?) between the snow indicators and SOS for different sites were greater than that
for different years, which indicates that the between-sites effect of snow on SOS is more significant than the
between-years effect. After excluding the correlation between snow indicators, we found that SCED was the most
significant snow indicator affecting SOS in most areas and has stronger positive effects in Europe and Western
Siberia than in other areas. In contrast, SCOD, SCD, and SWE_,, had minor impacts on SOS in most areas
(Figures 3m-3p). Overall, SCED is a representative snow indicator in the Pan-Arctic region and we used SCED
as a proxy for snow cover in subsequent analyses.

To further determine the impact and importance of snow cover on SOS, we quantified the effect of SCED on
SOS across the Pan-Arctic. SCED variability explained 12%-90% of the variation in SOS across 63% of the
Pan-Arctic, particularly in Western Siberia, Central Siberia, and western Canada (Figure 4a). In 13% of the
Pan-Arctic, specifically in Western Siberia and Europe, SCED was identified as the primary factor affecting SOS.
On a larger scale, the temperature was found to be the dominant factor, accounting for 45% of the Pan-Arctic
and exhibiting a strong correlation with SOS in Central Siberia, northern Europe, Alaska, and western Canada
(Figure 4b). Precipitation and radiation played minor roles in only a few areas.

3.3. Effects of SCED on SOS Under Different Climatic Conditions

Because the influence of snow cover dynamics on the SOS is highly dependent on the climatic background and
the Pan-Arctic region has a large spatial variation in climatic conditions, we further examined the influence of
SCED changes on the SOS under the influence of climatic conditions.

SOS was mainly positively correlated with SCED, and their correlation coefficient varied with the climatic
gradient and was significantly (p < 0.05) influenced by temperature rather than precipitation (Figure 5a). The
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Figure 3. Relations between snow cover and start of the growing season (SOS). (a—d) are spatial patterns of the partial correlations between SOS and the snow
indicators (only the pixels with p < 0.05 retained). (e-h) are between-year effects of snow indicators on the SOS. The data points represent the snow indicators and
SOS mean values for each year. (i-1) are between-site effects of snow indicators on the SOS. The data points represent SOS multi-year means for multi-year mean
intervals of different snow indicators. In (e-1), the solid line indicates a significant trend, the shaded area represents the 95% confidence interval, n indicates the number
of data points, R? represents the determination coefficient of the linear fit, and the p-value indicates the significance level. (m-p) are spatial patterns of the main snow
indicators affecting the SOS obtained by stepwise regression.

annual mean temperature in most study areas was below 1°C. Additionally, higher temperatures weakened the
positive correlation between SCED and SOS in these areas, meaning that the coldest areas usually had the largest
correlation coefficients for the same precipitation conditions. However, in warmer areas with an annual mean
temperature greater than 1°C, in Europe, the positive correlation between SCED and SOS strengthened with
increasing temperature, meaning that the warmest areas usually had the largest correlation coefficients for the

same precipitation conditions.

Among the pixels where SCED and SOS were significantly correlated, the response of SOS to SCED varied
among the eight vegetation types (Figures 5b and 6). The correlations between SCED and SOS were strong for
GL, SV, and WET with partial correlation coefficients of 0.58, 0.58, and 0.52, respectively, while for ENF, DNF,
MYV, and MF, the correlations between SCED and SOS were weaker with partial correlation coefficients of 0.49,
0.49, 0.49, and 0.47. The lowest correlation coefficient between SCED and SOS was found in the SH, at 0.38.
ENF accounted for the largest proportion (35% of the area) and was widely distributed in areas with an annual
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Figure 4. Effect and importance of snow cover end date (SCED) on start of the growing season (SOS). (a) Spatial
distribution of determination coefficients (R?) of the linear regression of SOS and SCED. (b) Spatial distribution of the
relatively most important indicators affecting SOS. The bar charts illustrate the proportion of different determination
coefficient intervals and different indicators. The gray area represents the non-significant area (p > 0.05).

mean temperature greater than —9°C, mainly in northern Canada, Europe, and Western Siberia. DNF (26% of
the area) occurred in areas with annual mean temperatures less than —1°C, mainly in Central Siberia. WET (16%
of the area) was concentrated in Western Siberia, while MV (6% of the area) was sporadically distributed in the
study area. SH (5% of the area), MV (4% of the area), and GL (3% of the area) were found in the drier and colder
areas, while MF (5% of the area) was distributed in wetter and hotter areas, near 60°N in Europe.

4. Discussions
4.1. Importance of Snow Cover on SOS Across the Pan-Arctic

Significant correlations between SOS and different snow indicators can be observed in different areas (Figure 3),
consistent with previous studies that examined the effect of each snow indicator on SOS separately (Borner
et al., 2008; Cooper et al., 2011; Westergaard-Nielsen et al., 2017). Snow cover variability can explain SOS vari-
ability to some extent across the Pan-Arctic, and is even relatively most dominant influence in some areas, and it
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Figure S. Variations in the partial correlation coefficients between snow cover end date (SCED) and start of the growing season (SOS) along (a) temperature and
precipitation gradient and (b) vegetation type over the Pan-Arctic. In (a), each zone represents the mean value of the significant partial correlation coefficients between
the SCED and SOS in a specific interval of annual mean temperature and annual total precipitation. The annual mean temperature and annual total precipitation
gradients are binned every 1°C and 50 mm, respectively; each dot represents a bin. The solid and dashed lines indicate significant and insignificant trends, respectively.
The p values represent the significance. In (b), each bar and triangle represent the partial correlation coefficient between SCED and SOS and the area percentage for
each vegetation type, respectively.
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Figure 6. Relations between snow cover end date (SCED) and start of the growing season (SOS) across different climatic conditions for the eight main vegetation types
over the Pan-Arctic. The annual mean temperature and annual total precipitation gradients are binned every 1°C and 50 mm, respectively. Each zone represents the
mean value of the significant partial correlation coefficients between the SCED and SOS in a specific climatic interval.

is even the most dominant influence in some areas (Figures 3 and 4). On analyzing the influence of snow cover
changes on SOS for different years or sites, we found that between-year effects are generally less pronounced
than between-site effects (Figure 3). According to a 10-year study of the Alps by Jonas et al. (2008), between-
year effects represent short-term responses of plant communities to changing climate, with less change because
the vegetation cannot adapt quickly (Totland & Alatalo, 2002), while between-site effects represent long-term
responses after vegetation adaptation (Walther et al., 2005). These findings, also observed at the circumpolar
scale in this study, suggest that snow cover plays an important role in short- and long-term vegetation change and
indicate possible future changes in the SOS under current climate change conditions.

After considering the correlations among snow indicators, we found that SCED is the most critical snow indica-
tor affecting SOS across the Pan-Arctic (Figure 3), which agrees with previous studies that have highlighted the
importance of SCED (Assmann et al., 2019; Bjorkman et al., 2015; Wipf, 2010; Zheng et al., 2022). We observed
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a significant positive correlation between SCED and SOS, implying that changes in SOS coincide with changes
in the timing of snowmelt, as snow no longer blocks incident photosynthetically active radiation (PAR), which
stimulates plant development (Buus-Hinkler et al., 2006). The insulation provided by snow can protect vegeta-
tion from low-temperature frosts, and low vegetation can increase soil temperature, potentially playing a more
important role than air temperature (Zheng et al., 2022). However, it may also cause a lack of chilling require-
ments for specific species, but colder temperatures in the Pan-Arctic can usually meet the requirements in early
fall. Moreover, increased soil moisture and nutrients after snowmelt can promote vegetation growth (Harpold &
Molotch, 2015; Rixen et al., 2008).

There was significant spatial heterogeneity in the effects of SCED on SOS (Figure 3), suggesting the influ-
ence of other factors on SOS. Various environmental constraints, such as temperature (Shimono & Kudo, 2005),
precipitation (Jonas et al., 2008), soil nutrients (Weintraub & Schimel, 2003), photoperiod limitation (Basler &
Korner, 2012), and permafrost (Iwata et al., 2010), may inhibit plants from utilizing snowmelt. Additionally,
vegetation differences can also affect the SCED-SOS relation (Yu et al., 2013). In summary, our results highlight
the importance of SCED for predicting tundra vegetation phenology in spring. At the circumpolar scale, we
demonstrate the importance of SCED for SOS over other snow indicators based on long-term data and identify
the spatial extent of the effects of SCED on SOS.

4.2. Effects of SCED on SOS Influenced by Temperature

The importance of temperature for SOS is observed in most of the study areas (Figure 4b), implying that Pan-Arctic
plant growth is limited by temperature, in agreement with previous knowledge (Ernakovich et al., 2014; Kelsey
et al., 2021). However, no significant effect of precipitation on SOS is observed (Figure 4b), which is consistent
with the previous finding that areas above 50° N are "vegetation water surplus regions" or areas where vegetation
growth is not affected by water by Jiao et al. (2021), meaning that vegetation growth in these areas is not limited
by water shortage.

In the cold areas with an annual mean temperature below 1°C, a higher annual mean temperature weakens the positive
correlation between SCED and SOS (Figure 5a), which means that the SCED shows the most significant correlation
with SOS in the coldest areas. On the one hand, the warmer the areas, the lower the correlation coefficient between
SCED and SOS for most vegetation types (Figure 7b), this may be due to the higher the annual mean temperature,
the earlier the snow melts, the less effective the insulation of snow cover and the greater the frost risks to vegetation.
This mechanism has been observed in some field experiments (Groffman et al., 2001; Sherwood et al., 2017); on
the other hand, in colder areas, strong correlations between SCED and SOS are observed for WET, SV, GL, SH, and
MV (Figure 7a). Since snow is more likely to cover low vegetation, such as grassland, and shrubland, the insulation
of snow can isolate low temperatures, leading to a more pronounced effect of snow cover on low vegetation (Freppaz
et al., 2008; Zheng et al., 2022). The warmer the area, the lower the proportion of low vegetation where SCED and
SOS are strongly correlated decreases, while MF, MV, ENF, and WET, with smaller correlation coefficients, domi-
nate (Figure 7). In summary, the colder the area, the stronger the positive effect of SCED on SOS in these cold areas.

In warm areas with mean annual temperatures greater than 1°C and total annual precipitation greater than
600 mm, mainly in Europe, a higher annual mean temperature enhances the positive correlation between SCED
and SOS (Figure 5a). The warmer the area, the more ENF, MF, and MV dominate, and the correlations between
SCED and SOS of different types of vegetation all increase with increasing temperature (Figure 7). In tall vege-
tation communities such as woodlands and tall scrub, canopy snowmelt processes have a weaker effect on soil
temperature (Zheng et al., 2022). With a relatively warm and humid climate, vegetation growth can better absorb
and utilize the snowmelt water as there is no permafrost in the way (Ran et al., 2021) and spring snowmelt can
penetrate the soil more quickly (Harpold & Molotch, 2015; Iwata et al., 2010). Therefore, the warmer the area,
the stronger the effect of SCED on SOS in these warm areas.

4.3. Limitations

Data acquired from GlobSnow are subject to certain uncertainties in estimating SWE above 150 mm or in forested
regions with dense canopy cover (Luojus et al., 2020; Takala et al., 2011). In addition, the lack of GlobSnow
data in summer prevents the extraction of SCED in the High Arctic with the long snow season, and therefore
our results do not cover the High Arctic region. It also is noted that the NDVI-based SOS based on satellite
reflects the average date of the start of ecosystem growth within pixels, which differs from the specific vegetation
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Figure 7. Vegetation differences in the effect of snow cover end date (SCED) on start of the growing season (SOS) under different temperature conditions. (a) is area
percentage and (b) is the mean partial correlation coefficient of each vegetation type within each annual mean temperature interval in pixels with the significant partial

correlation between SCED and SOS.

phenology observed at ground level by humans (Doktor et al., 2009). In this study, when analyzing the influence
of snow cover on the SOS, other factors, such as human activities, nutrients, and frost, are not considered because
of insufficient data. Further, although these factors are not major constraints of spring phenological events in
present-day climatic conditions, we cannot eliminate the possibility of other variables influencing the changes
in vegetation phenology in spring (Ernakovich et al., 2014). Due to the lack of ground observation data, we used
only two sites with both available snow depth and vegetation information to somewhat validate the relationship
between snow cover and SOS found in our study, as shown in the Supporting Information (Figure S11 and Tables
S1, S2). Our current study provides an overall understanding of the effect of snow cover on SOS from the circum-
polar scale based on remote sensing data, and further use of higher spatial resolution data as well as long-term
in situ observations are needed to study the relations between snow cover and SOS at a finer scale in the future.

4.4. Implication

Future changes projected by global climate models are larger in the Arctic than in the mid-latitudes. Near-surface
temperatures continue to rise (Landrum & Holland, 2020) and shrubs may expand in response (Pearson
et al., 2013). According to RCP8.5, annual snow cover is projected to decrease by 10%—20% over much of the
Arctic by 2055 (AMAP, 2017). Therefore, climate-induced snow cover changes are anticipated to continuously
affect vegetation phenology in spring in terrestrial ecosystems. The impact of SCED advancement on spring
vegetation phenology is expected to diminish in cold areas and increase in warm areas.

5. Conclusions

This study provides a comprehensive assessment of the impact of snow cover changes on spring vegetation
phenology across the Pan-Arctic from a long-term and large-scale perspective. SCED is the main snow indicator
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affecting the SOS across the Pan-Arctic, and the SOS is advanced by 0.56 days with SCED advancement by 1 day.
In 63% of the Pan-Arctic, SCED can explain 12%-90% of the variation in SOS and is the most important factor
influencing SOS in 13% of the Pan-Arctic region. There are significant spatial differences in the influence of
SCED on the SOS affected by climatic conditions, which are mainly related to temperature rather than precipita-
tion. The positive effect of SCED on SOS diminished with increasing temperature in cold areas where the mean
annual temperature is below 1°C, whereas the positive effect of SCED on SOS increased with increasing temper-
ature in warm areas where the mean annual temperature is above 1°C. This phenomenon may be mainly due to
the different functions of snow cover under different vegetation types and climatic conditions.

As warming continues, the impact of early SCED on spring vegetation phenology is expected to diminish in cold
areas and increase in warm areas across the Pan-Arctic. These results provide an improved understanding of the
impact of snow cover on spring vegetation phenology across the Pan-Arctic and support assessing how future
climate change will influence vegetation ecosystems.

Data Availability Statement

All data sets and materials used in this study are freely available online. The GlobSnow SWE data set is down-
loaded from https://www.globsnow.info/swe/archive_v3.0/. The GIMMS NDVI3g data set is obtained from
https://iridl.1deo.columbia.edu/SOURCES/.NASA/. ARC/. ECOCAST/.GIMMS/.NDVI3g/.v1p0/. The tempera-
ture, precipitation, and radiation data are collected from the ECMWF ERA-5 monthly averaged data data set
from https://cds.climate.copernicus.eu/cdsapp#!/dataset/reanalysis-era5-single-levels?tab=overview. The CCI
LC Land Cover Type Product is downloaded from http://maps.elie.ucl.ac.be/CCI/viewer/download.php. The
ground observations of snow depth and vegetation information are available from AmeriFlux (https://ameriflux.
Ibl.gov/data/download-data/).
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