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A B S T R A C T   

Rapid climate warming has widely been considered as the main driver of recent increases in Arctic tundra 
productivity. Field observations and remote sensing both show that tundra “greening” has been widespread, but 
heterogeneity in regional and landscape-scale trends suggest that additional controls are mediating the response 
of tundra vegetation to warming. In this study, we examined the relationship between changes in vegetation 
productivity in the western Canadian Arctic and biophysical variables by analyzing trends in the Enhanced 
Vegetation Index (EVI) obtained from nonparametric regression of annual Landsat surface reflectance compos-
ites. We used Random Forests classification and regression tree modelling to predict the trajectory and magni-
tude of greening from 1984 to 2016 and identify biophysical controls. More than two-thirds of our study area 
showed statistically significant increases in vegetation productivity, but observed changes were heterogeneous, 
occurring most rapidly within areas of the Southern Arctic that were: (1) dominated by dwarf and upright shrub 
cover types, (2) moderately sloping, and (3) located at lower elevation. These findings suggest that the response 
of tundra vegetation to warming is mediated by regional- and landscape-scale variation in microclimate, 
topography and soil moisture, and physiological differences among plant functional groups. Our work highlights 
the potential of the joint analysis of annual remotely sensed vegetation indices and broad-scale biophysical data 
to understand spatial variation in tundra vegetation change.   

1. Introduction 

Increases in temperature are predicted to profoundly alter the 
structure and function of global vegetation (Serreze et al., 2000; Stocker 
et al., 2013). In Arctic ecosystems, where temperatures are warming at 
more than twice the average global rate (Cowtan and Way, 2014; Pithan 
and Mauritsen, 2014), shifts in vegetation are already widespread (Bhatt 
et al., 2013; Jia et al., 2009). Analysis of satellite imagery from the last 
three decades across the Canadian Arctic has revealed rapid increases in 
vegetation productivity in the Yukon, Northwest Territories, Nunavut, 
and northern Quebec and Labrador (Ju and Masek, 2016). 

Several lines of evidence indicate that changes in vegetation pro-
ductivity have been driven primarily by increases in air temperature, a 
factor which significantly limits vegetation growth and reproduction at 
northern latitudes (Bunn et al., 2006; Myers-Smith et al., 2015; Ohse 
et al., 2012; Tape et al., 2012). Tundra warming experiments and fine- 
scale monitoring show that increasing temperatures can drive rapid 
expansion of deciduous shrubs (Jorgenson M. et al., 2018; Moffat et al., 

2016; Travers-Smith and Lantz, 2020) and dwarf evergreen shrubs 
(Fraser et al., 2014; Rozema et al., 2009), but the magnitude of these 
changes is regionally variable (Elmendorf et al., 2015; Tape et al., 2012). 
Pronounced heterogeneity in vegetation productivity trends have also 
been observed at broad scales, with some tundra regions exhibiting 
rapid greening (Fraser et al., 2014; Jia et al., 2009), and others showing 
little to no change in productivity over the past few decades (Jorgenson 
J.C. et al., 2018; Tape et al., 2012). Research in some regions also in-
dicates that trends in vegetation productivity are decreasing, or 
browning (Guay et al., 2014; Phoenix and Bjerke, 2016). 

Heterogeneity of tundra productivity trends suggests that the effects 
of temperature are mediated by variation in local topography (Campbell 
et al., 2020; Ropars and Boudreau, 2012), surficial geology and 
geological history (Raynolds et al., 2006; Rickbeil et al., 2018), soil 
moisture (Cameron and Lantz, 2016; Campbell et al., 2020; Myers-Smith 
et al., 2015), and land cover (Bunn et al., 2006; Ju and Masek, 2016; 
Silapaswan et al., 2001). Research to determine the causes of this vari-
ability is critical because vegetation change affects ecological processes 
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that strongly influence the climate system (Bhatt et al., 2017; Bunn et al., 
2006; de Jong et al., 2013; Mcguire et al., 2009). Specifically, changes in 
the structure and function of tundra vegetation are expected to alter soil 
and permafrost conditions (Blok et al., 2010), hydrological processes 
(Drake et al., 2019), global carbon storage (Christiansen et al., 2018), 
and surface energy exchange (Blok et al., 2011). 

In this study we used a time-series of Landsat imagery (Wulder et al., 
2019) to analyze changes in the Enhanced Vegetation Index (EVI) from 
1984 to 2016 and describe the spatial pattern and magnitude of vege-
tation change in the western Canadian Arctic. Our objective was to 
quantify changes in vegetation productivity and identify the biophysical 
variables that explain the spatial heterogeneity in observed trends. To 
accomplish this, we used Random Forests (RF) machine learning to 
model and evaluate the relationships between EVI trends and a suite of 
biophysical variables hypothesized to be influencing Arctic greening. 

2. Methods 

2.1. Study area 

The study area for this project encompassed approximately 800,000 
km2 of Arctic tundra in the Yukon, Northwest Territories and Nunavut. 
(Fig. 1). Located between 63.5◦ N and 79.4◦ N and 141.0◦ W and 101.6◦

W, our study area consisted of the portion of western Canada defined as 
tundra by the circumpolar Arctic bioclimatic subzones map (Walker 
et al., 2005). This area spans the Taiga Cordillera, Taiga Plains, Taiga 
Shield, Northern Arctic, and Southern Arctic ecozones and 22 ecoregions 
that contain mosaics of graminoid tundra, prostrate-shrub tundra, erect 
shrub tundra, wetland vegetation, and sparsely vegetated barrens 
(Olthof et al., 2009; Walker et al., 2005). Mean July temperature across 
the study area ranges from 10 ◦C in the Taiga Cordillera to 4 ◦C in the 
Northern Arctic ecozone (Ecosystem Classification Group, 2013). 

The terrain across our study area is highly variable. The western 
extent of our study area is located at the border of the Yukon and Alaska 
and is characterized by the low-lying Yukon Coastal Plain and glacial 
moraines that have been reworked by a range of periglacial processes, 
including hummock and thermokarst lake formation (Wolter et al., 
2017). On the fringes of the Alaskan Brooks Range and south of the 
Beaufort Sea, this region extends inland westward through the 

Richardson Mountains, the Peel Plateau, and the Mackenzie Delta, to-
wards the Arctic Archipelago. Moist and more nutrient-rich low-lying 
areas in this region are occupied by wet sedge, low shrub, and tall shrub 
communities, whereas hilltops, and alpine and exposed environments 
are characterized by dwarf shrub and herbaceous tundra (Smith et al., 
2004; Ecosystem Classification Group, 2013). The islands of the Arctic 
Archipelago in the eastern extent of our study area are characterized by 
distinctive Northern and Southern Arctic ecoclimates. Northern Arctic 
regions like the Shaler Mountains, Banks Island Lowland and Parry 
Islands Plateau, are characterized by exposed bedrock, outwash de-
posits, glacial tills and plateaus. Upland vegetation in this region is 
mainly sparse and discontinuous, but in wet areas, a continuous cover of 
mosses, lichens, and low-growing forbs, sedges (including cotton-
grasses) can be found (Ecosystem Classification Group, 2013). 
Comparatively, vegetation in Southern Arctic regions like the Banks 
Island Coastal Plain and Amundsen Gulf Lowlands consists of near 
continuous dwarf shrub tundra which is often dominated by willows and 
sedges at wetter, warmer sites (Ecosystem Classification Group, 2013). 
The entire study area is located within the continuous permafrost zone, 
where a seasonally thawing active layer is found overlaying permafrost 
that ranges in depth from less than 100 m in areas with abundant water 
bodies to over 500 m in unglaciated regions (Burn and Kokelj, 2009). 
Cryosolic soils, characterized by the prevalence of permafrost, are the 
dominant soil order in this region (Tarnocai, 2004). 

2.2. Enhanced Vegetation Index 

To estimate shifts in vegetation productivity across our study area, 
we analyzed changes in the Enhanced Vegetation Index (EVI) calculated 
using Landsat imagery. EVI uses near infrared (NIR) and red wave-
lengths to relate biomass and photosynthetic activity, and employs blue 
wavelengths for aerosol correction to reduce the impact of spatially 
variable perturbations in the atmosphere (Huete et al., 2002). 

EVI = 2.5×
NIR − Red

NIR + 6 × Red − 7.5 × Blue + 1 

Like the Normalized Difference Vegetation Index (NDVI), EVI has 
been used as a proxy for photosynthetic activity and productivity (Huete 
et al., 2002). In this analysis we chose EVI over other vegetation indices 
because it has greater sensitivity to soil moisture (Raynolds and Walker, 

Fig. 1. (A) Map of the study region in the western Canadian Arctic overlaid with colours distinguishing ecoregions and ecozones located in this area. Inset map in 
upper left shows the extent of the 80-million hectare study area in north-western Canada. (B) Map of the study region overlaid with a Digital Elevation Model. 
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2016), subtle vegetation changes, canopy structure, plant phytomass 
and leaf area index (Kushida et al., 2015) and can diminish possible 
distortions present in NDVI values, which results from ground cover 
below a vegetation canopy (Xiao et al., 2005). 

2.3. Landsat trend analysis 

Changes in vegetation productivity were explored by calculating 
pixel-based trends in EVI using a time series of annual, gap-free, Landsat 
surface reflectance image composites from 1984 to 2016 produced using 
the Composite2Change (C2C) algorithm (Hermosilla et al., 2016). To do 
this, annual Best Available Pixel (BAP) Landsat composites were 
generated through pixel selection with user-determined scores for four 
criteria: (1) sensor type, (2) acquisition day of year (August 1st ± 30 
days), (3) distance to clouds and cloud shadow, and (4) atmospheric 
opacity. Scores were summed and pixels with the highest score was 
assigned as the best pixel in the final raster composite. Data from outside 
of the collection date window were excluded and pixels where no ob-
servations were available (e.g., persistently cloudy locations) were 
labelled as data gaps (White et al., 2014). These BAP composites were 
further processed to remove unscreened noise (such as from thin clouds, 
haze or smoke) as well as non-permanent snow occurrences, and fill any 
remaining data gaps with proxy surface reflectance values using spectral 
trend information derived the temporal analysis of the time series 
(Hermosilla et al., 2015). 

To calculate per-pixel trends in the EVI time series, we used the Theil 
Sen slope estimator (Sen, 1968). This is a non-parametric regression 
method for trend evaluation where the median slope of all pairwise 

combinations is calculated. Repeated median estimates are more robust 
than ordinary least squares because they are less sensitive to outliers 
(Wilcox, 1998). All statistical analyses were performed in R (R Core 
Team, 2013) on Compute Canada’s West Grid cloud-based high-per-
formance computing infrastructure. We calculated the Theil Sen 

Table 1 
Description of biophysical variables assessed as drivers of EVI trends.  

Variable Data set and source Description Resolution 
/ scale 

Land Cover Northern Land 
Cover of Canada ( 
Olthof et al., 2009) 

Vegetation cover for 
Northern Canada 

30 m 2 

Surficial Geology Quaternary Geology 
of Canada and 
Greenland (Fulton, 
1989) 

Surficial geology 
classification 

1: 5000000 

Ecoregion Terrestrial 
Ecoregions of 
Canada (Agriculture 
and Agri-Food 
Canada, 2013) 

Subdivisions based on 
distinctive ecological 
features 

1: 5000000 

Elevation Canada DEM ( 
Natural Resources 
Canada, 2015) 

Elevation above sea 
level 

1: 250000 

Aspect Polar transformed 
aspect in eight 
cardinal directions 

Slope Slope in degrees 
Topographic 
Solar Radiation 
Index 

Continuous scale from 
0 (coolest/wettest 
orientation) to 1 
(hottest, driest 
orientation) 

Historical 
Summer 
Temperature 

Climatic Research 
Unit Time Series ( 
Harris et al., 2014) 

Mean near surface 
temperature for July 
1984 

0.5◦

Historical Winter 
Temperature 

Mean near surface 
temperature for 
January 1984 

Precipitation University of East 
Anglia Climatic 
Research Unit ( 
Harris et al., 2014) 

Mean precipitation for 
1984 

0.5◦

Substrate 
Chemistry 
Lake Cover 

Circumpolar Arctic 
Vegetation Map ( 
Walker et al., 2005) 

Classification of soil 
and bedrock 
chemistry 
Percent cover of lakes 
based on AVHRR data 

1 km2  

Fig. 2. Theil Sen slope of Enhanced Vegetation Index (EVI) trends for the study 
area from 1984 to 2016. Significantly greening trends (p < 0.05) determined 
using the Mann Kendall significance test are shown in colour and un-trended 
pixels are shown in black. 

Table 2 
Mean and median EVI trends by land cover type and the proportion of each cover 
type that experienced significant greening.  

Land cover type Median EVI Trend 
(year− 1) 

Mean EVI Trend 
(year− 1) 

Proportion 
Greening (%) 

Tall Shrub 0.002155 0.002286 72.65 
Low Shrub 0.001889 0.001990 73.73 
Tussock Graminoid 

Tundra 
0.001704 0.001774 81.97a 

Graminoid/Dwarf 
Shrub Tundra 

0.001533 0.001625 73.68 

Wet Sedge 0.001339 0.001414 78.49a 

Wetlands 0.001280 0.001452 67.78a 

Bare Soil/Frost Boils 0.001091 0.001179 79.11a 

Sparsely Vegetated 
Bedrock 

0.001075 0.001434 70.68 

Prostrate Dwarf- 
Shrub Tundra 

0.001053 0.001219 69.20 

Sparsely Vegetated 
Till 

0.0007220 0.0008286 67.24 

Barren 0.0005670 0.0007026 58.68b 

Total study area 0.001105 0.001289 72.39 

Non-significant area 0.0004340 0.0005304 27.61 

Total greening study 
area 

0.001401 0.001578 100 

Bold text indicates where the difference between the proportion of greening for 
the land cover type is statistically different from zero based on alpha =0.05. 

a Indicates where the proportion of greening for the land cover type is sta-
tistically greater than the proportion of greening for the study area based on an 
equivalence margin of ∆0.05. 

b Indicates where observed greening is statistically less than the proportion of 
greening for the study area based on an equivalence margin of ∆0.05. 
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estimator with the EcoGenetics package (Roser et al., 2020) and eval-
uated trends with the Kendall package (McLeod, 2011) by using the 
Mann-Kendall test for significance of monotonic trends in time series 
(Mann, 1945). Water masks generated using the Function of mask 
(Fmask) algorithm (Zhu and Woodcock, 2012) derived from Landsat 
Top of Atmosphere reflectance were used to remove water pixels and 

constrain the analysis to terrestrial pixels. Unlike areas of Scandinavia 
(Phoenix and Bjerke, 2016) and boreal Alaska (Verbyla, 2011) where 
significant decreases in productivity (browning) are spatially clustered 
and explicitly connected to specific regions and biophysical conditions, 
browning within our study area made up less than 1% of the total area 
and was not clustered. Since this small portion of browning pixels were 
not clustered, we masked out browning trends and focused on EVI trends 
classified as either: (1) significantly greening or (2) non-trended. 

2.4. Modelling determinants of EVI greening 

We used Random Forests (RF) (Breiman, 2001) regression and clas-
sification modelling to examine the relationships between tundra 
greening (slope of significant EVI trends) and 12 biophysical variables 
hypothesized to influence landscape scale vegetation dynamics 
(Table 1). RF models are a machine learning ensemble method based on 
classification and regression trees (CART). This approach uses sample- 
with-replacement to derive many sample subsets, or bootstrap sam-
ples. Different bootstrap samples are used to train each individual CART. 
Combining, or bootstrap aggregating (bagging) these CARTs creates the 
ensembled RF model. To calculate variance explained in our regression 
model we used out-of-bag (OOB) predictions to compute the percent of 
greening explained by data not used to train our model. 

We ran both RF classification and RF regression models to separately 
evaluate the ability of biophysical factors to (1) distinguish areas with 
increasing EVI trends from non-trended pixels (classification), and (2) 
predict the marginal differences in the magnitude of greening in areas 
with positively trended pixels (regression). The ‘caret’ package (Kuhn, 
2020) was used to downsample the majority class to address data 
imbalance in RF classification (Boulesteix et al., 2012). Regression and 
classification models were constructed using a random subset of 1% of 

Table 3 
Proportion of each cover type that experienced significant greening in EVI trend 
delineated by ecozone.  

Cover type Northern Arctic 
(%) 

Southern Arctic 
(%) 

Taiga 
(%) 

Tall Shrub 73.08 76.85 57.21 
Low Shrub 76.46 75.83 62.23a 

Tussock Graminoid Tundra 64.37b 80.05a 66.53a 

Graminoid Dwarf Shrub 
Tundra 

77.59 74.76 50.00b 

Wet Sedge 80.83b 78.38 55.89 
Wetlands 68.34b 65.33b 48.25b 

Bare Soil/Frost Boils 74.74b 69.62b 56.25 
Sparsely Vegetated Bedrock 72.79b 67.97b 35.70b 

Prostrate Dwarf-Shrub 
Tundra 

79.75a 77.25 63.84a 

Sparsely Vegetated Till 62.36b 60.32b 34.25b 

Barren 63.09b 60.55b 44.22b 

Bold text indicates where the difference between the proportion of greening for 
the land cover type is statistically different from zero based on alpha = 0.05. 

a Indicates where the proportion of greening for the land cover type is 
significantly greater than the proportion of greening for the study area based on 
an equivalence margin of 5%. 

b Indicates where the proportion of greening for the land cover type is 
significantly less than the proportion of greening for the study area based on an 
equivalence margin of 5%. 

Fig. 3. Importance of biophysical variables from classification (green) and regression (gray) tree Random Forests models. Variables are arranged by classification 
variable importance, which is measured as the increase in mean square error (%Inc. MSE) when values of the predictor variable are randomly permuted and scaled by 
the normalized standard deviation of the differences. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of 
this article.) 
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the significantly greening pixels (p<0.05) in the study area and per-
formed using the ‘randomForest’ package (Liaw and Wiener, 2018). We 
used the ‘tidyverse’ and ‘dplyr’ packages (Wickham et al., 2019, 2020) 
to preprocess, organize, and compile the random sample subset. To 
improve modelling efficiency, ‘doParallel’ and ‘foreach’ packages 
(Weston, 2019, 2020) were used to implement multiple cores for parallel 
processing. 

Two one-sided tests for equivalence (Foody, 2009) were conducted 
using the ‘TOSTER’ package (Lakens, 2017) to test for equivalence 
(Tunes da Silva et al., 2009) between the proportion of greening of 
subgroups and the proportion of greening in our study area overall. 
These tests were based on the smallest effect size of interest (d = 0.05) 
(de Beurs et al., 2015). The two one-sided null hypotheses are 1) H01: the 
difference between proportions is greater than or equal to the upper 
limit for equivalence (Δ ≥ 0.05), and 2) H02: the difference between 
proportions is less than or equal to the lower limit for equivalence (Δ ≤
− 0.05). If the difference between proportions was inside the equiva-
lence bounds and the null hypotheses for both one-sided tests were 
rejected, then we conclude that the difference between proportions was 
smaller than the smallest effect size of interest and the proportions were 
deemed equivalent. 

To evaluate and visually assess models, we used two analysis tools: 
(1) partial dependence plots and (2) mean decrease in model accuracy 
(%IncMSE). Partial dependence plots were used to visualize the mar-
ginal effects and patterns of the relationships between individual vari-
ables and modelled EVI trends when all other predictors are held 
constant. The y-axis of a partial dependence plot shows the mean of all 
model predictions for a given value of the predictor variable (x) (Jeong 
et al., 2016). We also used the variable importance function to rank the 
variables based on the percent increase in mean square error (%IncMSE) 
when values for a variable of interest are randomly permuted, effec-
tively mimicking the absence of that variable from the model. The most 
important biophysical variables for explaining EVI trend have the 
greatest %IncMSE. 

2.5. Biophysical variables datasets 

Data for biophysical variables expected to influence trends in vege-
tation productivity were obtained from a range of sources (Table 1). 
Mean temperature and precipitation, which have been widely cited as 
driving forces of greening (Blok et al., 2011; Jia et al., 2009), were ob-
tained from the University of East Anglia’s Climatic Research Unit (CRU) 
Time Series 4.02 dataset (Harris et al., 2014; Harris et al., 2020). This 
gridded dataset covers all global land regions at a resolution of 0.5◦ from 
1901 to 2017 and was derived using angular-distance weighted inter-
polation. We used data from July 1st and January 1st to assess both 
summer and winter historical temperatures from the beginning of the 
time series. Ecoregion data were acquired from the Terrestrial Ecor-
egions of Canada dataset published by Agriculture and Agri-Food Can-
ada (2013). This dataset delineates ecoregions based on distinctive 
regional differences in environmental factors such as climate, physiog-
raphy, vegetation, soil, water, and fauna. Data on lake cover and sub-
strate chemistry were acquired from the Circumpolar Arctic Vegetation 
Mapping Project (Walker et al., 2005). Proximity to large water bodies 
and the effects on albedo have been suggested to contribute to vegeta-
tion greening along a forest-tundra gradient (Bonney et al., 2018) and 
hydrological changes associated with ice wedge degradation have 
altered surface water properties and vegetation across the western Arctic 
(Campbell et al., 2020; Liljedahl et al., 2016). Elevation data were ob-
tained from the Canadian Digital Elevation Model (CDEM) (Natural 

Resources Canada, 2015). We used the ‘spatialEco’ package (Evans, 
2020) to derive additional variables from the CDEM. These additional 
topographic variables included: slope, aspect, and the Roberts and 
Coopers (1989) topographic solar-radiation aspect index (TRASP), 
which transforms aspect to estimate relative solar radiation as contin-
uous values from 0 to 1. Aerial photography and field research linking 
topographic position to increasing radial growth of Betula glandulosa 
demonstrates that variations in temperature and precipitation associ-
ated with terraces and hilltops can contribute to local heterogeneity of 
greening (Ropars et al., 2015). Data on surficial geology was taken from 
Fulton (1989) and aggregated into broad generic surficial units (ex. 
Lacustrine, Colluvial, Morainal, Fluvial). Spatial patterns of Arctic NDVI 
trends have been associated with landscape age and the effect of glacial 
history on vegetation type (Raynolds and Walker, 2009). Data on land 
cover were obtained from the Northern Land Cover of Canada dataset 
(Olthof et al., 2009). This land cover classification includes 15 classes 
north of the treeline (Timoney et al., 1992) and was derived from 
Landsat imagery at 30-m spatial resolution. Experimental warming 
studies have shown that warming can elicit different growth rates 
depending on cover type, where deciduous shrubs and graminoids have 
been observed to respond positively to warming while non-vascular 
plants such as mosses and lichens have responded negatively (Walker 
et al., 2006). All environmental datasets were reprojected to WGS84 
reference ellipsoid and UTM coordinate system using nearest neighbour 
interpolation for categorical datasets and cubic convolution for contin-
uous datasets and resampled to 30-m spatial resolution to match the 
resolution of the EVI data. 

3. Results 

3.1. EVI trends 

Trends in the Enhanced Vegetation Index indicated widespread in-
creases in vegetation productivity across the western Canadian Arctic 
(Fig. 2). Over 68% (540,000 km2) of the study area experienced sig-
nificant (p<0.05) greening (EVI slope > 0) between 1984 and 2016 and 
31% of the study area (260,000 km2) showed no significant trend in EVI 
over time. Land cover types where vegetation is less dense, such as 
sparsely vegetated till and barrens had comparatively lower EVI slopes 
than denser vegetation types (Table 2). The highest levels of greening 
were observed within the Southern Arctic zone in dense vegetation 
cover types, including tall shrub, low shrub, tussock graminoid tundra, 
and graminoid tundra, and dwarf shrub tundra (Table 3). 

3.2. EVI classification model 

The RF classification of significantly greening versus non-trended 
pixels had an overall OOB user’s accuracy rate of 73.5% and a per- 
class accuracy of 76.4% for greening pixels and 70.4% for non-trended 
pixels. The average slope in non-trended pixels was 0.000005304 year 
− 1 and the average slope in greening pixels was 0.001578 year − 1 

(Table 2). The six most important variables for determining if a pixel had 
a significant trend were: land cover, slope, elevation, lake cover, his-
torical winter temperature, and geology (Fig. 3). These variables all 
increased model accuracy by more than 50%. Land cover was the most 
important biophysical predictor in the classification tree model and 
improved model accuracy by nearly twice as much as the next most 
important variable (Fig. 3). The partial dependence plot for land cover 
shows that bare soil, tussock graminoid tundra, and wet sedge were the 
cover classes with the highest probability of being classified as greening 

Fig. 4. Partial dependence plots for the six most important variables in the Random Forests classification model: (A) land cover (B) slope angle, (C) elevation, (D) 
aspect direction, (E) historical (1984) winter temperature with colored bars indicating temperature ranges in each ecozone, and (F) lake cover. Positive values on the 
y-axis indicate greater agreement between trees that a pixel is classified as greening at different values (x-axis) of a given explanatory variable, with the effect of other 
variables held constant (Friedman, 2001). Negative values indicate less agreement between trees that a level of the variable plotted was associated with greening. 
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Fig. 5. Partial dependence plots for the six most important variables determined by Random Forests regression model: (A) slope angle, (B) elevation, (C) land cover, 
(D) ecoregion, (E) lake cover, and (F) historical (1984) winter temperature with colored bars indicating temperature ranges in each ecozone. The y-axis shows the 
average EVI trend slope predicted at different levels of a given explanatory variable, with the effect of other variables held constant (Friedman, 2001). 
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(Fig. 4A). Comparatively, barrens, sparsely vegetated till, and tall shrubs 
had a lower probability of containing greening pixels. 

A suite of variables related to topography including elevation, slope, 
and aspect also had a large impact on the accuracy of the classification 
tree model (Fig. 3). Pixels at elevations between 100 and 350 m above 
sea level were more strongly associated with greening than low- 
elevation or montane areas (Fig. 4C). The partial dependence plot for 
slope indicated that flatter areas were more likely to be classified as 
greening (Fig. 4B) compared to sites with slopes greater than 5◦

(Fig. 4B). Glaciofluvial and glaciolacustrine sediments were more likely 
to be classified as greening than colluvium and rock. The overlap be-
tween the distribution of mountainous regions (Richardson Mountains, 
British Mountains, Shaler Mountains) in our study area and non-trended 
pixels is evident when comparing Figs. 1 and 2. Many parts of our study 
area are predominantly flat, but southern and western slopes were more 
likely to be classified as greening, while northern and eastern slopes 
were more likely to be classified as non-trended (Fig. 4D). A higher 
probability of greening was also associated with historical winter tem-
perature between − 36◦ and − 28 ◦C and historical summer temperatures 
between 6 and 10 ◦C, which occur primarily in the lower Northern Arctic 
and upper Southern Arctic regions, such as Banks Island and Victoria 
Island, the Yukon Coastal Plain, Tuktoyaktuk Coastlands, and British- 
Richardson Mountains (Fig. 4E). The Southern Arctic experienced 
more rapid greening than the Northern Arctic and Taiga (Table 3). The 
partial dependence plot for lake cover indicates that the highest prob-
ability of greening occurred in areas with low (<10%) or moderate 
(25–50%) lake coverage (Fig. 4F). 

3.3. EVI regression model 

The biophysical variables used in RF regression model explained 
48.4% of the variance in EVI slope, based on the out-of-bag (OOB) 
predictions. The six most important variables in the regression Random 
Forests model were slope, elevation, land cover, lake cover, ecoregion 
classification and historical winter temperature (Fig. 3). Topographic 
variables (slope, elevation) had the greatest impact on the accuracy of 
the regression model (Fig. 3). The partial dependence plot for slope 
shows that tundra greening was most rapid in areas with slopes between 
3 and 6◦ (Fig. 5A). The partial dependence plot for elevation shows that 
the rate of greening was highest at low elevations and declined with 
increasing elevation (Fig. 5B). Elevation greater than ~ 500 m above sea 
level were uncommon across the study area and had a below average 
trend in EVI of 0.00100 year − 1. 

The partial dependence plot for land cover indicates that the 
magnitude of greening was greatest in areas of denser and shrub- 
dominated vegetation, such as low shrub, tall shrub, graminoid dwarf 
shrub, and tussock graminoid tundra (Fig. 5C). Comparatively, the 
slowest greening trends were associated with largely non-vegetated land 
cover types, including barren and sparsely vegetated till (Fig. 5C). Gla-
ciofluvial and morainal sediments experienced the fastest rates of 
greening while colluvium and marine sediments experienced the slowest 
rates. Rates of greening were similar across substrate chemistry classes. 

The rate of greening also varied among ecoregions, with the greatest 
increases occurring in southwestern ecoregions including the Peel 
Plateau, Tuktoyaktuk Coastal Plain, Mackenzie Delta, and Yukon 
Coastal Plain. In these areas, median EVI trends were three to four times 
higher than the average trend across the entire study area (Fig. 5D, 
Table 2). The partial dependence plot for lake cover shows that the most 
rapid greening occurred in areas with moderate lake density, which are 
concentrated in the Mackenzie Delta, Tuktoyaktuk Coastal Plain, and 
Anderson River Plain. However, marginal differences among lake den-
sity classes were quite small (Fig. 5E). The relationship between winter 
temperature and EVI change showed considerable variation, but in 
general, winter temperatures below − 30 ◦C were associated with 
smaller changes in vegetation productivity (Fig. 5F) and historical 
summer temperatures between 6 and 10 ◦C were associated with larger 

changes. 

4. Discussion 

Our observation that vegetation greening occurred across 68% of the 
study area and was common in all ecoregions suggests that this change 
was driven primarily by the rapid increases in temperature that have 
taken place across northwestern Canada (Meredith et al., 2019; Vincent 
et al., 2015). Increases in average annual air temperature of over 3◦C 
since the mid 20th century (Overland and Wang, 2016; Vincent et al., 
2015) and an extension of the growing season by nearly two weeks 
(Pedlar et al., 2015) parallel the conditions imposed by plot-scale tundra 
warming experiments, which have driven increases in stem biomass 
(Bret-Harte et al., 2001) net primary productivity (Wahren et al., 2005), 
and canopy height (Elmendorf et al., 2012a). The importance of climatic 
variables, including historical winter temperature and elevation, in our 
models of spatial variation in EVI trends also point to the importance of 
recent climate warming as a driver of change (Bunn et al., 2006; Jia 
et al., 2009). Partial dependence plots of historic winter temperatures 
show that greening was most likely to occur, and was most rapid, at 
temperatures typical of the Southern Arctic portion of our study area. 
This observation is similar to other recent studies showing that vegeta-
tion productivity has increased more rapidly in the Southern Arctic, and 
Taiga compared to the Northern Arctic (Berner et al., 2011; Bolton et al., 
2018; Bonney et al., 2018; Reichle et al., 2018; Ropars and Boudreau, 
2012; Sulla-Menashe et al., 2018). This is likely because vegetation 
productivity in the Northern Arctic is more severely limited by cold 
temperatures and a short growing season than the Southern Arctic 
(Svoboda and Henry, 1987; Raynolds et al., 2008; Epstein et al., 2008), 
where temperature limitation of growth and reproduction have been 
surpassed by recent warming (Elmendorf et al., 2012a; Lantz et al., 
2013; Myers-Smith and Hik, 2018). This explanation is also consistent 
with our observation that sparsely vegetated cover types in the Northern 
Arctic (barren and till) had the lowest rates of EVI change and impacted 
the smallest area. 

Recent studies in the Peel Plateau (Cameron and Lantz, 2016), the 
Tuktoyaktuk Coastlands (Fraser et al., 2014; Lantz et al., 2013; Travers- 
Smith and Lantz, 2020), and the Yukon Coastal Plain (Myers-Smith 
et al., 2011a, 2011b) also show evidence of widespread vegetation 
change that is consistent with our observations of accelerated Southern 
Arctic greening. In the southern extent of our study area greening was 
likely lower because the productivity of the Taiga forest that dominates 
these areas has been negatively impacted by increased drought and fire 
severity (Myers-Smith et al., 2015; Schut et al., 2015; Sulla-Menashe 
et al., 2018). It is also possible that the more complex vegetation 
structure found in proximity to the forest-tundra transition zone (tree-
line) complicates the use of Landsat imagery to detect tundra vegetation 
change (Boudreau and Villeneuve-Simard, 2012; McManus et al., 2012; 
Olthof and Fraser, 2007). 

Although regional warming is likely the overarching driver of 
changes in productivity, our observation that slope, elevation, and 
aspect were among the most important variables in our classification 
and regression models suggests that soil moisture and microclimate can 
also mediate the impacts of warming on tundra vegetation productivity. 
The increased likelihood of greening on flat or gentle slopes (Fig. 4B), 
and the higher magnitude of greening on moderate slopes (Fig. 5A) in-
dicates that moist to mesic conditions are most conducive to change. 
This is consistent with a recent study showing that increases in the 
productivity of upland tundra on Banks Island, NT were highest in flat 
areas accumulating moisture and nutrients from upslope (Campbell 
et al., 2020). 

The higher probability of greening on south-southeasterly to west- 
northwesterly slopes also suggests that intermediate moisture condi-
tions on moderately warm slopes have facilitated change (Dearborn and 
Danby, 2017). Partial dependence plots showing the effects of land 
cover and lake cover on EVI trends (Figs. 4A and 5C, E) also indicate that 
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greening was more widespread in mesic-moist land cover types (tussock 
tundra, shrub tundra, wet sedge), corroborating findings from other 
studies showing that increased productivity has been particularly rapid 
in riparian corridors, floodplains, along river valleys, and wetland-to- 
upland ecotones (Bonney et al., 2018; Loranty et al., 2016; Tape et al., 
2012, Bunn et al., 2006; Ropars et al., 2015) (Bunn et al., 2006; Ropars 
et al., 2015). It is likely that areas with mesic conditions are experi-
encing higher than expected greening because carbon uptake and 
photosynthesis are higher at mesic sites compared to dry and wet sites 
(Kwon et al., 2006; Oberbauer et al., 2007). The effects of experimental 
warming on functional group abundance, community height, plant size, 
and leaf nitrogen content have also been shown to vary with tempera-
ture and soil moisture (Bjorkman et al., 2018; Elmendorf et al., 2012b). 

Our analysis also suggests that spatial variation in tundra greening is 
driven by differences in the temperature sensitivity of some plant 
functional groups. Greening rates in productive cover types that are 
typically dominated by upright shrubs were more than 1.5 times higher 
than the average greening rate (Fig. 6; Table 2). Greening rates in 
sparsely vegetated cover types, characterized by low-growing herbs and 
prostrate shrubs, sedges, and mosses, were approximately half the 
average rate. These findings are also consistent with the results of 
experimental warming studies showing that shrub cover has increased in 
response to warming at warm, mesic sites (Elmendorf et al., 2012b). 
Plot-scale studies in the Southern Arctic also show that recent warming 
has increased the abundance of upright shrubs including willow (Myers- 
Smith et al., 2011a, 2011b), dwarf birch (Moffat et al., 2016; Tremblay 
et al., 2012), and alder (Frost et al., 2018; Lantz et al., 2013; Travers- 
Smith and Lantz, 2020). Areas dominated by upright shrubs are likely 
more responsive to warming-induced increases in resource availability 
because these woody plants can more efficiently allocate increased ni-
trogen and phosphorous to secondary growth and lateral expansion 
compared to other tundra species (Bret-Harte et al., 2001; Shaver et al., 
2001). There are fewer plot-scale studies exploring the drivers of 
increased productivity in the Northern Arctic, but existing literature 
suggests that greening is linked with the accelerated growth of low- 
growing shrubs and herbs (Boulanger-Lapointe et al., 2014; Campbell 
et al., 2020; Edwards and Treitz, 2017; Weijers et al., 2017). 

Findings from our classification and regression models were largely 
consistent with each other. However, unlike our regression model, 
which showed that shrub dominated cover types were greening the most 
rapidly, our classification model predicted that shrub dominated areas 
were more likely to not show trends in productivity over time. This is 
likely because shrub density can be patchy in these terrain types (Lantz 
et al., 2010; Moffat et al., 2016; Frost et al., 2018) and may exhibit more 
variable responses than other terrain types. Areas completely dominated 
by upright shrubs likely have less potential for increased productivity 
than patches occupied by a mix of shrubs and other tundra species. This 
is consistent with research in the Tuktoyaktuk Coastlands showing that 
shifts in the cover of plant functional groups were more variable in 
terrain dominated by upright shrubs compared to areas dominated by 
dwarf shrubs or graminoids (Moffat et al., 2016). At fine spatial scales, 
increases in shrub abundance have been greatest in areas that formerly 
had sparse cover of shrubs (Moffat et al., 2016; Cameron and Lantz, 
2016). 

Changes in tundra vegetation structure and composition are altering 
surface energy exchange (Chapin et al., 2005; Marsh et al., 2010), 
northern wildlife activity (Boelman et al., 2011; Van Hemert et al., 2015; 
Rickbeil et al., 2018), above and belowground carbon stocks (Schaefer 
et al., 2011; Schuur et al., 2015), and permafrost dynamics (Blok et al., 
2010; Frost et al., 2018; Wilcox et al., 2019). Our study shows that 
greening is widespread across the western Canadian Arctic, but is more 
dominant and rapid in some areas. This indicates that the impacts of 
vegetation change on ecological processes will be heterogeneous and 
underscores the importance of fine-scale predictive models. Our analysis 
shows that changes have been most rapid in the Southern Arctic. Our 
work also highlights the potential of Random Forests modeling and 

other machine learning methods to contribute to the development of 
predictive models of tundra vegetation change (Bonney et al., 2018; 
Greaves et al., 2016). Inconsistency among greening trends derived from 
coarse-scale remote sensing platforms (Fisher and Mustard, 2007; Rocha 
et al., 2018) also points to the need for more regional- and landscape- 
scale analyses (Myers-Smith et al., 2020). Based on differences be-
tween plot-scale studies and remote sensing change detection (Goetz 
et al., 2019; Jorgenson J.C. et al., 2018; Myers-Smith et al., 2020), we 
suggest that future studies continue to evaluate change across multiple 
spatial scales and make use of the increasing availability and quality of 
high spatial and temporal resolution data sources, such as 
micro-satellites and remotely piloted aerial systems (Fraser et al., 2016; 
Liu and Treitz, 2018; Myers-Smith et al., 2019). Research examining 
physiological responses to changes in soil moisture, micronutrients and 
shifts in the below-ground community are also needed to understand the 
proximal controls to greening (Martin et al., 2017). With anticipated 
feedbacks between shifting tundra vegetation structure and the fre-
quency of fire and thermokarst (Loranty et al., 2016; Swanson, 2017; 
Tsuyuzaki et al., 2017), additional research will also be required to 
understand how shifting disturbance regimes will shape vegetation 
trajectories. More frequent and extreme weather events (Bret-Harte 
et al., 2013; Hansen et al., 2014; Vermaire et al., 2013) that alter 
growing conditions are also likely to influence how tundra landscapes 
respond to ongoing climate change (Lantz et al., 2015). 

5. Conclusions 

Our analysis of trends in the Enhanced Vegetation Index shows that 
the tundra ecosystems of the western Canadian Arctic have undergone 
significant increases in productivity since 1984. The widespread nature 
of this greening, its association with historical temperature variation, 
and evidence from plot-scale warming experiments and observational 
studies, indicates that increasing productivity is a response to climate 
warming. However, our findings that greening was greatest within re-
gions dominated by upright shrubs and within flat to gently sloping 
areas at moderate elevation suggests that the effects of temperature on 
tundra ecosystems are mediated by variation in microclimate and soil 
moisture, and physiological difference among plant functional types. 
Quantifying the response of tundra vegetation to warming is critical to 
our understanding of the feedbacks between ecosystems and the global 
climate system. To facilitate the development of predictive models, 
future research should combine process-oriented studies of tundra plant 
physiology with remote sensing studies across a range of spatial scales to 
identify the mechanisms that make some terrain types more sensitive to 
change than others. 
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