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Abstract we used multiple sources of remotely sensed and ground based information to evaluate the
spatiotemporal variability of snowpack accumulation, potential evapotranspiration (PET), and Normalized
Difference Vegetation Index (NDVI) throughout the Southern Rocky Mountain ecoregion, USA. Relationships
between these variables were used to establish baseline values of expected forest productivity given water
and energy inputs. Although both the snow water equivalent (SWE) and a snow aridity index (SAl), which
used SWE to normalize PET, were significant predictors of the long-term (1989-2012) NDVI, SAl explained
11% more NDVI variability than SWE. Deviations from these relationships were subsequently explored in the
context of widespread forest mortality due to bark beetles. Over the entire study area, NDVI was lower per
unit SAl in beetle-disturbed compared to undisturbed areas during snow-related drought; however, both
SAl and NDVI were spatially heterogeneous within this domain. As a result, we selected three focus areas
inside the larger study area within which to isolate the relative impacts of SAl and disturbance on NDVI
using multivariate linear regression. These models explained 66%-85% of the NDVI and further suggested
that both SAl and disturbance effects were significant, although the disturbance effect was generally
greater. These results establish the utility of SAl as a measure of moisture limitation in snow-dominated sys-
tems and demonstrate a reduction in forest productivity due to bark beetle disturbance that is particularly
evident during drought conditions resultant from low snow accumulation during the winter.

1. Introduction

Climate warming is changing the way that forested ecosystems function [Bonan, 2008]. Globally, latitudinal gra-
dients in water and energy availability have shifted, and water limitation is becoming characteristic of many his-
torically energy limited forest ecosystems [Bentz et al, 2010; Wu et al, 2012; Anderegg et al., 2014; Buermann
et al,, 2014; Stinziano and Way, 2014]. Drought in forested ecosystems is thus emerging as a research priority
[Clark et al., 2016], and in North America, this shift toward increasing water limitation has been accompanied by
notable increases in forest disturbance associated with insect infestation [Safranyik et al., 2010; Hart et al., 2014].
At the regional scale, altitudinal gradients similarly govern resource availability and limitation, and species
distribution [Carpenter, 2005], rates of forest productivity [Schimel et al, 2002], and vulnerability to disturbance
[Westerling et al.,, 2006; Logan et al., 2010; Pepin et al., 2015] have all been linked to elevation. The ability of eco-
systems to adapt to changes in climate is, in part, dictated by the degree to which species can move geographi-
cally to coincide with movement in optimal climatic conditions. However, the rate of climate change in many
high latitude and high altitude ecosystems currently exceeds the ability of many long-lived tree species to
migrate [Davis and Shaw, 2001]. Hence, these tree species are becoming progressively vulnerable to the direct
and indirect effects of drought-related moisture stress associated with climate warming [Kolb et al., 2016].

Several works have documented changes in the magnitude of snow accumulation [Mote et al., 2005; Clow,
2010; Harpold et al., 2012] and the timing of snowmelt [Stewart et al.,, 2005] in the western United States,
with significant implications for forested ecosystems. For example, Trujillo et al. [2012] found a strong posi-
tive relationship between the magnitude of winter snow accumulation and summer growing season forest
productivity in the Sierra Nevada Mountains of California. Studies at the plot scale in the Colorado Rocky
Mountains have also demonstrated an important link between the timing of snowmelt and the onset of the
growing season, whereby earlier snowmelt resulted in longer growing seasons [Monson et al.,, 2002; Hu
et al,, 2010]. Interestingly, however, these longer growing seasons were associated with decreased growing
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season productivity due to late season water stress [Monson et al., 2005; Sacks et al., 2007]. Given that water
stress in these forested systems can increase plant attractiveness to insects [Mattson and Haack, 1987; Kelsey
et al., 2014] while simultaneously reducing carbohydrate-based tree defenses [Kolb et al., 2016], there is the
potential for a positive feedback between severe drought and insect disturbance [e.g., Fettig et al., 2013]. In
turn, insect-related forest disturbance impacts the timing and magnitude of snowmelt [Biederman et al.,
2012; Pugh and Small, 2012], the hydrology and biogeochemistry of affected watersheds [Edburg et al.,
2012; Hicke et al., 2013; Bearup et al., 2014], and water quality [Mikkelson et al., 2013a, 2013b; Vose et al.,
2016]. Notwithstanding, a major limitation to observational studies focused on the postdisturbance ecosys-
tem response to drought [e.g., Breshears et al., 2005; Anderegg et al., 2015] is the need to study processes
over relatively long time scales such that predisturbance and postdisturbance drought conditions can be
studied in tandem to evaluate the differential ecosystem response.

Long-term satellite observations, such as data from the Advanced Very High Resolution Radiometer (AVHRR),
represent an invaluable tool with which to gain insight into the forest response to climate change, as the instru-
mental record of these sensors now exceeds 30 years. Many studies have characterized the sensitivity of
satellite-observed visible and near-infrared reflectance measurements to vegetation stress [Angert et al., 2005;
Peng et al,, 2011]. Based on these reflectance sensitivities, several indices of vegetation productivity have also
been identified [Huete et al., 2002]. Similarly, coupled satellite-model-based estimates of vegetation productivity
have been derived using Moderate Resolution Imaging Spectroradiometer (MODIS) data, whereby models of
land-atmosphere carbon exchange are constrained by land-surface temperature observations [Running et al.,
2004; Zhao et al., 2005]. When evaluated at the global scale, these data have been used to inform the ecosys-
tem productivity response to interannual climate variability over relatively short time periods (i.e., since 2000).

Satellite data have also been used to study the relationship between climate variability and associated
snowpack dynamics [Guan et al., 2010, 2012]. Snow cover extent has traditionally been mapped using a nor-
malized difference snow index (NDSI), in which a band ratio method is employed using reflectance observa-
tions in the visible and near-infrared portions of the spectrum [Dozier, 1989; Hall et al., 1990]. Developments
in snow cover detection now afford observations of fractional snow-covered area from Landsat Thematic
Mapper data [e.g., Rosenthal and Dozier, 1996] and from MODIS [Hall and Riggs, 2007; Painter et al., 2009;
Rittger et al., 2013], and reconstructions of snow water equivalent (SWE) have now been conducted at small
headwater catchment scales [e.g., Molotch and Bales, 2006; Jepsen et al., 2012] and at the mountain range
scale [e.g., Guan et al., 2013; Cornwell et al., 2016] using this technology. While these SWE estimates present
a significant opportunity for evaluation of the hydrologic impacts of disturbance, little work has been done
to leverage the long history of snow remote sensing in the context of ecosystem disturbance. To address
this, we introduce the snow aridity index as a metric that incorporates the combined effects of moisture
availability (SWE) and demand (potential evapotranspiration) on vegetation productivity.

Combining the aforementioned remotely sensed data sets, this study investigates relationships between forest
productivity as measured via Normalized difference vegetation index (NDVI; dependent variable) and seasonal
snow accumulation, potential evapotranspiration (PET), a snow aridity index, and cumulative forest mortality
(independent variables). We hypothesize that the snow aridity index may represent a particularly robust predic-
tor of vegetation productivity since it incorporates the air temperature-dependent impacts of increased vapor
pressure deficit and reduced snowfall fraction that are among the most well-established effects of climatic
change [Luce et al, 2016; Novick et al, 2016]. Moreover, moisture availability is likely to be determined to a
greater degree by precipitation relative to evapotranspiration (ET) in snow-dominated ecosystems [Vose et al.,
2016]. We specifically consider three research questions: (1) How does the snow aridity index compare to snow
water equivalent as an interannual predictor of peak growing season NDVI? (2) How do these relationships
change in the presence of widespread bark beetle disturbance? And (3), to what degree is NDVI influenced by
climate (e.g., snow aridity) versus disturbance? These questions are addressed across the Southern Rocky
Mountain ecoregion (SRME) and within three nested focus areas where the spatiotemporal variability of forest
mortality was well constrained.

2, Study Area

2.1. Southern Rocky Mountain Ecoregion
This research was focused on areas within the SRME [Commission for Environmental Cooperation, 1997;
United States Environmental Protection Agency, 2010] located higher than 1500 m above sea level (asl)
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Figure 1. Green areas are USGS NLCD evergreen forests above 1500 m elevation, black dots are NRCS SNOTEL sites, red areas are the three
focus areas that were used to constrain the effects of disturbance, and the black outline is the boundary of the Southern Rocky Mountain
ecoregion. Focus Area 1 is the most easterly focus area, Focus Area 2 is the most southerly, and Focus Area 3 is the most westerly. The
upper inset shows representative vegetation mortality due to bark beetle disturbance within Focus Area 2, where peak mortality occurred

in 2007.
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(Figure 1). The SRME covers 144,462 km? and spans an area that includes southern Wyoming, Colorado, and
northern New Mexico, which represents the headwaters of several major river systems, including the Platte, Col-
orado, Arkansas, and Rio Grande Rivers. Vegetation in the region consists of a mixture of lower-elevation grass-
lands, mid-elevation montane forests, higher-elevation mixed conifer and aspen subalpine forests, and a mixture
of alpine tundra, exposed bedrock, talus, and isolated glaciers above treeline. To maintain consistency with for-
est disturbance by bark beetles, analyses were masked to include only areas with evergreen forests as deter-
mined by the Landsat-based U.S. Geological Survey (USGS) 2001 National Land Cover Database (NLCD) data
(http://www.mrlc.gov/nlcd2001.php) [Homer et al., 2007]. The NLCD data were upscaled from 30 m to 1 km cell
size for consistency with the remotely sensed NDVI data from AVHRR. Aggregation to 1 km resolution was per-
formed based on the percentage of 30 m evergreen cells inside each 1 km cell such that the resulting evergreen
mask contained only areas with greater than 50% evergreen forest cover. Principal tree species (from approxi-
mately north to south) included Engelmann spruce (Picea engelmanii), subalpine fir (Abies lasioscarpa), lodgepole
pine (Pinus contorta), limber pine (Pinus flexilis), Douglas fir (Pseudotsuga menziesii), blue spruce (Picea pungens),
white fir (Abies concolor), ponderosa pine (Pinus ponderosa), and southwestern white pine (Pinus strobiformis).

2.2, Focus Areas

We also utilized the United States Forest Service (USFS) Aerial Detection Survey (ADS) data to select three
smaller focus areas consisting of contiguous or nearly contiguous polygons that experienced exceptional
mortality in one single year (Figure 1). In this way, we were able to unambiguously observe the productivity
response to snow aridity pre- and post-mortality. Specifically, Focus Area 1 (301 km?), Focus Area 2
(168 km?), and Focus Area 3 (67 km?) were carefully chosen to represent forested areas that contained only
endemic bark beetle populations before peak mortality occurred in 2007. The latitude and longitude at the
centers of Focus Areas 1, 2, and 3 were 40°52.5'N; 106°4.3'W, 40°3.8'N; 106°37.1'W, and 40°50.6'N;
106°51.7'W, respectively, and the elevation within each focus area ranged from 2300 to 3200 m asl. Focus
Area 1 contained 89% lodgepole pine-dominated evergreen forest, 6% herbaceous wetlands, and 1% each
of woody wetlands and deciduous forest (mostly quaking aspen, Populus tremuloides). Focus Area 2 con-
tained 85% lodgepole pine-dominated evergreen forest, 6% herbaceous wetlands, 5% deciduous forest,
and 2% woody wetlands. Focus Area 3 contained 75% lodgepole pine-dominated evergreen forest, 11%
deciduous forest, 6% herbaceous wetlands, 4% mixed forest (neither evergreen nor deciduous trees repre-
sent more than 75% of tree cover), and 3% scrubland. Each focus area contained small areas of open water
and barren land. Although the USFS ADS data included several bark beetle species, mountain pine beetle
(Dendroctonus ponderosae) uniquely occurred in the focus areas.

3. Methods and Data

To address research question 1, we used basic linear regression models to evaluate the long-term (1989-
2012) relationship between maximum growing season (1 April to 31 August) NDVI (dependent variable)
and both annual maximum SWE and a snow aridity index (SAl) (independent variables) from undisturbed
(with respect to fire and insects) areas:

NDVI=a+b X SWE (1)
NDVI=a+b X SAl ()

where a and b are the intercept and slope of the resulting best fit trendlines, respectively. In this context,
SAl is analogous to the aridity index (PET/precipitation) [Budyko, 1974], where the SAl was estimated as the
sum of 1 April to 31 August potential evaporation (PE) divided by annual maximum SWE from the preceding
spring. Equations (1) and (2) were additionally calculated with low SWE or SAl years excluded in order to
assess the influence of statistical outliers [Cook, 1979].

To address research question 2, we utilized a before-after-control-impact sampling design to determine the
effect of bark beetles on NDVI over the same 1989-2012 period:

NDVI(BB)=a+b X NDVI(U)+c X Disturbance[0,1]+d X (NDVI(U) X Disturbance0, 1]) 3)

where U and BB represent undisturbed and beetle-disturbed areas, b, ¢, and d correspond to the change in
NDVI per unit increase in each independent variable, and Disturbance is a binary variable corresponding to
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greater than (disturbed) or less than (undisturbed) 70% forest mortality per the ADS data. We then used
multivariate regression analysis of the presence/absence of disturbance, the SWE or SAl, and their interac-
tion (independent variables) to further quantify the separate and combined impacts of climate and distur-
bance on NDVI (dependent variable) (research question 3):

NDVI=a+b X SWE+c X Disturbance [0,1]+d X (SWE X Disturbance [0,1]) (4)
NDVI=a+b X SAl+c X Disturbance [0,1]+d X (SAl X Disturbance [0, 1]) (5)

Companion analyses used a continuous measure of percent cumulative tree mortality (Mortality) [Meddens
et al, 2012] to additionally evaluate research questions 2 and 3 between 2000 and 2012 using MODIS satel-
lite data [Didan, 2015] at the focus area scale:

NDVI=a+b X SWE+c X Mortality+d X (SWE X Mortality) (6)
NDVI=a+b X SAl+c X Mortality+d X (SAl X Mortality) (7)

where SAl was calculated as PET/SWE. Different sources of SWE and PET or PE information were used for
the shorter-term and longer-term analyses to take advantage of the best available data, including multiyear
composites of SWE and SAI that were created from the longer-term data, in recognition of the potential for
interannual lags in the effect of moisture availability on vegetation productivity [Kirchner, 2016]. Specifically,
both SWE and SAIl were calculated as variable blends (in increments of 5%) of SWE and SAI from the current
year (50%-70%), the previous year (20%-40%), and 2 years prior (10%-20%) for the 1989-2012 regressions.
The resulting data are presented as mean values of all possible lag combinations with the corresponding
range of R* and p values among all possible blends. The shorter-term focus area analyses were not subject
to this lagging procedure in order to preserve the maximum length of the MODIS data record. In this sense,
the analyses during the AVHRR time period afford a longer-term view of the forest response to snow aridity,
whereas the MODIS data allow for more detailed spatial analyses since PET, SWE, and tree mortality data
are available for each pixel in the domain over the MODIS time period. Further details regarding these anal-
yses and data sets are provided below.

3.1. AVHRR-Based Analyses

3.1.1. AVHRR NDVI Data

The AVHRR NDVI data set used for our longer-term (1989-2012) analyses was based on the USGS AVHRR
NDVI (https://Ita.cr.usgs.gov/NDVI) record. These data were derived from AVHRR-observed reflectance data
in the red and the near-infrared portions of the electromagnetic spectrum and were produced on 2 week
intervals at 1 km spatial resolution. The maximum annual growing season (1 April to 31 August) NDVI was
uniquely determined for each AVHRR pixel. In this way, we account for pixel-to-pixel temporal variations in
the occurrence of maximum NDVI within a given year, as the timing of maximum NDVI can vary from one
pixel to another. To prevent contamination of the NDVI values due to the presence of snow cover, AVHRR
acquisitions during the snow-covered season were not included in the calculation of maximum growing
season NDVI.

3.1.2. NLDAS-2 Potential Evaporation Data

The 1 April to 31 August monthly PE was obtained from NASA’s North American Land Data Assimilation
System Phase 2 (NLDAS-2; http://disc.sci.gsfc.nasa.gov/hydrology/data-holdings) [Mitchell et al., 2004; Xia
et al.,, 2012], downscaled from 11 to 1 km spatial resolution by resampling each pixel to an 11 km X 11 km
grid of 1 km grid cells (original 11 km value applied to all 1 km cells), and cumulatively summed. This PE is
derived from the National Centers for Environmental Prediction (NCEP) North American Regional Reanalysis
(NARR) analysis fields where the PE is calculated using the modified Penman scheme of Mahrt and Ek
[1984].

3.1.3. Snow Telemetry Snow Water Equivalent Data

SWE data were acquired on a daily basis from the United States Natural Resource Conservation Service
(NRCS) SNOTEL network (ftp.wcc.nrcs.usda.gov/data/snow/snotel/cards) [Trujillo and Molotch, 2014], and
maximum SWE values were identified for each water year between 1989 and 2012 (the length of the NDVI
data set). A total of 131 SNOTEL stations were included in this analysis; however, stations were excluded for
any year in which a valid maximum SWE could not be determined.
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3.2. MODIS-Based Analyses

3.2.1. MODIS NDVI Data

MODIS-based 1 km NDVI estimates (MOD13A3) were obtained from the NASA Land Distributed Active
Archive [Didan, 2015]. These data are produced as 16 day temporal resolution composites of daily data,
which provides spatially continuous greenness estimates devoid of data gaps due to cloud cover or poor
viewing geometry. From the 16 day data, monthly NDVI values are generated using a time-weighted aver-
age of the reflectance fields in the 16 day products. This 16 day product includes atmospherically corrected
MODIS bidirectional reflectance measurements from both the Terra and Aqua satellites, which have been
composited based on a variety of quality assurance metrics to exclude low quality pixels. In addition, the
standard product-generation methodology includes a viewing geometry filter whereby the two highest
NDVI values were determined and then the value acquired closest to nadir is selected [Didan, 2015]. Calcula-
tion of the maximum annual growing season MODIS NDVI was equivalent to the AVHRR procedure
described in section 3.1.1.

3.2.2. MODIS Potential Evapotranspiration Data

Monthly MODIS-based estimates of PET at 1 km resolution were generated by temporal averaging of the
MODIS 8 day ET data products (MOD16A2) [Mu et al, 2011]. PET estimates were based on the Penman-
Monteith equation forced by both ancillary meteorological data and 8 day MODIS-based vegetation infor-
mation. The MODIS PET product is generated using four MODIS-based data sources including 8 day compo-
sites of Fractional Absorbed Photosynthetically Active Radiation (FPAR), 8 day land surface albedo, 8 day
Leaf Area Index (LAI), and land cover type. The 8 day albedo composites were combined with daily surface
solar irradiance and air temperature data from meteorological reanalysis to derive the surface net radiation
and ground heat flux [Mu et al., 2011]. Surface stomatal conductance and aerodynamic resistance were esti-
mated from a combination of MODIS LAI and reanalysis of daily air temperature, vapor pressure deficit
(VPD), and relative humidity. Biome-dependent vegetation parameters were obtained from MODIS-based
land cover information. These parameters were optimized such that annual ET estimates for each biome
agreed with ET estimates based on MODIS-derived Gross Primary Productivity (GPP) and known water use
efficiencies established from eddy covariance measurements [Mu et al., 2011].

3.2.3. MODIS SWE Reconstruction Data

The SWE reconstruction model [Molotch et al., 2004; Molotch, 2009; Guan et al., 2013; Schneider and Molotch,
2016] uses calorimetry to reconstruct SWE on a daily basis from maximum snow accumulation in late winter
throughout the snowmelt season. For this model, calculations were made on a pixel-by-pixel basis, in which
modeled snowpack-atmosphere energy exchange was integrated over the period of MODIS-observed
snow-covered area. Surface-atmosphere energy fluxes were calculated based on a one-layer snow model
that assumes an infinite snow depth to derive estimates of potential snowmelt flux. The potential snowmelt
flux was then scaled by pixel-specific estimates of fractional snow-covered area (SCA) derived from the
MODIS instrument. The MODIS SCA estimates were in turn derived from the MODIS Snow Covered Area and
Grain Size Algorithm (MODSCAG) [Painter et al., 2009], which uses a least squares approximation to estimate
SCA for each pixel using MODIS bands 4 and 6. Spectral unmixing is conducted based on 30 modeled snow
spectra and baseline soil, rock, and vegetation spectra [Painter et al., 2009]. Snow-atmosphere energy
exchange was modeled using an explicit characterization of radiative fluxes in which NLDAS estimates of
solar irradiance were downscaled by a geometric terrain reflectance model [Dozier and Frew, 1990], surface
albedo was parameterized based on snow age [Dickinson et al., 1993], and net longwave radiation was cal-
culated based on topographically downscaled NLDAS estimates of vapor pressure and air temperature. In
this regard, values of longwave radiation were estimated using the Stefan-Boltzmann equation in which the
emissivity of the atmosphere was determined from estimates of air temperature and water vapor pressure
[Idso, 1981; Hodges et al., 1983]. Turbulent fluxes were explicitly calculated using the bulk transfer method
of Jordan [1991], with a bulk Richardson number from Liston [1999]. Stability corrections were applied dur-
ing both stable and unstable turbulent conditions and forcings were derived from terrain-downscaled
NLDAS estimates of wind speed, air temperature, and vapor pressure. Further details on the SWE recon-
struction model, MODSCAG data, model forcings, and downscaling procedures can be found in Guan et al.
[2013].

3.2.4. Disturbance Masks

For both the AVHRR and MODIS analyses, areas of disturbance were identified, and disturbance masks were
created, using the USFS ADS data. The USFS Aerial Detection Surveys estimated forest mortality based on
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Table 1. Specific Attributes of Data Collection, Processing, Application, and Products (Figures)

Geographical Time Disturbance Research

Area Instrument Period Mask Question(s) Equations Figure(s)
Ecoregion AVHRR 1989-2012 Dynamic 1 1-2 2
Ecoregion AVHRR 1989-2012 Static 2-3 3-5 3
Ecoregion MODIS 2000-2012 n/a 3 n/a 4-5
Focus areas MODIS 2000-2012 Dynamic 2-3 6-7 6

manual observations from aircraft wherein visual estimates of dead trees were obtained and transcribed
manually onto a base map. When converting the polygons from vector to raster format, only raster cells
containing more than 70% coverage of mortality polygons were included in the disturbance mask. In this
way, the ADS data were used only as an index of the presence/absence of disturbance. When relative differ-
ences in vegetation mortality were considered (e.g., the focus area analysis), a standardized (for host species
type and crown area) ADS product was used [Meddens et al., 2012]. Since the SRME straddles two USFS
regions, digital tree mortality data starts in 1993 in Colorado and Wyoming, but not until 1996 for New Mex-
ico. The year of forest mortality was estimated by subtracting one year from the survey date. This 1 year
subtraction was necessary given that trees are in the red phase when they are detected and therefore rep-
resent the year after initial mortality. To address research question 1, spatially variable disturbance masks
were created wherein a unique set of disturbed polygons was selected for each year, each annual polygon
layer was cumulatively summed, and then each cumulative annual polygon layer was converted to a 1 km
gridded raster layer to coincide with the cell size of the MODIS and AVHRR satellite imagery. For research
questions 2 and 3, ecoregion-scale disturbance masks remained spatially fixed at the maximum and mini-
mum extents of disturbed and undisturbed areas, respectively, which occurred in 2012. In this way, dis-
turbed areas experienced progressively more mortality through time, which when compared to
undisturbed areas on an interannual basis, allows for calculation of the disturbance impact and separation
of the relative climatic versus disturbance influences on NDVI. The disturbance masks created to investigate
research questions 2 and 3 at the focus area scale were analogous to those used for research question 1,
but restricted to areas within the geographical boundary of each focus area (Table 1).

4, Results

4.1. AVHRR-Based Analyses

The USGS AVHRR NDVI time series was significantly correlated with the SNOTEL-observed annual maximum
SWE (mean R®=0.29; mean p =0.01) (Figure 2a) and the R? values resultant from regressions of the
temporally-lagged combinations of SWE on NDVI ranged from 0.24 to 0.33 (0.004 < p < 0.02). However,
when the two snow drought years (2002 and 2012) were removed from this analysis, the undisturbed SWE
was a weaker predictor of NDVI (mean R?=0.17; mean p = 0.06). The maximum annual SWE from undis-
turbed areas averaged 467 mm (standard deviation (6) =99 mm) and the highest SWE was observed in
1993 (659 mm), which coincided with the maximum NDVI value during the AVHRR time period (0.70). The
lowest SWE occurred in 2002 (255 mm) and corresponded to the second-lowest AVHRR-observed NDVI
value of 0.60.

The SAI was a better predictor of NDVI than the SWE (mean R? = 0.40; mean p < 0.001) (Figure 2b), and the
relationship between SWE (independent variable) and SAI (dependent variable) was well described by a
concave up second degree polynomial (R* = 0.96; p < 0.001). The R? values resultant from regressions of
the temporally-lagged combinations of SAl on NDVI ranged from 0.35 to 0.44 (<0.001 < p < 0.002). Impor-
tantly, the SAI was still a significant predictor of NDVI (mean R? = 0.20; mean p = 0.04) when the snow
drought years were removed from this analysis. The undisturbed SAI averaged 2.1 (¢ = 0.6) and the maxi-
mum SAl of 3.8 occurred in the minimum NDVI year of 2012. In contrast, the minimum SAI (1.2) occurred in
1997, which had an NDVI value very close to the mean at 0.66. The persistent negative relationship between
SAl and NDVI demonstrates that the link between vegetation productivity and water availability is main-
tained during periods of both typical and extreme climate variability (Figure 2b).

Figure 3a compares the long-term NDVI from an undisturbed area (40,255 km?) to an area that was progres-
sively impacted by bark beetles (13,796 km?) to explore the cause of the unexplained variance in Figure 2.
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Even before widespread disturbance began in 2006, the maximum growing season AVHRR-NDVI was 6%
higher in the progressively disturbed (0.67; ¢ = 0.06) compared to the undisturbed (0.63; ¢ = 0.08) area,
which likely corresponds to the presence of higher-density forest stands that are especially prone to bark
beetle invasion [Raffa et al., 2005]. While the undisturbed NDVI was a significant predictor of the progres-
sively disturbed NDVI both before (p < 0.001) and after (p = 0.002) disturbance began in 2006, multivariate
regression of the undisturbed NDVI (p <0.001), a binary disturbance indicator (Disturbance; p = 0.06),
and their interaction (p = 0.07) (equation (3)) on the progressively disturbed area NDVI showed that the
slope of this relationship was greater postdisturbance (Figure 3a). Furthermore, the predisturbance and

0.7

0.68 -

0.66 - @

0.62 1

0.6 -

Progressively Disturbed Area NDVI

0.58

0.58

0.6

0.62 0.64

Undisturbed Area NDVI

0.66

0.7

0.72

0.7

0.68

0.66

0.64

0.62

0.6

0.58

[} @ Pre-2006
O Post-2006 |

1.5 2 2.5
Snow Aridity Index
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spread bark beetle disturbance began in 2006 shows reduced NDVI in disturbed areas when NDVI is less than 0.65. The following equation (equation (3)) explained 68% of the variance
(p < 0.001) in the progressively disturbed area NDVI: y = 0.070 + 0.94 X Undisturbed NDVI + 0.27 X Disturbance[0,1] - 0.42 X (Undisturbed NDVI X Disturbance[0,1]) where Disturbance
is a binary indicator of widespread bark beetle disturbance that was set to zero prior to 2006 and one thereafter. (b) Multivariate regression (equation (5)) of the snow aridity index and
Disturbance is shown by the black line and explained 44% of the variance (p = 0.01) in the progressively disturbed area NDVI: y = 0.82 - 0.077 X SAl - 0.11 X Disturbance[0,1] + 0.062 X

(SAI X Disturbance[0,1]).
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Figure 4. Spatial analysis of the annual MODIS-derived snow aridity index (SAl) anomalies (lower left corner of each panel) from the long-term mean (shown in the bottom right panel)
between 2001 and 2012 throughout the Southern Rocky Mountain ecoregion. The snow aridity index was derived by dividing the summed 1 April to 31 August Potential Evapotranspira-

tion by the 1 March reconstructed SWE.

postdisturbance best fit linear trendlines intersected at an NDVI value of approximately 0.65, which was
close to the mean NDVI value (0.64) from undisturbed areas. This result affirms that a measure of distur-
bance is needed to accurately scale predictions of NDVI based on climatic indices such as the SAI, and fur-
ther suggests the presence of an NDVI threshold value above (positive effect) and below (negative effect)
which disturbance has the opposite effect on NDVI. The NDVI was therefore modeled using SWE (equation
(4)) or SAI (equation (5)) and the binary disturbance indicator within this same progressively disturbed area.
For the SWE/disturbance multivariate regression model, none of the individual terms were significant
(p>0.19) and overall, this model was not a significant predictor of NDVI (p = 0.47). In contrast, the SAI
(p = 0.003), disturbance (p = 0.03), and interaction (p = 0.02) terms in the SAl/disturbance model explained
44% (p = 0.01) of the NDVI variability and corroborated that the relationship between SAl and NDVI changes
in the presence or absence of disturbance (Figure 3b).

4.2. MODIS-Based Analyses

The MODIS data were used to investigate the degree to which the spatial variability of snow aridity and veg-
etation greenness throughout the SRME could represent an additional source of uncertainty. The MODIS-
estimated SAl values depicted patterns of snow-related drought intensity as evidenced by the spatially dis-
tributed anomaly from the mean annual SAI (Figure 4). The majority of years showed a mixture of negative
and positive SAl anomalies throughout the SRME, illustrating the heterogeneity associated with synoptic-
scale meteorology and complex topography in this study area. There was a significant (R*= 0.36; p = 0.04)
relationship between the SAl and MODIS NDVI but not between the SWE and MODIS NDVI (p = 0.21) that
likely resulted from the relatively short 13 year MODIS record used in this study. Corollaries between SAl
and NDVI were observed in 2008 and 2010 when the SAl anomaly was overwhelmingly negative (Figure 4)
and the NDVI anomaly was positive (Figure 5); note the southern portion of the domain where the SAI and
NDVI anomalies were greater in magnitude. Similarly, during the drought years of 2002 and 2012, positive
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Figure 5. Spatial analysis of (bottom right) the mean MODIS-observed peak growing season NDVI and (lower left corner of each figure) the annual anomaly from that mean between
2000 and 2012 throughout the Southern Rocky Mountain ecoregion.

SAl anomalies and snow-related drought conditions prevailed throughout nearly the entire SRME (Figure 4),
and commensurate negative NDVI anomalies were observed (Figure 5).

Interestingly, spatial differences between the drought years of 2002 and 2012 were apparent wherein the
southern SRME SAIl was greater in 2012 and the northern SRME SAl was greater in 2002 (Figure 4). The
MODIS-observed peak growing season NDVI also exhibited significant interannual variability with wetter
years showing positive anomalies and drier years corresponding to negative anomalies (Figure 5). The
mean annual MODIS NDVI was 0.61 and the mean annual NDVI anomaly was positive during 9 out of 13
years, which demonstrates that years with low productivity were infrequent but intense during the study
period. This interpretation was corroborated by the magnitude of the minimum (-0.041 in 2012) versus the
maximum (0.026 in 2001) mean annual NDVI anomaly. Comparing between the 2002 and 2012 drought
years, the NDVI anomaly was shifted geographically, with the southern part of the domain showing a more
negative anomaly in 2002, in contrast to 2012, when the NDVI anomaly was most negative in the northern
part of the SRME. Beginning in 2008, a persistent negative NDVI anomaly can be seen in the northern part
of the domain, which is consistent with the progression of insect-related mortality in that part of the region;
i.e., bark beetles caused considerably more forest mortality in the northern versus southern part of the
domain.

Given the spatial heterogeneity of SAl and NDVI throughout the SRME, we narrowed our analysis to the
focus area scale. In this context, we were able to control for the effects of vegetation, climatic variability,
and disturbance history by considering only a well-defined area that experienced widespread disturbance
over a relatively short period of time. Cumulatively, the focus areas had between 83% and 91% dead trees
per pixel [Meddens et al., 2012], and annual vegetation mortality peaked in 2007 in all three focus areas (Fig-
ure 6a). There was a significant (p < 0.03) inverse relationship between tree mortality and the NDVI within
each focus area (Figure 6b), and before peak mortality occurred, there was also a significant (p < 0.03)
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Figure 6. (a) Time series analysis of cumulative mortality (solid lines) and NDVI (dashed lines) for Focus Areas 1-3. Focus area NDVI (vertical axis) plotted against (b) cumulative mortality
and (c) the snow aridity index before and after bark beetle disturbance peaked in 2007. (d) Observed NDVI (horizontal axis) plotted versus NDVI predicted from a multiple linear regres-
sion with cumulative mortality and SAl as dependent variables; black line represents the 1:1 relationship. Cumulative mortality data (Figures 6a and 6b) are taken from Meddens et al.
[2012] and colored regression lines denote significant relationships.

inverse relationship between the MODIS-derived SAlI and NDVI that was representative of a dominant influ-
ence of snow aridity on NDVI (Figure 6¢). Postdisturbance, however, this relationship deteriorated in Focus
Areas 1 and 2 where the SAl and NDVI were no longer significantly correlated; the SAl remained a predictor
(p = 0.06) of the (albeit lower) postdisturbance NDVI in Focus Area 3. Comparison of the predisturbance ver-
sus postdisturbance SAI-NDVI relationship at the focus area scale further constrains the degree to which the
NDVI declined per unit SAIl postdisturbance (Figure 6c). Beginning in 2008, the (SAl-normalized) postdisturb-
ance NDVI was persistently lower than the pre-disturbance SAI/NDVI relationship would predict, and the
cumulative mortality was a significant (0.01 < p < 0.07) predictor of the NDVI reduction per unit SAl in each
of the three focus areas (data not shown). Results of the multivariate regression analysis indicated that SAI
and cumulative tree mortality (p < 0.1 for both terms in all focus areas) explained the NDVI variability better
than SWE and cumulative tree mortality within each focus area, and Figure 6d compares the results of this
analysis to the 1:1 line. Overall, multivariate regression analysis of SAl and the cumulative tree mortality
explained between 66% and 85% of the NDVI variability. Between the three focus areas, beta coefficients
from the multiple linear regression analysis show that the cumulative mortality term explained 1.3 to 3.7
times more of the observed NDVI variability than the SAI term.
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5. Discussion

In the absence of disturbance, the SAl metric was a better predictor of NDVI compared to the SWE, and the
SAl explained 40% of the NDVI variance in undisturbed regions within the SRME between 1989 and 2012.
Although previous work has had success using SWE to predict remotely sensed NDVI [Trujillo et al., 2012],
vegetation water stress has been shown to result from a spatiotemporally variable combination of (soil
moisture) supply and (atmospheric) demand in snow-dominated systems where productivity may be sea-
sonally or even sporadically limited by moisture [Emanuel et al., 2010; Luce et al., 2016; Novick et al., 2016]. In
contrast to SWE, the SAI explicitly incorporates a measure of each of these conditions, and as a result, the
SAl predicted 11% more of the NDVI variability in undisturbed areas throughout the SRME. Based on this
positive result, we put forth the SAI as a relatively simple metric with which to quantify moisture limitation,
providing an ability to compare the productivity response to droughts of varying intensity from a variety of
snow-dominated systems. As an analog to the well-established aridity index, we especially encourage future
work to investigate the utility of the SAI to Budyko-style analyses from snow-dominated catchments [e.g.,
Berghuijs et al., 2014; Knowles et al., 2015; Barnhart et al., 2016].

These results join a growing body of literature to suggest that the productivity response to moisture stress
can be fundamentally altered by disturbance [e.g., McDowell et al., 2008; Bentz et al., 2010]. At the ecoregion
scale, we observed lower NDVI in disturbed relative to undisturbed areas below approximately the mean
NDVI (Figure 3a), as well as lower NDVI per unit SAl in the presence of widespread disturbance (Figure 3b).
A similar phenomenon was observed at the focus area scale whereby NDVI was lower than predicted by the
combination of SAl and cumulative mortality during four out of the five lowest NDVI years (Figure 6d). We
identify two physical mechanisms as potential causes of this phenomenon: (1) the occurrence of an initial
drought (in 2002) that “primed” the forest such that it was particularly susceptible to additional disturbance
[Gaylord et al., 2013; Hart et al, 2014] and/or (2) interaction between moisture-induced and disturbance-
induced stress that combined in a nonadditive way [Anderegg et al., 2015]. Within this framework, we attri-
bute our inability to identify a significant nonlinear postdisturbance SAI-NDVI relationship to the short post-
disturbance NDVI record and in particular, the lack of high-NDVI years during this time. Notwithstanding,
forests in the SRME are likely to be more affected by drought in the future (due to both increased PET and
decreased SWE), hence these tipping points in forest productivity may play a progressively greater role in
dictating ecosystem services in the future. Here we quantify the reduction in forest productivity that can be
expected from the separate and combined influences of snow drought and insect disturbance, which repre-
sents an important feedback to climate change. Additionally, the indirect effects of drought-induced or
disturbance-induced reductions in forest productivity have been shown to extend to species composition
[Pec et al., 2015], nutrient cycling [Edburg et al., 2011], and water resources [Reed et al., 2014; Sun et al.,
2015]. Most importantly, this analysis suggests that drought and disturbance thresholds may exist, whereby
the productivity response to moisture provided by snowmelt is severely curtailed.

Spatial analysis of the annual SAI and NDVI anomalies (differences from the long-term mean) over time
offers additional insight into our regression modeling results. For example, Figure 4 shows the annual SAI
anomaly and the snow-related drought years of 2002 and 2012 are clearly visible, as well as the minimum
SAl years of 2008 and 2010. In contrast, however, the majority of years show divergent patterns of SAI
across the SRME, with areas both above and below the mean in the same year (e.g., 2003, 2005, 2006,
2011). Although this may facilitate identification of regional snow-related drought patterns by looking at
similarities between years (e.g., similar SAl anomaly distributions in 2001, 2003, and 2007 or in 2009 and
2011), this also highlights the difficulty of working at the ecoregion scale, especially in complex terrain
where meteorological variability occurs over relatively short horizontal and vertical distances. It is not sur-
prising that the resulting annual NDVI anomaly was also highly variable over space (Figure 5), although
the NDVI generally exhibited less regional variability and more fine scale variability than the SAI. For
example, while the SAIl was nearly uniformly below average throughout the SRME in 2008, there were
numerous small areas of above- and below-average NDVI during that same year, including some notice-
ably larger areas toward the northern and eastern boundaries of the SRME that correspond to the areas
most affected by bark beetles. This reinforces the notion that there is no singular control on NDVI, and
that modeling studies at the ecoregion scale or larger must account for multivariate systems that respond
to ongoing meteorological variability that can be additionally punctuated and subsequently influenced
by disturbance.
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We acknowledge that several sources of uncertainty affect the data used in this study. In particular, there
are inherent uncertainties in the SNOTEL network regarding the broad-scale representation of snow-
covered terrain [Molotch and Bales, 2006], as well as representativeness issues at the local scale [Molotch
and Bales, 2005; Rice and Bales, 2010; Meromy et al., 2013]. For example, the SNOTEL network under-samples
steeper terrain as well as the highest and lowest elevations in the SRME. Notwithstanding, our spatially
explicit analysis using MODIS data (e.g., Figures 4 and 5) reduces our reliance on SNOTEL data alone. Esti-
mates of reconstructed SWE used in the MODIS-based analyses also have inherent uncertainties which are
well established in the literature [Molotch et al., 2010; Jepsen et al., 2012; Slater et al., 2013]. However, these
sources of uncertainty likely have modest impacts on our results because model biases do not exhibit nota-
ble differences in spatial structure [Molotch, 2009; Molotch and Margulis, 2008; Guan et al., 2013]. The use of
NDVI information as a proxy for ecosystem GPP has limitations in that several factors can cause differences
between GPP measurements and satellite-based NDVI measurements, especially in cases where absorbed
photosynthetically active radiation is nonlinearly related to NDVI [Gitelson et al., 2006]. Furthermore, postdis-
turbance NDVI values may have greater sensitivities to soil moisture given a greater area of exposed soils
[Huete et al., 1992], and both AVHRR-based and MODIS-based NDVI data have inherent uncertainties associ-
ated with cloud cover and the associated compositing methods.

We justify our focus on snowpack information, as opposed to annual precipitation, by recent work dem-
onstrating that snowpack dynamics influenced forest carbon uptake during both the snow ablation and
snow-free periods of the growing season at a site within the SRME [Winchell et al., 2016; Hu et al., 2010],
but a portion of the unexplained variance in the relationships presented herein is likely due to interannual
variability in warm season precipitation and air temperature, as well as nutrient availability. Likewise,
given that strong SAI-NDVI relationships suggest water limitation, it is intuitive that productivity from a
semiarid ecoregion such as the SRME would express vulnerability to insect disturbance that is also influ-
enced by water-related stress associated with snowmelt inputs [Christiansen et al., 1987; Mattson and
Haack, 1987; Assal et al., 2016; Kolb et al., 2016]. On a larger scale, these postdisturbance changes in pro-
ductivity may also affect the partitioning of snowmelt between runoff and ET, as previous work has esti-
mated that ET declines after tree mortality with commensurate increases in runoff [Livneh et al., 2015].
Similarly, Maness et al. [2012] showed that postdisturbance latent heat fluxes in British Columbia
decreased by 19% and sensible heat fluxes increased by 8% following insect disturbance. As a result, this
study has broad implications for evaluating possible changes in energy versus water limitation to produc-
tivity after disturbance in the SRME.

6. Conclusions

This work leveraged a combination of temporally (AVHRR) and spatially (MODIS) rigorous satellite-derived
data sets in order to establish the spatiotemporal link(s) between a snow aridity index and NDVI through-
out the Southern Rocky Mountain ecoregion, USA. This baseline water-productivity relationship provided
a reference to compare against postdisturbance conditions associated with bark beetles, which showed
that this type of disturbance has the potential to supersede moisture stress given sufficient forest mortal-
ity. At the ecoregion level, the SAl was a significant predictor of NDVI, and the SAl explained 11% more of
the baseline NDVI variability than the SWE alone. In some cases (e.g., Figure 6¢), the SAl was still a signifi-
cant predictor of postdisturbance NDVI; nevertheless, this work demonstrates that a disturbance metric is
required to accurately predict NDVI in forests with non-endemic bark beetle populations. Moreover, the
NDVI was significantly reduced per unit SAl during postdisturbance drought years. However, multiple lin-
ear regression analysis of SAl and cumulative mortality predicted only 44% of the temporal NDVI variabil-
ity at the ecoregion scale, compared to 66%-85% of the NDVI variability within three well-constrained
focus areas. These results indicate that postdisturbance productivity per unit snow aridity can be sup-
pressed during drought conditions but that this behavior is modified over large spatial scales by hydro-
climatic variability associated with synoptic-scale meteorology and exacerbated by complex mountain
terrain. Since high-elevation forests represent the most productive ecosystems in the western U.S,, the
differential forest responses to moisture limitation in disturbed versus undisturbed forests, as docu-
mented here, may have significant implications for regional-scale terrestrial water and carbon cycling in
this area.
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