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Abstract: The droughts striking the Colorado Plateau, where the Hopi Tribe and Navajo Nation
Native American reservation lands are located, and their impacts have appeared slowly and
relatively unnoticed in conventional national drought monitoring efforts like the National Drought
Monitor. To understand the effect of drought-based drivers on vegetation productivity in the Hopi
Tribe and Navajo Nation reservation lands, an assessment approach was developed integrating
climate, land cover types, and topographical data with annual geospatially explicit normalized
difference vegetation index (NDVI)-related productivity from 1989 to 2014 derived from 15-day
composite multi-sensor NDVI time series data. We studied vegetation–environment relationships
by conducting multiple linear regression analysis to explain the driver of vegetation productivity
changes. Our results suggest that the interannual change of vegetation productivity showed high
variability in middle elevations where needleleaf forest is the dominant vegetation cover type.
Our analysis also shows that the spatial variation in interannual variability of vegetation productivity
was more driven by climate drivers than by topography ones. Specifically, the interannual variability
in spring precipitation and fall temperature seems to be the most significant factor that correlated
with the interannual variability in vegetation productivity during the last two and a half decades.

Keywords: drought; NDVI time series; vegetation productivity; Hopi and Navajo Nation

1. Introduction

Droughts are a recurrent part of our climate and are considered one of the most complex and
least understood phenomenon among all-natural hazards in terms of their impact on vegetation
function [1–4]. In recent years, droughts have become more frequent and severe across the world, with
a noticeable increase in their spatial extent [5–7]. Droughts threaten societies at different economic,
social, and environmental scales [8], and have been recognized as the principal cause of crop loss and
severe food shortages, particularly in developing countries [7]. For the past few decades, droughts
have constantly threatened the world’s food security [7]. In addition to the economic damage and
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impacts on natural resources, droughts have severe societal consequences causing displacement and
migration and even political unrest [7–9].

Droughts in the United Sates are the costliest weather-related disaster [10]. From 1980 to 2003,
the cost of drought was estimated at more than $144 billion dollars [11]. In the southwestern
United States, droughts are relatively a familiar phenomenon (Figure 1), due to land surface–ocean
interactions [12]. Several studies have shown that both climate and human activities are the key driving
forces of change in the American Southwest landscapes [13]. Assessment of vegetation response to
droughts in the region remains difficult due to the human dimensions of this problem and the changing
characteristics of drought [14]. In the southwestern United States, the severity of drought impacts on
forested land have been well documented since the 1990s because of temperature increase recorded
during this period [14–16].

Understanding the spatial and temporal dimensions of droughts in relation to climatological,
oceanic, and atmospheric parameters is key for developing drought monitoring tools and to providing
valuable information for better early warning and knowledge-based decision support systems to
help mitigate their impacts [8,17]. Therefore, effective drought monitoring systems would take into
consideration past and present climatological conditions and changes [17]. Monitoring drought
patterns and their impacts on vegetation activities and productivity at different spatial and temporal
scales still presents some challenges, due in part to the complex relationship between vegetation,
environmental, and biophysical factors [4,18].

The Hopi Tribe and Navajo Nation lands, also known as the Four Corners Region, collectively
cover over 77,699 km2 of land area. The ongoing drought impacting the Colorado Plateau, where the
Hopi and Navajo Nation are located, have appeared slowly and relatively unnoticed in conventional
national drought monitoring efforts like the National Drought Monitor [19]. The most recent drought
conditions (Figure 2) in the region have emerged rapidly and intensely, characterized in 2002 by peak
drought conditions. They have remained for well over a decade [4,14,16,19] and will have multiple
impacts, not only on economic activity but also on the ecosystem services [12,20]. One concern about
the ongoing drought in the region is the storage capacity of the Colorado River and the overuse of the
regional aquifers [21].

Assessment of the ongoing drought impacts on the Hopi and Navajo Nation area presents some
difficulties due to lack of long-term hydro-climatological data and ecological monitoring observations.
This has made it difficult to track, measure, and quantify the impacts through this most recent drought,
creating a challenging situation for resource managers and decision makers. The numerous gaps and
inconsistencies in the hydro-climatological data make the traditional climate-based drought monitoring
strategies based on historical ground-based meteorological observations from the limited existing
weather stations not ideal for this region.

The aim of this study is to evaluate and understand the potential drought drivers that have
shaped the spatial–temporal variability in vegetation productivity in the region over the period of
1989–2014, and to provide valuable spatial information related to interannual variability and changes
in vegetation productivity for planning and mitigation purposes, assisting managers and decision
makers in maintaining biodiversity. To address these questions, we developed an assessment approach
integrating seasonal climate, land cover types and topographical data with annual geospatially explicit
normalized difference vegetation index (NDVI)-related productivity from 1989 to 2014 derived from
15-day composite multi-sensor NDVI time series data. All data sets used in the study were harmonized
into 5.6 km spatial resolution to match the NDVI data.
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Figure 1. Time series of annual temperature anomalies (top), percent of normal annual precipitation 

(middle), and annual average Palmer drought severity index (PDSI) (bottom) for Arizona, Colorado, 

New Mexico, Utah, and the Southwest. Annual temperature anomalies and percent of normal annual 

precipitation are relative to 1945–2014. NOAA NCDC provided state and regional data. 
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Figure 1. Time series of annual temperature anomalies (top), percent of normal annual precipitation
(middle), and annual average Palmer drought severity index (PDSI) (bottom) for Arizona, Colorado,
New Mexico, Utah, and the Southwest. Annual temperature anomalies and percent of normal annual
precipitation are relative to 1945–2014. NOAA NCDC provided state and regional data.
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Figure 2. Time series of annual precipitation anomalies (brown) and annual average Palmer Drought
Severity Index (red) in the Hopi and Navajo Nation region from 1989 through 2013 (data from
NOAA NCDC).

2. Study Area and Data

2.1. Study Area

The Hopi and Navajo Nation stretch from the Four Corners Monument landmark across the
Colorado Plateau into Arizona, Utah, and New Mexico. The area is known for its cold winters and
very hot summers (Figure 3) and its north–south precipitation contrasts. The total annual precipitation
is almost equally divided between summer monsoons and winter snow storms. The annual freeze-free
period varies between 130 and 180 days. Annual precipitation varies between 127 mm in the southern
lower elevations and 381 mm in the higher northern Pinyon-juniper woodland areas atop Black Mesa
plateau. Rainfall is low and moderate in the early winter, increases in February and March, and then
decreases quickly in April. May through June is a very dry period [22]. Vegetation gradients are
further controlled by the bi-seasonal and north–south climatic gradients. Three major cover types can
be found in the study area: (1) grass-shrub at altitudes below 1650 m mainly dominated by sparse
grassland-browse types of vegetation; (2) Pinyon-juniper between 1650 m and 2300 m dominated by
woodland-browse species; and (3) pine forest above 2300 m.
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Figure 3. Climograph showing average annual temperature and precipitation, derived from the
Parameter-elevation Regressions on Independent Slopes Model (PRISM) data. The precipitation
has a distinct seasonality where it is moderate in the winter, and then decreasing quickly in April,
with a large monsoonal pulse (July–September).
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2.2. Datasets

2.2.1. Remote Sensing Data

Fifteen-day composite multi-sensor NDVI time series data were acquired from the Vegetation
Index and Phenology Laboratory at the University of Arizona for the period 1989 to 2014 at 5.6 km
spatial resolution. This product is a sensor-independent and continuous NDVI record derived from
AVHRR (1981–1999), SPOT (1998–2002), and MODIS (2000–2014) [23,24]. This 26-year NDVI time
series consists of 15-day composites, resulting in 624 temporal images. Detailed information on the
datasets is available on the Vegetation Index and Phenology Laboratory website: https://vip.arizona.
edu/VIP_MEaSUREs_Project.php.

Climate data, precipitation and temperature, used in the study were generated from Oregon
State University’s Parameter-elevation Regressions on Independent Slopes Model (PRISM) [25] dataset
at 4 km spatial and monthly temporal resolution. Average seasonal monthly precipitation and
temperature data were generated for the period 1989–2014 and were resampled to the NDVI spatial
resolution of 5.6 km. As the land cover of the region is fairly stable due to the little natural and
anthropogenic changes, the 2005 North American land Cover product at 250 m spatial resolution was
used to extract the main land cover types. The land cover database was created by the North American
Land Change Monitoring System [26]. According to this dataset, the land of the Hopi tribe and Navajo
Nation is mainly characterized by shrubland, grassland, and needleleaf forest (Figure 4b). The pixel
size of the land cover types was resampled to 5.6 km, using the dominant class approach, to match the
NDVI pixel size. Topographic data used in the study are based on the Advanced Spaceborne Thermal
Emission and Reflection Radiometer (ASTER) Global Digital Elevation Model (GDEM). Elevations
range between 821 m and 3771 m (Figure 4a) corresponding to ecological zones with sparse to high
vegetation cover (Figure 4b). The pixel size of the DEM data was also resampled to 5.6 km to match
the NDVI time series.
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Figure 4. Study area boundaries and elevation (top). The Hopi tribe land is delineated with
the gray polygon and the Navajo Nation with the outside black line. Map of the dominant
vegetation types (bottom). Produced by Natural Resources Canada/Canadian Center for Remote
Sensing (NRCan/CCRS), United States Geological Survey (USGS); Insituto Nacional de Estadística y
Geografía (INEGI), Comisión Nacional para el Conocimiento y Uso de la Biodiversidad (CONABIO),
and Comisión Nacional Forestal (CONAFOR).

3. Methodology

To understand the main forces driving changes in vegetation productivity during the last two and
a half decades, a five-step framework was proposed and developed using response and explanatory
variables approach. The first step is to derive the integrated annual NDVI parameter, a measure of
vegetation productivity, as the dependent response variable. The second step consists of selecting the
appropriate set of potential explanatory variables by testing the near-linear dependencies among the
explanatory variables. This test allows the determination of the multicollinearity levels between the
variables and selection of the appropriate explanatory variables as well as to estimate the effects of
individual explanatory variables. The third step is to examine the coefficient of variation (CoV) of the
productivity variable (response variable) as the ratio of the standard deviation and the spatial mean
at the regional and among vegetation communities. The fourth step is to conduct stepwise multiple
linear regression analysis (SMLR) to explain the source of the variability and change in vegetation
productivity. Finally, the last step is to evaluate the local regression model performance using overall
model residuals.

3.1. Response Variable: Deriving Annual Metric of Vegetation Productivity

The integrated annual NDVI (∑NDVI), a proxy of Gross/Net Primary Production (GPP/NPP)
productivity parameter (Figure 5) was computed for each year from 1989 to 2014 using the 15-day
NDVI time series. The integrated annual NDVI is a reliable proxy of biomass production [27,28] and is
an integrative descriptor of ecosystem functioning and environmental drivers. To mitigate background
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noise, we only extracted these metrics during the snow-free period from March to November of each
year to minimize snow impacts on NDVI values [4,29] we further considered NDVI > 0 only.
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3.2. Explanatory Variables

The potential explanatory variables assumed to be the key drivers of vegetation productivity
change are: climate variables, vegetation types, and topography characteristics. Table 1 lists the
potential different variables used to explain changes in vegetation productivity [30].

Table 1. Explanatory variables used in this study including climate and topography drivers.
Climate data were divided into the standard four seasons: winter (JFM: January, February, and March),
spring (AMJ: April, May, and June), summer (JOS: July, August, and September), and fall (OND:
October, November, and December).

Variables Derived Variables

Topographical characteristics

• Elevation
• Aspect
• Slope

Climate data
• Seasonal precipitation
• Seasonal temperature

Vegetation types • Vegetation communities

3.3. Detecting Multicollinearity among the Explanatory Variables

The overall goal of conducting a multicollinearity test is to assess high intercorrelations among
the explanatory independent variables and to remove these highly correlated explanatory variables
from the model. Addressing multicollinearity is fundamental to accurately estimate the effects of
individual explanatory variables in the regression model. Several techniques are available to detect
multicollinearity in multiple regression analyses, such as eigensystem analysis [31,32], condition
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number technique, and the examination of correlation matrix. For this study, the examination of
correlation matrix of explanatory variables was selected to determine the degree of correlation between
the explanatory variables. This method is widely used to detect multicollinearity issues in multiple
regression models [33,34].

Fourteen explanatory variables were selected for this test: 3 topography-based factors, elevation,
slope, and aspect, one vegetation type variable, 10 climate-based variables (8 seasonal precipitation
and temperature-based variables, 1 total annual precipitation, and 1 average annual precipitation).
Climate data were divided into the standard four seasons. We calculated the seasonal precipitation by
accumulating precipitation over the considered period and seasonal temperature by averaging over the
same period. Two variables were excluded from the potential explanatory list, annual cumulative and
mean annual rainfall, due to their high multicollinearity with other seasonal precipitation variables.

3.4. Interannual Variability of NDVI-Related Productivity Parameter

The interannual coefficient of variation (CoV) has been used to study spatiotemporal variation in
vegetation productivity in different climate and ecosystem zones [35,36]. Change in CoV at any given
pixel and over any considered period indicates changes in vegetation productivity [35]. For this reason,
the use of CoV in this study can be useful to track variations in vegetation productivity. The interannual
CoV of productivity was generated for each pixel in the study area to detect spatial difference in
vegetation productivity changes along elevation gradients as well as among vegetation communities.
Boxplots [37] were used to analyze variations in the interannual CoV of the productivity parameter
among vegetation communities.

3.5. Vegetation Productivity–Environment Relationships

Stepwise multiple linear regressions were used to study the relationship between interannual
variability in vegetation productivity and the various environmental variables. To determine the
long-term responses of vegetation productivity to environmental variables, a spatial–temporal
relationship model was developed. This requires bringing all variables into one spatial model to
express the variability and change in productivity as a function of environmental variables over 26
years and the whole area as well as among vegetation communities. Residuals from the models were
analyzed to infer any possible explanations related to the weakness of the model and if there were
other factors that might be the source of the weakness.

4. Results and Discussion

4.1. Spatial Patterns of Interannual CoV of the Productivity Variable

Figure 6 shows the spatial distribution of the interannual CoV of cumulative NDVI over the
study period. The lowest interannual CoV values (i.e., those less than 0.1) were concentrated along
high elevations indicating that these areas had the most stability and least temporal changes over the
study period. These areas are dominated by needleleaf forest. The interannual CoV generally increased
with decreasing elevation. The range from 0.21 to 0.56 corresponds to the highest interannual variability,
a sign of a greater variability and change in vegetation productivity. The areas corresponding to the
highest interannual CoV values are mostly low to mid-elevation where shrubland is the dominant
vegetation type. The boxplot in Figure 7 shows the interannual CoV of cumulative NDVI across
these three dominant vegetation cover types in the area: needleleaf forest, shrubland, and grassland.
The figure indicates that needleleaf forest shows least variability in comparison with shrublands and
grasslands. This suggests that needleleaf forest productivity is less sensitive to ongoing droughts,
and that shrubland and grassland are more sensitive. This is likely related to the level of resilience
among these vegetation communities modulated by their deeper rooting systems and access to deeper
water during drought episodes and during the dry season.
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percentiles, and median. The interannual coefficients of variation are shown on the y-axis.

4.2. Vegetation Productivity as a Function of Environmental Drivers

The interannual spatial variation in vegetation productivity was analyzed as a function of
12 environmental drivers to explain the source of the variation. The contribution of the potential
explanatory variables to the interannual variability in vegetation productivity differed across variables.
The results of the multiple linear regression approach used to assess the main forces driving
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variability in vegetation productivity are listed in Table 2. The proportion of the interannual
variability in vegetation productivity explained by the potential explanatory variables was around
37%. All explanatory variables, except slope and spring temperature, show a significant correlation
at 95% confidence level in the study area. Spatial variation in interannual change in vegetation
productivity was explained better by climate drivers than by topography. The interseasonal variability
of temperature seems to be the most important factor affecting the vegetation productivity in the area.

Among all explanatory variables, winter and spring precipitation and fall temperature interannual
variability showed strong negative impacts on vegetation productivity. Winter and summer
temperature, summer and fall precipitation, as well as the topography factors (aspect and elevation)
were negatively correlated with productivity, indicating that the interannual variability in vegetation
productivity decreases with increase in the factor. These findings suggest that there is a strong
positive feedback between the interannual variability in vegetation productivity and winter and fall
precipitation, and fall temperature in the area driven by a strong water demand early in the growing
season and a potentially longer growing season moderated by a delayed winter temperature both
characteristic of cold weather in the region. Furthermore, topographic and vegetation types showed
weak correlation coefficients in the regression model and elevation and vegetation types showed
decreasing relationship with the interannual variability in cumulative NDVI.

To better understand the uncertainty resulting from the spatial regression model between the
interannual variability in response and explanatory variables, the spatial distribution of the regression
residuals was generated. Figure 8 shows the spatial distribution of residuals and where the model
is strong, weak, and/or where the changes in the interannual CoV-NDVI related to vegetation
productivity were controlled by other factors not considered in this study.

The residuals of the model obtained vary between −0.3 and 0.27 vegetation index (VI) unit over
the study area with a standard deviation of 0.1 at the 95% confidence level. The range between [−0.3 to
−0.1] corresponds to overestimation, while [0.101 to 0.27] indicates underestimation. Values between
[−0.1 to 0.1] correspond to the 95% confidence level and a strong correlation. The model performed
well in low elevations where shrubland and grassland are the dominant vegetation types. In general,
the relationship between the interannual variability of vegetation productivity was overestimated
and no significant correlation was found at high elevation areas where needle forest is the dominant
cover type. This implies that the interannual variability in vegetation productivity of shrublands and
forest at middle and high elevation is controlled by variables other than the explanatory variables used
in this study. Those could be inter-annual variability in snow cover, or other parameters.

Table 2. Statistical results of the stepwise regression model for the response variable (vegetation
productivity) showing the estimated error, standard error, and p-value for the statistical significance
explanatory variables (p-value < 0.05).

Explanatory Variables Estimated Coefficient Standard Errors p-Value

Fall precipitation −0.22 0.018 5.82 × 10−35

Fall temperature 1.08 0.17 7.93 × 10−12

Spring precipitation 0.13 0.02 1.003 × 10−11

Summer precipitation −0.164 0.015 2.23 × 10−26

Summer temperature −0.68 0.18 0.005
Winter precipitation 0.05 0.014 1.69 × 10−4

Winter temperature −0.69 0.087 4.72 × 10−13

Aspect −0.0001 9.07 × 10−6 1.36 × 10−36

Elevation −8.58 × 10−5 5.47 × 10−6 3.1 × 10−52

Vegetation types 0.001 4.82 × 10−4 4.56 × 10−5

Whole model

Intercept = 0.48
RMSE = 0.002

Adjusted R-Square = 0.37
p-value = 1.51 × 10−171
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Figure 8. Spatial distribution of residuals resulting from the multiple regression model of
vegetation productivity.

4.3. Vegetation Type Productivity Response to the Potential Environmental Variables

To better understand the potential drivers of the interannual variability in productivity among
vegetation communities in the study area, the interannual variability of productivity was modeled
as a function of the same potential drivers. Tables 3–5 illustrate the results for the three dominant
vegetation communities in the study area: grasslands, shrublands, and needleleaf forest. The extent of
variability in vegetation productivity explained by the potential explanatory variables varies from one
vegetation type to another. The percent of the explanatory variables involved in each regression model
also varies from one vegetation community to another.

The interannual variability in vegetation productivity among grasslands explained by the
explanatory variables was around 23%. The contribution of the explanatory variables in the regression
model for grasslands was 30% (3 out of 12 explanatory variables show a significant relationship at
the 95% confidence level). One topography driver, aspect, was included in the model and shows
a positive relationship with the interannual variability in grassland productivity. Spring temperature
and fall precipitation shows a negative coefficient in the regression model, suggesting that grassland
productivity decreases with spring temperature and fall precipitation, while the aspect shows opposite
correlation. This is consistent with the behavior of plants based on their root depth (grass versus large
trees) and water availability [38].

The regression model for shrublands (see Table 4) resulted in an adjusted R-square of 0.31.
Climate and topography drivers were significantly correlated with the interannual variability in
shrubland productivity. Winter and spring precipitation and fall temperature exert stronger controls
over interannual variability of vegetation productivity. However, winter temperature, summer and
fall precipitation, as well as topographic drivers showed a significant but negative relationship.
These results suggest that the interseasonal temperature plays an important role in the interannual
variability in shrubland productivity.
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Table 3. Statistical results of the stepwise regression model for the response variable (vegetation
productivity for grasslands) showing the estimated coefficient, standard error, and p-value for only
significant explanatory variables as well as for the whole model.

Explanatory Variables Estimated Coefficient Standard Errors p-Value

Fall precipitation −0.17 0.03 1.5 × 10−6

Spring temperature −1.06 0.39 0.007

Aspect 6.57 × 10−5 2.71 × 10−5 0.016

Whole model

Intercept = 0.32
RMSE = 0.03

Adjusted R-Square = 0.23
p-value = 8.31 × 10−8

The regression model between the interannual variability in productivity for forest area
(pinyon-juniper woodlands) and the considered explanatory variables shows very low correlation.
Table 5 shows the results for the model. The aspect has a strong impact on forest productivity, and is
related to variation in sunlight and moisture availability in these areas.

Table 4. Statistical results of the stepwise regression model for the response variable (vegetation
productivity for shrublands) showing the estimated error, standard error, and p-value for only
significant explanatory variables as well as for the whole model.

Variables Estimated Coefficient Standard Errors p-Value

Fall precipitation −0.22 0.02 6.25 × 10−27

Fall temperature 1.07 0.19 2.16 × 10−8

Spring precipitation 0.16 0.02 8.22 × 10−14

Summer precipitation −0.18 0.02 1.47 × 10−23

Winter precipitation 0.05 0.02 0.0016

Winter temperature −0.72 0.09 4.48 × 10−14

Aspect −1.21 × 10−4 1.02 × 10−5 2.07 × 10−31

Elevation −8.68 × 10−5 6.05 × 10−6 1.30 × 10−44

Whole model

Intercept = 0.37
RMSE = 0.04

Adjusted R-Square = 0.31
p-value = 1.06 × 10−158

Table 5. Statistical results of the stepwise regression model for the response variable (vegetation
productivity for pinon-juniper woodlands) showing the estimated error, standard error, and p-value
for only significant explanatory variables as well as for the whole model.

Variables Estimated Coefficient Standard Errors p-Value

Fall precipitation −0.13 0.04 0.002

Aspect −1.32 0.39 0.007

Elevation 6.57 × 10−5 3 × 10−5 1.9 × 10−5

Whole model

Intercept = 0.31
RMSE = 0.036

Adjusted R-Square = 0.28
p-value = 3.091 × 10−10
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5. Discussion

Droughts are a big part of the US Southwest, they reshape both land and people and are projected
to intensify [13]. As they become more severe and longer, their impacts will become more profound,
especially on the already vulnerable landscapes. In this work, we looked at the interannual variability
of vegetation productivity, estimated by seasonal cumulative NDVI, a well-established proxy of gross
primary production, in the Hopi and Navajo Nation Native American reservation lands in the context
of a dryer and hotter climate. We looked at the strength of the relationships between vegetation
productivity variability and the key environmental drivers. We used multi-sensor NDVI time series,
long term climate data, and ancillary parameters and multiple linear regression analysis to assess the
responses to the ongoing drought.

The spatial distribution of the interannual changes in vegetation productivity suggests that the
highest variability is in the middle and low elevations, a key ecosystem service area to the inhabitants of
this region. This is driven by a combination of limited and vulnerable vegetative cover, highly irregular
and low precipitation, and hotter temperatures. An indication that this elevation zone has undergone
greater change over the last two and a half decades compared to the rest of the region. On the
other hand, the well-established high elevation forest cover seems to be less sensitive to seasonal
variability and subsequently more resilient to droughts, a likely result of the deeper rooting system
that permit access to deeper soil moisture [16] during peak dry and hot season.

Using the spatial regression model, we identified the main drivers of these spatial and temporal
patterns of vegetation productivity change. Stepwise regression model analysis of the spatial variation
in vegetation productivity indicates climate drivers exert more control (p < 0.05) than topography
drivers. In general, spring precipitation and temperature, and fall temperature variability seem to be
the most significant factors controlling vegetation productivity. Other explanatory drivers were found
to be either insignificant or even anti-correlated with the interannual variability.

The strong relationship between interannual vegetation productivity of lower elevation and the
spring and fall seasons is supported by earlier findings that suggest prolonged high evaporative
demand can result in carbon starvation and tree mortality [39]. This will be exacerbated further by
the projected decrease in winter and spring precipitation in the region [13,40]. At higher elevation,
temperature and snowmelt dynamics are mitigating the impacts of drier and hotter than normal
years, and consequently explain the weak relationship between change in vegetation productivity and
seasonal variability of the climate drivers [16]. Snowmelt provides moisture throughout the early parts
of the growing season, while hotter temperature, associated with the drier years, may also induce
more favorable conditions for growth considering the usually cold and freezing conditions of higher
elevation [4].

6. Conclusions

Whereas this work confirms the key role rainfall and temperature regimes exert over ecosystem
productivity measured by cumulative NDVI, the quarterly based analysis suggests that the seasonal
manifestation of future climate change is critical to understanding the full impact. Our results
paint a geospatially and seasonally complex response to droughts and suggest that warming and
drying climate is reshaping the vegetation cover while squeezing this cover towards higher elevation.
Depending on how long-term climate change unfolds, we could see different and more complex
responses. This seems to support earlier findings of the divergent responses to drier and hotter climate
in complex terrains (loss of productivity due to dry and hot climate at lower elevation vs. resiliency of
higher elevation vegetation cover).

The natives depend heavily on the very little ecosystem services of the region, especially grazing
at low and mid elevation, which seem to be the most vulnerable and could collapse due to these
successive droughts. Further work in this data scarce area should focus on improving hydroecological
observations and the overall understanding of the expected climate change impact on these fragile
and fairly isolated ecosystems.
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