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Abstract Understanding how hillslope topography modulates ecosystem dynamics across topoclimatic
gradients is critical for predicting future climate change impacts on vegetation function. We examined the
inﬂuence of hillslope topography on ecosystem productivity, structure, and photosynthetic activity across a
range of water and energy availability using three independent methods in a forested watershed (Montana,
USA): 308 tree cores; light detection and ranging quantiﬁcation of stem density, basal area, foliar biomass,
and total biomass; and the enhanced vegetation index (EVI; 1984–2012). Multiple linear regression analysis
across three conifer species revealed signiﬁcant increases in measured basal area increment growth rates
(from 56 to 2,058 mm2/yr) with increasing values of the topographic wetness index and decreases in the
climatic water deﬁcit. At the watershed scale, we observed strong gradients in total biomass (e.g., 52 to
75 Mg/ha), which increased from ridgelines to convergent hollows. The most predominant topographic
organization of forest biomass occurred along locations of climatically driven water limitations. Similarly, an
analysis of growing season EVI indicated enhanced photosynthetic activity and a prolonged growing season
in convergent hillslope positions. Collectively, these analyses conﬁrm that within water-limited landscapes,
meter-scale differences in topographic position can mediate the effects of the local energy balance and
contribute to large differences in local hydrometeorological processes that are a necessary consideration for
quantifying spatial patterns of ecosystem productivity. Further, they suggest that local topography and its
topology with regional climate may become increasingly important for understanding spatial patterns of
ecosystem productivity, mortality, and resilience as regional climates become more arid.

1. Introduction
The role of microclimates for mediating ecosystem processes in topographically complex regions has
emerged as an important theme in the ﬁelds of ecology and hydrology (Dobrowski, 2011; Emanuel et al.,
2011; McLaughlin et al., 2017; Running, 1984; Turner & Gardner, 2015). However, interactions between microclimate and broader scale orographic and regional patterns of energy and moisture remain poorly characterized. Improved understanding of the ﬁne-scale ecosystem interactions with water and energy across
topographic and climatic gradients is of paramount importance for forested mountainous environments
(Rasmussen, 2012; Rasmussen et al., 2011), which are expected to experience the largest climate-induced
changes (Barnett et al., 2005; Tague & Dugger, 2010). Changing water and energy availability will impact
regional vegetation phenology (Richardson et al., 2013), ecosystem structure and function (Grimm et al.,
2016), species mortality rates (McDowell & Allen, 2015), and zones of drought refugia (Dobrowski & Parks,
2016; McLaughlin et al., 2017).
In water limited montane environments, local hillslope topography may mediate environmental limitations
on forest growth, contributing to ﬁne spatial variability in rates of annual net productivity, forest structure,
ecosystem response to seasonal drought, and longer term climatic change. Although gradients in climate
due to orography and radiative forcing are commonly accepted as ﬁrst-order drivers of vegetation productivity (Bonan, 2015), holistic conceptual models that incorporate the role of topographically induced microclimate, soil water, and shallow subsurface ﬂow in complex terrain have not been developed. Here we
demonstrate that local hillslope topographic convergence and divergence directly impacts the sensitivity
of ecosystem productivity to regional climate signals across a range of conifer species and climatically driven
water deﬁcits.

FOREST PRODUCTIVITY IN COMPLEX TERRAIN

353

Journal of Geophysical Research: Biogeosciences

10.1002/2017JG004108

Ecosystem productivity is highly impacted by water and energy availability (Biederman et al., 2016;
Churkina & Running, 1998; Martin et al., 2017; Rosenzweig, 1968) due to the links between transpiration,
photosynthesis, and carbon sequestration at the plant level. Water movement from soil reservoirs to
foliage is facilitated by water potential gradients in root, xylem, and leaf tissues (Kramer & Boyer, 1995).
Transpiration increases negative water potentials at the leaf surface, promoting water movement from
the soil to replenish moisture lost to transpiration (Kramer & Boyer, 1995). Generally, as water limitations
in the soil arise, conifer transpiration (and therefore photosynthesis and cellular division) is reduced as
stomata close, thereby deterring extreme water potential gradients in plant tissue (Franks et al., 2007).
However, the spatial locations and temporal durations of water limitation in mountain terrain can be
highly variable due to topography.
Forests are generally considered to be net terrestrial carbon sinks (Pan et al., 2011), where a large portion of
that sink is constrained to the woody biomass of northern forests (Myneni et al., 2001). Regional-scale distributions of water and energy interact in space and time to promote or restrict terrestrial ecosystem productivity, and therefore the carbon balance. Additionally, forest carbon uptake is widely considered to vary along
elevation gradients (Bonan, 2015) as orographic processes drive precipitation distributions and available
thermal energy. Radiant and thermal energy (hence forth “energy”) distributions are known to impact physiological processes in conifers (Rossi et al., 2008; Vapaavuori et al., 1992) such as the timing of bud break
and the onset of growth after winter dormancy (Hänninen & Tanino, 2011; Kӧrner, 2006; Rossi et al., 2011),
which partially dictate the duration of the conifer growing season by means of growth onset. Optimal growing conditions generally occur where warmer temperatures and increased water availability align, typically in
middle elevations (Gholz, 1982; Rosenzweig, 1968; Whittaker & Niering, 1975).
Across mountain landscapes, hydrologic and near-surface atmospheric ﬂuxes can vary spatially due to the
complexity of the landscape. Topographic convergence and divergence (i.e., zero-order hillslope valleys
versus ridgelines) have been well established as a ﬁrst-order control on the organization and redistribution
of water and energy ﬂuxes (Hock & Holmgren, 2005; Jencso et al., 2009; Western et al., 1999; Western &
Grayson, 1998). Some example processes that have been correlated with convergent hillslope positions
include enhanced soil moisture due to wind redistribution of snowpack during the winter (Winstral &
Marks, 2002), evaporative differences due to reductions in solar radiation (Fu & Rich, 2002; Tovar-Pescador
et al., 2006), microclimate and cold air drainage that reduce vapor pressure deﬁcits and evaporative demand
(Chen et al., 1999; Novick et al., 2016), the accumulation of ﬁne soil particles that lead to enhanced water
holding capacity (Pachepsky et al., 2001), increased persistence of shallow soil moisture (Western &
Greyson, 1998; Western et al., 1999), and the propensity for initiation of lateral subsurface ﬂow that may
subsidize vegetation along hydrologically connected downslope ﬂowpaths (Hwang et al., 2012; Jencso &
McGlynn, 2011).
A common theme that arises among an array of documented hydrometeorological and morphological
processes is that topographic convergence generally leads to wetter conditions in both the shallow subsurface and atmosphere. However, some of these processes may contribute to the coevolution of plant
available water and productivity while others may not. This is likely dependent upon the location and
topology of local hillslope topography within regional and topoclimate (orography and radiation) gradients and local soil properties. Previous studies seeking to link hydrometeorological processes to plant
growth have identiﬁed various topographic factors, which inﬂuence conifer stemwood productivity.
Some examples include slope aspect (Fekedulegn et al., 2003; Oberhuber & Koﬂer, 2000), slope magnitude
(Oberhuber & Koﬂer, 2000), elevation (Barnard et al., 2017), and landscape position (Adams et al., 2014).
Additionally, topographic features such as upslope area, slope, and curvature have been observed as predictors of relative vegetation greenness (Flores Cervantes et al., 2014) and forest carbon accumulation
(Swetnam et al., 2017). These studies, among others, have identiﬁed aspects of topography that impact
spatial patterns of ecosystems at the watershed scale. However, few studies have combined independent
ecological data sets from the plot to watershed scales, a requisite for advancing our understanding of the
driving ecohydrologic processes that contribute to these spatial patterns. Furthermore, describing the sensitivity of ecosystems to topographically induced microclimate as a function of climatically driven soil water
availability provides insight to how ecosystem patterns may respond to climate change (Allen et al., 2010;
IPCC, 2014).
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Here we use multiple independent data sets to examine the role of hillslope topography in organizing spatial
and temporal patterns of ecosystem productivity and biomass across orographic and radiative gradients of
water and energy availability at the Lubrecht Experimental Forest, western Montana. We quantiﬁed stem
basal area growth rates, watershed scale forest structure from light detection and ranging (lidar) data (foliar
biomass, stem density, basal area, and total biomass), and satellite-derived vegetation photosynthetic activity
(enhanced vegetation index (EVI)). These data sets were compared with climatic and topographic metrics
describing the spatial and temporal availability of water and energy. The overarching question of this study
was: How does hillslope topography inﬂuence conifer growth, ecosystem biomass accumulation, and photosynthetic activity as watersheds transition from energy to water-limited conditions?

2. Materials and Methods
2.1. Study Area
The North Fork of Elk Creek (NFEC) (Figure 1) is a headwater catchment within the Lubrecht Experimental
Forest, located in the Garnet Mountain Range in Western Montana. This 17.9 km2 watershed has a 900 m
elevation gradient with a mean elevation of 1,595 m. NFEC is drained by Elk Creek, a tributary of the
Blackfoot river, a headwater of the Columbia River Basin. Regionally, NFEC is considered semiarid, where
annual potential evapotranspiration exceeds actual evapotranspiration and annual precipitation is
~500 mm (Bailey, 1979). However, the deﬁcit between potential evapotranspiration and actual transpiration
(deﬁcit = potential evapotranspiration-actual evapotranspiration) generally decreases both with increasing
elevation and decreasing solar radiation (i.e., topoclimate effects).
Historical meteorological records of air temperature, precipitation, snow depth, and snow water equivalent
are available from two snow survey telemetry (SNOTEL) stations located within NFEC (Lubrecht Flume station
# 604, 1,426 m elevation, and N Fk Elk Creek station # 657, 1,905 m elevation). These stations have been
recording since 1970 and 1967, respectively. Annually, the Lubrecht Flume SNOTEL site (low elevation)
receives 514 mm of accumulated precipitation, while the N Fk Elk Creek SNOTEL site (high elevation) receives
664 mm (between 1981 and 2010). Water stored as snowpack accounts for 27% and 46% of annual precipitation for low and high elevations, respectively. The average annual temperature is 4.22°C and 2.98°C
(calculated from years with continuous temperature data between 1981 and 2010) for low and high elevations, respectively. On average, lower elevations experience temperatures above 0°C 22 days earlier than
higher elevations (day of year 68 and 90, respectively).
Three coniferous tree species, Pseudotsuga menziesii (Douglas ﬁr, PSME), Pinus ponderosa (ponderosa pine,
PIPO), and Larix occidentalis (western larch, LAOC) account for ~80% of stems in the Lubrecht Experimental
Forest (PSME ~49.0%, PIPO ~17.6%, and LAOC ~12.8%) (Rowell et al., 2009). The other 20% of stems in the
Lubrecht Experimental Forest are generally composed of Pinus contorta (lodepole pine), Abies lasiocarpa
(subalpine ﬁr), and Picea engelmannii (Engelmann spruce). The Anaconda Mining Company harvested timber
at the forest from the period of 1904 to 1934, and as a result, the NFEC watershed was extensively clear-cut
(Cauvin, 1961). This contributed to present-day stands of similar age that range from 70 to 100 years old.
Historically (1700–1875), nonstand replacing ﬁres burned in the Lubrecht Experimental forest once every
7 years and no major ﬁres have occurred in Lubrecht Experimental Forest since 1871 (Grissino-Mayer et al.,
2006). There is no documented history of insect outbreaks or disturbance prior to our study
observation period.
The underlying lithology of the NFEC is predominantly composed of quartz monzonite. Surrounding the
periphery of the watershed is a Mesoproterozoic metasedimentary unit known as the Belt Supergroup unit.
This unit is comprised primarily of interbedded mudstones and ﬁne-grained sandstones with occasional
carbonate-muds (Winston & Link, 1993). Soils derived from these geologic formations are considered Typic
Haplustalfs (National Cooperative Soil Survey, U.S. Department of Agriculture, 2001), a well-drained silty loam,
with higher organic contents on northerly facing hillslopes. Soil depths are relatively consistent across sideslope (~0.5 m–1.0 m) and hollow (1.0 m–2.0 m) landscape positions based upon 54 soil water wells driven to
bedrock and 54 soil pits.
2.1.1. Quantiﬁcation of Ecosystem Productivity
We assessed three aspects of “ecosystem productivity” using ground measures of stemwood basal area increment and remotely sensed measures of biomass accumulation (forest structure) and forest greenness
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Figure 1. The location of the Lubrecht Experimental Forest within Montana and the North Fork of Elk Creek (NFEC) watershed located within the Lubrecht
Experimental Forest. The colored circles represent the location of tree core samples, where the red, green, and blue represent ponderosa pine (PIPO), Douglas ﬁr
(PSME), and western larch (LAOC), respectively.

(photosynthetic activity). Ecosystem productivity has been measured, estimated, and deﬁned in many ways.
Direct observations of stem-speciﬁc productivity include basal area increment and diameter increment (West,
1980), changes in stem height (Skovsgaard & Vanclay, 2008), and measurements of biomass (Prescott et al.,
1989), among others. Alternatively, direct measures of forest properties (i.e., stem height) can be applied to
empirical relationships, producing modeled allometry of forest structure and productivity (Lefsky et al.,
2005). Indirect measures of ecosystem productivity, such as observations of reﬂected light from vegetation
(such as red and near-infrared light), are used to calculate measures of vegetation “greenness” (i.e.,
normalized difference vegetation index (NDVI) and enhanced vegetation index (EVI)). These metrics are
useful because of their relation to the leaf area index and in turn, net primary productivity (Goward & Dye,
1987; Running et al., 2004). Combined, these measures represent different aspects of productivity that may
be sensitive to different environmental factors and processes.
2.1.2. Stem Measures of Tree Productivity
We collected 308 tree core samples from NFEC across a range of landscape positions (hollows, sideslopes,
and ridgelines), aspects, and elevations between 2013 and 2015 (Figure 1). This sampling regime was
conducted to represent the larger watershed distribution of landscape positions and climatic settings.
Trees from the three main species (PSME, PIPO, and LAOC) were randomly selected across hillslopes, and tree
core samples were taken parallel to the local elevation contour lines. Spatial positioning of each stem was
determined with a Trimble GeoXT Global Positioning System.
Increment cores were mounted, sanded, and scanned according to standard dendrochronological practices
(Stokes & Smiley, 1968). Annual ring widths were measured using Cybis Dendrochronological Suite to the
nearest 0.001 mm (Larsson, 2014). Visual cross-dating was conducted to identify missing rings, cracks, and
to date individual tree cores (Stokes & Smiley, 1968). To quantify annual growth rates for each tree sampled,
we calculated the annual basal area increment (BAI) for each ring:
BAI ¼ πr 2i  πr 2i1
where ri is the radius of the tree at the end of annual ring production and ri  1 is the radius of the tree at the
beginning of annual ring production. Cumulative growth curves were constructed for each stem by summing
BAI for each year. Time for each cumulative growth curve was normalized between 0 (the ﬁrst recorded ring)
and 1 (the ﬁnal recorded ring).
2.1.3. Lidar-Derived Estimates of Ecosystem Structure
Gridded data sets of stem density, basal area, foliar biomass, and total biomass were calculated by aggregating individual tree data derived from a stem detection algorithm applied to airborne light detection and
ranging (lidar) point clouds collected in the Lubrecht Experimental Forest in 2005 (Rowell et al., 2009,
Figure 2). We used basal area, stem density, total biomass, and foliar biomass as measures of forest structure
and compared these data sets to metrics of hillslope topography and spatial climatic conditions.
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Figure 2. Maps representing topographic and climatic water balance data sets (topographic wetness index, TWI; topographic position index, TPI; climatic water deficit, deﬁcit) and ecological response data sets (stem density, basal area, foliar biomass, total biomass, and average growing season enhanced vegetation index, EVI).
The colored lines represent deﬁcit class boundaries, where red is deﬁcit > 460 mm, green is 460 mm > deﬁcit > 423 mm, and blue is deﬁcit < 423 mm.

The fundamental framework for selecting tree locations from lidar data was the utilization of a local
maximum ﬁlter, which chooses the highest point in a neighborhood (i.e., the top of a tree), (Popescu
et al., 2002) along with integration of structural parameters to inform expected crown width and hence,
search radii of the local ﬁlter (Rowell et al., 2009, 2006). Following stem location, stem density was calculated by summing the number of stems in a 20 m × 20 m (400 m2) neighborhood. Diameter at breast
height was calculated for each stem using stem height, relative height (stem height normalized by mean
stem height in neighborhood), and stem density for dominant and codominant stems. Basal area was
subsequently calculated by aggregating stem diameter at breast height for the 20 m neighborhood.
Foliar biomass and total biomass were then calculated using allometric models reported in
Ter-Mikaelian and Korzukhin (1997) (all model parameters are reported in Rowell et al., 2009).
Correlations between ﬁeld measurements (61–400 m2 plots, 1,555 individual trees) and laser-derived forest
structural estimates were high (stem density: R2 = 0.70, root-mean-square error (RMSE) = 17.36 stems;
basal area: R2 = 0.63, RMSE = 0.31 m2; foliar biomass: R2 = 0.78, RMSE = 100.2 kg; and total biomass:
R2 = 0.66, 714.8 kg) (Rowell et al., 2009). There were a total of 44,495 20 m pixels considered in the
NFEC watershed for each lidar-derived product.
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2.1.4. Watershed Greenness
We used forest greenness (the enhanced vegetation index (EVI)) as a general indicator of relative foliar photosynthetic activity (i.e., growing season activity). Metrics of vegetation greenness (EVI and NDVI) are commonly
used as indicators of ecosystem photosynthesis and provide indirect measures of vegetation status and
growth (Jensen & Lulla, 1987; Running & Nemani, 1988; Turner & Gardner, 2015; Wang et al., 2004).
Greenness can also be used to evaluate relative magnitudes of and temporal variations in photosynthetic
activity (Goetz et al., 1999; Myneni et al., 1995). EVI was developed to optimize detection of vegetation reﬂectance by reducing the inﬂuence of the canopy background signal and distortions in the atmosphere (Huete
et al., 2002). EVI data sets were derived for NFEC from Landsat 5 spectral data using Google Earth Engine at a
30 m resolution (Figure 2). The Landsat 5 data were radiometrically calibrated and orthorectiﬁed using
ground control points and digital elevation models to correct for relief displacement (Tucker et al., 2004).
EVI was calculated as
EVI ¼ G

ðNIR  REDÞ
ðNIR þ C1RED  C2BLUE þ LÞ

where NIR is the amount of near-infrared light, RED is the amount of red light reﬂected from the vegetation,
BLUE is the amount of blue light reﬂected from the vegetation, and G, C1, C2, and L are constants (2.5, 6, 7.5,
and 1, respectively). This algorithm is based on the physics of light absorption and scatter from chlorophyll
(RED absorption) and mesophyll (NIR scatter) leaf structures (Myneni et al., 1995) during photosynthesis.
The BLUE spectra corrects for distortions caused by aerosols in the atmosphere (Huete et al., 2002). A cloud
removal algorithm was applied to each 16 day Landsat 5 image in order to remove any pixel that had a cloud
likelihood score of 10% or higher from the analysis (Zhu et al., 2015). We removed all pixels within two vertical
meters of the perennial stream network to remove effects of riparian vegetation (i.e., only forest environments were included in our analysis). We then calculated the median EVI of every pixel (from 1984 to
2012) for the growing season as a whole (1 June to 31 September), as well as each individual month.
There were a total of 22,758 30 m pixels considered in the NFEC watershed for each EVI product.
2.2. Gridded Climate Data
Temperature and precipitation both affect forest carbon accumulation. However describing climate as a function of temperature and precipitation independently ignores their interplay that ultimately limits available
water and energy in complex landscapes. Here we employed a simple climatic water balance approach
(Stephenson, 1998) in order to describe water and energy limitations (topoclimate) and their potential impact
on climate-forest interactions (Stephenson, 1998). Following methods described by Dobrowski et al. (2013),
we developed gridded 250 m resolution soil water balance data from 1981 to 2010 at a monthly time step.
Inputs to our model included daily temperature and solar radiation data described by Holden et al. (2016),
monthly 800 m resolution PRISM precipitation data (Daly et al., 2008) and daily relative humidity and wind
speed data from Abatzoglou (2013). We then aggregated these input data to a monthly time step and
resampled to 250 m. Soil water holding capacity in the model was deﬁned using gridded data provided by
the Natural Resource Conservation Service Soil Survey Geographic Database retrieved at a resolution of
30 m and resampled to 250 m resolution. Outputs of the monthly model include potential evapotranspiration
and actual evapotranspiration and the water balance deﬁcit, representing the unmet atmospheric demand
for moisture (potential evapotranspiration-actual evapotranspiration). We calculated the total annual deﬁcit
for each year and then calculated the average annual deﬁcit from 1981 to 2010. The 30 year normal grid was
then resampled to 20 and 30 m resolution to match the lidar and Landsat data sets, respectively. The product
of this resampling technique was used to classify the watershed into tertiles of deﬁcit to approximate climatically dry, moderate, and wet spatial regions (deﬁcit > 460 mm, 460 mm > deﬁcit > 423 mm,
deﬁcit < 423 mm, respectively; Figure 2).
2.3. Topographic Analysis:
We selected topographic indices to represent relevant spatial patterns of hydrologic and atmospheric conditions and describe potential water and energy availability at the hillslope scale. Topographic indices were
computed using a 1 m2 digital elevation model (DEM) derived from the lidar data set using the System for
Automated Geoscientiﬁc Analyses geographic information system platform (Conrad et al., 2015). DEM pixel
sizes were resampled to 10 m, 20 m, and 30 m resolution (100 m2, 400 m2, and 900 m2 areas) to eliminate
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Table 1
Table Representing the Multiple Linear Regression Model Selection Process
Variable
Intercept
TWI
Species: Intercept interaction
Deﬁcit
Species: Deﬁcit interaction
Species: TWI interaction
Basal area
Stem density
TPI
Elevation
Potential solar radiation

2

P value

AIC

ΔAIC

NA
0.37
0.47

NA
<0.01
<0.01

3531.88
3387.06
3341.76

NA
144.82
45.30

0.48
0.50

<0.01
<0.01

3334.72
3326.63

7.04
8.09

0.51

<0.01

3318.56

8.07

NA
NA
NA
NA
NA

NA
NA
NA
NA
NA

Coefﬁcient

Adj R

52.00
78.86
2,279 (PIPO)
1,290 (LAOC)
0.5787
5.231 (PIPO)
3.287 (LAOC)
46.96 (PIPO)
4.542 (LAOC)
NA
NA
NA
NA
NA

NA
NA
NA
NA
NA

NA
NA
NA
NA
NA

10.1002/2017JG004108

microtopographic variations and to match ecological data set resolution for our correlation analysis. DEM-derived data sets included slope
(β), upslope accumulated area (α), incoming annual potential solar
radiation, the topographic position index, (TPI) and the topographic
wetness index (TWI).
TWI is a hydrologic similarity index and has been used as a proxy for
shallow soil moisture (Beven & Kirkby, 1979; Western et al., 1999)
and lateral subsurface ﬂow (Jencso et al., 2009). This metric accounts
for nonlocal subsidies of water (upslope accumulated area) and local
surface controls of water movement (local slope) (Figure 2). TWI is calculated as


α
TWI ¼ ln
tanðβÞ

where α is the upslope accumulated area of a given pixel and β is the
local slope of a given pixel (Beven & Kirkby, 1979). The TWI has been
spatially correlated to soil moisture; however, the strength of the correlation typically increases as antecedent moisture conditions increase toward gravity drainage (Western
et al., 1999, 2004).

Note. This model utilizes AIC to achieve the highest explanatory power while
maintaining a parsimonious model. NA indicates not available.

The TPI has been applied by researchers to classify hydrologic landforms and slope position classes (Tagil &
Jenness, 2008; Weiss, 2001) and has been used to identify wet and dry landscape positions (De Reu et al.,
2013). In this analysis we utilized the TPI to describe relative landscape positions with respect to a deﬁned
neighborhood (Figure 2). The algorithm used to derive TPI is

TPI ¼ zi  z f meanðiÞ þ 0:5
where z is the elevation for any given pixel (i) and zfmean is the focal mean of pixel i at a given radius (Weiss,
2001). For this analysis focal radii were held constant at 150 m in order to preserve hillslope scale topographic
convergence and divergence. Negative values of TPI are representative of convergent hillslope positions, and
increasingly, positive TPI values transition from toe slopes to sideslopes to ridgelines (planar to divergent hillslope positions). Wet and dry landscapes are in convergent and divergent hillslope positions, respectively.
2.4. Assessment of Stemwood Productivity
We produced a multiple linear regression model using a multidirectional stepwise algorithm in order to
assess the explanatory power of topographically derived predictor variables (R Core Team, 2015). This algorithm seeks to minimize the Akaike information criterion (AIC) value associated with each predictor variable
permutation in order to produce the most parsimonious model (Venables & Ripley, 2002; Wagenmakers &
Farrell, 2004). Variables included in the model, cumulative model ﬁt (adjusted R2), and P value (calculated
from an analysis of variance) are reported in Table 1. Species designation was included as a factor variable
to allow for species-speciﬁc interactions with predictor variables and modiﬁcations of model intercepts.
The deﬁcit was used to describe the spatial variability in the water balance and topoclimate at each stem’s
location across the watershed. Basal area and stem density were included to represent potential biotic interactions on growth, such as competition. The topographic metrics TWI, elevation, potential solar radiation, and
TPI at each stem location were also included as potential predictor variables.
2.5. Assessment of Watershed Structure and Greenness
To assess watershed scale trends in forest structure and greenness, we ﬁrst classiﬁed the watershed based on
tertiles of deﬁcit (deﬁcit > 460 mm, 460 mm > deﬁcit > 423 mm, deﬁcit < 423 mm). This discretized the
watershed into relatively water-limited, relatively moderate, and relatively energy-limited spatial regions,
respectively, with even watershed areas in each class. We then classiﬁed the distribution of TPI within a deﬁcit
class into 100 quantile bins and extracted the median stem density, basal area, total biomass, foliar biomass,
and EVI value for each TPI bin. In order to evaluate the degree of variance around each bin’s median, we
determined the interquartile range of each variable for each TPI bin. Subsequent nonlinear rational models
were ﬁt to the median values of each ecological variable across the TPI distribution to describe the behavior
of each trend. We selected nonlinear rational models due to their ability to approximate linear trends, where
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the rate of change of y given x is constant, and nonlinear trends, where the
rate of change of y given x is nonlinear. Each regression is of the form
y¼

ða þ bx Þ
ð1 þ cx Þ

where y is the response variable; a (intercept), b, and c (describe the shape
of the nonlinear regression) are coefﬁcients; and x (the median TPI value
for the associated TPI quantile) is the predictor variable.

3. Results
3.1. Topographic, Climatic, and Physiological Effects on
Ecosystem Productivity
Cumulative conifer growth was highly affected by topographic position
(Figure 3), such that trees located in wet hillslope positions (Figure 3, blue
lines) generally exhibited larger total growth than trees located in dry hillslope positions (Figure 3, red lines). This observation led us to quantify the
effects of topographic position, species, and topoclimate on annual conifer
growth rates. The multiple linear regression model (Table 1) used to
describe variance in observed annual conifer growth rates (BAI) selected
TWI as the primary predictor variable (adjusted R2 = 0.37), followed by a
species modiﬁcation of the model intercept (adjusted R2 = 0.47), the deﬁcit
(adjusted R2 = 0.48), a species interaction with the deﬁcit coefﬁcient
(adjusted R2 = 0.50), and a species interaction with the TWI coefﬁcient
(combined adjusted R2 = 0.51). In all cases TWI had a positive inﬂuence
on annual growth rates. We did observe a species-speciﬁc response to
the TWI, such that LAOC had the smallest growth rate response to TWI
(74.31 mm2 TWI1) followed by PSME (78.86 mm2 TWI1) and PIPO
(125.8 mm2 TWI1). The deﬁcit had a negative effect on BAI for all species,
such that a higher climatic water deﬁcit yielded lower annual growth rates.
However, each species had a variable response to the deﬁcit
(PSME = 0.5787 mm2 mm1, LAOC = 3.866 mm2 mm1, and
PIPO = 5.792 mm2 mm1). All parameter selection and model ﬁt statistics are reported in Table 1.
3.2. Topographic Effects on Forest Structure

Figure 3. Cumulative basal area growth curves for each sampled tree stem
by species. Each plot is normalized to the fraction of the trees total age
and colored according to the TWI value at each sampled stem location.
Generally, trees in wetter landscape positions (higher TWI) exhibited greater
cumulative basal area growth across their life spans.

At the watershed scale the TPI was chosen over the TWI to describe
relative hillslope scale microclimatic conditions. Both TWI and TPI describe
relative moisture conditions across landscapes (Western & Grayson, 1998;
Weiss, 2001) but differ in terms of their assessment of terrain attributes.
High TWI values (wet locations) are constrained to the most convergent
locations in mountainous terrain due the metric sensitivity to upslope
accumulated area and local slope. TPI represents a gradient in hillslope
scale moisture conditions due to the difference in elevation between
surrounding hillslope positions. The relationship between these metrics
and a map showing the spatial variance between “wet” TWI and TPI hillslope positions are presented in the supporting information document S1.

Stem density decreased with increasing convergence in all cases; however,
the relative sensitivity of each relationship was related to the deﬁcit
(Figures 4a–4c and Table 2). Stem density was relatively insensitive to TPI
in locations of high deﬁcit (Figure 4a and Table 2) and most sensitive to TPI in locations of moderate and low
deﬁcits (Figures 4b and 4c and Table 2), such that convergent hillslope positions had substantially less median
stem density than divergent hillslope positions. The most negative TPI quantile (convergent) had 26%, 41%,
and 41% lesser median stem density than the most positive TPI quantile (divergent) for each respective
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Figure 4. Scatterplots representing the median stem density, basal area, and total biomass within a given TPI class. Negative TPI values indicate wetter hillslope
positions (i.e., hollows), and positive values are representative of drier hillslope positions (i.e., sideslopes to ridgelines). The black regression lines represent the
nonlinear rational model used to describe the scatterplot shown. The colored ribbons about each point represent the interquartile range of the response variable’s
distribution within the associated TPI class. The color of each ribbon denotes the deﬁcit class, where red is deﬁcit > 460 mm, green is 460 mm > deﬁcit > 423 mm,
and blue is deﬁcit < 423 mm.

deﬁcit class (Table 2). The behavior of each model was relatively constant across all deﬁcit classes, such that
the nonlinear rational model approached a linear trend. Residual standard error (RSE) for each stem density
model is 24.49, 36.01, and 36.75 stems/ha for high-, moderate-, and low-deﬁcit classes, respectively (Table 2).
Basal area was differentially sensitive to hillslope position as a function of the deﬁcit (Figures 4d–4f and
Table 2). For all deﬁcit classes, the most convergent hillslope positions exhibited greater median basal area
than the most divergent hillslope positions. The most convergent TPI quantile had 66%, 36%, and 28%
greater basal area than the most divergent TPI quantile for high-, moderate-, and low-deﬁcit classes, respectively (Table 2). The rate of change of basal area with respect to TPI was relatively constant in locations of high
deﬁcit (Figure 4d and Table 2); however, basal area increased at a faster than linear rate in moderate- and lowdeﬁcit locations (Figures 4e and 4f and Table 2). RSE for each basal area model was 9.144, 9.016, and 8.364 m2/
ha for high-, moderate-, and low-deﬁcit classes, respectively (Table 2).
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Table 2
Table Summarizing Nonlinear Rational Model Fit, Parameters, and Selected Statistics Across Each Deﬁcit Class and Response Variable
Deﬁcit class/response
variable

Model ﬁt and parameters

Statistics

RSE

a

b

c

Stem density (stems/ha)
Deﬁcit > 460 mm

24.49

352.7

18.78

460 mm > Deﬁcit > 423 mm

36.01

487.7

3.158

0.004

Deﬁcit < 423 mm

36.75

556.2

3.563

0.005

0.053

2

Basal area (m /ha)
Deﬁcit > 460 mm

9.144

256.2

0.186

0.009

460 mm > Deﬁcit > 423 mm

9.016

278.7

4.362

0.021

Deﬁcit < 423 mm

8.364

264.9

8.504

0.034

Foliar biomass (Mg/ha)
Deﬁcit > 460 mm

0.943

22.87

0.062

0.003

460 mm > Deﬁcit > 423 mm

0.868

27.83

0.932

0.033

Deﬁcit < 423 mm

1.142

27.25

0.901

0.034

Total biomass (mg/ha)
Deﬁcit > 460 mm

2.570

57.07

0.281

0.012

460 mm > Deﬁcit > 423 mm

1.959

68.12

2.203

0.033

Deﬁcit < 423 mm

2.860

66.16

2.567

0.039

TPI

Median

Q1

Q3

21.0
24.5
25.5
26.0
23.0
25.8

312.5
425.0
400.0
675.0
425.0
725.0

225.0
225.0
275.0
450.0
287.5
475.0

400.0
600.0
500.0
987.5
537.5
1050.0

21.0
24.5
25.5
26.0
23.0
25.8

348.1
209.7
370.9
272.0
349.4
273.9

269.6
137.7
304.8
249.2
253.9
243.5

460.1
261.2
473.3
301.9
494.6
300.7

21.0
24.5
25.5
26.0
23.0
25.8

27.26
21.70
30.00
29.45
28.60
30.99

21.56
14.08
25.73
24.81
23.23
26.34

32.09
29.78
33.76
33.06
33.29
34.31

21.0
24.5
25.5
26.0
23.0
25.8

75.20
52.01
81.47
69.65
75.84
72.69

57.87
33.64
66.75
60.19
59.11
62.41

87.22
70.41
93.63
77.73
89.62
80.95

Convergent hillslope positions had larger amounts of median total biomass than divergent hillslope positions
in locations of high and moderate deﬁcits; however, there was little difference in locations of low deﬁcit
(Figures 4g–4i and Table 2). The most convergent TPI quantile had 45%, 17%, and 4% larger median total biomass than the most divergent TPI quantile for high-, moderate-, and low-deﬁcit classes, respectively (Table 2).
Similar to basal area, the rate of change of total biomass as a function of TPI was relatively constant in locations of high deﬁcit (Figure 4g and Table 2); however, the rate of change became nonlinear in locations of
moderate and low deﬁcits (Figures 4h and 4i and Table 2). RSE for each total biomass model was 2.570,
1.959, and 2.860 Mg/ha for high-, moderate-, and low-deﬁcit classes, respectively (Table 2).
Foliar biomass increased constantly with increasing hillslope convergence in locations of high deﬁcit
(Figure 5a and Table 2) showed little to no topographic dependence in locations of moderate deﬁcit
(Figure 5b and Table 2) and decreased with increasing convergence in locations of low deﬁcit (Figure 5c and
Table 2). The most convergent TPI quantile had 26% and 2% greater median foliar biomass than the most
divergent quantile for high and moderate deﬁcits and had 8% lesser median foliar biomass in locations of
low deﬁcit (Table 2). RSE for each foliar biomass model was 0.943, 0.868, and 1.142 Mg/ha for high-,
moderate-, and low-deﬁcit classes, respectively (Table 2).
3.3. Topographic Effects on Forest Greenness
In locations of high deﬁcit, median growing season forest greenness increased consistently with increasing
hillslope convergence (Figure 5d, scatter points and black trend line, and Table 3). However, relationships
between hillslope convergence and greenness varied based on month (Figure 5d, colored trend lines, and
Table 3). In the early growing season, monthly rates of change were similar to the median growing season
behavior (June = blue line, July = green line; Table 3); however, greenness was generally higher across all
values of TPI for these 2 months (Table 3). On average, June was the greenest month in locations of high
deﬁcit (Figure 5d, blue trendline, and Table 3). As the growing season progressed into August (Figure 5d,
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Figure 5. Scatterplots representing the median foliar biomass and EVI within a given TPI class. Negative TPI values indicate wetter hillslope positions (i.e., hollows),
and positive values are representative of drier hillslope positions (i.e., sideslopes to ridgelines). The black regression lines represent the nonlinear rational model used
to describe the scatterplot shown. The colored ribbons about each point represent the interquartile range of the response variable’s distribution within the associated TPI class. The color of each ribbon denotes the deﬁcit class, where red is deﬁcit > 460 mm, green is 460 mm > deﬁcit > 423 mm, and blue is deﬁcit < 423 mm.

brown trendline) the average magnitude of greenness was reduced (Table 3); however, the rate of change
with respect to hillslope convergence was similar to the growing season median (Table 3). In the late
growing season (Figure 5d, red trendline) greenness was the lowest (Table 3) and increased nonlinearly
from divergent to convergent hillslope positions (Table 3).
In locations of moderate deﬁcit, median growing season greenness increased at a faster than linear rate from
divergent to convergent hillslope positions (Figure 5e, scatter points and black trend line, and Table 3). The
rate of change in June, July, and August were similar to the median growing season rate of change (Table 3).
In September, greenness increased in a nonlinear fashion from divergent to convergent hillslope positions
(Table 3). Generally, July exhibited the greenest values and September exhibited the least green values
(Table 3).
In locations of low deﬁcit (Figure 5f and Table 3), the growing season regression and each monthly regression
exhibited a nonlinear increase in greenness with increasing landscape convergence (Table 3). Similar to moderate deﬁcit locations, July was the greenest month and September was the least green month (Table 3).
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Table 3
Table Summarizing Nonlinear Rational Model Fit and Parameters for Average
Growing Season and Monthly EVI Across Each Deﬁcit Class
Model ﬁt and parameters
Deﬁcit class/time
Growing season average
Deﬁcit > 460 mm
460 mm > Deﬁcit > 423 mm
Deﬁcit < 423 mm
June
Deﬁcit > 460 mm
460 mm > Deﬁcit > 423 mm
Deﬁcit < 423 mm
July
Deﬁcit > 460 mm
460 mm > Deﬁcit > 423 mm
Deﬁcit < 423 mm
August
Deﬁcit > 460 mm
460 mm > Deﬁcit > 423 mm
Deﬁcit < 423 mm
September
Deﬁcit > 460 mm
460 mm > Deﬁcit > 423 mm
Deﬁcit < 423 mm

10.1002/2017JG004108

4. Discussion
4.1. Hillslope Topography, Vegetation Physiology, and Climate
Effects on Stem Productivity

Our results at both the stem and watershed scales suggest that hillslope
topography is a highly inﬂuential factor for hillslope scale hydrometeorological conditions that lead to enhanced conifer productivity (Figure 3 and
0.007
0.357
0.003
0.006
Table 1). The stem-based analysis of tree basal area increments indicated
0.009
0.324
0.008
0.027
close to an order of magnitude difference in annual growth rates as stems
0.009
0.313
0.007
0.026
transitioned from hollows with high TWIs to adjacent upslope areas with
lower TWIs. In many instances these differences were associated with trees
0.008
0.388
0.003
0.010
0.007
0.341
0.011
0.035
growing within 30 m of each other. This ﬁnding is striking and aligns with
0.008
0.322
0.010
0.034
previous research, which suggests convergent hillslope positions with
large upslope accumulated area and reduced slopes experience enhanced
0.007
0.384
0.006
0.018
soil moisture (Beven & Kirkby, 1979; Western & Grayson, 1998; Western
0.009
0.348
0.009
0.030
et al., 1999), a primary limiting resource for conifer growth in the western
0.011
0.336
0.007
0.027
United States. Moreover, previous research has shown that divergent hill0.006
0.342
0.002
0.002
slope positions experience increased atmospheric demand, causing rapid
0.009
0.319
0.007
0.026
moisture depletion due to exposure to wind (Chapman, 2000; Mikita &
0.010
0.311
0.006
0.025
Klimánek, 2010) and solar radiation (Dubayah, 1994). Further, when moist
antecedent soil conditions are coupled to landscape positions with sufﬁ0.007
0.329
0.008
0.022
0.009
0.299
0.006
0.016
cient upslope area, lateral subsurface ﬂow can occur (Hwang et al., 2012;
0.009
0.286
0.004
0.017
Jencso et al., 2009; Jencso & McGlynn, 2011), redistributing upslope hydrologic subsidies to biota in downslope positions. Thus, in semiarid watersheds, topographically induced microclimate and soil moisture availability in hillslope hollows can be
decoupled from regional climate, likely ameliorating water limitations on conifer growth and modifying local
ecosystem resilience to climate variability (Dobrowski, 2011; McLaughlin et al., 2017).
RSE

a

b

c

Another important factor selected to describe average conifer productivity was species designation (Table 1).
In NFEC, species differences in minimum annual growth (model intercept), relative sensitivity to topoclimate
(deﬁcit-species interaction), and relative sensitivity to hillslope position (TWI-species interaction) were
observed (Table 1). Physiological constraints on basal biomass accumulation via differences in water use efﬁciency (Zhang et al., 1996), vulnerability to drought-induced stress (Stout & Sala, 2003), and/or carbon allocation between roots, stems, and foliage (Poorter et al., 2012) likely account for variability in interspecies
response to water availability across landscape positions. Another potential explanation for this effect is
species-speciﬁc differences in wood density (Saranpää, 2003) causing variable average ring widths. Over
time, these differences could create systematic differences in species-speciﬁc average BAI.
As we expected, spatial locations in the NFEC with increased deﬁcit resulted in decreased annual growth
rates for all species. However, deﬁcit affected conifer growth rates to a lesser overall extent than local topography. For example, the ranges of linear model growth rates were 596.2 mm2, 959.0 mm2, and 530.2mm2
across dry to wet TWI values but only ranged 103.0 mm2, 399.6 mm2, and 402.1 mm2 across the deﬁcit
gradient for PSME, PIPO, and LAOC, respectively. To our knowledge, this is the ﬁrst study to observe that local
hydrometeorological conditions associated with hillslope topographic convergence and divergence can
outweigh the impact of larger scale elevation and aspect effects on topoclimate and conifer growth rates
in semiarid landscapes such as the NFEC.
Our study assessed the interplay between spatial variability in the climatic water balance, local topography,
and stemwood growth rates. We did not assess conifer stemwood response to interannual climate variability.
However, our ﬁndings generally concur with the conclusions of Bunn et al. (2005), Anning et al. (2013), and
Adams et al. (2014), who observed differential conifer response to temperature and precipitation dynamics
based on site moisture conditions. Bunn et al. (2005) found that P. balfouriana growing in divergent and high
radiation settings were more sensitive to interannual patterns of precipitation than those in convergent, low
radiation settings. Further, Anning et al. (2013) found that conifers in mesic sites had substantially less signiﬁcant correlations with climatic variables than those in intermediate and xeric sites. Similarly, Adams et al.
(2014) observed variability of conifer response to interannual precipitation and temperature regimes when
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stems were positioned in low versus high TWI locations, suggesting that topography altered conifer growth
response to climate. For example, P. ponderosa and P. contorta were less responsive to warm temperatures
and P. ponderosa was less responsive to precipitation patterns when located in wet landscape positions.
Collectively, these studies and our results suggest that landscape topography is an important consideration
for both interannual growth and the spatial variability of conifers response to climate across larger
watersheds.
4.2. Topographic Effects on Forest Structure
Convergent zones (i.e., –TPI values) accumulated larger amounts of total forest biomass across NFEC
(Figures 4g–4i), reﬂecting observed differences in conifer growth rates (Table 1) and cumulative conifer
growth (Figure 3) likely due to wetter hydrometeorological conditions (Martin et al., 2017). In general, basal
area and total biomass increased as hillslope convergence increased; however, the relative sensitivity of basal
area and total biomass to hillslope convergence varied by deﬁcit (Figures 4d–4i). In locations of high deﬁcit
(i.e., low elevation, south aspect), where climatic constraints on water availability are large, topographically
induced microclimate may be decoupled from regional climate in convergent hillslope positions.
Therefore, gradients in topographic convergence and divergence in high deﬁcit zones result in large spatial
variations in forest structure and biomass accumulation that ranged from 52 to 75 Mg/ha (Figures 4d and 4g
and Table 2). However, relationships between hillslope topography and basal area/total biomass became less
linear as deﬁcit decreased (Figures 4d–4i), possibly reﬂecting a reduced role of topographically induced
microclimate for ecosystem productivity.
In locations of low deﬁcit (Figures 4f and 4i; i.e., high elevation, northerly aspects), moisture distributions are
likely more homogeneous between convergent and divergent hillslope positions due to increased precipitation and reductions in temperature at higher elevations (Figure 2). This reﬂects a tighter coupling between
topographically induced microclimate and topoclimate. As a result, we observed less variance in basal area
and total biomass across gradients in hillslope convergence and divergence. However, even in locations of
low deﬁcit, highly convergent hillslope positions may sustain moist conditions during the driest portion of
the growing season and/or during long-term droughts (Figures 4f and 4i).
Our ﬁndings are consistent with recent work describing the topographic organization of mean carbon loading in conifer forests (Swetnam et al., 2017). Swetnam et al. (2017) observed the strongest topographic
gradients of carbon loading in the driest basin evaluated (based on mean temperature and precipitation).
However, we show that the topographic organization of forest structure varies substantially across intrabasin
gradients in water availability, highlighting the importance of local gradients in the climatic water balance
and suggesting that hydrologic refugia (McLaughlin et al., 2017) from topographic convergence may become
increasingly important to terrestrial ecosystems as climate shifts toward increasing aridity (IPCC, 2014).
In the NFEC, convergent landscape positions were occupied by less dense forest stands with trees having
larger basal areas and greater amounts of total biomass. This ﬁnding is consistent with results from the analysis of stemwood productivity in NFEC. For example, stem density was relatively homogeneous across hillslope positions in locations of high deﬁcit (Figure 4a); however, stem density decreased with increasing
hillslope convergence in locations of moderate and low deﬁcits (Figures 4b and 4c), while basal area and total
biomass generally increased with increasing hillslope convergence (Figures 4d–4i). Gradients in stem density
across mountain landscapes are complex due to interactions between species speciﬁc phenology, seedling
establishment, competition, and physical stresses encountered during growth (Berkowitz et al., 1995; Uhl
et al., 2015). As a simpliﬁed explanation, these relationships could be an effect of interactions between gradients in abiotic stress (such as moisture availability) and competition (Callaway & Walker, 1997). Trees that
are early to establish in convergent hillslope positions (where abiotic stress is low) likely out compete
juveniles for light, limiting juvenile growth extensively, and therefore reducing local stem density.
Alternatively, in divergent hillslope positions, increased water limitations may limit growth to a greater extent
than competition, resulting in dense stands with reduced annual growth.
4.3. Topographic Effects on Forest Greenness
We attribute differences in vegetation greenness to gradients of photosynthetic activity, as opposed to
differences in foliar biomass (Figures 5a–5c). Our results suggest that conifers in convergent zones are more
photosynthetically active and experience extended growing seasons, likely due to differences in site
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hydrometeorology. Furthermore, this suggests that across relatively acute to moderate climatic water limitations (from high to low deﬁcits), hillslope convergence is a strong mediator of forest ecosystem photosynthesis throughout the growing season. Across all classes of deﬁcit, average growing season greenness
increased with increasing hillslope convergence (Figures 5d–5f, black trendlines). Temporal analysis (monthly
regressions) indicated that convergent locations consistently hosted greener vegetation than divergent locations across time and space (Figures 5d–5f, colored trendlines). Other than in locations of high deﬁcit, there
was little spatial covariance between EVI and foliar biomass. This evidence corroborates both ground-based
observations of spatial trends in forest productivity (Table 1) and remotely sensed forest biomass accumulation (Figures 4g–4i) along topographic gradients.
Similar to our results, greener vegetation has previously been observed along areas of convergence (Flores
Cervantes et al., 2014), and along hydrologic ﬂow paths (Hwang et al., 2012). Hwang et al. (2012) proposed
that the degree of organization of vegetation along hydrologic ﬂow paths effectively represents the dependency of local ecosystems to lateral redistribution of soil moisture. While we acknowledge that lateral redistribution of moisture likely plays a substantial role in organizing vegetation along topographic gradients,
topographically organized transfers of water vapor and energy (i.e., vapor pressure gradients) also signiﬁcantly impact spatial patterns of atmospheric demands for moisture and therefore, ecosystem productivity
(Martin et al., 2017; Oberhuber et al., 2014). Furthermore, soil processes (such as weathering and transport)
and properties (such as texture, depth, and composition) often align along topographic gradients
(McAuliffe, 1994; Pachepsky et al., 2001; Rasmussen et al., 2011) and contribute to the organization of soil
moisture and plant available nutrients. Future research should focus on understanding how both plant available water, atmospheric moisture conditions, and soil properties combine to inﬂuence growing season
carbon accumulation across complex terrain.
Hillslope divergence becomes increasingly inﬂuential in dictating ecosystem greenness when acute climatic
water limitations are exacerbated by hillslope form. For example, in September in locations of high and
moderate deﬁcit (Figures 5d and 5e, red trendlines), forest greenness declines rapidly with increasing
hillslope divergence (from 0 to 20 TPI). This could reﬂect ecosystem response to extreme climatic aridity,
subsequently intensiﬁed by divergent hillslope geometry, promoting a greater atmospheric demand for soil
moisture (VPD) and downslope routing of soil water. Sufﬁciently high VPD and/or low soil moisture content
could cause stomatal closure (Oren et al., 1999), therefore decreasing photosynthesis and greenness.
Alternatively, divergent hillslope geometry (from 0 to 20 TPI) did not have a strong effect on vegetation
greenness in relatively energy limited locations (low deﬁcit; Figure 5f). This is likely because increased climatically driven moisture (due to orography) is available to conifers in divergent hillslope positions. Similar
patterns of ecosystem response may provide further evidence of spatial regions where topographically
induced microclimate is coupled or decoupled to regional climate (Dobrowski, 2011) at the global scale.
Under acute climatic water limitations (high deﬁcit) the NFEC forest is the greenest in June (Figure 5d, blue
trendline), which represents an early onset of maximum forest greenness. This is in contrast to moderate
and low deﬁcits (Figures 5e and 5f, green trendlines) where July is the greenest month. Generally, deﬁcit
decreases with increasing watershed elevation producing colder temperatures from low to high elevation.
Temperature is a strong driver of many ecosystem processes including the onset of bud burst (Campbell &
Sugano, 1975; Worrall, 1993) and early season photosynthesis (Tranquillini, 1964). This biophysical response
would produce greener vegetation earlier in the growing season at lower elevations (generally in locations of
high deﬁcit). This is consistent with the observed 22 day average lag, where daily temperatures surpass 0°C,
between high and low elevation SNOTEL sites at the NFEC. However, this lag between maximum forest
greenness across deﬁcit classes could also be due to differences in phenology between species. For instance,
PIPO stands in NFEC tend to be located in low-elevation, high radiation environments (high deﬁcit) and could
respond differently to changes in photoperiod and temperature when compared to PSME or LAOC.
Nonetheless, phenology and climate are intrinsically linked (Cleland et al., 2007), and thus, disentangling species versus climate signals from remotely sensed data is challenging without species distribution data sets.

5. Implications
In our semiarid watershed we attributed differences in spatial patterns of ecosystem productivity to the alignment of hillslope topography and topoclimate that caused differences in the persistence of
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hydrometeorological processes such as vapor pressure deﬁcit, shallow soil moisture distributions, and
shallow subsurface ﬂow. However, topography often emerges from feedback between different geomorphic
processes under the inﬂuence of catchment properties such as surﬁcial geology, soils, and vegetation. Each of
these processes are dynamic in space and over climate timescales (centuries to millennia), leading to differential erosion rates within watersheds, and therefore spatial differences in soil textural distributions
(McAuliffe, 1994). Convergent hillslope positions are typically depositional locations that can accumulate
deep and ﬁnely textured soils that may therefore have increased water holding capacities (Pachepsky
et al., 2001). In addition, nutrient availability has been shown to increase from upslope to downslope positions and with decreasing slope angle, generally tracking soil moisture content (Hilton et al., 2013; Tateno
& Takeda, 2003; Weintraub et al., 2015).
In contrast to semiarid environments, mesic ecosystems have been shown to be progressively less productive
as water availability becomes excessive relative to biological needs, due to reductions in local nutrient availability (Schuur & Matson, 2001). Mesic ecosystems also become increasingly productive with increasing site
temperature (Schuur, 2003). We posit that a threshold is approached when regional climate limitations for
forest growth transition from energy to water, at which point topographic convergence in complex terrain
becomes a ﬁrst-order control on landscape ecosystem productivity. This threshold exists because the
dominating hydrometeorological and geomorphic processes, which impact ecosystems, vary spatially and
temporally across watersheds globally, partially as a function of regional climate and the geometric form
of a given watershed.
Our results suggest that two adjacent watersheds with the same climatic conditions may have vastly different
ecosystem dynamics simply due to the degree of topographic complexity and the resultant hydrometeorological processes realized within the domain. This has global implications such that ecosystems nested within
sufﬁciently complex terrain may have greater resilience to seasonal variations in moisture and temperature
and longer term climate change. Increasing aridity across the western United States due to increasing
temperature and changing precipitation distributions has ultimately led to decreased conifer forest productivity (Barnett et al., 2005; Churkina & Running, 1998; IPCC, 2014), increased susceptibility to mortality
(McDowell et al., 2008; McDowell & Allen, 2015), and disturbances such as ﬁre and pest infestations (Kaiser
et al., 2013; Westerling et al., 2006). Consequently, topographically induced microclimates may become
increasingly important for spatial patterns of ecosystem resilience and productivity as regional climate
becomes more arid. The heterogeneity of landscapes across complex terrain will also impact future species
distributions and migration routes of conifers into the future (Dobrowski & Parks, 2016).

6. Conclusion
Across one semiarid montane watershed we observed strong spatial and temporal variabilities in the organization of ecosystem productivity, structure, and photosynthetic activity due to hillslope topography and its
location within a topoclimatic continuum. These ﬁndings suggest the need to consider both regionaltopoclimate and its topology with hillslope positions of contrasting topographic complexity. As spatial
climatic water limitations became more intense across an orographic gradient, patterns of ecosystem
productivity were highly related to topographic convergence and divergence. Our ﬁndings suggest that in
arid and semiarid environments, local hillslope convergence may provide zones of hydrologic refugia to biota
by reducing atmospheric demand for soil moisture and enhancing shallow soil moisture availability
(Dobrowski, 2011; McLaughlin et al., 2017). Thus, hydrometeorological processes operating across complex
terrain in water limited climates have the potential to buffer biota from climate ﬂuctuations by mediating
edaphic and atmospheric moisture conditions (Adams et al., 2014; Anning et al., 2013; Bunn et al., 2005).
Alternatively, as climatic moisture limitations decreased (i.e., northerly aspects at high elevation), patterns
of ecosystem biomass were less related to topographic convergence and divergence. In this case, limitations
of ecosystem productivity may be more impacted by alternative processes, such as local energy availability,
soil and nutrient composition, or biotic competition. Future research should focus on understanding the
interplay of hydrologic, soil, and nutrient processes that lead to gradients in ecosystem productivity across
topography and climate gradients. Proper mechanistic descriptions of these localized processes, their persistence and sensitivity to future climate changes, are imperative for quantifying ecosystem productivity and
zones of climate refugium at regional scales.
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