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Public Summary
In the southwestern United States, desert mountain ranges are “islands” of forest in a sea of dry 
grasslands and desert shrubs. It is likely that this region will face a hotter climate in the future. A 
particular concern is that many of these tree species (oaks, pines, and junipers) are restricted to 
higher elevations and that a warming climate will reduce the available habitat causing 
populations to decline. Although all trees are restricted to mountains in this region, different 
species prefer different local habitats (for example, one might prefer south slopes, others valley 
bottoms). This suggests that more than simply elevation determines tree habitat. We took detailed
measurements of temperature and soil moisture across three mountain ranges in West Texas, 
identified key topographical factors driving such microclimate variation, and  modeled future 
fine scale climate as a function of topography across multiple future scenarios. We combined 
these climate data with measurement of plant traits related to drought tolerance to predict where 
suitable habitat for important southwestern trees might occur under future climates. We found 
that local topography had strong effects on air temperature and soil moisture such that the cooler,
wetter locations were not always at the highest elevations. In fact, these ranges showed strong 
nighttime cold air drainage patterns: locally low elevations were often dramatically cooler than 
the highest elevations. This result suggests that these mountain ranges may continue to offer 
suitable habitat for some species even under a warming climate. Furthermore, we demonstrated 
that, for the common oaks in these mountain ranges, fire may interact with drought because post-
fire oak resprouts produce more drought-susceptible tissue than do pre-fire adults. This is an 
important finding because fire frequency is likely to increase under a future hotter and drier 
climate in this region.
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Project Summary
The Sky Island forests of the southwestern United States comprise one of the most diverse 
temperate forest ecosystems in the world. Climate is a major driver of vegetation patterns across 
the Southwest and it is likely that this region will face a hotter climate in the future with 
significant drying particularly in spring. Simple models of plant response to warming climates 
predict vegetation moving to cooler and wetter locations (“marching upslope”). However, the 
mechanisms explaining species-specific responses to changes in temperature and water 
availability are much more complex. Nighttime lows and daytime high temperatures vary both in
relation to elevation and topography, and water availability does not uniformly increase with 
elevation. We took detailed microclimate measurements across three mountain ranges in West 
Texas to identify key topographical drivers of microclimate variation, and modeled future fine 
scale climate as a function of topography and projected regional weather across multiple future 
scenarios. We combined these fine scale climate data (past measured and future projected) with 
measurement of physiological traits related to drought tolerance to predict where suitable habitat 
for important southwestern tree species will occur under near future climates. We found that 
local topography had strong effects on air temperature and on soil moisture such that the cooler, 
wetter locations were not always at the highest elevations. This result suggests that 
topographically controlled microclimate might mitigate some habitat loss even under a warming 
climate. Furthermore, we demonstrated that, for the common oaks in these mountain ranges, fire 
may interact with drought because post-fire oak resprouts produce more drought-susceptible 
tissue than do pre-fire adults. This is an important finding because fire frequency is likely to 
increase under a future hotter and drier climate in this region.

Report Body

Purpose and Objectives

The overarching purpose of this set of studies was to examine how fine scale microclimate 
controls forest tree distributions in isolated Sky Island forests of West Texas.

Specific goals and data products

This project had four main scientific goals. These goals require and produce several important 
data products that are useful decision support tools for land managers or future studies. The  
main data products produced are listed after each goal.

1. Examine how topography influences temperature and soil moisture microclimates in 
three desert mountain ranges in West Texas, then use those modeled relationships to 
predict future fine-scale climate over possible future climates (nine different earth system
models and two emissions scenarios). Data product: a large set of GIS raster layers with 
climate summary variables for each mountain range, each earth system model, and each 
emission scenario over four 30 year time periods (historical/reconstructed, 2011-2040, 
2041-2070, and 2071-2100).

2. Build a species trait database of leaf traits and drought vulnerability for these species and 
examine patterns of trait variation across this set of tree species that inhabit the same 
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broad environment but apparently sort out along fine scale habitat gradients.
3. Model forest tree distributions for nine common trees in these mountain ranges as a 

function of historical climate and reconstructed soil moisture. Then predict potential 
future habitat suitability for these species across the potential future climates in each 
range reconstructed in step 1. This will then allow us to compare and rank potential 
sensitivity of these tree species to climate change.

4. Test whether including species physiological traits (goal 2) in distribution models (goal 3)
improves the predictive power of such models because despite the theoretical benefit, the 
record in the literature is mixed.

We planned to accomplish all of these using an open-source and reproducible workflow so that 
our methods and code can be of use to other researchers.

We’ve fully completed goals 1 and 2, the implementation of goal 3 is solved and we present an 
example for one species, but we are currently examining the pattern across all the species and 
testing sensitivities to differing predictions across the earth system models and emission 
scenarios. We have all the data needed to accomplish goal 4 and have an outline plan, but goal 4 
depends upon completion of goal 3. The data products for goal 1 (~11GB of data) and goal 2 
(~300KB) are both complete and documented.

Summary of work accomplished relative to the proposal and 
challenges faced

Our microclimate modeling turned out to be a work-intensive problem in part simply to the data 
and computational demands which required some tricks and custom solutions. The species trait 
data collection was relatively straightforward but required fine tuning xylem vulnerability 
measurement methods for these species. We were able to hit our replication targets for most 
species (and add a few extra common species). This work demonstrated that there are significant 
differences in water use traits across species.

Finally, this funded work indirectly assisted two side projects (one published, one in 
preparation). We found small sources of additional funds for these side projects but the projects 
would not have been possible had we not already been working on this set of tagged trees at 
these field sites. The first of these projects showed the potential importance of post-fire plasticity
in xylem vulnerability to drought (Schwilk et al 2016). The second, not yet published, is an 
examination of investment in defense against bark beetles across all species of pines found in 
these mountain ranges.

This funding supported two graduate students during summer field work as well as eleven 
undergraduates over the two field work summers including four first generation college students 
and three underrepresented minority students.
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Organization and Approach

Overview

This project required five input data sets:
1. Microclimate and soil moisture measurements (funded in part by this grant). This was a four-

year time series of microclimate measurements across elevation and topography in each 
mountain range. The resulting data ad analyses currently reside in a public git repository: 
https://github.com/schwilklab/skyisland-climate. These data are fine scale in time (hourly 
summarized to daily) and space (~30 locations per mountain range that were distributed 
across a range of topographic settings at each sample site), but of limited temporal extent (4 
years).

2. Topographic predictors of local microclimate that that were derived from ASTER 30-m 
resolution digital elevation model (DEM) data from https://gdex.cr.usgs.gov/gdex/ and 
clipped to selected 12-digit hydrologic units that included ibutton sensor locations and 
adjacent hydrologic units in each mountain range (Table 1). Subsequently, these grids were 
clipped to smaller, but biologically-relevant extents using the minimum bounding operation 
(i.e. convex hulls) for computational efficiency. These raster layers were created by Helen 
Poulos and can be made available.

3. Downscaled climate data. These are daily historical climate time series for regional weather 
stations as well as the downscaled earth system model daily predictions (Table 2) for these 
same stations. These downscaled projections were funded by this grant and produced by 
Anne Stoner and Katharine Hayhoe using asynchronous regional downscaling. These data 
reside at https://github.com/schwilklab/skyisland-
climate/tree/master/data/downscaled_projections

4. Species distribution data. We used existing species distribution data that spanned the forest 
cover of each mountain range that had been previously collected by Helen Poulos. These data
now reside at https://github.com/schwilklab/CSC-sky-island-forest.

5. Species trait data. We measured simple leaf traits and conducted experiments to assay xylem 
vulnerability to cavitation for the nine target species. The bulk of the grant budget funded this
time-intensive work. These data and summary analyses are in a public git repository: 
https://github.com/schwilklab/CSC-sky-island-forest.

The overall approach (Fig 1) was to use data sets 1, 2, and 3 to fit a series of models that predict 
a daily time series fine scale (30 m resolution) climate into the past and future as a function of 
topographic variables (data set 2) and regional downscaled daily temperatures and precipitation 
(data set 3). This resulted in a set of historical reconstructions which we summarized from daily 
time series to climate averages (Table 3) and then used these spatial climate data to fit species 
distribution models using data set 4. The microclimate reconstruction data also included a large 
set of possible future projections which we then used to predict habitat suitability based on the 
species distribution models previously fit to historical reconstructions.

We are in the process of including data set 5 in these species distribution models to test if 
including physiological traits changes predictions.
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Fig 1. Flow chart depicting general project workflow.
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Microclimate data collection

Starting in 2011, we set out a network of temperature and relative humidity sensors deployed 
across the three mountain ranges in West Texas. Each of the sensors is an iButton data logging 
device (Maxim Integrated, San Jose, CA, U.S.) mounted inside a radiation shield (two nested 
plastic funnels) and hung at 2 m height in a tree in order to measure air temperature. We set out 
30 sensors in each mountain range stratified across elevation (1500-2300 m) and across relative 
slope position (valley, midslope, and local ridge). These sensors were set to record temperature 
every 30 minutes to 1 hour and data was collected by visiting these sensors every three months 
and downloading the data. The data were summarized to a continuous daily time series of daily 
minimum and maximum temperatures with python and R scripts (see code at 
https://github.com/schwilklab/skyisland-climate/blob/master/scripts/). Two fires in the Davis 
mountains over this time period caused some interruption to the time series and we lost several 
sensors to animals, presumably black bears. But we replaced all lost sensors and left these 
recording through pring 2016.

We collected soil to measure soil gravimetric water content at each sensor location in spring 
(April) 2013, 2014 and 2015. This timing was intended to capture a period of near minimum 
annual soil moisture.

Topographic variables

Topographic predictors of local microclimate that that were derived from ASTER 30-m 
resolution digital elevation model (DEM) data from https://gdex.cr.usgs.gov/gdex/ and clipped to
selected 12-digit hydrologic units that included ibutton sensor locations and adjacent hydrologic 
units in each mountain range. The specific summary variables are described in Table 1.

6



Table 1: Topographic variables developed for scaling microclimate data across the three West 
Texas Sky Island ranges in the study.

Topographic variable Description
elevation Elevation in meters (m). Taken as the elevation values in the filled and 

clipped DEM
slope Calculated in degrees using the raw elevation in meters using the 

surface analysis- slope operation. Done in raw WGS 84 datum an 
projection using a Z-factor of 0.00001036.

Flow accumulatio Smoothed DEM (elev layer) 10 times using a neighborhood (focal) 
statistic with a 3 x 3 cell window in each iteration. Flow accumulation 
grid was then calculated where the accumulated flow is based on the 
number of cells flowing into each cell in the output raster. Note the 
current processing cell is not considered in this accumulation. 
Dependent up on flow direction grid calculates the direction (values 
range from 1-255) of the steepest drop from the current processing cell.

Linear distance to 
ridge 1

Using filled DEM that is reprojected in a projection and datum with 
meters (i.e. UTM Zone 13 NAD83), calculate the following: Flow 
direction and flow accumulation grids. Reclassify flow accumulation to 
threshold out values greater than 0. In other words, grid cells with zero 
values have no flow accumulation and are thus ridges. Then calculate 
Euclidean distances of each grid cell to the nearest ridge with the extent
set to the elev layer so that it does not calculate distances beyond the 
size of the grids. Reproject product to WGS1984 to match other grids.

Linear distance to 
ridge 2

Using flow direction grid, perform flow length operation in the 
hydrology toolbox using upstream cells.

Linear distance to 
valley 1

Use flow accumulation grid projected in UTM Zone 13 NAD83 to 
identify valley bottom pixels by thresholding the flow accumulation 
grid to values > 100 using the reclassify tool to generate a new grid that
has values of no data and 1 (for pixels > 100). Doing this produces a 
new grid that identifies pixels that have more than 100 pixels draining 
into them from the flow accumulation grid. Note: both valley bottom 
and ridge calculations will work with rasters of ridge/valley, but those 
rasters can also be converted to features (i.e. shapefiles) first and then 
operations can be done in the same manner if you wish to retain the 
ridge and valley features. Then calculate Euclidean distances of each 
grid cell to the nearest valley with the extent set to the elev layer so that
it does not calculate distances beyond the size of the grids. Reproject 
product to WGS1984 to match other grids.

Linear distance to 
valley 1

Use flow direction grid and the downstream flow length tool to 
calculate downstream distance along the flow path for each cell. 
Reproject product to WGS1984 to match other grids after calculation in
UTM NAD83 (a projection in meters).

Elevation difference to
nearest ridge

Use the Euclidean allocation toolbox under the distance section of 
Spatial Analyst. Specify the ridges (layer generated in step 5) as the 
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Topographic variable Description
input raster or feature source data, and specify the elevation layer as the
input value raster. Under environments, specify the elev layer as the cell
size, mask, and output extent. Subtract the elev layer from the 
z_distridge layer to generate a new layer that gives you the difference in
elevation (m) from the pixel to the nearest (Euclidean distance) ridge.

Elevation difference to
nearest valley

Use the Euclidean allocation toolbox under the distance section of 
Spatial Analyst. Specify the valley layer (layer generated in step 3) as 
the input raster or feature source data, and specify the elevation layer as
the input value raster. Under environments, specify the elev layer as the 
cell size, mask, and output extent. Subtract the elev layer from the 
z_valley layer to generate a new layer that gives you the difference in 
elevation (m) from the pixel to the nearest (Euclidean distance) valley.

Multiscalar dissection 
index

A measure of topographic dissections using multiple sized windows 
where dissection is calculated as: D = (z-zmin)/(zmax-zmin) for the 
following pixel window sizes: 3, 5, 7, 9, 11, 13, 15, 21, 27, 30 pixels 
where high values are more topographically dissected. Zmin and Zmax 
for each window were estimated using neighborhood focal statistics. D 
for each window size was calculated independently, and then msd was 
generated by summing all of the individual dissection indices for each 
window size. Based on Holden et al. (2011)

Incident solar radiation Incoming solar radiation calculated for the whole year with a monthly 
interval (i.e. on the 15th of each month) and an hourly interval 
calculation. Latitudes were specified by site (CM- 29.2500, DM-
30.5958, GM- 31.9167).

relative elevation Relative l position channel to divide, based on l_distridge and 
l_distvalley. Relelev_l= l_distridge– l_distvalley so negative values 
mean that the point is closer to valley than to ridge.
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Climate downscaling and microclimate reconstruction

For each of our mountain ranges, we chose the closest long term weather station with daily 
temperature and precipitation data (https://www.ncdc.noaa.gov). For the Chisos Mountains this 
was the Chisos Basin (USC00411715), for the Davis Mountains this was Fort Davis 
(USC00413262) and for the Guadalupe Mountains this was Panther Junction (USC00416792). 
We used the recent historical data to fit models of the temporal component to our microclimate 
measurements (See “Modeling microclimate”, below) and the longer term data (1960-2000) to 
reconstruct historical microclimate.

To project microclimate under future scenarios, we produced alternative future projected daily 
time series for each of this weather stations using regional downscaling from earth system 
models. This downscaling step was accomplished by Anne Stoner using the Regional 
Asynchronous Regression Model (Stoner et al. 2013). For each weather station, we alternative 
time series for nine CMIP5 earth system models and two emissions scenarios (rcp4.5 and rcp8.5, 
Taylor et al). This resulted in 18 downscaled daily temperature and precipitation time series per 
weather station. The downscaled projections are all part of the skyisland-climate git repository 
(https://github.com/schwilklab/skyisland-climate).

Table 2. CMIP5 models used in this study (Taylor et al 2012).

Model Institution

CCSM4 National Center for Atmospheric Research, USA

CNRM-CM5 Centre National de Recherches Meteorologiques, Meteo-France, France

CSIRO-Mk3.6.0 Commonwealth Scientific and Industrial Research Organization (CSIRO),
Australia

HadGEM2_CC Met Office Hadley Centre, UK

INM-CM4 Institute for Numerical Mathematics, Russia

IPSL-CM5A-LR Institut Pierre-Simon Laplace, France

MIROC5 Atmosphere and Ocean Research Institute (The University of Tokyo), 
National Institute for Environmental Studies and Japan Agency for 
Marine-Earth Science and Technology

MPI-ESM-LR Max Planck Institute for Meteorology, Germany

MRI-CGCM3 Meteorological Research Institute, Japan
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Distribution data

This was preexisting data, but required some additional data cleaning. Georeferenced species 
importance value data (sum of the relative density and the relative basal area by species, scale 0-
200, for each species within each vegetation plot) from Poulos and Camp (2010) and Sakulich 
and Taylor (2007) were used as inputs into the species distribution modeling effort. Importance 
value data were restructured as presence and absence data for each sample plot for all of the 9 
tree species of interest for the study. The distribution data included 200 vegetation plots from the 
Chisos Mountains, 263 plots from the Davis Mountains, and 153 plots from the Guadalupe 
Mountains. Vegetation plots spanned the entire forested area of each of the three ranges, for the 
Chisos and Guadalupe Mountains. Vegetation data for the Davis Mountains spanned only The 
Nature Conservancy (TNC) Preserve. However, the TNC preserve encompasses a large 
proportion of the Davis Mountains range, and captures the range of site conditions where the 9 
target tree species of interest are distributed within the Davis Mountains. Thus, we felt that these 
263 vegetation plots were appropriate as inputs into the species distribution models in the study.

Physiological traits

We selected 10 individuals of each target species in each mountain range for trait measurements. 
For each species, we filtered potential plots (of ~800 plots) to those for which the target species 
had an importance value of at least 50. We then filtered this set to plots within 1 km of a trail and
randomly selected 10 plots to visit. This method was intended to weight individual selection 
according to habitat suitability while making allowances for the logistics of carrying large 
amounts of water and ice coolers required for trait measurements in remote locations (Fig. 2). 
The main leaf measurements were leaf area, leaf mass per area, and leaf elemental analysis (N 
and C content and δ13C). The xylem vulnerability measurements require more work to collect in 
the field and significant lab time; therefore, we aimed for at least 5 trees per species per 
mountain range for this measurement. We collected additional leaves on every oak sampled for 
leaf soluble protein measurement and for δ13C analysis as an integrated measure of water use 
efficiency (Cornelissen et al. 2003). We categorized species according to fire response 
(nonsprouter, weak or strong resprouter) based on our observations following recent fires and the
literature. Figure 3 provides a few photographic examples of field work involving Texas Tech 
student researchers.
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Fig 2. A) J. Aragon carrying the 25 L water supply. B)  J. Willms placing an iButton temperature
sensor.
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Fig 3. Photographs of field work portion of the project. A) D. Schwilk and M. Clifton sampling 
leaves in the Davis Mountains. B) Youngest field assistant labeling bags. C) Guadalupe 
mountains view from an iButton sensor site. D) X. Gao during Chisos Mountains field work. E) 
R. Lackey and R. Magalhães cutting Q. gravesii stems under water for xylem vulnerability curve 
material. F) T. Brown and E. Lindberg retrieving iButton temperature data in the Chisos.
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Xylem conductivity and vulnerability to cavitation

For each tagged tree, we selected a stem that included a straight 14 cm long segment that was 6-
12 mm in diameter and cut the branch containing this segment under water. The branch was kept 
bagged and cold on ice with the cut end in water and brought to the lab within 48 hours of 
cutting. We determined hydraulic conductivity (Kh) by measuring net increase in fluid flow 
through a stem segment after applying a pressure head. We recut the field-collected stems to the 
14 cm desired length under water. To measure flow, stems were connected to a tubing apparatus 
with the basal stem end fed by the elevated pressure reservoir (an IV bag) and the distal end 
connected to a reservoir on an analytical balance. Stems were kept submerged in water during 
and between measurements and a fresh razor blade was used to shave a small amount from the 
proximal end before each measurement. The pressure head was kept between 3 and 6 kPa. We 
recorded mass flow on a balance with open-source Python software we wrote 
(https://github.com/schwilklab/hydro-balance). The solution was 20 mM KCl that was vacuum 
degassed for 30 min (Melcher et al. 2012) and then filtered to 0.1 μm (inline filter; GE Water and
Process Technologies, Trevose, PA, USA). Before and after each flow measurement, we 
measured background flow with no pressure head. We calculated Kh as the pressure-driven flow 
corrected for background flows divided by the pressure gradient and standardized to unit stem 
length. To calculate stem area specific conductivity (Ks), Kh  was divided by stem sapwood cross-
sectional area at the distal end, which was calculated from caliper measurements of xylem and 
pith diameters measured on two orthogonal axes. We used these cross sections to confirm that all
species were ring-porous. To calculate leaf specific conductivity, Kleaf, we divided Kh  by the total
area of all leaves distal to the stem segment. The centrifuge method was used to induce xylem 
tension and cavitation (Holbrook et al. 1995, Alder et al. 1997). We followed the methods as 
outlined in Tobin et al. (2013). We mounted stems in a custom rotor that enabled them to be spun
in a centrifuge (Sorvall RC-5C; Thermo Fisher Scientific, Waltham, MA, USA) with stem ends 
submerged in solution contained in L-shaped reservoirs. The solution level in the reservoirs was 
kept even at both ends of the stem, so no flow was induced during centrifugation. We added 
foam pads (Covergirl brand make-up application pads, Procter & Gamble) to the vertical section 
of reservoirs to keep the solution in contact with stem ends when the rotor was not spinning. 
Stems were spun at the desired RPM for 5-6 min. Maximum Kh was measured on stems flushed 
with the same solution used for Kh measurements at 75 kPa for 45 min to refill embolized 
vessels. For each tension applied, we percent loss of conductivity (PLC) as 100 * Kh  / Kmax. To 
correct for possible cavitation fatigue (Hacke et al. 2015), we spun each stem to -0.25 MPa after 
flushing and used the subsequently measured conductivity as the maximum value (Kmax).

To compare xylem vulnerabilities across species, we fit a re-parameterized Weibull curve model 
to the data (Ogle et al. 2009) using the nlme function of the nlme package in R (Pinheiro et al. 
2015). We parameterized the Weibull function so that one of the two estimated parameters was 
the P50 value in MPa and the other was the slope at 50% loss conductivity (s50). We used 
applied water potential as the independent variable, fatigue-corrected PLC as the dependent 
variable, species as a factor and individual stem (tree) as a random nesting effect on both 
estimated Weibull parameters. To test for significant effect of species on P50, we used a 
conditional F-test as recommended by Pinheiro and Bates (2000) using the model comparison 
anova function in R.
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Elemental analyses and soluble protein

Dried leaf samples from each tagged tree were ground to a fine powder by hand using a mortar 
and pestle with a small amount of liquid nitrogen or ground using a mechanical grinder 
(Cianflone Scientific Instruments Corporation, Pittsburgh, PA, U.S.A.). To determine leaf C and 
N contents, the samples were sent to Raymond Lee, Washington State University, U.S.A. for 
analysis using a Costech elemental analyzer (Costech Anatalytical Technologies Inc.).

To determine total leaf soluble protein we ground frozen leaf punches in liquid N2 in a mortar 
and transferred the frozen leaf powder ice-cold glass tissue grinder containing a 100 mM borate-
buffered solution with 0.1% Triton-X 100 detergent at pH 7.8. After centrifugation at 16,000 g 
for 20 min, the protein content of the extract was determined by the method of Bradford (1976). 
The amount of protein in the extract was determined from a standard protein curve developed 
using bovine serum albumin. We measured soluble leaf protein on broad leaf species (oaks) only.

Modeling microclimate

Our goal here was to produce daily temperature (daily min and max) time series for every 
location on our 3m DEM in each mountain range. To do this, we first decomposed the 
microclimate sensor (iButtons) time series into the spatial and temporal components using 
principal components analysis (Holden et al. 2011a, 2011b). We had small gaps in the daily time 
series (less than 10% of any sensor time series), therefore we used imputed PCA implemented in 
the pcaMethods package for R (Stacklies et al. 2007).

We then fit boosted regression tree models that predicted the spatial minimum and maximum 
daily temperature (Tmin and Tmax) components (PCA “loadings”) across each mountain range 
as functions of the DEM-derived topographic variables using the extreme gradient boosting 
package (Chen and He 2015) with the xgboost algorithm in the caret package of R (Kuhn 2017). 
Gradient Boosting (GB) is a boosting technique for building both classification and regression 
models (Friedman 2001, 2002). In this case, gradient refers to the optimization algorithm used 
during the learning process of the model. As a boosting technique, GB consists of ensembles of 
weak prediction models that are non-linear models that are derived from the more familiar 
regression trees of Breiman et al. (1984). In GB, each new regression tree that is added to the 
ensemble is trained from the residuals (or in this case, as pseudo residuals) that result from the 
previous ensemble of regression trees. For each GB model, we fit separate models for each 
mountain range and fir each of the three most explanatory principal components axes (Axes 1-3).
Due to limitations in the sample size of the ibutton data inputs for the temperature modeling 
process, we were unable to subset the data into training and validation datasets. Instead, we 
assessed model fits using root mean square error (RMSE) to assess model fits which allowed us 
to maximize the sample size of our microclimate data in the GB model fitting and temperature 
surface prediction.

The most important variables in each case for daily maximums tended to be some combination 
of elevation, relative slope position (horizontal distance to local valley or to local ridge), and 
radiation. While these and a measure of topographical slope complexity (see Holden et al. 2011b)
were most important for daily minimums. We then used the topographical models to predict the 
PCA loading across our landscapes at the resolution of our 30m DEM.
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We then fit the PCA scores (temporal component) for each of three PCA axes. We used the 
historical daily weather data for the closest NOAA weather station to each mountain range as 
predictors. We found that linear models best fit these data with daily minimum and maximum 
temperatures, daily precipitation and interactions as predictors. We minimized the Akaike 
information criterion (AIC) to rank models and chose the model with the lowest AIC score in 
each case for each final model (Burnham and Anderson 2002).

Reconstructing historical and projecting future microclimate

This step was simple in theory but cumbersome in practice as a result of the large data sizes and 
heavy computation. We assumed that topographical effects were invariant through time, 
therefore we could predict PCA loadings (the topography effect on local daily temperatures) once
for each mountain range. The temporal effect (PCA scores) was then modeled as a function of 
the daily temperature and precipitation values at the nearest weather station. We fit these models 
using the four-year time series (see above) and then predicted historic values (1960-2000) using 
the historical weather data from NOAA (https://www.ncdc.noaa.gov). We also projected potential
future daily temperatures across all nine Earth System Models and both emission scenarios. We 
have written an open source workflow that documents all steps in this process 
(https://github.com/schwilklab/skyisland-climate). The projection step runs in approximately 1 
week using 3-5 nodes on the TTU supercomputer cluster (“Quanah cluster”, 36 cores per node, 
each at about 3.1 Ghz, see http://www.depts.ttu.edu/hpcc/operations/equipment.php). 

Our soil moisture data was at much coarser time scale (one sample per year per sensor location. 
We modeled soil moisture as a function of climate and the past months precipitation (measured at
the nearest weather station) and then used those models to predict soil moisture under future 
climates.

Although we produced daily projections during this process, it is multi-decadal averages, not the 
highly stochastic daily values that are of interest for the subsequent species distribution modeling
effort. Therefore, we first summarized each year into the standard BIOCLIM climate summary 
variables (http://www.worldclim.org/bioclim). We used only the temperature variables, but used 
the weather station precipitation time series to designate the driest and wettest quarters each year 
for calculating BIO8 and 9.  

We summarized each time series into four time periods, a historical period ( or “reference” 
period in the case of those produced using downscaled predictions rather than actual historical 
data), 1960-2000; a “2020s” period, 2011-2040; a “2050s” period, 2041-2070; and a “2080s” 
period, 2061-2100. We summarized soil moisture predictions into 30-year averages in the same 
manner. Each mountain range, time period, earth system model, emission scenario combination 
is saved as a separate stacked set of raster layers. This step results in 73 raster data sets per 
mountain range, one historical plus 72 based on downscaled CMIP5 models (9 models x 2 
scenarios x 4 time periods). These currently are backed up but are not in the git repositories 
because they are quite large (about 11 GB of data). We will move them to any permanent storage 
as requested.
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Table 3. Climate summary variables.

Variable Description
BIO1 Annual Mean Temperature
BIO2 Mean Diurnal Range (Mean of monthly (max 

temp - min temp))
BIO3 Isothermality (BIO2/BIO7) (* 100)
BIO4 Temperature Seasonality (standard deviation 

*100)
BIO5 Max Temperature of Warmest Month
BIO6 Min Temperature of Coldest Month
BIO7 Temperature Annual Range (BIO5-BIO6)
BIO8 Mean Temperature of Wettest Quarter
BIO9 Mean Temperature of Driest Quarter
BIO10 Mean Temperature of Warmest Quarter
BIO11 Mean Temperature of Coldest Quarter
SPMIN Minimum temperature March-May (not 

standard BIOCLIM)
GSWC Gravimetric soil water content at 10 cm depth

Project Results, Analysis and Findings

Microclimate models

Across all three ranges, topographic complexity and relative slope position were important 
predictors of the spatial component to nighttime low temperatures. Although elevation was 
always an important predictor as well, the first principal component in the daily minimum 
temperature decomposition was always largely related to relative slope position and air shed, 
indicating the importance of cold air drainage as we had predicted based on preliminary data 
(Fig. 4-6).
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Fig 4. Predicted values of first and second principal component loadings for daily minimum 
temperatures in the Davis Mountains

Fig 5. Minimum spring nighttime temperature (March-May) reconstructed historical and future 
projected (HadGem2 CMIP5 model and rcp8.5 emission scenario reconstruction) for the Davis 
Mountains.
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Fig 6. Number of spring freezing events (March-May) over the study as a function of elevation. 
Each year is shown in a separate panel and the three mountain ranges are distinguished by 
color. Note that there is no strong positive relationship between elevation and number of freezes. 
Lines and 95% confidence intervals (gray) are LOESS models fits for illustration only.
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Species traits

Xylem vulnerability to cavitation

There was significant variation in xylem vulnerability across these species and this was largely 
associated with genus (Fig 7). Despite consistencies within a genus, there was considerable 
variability in desiccation tolerance within the oaks and this is consistent with overal habitat 
preference as we report in a recent paper based just on the Davis Mountains data (Schwilk et al. 
2016). As expected, the oaks are the genus most vulnerable to drought-induced xylem cavitation 
(Figs 7 and 8). The high variability within Quercus may be a result of plasticity and we 
investigated this possibility in a side project comparing post fire resprouts with adults in the 
Davis Mountains following wild fire (Schwilk et al. 2016) (Fig 11).

 

Fig 7. Xylem vulnerability across all study species. PLC_50 is water potential at which 50% 
conductivity is lost. Values on the left indicate greater desiccation tolerance, values on the right 
indicate greater vulnerability. Boxplots  indicate median (line) 2nd and 3rd quartile (box) and 
range (whiskers) excluding outliers. 
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Fig. 8. Xylem vulnerability in oaks, vertical lines indicate estimated PLC50 value (water 
potential at which 50% conductivity is lost). Overall fitted Weibull curves (black line) and fits for
individual stems shown.
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The junipers are the most desiccation-tolerant genus followed by the pines (Fig. 6). Within each 
genus, the species behaved similarly with the exception that the high elevation specialist pine, P 
strobiformis is more vulnerable than the Ponderosae pines (“P. ponderosa” and “P. arizonica var 
stormiae”, the large pine in the Chisos whose taxonomic identity is under debate) (Fig. 9) . We 
were unable to collect sufficient material to characterize junipers other than J. deppeana 
although we have included the few curves we were able to produce for J. flaccida as well (Fig 
10).
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Fig. 9. Xylem vulnerability in pines, vertical lines indicate estimated PLC50 value (water 
potential at which 50% conductivity is lost). Note that P. ponderosa here includes both species in
the Ponderosae subsection
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Fig. 10. Xylem vulnerability in junipers, vertical lines indicate estimated PLC50 value (water 
potential at which 50% conductivity is lost). Overall fitted Weibull curves (black line) and fits for
individual stems shown.
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Fig. 11. Xylem vulnerability shifts post fire. Resprouts are more vulnerable than are adults (. See 
Schwilk et al. (2016). Overall fitted Weibull curves (black line) and fits for individual stems 
shown. The three species with the lowest P50 values as adults had significantly more vulnerable 
xylem as resprouts (Fig. 3, Q grisea F2,78 = 840.9, p < 0.001; Q. emoryii F2,105 = 234.4, p < 
0.001; and Q. hypoleucoides F2,125 = 336.1, p < 0.001)
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Species distribution models

We have written a workflow that fits a suite of classification models (eg species distribution 
models, SDM) to the occurrence and environmental data. We have currently explored random 
forest, boosted regression trees and support vector machine models. We have tested the workflow
from model fitting through prediction across historical and future projected climate landscapes, 
but we still need to conduct detailed model tuning and cross validation. We provide and example 
output (Fig 9), but note that this is a preliminary result. Even after model tuning and cross 
validation, any composite predictions will require some exploration across the ensemble of 
CMIP5 models and emission scenarios.

Fig. 12. Predicted historical (left) vs future projected (right) habitat suitability for Quercus 
emoryii in the Chisos Mountains on a probability scale. Historical distribution is prediction from
xgbTree model fit to reconstructed microclimate data for the 1960-2000 period. Future projected
is the same model prediction using the year 2071-2100 climate reconstruction for the HadGem2 
CMIP5 model and rcp8.5 (high emission) scenario reconstruction.

Conclusions and Recommendations

Xylem vulnerability in Sky Island tree species

One axis of trait variation proposed to explain species susceptibility to drought is the continuum 
from “isohydric” species which maintain midday water potential during a drought by closing 
their stomata to “anisohydric” species that experience lower water potentials but continue to 
photosynthesize under moisture stress (Tardieu and Simonneau 1998, McDowell et al. 2008). 
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Isohydric species are hypothesized to occupy less drought-prone habitats compared with 
anisohydric species. Anisohydric species are resistant to xylem cavitation and can 
photosynthesize under drought stress because their stomata remain open, but they continue to 
lose water via transpiration. This strategy has also been considered “desiccation tolerance.” 
There has been increasing recognition that this one-dimensional axis oversimplifies drought 
tolerance strategies in woody plants and our work demonstrates that this simple model does not 
well describe variation across Sky Island trees. There is significant variation in xylem 
vulnerability to drought-induced cavitation across these species (Fig. 7). Not surprisingly, the 
junipers exhibit the greatest tissue-specific resistance to desiccation. The pines are also predicted 
to be desiccation resistant (Figs. 7 and 9) and they have generally been assumed to exhibit a 
more “isohydric” stomatal strategy whereby they close stomata under drought stress but may 
succumb to eventually carbon starvation. The pattern across these two groups is consistent with 
the isohydry-anisohydry generalization. However, the oaks not only exhibit strong within-genus 
variation, but are (not surprisingly, given their wide vessels compared to gymnosperm tracheids) 
much more vulnerable on a tissue specific basis than the other two genera. One interpretation of 
the isohydry/anisohydry prediction would be that such species should depend upon isohydry in 
order to avoid cavitation of their vulnerable xylem. Yet we found very low water potentials and 
striking dieback consistent with drought-induced cavitation in these species (Waring and Schwilk
2014, Schwilk et al. 2016), yet many oaks survived the 2011-2013 drought while many pines 
succumbed (Poulos 2014). Oaks survived in many cases by resprouting (Schwilk, personal 
observation).

The resprouting strategy allows recovery following disturbance such as fire our drought and 
resprouting plants dominate many arid and semi-arid ecosystems (Bond and Midgley 2001, 
Clarke et al. 2013). Zeppel et al. (2015) have suggested that resprouters are more resilient to 
drought than are nonsprouters, although overall evidence points to greater tissue specific 
dessication tolerance (lower P50 values, (Pausas et al. 2015)). The ability to recover through 
resprouting combined with generally deep roots, implies that resprouters with xylem very 
vulnerable to desiccation, such as the oaks in the Texas Sky Islands, may still tolerate climatic 
drought. The potential for plastic shifts in vulnerability, however, suggests some caution in 
interpreting adult P50 values as indicative of dessication tolerance across life stages (Schwilk et 
al. 2016). During extreme droughts, despite dieback, resprouting oaks have exhibited lower 
mortality than have non-sprouting pines in these same mountain ranges (Poulos 2014).

Importance of topography in microclimate

Topographical complexity and relative slope position (eg distance to ridge or valley) are as 
important to predicting local temperatures as is elevation – especially for nighttime lows 
presumably as a result of cold air drainage (Fig. 3-5). This has been relatively under-appreciated 
in studies predicting climate change effects on species distribution. In fact, many studies assume 
that temperature decreases linearly with elevation. We found that relative slope position 
(measured as horizontal or vertical distance to ridge or valley) was an important predictor of 
temperature in all microclimate models, which highlights the importance of topography as a key 
influence on forest microclimate.

The microclimate modeling effort that we carried out in the present study represents a major 
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improvement upon more traditional modeling techniques that rely on adiabatic lapse rates alone 
for modeling elevational variation in temperature (Richardson et al. 2004, Liu et al. 2011) or 
interpolation-based methods (Kattel et al 2013, Hennenberg et al. 2008, Eskelson et al. 2011) that
employ just one or a few predictor variables in the microclimate modeling process. The 
topoclimatic modeling process employed herein is especially appropriate in West Texas Sky 
Island ranges that display extreme topographic gradients. Fine-scale temperature grids are critical
for developing accurate estimates of climate-induced shifts in plant and animal species 
distributions under a range of climate scenarios. This work builds upon other similar modeling 
techniques by (Holden et al. 2011a) that used just 6 months of data by using over 3 years of 
continuous field-based methods. The development of small and relatively cheap iButton 
temperature data loggers, combined with this method we demonstrate, can allow others to model 
fine scale microclimate in similar topographically complex landscapes. While many biotic and 
abiotic influences on forest microclimate can vary over time, topographic influences on 
microclimate remain largely static over time. Thus, microclimate modeling that is based on 
topographic predictors represent robust temperature estimates that can be used for climate 
change adaptation planning over the long-term. At the same time, including other atmospheric 
conditions or forest cover variables could enhance model fits and climate predictions (Dobrowski
et al. 2015).

While many have acknowledged the importance of cold air drainage as an important 
microclimatic feature in topographically dissected landscapes, our ability to model nocturnal 
cold air drainage is relatively new (but see Holden et al. 2011a). Cold air temperature and 
relatively moist air draining into valley bottoms is likely and important influence on vegetation 
pattern in the study region. While our data were somewhat sparse, including soil moisture into 
the modeling process represented an additional improvement in our development of 
microclimate grids for the three study areas relative to other prior techniques that rely upon 
temperature and topographic data alone.

Species distributions and response to climate change

Although we have all the pieces now working, we still must run the extensive species 
distribution modeling across all downscaled future scenarios and summarize. Therefore it is too 
early to make many conclusions regarding the likely impact of climate change on the future 
distributions of specific species.. Preliminary analysis suggests that although microclimate 
temperatures are driven by local topographic complexity as much as by elevation, the predicted 
future distribution of most species under climate change shows an shift to higher elevations. Our 
completed SDM models for drought-tolerant oaks, such as Q. emoryi, suggest that some drought-
tolerant tree species may also increase their distributions under a future hotter and drier climate, 
potentially replacing species that are more vulnerable to climate change. However,  we are 
finding that the species-specific model fits are very poor — our occurrence data is sparse 
compared to our extensive microclimate data. Our gridded distribution data is at a much finer 
scale than that sued in many species distribution models, but our climate data is at an even finer 
resolution.  Our current plan is to move on to modeling multiple species simultaneously and use 
our physiological traits as covariates (see Dobrowski et al. 2015).  OUr hope is that by using data
from multiple species simultaneously, we can overcome some of the the uncertainty in the 
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single-species models.

Shortcomings in this work and difficulties encountered

We ran into significant difficulties with the xylem vulnerability measurements. There are several 
reasons for this. One is that heavy tree mortality and dieback in 2012 and 2013 reduced our 
available individuals and made field collection more time consuming. The second is that we had 
some unexpected failures of the vulnerability curve method during the critical field season both 
out of our control (eg a centrifuge failed and we had to find a backup) and due to unforeseen 
difficulties in the methods (eg we had set of failures with pine vulnerability measurements we 
eventually tracked down to a mistake in the methods technicians were using). We did solve these 
and were able to hit our minimum target replication numbers, but we had hoped for higher 
replication.

One tension from the beginning in this project was that most interesting microclimate effect was 
likely to be cold air drainage patterns, which effects local minimum temperatures, but we had no 
easy to measure strictly temperature dependent traits. Furthermore, we expect soil moisture, not 
temperature, to be the strongest driver of habitat suitability, in this semi arid system, yet our soil 
temperature measurements had a coarse temporal scale as a result of logistics and cost. This 
shortcoming was inherent int he project – there are no low cost soil moisture measurement 
equivalents to iButtons. However, if such equipment becomes available, the technique we 
demonstrate here and the software workflow we developed will allow easy incorporation of new 
microclimate data sources.

Conclusions and Management Applications

The products of this study provide several key data products and decisions support tools for 
biodiversity conservation across the three Sky Island ranges in the study. Poulos and Camp 
(2010) identified topographic variation as a key regulator of alpha, beta, and gamma diversity 
across West Texas Sky Island ranges. Cold air drainage and increased soil moisture in lower 
topographic positions in the three study sites is likely responsible for the high alpha diversity of 
drainages. Moreover, high beta diversity among vegetation types (i.e. species richness in 
drainages versus upper topographic positions) is also likely regulated by high variation in 
microclimate over short distances in these topographically-dissected landscapes.

The fine-scale (30 m resolution) microclimate maps generated in this study represent a major 
improvement upon more widely available climate maps from PRISM (Daly et al. 2008) or 
Daymet (Thornton et al. 2017) that have 4 km and 1 km spatial resolutions, respectively. The 30 
m resolution map products have the potential to be utilized for a variety of plant and animal 
ecology applications. For example, in Big Bend NP, both managers and scientists are working to 
model the habitat of a range of species of conservation concern including the Peregrine Falcon, 
black ears, black-capped vireos, and Mexican long-nosed bats, all of which are native to the 
Chisos Mountains. Understanding how microclimate influences for these key species of interest 
is of paramount importance for the long-term conservation of both plant and animal biodiversity 
in these unique mountain ranges.

Tree species distribution models that model vegetation pattern under a range of climate scenarios
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also have the potential for inclusion into habitat models of key animal species of conservation 
concern. Future changes in forest cover type under climate change is a major concern for certain 
species with narrow habitat requirements or food sources. Such future tree species distribution 
models that predict species range shifts under a variety of climate scenarios provide valuable 
decision support tools to managers about the range of potential impacts of climate change on 
vegetation pattern. Information of this type is invaluable to managers for conservation planning 
and adaptive management under a more variable and changing future climate.

Canyon bottoms in this semi-arid landscape represent a relatively rare landscape element, and 
increased soil moisture in these areas provide important refugia for certain species that are 
adapted to more mesic environments. Modeling shifts in the distributions of more mesic-adapted 
tree species is important in this context, especially as the future distributions of such species 
contract in the face of a future hotter and drier climate. Changes in the distributions of such rare 
habitat types can also have cascading effects on other trophic levels for species that rely on this 
key habitat for survival, growth, and reproduction.

Outreach and Products

Publications

• Schwilk, D. W., T. E. Brown, R. Lackey and J. Willms. 2016. Post-fire resprouting oaks 
(genus: Quercus) exhibit plasticity in xylem vulnerability to drought. Plant Ecology 217: 
697-710.

• Lindberg, E. Spatial and temporal variation in resin defense and growth investment 
across three subsections of Pinus from West Texas mountains. Master Thesis, Texas Tech 
University.

In preparation:
• Schwilk, D.W., H.M Poulos, A. Stoner. Topographical drivers of microclimate and future 

climate projections for the Texas Sky Islands. In preparation.
• Poulos H.M and D.W Schwilk. Predicting tree species distributions in Texas Sky Islands 

under climate change.

Presentations

• Schwilk, D.W. “Using plant traits to predict tree responses to climate and fire on dynamic
landscapes.” University of Colorado seminar series, Boulder, CO, February 7, 2014. 
Invited seminar.

• Brown, T.E, J. Willms, C. Rodriguez, R. Lackey, and D.W. Schwilk. “Xylem 
vulnerability to drought greater in post fire resprout oaks than in adults in a Chihuahuan 
desert Sky Island. Poster presentation, 99th Meeting of the Ecological Society of 
America, Sacramento, CA, August 2014.

• Schwilk, D.W. “North American pine ecosystems: fire ecology and flammability.” 
Presentation at NESCent workshop “Coevolution of Fire and Plants”, National Center for
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Evolutionary Synthesis, Durham NC. February 19, 2014

Other outreach

Schwilk has communicated these results to Nature Conservancy resource managers on several 
occasions through informal presentations during field site visits to the Davis Mountains. Helen 
Poulos has also carried out science delivery to National Park Service managers at both 
Guadalupe Mountains National Park and Big Bend National Park on multiple site visits in 
informal meetings. She has communicated project results to Gregor Schuurman, the adaptation 
ecologist of the NPS Climate Change Response Program and to Big Bend National Park 
Resource Stewardship Strategy Group in September, 2017. The authors supplied slides to 
Charlotte Reemts for her presentation at the Ponderosa Pine symposium in Alpine, Texas in 
spring 2017. Some of this work was featured in a Texas Observer article, “Feeling the Burn in 
Big Bend” by Asher Elbein, September 20, 2016 (https://www.texasobserver.org/chisos-
mountains-pinon-pines-climate/).

Our modeled microclimate data (historical and future projected) will be available for National 
Park Service and The Nature Conservancy to use in decision support for future biodiversity 
conservation activities. We have yet to transfer these files as the reconstruction step only just 
completed.
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