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ABSTRACT Juvenile survival is highly variable in ungulate populations and often influences their dynamics.

However, this vital rate is difficult to estimate with common wildlife management methods. Yet managers
would benefit from being able to predict juvenile survival to reliably assess population dynamics for harvest
management. In the case of mule deer (Odocoileus hemionus), previous studies reported that overwinter survival
is the demographic parameter that influences population dynamics. We predicted winter survival of mule deer
fawns under a range of habitat quality, weather, and predation regimes. We modeled overwinter survival of
2,529 fawns within 11 Population Management Units (PMU) in Idaho, 2003–2013. We used remotely sensed
Normalized Difference Vegetation Index (NDVI) as a measure of summer plant productivity and both
Moderate Resolution Infrared Spectroscopy Snow Data (MODIS SNOW) and the modeled Snow Data
Assimilation System (SNODAS) as measures of winter snow conditions to capture spatiotemporal variation in
winter survival. We used Bayesian hierarchical models to estimate survival, including covariates at the
appropriate spatial and temporal resolution for each level: individual, capture site, PMU, and ecotype scales.
We evaluated the predictive capacity of models using internal validation and external (out-of-sample)
validation procedures comparing non-parametric Kaplan-Meier (KM) survival estimates with estimates from
Bayesian hierarchical models. Statewide survival of fawns from 16 December to 1 June ranged from 0.32 to
0.71 during 2003 to 2013, with relatively low survival in 2006, 2008, and 2011 in most Game Management
Units. Survival for individual PMUs ranged from 0.09 in the Weiser-McCall PMU in 2011 to 0.95 in the same
PMU in 2005. Internal validation revealed models predicted KM survival well, over a range of R2 from 0.78 to
0.82, with the most complex model explaining the most variance as expected. However, because our goal was to
predict winter survival of mule deer in the future, we evaluated our candidate models by withholding 2 years of
data and then predicted those years with each model. The best-supported predictive model was our simplest
model with 3 covariates, accounting for 71% of the variance in withheld years. Forage quality in late summerfall increased winter mule deer survival, whereas early and late winter snow cover decreased survival. At finerspatial scales within ecotypes, our internal validation was slightly better in aspen (0.86), similar in conifer
(0.80), and poorer in shrub-steppe (0.60) ecotypes than our best statewide overall survival models, which
accounted for 82% of the variance. Our analyses demonstrate the generality versus precision tradeoff across
ecotypes and spatial scales to understand the extent that our survival models may be applied to different
landscapes with varied predator communities, climate, and plant nutrition. Ó 2016 The Wildlife Society.
KEY WORDS Bayesian model, hierarchical model, MODIS, mule deer, Odocoileus hemionus, prediction, SNODAS,
survival, weather.
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Predicting Mule Deer Fawn Survival

Interest in improving prediction of state variables in ecology
has recently surged because of the growing need to project
the effects of land use and climate change (Mouquet et al.
2015). In wildlife ecology and management, predicting the
probability of animal use of a landscape has become common
(Miller et al. 2004). For example, studies predicted the
spatial location of suitable areas for species reintroductions
1

(Mladenoff et al. 1999, Boyce and Waller 2003), humanwildlife conflict areas (Bradley and Pletscher 2005),
wildlife-vehicle collisions (Hurley et al. 2009), spatial
models of wolf abundance (Rich et al. 2013), and spatial nest
success and survival of birds based on habitat (Aldridge and
Boyce 2007). Large-scale general models developed to
predict population dynamics are, however, more limited
(Jenouvrier et al. 2009). An excellent example of a largescale predictive model is the North American waterfowl
program that formally integrates predictions about population size into an adaptive harvest management framework
(Nichols et al. 2007).
Although there have been some attempts to formally
predict future population dynamics for harvested ungulates
with statistical models (Freddy 1982, Peek et al. 2002, White
and Lubow 2002), robust and widely applicable prediction
tools are currently rare, although the relevance to state
wildlife agencies for harvest management programs is
undeniable. As wildlife survival studies have increased in
scope and spatial range, pooling data across multiple
populations has increased model complexity from single
season, single population models (Bartmann and Bowden
1984, White et al. 1987), to populations across multiple
years, populations, and ecological regions (Griffin et al. 2011,
Brodie et al. 2013). A challenge in development of predictive
statistical models for survival is the complexity of dealing
with integrating survival data across populations that are
hierarchically structured in space and time (Lukacs et al.
2009). The recent growth of hierarchical modeling in
ecology has furthered our ability to mechanistically link
covariates to vital rates at the scale most appropriate. These
models, including Bayesian methods are also inherently well
suited to prediction, with many recent examples in the
ecological and wildlife literature about prediction of spatially
and temporally hierarchical phenomenon such as epidemiology, animal movements, and population ecology (Heisey
et al. 2010, Geremia et al. 2014, Mouquet et al. 2015). The
predictive ability and usefulness for wildlife management of
statistical models with high levels of complexity remains,
however, to be evaluated.
Levins (1966) was amongst the first ecologists to point out
that modeling of any sort inherently requires trade-offs
between variance or precision, bias, and generality (i.e., the
ability of a model to predict accurately across a range of
conditions) and that any model cannot maximize all 3. For
instance, a statistical model may well describe an ecological
data set but at the same time be poor in terms of predictive
inference. Unfortunately, researchers rarely evaluate future
predictions with independent data, but this evaluation is
needed to produce robust predictive models. Some researchers (Franklin et al. 2000, Frair et al. 2007, Hebblewhite and
Merrill 2011) have evaluated the predictive performance of
climate or habitat-based ungulate survival models using data
that were used to build the statistical model, essentially
model goodness-of-fit, but not with out-of-sample data sets.
Assessing the predictive power of a model without out-ofsample data sets, however, often provides an optimistic view
of the model’s forecasting ability (Hastie et al. 2001),
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exemplifying the need for selection criteria that optimize the
predictive power of models.
In addition to the statistical issues, our ability to predict the
population dynamics in age-structured populations can be
hampered by the number of vital rates required for
demographic models. Each of these vital rates has varying
importance to population growth through different elasticities (Caswell 2001) and levels of variability (Pfister 1998) in
response to environmental perturbations such as density,
habitat quality, or weather (Coulson et al. 2001, Bonenfant
et al. 2009). For long-lived species like large herbivores,
juvenile survival typically varies more in space and time than
other demographic parameters and thereby often influences
population dynamics (Unsworth et al. 1999, Gaillard et al.
2000). This life-history model has prompted wildlife
managers to prioritize juvenile survival and recruitment
monitoring as a means to predict ungulate population
dynamics (White and Bartmann 1997, Morellet et al. 2007,
Lukacs et al. 2009). Predicting future juvenile survival of
large herbivores would greatly improve population dynamics
modeling and thereby, management prescriptions of
harvested populations. Unfortunately, juvenile ungulate
survival is expensive to measure in the field (>$1,000
[U.S.] each for telemetry collar, capture, and monitoring),
and for many species where this vital rate is critical, estimates
are unavailable until after harvest regulations are developed.
Thus, wildlife managers do not have the information needed
at the time they set regulations for the season to make the
best management decisions (Fig. 1).
Predicting overwinter survival of ungulates from environmental covariates, such as weather or habitat characteristics,
without the need to capture and monitor animals would be a

Figure 1. Annual survival for mule deer fawns in year t from birth, through
summer and winter survival to recruitment into the population in relation to
plant productivity and winter weather in Idaho, USA. Winter begins in
November or December and winter fawn survival is measured from 15
December to June 1 (dashed line). Summer survival is approximated by aerial
surveys of fawn ratios in December of each year (solid line), leaving the
winter fawn survival as the unmeasured variable of interest in our analysis.
Season setting for harvest management begins in early January and final
seasons are set in early March of each year.
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major step forward for wildlife managers. As a test case, we
used a unique data set of mule deer (Odocoileus hemionus)
juvenile survival in Idaho to evaluate the predictive
performance of large-scale survival models, from simple to
complex, with the ultimate objective of integrating them into
harvest management policies. We tested the predictive
performance of overwinter survival models for mule deer
fawns subjected to a large range of habitat quality, climate,
and predation regimes in Idaho. Our first objective was to
develop predictive models based on readily available winter
weather and forage productivity covariates that would enable
wildlife managers to predict overwinter survival, and thus
population dynamics and harvest, without having to capture
and monitor juvenile deer. We predicted that increased snow
coverage and depth would increase energy expenditure of
locomotion and thermoregulation (Parker et al. 1984) and
thereby deplete stored fat, thus decreasing survival. We also
expected the nutritional content of plants during the previous
growing season would positively correlate with subsequent
winter survival of juvenile mule deer.
Our second objective was to test the ability of each of these
models to make predictions across populations and years to

evaluate the precision–generality trade-off in relation to
complexity. We conducted internal and external validation to
assess the predictive capacity of our large-scale survival
models. We hypothesized that if weather alone affects
overwinter mule deer fawn survival, then models of survival
based only on weather covariates should reliably predict
observed survival rates across populations. Alternately, if
unmeasured variables, such as predation or habitat quality,
play a crucial role, not including habitat–weather interactions
would weaken the predictive capacity of survival models.
Therefore, we subset our regional survival model into 3
ecotype-specific survival models to test if both predictive
performance and predictors of survival differed at the
regional and ecotype levels (Hurley et al. 2014).

STUDY AREA
Our study area covered a wide climatic, predation, and
habitat gradient of mule deer range in Idaho. We monitored
overwinter survival of fawns in 11 Population Management
Units (PMUs) across central and southern Idaho comprised
of 28 different Game Management Units (GMUs; Fig. 2).
The GMUs are hence nested within PMUs that are grouped

Figure 2. A) Hierarchical relationship between mule deer seasonal summer and winter ranges within the deer sampling unit at the Game Management Unit
(GMU; numbered black boundaries) and the larger-scale Population Management Unit (PMU; named grey boundaries), and largest-scale ecotype (transparent
colors) in central and southern Idaho, USA, 2003–2013. We extracted spatial covariates for weather (summer plant growth from the Normalized Difference
Vegetation Index, and snow cover from Moderate Resolution Infrared Spectroscopy Snow Data) from seasonal ranges estimated from radio-telemetry data
during summer and winter, and then associated covariates with individual mule deer within each GMU, nested within each PMU. B) Expected overwinter
survival of fawns in each PMU estimated from the mean of the annual posterior distributions. C) Parameter estimate for the random effect of winter snow cover
for the best fitting random effect model. Green colors denote minimal effect of winter and orange to red colors denote increasing effect of winter.
Hurley et al.
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together to represent ecological (interbreeding) mule deer
populations, which form the basis for management. Through
a hierarchical cluster analysis, we classified GMUs into 3
groups and identified common habitat characteristics of
these groups (i.e, ecotypes) based on the dominant canopy
species on summer range: coniferous forests, shrub-steppe,
and aspen woodlands (Fig. 2; see Fig. S1, available online in
Supporting Information). We then assigned the PMUs to an
ecotype classification based on the classified GMUs. The
GMUs within each PMU were of the same ecotype with the
exception of 1 PMU, Mountain Valley, which was split into
shrub and conifer ecotypes for analysis (Fig. 2). We defined
summer from 15 March to 15 November to encompass the
entire growing season for each population-year. We divided
winter into 3 periods for evaluating the influence of snow
condition on fawn survival: early winter (Nov–Dec), winter
(Jan–Mar), and late winter (Apr). Elevation and topographic
gradients within PMUs affect snow depths and temperature
in winter, and precipitation and growing season length in
summer; elevation increases from the southwest to the
northeast. Areas used by mule deer in the winter in conifer
ecotypes ranged in elevation from 1,001 m to 1,928 m, but
most were <1,450 m. Winter precipitation (winter severity)
varied widely (10–371 mm) in coniferous GMUs. Coniferous ecotype summer ranges are dominated by conifer species
interspersed with cool season grasslands, sagebrush, and
understory of forest shrubs. Semi-desert shrub-steppe PMUs
ranged in elevation from 1,545 m to 2,105 m, with winter
precipitation of 24–105 mm. Summer range within shrubsteppe ecotypes was dominated by mesic shrubs including
bitterbrush (Purshia tridentata), sagebrush (Artemsia spp.),
and rabbitbrush (Chrysothamnus spp.). Aspen ecotype PMUs
were located in the east and south with winter use areas
ranging in elevation from 1,582 m to 2,011 m, with 2 of the 3
PMUs >1,700 m; winter precipitation was 25–146 mm. In
summer, productive mesic aspen (Populus tremuloides)
woodlands were interspersed with mesic shrubs. Mule
deer co-occurred with other ungulate species across the
study area including elk (Cervus elaphus), white-tailed deer
(Odocoileus virginianus), and in some areas, pronghorn
(Antilocapra americana), moose (Alces alces), and bighorn
sheep (Ovis canadensis). Predators of mule deer in Idaho
include mountain lions (Puma concolor), coyotes (Canis
latrans), and bobcats (Lynx rufus) throughout the study area
and in some areas, gray wolves (Canis lupus), black bears
(Ursus americanus), and grizzly bears (Ursus arctos). The
dominant land uses within the study area were farming,
livestock grazing, and recreation.

Clover traps (Clover 1954). We physically restrained fawns
and blindfolded them during processing with an average
handling time of <6 minutes. We used 2 types of radiocollars: expandable collars (model 500 with CB-5; Telonics,
Mesa, AZ, USA) and belt collars (model LMRT-3; Lotek
Wireless, Newmarket, Ontario, Canada). Collars weighed
320–400 grams, were equipped with mortality sensors, and
fastened with temporary attachment plates or surgical
tubing, which allowed the collars to fall off the animals
after approximately 8–10 months. An Idaho Department of
Fish and Game (IDFG) veterinarian or veterinary technician
was on site during most captures to assist with sampling and
assure animal welfare. Animal capture protocols were
approved by the Institutional Animal Care and Use
Committee (IACUC) at the Idaho Department of Fish
and Game Wildlife Health Laboratory and University of
Montana IACUC (protocol no. 02-11MHCFC-031811).
We monitored fawns with telemetry for mortality from the
ground or airplane approximately each week between capture
and 1 June. If we could not detect radio signals from the
ground within 1 week, we located animals via aircraft. When
we detected a mortality signal, we located the fawn and
determined the cause of death using a standard protocol
(Wade and Bowns 1982). Animals that lost radio-collars or
had radio-collars that failed were removed (censored) from
the analysis at the point of failure (i.e., right censored).
Because we wanted to associate individual deer to the
weather and spatial covariates associated with its seasonal
range, we estimated within-GMU level seasonal ranges
across all 11 PMUs (Fig. 2). We captured deer within each
PMU in each primary winter range within a GMU
(range ¼ 1–6 different winter ranges) in proportion to the
distribution and abundance of deer (M. A. Hurley, IDFG,
unpublished data) in each GMU within the PMU. To
exclude migratory periods from the seasonal home range
estimates we used only locations between 1 June and 30
September for summer ranges and between 1 December and
31 March for winter ranges (Sawyer et al. 2005). We created
combined seasonal 95% kernel density utilization distributions using a bandwidth (H) of 0.05 to minimize the
inclusion of unused habitat (Worton 1989). We used all
telemetry and mortality locations collected between 1999 and
2013 (median ¼ 96, range ¼ 21–876) to create winter and
summer utilization distributions for each GMU in the study
areas. We then summarized snow conditions (extent or cover
and depth) and habitat information within the seasonal
home ranges of radio-collared deer for winter and summer
within each GMU.

METHODS

Habitat and Weather Covariates
We used remotely sensed Normalized Difference Vegetation
Index (NDVI; Pettorelli et al. 2005, Pettorelli 2013) as a
measure of summer plant productivity and both Moderate
Resolution Infrared Spectroscopy Snow Data (MODIS
SNOW) and the modeled Snow Data Assimilation System
(SNODAS) as measures of winter snow conditions to
develop spatial covariates for assessing the effects of nutrition
and weather on fawn winter survival. We chose remotely

Capture, Monitoring, and Home Range Development
We varied capture methods depending on winter range
density of deer across 11 years and 11 PMUs. In concentrated
winter ranges, we used helicopters to herd deer into drive
nets as our primary capture method (Thomas and Novak
1991), but in dispersed winter ranges we captured fawns with
a netgun fired from a helicopter (Barrett et al. 1982) or
4
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sensed measures of these covariates because remotely sensed
data are spatially explicit and generally available to wildlife
managers with a shorter delay than PRISM data (Parameterelevation Regressions on Independent Slopes Model; Daly
et al. 2008), allowing a rapid integration into harvest
management programs. Unlike Hurley et al. (2014) who
used an Advanced Very High Resolution Radiometer
(AVHRR)–NDVI gimms dataset (Zeng et al. 2013) from
1998 to 2011, we used MODIS NDVI because it is available
at a finer resolution (250 m) than AVHRR and is available to
present, whereas the NDVI gimms dataset ends in 2011.
We calculated NDVI from 16-day composite MODIS
obtained from the National Aeronautics and Space
Administration (NASA) Land Products Distributed Active
Archive Center (MOD13Q1 NASA [250 m2] data product;
https://lpdaac.usgs.gov/; Huete et al. 2002). We corrected
radiometric sensor anomalies, atmospheric effects, cloud
contamination, and geometric registration accuracies using a
simple temporal interpolation method (Zhao et al. 2005).
We used a minimum NDVI threshold value of 0 to define
periods of little to no photosynthetic activity, and filtered
pixels containing ice and snow data flags from the analysis.
Because phenological changes in NDVI directly represent
ungulate forage dynamics only in non-forested vegetation
types, we extracted NDVI values from only open canopied
grass and shrub vegetation types (not burned within 5 yr),
which we characterized using SAGEMAP land cover data
(U.S. Geological Survey, Forest and Rangeland Ecosystem
Science Center, Snake River Field Station, Boise, ID, USA;
described in Supplemental Materials S1, available online in
Supporting Information). We also restricted NDVI data to
15 March to 15 November to encompass the entire growing
season for each population-year, and excluded winter
anomalies caused by varying snow conditions.
We then used a functional analysis to assess the shapes of
the growing season curves for each population-year
according to the methods of Hurley et al. (2014). Functional
analysis is based on a multivariate functional principal
components analysis of variation in curves of NDVI values
over time. We used the first 2 principal component scores of
the NDVI curves, which accounted for 74% of the variance
and could be interpreted as a measure of annual fall (postNDVI peak) and spring (early growing season) plant growth.
Each of the remaining principal component scores accounted
for 10% of the variance and provided little additional
information to explain the NDVI phenology curves.
To measure winter snow cover, critical for determining
energy expenditure and limiting access to forage, we used 2
different remotely sensed snow products from the MODIS
satellite platform, and SNODAS (Hall et al. 2002, Barrett
2003). The MODIS (MOD10A2) snow data product
measures snow coverage in 8-day composites at a 250-m
resolution using the NASA visible infrared imager radiometer suite (VIIRS) snow cover algorithm (https://nsidc.org/
sites/nsidc.org/files/files/MODIS-snow-user-guide-C5.pdf).
This product provides a uniform worldwide measure of snow
detection for use in modeling snow coverage. We measured
snow cover in 2 different ways during 3 winter periods: early
Hurley et al.
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winter (Nov–Dec), winter (Jan–Mar), and late winter (Apr).
First, we estimated the percentage of each winter period each
pixel was covered by snow (snow or no snow) as a measure of
fractional snow cover. Second, we used the number of weeks
>90% of the winter use area was covered by snow. We used 90%
as a cut off because maximum snow coverage in rugged PMUs of
central Idaho was 91% due to rock and cliff areas. As another
measure of snow effects on survival, we used 2 measures of
SNODAS, which predicts snow depth at 1-km2 daily
resolution. The SNODAS framework is a numeric model
prediction based on air temperature, relative humidity, wind
speed, and precipitation downscaled from a broad 13-km2
resolution to a 1-km2 resolution. The 2 measures were average
depth during the period and the cumulative daily measures
through the period. Overall, we derived 14 biologically relevant
variables from remote-sensed data: functional analysis principal
components for prior season fall plant growth (fall growth),
functional analysis principal components for prior season spring
plant growth (spring growth), mean percentage of snow cover in
November and December (early winter snow cover), mean
percentage of snow cover in January to March (winter snow
cover), mean percentage of snow cover in April (late winter snow
cover), number of weeks with >90% snow cover in November
and December (early winter snow duration), number of weeks
with >90% snow cover in January to March, number of weeks
with >90% snow cover in April, average and cumulative snow
depth in November and December, average (winter snow depth)
and cumulative snow depth in January–March, average and
cumulative snow depth in April.
Our goal was to develop a small set of predictive covariates
and because these covariates were derived from similar data
sources, we expected them to be highly correlated. Ideally we
wanted to keep the best predictive covariate from each
period. To accomplish this, we screened all covariates for
collinearity with a threshold of |r|  0.7 (Dormann et al.
2013) and for collinear pairs retained the individual
covariates with statistically significant relationships
(P < 0.05) with simple discrete time, known-fate models
of overwinter fawn survival. Using these 2 criteria, we
removed 7 covariates from our analysis and retained 7 spatial
covariates ecologically related to mule deer survival: fall
growth, spring growth, early winter snow cover, winter snow
cover, late winter snow cover, early winter snow duration,
and winter snow depth (see Table S3, available online in
Supporting Information).
Survival Modeling
We used Bayesian hierarchical survival models (Royle and
Dorazio 2006, Kery and Schaub 2012) to estimate
overwinter fawn survival from 16 December to 1 June,
including covariates at the appropriate spatial and temporal
resolution for each hierarchical level: individual, seasonal
range (GMU, j ¼ 1. . ..J), and Population Management Unit
(PMU, k ¼ 1. . .K; Fig. 2). We treated survival in a knownfate (with detection probability ¼ 1 because of radio-collars),
discrete-time formulation (Murray and Patterson 2006) in
24 weekly (7-day) intervals from 16 December to 1 June, and
accommodated left and right staggered entry (capture) and
5

exit (mortality) common in wildlife studies (Pollock et al.
1989). We calculated overwinter survival for all individuals,
each GMU, and each PMU as the product of weekly survival
rates estimated for each group using a generalized linear
model with a logit-link function following:
 
^ i ¼ m þ ei
l ogit f

ð1Þ

^ i is the overwinter survival (0, 1) of individual mule deer
where f
i ¼ 1. . .n that is a function of a linear combination of covariates
(see Equation 2 for how we specify covariates), m, and normally
distributed error e. We added hierarchical structure to the
survival estimator with different covariates assumed to influence
deer survival at the individual GMU by season and PMU levels
(Fig. 2). We first considered the hierarchical spatial structure of
seasonal ranges nested within PMUs using hierarchical random
effects (Lukacs et al. 2009, Zuur et al. 2009). Next, we
considered a fixed-intercept difference in survival between
GMUs to be nested within a random-intercept difference in
survival at the PMU level. We chose to place the random
intercept at the PMU, not GMU level because ostensibly spatial
forage and weather covariates were already incorporated at the
GMU level, but a random intercept at the PMU level allowed for
the effect of these GMU-level covariates to vary across PMUs
(Zuur et al. 2009). Next we included a random intercept for year
to allow for temporal variation. We then included a combination
of our spatial weather covariates measured at the seasonal-range
(GMU) scale. Finally, some covariates were likely to have
different effects across GMUs in a manner consistent with
random coefficients. However, because of computational
difficulty, we included only 1 random coefficient for the most
influential covariate measured by effect size and precision in each
model. Thus, the most complex formulation for our hierarchical
survival model was:




^ ijkjt ¼ b0j þ z0t þ z0k þ BXij þ z1k xij þ eijkjt
l ogit f

ð2Þ

^ ijkjt is survival of individual mule deer i ¼ 1. . .n in
where f
seasonal GMU area j ¼ 1. . .J in PMU k ¼ 1. . .K in year
t ¼ 1. . .11, b0j is the fixed-effect (intercept) of each seasonal
range at the GMU level, z0t is the random
of year t,
 intercept

z0k is the random intercept of PMU, BX ij is the vector of
seasonal range-level spatial weather covariates (e.g., fall
growth, spring growth, winter snow cover) at GMU j, z1k is
the random coefficient (slope) at the PMU level on the GMUlevel covariate xij , and eijkjt is the error at the level of individual,
GMU, and PMU in year t. We assumed all random effects
were distributed with mean equal to 0 and unknown variance
(i.e.,  Normal [0, s2]); thus, our prior specification for all
random effects was hierarchically centered with the variance
parameter, s2, estimated from data.
As a final step to estimating unbiased PMU-level survival,
^ kjt , for evaluation of predictive capacity at the PMU-level, we
f
applied a weighting scheme to the estimate obtained with
Equation 2 to weight GMU-level sampling variation in sample
sizes according to the estimated mule deer population size
(IDFG, unpublished data) at the PMU level. Thus, we
6

^ kjt following:
estimated f
^
^ kjt ¼ nbj f
f
nk ijkjt

ð3Þ

where nj ¼ the number of individual mule deer marked in
GMU j that is nested in PMU k.
We fit Bayesian hierarchical survival models with JAGS
(Plummer 2003) using a Metropolis-Hastings Gibbs
Markov chain Monte Carlo algorithm (Gelman et al.
2014; JAGs code available online in Supporting Information). We used non-informative prior distributions for all
covariates in Equation 2 and centered and scaled (e.g.,
standardized) all covariates with a mean of 0. We ran each
model across 3 different chains for 20,000 iterations each,
with a burn-in of 5,000 iterations (Plummer 2003, Gelman
et al. 2014), and obtained posterior distributions, means, and
medians for all estimated parameters. For the final model(s)
in each subset, we eventually ran these models for 100,000
iterations (Gelman et al. 2014).
Model Development and Evaluation
We developed a limited set of candidate models considering
summer and winter seasons for 11 models. We developed
models for all animals in the data set (overall models), and
then partitioned the animals by ecotypes (i.e., ecotype models
for aspen, conifer, and shrub-steppe included only data from
those PMUs within each ecotype). We also developed 2
models (early prediction) using data available prior to 1
January to assess our ability to predict survival prior to winter,
one with a random effect of early winter snow duration and
one without. For candidate model development, we first fit a
model with all 7 covariates (the full model). From this full
model we proceeded to remove the least informative
parameters, based on credible intervals overlapping 0 and
effect size of the standardized covariates, in a purposeful
backward stepwise fashion (retaining each successive model)
until reaching a reduced model where all parameters were
highly informative (Gelman et al. 2014). Because of the high
diversity of weather and habitat characteristics across our
study area, we then added a random effect (coefficient) for
slope for each of the covariates identified in the reduced
model as the most informative parameters (only 1 for each
model) to the full models and reduced models. We did not
apply random effects of covariates to ecotype models because
we expected covariate effects to be similar within ecotypes.
Our final step was to develop models with environmental
covariates collected prior to 1 January as a truly predictive
model for practical use in the harvest season setting process.
Taking advantage of our unusually large sample sizes, we
relied on out-of-sample predictive performance for model
selection. We also calculated commonly used metrics
including the Deviance Information Criteria (DIC), the
mean deviance (over all retained simulations), and the pD, a
Bayesian measure of the effective number of parameters
(Gelman et al. 2014). Thus, for each model, we calculated
cross-validation R2CV, the out-of-sample external validation
R2 EV, DIC, deviance, and pD but favored R2 diagnostics for
model selection.
The Journal of Wildlife Management
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We evaluated models using internal validation and external
validation for our overall set of predictions, and ecotype
models (Hastie et al. 2001). We considered internal
validation as a measure of the model’s goodness-of-fit and
external (e.g., out-of-sample) validation as the strongest
measure of a model’s generality, accuracy and precision
(Hastie et al. 2001), as well as the ultimate model selection
diagnostic (Hooten and Hobbs 2015). We first predicted the
expected survival for each animal given a set of covariates
using Equation 2, using all data for internal cross-validation.
We conducted internal validation for all models (overall,
ecotype, . . .). Second, we conducted external validation
withholding all survival data for 2 years in the center of the
data stream to estimate predictive performance. These years
also represented the range in survival values, where fawns in
2007 exhibited high survival and low in 2008. We did not
externally validate ecotype models because of small sample
sizes but compared ecotype models’ internal validation to our
overall models to evaluate if using finer-scale ecotype models
would increase explanatory power of survival models.
For validation, we compared predicted survival rates from
each Bayesian survival model against observed survival rates
within each year and PMU. Observed survival rates were
estimated using the simple non-parametric, non-distributional Kaplan-Meier (K-M) estimator (Kaplan and Meier
1958):
S^ t;k ¼

t;k 
Y
ni  d i
i¼1

ni

ð4Þ

where S^ t;k is the estimated survival of mule deer in year
i ¼ 1. . .t, and PMU k ¼ 1. . .K, ni is the number of animals
starting each weekly interval, di is the number of deaths, and
the product of the weekly survival rates provides the nonparametric estimator of survival. We used the Pearson
correlation coefficient between observed and predicted
survival to estimate bias and precision (R2 and r). We also
assessed the bias of the regression between observed and
predicted (i.e., a slope of 1 indicates equality of both) using
spline curves and a plot of absolute bias across the range of
survival values.

RESULTS
We captured and monitored 2,529 fawns within 11 PMUs,
averaging approximately 30 fawns/year/PMU (range ¼ 14–75)
from 2003 to 2013 to develop survival models (see Table S1,
available online in Supporting Information). Statewide
overwinter survival of fawns from 16 December to 1 June
ranged from 0.32 (SE ¼ 0.032) to 0.71 (SE ¼ 0.034) during
2003–2013, and mean survival for all years varied across PMUs
(Fig. 2B; for PMU-year specific KM estimates see Table S2,
available online in Supporting Information).
Covariate and Random Effects for Overall Model
Higher snow cover during January through March and a
greater number of weeks in early winter with >90% snow
cover decreased fawn survival (Fig. 3; see Table S4, available
online in Supporting Information). Survival increased with
Hurley et al.
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higher plant productivity as measured by the functional
analysis values, but this effect was more variable between
models in the spring than the effects of plant productivity in
fall (Fig. 3, Table S4) and thus spring growth was not
included in the final model. Winter snow depth and snow
cover in late winter (Apr) had minimal relationship to winter
fawn survival for the overall models (Fig. 3, Table S4).
The high spatial heterogeneity of the study area was
highlighted by the strength of both random intercepts and
random slopes (Fig. 2C, Table S4). There was support for
variation between PMUs in overall survival and also in the
effects of winter weather and plant growth on survival
(Table 1, Fig. 4); each of the top 5 models, as ranked by
internal explanatory capacity, included a random slope term
on one of the most important covariates (Table 1). However,
these models add complexity and parameters and thus were
not considered amongst the top models according to DIC or
external validation diagnostics. Covariate effects also varied
considerably across PMUs. For example, the random slopes
of winter snow cover on survival varied across PMUs, with
the strongest influence in the high elevation southeastern
PMUs and least in the low elevation western PMUs
(Fig. 2C).
Overall Survival Model Validation, Prediction, and
Complexity
Ranking overall survival models using internal validation,
external validation, or DIC produced contrasting perspectives on what was the best model. The best supported overall
survival model in terms of internal explanatory capacity
(R2CV ¼ 0.814) included all covariates with a random effect
(slope) for winter snow cover (Table 1, Fig. 4). If we were to
rank models using DIC, however, a model with 3 covariates
was most supported (R2CV ¼ 0.785; Table 1).
Overall model predictions correlated well with the KaplanMeier survival estimates for the external validation, when
403 mule deer fawns from 2007 to 2008 were left out (Fig. 5).
Although the highest R2CV was obtained with the most
complex model with a random effect of snow cover in winter,
the R2EV was substantially lower when these 2 validation
years were included in the re-parameterization of this top
model (Figs. 4 and 5; R2CV ¼ 0.814 for all years vs.
R2EV ¼ 0.698 with 2007 and 2008 excluded and predicted).
The most parsimonious model with the highest external
predictive power (R2EV ¼ 0.704) was a function of winter
percent snow cover, plant productivity in fall, and of the
number of weeks with complete snow cover in November
and December (Table 1, Fig. 5). The most supported early
prediction model (only covariates before 1 Jan) included fall
growth and spring growth with a random slope for early
winter snow duration with high explanatory capacity
(R2CV ¼ 0.818; Table 1) but low external predictive power
(R2EV ¼ 0.590).
The reduced model produced a slightly lower R2CV
(0.785) between KM and modeled estimates, suggesting a
trade-off between generality and precision when predicting
survival. Although the R2 of the model fit must increase as
covariates are added, the opposite was true in the validation
7

Figure 3. Effects of covariates on mule deer overwinter survival in Idaho, USA, 2003–2013, from the top 6 Bayesian hierarchical models for the full data set (all
study areas) with and without random effects (full fixed and full random), and the top models for each of the subset ecotype models (conifer, shrub, and aspen).
Each figure shows the mean and 75% (thick grey line) and 95% Bayesian credible intervals (thin gray line) for the following covariates: mean snow cover in
November and December (ND%snow), mean snow cover in January to March (W%snow), mean snow cover in April (A%snow), functional analysis principal
components for fall (FPC), functional analysis principal components for spring (SPC), number of weeks with >90% snow cover in November and December
(FWeeks), and average snow depth in January–March (Depth).

(Fig. 4 vs. 5). Validation of these models suggested that the
best performing model in terms of predictive power was not
necessarily the best explanatory model. Interestingly, the
top model ranked by DIC was also the best non-random
effect survival model to successfully predict out-of-sample
mule deer survival (Fig. 5). Our most parsimonious model
predicted better than the more complex models, likely
because the complex models were overfit with the
8

additional parameters. Thus, the absolute best model
from an external validation and prediction perspective in
this case was the simplest function of 3 covariates (model 2
in Table 1).
Ecotype Survival Models and Covariate Effects
Model selection results were similar among aspen and conifer
ecotypes; the top predictive performance models, from
The Journal of Wildlife Management
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Table 1. Model selection for the overall, overwinter hierarchical Bayesian survival model for mule deer fawns based on 2,529 individuals from 2003–2013 in
Idaho, USA. The overall models contain data from all Population Management Units (PMU) and all years, and the full models contain all of the covariates.
For each model, we report the model structure with covariates, Deviance Information Criterion (DIC), difference from lowest DIC (DDIC), effective
number of parameters (pD), deviance, and validation metrics. Early prediction models included only weather covariates obtain prior to 1 January. We
conducted 2 forms of model validation: cross-validation within the observed data (R2CV) and external validation (R2EV) with withheld survival data collected
on 403 mule deer fawns in 2007–2008 in the same study areas. The best model identified by each of the criteria (DDIC, R2CV, R2EV) is marked with an
asterisk. Covariates include mean snow cover in November and December (ND%snow), mean snow cover in January to March (W%snow), mean snow cover
in April (A%snow), functional analysis principal components for fall (FPC), functional analysis principal components for spring (SPC), number of weeks with
>90% snow cover in November and December (FWeeks), and average snow depth in January–March (Depth).
Model
1
2
3
4
5
6
7
8
9
10
11

W%snow(random)þFPCþFWeeks
W%snowþFPCþFWeeks
Full with W%snow(random)
ND%snowþW%snowþA%snowþFPCþSPCþFWeeksþDepth
ND%snowþW%snowþA%snowþFPCþSPCþFWeeks
ND%snowþW%snowþA%snowþFPCþFWeeks
Full with FWeeks(random)
W%snowþFPC(random)þFWeeks
Full with random FPC
FPCþSPCþFWeeks (early prediction)
FPCþSPCþFWeeks(random) (early prediction)

DDIC

DIC

pD

Deviance

R2CV

R2EV

51.5
0.0
91.2
157.4
29.7
157.3
115.0
51.9
90.7
103.4
105.1

11,197.6
11,146.1
11,237.3
11,303.5
11,175.8
11,303.4
11,261.1
11,198.0
11,236.8
11,249.5
11,251.2

2,409.1
2,358.0
2,451.0
2,517.6
2,391.4
2,515.0
2,473.9
2,415.1
2,454.9
2,480.6
2,478.1

8,788.4
8,788.1
8,786.3
8,785.8
8,784.4
8,787.5
8,789.1
8,779.9
8,781.8
8,768.9
8,773.0

0.806
0.785
0.814
0.795
0.796
0.789
0.808
0.800
0.806
0.816
0.818

0.705
0.704
0.698
0.677
0.675
0.671
0.667
0.649
0.628
0.620
0.590

Figure 4. Observed (Kaplan-Meier survival) versus predicted (modeled) overwinter survival of 6-month-old mule deer fawns in southern and central Idaho,
USA, for each Population Management Unit (PMU), 2003–2013. We predicted survival for 2,529 mule deer fawns (approximately 30 fawns/year/PMU,
range ¼ 14–75) using a hierarchical Bayesian survival model that accounted for spatial and temporal variation in covariates. Panel figures display models of
decreasing complexity from top left to bottom right. The top left and bottom left included a random effect of winter snow cover, the others included only a
random intercept. The dashed line is a spline fit to illustrate bias of modeled survival as assessed from observed estimates.
Hurley et al.
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Figure 5. External validation of the overall models of mule deer fawn survival in Idaho, USA, 2003–2013. Sample sizes include approximately 30 fawns/year/PMU
(range ¼ 14–75). We conducted external validation by withholding survival data collected on 403 mule deer fawns in years 2007–2008. We used the models to predict
survival of fawns and then compared the estimate (green circle) to observed survival (Kaplan-Meier estimate) in the Population Management Units. Panel figures
display models of decreasing complexity from top left to bottom right. The top left and bottom left included a random effect of winter snow cover, the others included
only a random intercept. The dashed line is a spline fit to illustrate bias of modeled survival estimates as assessed from observed estimates.

internal validation, were the full models (Table 2, Figs. 3–6).
The best model selected from a traditional DIC perspective
contained fewer covariates and slightly lower predictive
performance (Table 2). The overall predictive performance
of the shrub-steppe models was lower than conifer or aspen,
and the top predictive model had 2 more covariates and 10%
higher predictive performance than the best-selected model
from DIC. Based on parsimony and similar predictive power
(R2CV), the models we would select to predict ecotypespecific survival would be model 4 in aspen with 2 covariates,
model 4 in conifer, and model 1 in shrub-steppe (Table 2).
Internal validation R2CV values of all aspen models were
>0.85, suggesting an improved fit over the most parsimonious
overall model (Table 1 vs. Table 2, Fig. 4 vs. Fig. 6). The best
internally validated model for conifer ecotype was the full
model (Table 2, Fig. 6). This conifer model accounted for
80.3% of the variance observed in overwinter fawn survival.
The best internally validated model for shrub-steppe was the
10

6-covariate model, excluding winter snow depth, accounting
for 60.4% of the variance (Table 2, Fig. 6). The effect of
summer range quality did not have the strength in the ecotypespecific model as in the overall model, likely because of similar
values within the ecotype, whereas winter snow conditions are
more site-specific. Our prediction of lower predictive
performance in lower habitat quality systems was supported
by the lower R2 and consistently higher bias of the conifer and
shrub-steppe models than the aspen models.

DISCUSSION
Our challenge in producing predictive models of survival was
to balance the variance-precision, bias, and generality tradeoffs (Levins 1966) while using readily obtainable covariates
that describe the complexity of our spatially diverse system.
This approach allowed us to select the most parsimonious
model that maximized generality across large regional areas
while minimizing model complexity (i.e., our simplest model
The Journal of Wildlife Management
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Table 2. Model selection for the ecotype-specific, overwinter hierarchical Bayesian survival models for mule deer fawns based on 2,529 individuals, including
all years of data from 2003–2013 in Idaho, USA. The full models contain all of the covariates. For each model, we report the model structure with covariates,
Deviance Information Criterion (DIC), difference from lowest DIC (DDIC), effective number of parameters (pD), deviance, and validation metric (cross
validation R2). The best model identified by each of the criteria (DDIC, R2CV) is marked with an asterisk. Covariates are mean snow cover in November and
December (ND%snow), mean snow cover in January to March (W%snow), mean snow cover in April (A%snow), functional analysis principal components
for fall (FPC), functional analysis principal components for spring (SPC), number of weeks with >90% snow cover in November and December (FWeeks),
and average snow depth in January–March (WDepth).
Model

DDIC

DIC

pD

Deviance

R2CV

Aspen model
1
2
3
4
5
6

ND%snowþW%snowþA%snowþFPCþSPCþFWeeksþWDepth
W%snowþA%snowþFPCþFWeeksþWDepth
W%snowþFWeeksþWDepth
W%snowþFWeeks
ND%snowþW%snowþA%snowþFPCþFWeeksþWDepth
W%snowþFPCþFWeeksþWDepth

13.5
2.9
38.9
0.0
59.3
6.3

3,049.8
3,039.2
3,075.2
3,036.3
3,095.6
3,042.6

672.6
663.0
696.3
655.1
717.5
663.3

2,377.2
2,376.2
2,378.9
2,381.2
2,378.1
2,379.3

0.859
0.856
0.854
0.853
0.852
0.851

Conifer model
1
2
3
4
5

ND%snowþW%snowþA%snowþFPCþSPCþFWeeksþWDepth
ND%snowþW%snowþA%snowþFPCþSPC
ND%snowþW%snowþA%snowþFPCþSPCþWDepth
ND%snowþW%snowþFPCþSPC
ND%snowþW%snowþFPC

24.6
46.7
30.5
0.0
120.0

6,635.5
6,657.6
6,641.4
6,610.9
6,730.9

1367.5
1333.0
1317.5
1288.5
1408.6

5,268.1
5,324.7
5,323.9
5,322.4
5,322.2

0.803
0.799
0.797
0.796
0.795

Shrub-steppe model
1
2
3
4
5
6

ND%snowþW%snowþA%snowþFPCþSPCþFWeeks
ND%snowþW%snowþA%snowþFPCþSPCþFWeeksþWDepth
W%snowþA%snowþFPCþSPCþFWeeks
A%snowþFPCþSPCþFWeeks
W%snowþA%snowþFPCþFWeeks
FPCþSPCþFWeeks

1.7
11.7
11.0
89.9
0.0
42.2

1,285.0
1,295.0
1,294.3
1,373.2
1,283.3
1,325.5

154.3
166.0
165.2
242.7
152.9
191.3

1,130.7
1,129.0
1,129.1
1,130.4
1,130.4
1,134.2

0.604
0.596
0.539
0.535
0.507
0.411

had higher out-of-sample predictive capacity than our most
complex model). This simple model with just 3 covariates, 1
summer vegetation quality and 2 winter snow measures,
should be general enough to estimate overwinter fawn
survival in much of the arid western USA, given the data for
model development were obtained from diverse vegetation
types. The flexibility of a general model is important because
Bishop et al. (2005a) observed winter survival of fawns was
not spatially synchronous even in adjacent winter ranges and
cautioned that extrapolating survival to other populations
can lead to erroneous population estimates, a problem we
solved with our modeling approach that explicitly incorporates hierarchically structured weather and forage covariates.
By combining Bayesian hierarchical survival models with
spatio-temporal data on forage and winter snow conditions
derived from remote sensing, we successfully developed
powerful explanatory mule deer fawn survival models across
the state of Idaho. This supports our general working
hypothesis that climatic variation and primary production are
the major determinants of juvenile mule deer overwinter
survival. Our overall models were able to predict out-ofsample survival with R2EV values that ranged from 0.59–0.71
across time and space. Previous large-scale demographic
syntheses of neonatal elk calf survival (Griffin et al. 2011) and
adult female elk survival (Brodie et al. 2013), developed
relatively parsimonious models to explain spatio-temporal
variation of vital rates over large regions, far greater than our
study. For example, Griffin et al. (2011) predicted 90-day elk
calf survival across 12 populations in 6 states in northwestern
USA using a fairly basic model of the number of predator
Hurley et al.
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species, previous summer precipitation, and May precipitation. This model accounted for a reasonable percentage of
the variation (42%), but the out-of-sample predictive
performance has never been tested.
The success of our approach based on Bayesian hierarchical
models to predict survival requires the matching of spatial or
temporal scale of covariates to survival estimates during the
critical period (Heisey 2012). In this case we measured
MODIS-based NDVI and snow covariates derived from
MODIS and SNODAS products defined by the fawn
habitat use in the population of interest in specific summer
and winter ranges. In addition to these remote sensing
covariates, we also accounted for variation related to largescale processes, such major vegetative differences through the
use of random-effect terms for these unmeasured, but
important, latent variables. The PMUs in Idaho were
developed from movement data of radio-collared animals
representing interbreeding populations that overlapped in
their distribution on summer and fall ranges (Idaho
Department of Fish and Game 2008). These PMU
designations did not necessarily consider differences in
vegetation quality, winter severity, and predation risk
between specific summer and winter ranges. Allowing
intercepts to vary between winter ranges (GMU scale)
within PMUs and across PMUs with random covariate
slopes described the biological processes while minimizing
the noise of inherent differences in PMUs. Our Bayesian
hierarchical survival models provided an efficient means to
capture this mix of measured and unmeasured influences on
overwinter fawn survival across scales.
11

Figure 6. Observed (Kaplan-Meier) versus predicted (modeled) overwinter
survival of 6-month-old mule deer fawns within aspen, conifer, and shrubsteppe ecotypes in southern Idaho, USA, 2003–2013. Sample sizes include
approximately 30 fawns/year/PMU (range ¼ 14–75). The panel figures
display the most supported models of each ecotype from our internal
validation metric. The dashed line is a spline fit to illustrate bias of modeled
survival estimates as assessed from observed estimates.

There was additional evidence in our survival modeling that
ecotypes provided a biologically relevant scale for considering
mechanisms affecting survival. Differences in snow cover
12

between PMUs followed the ecotype divisions based solely
on vegetation cluster analysis (Fig. 2). This suggests that
ecotype could be an important influence on survival through
latent, unmeasured (e.g., random effect) nutritional or
predator differences between ecotypes. Thus ecotype
provides an ecologically meaningful way to partition
PMUs. This is similar to a recent continental-scale synthesis
of elk calf recruitment (which includes overwinter survival)
reporting that ecotype differences accounted for more
observed variation in recruitment than state-level or
administrative boundaries (P. M. Lukacs, University of
Montana, unpublished data).
The ecotype-specific effects of summer-fall forage and winter
snow on mule deer overwinter survival varied between ecotypes
in ways that corresponded to important differences between
PMUs. This is similar to many previous studies of mule deer,
and other ungulates, that used a variety of different measures of
forage and winter severity (Bishop et al. 2005b, 2009; Hurley
et al. 2011). Our approach evaluated the same consistent set of
predictors across a wide geographical gradient and revealed
important between-ecotype differences. For example, fall
phenology (fall growth) was important in the conifer ecotypes
but not in the aspen ecotypes where early winter duration of
complete snow cover and average winter snow cover predicted
survival quite closely (R2CV ¼ 0.853; Table 2). Yet, winter
snow cover had similar magnitude effects on fawn survival in
both aspen and conifer (Fig. 3), but average early winter snow
cover only negatively affected survival in conifer. The forage
production and quality of shrub-steppe communities was
influenced by precipitation, more so than communities with
canopy tree (aspen or conifer) cover as evidenced by the positive
relationship of most types of precipitation (including snow)
and summer phenology to survival. It appears that in these xeric
shrub-steppe ecotypes, any moisture, except early winter snow
(which we interpret as indicating the end of the fall growing
season), will have a positive effect on survival in this ecotype
because these open areas may require winter snow moisture for
plant growth in early spring. In general across all ecotypes,
vegetation phenology as measured by NDVI had much weaker
effect sizes than the 2 primary snow covariates (winter snow
cover and early winter snow duration; Fig. 3). Snow
accumulation is a more fine-scale process than vegetation
phenology because minimal changes in temperature and aspect
will change snowfall to rain. This may explain why fall growth
and spring growth were important in the statewide models but
lose importance in the aspen ecotype model. Phenology is
similar across this region, limiting its effectiveness to
differentiate survival among PMUs within ecotypes. Ginnett
and Young (2000) observed a similar effect where summer
precipitation was positively related to white-tailed deer fawn
recruitment in arid regions but negatively related in more mesic
regions in Texas. In the aspen ecotype, snow depth was
important, likely because of the higher elevation areas and
increased average snow depth.
The PMU-level variation in effect size of remotely sensed
measures of winter snow may also reflect differences in spatial
resolution. For example, the higher resolution of the MODIS
data at 250 m as opposed to SNODAS at 1 km may likely
The Journal of Wildlife Management
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explain greater importance of snow cover compared to snow
depth. The higher resolution may more accurately capture the
effect of elevation and aspect in our topographically variable
winter ranges by reflecting the snow free areas of a winter range
at lower elevation. Other spatial measures of weather, like
PRISM (http://www.prism.oregonstate.edu), could be considered (Hurley et al. 2014). Regardless of which remotely
sensed measure of winter severity was retained in our survival
models, both allowed spatial variation in the measure of snow
to improve predictions of overwinter survival.
The potential discrepancies between predictions and
observations in low survival years likely involve predation or
other factors, which should also result in lower than expected
survival. Previous studies in our system showed the 2 dominant
mortality causes were starvation and predation (Bishop et al.
2005a, Hurley et al. 2011). We exclusively used vegetation
quality and snow covariates to model survival, but this may not
successfully capture predation-related influences of fawn
survival over the winter. For example, in our system, 21%
(10–60%) of the fawns are killed by predators during winter
(M. A. Hurley, Idaho Department of Fish and Game,
unpublished data). Thus we only modeled 79% of the variation
in overwinter survival when ignoring predation. Moreover, the
interaction of weather conditions and habitat may influence
fawn survival through predation risk (Griffin et al. 2011). We
do not mean to imply, indirectly, that all remaining predationrelated mortality is additive. Instead, we suggest that
unexplained mortality could be because of predator-caused
mortality that is only partially compensated, or interactions
between predation and weather covariates. Moreover, previous
studies have reported that most of overwinter fawn mortality
may be compensatory (Bartmann et al. 1992, Bishop et al.
2005a) with predation likely the proximate cause and weather
being the ultimate. Yet analyses similar to ours in a competing
risk framework to understand weather covariate effects on
predator versus starvation mortality causes, for example, could
be used to explicitly estimate the degree of compensation across
our populations (Heisey and Patterson 2006). Our predictive
models also ignored possible density dependence, which could
also contribute to partial compensation (Bonenfant et al.
2009). Understanding the mechanism by which forage-risk
trade-offs translate to mortality may be the last critical step
needed to integrate density and predation into survival models.
Although including covariates representing density and
predation appeals ecologically, from a practical viewpoint,
wildlife managers often will not have access to this information
over large regions. Instead, as our ecotype-scale models
demonstrate, some of this potential difference between
observed and predicted survival seems to be diminished in
the ecotype-scale models with lower predictive performance
occurring in our highest predation risk ecotype, conifer.
We conclude that wildlife population studies should put
more effort into testing the predictive performance of their
models in other systems to understand their generality. The
modeling approach we advocated should enable wildlife
managers to estimate the key vital rate of a population in a
large range of ecological contexts. Because recruitment is the
most variable vital rate that influences population dynamics
Hurley et al.
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of ungulates (Gaillard et al. 2000), the key component should
be the summer or the winter juvenile survival. In mule deer,
like in other ungulates living in northern temperate areas
such as bighorn sheep and elk (King et al. 2006, Eacker
2015), identifying the influences of variation in overwinter
survival might reduce the need to capture and monitor
ungulates annually. Instead, a monitoring system incorporating survival prediction with periodic monitoring for model
calibration would save considerable funds with minimal loss
in accuracy. Our model may also be useful to help managers
assess the relative costs and benefits of collecting different
kinds of population data (e.g., fawn survival versus cheaper
recruitment data), and the risk (e.g., in a structured decisionmaking framework) of adopting different monitoring
approaches. Not collecting any population data might
mean that harvest decisions have a greater risk of overharvesting, for example. But a manager might not have
sufficient funds to develop sophisticated fawn survival data
based on captured animals. Our models could provide a
middle way between these 2 extremes and minimize risk of
poor management decisions. Our most general survival
model reliably predicted overwinter survival of mule deer
fawns through Idaho’s wide variety of vegetation, climate,
and predator communities with easily obtainable remotesensed data pertaining to vegetation quality and winter snow
estimates.

MANAGEMENT IMPLICATIONS
Combining winter survival predictions of juveniles with harvest
and other more easily obtained vital rates, such as adult female
survival and December recruitment ratios, provides an effective
method for managers to estimate true abundance of ungulate
populations. Integrated population models as fully described in
Hurley (2016) and formalized in management-focused
software such as PopR (Nowak and Lukacs 2014) represent
the next step toward realistic population models. This software
fully incorporates our top survival models to provide the critical
vital rate when empirical estimates from radio-collars are not
available or practical. Specifically, the product of winter survival
models and a measure of fawn-adult female ratios in December
(ground or aerial survey) will produce an estimate of true
recruitment to the next birth pulse. Thus by collecting data on
adult survival, fawn ratios, and harvest management, agencies
will have estimates of vital rates required to estimate annual
population trajectories. Survival models should be calibrated
with radio-collared fawns, but once validated or modified for
different vegetation communities, mule deer managers will
realize extensive cost savings if winter fawn survival is now
included in their monitoring program (radio-collared fawns).
The models exclude information related to cause-specific
mortality and mass of deer because this information is not
commonly available to managers. We suggest using the
reduced overall model as the generality will likely transfer to
different environments. To fully integrate the spatial weather
covariates into this IPM framework requires identifying
seasonal use areas (e.g., seasonal ranges), or deer analysis units
(DAU), downloading and extracting the spatial weather
covariate data, performing a functional principal components
13

analysis (Hurley et al. 2014), and then using our predictive
models. Using the early prediction models will provide
managers the ability to predict survival in the current winter,
prior to harvest season development. Survival predictions can
then be verified with the overall models for the entire winter
season. We invite mule deer managers and researchers to
evaluate performance of our models against their current
monitoring program as further validation.
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