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Abstract Sublimation is an important hydrological flux in cold, snow‐dominated ecosystems. In
high‐elevation spruce‐fir forests of western North America, spruce beetle outbreaks have killed trees,
reduced the canopy, and altered processes that control sublimation. We evaluated two hypotheses related to
effects of disturbance on sublimation in this ecosystem: (1) the dominant source for sublimation is
canopy intercepted snow and (2) the loss of canopy following a beetle disturbance leads to less total
sublimation. To incorporate uncertainty hierarchically across multiple data sources and address
phenomenological parsimony, Bayesian statistics were used to analyze 17 years (2000–2016) of winter eddy
covariance flux data at the Glacier Lakes Ecosystem Experiments Sites AmeriFlux sites where a spruce
beetle outbreak caused 75–85% basal area mortality. Our analysis revealed that resistances to sublimate
snow from the canopy were an order of magnitude less than from the snowpack, and the maximum snow
loading capacity in disturbed canopies was reduced to 34% of its pre‐outbreak value. Total sublimation has
decreased since 2010, 2 years after the main outbreak, declining 24% (with a 95% credible interval, C.I.,
between 18% and 38%) during 2014–2016 due to a 32% decrease in canopy sublimation. Snowpack
sublimation only increased 3% over this period. With less total sublimation, the forest retained 6.1%
(4.5–12.3% C.I.) more snowpack mass or equivalently 4.4% (3.2–8.8 C.I.) of the annual precipitation.
Considering tree growth and ecological succession are slow in spruce‐fir forests, this decrease in sublimation
should persist as an increased snowpack for decades, with substantial impacts on catchment hydrologic
processes and potentially streamflow.

1. Introduction

Sublimation is an important process in the water cycles of cold, snow‐dominated land surfaces. It can
account for the loss of a large portion of snowfall during the winter months and contributes a significant
amount to annual water vapor fluxes (Kattelmann & Elder, 1991; Strasser et al., 2008). The amount of sub-
limation loss to the atmosphere during winter can be within an order of magnitude of the amount of soil
water that is lost during other seasons through streams or into the ground water (Musselman, 1994;
Schlaepfer et al., 2014). The importance of sublimation has been studied worldwide (Essery et al.,
2003; Helgason & Pomeroy, 2011; Hiemstra et al., 2006; Kattelmann & Elder, 1991; MacClune et al.,
2003; Molotch et al., 2007; Reba et al., 2012; Zhang et al., 2004; Zhang et al., 2008). Sublimation can account
for half of the annual water vapor flux in subalpine forests of the central U.S. Rocky Mountains (Schlaepfer
et al., 2014). Over the past decade, extensive spruce beetle outbreaks in many North American high‐
elevation spruce‐fir forests have caused widespread tree mortality, led to needle loss, which opened up
the canopy, and potentially altered the processes that control sublimation (Frank et al., 2014; Raffa
et al., 2008).

Numerous snow process models have been developed for water forecasting (Rutter et al., 2009). Sublimation
in these models is generally formulated as an extension of the Penman (1948) equation as a function of radia-
tion, vapor pressure deficit, and turbulence, from one (Mahrt & Vickers, 2005; Pomeroy et al., 1998; Pomeroy
et al., 2007) or two sources (Kongoli et al., 2014), or using an Ohm's law or Fick's law approach (Andreadis
et al., 2009; Gelfan et al., 2004; Mahat et al., 2013; Yamazaki, 2001). These models use varying degrees of
complexity to represent canopy interception of snow from forest characteristics such as leaf area, canopy clo-
sure, and gap area (Moeser et al., 2016; Pomeroy et al., 1998). In general, feedback between canopy intercep-
tion and canopy sublimation is implicit in closing the canopy energy and mass balances (Mahat & Tarboton,
2014). Historically, sublimation and interception were measured by weighing lysimeters or tree‐weighing
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devices (Schmidt, 1991; Storck et al., 2002; Suzuki & Nakai, 2008). The advent of eddy covariance measure-
ments has allowed near continuous multiyear observations of sublimation, which can be analyzed to quan-
tify cumulative trends (Molotch et al., 2007; Suzuki & Nakai, 2008) and to relate sublimation to its
environmental drivers (Knowles et al., 2012). Eddy covariance data are often used to validate sublimation
values predicted by process models evaluated around the world: in Arizona and New Mexico (Broxton
et al., 2015; Svoma, 2017), Idaho (Kongoli et al., 2014), Colorado (Mahat et al., 2013; Marks et al., 2008;
Sexstone et al., 2018), Wyoming (Chen et al., 2015), Canada (Pomeroy & Essery, 1999), France (Santaren
et al., 2007), Tanzania (Cullen et al., 2007), and Tibet (Yang et al., 2011).

Snow models have been used to predict the hydrological response of forests to bark beetle disturbance.
Conceptually, the loss of needles from the canopy and reduction of leaf area allows more (1) radiant energy,
(2) wind, and (3) turbulence to penetrate the understory while (4) decreasing the canopy surface area to
intercept snowfall such that (1)–(3) will increase sublimation throughout the ecosystem while (4) will
decrease it from the canopy (Edburg et al., 2012; Pugh & Gordon, 2013). Modeling studies in Colorado
and Wyoming have predicted less canopy sublimation and more water availability to the land surface fol-
lowing beetle disturbance (Chen et al., 2015; Livneh et al., 2015), while another in British Columbia pre-
dicted that the snowpack can contribute more sublimation than canopy intercepted snow (Bewley
et al., 2010).

Observational studies have inferred different hydrological responses to bark beetles: accelerated snowmelt
in Colorado based mainly on snowpack and radiation measurements (Pugh & Small, 2012); increased
streamflow in Colorado identified by historical stream gauge measurements (Bethlahmy, 1974;
Bethlahmy, 1975) or by using a water stable‐isotope mass balance (Bearup et al., 2014); the potential for
longer snowpack duration in Montana based mainly on snowpack and eddy covariance measurements
(Welch et al., 2015); and minimal changes in Colorado andWyoming based on streamflow, eddy covariance,
stable‐isotope measurements, and process models (Biederman, Harpold, et al., 2014; Biederman et al., 2015;
Millar et al., 2017). There are few observational studies that investigate the sublimation response. In a
Wyoming forest, the stable isotopes of snowpack were used to show that beetle impacted stands have higher
sublimation (Biederman, Brooks, et al., 2014), but when eddy covariance data from that forest were com-
pared to an unimpacted stand in Colorado, cumulative winter vapor loss was lower (Biederman, Harpold,
et al., 2014). An analysis of the eddy covariance data from that Colorado site showed that the canopy contri-
butes more sublimation than the snowpack (Molotch et al., 2007).

In this study, we analyzed 17 years of eddy covariance sublimation measurements from a subalpine
spruce‐fir forest severely disturbed by a spruce beetle outbreak (Figure 1). While a variety of statistical
approaches could potentially be used to analyze these data, such as a time series analysis or a regression
analysis relating sublimation to environmental drivers, these do not incorporate the physical processes
that drive sublimation and thus cannot be used to explain or test hypotheses about the physical
mechanisms of how bark beetles impact sublimation. By utilizing Bayesian statistics, our statistical
model describes how sublimation is related to canopy interception, energy and snow mass balance,
and environmental drivers using formulations similar to those found in snow process models while hier-
archically incorporating uncertainty, providing probabilistic quantification of parameters, and penalizing
overfitting with parsimony. This allows us to perform an analysis that not only quantifies the observed
trends in sublimation, it provides insight into the underlying processes through which bark beetles
cause these changes. We do not utilize snow process models (Rutter et al., 2009), which to our knowl-
edge are all prognostic and not diagnostic. That is to say, they are predictive and do not fit parameters
based on the probability that the snow process model fits the data. These are best used to evaluate
hypothesis about how snow processes could respond under different scenarios, regardless of whether
or not those scenarios actually occur. However, here our goal is to conduct a diagnostic analysis to eval-
uate hypotheses about how snow processes responded to a specific event that was observed. This
requires us to implement a probabilistic feedback structure between parameters and data, which is
not trivial to accomplish and requires some adaptation and simplification of snow processes in order
to achieve statistical and computational stability. We use this analysis to evaluate the following hypoth-
eses. (1) The mass of snow intercepted by the canopy is the dominant source of sublimation in a sub-
alpine forest. (2) A spruce beetle outbreak, which causes substantial tree mortality, results in less
canopy interception of snow and, thus, lower total sublimation from the ecosystem. We test these
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hypotheses by comparing Bayesian posterior distributions that describe canopy versus snowpack
sublimation based on forested leaf area observed with and without the impact of beetles.

2. Methods
2.1. Site Description

We examine the consequences of a spruce beetle (Dendroctonus rufipennis) epidemic on the winter sub-
limation of snow in an Engelmann spruce (Picea engelmannii)‐subalpine fir (Abies lasiocarpa) forest in
the Snowy Range mountains of southeastern Wyoming. The Glacier Lakes Ecosystem Experiments Site
(GLEES) is a high‐elevation forest (3,190 m) managed for long‐term research by the Forest Service, U.S.
Department of Agriculture since the 1980s (Musselman, 1994). Eddy covariance measurements have
been conducted continuously for nearly two decades at the GLEES Brooklyn Tower (US‐GBT, 1999–
2006) and GLEES (US‐GLE, 2004 to present) AmeriFlux sites (http://ameriflux.lbl.gov/). Beginning in
the mid‐2000s, a spruce beetle outbreak led to the mortality of a vast majority of mature spruce, reach-
ing epidemic proportions in 2008 and causing widespread mortality in 2010 (Frank et al., 2014). As a
consequence, 75–85% of the forested basal area had been affected (Fornwalt and Negron, unpublished
data from 2010; Speckman et al., 2015). Here we consider data only from November to April, a

Figure 1. A snowstorm, which (a) fell on 1 May 2016 at the Glacier Lakes Ecosystem Experiments Site AmeriFlux site (http://ameriflux.lbl.gov/), deposits snowfall
in the canopy that sublimates away over (b) 24, (c) 48, and (d) 72 hr. A major spruce beetle (Dendroctonus rufipennis) outbreak in this subalpine forest has caused
significant Engelmann spruce (Picea engelmannii) mortality where the remaining snags (visible in the bottom right corner of each panel) have little ability to
intercept snow. Photos courtesy of the Phenocam network (http://phenocam.sr.unh.edu).
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timeframe that always has a persistent snowpack and is nearly always below freezing (Schlaepfer
et al., 2014).

2.2. Measurements
2.2.1. Micrometeorology
A majority of the field measurements in this study come from the GLEES AmeriFlux site (41°21′59.55″N,
106°14′23.87″W). Eddy covariance fluxes of sensible heat (H, W/m2) and latent heat (λEs, W/m2) between
the land surface and the atmosphere were measured with a sonic anemometer (model SATI/3Vx, Applied
Technologies, Inc., Longmont, CO, USA) and an open‐path infrared gas analyzer (IRGA; LI‐7500, Li‐Cor,
Inc., Lincoln, NE, USA) mounted at the height za = 22.65 m with the data processed each half‐hour, median
despiked (Frank et al., 2014), screened for quality assurance/quality control (QA/QC; Vickers & Mahrt,
1997), IRGA postcalibrated (Meek et al., 1998), rotated into planar‐fit coordinates (Lee et al., 2004), time
lag adjusted, spectrally corrected (Massman, 2000), and Webb‐Pearman‐Leuning corrected (Webb et al.,
1980; including a modified version of the IRGA self‐heating adjustment; Burba et al., 2008). One detail not
relevant in Frank et al. (2014) was the use of a different IRGA from January to March 2006 (NIRGA,
NOAA, Air Resources Laboratory, Atmospheric Turbulence and Diffusion Division, Oak Ridge, TN, USA).
Wind velocity (Ua, m/s) and friction velocity (u*, m/s) were also measured with the sonic anemometer.
Ambient meteorological measurements were made of temperature (Ta, °C, RTD‐810, Omega Engineering,
Inc., Stamford, CT, USA), relative humidity (RH, %, 083D, Met One Instruments, Inc., Grants Pass, OR,
USA), pressure (pa, kPa, AB‐2AX Intellisensor II, Atmospheric Instrumentation Research, Inc., Boulder,
CO, USA and 61202 V, R. M. Young Company, Traverse City, MI, USA), four‐component net radiation
(Rn, W/m2, which includes upwelling and net longwave radiation, Rl↑ and Rn,l, respectively, PSP and PIR,
Eppley Laboratory, Newport, RI, USA), and Rn (Q*5.571 Net Radiometer, Radiation and Energy Balance
Systems, Inc., Bellevue, WA, USA). Further details are explained in Frank et al. (2014).

We present data from the GLEES Brooklyn Tower AmeriFlux site located 85 m south‐southeast of the
GLEES scaffold (41°21′56.82″N, 106°14′22.81″W), which was operational from November 1999 to
August 2006 (http://ameriflux.lbl.gov/). The eddy covariance system was mounted due west at the height
za = 27.12 m and featured a sonic anemometer (model SATI/3Vx, Applied Technologies, Inc., from
November 1999 to January 2006) and three fast‐response hygrometers: a NIRGA (NOAA, Air Resources
Laboratory, Atmospheric Turbulence and Diffusion Division, from November 1999 to September 2002,
September 2003 to March 2005, and August 2005 to January 2006, mounted 0.22 m east, 0.05 m north,
and 0.25 m below the sonic), a LI‐7500 (Li‐Cor, Inc., from November 2001 to April 2002 and June 2002
to October 2003, mounted 0.29 m east, 0.19 m north, and 0.03 m above the sonic), and a KH2O
(Campbell Scientific, Inc., Logan, UT, USA, from November 1999 to November 2001, mounted 0.14 m
east, 0.08 m south, and 0.15 m below the sonic). The eddy covariance data were processed the same as
the primary GLEES AmeriFlux data described above and in Frank et al. (2014) but required a different
formulation of the self‐heating correction appropriate for the NIRGA (Burba et al., 2008) and the oxygen
correction for the KH2O (van Dijk et al., 2003). Ambient meteorological measurements were made of Ta
and RH (CS500, Campbell Scientific, Inc., mounted at 27.8 m), pa (AB‐2AX Intellisensor II, Atmospheric
Instrumentation Research, Inc., mounted at 27.4 m), four‐component Rn (PSP and PIR, Eppley
Laboratory, Newport, RI, USA, until September 2003, mounted at 28.7 m), and Rn (Q*5.571 Net
Radiometer, Radiation and Energy Balance Systems, Inc., mounted at 28.7 m). Snowpack depth (zp, m)
was measured continuously at 3.12 m on this tower (Depth Sensor, Judd Communications, from July
2001 to June 2014 and January 2015 to present). We calculated values for vapor pressure deficit (D,
kPa), density of dry air (ρd, mol/m3), and density of water vapor (ρv, mol/m3) above the land surface
based on the meteorological measurements for both of the AmeriFlux sites.

We also present data from a subcanopy eddy covariance system mounted close to the snowpack at 6.5 m
on the GLEES scaffold, which was installed in October 2012 and is available from the GLEES AmeriFlux
site (http://ameriflux.lbl.gov/). Understory fluxes of latent and sensible heat sourced from the snowpack
(λEs,p and Hp, W/m2) were measured with a sonic anemometer (model SATI/3Vx, Applied Technologies,
Inc.) and an IRGA (LI‐7500, Li‐Cor, Inc.) on a boom pointed due west and extending ~1 m past the foli-
age of a mature subalpine fir, with the IRGA mounted 0.24 m east, 0.08 m south, and at the same height
of the sonic. The eddy covariance data were processed the same as the primary GLEES AmeriFlux data
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described above and in Frank et al. (2014). Beginning in February 2014, four component net radiation
was also measured above the snowpack (Rp

n , W/m2, which includes net longwave radiation, Rp
n;l , CNR

4 Net Radiometer, Kipp & Zonen, Delft, The Netherlands). These data were screened to remove measure-
ments concurrent with snow accumulation on the net radiometer.
2.2.2. Precipitation
Precipitation (P, mm snow water equivalent, SWE, converted to mol/m2 for the statistical model) was mea-
sured at the nearby National Atmospheric Deposition Program (http://nadp.slh.wisc.edu/) site WY95
(41°21′53.57″N, 106°14′26.80″W) located 196 m south‐southwest of the GLEES scaffold (Universal rain
gauge, daily cumulative precipitation only, Belfort Instrument, Baltimore, MD, USA, until November
2008 and NOAH IV, ETI Instrument Systems, Fort Collins, CO, USA, November 2008 to present, both
gauges shielded and unheated).
2.2.3. Gap Filling
For most ambient meteorological values surrogate data were available from other comparable measurement
at the GLEES site (i.e., Ta, RH, pa,Ua, Rn, and P and their calculated measurementsD, ρd, and ρv). The zpwas
gap filled with a simple model where height is incremented with new precipitation, which is assumed to
exponentially decay from a snow density of 10% to 40% over 3 days of settling. The u* was gap filled from
a linear regression with Ua that was applied seasonally. From 2000 to 2016, 34%, 10%, 17%, 32%, 38%,
23%, 29%, 12%, 20%, 19%, 21%, 48%, 22%, 21%, 24%, 34%, and 42% of the winter λEs data were missing.
These were gap filled only to report cumulative sublimation; missing data were replaced with the values
derived from our Bayesian analysis in section 2.4.

2.3. Modeled Predictor Variables

Several variables that we did not measure are required for the statistical analysis described in section 2.4. We
estimated these values from various data sources available for our site. The methodologies used to model
each of these predictor variables are described in the following sections.
2.3.1. Leaf Area Index
We characterized the change in one‐sided leaf area index (LAI, m2/m2) over nearly two decades resulting
from the spruce beetle outbreak by modeling the Moderate Resolution Imaging Spectroradiometer
(MODIS) TERRA platform LAI (Myneni et al., 2002; https://lpdaac.usgs.gov/data_access, maintained by
the NASA Land Processes Distributed Active Archive Center (LP DAAC), USGS/Earth Resources
Observation and Science (EROS) Center, Sioux Falls, South Dakota, 2016) in the 1‐km2 pixel containing
the AmeriFlux scaffold. Similar to Frank et al. (2014), the MODIS data were selected for peak summer
LAI and screened for QA/QC; here we did not apply the coniferous forest multiplier of 2 for two‐sided
LAI appropriate for studies of gas exchange. We used a Bayesian analysis (Kruschke, 2014) to describe every

MODIS measurement as LAI eN dLAI; σLAI� �
where the normal distribution is defined as θ ~ N(a, b)

with expected value E(θ) = a and variance var(θ) = b2. The predicted dLAI is defined as a function of time
(td, days) by the logistic sigmoid function

dLAI ¼ ΔLAI tanh
β50 td−t50ð Þ

ΔLAI
þ LAI50 (1)

where LAI50, t50, and β50 are process parameters for the LAI, time, and change in slope at themidpoint of the
decline and ΔLAI is the absolute change from the midpoint to the asymptote; all were defined with normally
distributed prior distributions except σLAI, which had a gamma prior distribution. We define the pre‐beetle
LAI as the value at the left horizontal asymptote, which is ΔLAI + LAI50. In situ radiation measurements of
LAI collected from before the spruce beetle outbreak in an area of ~0.15 km2 with ~10% overlap with
the MODIS pixel and during the outbreak in the area of the eddy covariance measurement footprint
(Nikolov & Zeller, 2006, Text S1 and Figure S1 in the supporting information) were compared to these
MODIS based values.
2.3.2. Net Radiation Above the Snowpack
Net radiation above the snowpack was modeled because (1) the net radiometer at 6.5 m was not installed
until February 2014 and (2) understory shortwave radiation measured with a single subcanopy radiometer
often differs wildly from a more representative spatial average (Musselman et al., 2015). Rp

n is defined by
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Beer's law with a canopy extinction coefficient (κ, unitless), which is assumed to apply equally to shortwave
and longwave radiation (Ross, 1975; equation (2)).

Rp
n ¼ e−κLAIRn (2)

The value for κ was determined using Bayesian analysis. Only longwave measurements, Rn,l and Rp
n;l, were

used to estimate κ because of the uncertainty in understory shortwave measurements. Data were screened
for QA/QC to remove measurements coincident with snow accumulation on the sensors. The Bayesian ana-

lysis described every half‐hour measurement as Rn;l eN bRn;l; σRn

� �
and Rp

n;l eN bRp
n;l; e

−κLAIσRn

� �
where the

process parameters bRn;l were defined with uniform prior distributions, the values bRp
n;l ¼ e−κLAIbRn;l , κ and

σRn were defined with prior gamma distributions, and multiplying the standard deviation σRn by Beer's
law transmittance controlled for heteroscedasticity of residual errors caused by the different magnitudes
of the radiation measurements.
2.3.3. Heat Flux Into the Snowpack
The heat flux into the snowpack (G, W/m2) was modeled from an analysis that combined a snow accumula-
tion and compactionmodel with a numerical solution to the heat equation using the explicit finite difference
method. In short, snowpack density is a function of time and depth and was calculated from a Bayesian ana-
lysis of daily precipitation, snowpack height, and periodic snow pit measurements of vertical density profiles
(Berryman et al., 2018). Thermal conductivity of snow was predicted from its density (Sturm et al., 1997).
Finally, the heat equation was solved numerically assuming an upper boundary condition for snow tempera-
ture equal to the black body temperature associated with upwelling longwave radiation (Rl↑) and a lower
boundary condition of 0 °C.
2.3.4. Rate Change of Energy Stored in the Canopy
The rate of change of energy stored in the canopy (J, W/m2) was a summation of the sensible and latent
heat storage fluxes into the canopy airspace and the heat storage fluxes into the canopy leaves and
trunks. Each component was estimated assuming a multilayer cylindrical canopy using the methodology
of Haverd et al. (2007) and adapted for GLEES using site‐specific forest inventories (Bradford et al.,
2008; Fornwalt, unpublished data from 2010), allometrics and thermal properties for Engelmann spruce
and subalpine fir (Kaufmann et al., 1982; Kaufmann & Troendle, 1981; TenWolde et al., 1988), and
changes in trunk moisture content following spruce mortality (Laurila & Lauhanen, 2010). This term
neglects the change in energy storage in the canopy snow as the amount of snow mass cannot be deter-
mined a priori to the Bayesian analysis. Considering that this mass will always be far less than the
snowpack, its energy storage was assumed to be negligible relative to G.

2.4. Statistical Analysis

We analyzed 17 years of half‐hour above canopy sublimation data, including 4 years with subcanopy
eddy covariance measurements, to test hypotheses about the relative importance of the canopy and
the impact of the beetle outbreak on sublimation. To accomplish this we used Bayesian statistics, which
are implemented using Markov chain Monte Carlo (MCMC) methods (Kruschke, 2014). This approach
allows us to explicitly define the likelihood of observing all of these data with a statistical model based
on the two‐source energy balance and canopy snow mass balance framework defined in the following
sections. In a Bayesian framework, process parameters are assumed to have prior probability distribu-
tions, which are combined with the likelihood of observing the data to construct posterior probability
distributions. A powerful property of Bayesian analysis is equivariance, where variables that are calcu-
lated from posterior parameters also have posterior probability distributions from which statistical infer-
ences can be made; these are identified as derived quantities (Hobbs & Hooten, 2015). Therefore, while
the Bayesian analysis directly estimates posterior distributions that define specific components of the
conceptual framework (Figure 2), we can derive quantities that also have testable posterior distributions
but are more recognizable (e.g., canopy snow mass, sublimation from the different sources, and inter-
ception with or without the impact of beetles). While Bayesian analysis can be similar to a frequentist
analysis that uses maximum likelihood to estimate parameters, Bayesian techniques allow for more
complex statistical models that are less correlative and more mechanistic or process based (Dormann
et al., 2012). For example, in this study a time series analysis of sublimation data could demonstrate
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a decreasing trend, though it could not take into account interannual climate variability; or a linear
regression between sublimation and its environmental drivers could show a beetle mortality effect,
though it could not explain or be used to test the processes causing this decline. A Bayesian analysis
can address these shortcomings while also propagating uncertainties of the measurements and model
structure through the analyses. Yet as MCMC techniques become more commonly applied to process‐
based models, it can be difficult to distinguish the difference between statistical analysis and
stochastic simulation (Hartig et al., 2011). While our analysis is distinct from a forward (i.e.,
mechanistic) process model where no parameters are fitted, it can appear somewhat similar to a
fitted process‐based model where some parameters are fitted or tuned to a subset of data (Dormann
et al., 2012). A Bayesian analysis is not an elaborate tuning exercise, but rather, the parameters are
determined probabilistically as the most likely given the data and statistical model. The fundamental
difference is the likelihood, which is calculated from the data for a statistical analysis but must be
simulated for a stochastic simulation (Hartig et al., 2011). Thus, to some degree, the underlying
processes described in a statistical analysis are implied by the data. A directed acyclic graph (Hobbs
& Hooten, 2015) of the statistical model is presented in Figure 3.
2.4.1. Statistical Model: Two‐Source Energy Balance Framework
In the Bayesian analysis, the likelihood is constructed from a data model describing every half‐hour mea-

surement of λEs as a normal distribution defined with a mean (λbEs) and standard deviation (process para-
meter σ, W/m2; equation (3)).

λEseN λbEs; σ
� �

(3)

The predicted mean (λbEs) is derived from the sum of sublimation originating from two sources: snow inter-
cepted by the canopy and the snowpack. To describe this process we adapt the two‐component framework of
Shuttleworth and Wallace (1985; Figure 2). This begins with the land surface energy balance

Figure 2. Conceptual diagram of the two‐source energy balance and conservation of canopy snow mass framework used
for statistical analysis of sublimation data. The canopy interception (I) of precipitation (P) is stored as mass in the
canopy (ms). Net radiation from above the land surface (Rn) and above the snowpack (R

p
n), heat flux into the snowpack (G),

the rate change of energy stored in the canopy (J), and the vapor pressure deficit above the land surface (D) drive
sensible (H) and latent heat flux (λEs, i.e., sublimation) from the snowpack (p) and the canopy (c). These two paths of
atmospheric resistance (r) restrict water vapor flow out of the snowpack and canopy, restrict heat and vapor flow
through the understory (u) and canopy boundary layer (b), and aerodynamically resist (ra) the turbulent fluxes as they
ascend out of the land surface. When Es,c and canopy unloading (U) have depleted ms below a threshold, then rc → ∞,
transforming the system to a single source of sublimation from the snowpack.
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H þ λEs ¼ Rn−G−J (4)

This energy balance neglects, most notably, the horizontal advection of energy, which cannot be measured
by eddy covariance. Using techniques similar to Penman (1948), latent heat flux can be defined as

λbEs ¼
Δ a3

ra
rb∣u

þ a1 þ 1
� �

Rn−Jð Þ þ a2−a1ð ÞRp
n− a3

ra
rb∣u

þ a2 þ 1
� �

G
h i

þ a3
ρCp

rb∣u
D

Δþ γð Þ 1þ a1 þ a2 þ a1a2 þ a3
ra
rb∣u

� � (5)

Latent heat flux from the land surface is constituted from the enthalpy of sublimation or vaporization (λ,
J/mol; see equation (15)) and the sublimation of water vapor (Es, mm SWE, converted to mol·m−2·s−1 for
the statistical model). Sublimation is driven by the net radiation above the land surface (Rn) and the snow-
pack (Rp

n), the heat flux into the snowpack (G), the rate change of energy stored in the canopy (J), and the
vapor pressure deficit above the land surface (D). Aerodynamic resistance (ra, s/m), canopy boundary layer
resistance (rb, s/m), canopy snow resistance to water vapor flow (rc, s/m), snowpack resistance to water
vapor flow (rp, s/m), and understory resistance (ru, s/m) are defined below (see equations (11)–(14)). The
slope of the saturation vapor pressure to air temperature (Δ, kPa/K), density of air (ρ, kg/m3), specific heat
of air (Cp, J·kg

−1·K−1), and psychrometric constant (γ, kPa/K) are defined below (see equations (16)–(18)).
The parallel resistance rb|u is defined as

1
rb∣u

¼ 1
rb

þ 1
ru

(6)

Finally, ratios a1 through a3 are defined as

Figure 3. Directed acyclic graph conceptualizing the statistical analysis of sublimation data from 17 winters (2000–2016)
at Glacier Lakes Ecosystem Experiments Site. The Bayesian data model fits latent heat flux measurements (λEs) from a
normal distribution with a predicted mean (λbEs) based on the two‐source energy balance and canopy snow mass
balance. The Bayesian analysis combines micrometeorological data (white boxes), predictors that are modeled from the
site (orange dashed boxes and ellipses), process parameters (blue ellipses) and derived quantities (gray dotted ellipses) to
predict half‐hourly data. The Bayesian analysis defines all process parameters with prior distributions and uses Markov
chain Monte Carlo techniques to estimate their posterior distributions. Values within boxes are fixed throughout the
analysis while those within ellipses have probability distributions. The Bayesian cut function (solid black diode symbol)
restricts the flow of information in one direction between values with probability distributions. LAI = leaf area index.
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a1 ¼ γrp
Δþ γð Þru (7)

a2 ¼ γrc
Δþ γð Þrb (8)

a3 ¼ 1þ γ rc þ rp
� �

Δþ γð Þ rb þ ruð Þ (9)

Once all snow sublimates from the canopy (Figure 1), we consider the forest to be a dual sensible heat/single
latent heat sourced system. The framework from Massman (1992) can be adapted to describe the process
when the snowpack becomes the only source of sublimation (equation (10)).

λbEs ¼
Δ ra

raþru
Rn−Jð Þ þ ru

raþru
Rp
n−G

� �
þ ρCp

raþru
D

Δþ γ 1þ rp
raþru

� � (10)

The fundamental difference between the two‐source versus one‐source sublimation framework is the
canopy snow resistance to water vapor flow, such that as rc → ∞ then equation (5) converges to
equation (10). Thus, rc is defined toward an asymptotic resistance (process parameter rc,o, s/m) for ample
snow but approaches infinity when the mass of snow within the canopy (ms, mm SWE, converted to
mol/m2 for the statistical model) sublimates below a threshold (process parameter ms,thresh, mol·s
m−3; equation (11)).

rc ¼ rc;o þms;thresh

ms
(11)

By defining rc in this manner, the statistical model essentially transitions between one and two sources
of water.

We define the other resistances in our statistical model through phenomenological relationships to their
important environmental drivers. Aerodynamic resistance (ra) is adapted from Brutsaert (1982) from the
wind velocity and friction velocity above the land surface (equation (12)).

ra ¼ Aa
Ua

u2*
(12)

We modified the definition in Brutsaert (1982) to include the process parameter (Aa) because an argument
can be made that due to imperfect measurements of latent energy (i.e., the potential for surface energy
imbalance) that all resistances in the two‐source framework should be fit to the data, and we used model
selection, that is, parsimony, analysis (Spiegelhalter et al., 2002) to justify this alteration (analysis not
shown). Canopy boundary layer resistance (rb) is defined as a reduced expression from Massman (1999)
comprising LAI, u*, and a process parameter (Ab) (equation (13))

rb ¼ Ab

1−e−
LAI
2

� � ffiffiffiffiffi
u*

p (13)

Snowpack resistance to water vapor flow (rp) is a process parameter that is considered constant through
time, though it probably changes dramatically with morphology of the snow surface, which varies between
fresh powder and ice. Finally, understory resistance (ru) is the series combination of within‐canopy aerody-
namic resistance and snowpack boundary layer resistance, which we define from the geometric mean of
these from the formulations in Massman (2004) comprising LAI, u*, and a process parameter
(Au) (equation (14))

ru ¼ Au

ffiffiffiffiffiffiffiffi
LAI

p
u

4
3
* (14)

Other definitions include
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λ
mv

¼ 2835; Ta≤0°C
2501−2:37Ta; Ta>0°C

(
(15)

ρCp ¼ mdρdCp;d þmvρvCp;v (16)

Δ ¼ 0:61365
17:502ð Þ 240:97ð Þ
240:97þ Tað Þ2 e

17:502Ta
240:97þTa (17)

γ ¼ mdCppa
λ

(18)

which contain the specific heat of dry air (Cp,d = 1010 J·kg−1·K−1), specific heat of water vapor
(Cp,v = 1846 J·kg−1·K−1), molecular mass of water vapor (mv = 18.0153 g/mol), and molecular mass of dry
air (md = 28.9625 g/mol).
2.4.2. Statistical Model: Canopy Snow Mass Balance
A canopy snowmass balance that receives input from canopy intercepted precipitation (I, mol/m2) and loses
output as snow unloading (U, mol/m2) and canopy sublimation (Es,c, mm SWE, converted to mol·m−2·s−1

for the statistical model) is included in the statistical model. For consecutive half hours, t and t + 1, this is
calculated as

ms t þ 1ð Þ ¼ ms tð Þ þ I tð Þ−U tð Þ−∫Es;c tð Þdt (19)

We use the canopy interception model of Hedstrom and Pomeroy (1998) (equation (20))

I ¼ ms;max−ms
� �

1−e−
ωP

ms;max

� �
(20)

where the maximum snow load in the canopy (ms,max, mm SWE, converted to mol/m2 for the statistical
model) is a function of LAI and ω is a process parameter related to the area of canopy coverage per area
of ground, which is a simplification from Hedstrom and Pomeroy (1998). We defined ms,max = βms,max

LAIn where βms,max (mol/m2) and n are process parameters. This is a modification from Hedstrom and
Pomeroy (1998) where the exponent allows a stronger relationship between changes in LAI and the maxi-
mum snow loading; we used model selection analysis (Spiegelhalter et al., 2002) to justify this alteration
(analysis not shown). While it is possible that ω should also decrease following the outbreak, we set it con-
stant for computational simplicity and justify this because most of the dead trees remain standing as snags
with intact branches, which cover roughly the same projected surface area on the ground (Figure 1). The
quantity ms,max accounts for the fact that these trees have little snow load capacity. Unloading is defined
as U = msβunload, which is similar to (Hedstrom & Pomeroy, 1998) by simply unloading a fixed proportion
of canopy snow at all times; βunload is a process parameter. To complete the canopy snow mass balance,
the sublimation from the canopy is defined (equation (21)).

Es;c ¼ 1
λ

Δ 1þ ra
rb

� �
Rn−Jð Þ−Rp

n−
ra
rb
G

h i
þ ρCp

rb
D− Δþ γð Þ rarb λEs

Δþ γ 1þ rc
rb

� � (21)

The canopy snow mass neglects snowmelt (assumed to be negligible due to consistent below freezing
temperatures) and the temperature dynamics of the maximum snow load (Hedstrom & Pomeroy, 1998).
2.4.3. Expanding the Data Model to Include Measurements of λEs,p, H, and Hp

We also considered measurements from the subcanopy eddy covariance system, which began in 2012, to
enhance our understanding of how sublimation is partitioned. We conducted four data analyses cover-
ing the 2013–2016 water years with expanded data models to predict measurements of (I) λEs, (II) λEs
and λEs,p, (III) λEs and H, and (IV) λEs, λEs,p, H, and Hp. Because these four analyses only considered
postbeetle years when LAI had stabilized, the maximum snow loading was simplified to ms,max = βms,max

LAI (i.e., the exponent n was removed from LAI). For these analyses, the likelihood is expanded to

predict each half‐hour measurement with λEs;p eN λbEs;p; σ
� �

, H eN bH; σ
� �

, and Hp eN bHp; σ
� �

using

the predicted quantities for latent and sensible heat in equations (22)–(24).
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λbEs;p ¼ λbEs−λEs;c (22)

bH ¼ Rn−G−J−λbEs (23)

bHp ¼ Rp
n−G−λbEs;p (24)

In analyses (III) and (IV), all of the energy balance terms in equation (4) are included as either data or mod-
eled predictors. This can be an issue because of the well‐known energy imbalance problem at flux sites (Stoy
et al., 2013;Wilson et al., 2002). To avoid this, we applied separate energy balance closure process parameters
(ψλEs and ψH) to fit the latent and sensible heat flux measurements and we used model selection analysis
(Spiegelhalter et al., 2002) to justify separate parameters (analysis not shown).
2.4.4. Computation
We performed all analyses using R (version 3.2.2; R Core Team, 2015). To estimate the parameters describing
the modeled predictors LAI and Rp

n (i.e., LAI50, t50, β50, ΔLAI, and κ), we used packages CODA (Plummer
et al., 2006) and rjags (Plummer, 2015b) within RStudio (version 0.99.486; RStudio Team, 2015) and imple-
mented MCMC analysis with JAGS (version 4.0.0; Plummer, 2003). Because these modeled predictors are
estimated with uncertainty that we desire to include in subsequent analyses, we used the Bayesian cut func-
tion, which allows the flow of information to go forward from one parameter to a second, but not backward
from the second to the first (Plummer, 2015a). This forces (1) our estimate of LAI to incorporate the mean
and standard deviation provided by the MODIS data product, (2) our estimate of the canopy extinction coef-
ficient to incorporate the uncertainty in LAI, and (3) our statistical analyses of sublimation to take into
account the uncertainties in LAI and Rp

n. Plummer (2015a) demonstrated that a parameter can be “cut” in
an MCMC analysis by updating it only after the rest of the parameter set has been updated multiple times
and allowed to converge; this forces the cut parameter to be weakly dependent on its previous value. An
extreme case of this is to run multiple Bayesian analyses (i.e., iterations), each with a randomly sampled
value for the cut parameter, which is fixed in the analysis, and then creating an ensemble MCMC chain
(i.e., pooling) from the individual analyses/iterations (Plummer, 2011). We use this iterative approach to
implement the cut function by randomly sampling the cut parameters from (1) the prior distribution of
LAI based on the MODIS data product, (2) the posterior distribution of LAI from the analysis in
section 2.3.1, and (3) the posterior distributions of LAI and Rp

n from the analyses in sections 2.3.1 and
2.3.2. To estimate LAI with the Bayesian cut function, we performed 1,000 iterations of (1) generating a data-
set from the MODIS means/standard deviations and (2) running a single MCMC chain, which was adapted,
burned in, and sampled over 100, 1,900, and 2,000 steps, respectively; the values for each process parameter
at the final step of each iteration were pooled together to create the final cut posterior. To estimate κwith the
Bayesian cut function, we performed 1,000 iterations of (1) sampling from the LAI posterior and (2) running
a single MCMC chain, which was adapted, burned in, and sampled over 100 steps each. We used shorter

chains because the Rn,l andR
p
n;l data sets were large and burn‐in was achieved very rapidly. The final cut pos-

terior for κ was merged with the four parameters for LAI to create a final MCMC chain with 1,000 samples.

We performed all statistical analyses of sublimation in R with a custom MCMC sampler using high‐
performance computing provided by the University of Wyoming (Advanced Research Computing
Center, 2012). Each analysis was compiled from 1,000 iterations of the cut function that sampled the
modeled predictors LAI and Rp

n . Each iteration was an independent 5,000‐step MCMC analysis where
burn‐in was completed in ~500 steps. The final posterior distributions were compiled from the values
of the process parameters at the final step of each iteration. For every process parameter we define a
prior gamma or uniform distribution: Aa (gamma, expected value ± [variance]0.5 = 1 ± 1), Ab (gamma,
10 ± 10), rc,o (gamma, 50 ± 50 s/m), ms,thresh (gamma, 10 ± 10 mol·s·m−3), rp (gamma, 50 ± 50 s/m),
Au (gamma, 10 ± 10), βms,max (gamma, 10 ± 10 mol m−2), n (gamma, 1 ± 1) and ω (uniform, between
0 and 1), βunload (gamma, 0.0012 ± 0.0012), σ (gamma, 50 ± 50 W/m2), ψλEs (gamma, 1 ± 1), and ψH

(gamma, 1 ± 1). These prior distributions are generally noninformative and defined with plausible
expected values. The only exception is the unloading parameter, which was given an expected value
inspired by Hedstrom and Pomeroy (1998) of 0.0012 or 0.12% unloading per half hour, which is equiva-
lent to 33% unloading per week. While several derived quantities are required to define the statistical
model (equations (5)–(14) and (20)–(21), and Figure 3), others are calculated for the purpose of
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hypothesis testing; most notably the amount of sublimation assuming “no beetles,” which was achieved
by setting LAI constant with the pre‐beetle LAI value from each iteration of the cut function (Figure 4).
We make statistical inferences between posterior probability distributions by comparing their 95%
credible intervals (C.I.s; Lu et al., 2012); these are crucially different from confidence intervals in
frequentist analyses, which assume an entire data set can be repeated (McElreath, 2016). When 95% C.
I.s do not overlap, it can be interpreted as statistically “significant” in a manner similar, but more
rigorous and justifiable than the traditional p‐value where p < 0.05 (McElreath, 2016).

3. Results
3.1. Modeled Predictors LAI and Rp

n

LAI decreased and transmittance increased by roughly a factor of 2 during the spruce beetle outbreak
(Figure 4). LAI decreased from the prebeetle LAI of 2.4 (with a 95% C.I. between 2.0 and 3.4) m2/m2

to 1.3 (0.4–1.8 C.I.) m2/m2 with a maximum change (β50) of 0.153 (0.014–1.91 C.I.) m2·m−2·year−1 cen-
tered (t50) in January 2010 (December 2007 to November 2011 C.I.). These parameters were highly cor-
related. The trend in LAI resulted in inner quartile ranges and 95% credible intervals that typically
spanned 0.3 and 1 m2/m2 with a significant decrease over time (Figure 4a). Average values of in situ
LAI measurements from before and during the beetle outbreak (2.46 ± 0.40 and 2.03 ± 0.12 m2/m2,
mean ± standard error, Text S1) are not statistically different from this trend because these values

Figure 4. Two important drivers of the statistical model are the change in leaf area index, LAI, and Beer's law transmit-
tance, e‐κLAI, due to the spruce beetle epidemic. (a) The change in LAI was modeled with the Bayesian cut function (green
shading) using the Moderate Resolution Imaging Spectroradiometer (MODIS) LAI data from the site (black dots with
error bars). Average in situ LAI values measured in 1997 and 2010 (orange diamonds with error bars, Text S1) are within
the 95% credible intervals. (b) Transmittance and the canopy extinction coefficient, κ, were determined from the rela-
tionship between net longwave radiation above the canopy (Rn,l) versus above the snowpack (Rp

n;l; purple dots) once data
were screened for snow on the lower instrument (lighter shading). Sensors were installed above the snowpack in February
2014. (c) The posterior distributions for LAI and κ were combined to determine the posterior probability of e‐κLAI over
time (blue shading). In (a) and (c), shading represents the median, inner quartile range, and 95% credible interval of the
posterior distributions.
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are within the 95% credible intervals (Figure 4a). Our analysis of Beer's law was based on long‐wave
radiation measurements above and within the canopy from 2014 to 2016, when the transmittance,
e−κLAI, was ~0.28 (Figure 4b). This allowed us to estimate the canopy extinction coefficient, κ, as 0.84
(0.65–1.23 C.I.; a similar value of 0.98 ± 0.05 was found in a forest 15 years after a spruce budworm
attack; Aubin et al., 2000), which was also highly correlated with the four parameters describing LAI.
By sampling directly from this joint posterior distribution we retained the correlation between para-
meters and could estimate the trend in transmittance over time (Figure 4c). The transmittance increased
from ~0.15 to ~0.28 during the beetle outbreak, with large uncertainty in the early years when the inner
quartile range and 95% credible interval spanned ~0.08 and ~0.20 before becoming fairly certain in
recent years when direct observations were available.

3.2. Analyzing the Impact of the Spruce Beetle Outbreak

In our analysis of 109,014 half‐hour λEs measurements from 17 winters (2000–2016), total ecosystem subli-
mation declined during the spruce beetle outbreak, falling by 24% (18–38% C.I.), which is equivalent to the
amount of snow in 6.1% (4.5–12.3% C.I.) of the winter precipitation or 4.4% (3.2–8.8% C.I.) of the annual pre-
cipitation in the three most recent years. A time series plot of sublimation shows a decrease from 2011 to
2016, which corresponds to the postoutbreak years (Figure 5b), while a plot of sublimation versus precipita-
tion shows that the slope of this relationship decreases in 2011–2016 (Figure 5c). The Bayesian analysis pro-

duced predictions of λbEs that were similar to observations on both annual (Figures 5b, 5c, and 6) and half‐
hour (Figures 7a and 8a) timescales. A qualitative “goodness of fit” estimate for the analysis is to compare the
standard deviation of all observed λEs (43 W/m2) to the standard deviation of the model residual errors
(30 W/m2, Figure 9k and Table S2), which can roughly be interpreted as an R2 ~ 0.5. For each process para-
meter the choice of prior distribution had virtually no influence on the posterior distribution (Figure 9). One
parameter of note is βunload, which was given a prior expected value of 0.12% unloading per half hour or 33%
per week, but converged to a posterior distribution of 0.00020% per half hour or 0.07% per week. This ana-
lysis indicates that unloading was relatively inconsequential, possibly because the remarkable turbulence
at GLEES (Frank et al., 2014) causes a vast majority of canopy intercepted snow to sublimate before it has
the opportunity to unload.

The Bayesian cut function propagated uncertainty in LAI and Rp
n to the rest of the analysis by increasing the

variance in each process parameter from within individual MCMC chains to between iterations. While this
minimally affected rc,o and βunload, this increased the standard deviation of the other parameters (Figures 9a
and 9b, 9d–9i, and 9k) by at least 37–260%, with notable increases of 2,700% and 4,200% in parameters asso-
ciated with canopy interception and interact directly with LAI (βms,max and n). Even though sensible heat
flux measurements were not considered in the analysis, the underlying energy balance closure in the statis-
tical model (equation (4)) led to derived quantities forH that were similar to the observations (Figures 7b and
8b). Snow load in the canopy is derived by accumulating precipitation while losing mass through sublima-
tion and unloading (Figures 7c and 8c). The maximum snow load (ms,max) in the canopy decreased during
the spruce beetle outbreak from 11.2 (8.9–86.6 C.I.) to 3.6 (0.0–5.0 C.I.) mm SWE. The source of sublimation
rapidly switched between the canopy and snowpack (Figures 7d and 8d), though more total contribution
came from the canopy (Figures 7e and 8e).

It is impossible to know what would have been observed had the spruce beetle epidemic not occurred.

Instead, the predicted λbEs (i.e., “outbreak”) can be compared to the values derived with LAI and Rp
n fixed

to their pre‐outbreak levels (i.e., no beetles). In this analysis, the outbreak resulted in significant reduc-
tions in sublimation beginning in 2010 (Figure 6). From 2010 to 2016 the spruce beetle outbreak
decreased canopy sublimation (median of −17%, −25%, −25%, −24%, −32%, −33%, and − 32% by year),
increased snowpack sublimation (median of 2%, 5%, 2%, 3%, 4%, 3%, and 4% by year), and decreased
ecosystem sublimation (median of −12%, −22%, −17%, −18%, −25%, −23%, and − 25% by year;
Figure 6 and Table S3). This translates to a reduction in sublimation equivalent to 3.4%, 4.4%, 4.8%,
5.1%, 6.0%, 6.1%, and 6.3% of the winter precipitation or 2.0%, 3.3%, 3.3%, 3.2%, 4.1%, 4.2%, and 4.9%
of the annual precipitation (Figure 5a). The differences when quantities were derived with no beetles
are shown in Figure 8, where more snow was intercepted into the canopy (Figure 8c), resulting in a
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higher contribution from the canopy to the total (Figure 8d) and higher ecosystem sublimation rates
(Figure 8e).

3.3. Expanding Bayesian Analyses to Include Subcanopy Turbulent Fluxes and Above Canopy
Sensible Heat Flux

Our analysis was expanded to include subcanopy eddy covariance measurements from four winters
(2013–2016). In the analysis of 21,800 half‐hour measurements of λEs,p along with 24,194 measurements
of λEs during the same timeframe, the cumulative contribution of the canopy to sublimation decreased
from 68% to 57% (Figure S2); a simple comparison of observed λEs,p to observed λEs indicate this was
36%. It is possible, though, that the subcanopy eddy covariance measurements at 6.5 m were not purely
sourced from the snowpack, but also contained sublimation from the canopy of small trees. Estimates
for most process parameters changed including an increase in rc,o and decreases in ms,thresh, rp, and
ω (differences in 95% credible intervals; Figure S3 and Table S2). The parameter βunload increased

Figure 5. Seventeen years of observed (a) precipitation, P, and (b) sublimation, Es, at Glacier Lakes Ecosystem
Experiments Site (millimeters of snow water equivalent, i.e., SWE). A time series analysis of sublimation might show a
significant trend following the beetle outbreak (2010–2016), though the effects of interannual climate variability would not
be taken into consideration. (c) Winters with higher precipitation generally result in higher sublimation. This relationship
is reduced following a spruce beetle outbreak, though a regression analysis would not explain the processes controlling
this change. Results derived from the Bayesian analysis describing the “outbreak” (red shading) are similar to the
observations with notable exceptions in 2006 and 2008. The light blue shading is a region enclosing each of the 17 years of
sublimation derived from the Bayesian analysis describing “no beetles.” Symbols and shaded error bars represent the
median, inner quartile range, and 95% credible interval of the posterior distributions. Ellipses are the minimum areas that
encircle the prebeetle (2000–2009) and postbeetle (2011–2016) observations. “Derived” quantities are calculated from
posterior parameters and have posterior probability distributions from which statistical inferences can be made.
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Figure 6. Results from the Bayesian analysis deriving sublimation (millimeter of snow water equivalent, i.e., SWE) from the snowpack, canopy, and ecosystem for
17 winters (2000–2016) at Glacier Lakes Ecosystem Experiments Site. Posterior distributions for sublimation were derived from (I) the observed decrease in leaf area
index (LAI, Figure 3a) characterizing the beetle “outbreak” (red shading) versus (II) fixed LAI (i.e., “no beetles,” blue shading). As the outbreak progressed,
there was a significant reduction in canopy sublimation relative to no beetles, which reduced total ecosystem sublimation. “Derived” quantities are calculated
from posterior parameters and have posterior probability distributions fromwhich statistical inferences can bemade. The distributions for the observed data (black)
are due to gap filling.
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only slightly to 0.40–0.50% unloading per week. While the values λbEs and λbEs;p derived from the analyses
of one or two eddy covariance systems were not obviously different for any particular half‐hour (Figures
S4a and S4b), the main difference when including both systems was a reduced ability of the canopy to
intercept snow (Figure S4c) and contribute to total sublimation (Figure S2).

Figure 7. A 1 month excerpt before the beetle outbreak from the analysis of 17 years of (a) observed latent heat flux of
sublimation (λEs) data (black dots). A statistical model based on the two‐source energy balance and canopy snow mass
balance is used to derive predictions of λEs (red shading). (b) Sensible heat flux (H) derived from the analysis (red shading)
exhibits similar dynamics as observations (black dots, not used in the statistical model). (c) Cumulative precipitation (P,
black line) is intercepted as a mass of snow within the canopy (ms, red shading), which is depleted by canopy
sublimation (Es,c) and unloading. (d) Total ecosystem sublimation is sourced from the canopy the majority of time and
(e) Es,c (green shading) accounts for a majority of total cumulative sublimation (red shading) while snowpack sublimation
(Es,p, brown shading) is a lesser contributor. “Derived” quantities are calculated from posterior parameters and have pos-
terior probability distributions from which statistical inferences can be made. Data were collected at the Glacier Lakes
Ecosystem Experiments Site‐Brooklyn Tower AmeriFlux site. Shading represents the median, inner quartile range, and 95%
credible interval of the posterior distribution for each derived quantity. Units presented as snow water equivalent (SWE).
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When 24,194 half‐hour measurements of H and 21,800 of Hp were included in the analysis, energy balance
closure parameters for latent heat flux (7–10%, ψλEs) and sensible heat flux (−16%, ψH) were required to fit
the data (Figures S3k and S3l and Table S2). In these analyses the vapor source resistances, rc and rp,
increased (e.g., combinations of ms,thresh, rc,o, and ω, Figures S3c–S3e and S3i, and Table S2), while the

Figure 8. A 1 month excerpt after the beetle outbreak from the analysis of 17 years of (a) observed latent heat flux of sub-
limation (λEs) data (black dots). Quantities were derived with (I) the observed decrease in leaf area index (LAI, Figure 3a)
characterizing the beetle outbreak (red shading) versus (II) fixed LAI (i.e., “no beetles,” blue shading). (b) Observed
(black dots) and derived (red/blue shading) sensible heat flux (H). (c) Assuming no beetle impact, more precipitation
(P, black line) is intercepted, resulting more mass of snow within the canopy (ms, blue versus red shading), (d) a higher
contribution of canopy sublimation (Es,c) to total sublimation (blue versus red shading), and (e) more cumulative Es (blue
versus red shading) and Es,c (purple versus green shading) while snowpack sublimation (Es,p) is mostly unchanged
(gray versus underlying brown shading). “Derived” quantities are calculated from posterior parameters and have posterior
probability distributions from which statistical inferences can be made. Data were collected at the Glacier Lakes
Ecosystem Experiments Site AmeriFlux site. Shading represents the median, inner quartile range, and 95% credible
interval of the posterior distribution for each derived quantity. Units presented as snow water equivalent (SWE).
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boundary layer resistances, rb and ru, decreased (e.g., Ab and Au, Figures S3b and S3f, and Table S2), which
tended to promote the flow of sensible heat while restricting the release of vapor.

4. Discussion

We retain our hypothesis (1), that is, most sublimation originates from the canopy, by rejecting the alterna-
tive hypothesis (i.e., sourced from the snowpack) based on statistical analyses that estimated resistance path-
ways that facilitate a majority of latent energy flow from the canopy (Figure 9). We retain our hypothesis (2),
that is, the spruce beetle outbreak decreased sublimation, by rejecting the alternative hypothesis (i.e., no
change in sublimation) based on the analysis comparing the amount of sublimation derived from an intact
canopy versus one with the observed decrease in LAI. In all years since 2010 there was a significant reduc-
tion in the cumulative sublimation from the canopy and the ecosystem (Figure 6).

4.1. Accounting for Data Uncertainty With the Bayesian Cut Function

Bayesian analysis provides a powerful tool for analyzing data with complex models while accounting for
uncertainty in both data and statistical models (Gelman et al., 2014). Yet a practical issue is that it is often
necessary to compartmentalize analyses and then convey the results from one into another. Typically, this

Figure 9. Prior (red shading) and posterior (blue shading) probability distributions of process parameters from the
Bayesian analysis of 17 winters (2000–2016) at Glacier Lakes Ecosystem Experiments Site. (a) Aa, (b) Ab, (c) rc,o and
(d) ms,thresh, (e) rp, and (f) Au are parameters related to the aerodynamic resistance, canopy boundary layer resistance,
canopy snow resistance to water vapor flow, snowpack resistance to water vapor flow, and understory resistance;
(g) βms,max, (h) n, and (i) ω are related to the canopy interception of snow; (j) βunload is the half‐hour unloading
coefficient; and (k) σ is the standard deviation of the latent heat flux predictions. Most horizontal axes are plotted on a
log scale.
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is done through fixed values or as process parameters with prior probability distributions; neither are satis-
factory as the former neglects uncertainty and the latter can lead to excessive shrinkage in the posterior dis-
tributions (Kruschke, 2014). In this situation shrinkage is not beneficial because the random variables being
conveyed between analyses become more certain than originally indicated. Instead, the Bayesian cut func-
tion is a new tool where information flows between parameters much like through a check valve or diode,
which facilities communication of “different data sets…via summary statistics” (Plummer, 2015b).
Essentially, the cut function allows for parameter estimation at lower levels of a Bayesian hierarchy, which
can then propagate upward and influence the rest of an analysis, without allowing the upper levels of the
hierarchy to propagate downward and influence the parameter estimation. In our application, the cut func-
tion allows modeled predictors to be brought into the analysis via probability distributions, which describe
their uncertainty and cannot be altered. While there is no consensus on how to implement the Bayesian cut
function, Plummer (2015b) showed that this can be achieved during MCMC sampling by updating the cut
parameter only after all other parameters are allowed to converge, or in the extreme case, by iteratively run-
ning the analysis using randomly generated data drawn from the prior parameter distribution to be cut
(Plummer, 2011). In this study we used the cut function to allow (1) the uncertainty in MODIS data to flow
into our analysis LAI, (2) the uncertainty in LAI to flow into our analysis of Beer's law transmittance, and (3)
the uncertainty in LAI andRp

n to flow into the analysis of sublimation (Figure 3). In the analysis of 17 years of
sublimation data the cut function forcedmore variability into all process parameters (especially those related
to the interception of snow), yet sublimation derived from the pack, canopy, and the ecosystem was still
fairly constrained (Figures 6, 7e, and 8e) and revealed clear and significant trends due to the beetle outbreak.
To our knowledge, this study is a novel application of incorporating data uncertainty in the statistical ana-
lysis of micrometeorological data interacting with water vapor from the Earth's surface.

4.2. The Process of Sublimation

Based on the results from our Bayesian analysis, we retain our first hypothesis that in a high‐elevation
spruce‐fir forest, sublimation predominantly originates from the canopy. This is regardless of whether the
forest has a full canopy or has been severely affected by a spruce beetle outbreak (Figures 6, 7d and 7e,
and 8d and 8e). Even our most conservative result, obtained after massive forest mortality and with direct
measurements of snowpack sublimation, shows that the canopy is a major contributor to the total ecosystem
sublimation (Figure S2). As long as a reasonable amount of snow is present in the canopy, the resistance
network in our conceptual framework (Figure 2) favors canopy sublimation; the analysis estimates small
atmospheric and canopy resistances (median ra, rb, and rc range between 5 and 23 s/m, derived from
Figures 9a–9d with rc evaluated for >1 mm SWE in the canopy) against large snowpack resistances (median
rp = 383 s/m, Table S2). The inverse Stanton number, B−1 (expressed as kB−1 with k being the vonKarman
constant), associated with canopy boundary layer resistance was estimated as 1.7 (0.6–2.8 C.I.) which is rela-
tively small and likely associated with a large heat transfer coefficient in the canopy (Massman, 1999). This
explains why the system abruptly switches between snowpack and canopy (Figures 7d and 8d): snow in
the canopy is extremely easy to sublimate while snow in the pack is not (Nakai et al., 1999). Because the
canopy distributes snow three dimensionally (Pomeroy & Schmidt, 1993), it provides more surface area
and less resistance for sublimation than the snowpack, which is essentially a two dimensional surface.
Canopy snow sublimates awaywithin a few days in the absence of new snowfall (Figures 1, 7c, and 8c), which
is consistent with observations in Saskatchewan, Canada (Hedstrom & Pomeroy, 1998). Following the out-
break at our site, we estimate that between one half and two thirds of all sublimation originates from the
canopy (Figures 6 and S1, and Table S3) and that the bigger the snow year, for example, 2011 and 2014
(Figure 5a), themore the canopy dominates the total balance (Figures 6 and S1). A similar trendwas observed
at Niwot Ridge, Colorado, USA, where 55% of all sublimation originates from the canopy and the energy bal-
ance favors substantial canopy sublimation following snowstorms (Molotch et al., 2007). There are similari-
ties in the ability to predict sublimation at these two sites: our Bayesian analysis derived predictions of
sublimation with an R2 ~ 0.5, whereas at Niwot Ridge an energy balance snowmelt model predicted latent
energy with a correlation of 0.54 (R2 ~ 0.3; Mahat et al., 2013). Another study used a different process‐based
snowmodel to predict daily sublimation from this site with an R2 of 0.30 (Sexstone et al., 2018). An interpre-
tation of our results is that canopy sublimation occurs at the expense of snowpack sublimation. This is con-
sistent with the difference in the proportion of snow accumulation that is sublimated away from an exposed
snowpack (16–41%) versus an enclosed one (4–8%) in a study conducted in Idaho, USA (Reba et al., 2012).
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These results are inferred from a Bayesian analysis based on the two‐source framework of Shuttleworth and
Wallace (1985). A more common approach to identify the sources of water vapor is with stable isotopes
(Good et al., 2012; Noone et al., 2011, 2013; Williams et al., 2004). Wemeasured water vapor isotopic concen-
trations on the tower from 2014 to 2016 but were unable to improve our ability to partition sublimation
between the canopy and snowpack because of difficulties in accurately measuring isotopic concentrations
of canopy sublimation (Text S2). In this study, a process based Bayesian analysis that explains sublimation
data was more effective at identifying the different sources of water than could be determined by concurrent
and continuous stable isotope of water vapor measurements.

Our Bayesian analysis could not accurately predict both λEs and H data without adding parameters that
account for a surface energy imbalance in the measurements. We found that measurements of H were
16% smaller than values derived from equations (23) and (24), while measurements of λEs were 7–10%
higher than derived from equations (5) and (22) (Figures S3k and S3l). Part of the explanation for the imbal-
ance in H could be our use of ATI sonic anemometers, which Frank et al. (2016) found could underestimate
all fluxes by 3–4%, though this is in opposition to the overestimate in λEs. Some of the imbalance could also
relate to errors in measuring available energy, of which we have observed that different instruments mea-
sure different Rn at our site (9% difference in slope between Eppley and Radiation and Energy Balance
Systems measurements observed in the US‐GLE data set, R2 = 0.99). A portion of the H imbalance could
be due to the advection of sensible heat, which was neglected from our energy balance and can be sizeable
in a coniferous forest (Moderow et al., 2007). Finally, we mention that while G and J were relatively small
(root‐mean‐square values of 2.6 and 12.8 W/m2, respectively, compared to 183.5 W/m2 for Rn) they had to
be modeled at our site. The energy imbalance problem has stumped researchers at flux sites for decades
(Leuning et al., 2012; Stoy et al., 2013; Wilson et al., 2002) and our winter imbalance at GLEES is no excep-
tion and is comparable to the 0.77 found at nearby Niwot Ridge, Colorado (Mahat et al., 2013). But our
results do offer some insights. The closure coefficients for λEs and H are in opposite directions from unity,
meaning if a problem lies within the eddy covariance measurements then it might not be a general error
in the technique (i.e., turbulence measurements or processing) but rather something that impacts these
two measurements differently (i.e., temperature versus vapor instrumentation). Since the magnitude of
λEs is much less than H during the winter (Figures 7a versus 7b, 8a versus 8b) more emphasis should prob-
ably be put on theH imbalance, which is similar to the finding of Helgason and Pomeroy (2012) over a snow-
pack in Saskatchewan, Canada. This differs from the more conventional assumption that the Bowen ratio
determined from eddy covariance measurements is correct and thatH and λEs are underestimated in similar
proportions (Twine et al., 2000).

4.3. The Impact of Spruce Beetle Outbreak on Ecosystem Sublimation

By comparing sublimation values derived from the beetle‐caused decrease in LAI relative to fixed LAI (i.e.,
no beetles) that were produced from analysis of 17 years of half‐hour sublimation data at GLEES, we retain
our second hypothesis that total ecosystem sublimation decreased following a spruce beetle outbreak. This
trend can be illustrated qualitatively through a time series (Figure 5b) or by comparing the relationship
between the observed precipitation and sublimation before and after 2010 (Figure 5c), the year of peak tree
mortality and LAI decrease (Frank et al., 2014). Quantifying the beetle impact with these types of analyses is
difficult because sublimation is not a simple function of time, precipitation, or any other variable. Bayesian
techniques enable data analysis based on conceptual frameworks and processes; in this application sublima-
tion can be related to precipitation, temperature, humidity, wind, net radiation, and leaf area (Figure 3)
through the processes and equations often found in deterministic, first principles‐derived, snow models. A
statistical model based on two‐source energy balance and canopy snow mass balance framework performs
well at predicting the observations at both half‐hour (Figures 7a, 8a, and 9k) and seasonal (Figures 5b and
5c, and 6) timescales. Through this analysis we can quantify the impact of outbreak by deriving sublimation
with and without the observed beetle impact on forest structure. By doing this, we detected a significant dif-
ference in sublimation as early as 2010 (difference in 95% credible intervals, Figure 6), 2 years after a signif-
icant decline in growing season ET could be found (Frank et al., 2014).

Considering that canopy sublimation is dominant in our ecosystem, results indicated that the spruce beetle
outbreak caused the maximum snow capacity of the canopy to decrease to 34% of the pre‐epidemic values
(derived from Figures 9g and 9h). Comparing results derived with and without the beetle impact on LAI,

10.1029/2018WR023054Water Resources Research

FRANK ET AL. 1617



the change inms,max led to an obvious impact on the water balance. When the forest catches less snow in the
canopy then it sublimates less snow from the ecosystem. In the last three winters this led to 32% less canopy
sublimation (Figure 6). There was a modest 3% increase in snowpack sublimation (Figure 6), which is a
response similar to a nearby lodgepole pine (Pinus contorta) forest impacted by mountain pine beetle
(Dendroctonus ponderosae; Biederman, Brooks, et al., 2014). Snowpack observations following a canopy
replacing fire also suggest that snowpack sublimation can increase following disturbance (Harpold et al.,
2014) and canopy sublimation increases with leaf area from forest management practices (Koeniger et al.,
2008). The combination of these is 24% less total sublimation from the ecosystem, which is equivalent to
6.1% of the total winter precipitation or 4.4% of the annual input (Figure 6). There is some consistency
between this and a recent study by Sexstone et al. (2018) who predicted the impact of spruce beetle and
mountain pine beetle on sublimation in a high‐elevation 3,600‐km2 study area along the continental divide
136 km south‐southeast from GLEES. The results of their process‐based, deterministic snow model implied
that sublimation could decrease 7% from the canopy, increase 9% from the surface, and decrease in total 4%
across the landscape. Though the total amount of decrease we observed was nearly 1 order of magnitude lar-
ger, only 11% of their study was classified with a high leaf area mortality similar to what was observed at
GLEES. Even though it was a different forest type, the field site in Biederman, Brooks, et al. (2014) was
nearby to ours, being 35 km south‐southeast and 435 m lower in elevation. The contrast between their
results, which indicate sublimation increased following mountain pine beetle, and ours, which indicate it
decreased following spruce beetle, demonstrates the delicate balance between radiant energy, wind, turbu-
lence, and canopy surface area in the conceptual response of sublimation to beetles (Edburg et al., 2012;
Pugh & Gordon, 2013).

Water is important in semiarid regions of western North America and a reduction in sublimation equiva-
lent to ~6% more snowfall retained by the snowpack is a hydrologically, ecologically, and socially mean-
ingful increase for consumptive uses, which is principally crop irrigation in Wyoming and the North
Platte drainage of Nebraska (Jacobs & Brosz, 1993; Shinker et al., 2010). We estimate the 95% credible
interval of the reduction in sublimation to be equivalent to 5–12% of the snowpack, which is a similar
range to the desired increase in snowfall of 5–15% set by a weather modification experiment pilot study
in the mountains of southeastern Wyoming (the US‐GBT AmeriFlux site was a target area in this study)
to test the feasibility and economic impact of orographic cloud seeding (Breed et al., 2014; Wyoming
Water Development Commission, 2014). Schlaepfer et al. (2014) showed that at GLEES, roughly half of
all precipitation returns back to the atmosphere as water vapor, and roughly half of that is in the form
of sublimation. In other high‐elevation forests in the Rocky Mountains, sublimation from a persistent
snowpack can exceed incoming precipitation over the course of a month (Molotch et al., 2007). Though
sublimation rates are relatively low at GLEES and account for roughly one quarter of the incoming snow-
fall, winter lasts a long time. Though our analysis was limited to November–April, it is not uncommon to
find snow at this site well into July. In this context, 24% less total sublimation due to the spruce beetle
outbreak takes on more importance. Frank et al. (2014) found that summer evapotranspiration also
decreased 28–36% at GLEES due to the spruce beetle outbreak. The ramifications of this are that for at
least the 9 months of the year covered by these studies, this ecosystem retains more water after the out-
break than it did before. This accounts for all but the shoulder seasons, of which spring is modeled at
GLEES to produce more runoff and earlier snowmelt (Chen et al., 2015). Taken together, it is reasonable
to expect that more water was available in this ecosystem in the years following the peak mortality, which
is consistent with the observed increase in soil moisture (Frank et al., 2014). It is uncertain how long the
reductions in growing season evapotranspiration will continue as the understory plants respond (Boucher
& Mead, 2006; Millar et al., 2017), postbeetle increases in soil moisture lessen (Norton et al., 2015), and
the surviving trees have a growth release (Veblen et al., 1991). Since the sublimation process is intimately
tied to the canopy, at least the winter change in ecosystem water balance should persist for decades while
forest succession begins in the understory (Aplet et al., 1988).

There has been debate whether or not bark beetle outbreaks lead to increased streamflow from impacted for-
ests. Conceptually, this could be expected (Gray & Andersen, 2009; Troendle & King, 1985) and some obser-
vational studies support this (Bearup et al., 2014; Bethlahmy, 1974), while others suggest there is minimal
change (Biederman, Harpold, et al., 2014; Biederman et al., 2015). Hillslope water budgets from a watershed
in the transition between spruce‐fir and lodgepole forest 3.4 km away and 240 m downhill to the southeast of

10.1029/2018WR023054Water Resources Research

FRANK ET AL. 1618



GLEES show that the majority of water from the melting snow pack drains past the root zone and thus is not
dramatically impacted by the decline in tree transpiration after bark beetle mortality (Thayer et al., 2018).
The results from our analysis are consistent with the increased streamflow observed following a spruce bee-
tle outbreak in a spruce‐fir forest in Bethlahmy (1975) but they cannot firmly support one notion or the
other, especially with regard to higher order streams and rivers further down the watershed. This is not sim-
ply because we do not present data for the entire annual hydrological cycle. The subalpine spruce‐fir forest
where our site resides is perched above lower elevation mixed conifer forests that have been impacted by
mountain pine beetle. Any water that leaves our forest must travel at least 500 m downhill and over 7 km
through different forests, which are likewise recovering from disturbance (Biederman, Brooks, et al., 2014;
Biederman, Harpold, et al., 2014; Reed et al., 2014), in order to reach the high plains of Wyoming. If the
spruce‐fir forests do produce more streamflow, the ultimate fate of that water is currently unknown.

5. Conclusion

We analyzed the impact of a spruce beetle outbreak on sublimation in a high‐elevation spruce‐fir forest over
17 years of observations. A spruce beetle outbreak at the GLEES AmeriFlux sites caused 75–85% basal area
mortality and dramatically reduced leaf area. Following the loss of canopy, the forest could only intercept a
third of the mass of snow as it could prior to the outbreak. This is consequential because the resistance to
sublimate snow from the canopy is an order of magnitude less than from the snowpack, which means
canopy sublimation is favored as long as that mass is available. In the past few years, the loss of canopy
has increased the available energy transmitted to the snowpack and led to a modest 3% increase in sublima-
tion from this source. But the overwhelming loss of intercepted snow has led to 32% less canopy sublimation
and ultimately 24% less sublimation from the ecosystem. This is equivalent to 6.1% of the snowfall or 4.4% of
the total annual precipitation being retained in the snowpack. When taken in conjunction with studies
investigating the impact of the outbreak during other seasons at this site, it is reasonable to expect that a size-
able amount of water is no longer utilized in this forest. We demonstrated that with Bayesian statistics, an
analysis of sublimation data can be conducted with relatively complex statistical models that resemble the
functional relationships found in snow process models but with the ability to incorporate uncertainty in
the models and data. This broadens the capacity of the analysis to go beyond just substantiating that changes
occurred in this spruce‐fir forest over 17 years, but to provide insight into the processes through which bark
beetles decreased sublimation.
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