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Abstract Northern circumpolar permafrost thaw affects global carbon cycling, as large amounts of
stored soil carbon becomes accessible to microbial breakdown under a warming climate. The magnitude
of carbon release is linked to the extent of permafrost thaw, which is locally variable and controlled by soil
thermodynamics. Soil thermodynamic properties, such as thermal diffusivity, govern the reactivity of the
soil-atmosphere thermal gradient, and are controlled by soil composition and drainage. In order to project
permafrost thaw for an Alaskan tundra experimental site, we used seven years of site data to calibrate

a soil thermodynamic model using a data assimilation technique. The model reproduced seasonal and
interannual temperature dynamics for shallow (5-40 cm) and deep soil layers (2-4 m), and simulations of
seasonal thaw depth closely matched observed data. The model was then used to project permafrost thaw
at the site to the year 2100 using climate forcing data for three future climate scenarios (RCP 4.5, 6.0, and
8.5). Minimal permafrost thawing occurred until mean annual air temperatures rose above the freezing
point, after which we measured over a 1 m increase in thaw depth for every 1 °C rise in mean annual air
temperature. Under no projected warming scenario was permafrost remaining in the upper 3 m of soil by
2100. We demonstrated an effective data assimilation method that optimizes parameterization of a soil
thermodynamic model. The sensitivity of local permafrost to climate warming illustrates the vulnerability
of sub-Arctic tundra ecosystems to significant and rapid soil thawing.

Plain Language Summary Across Arctic environments, cold temperatures maintain
perennially frozen ground, which store ancient carbon from dead plants. Climate warming is thawing

this ground, potentially transferring carbon from the soil into the atmosphere, further contributing to
planet warming. How this ground thaws varies across the landscape due to complex soil properties. We
created a model for predicting how much the ground would thaw by 2100. This model used seven years

of measurements made at an Alaskan tundra research site near Denali Park for calibration. The model
was accurate over this seven-year period, producing results which closely match our observed data. Our
model showed that over 1 m of ground is expected to thaw for every 1 °C sustained rise in air temperature,
leading to 5-13 m of ground thawing to occur by 2100, dependent on the extent of air warming. This result
demonstrated a novel method for obtaining precise local estimates of ground thawing that rely on site
measurements and highlights the extreme vulnerability of Arctic ground to thawing in the face of climate
change. This study is important because it allows for local predictions of Arctic ground thawing, which are
a key component for the full extent of soil carbon loss into the atmosphere.

1. Introduction

The thawing of permafrost soils across the Arctic illustrates the age of contemporary climate warming
(Akerman & Johansson, 2008; M. T. Jorgenson et al., 2010; Osterkamp & Romanovsky, 1999; Romanovsky
et al., 2008; Serreze et al., 2000). Previously, frozen soil carbon becomes accessible to microbial decompo-
sition when thawed (Keuper et al., 2012; Mack et al., 2004; van Huissteden & Dolman, 2012), exposing a
pool between 1460 and 1600 Pg of soil carbon (Cavallaro et al., 2018; Koven et al., 2013; E. A. G. Schuur
et al., 2008, 2009; Tarnocai et al., 2009). The Arctic permafrost soil carbon pool constitutes nearly double
the amount of carbon currently in the atmosphere, reinforcing the need for precise estimates of future
permafrost thaw. Further, knowing the degree to which soil column temperatures will rise is a key part
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of estimating the vulnerability of thawed permafrost soil carbon to microbial decomposition (Davidson &
Janssens, 2006; Parmentier et al., 2017).

Despite efforts to integrate permafrost thaw dynamics into earth systems’ models, projections of thaw extent
vary widely due to differing model representation of Arctic soil regimes and their past climate histories
(Koven et al., 2013; McGuire et al., 2016; Olefeldt et al., 2016; Slater & Lawrence, 2013). This variability can,
in part, be attributed to different representation of freezing and thawing processes, snow insulation effects,
and differences in estimated soil thermodynamic properties in different models (Zhu et al., 2019). Soil ther-
modynamic properties, such as diffusivity, govern the reactivity of the soil-atmosphere thermal gradient,
and are controlled by soil composition, temperature, and water content. Given the highly variable nature
of these soil components across the discontinuous permafrost zone, coarse representation of soil column
structure and composition will often fail to represent local sites, as has been seen in site-model intercom-
parison studies (Schidel et al., 2018). Furthermore, precise estimation of soil thermodynamic properties is
often a barrier to site-calibration of soil models, despite being the best option for obtaining a locally repre-
sentative projection of permafrost thaw.

Site-calibrated modeling is an effective means for characterizing systems with unique thermodynamic prop-
erties (Romanovsky & Osterkamp, 2000; Romanovsky et al., 2007). For example, soil structures within the
discontinuous permafrost zone are consistently misrepresented at larger spatial scales, owing to high spa-
tial variability of permafrost, soil organic layer, and plant community composition. Earth systems’ models
disagree widely on the maximum mean annual air temperature at which permafrost occurs, underscoring
the utility of locally calibrated models for Arctic sites with mean annual air temperatures near 0 °C (Koven
et al., 2013). While Earth systems’ models are effective tools for visualizing patterns on a broad scale, they
will inherently fail to represent a highly localized system without requiring detailed re-parameterization
efforts (Luo & Schuur, 2020). Indeed, locally calibrated models should remain a viable tool for characteri-
zation of highly vulnerable areas as informative comparisons with landscape models and as a valuable tool
for their benchmarking.

Regions along the southernmost permafrost boundary are particularly vulnerable to changing climate.
Long-term soil temperature records of permafrost across Alaska have confirmed a prolonged warming trend
since the mid-1980s, narrowing most discontinuous permafrost temperatures to —2 °C or warmer at zero
amplitude depth (Romanovsky et al., 2017, 2010). Statewide projections of near-surface permafrost persis-
tence in a warmer climate demonstrate widespread loss of Tundra permafrost, predominantly along the
southern Alaskan boundary by 2050 (Jafarov et al., 2012; Pastick et al., 2015). The landscape subsidence and
thermokarst formation following ice-rich soil thawing can drive state-changes in ecosystem carbon fluxes
(Aalto et al., 2018; Natali et al., 2011; E. A. G. Schuur et al., 2007) and costly damages to civil infrastructure
(Hjort et al., 2018). Furthermore, studies on the impending thaw of sub-Arctic permafrost zones inform on
the future state of currently relatively stable continuous permafrost.

This experiment explored the vulnerability of sub-Arctic tundra permafrost to thawing under projected cli-
mate change. Through a data assimilation method involving a multi-year vertically explicit soil temperature
time series, we provide a framework for producing a locally calibrated model. Our questions in this exper-
iment are (1) What is the immediate and long-term fate of permafrost at a sub-Arctic tundra experimental
site? and (2) How effective is this data assimilation technique at locally calibrating a soil heat model? This
experiment utilized the Geophysics Institute Permafrost Laboratory model 2.0 (GIPL) (Jafarov et al., 2012;
Marchenko et al., 2008), which is a numerical heat model focusing on the thermodynamic properties of
individual soil layers. Our data assimilation approach treated GIPL parameter values as distributions, as op-
posed to static values, iteratively generated through model inversion. Therefore, parameter value distribu-
tions were the sole driver of model uncertainty and were used to assess confidence in our representation of
the site soil column. GIPL parameter estimates, simulated ground temperature, active layer thickness, and
associated uncertainty were used to assess method effectiveness. Three separate forecasts from the Coupled
Model Intercomparison Project, Phase 5 (CMIP5) corresponding to future climate scenarios were used to
drive the calibrated model to 2100, where permafrost thaw vulnerability to varying degrees of air warming
were investigated on site.
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2. Materials and Methods
2.1. Experimental Site

Eight Mile Lake experimental thaw gradient site (63°52'42.1'N, 149°15'12.9’ W) is located in the northern
foothills of the Alaska range, just outside Denali National Park (E. A. G. Schuur et al., 2007). This area is
classified as moist acidic tundra, and with a plant community composition dominated by the tussock-form-
ing sedge Eriophorum vaginatum and the deciduous shrub Vaccinium uliginosum (Natali et al., 2011). The
soils are Gelisol, with a 0.25 m thick organic horizon overlaying cryoturbated mineral soils, with permafrost
consistently within 1 m of the surface. The longterm mean air temperature at Eight Mile Lake is —1 °C from
1976 to 2009, with monthly-average air temperature ranges between —16 °C (December) and 15 °C (July)
(National Climatic Data Center, NOAA). The permafrost at the Eight Mile Lake is classified as climate-driv-
en and ecosystem protected (Shur & Jorgenson, 2007), demonstrating the strong insulating effects of the
organic layer preventing rapid thawing during warm summer months.

Eight Mile Lake exhibits a natural gradient of permafrost thaw which occurred over recent decades.
Thermokarst features comprise nearly 12% of the watershed (Belshe et al., 2013), and shrub-dominated tun-
dra terrain continues to expand over graminoid-tundra areas with increased soil drainage (E. A. G. Schuur
et al., 2008). The Eight Mile Lake tundra ecosystem is typically a carbon source to the atmosphere due to
strong soil respiration signals over the growing season and winter (Celis et al., 2017); however this carbon
source strength is highly dependent on inter-seasonal variability. Long-term monitoring of deep perma-
frost temperatures at Eight Mile Lake have shown a gradual warming since 1986 of nearly 0.5 °C at 25 m
depth between 1986 and 2003 (Osterkamp et al., 2009; Osterkamp & Romanovsky, 1999), and a more recent
warming of approximately 0.1 °C between 9 and 26 m from 2007 to 2017 (Romanovsky et al., 2020). Radio-
carbon analyses of the soil respiration signal link the deepening of the permafrost boundary at Eight Mile
Lake to a 6%-18% increase in proportion of old soil carbon respiration in recent decades (Pries et al., 2012).
These analyses have demonstrated high confidence in climate warming increasing the ecosystem carbon
source strength, respiration of old soil carbon, and permafrost temperatures of Eight Mile Lake. Given the
extensive history of site measurements, the comparability of this site to other areas of tundra throughout
the discontinuous permafrost zone, and the particular vulnerability of warm discontinuous permafrost to
thawing, this research site was an ideal choice for a locally-calibrated permafrost thaw projection.

Seven years (2012-2018) of climatological and vertically-resolved soil temperature data from the Eight Mile
Lake experimental research site (Celis et al., 2019) was used to calibrate the Geophysical Institute Perma-
frost Laboratory 2.0 model (GIPL). Daily aggregated temperatures at 5, 10, 20, and 40 cm depths measured
at 30 min intervals by type-T thermocouples controlled by a CR10X and CR1000 datalogger (Campbell
Scientific, Logan, Utah) were used as model calibration and evaluation data for shallow soil layers. For
calibration and model evaluation of deeper soil layers, annual temperature measurements from a nearby
permafrost borehole at 2, 4, 8, and 15 m were included in the soil temperature data (Osterkamp & Romano-
vsky, 1999). This borehole is located approximately 80 m south from the vegetation monitoring plots where
the shallow temperature series are measured and encompasses highly corresponding soil and vegetation
conditions. In addition, mean biweekly growing season thaw-depth probe measurements were taken across
vegetation monitoring plots to represent seasonal thaw dynamics (Kelley et al., 2019). The number of plots
available for biweekly seasonal thaw depth vary by year (from n = 3 to n = 15). These measurements do not
account for intra-season thaw subsidence, which has been estimated at a nearby experimental site as ~5 cm
between May and August (Rodenhizer et al., 2020). Furthermore, between 2011 and 2018 annual thaw
subsidence was estimated at approximately 1 cm per year (Rodenhizer et al., 2020). Hourly air temperature
(°C) was measured using an Onset HOBO (Bourne, MA) (Celis et al., 2016), and hourly snow depth data
(Ledman et al., 2018) measured using a rugged acoustic sensor through an SR50A datalogger (Campbell
Scientific, Logan, Utah) and were both aggregated to mean daily values (Figure 1).

Nearly 40% of the daily snow-depth timeseries was gap-filled using meteorological variables collected on-
site, including air temperature, incoming radiation, and snow-depth values measured at another experi-
mental site located approximately two miles west. The model resulted in an average daily snow-depth error
of 4.5 cm during periods of snow cover.
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Figure 1. Measured climate variables over the calibration period (2012-2018) at the Eight Mile Lake research site.
Daily average snow depth measured only during periods of snow (a). Daily average air temperature (b).

2.2. Soil Heat Model and Optimization Method

We simulated site soil temperature dynamics using the GIPL (Nicolsky et al., 2009, 2007), which calculates
seasonal thawing and freezing using 1D nonlinear heat equations, including the phase change of water
throughout the soil column. The GIPL conserves energy within the soil column, with the upper boundary
condition set by the surface air temperature and snow-pack thermal dynamics, and the bottom boundary
at 100 m representing bedrock with a geothermal heat flux of 0.021234 °C/m. The GIPL requires daily
air temperature and snow depth as climatic drivers and includes a built-in modeling framework of snow
density (Verseghy, 1991) which is used to calculate snowpack insulator effects. A higher density snowpack
is seen by the GIPL as a less efficient insulator of the soil surface. Each individual soil layer contains eight
prescribed thermodynamic parameters (Table 1) that remain static through individual simulations. These
parameters, when combined with the climatic drivers, are used to produce a daily temperature distribution
along the soil column and will be the focus of stochastic algorithm optimization methods.

Table 1
GIPL Model Parameters Definitions, and Their Prior Ranges for the MCMC Optimization Method Defined by Soil Layer Organic Category
Thermal Thermal Volumetric Volumetric
Volumetric ~ conductivity conductivity heat capacity heat capacity

water (thawed (frozen (thawed (frozen Layer
Parameter name Unfrozen water curve coefficients content material) material) material) material) depths
Model definition a,b,c n A A C, Ct -
Parameter units Coefficients (unitless) m/m W/(m*K) W/(m*K) J/(m’K) * e7 J/(m’K) * e7 -
Organic layer = [0.10,0.75] [0.1,1.5] [0.45,1.9] [1.25,2.3] [0.5,1.5] 0-40 cm
Organic/mineral layer = [0.10,0.75] [0.8,1.9] [1.1,2.3] [1.05, 2.0] [0.35,1.3] 41-98 cm
Silt/mineral layer - [0.10, 0.75] [1.1,2.2] [1.35,2.6] [0.85,1.8] [0.35,1.3] 99 cm-15m

Note. Values inside brackets represent [minimum, maximum] of the uniform prior range interval. For parameter units: m = meters, K = degrees Kelvin,
J = Joules.
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In order to accurately simulate temperature along a soil column, the GIPL allows for distinct soil thermo-
dynamic properties attributable to depths along a soil column which differ in their organic and structural
properties. This experiment defined 11 distinct soil layers, with lower boundaries existing at 3, 8, 19, 41,
56, 76, 99, 305, 513 cm, 15 m, and a bottom boundary at 100 m which we determined from site familiarity,
analysis of soil cores, available temperature data, and model restrictions. Soil cores drilled down to 5 m
characterize these upper layers as highly organic near the surface with gradually increasing silt and gravel
inclusions between 1 and 5.5 m. A 30 m temperature core drilled described the 5.5-30 m section of perma-
frost as containing gravel, boulders, and underlain by sand (Osterkamp et al., 2009). Given a limited number
of layers available to the GIPL model, we prioritized differentiating soil layers in the upper 1 m of the soil
column and assigned static thermodynamic properties to the 15-100 m soil layer using the characteristics
provided by Osterkamp et al., (2009) and estimated the thermal property values of Nenana Gravel using
Kersten (1949). No bedrock data was available; therefore no assumptions of bedrock formation within the
top 100 m were made. Further, since observed temperature change at these deep layers occurs on decadal
timescales, estimates of parameter values for these layers using this method would yield highly uncertain
results.

The posterior distribution of GIPL soil layer parameters were estimated using a Markov chain Monte Car-
lo (MCMC) method (Andersen et al., 2003). This method relies on Bayes Theorem, where the posterior
distribution of model parameters for a set of observations are proportional to a likelihood function (see
Equation 1) and their prior distributions. This parameterization approach is a novel diversion from tra-
ditional steepest-descent methods (Nicolsky et al., 2009) which explores the utility in measured data to
provide accurate model parameters instead of manual user-input. A full description of this method can be
found in Xu et al. (2006). First, a prior probability density function was specified for each GIPL parameter
across specified soil layers. This was specified as a uniform distribution over intervals determined through
a combination of literature values, accumulated knowledge about the site, and previous model runs (Fa-
rouki, 1981; Kersten, 1949; Nicolsky et al., 2009) (Table 1).

Equation 1, Likelihood Function:

1o 2345 )
P(Zlc)cepi-X— X [7(1)-px(r)] 1)

i=1 20'12 teobs (Zi)

P(Zlc) stands for the likelihood function, Z(t) is the measured temperature at time ¢, for soil layer Z;, and
¢, X(t) being the modeled temperature value for layer i, at time ¢, and o being error associated with each
measurement. o was determined individually for each layer i according to typical disagreement observed for
matching soil layers across nearby monitoring plots (Table S2).

Within these intervals, parameter value space was sampled with an adaptive Metropolis-Hastings algorithm
(Metropolis et al., 1953). Iteratively, a set of candidate parameter values were proposed, and accepted on the
condition of satisfying the Metropolis criterion Equations 2a and 2b (Spall, 2003)

L Cnew)q(c(kfl) | o

P(c(kfl),c"cw) = mind1, (2a)

L(c”ew )q(c"”w | c(kfl)

ok = v lp(c(k"),c"“‘”) >U (2b)

The Metropolis criterion: The probability of a proposed parameter value (c™") following the previously
accepted parameter value (¢*™V) is the minimum between the value of 1, and a comparison of the tar-
geted stationary distributions L(c) (also known as P(clZ)) and proposal distributions q(c"""”lc(k_l)). Then,

P(c(k_l),c”“w) is compared to a random number, U from the uniform distribution U[0, 1] defined on the
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interval [0, 1]. The proposed parameter value c™" is accepted under the conditions that P(c(k_l),c“e”’) is>U
(Table S2).

Equation 2a simplifies into min{1, >1} when the proposed parameter c*" yields a decreased model error

than the previously accepted parameter ¢*~, which sets P(c(k_l),c”“w) equal to 1. According to Equation 2b,

when P(c(kfl),c”"“') is equal to 1, the proposed parameter ¢"* will be accepted. When ¢ yields a larger

(k—1)

model error than ¢, P c(k_l),c"“’w becomes the output of Equation 2a, with this value being proportional

to the magnitude cost increase yielded by ¢"". Values of ¢"®” which cause a relatively large increase in mod-
el error yield lower relative values of P(c(k_l),c”e“’), which will pass the test criterion of Equation 2b less

frequently. Thus, the Metropolis criterion accepts worse parameter sets in a proportion to how much the
proposed parameter set increases model error.

The Metropolis-Hastings algorithm was employed to construct the stationary posterior distribution of each
parameter, which was then sampled to create the Markov chain for recreation and projection of soil temper-
ature and permafrost thaw. The full series of measured temperature and thaw values for shallow and deep
soil layers were used as calibration data for model parameterization as well as for model evaluation.

The union of five parallel Markov chains was used to determine the final posterior distributions of the pa-
rameter space. Five chains were constructed to ensure that an acceptable range of initial values across each
prior was achieved, and to provide an adequate number of chains with which to test for proper convergence.
Each MCMC run began with parameter values dispersed at initial points across the prior distribution in-
tervals and was simulated 150,000 times. With a model simulation acceptance rate near 30%, each finished
Markov chain yielded approximately 40,000 parameter values. The first half of the accepted iterations for
each run were discarded as the burn-in period, yielding approximately 100,000 parameter sets used for
analysis. Convergence of the five chains to the stationary distribution was tested using the Gelman-Rubin
diagnostic (Gelman & Rubin, 1992). The results of the Gelman-Rubin diagnostic showed upper confidence
values for each parameter under 1.09, and an overall potential scale reduction factor of 1.09, indicating
proper convergence of each chain, and on each parameter. These analyses were done using the CODA pack-
age in R (Plummer et al., 2006; R Core Team, 2019).

Of the 88 possible parameters (11 layers by 8 parameters), only 48 were included in the optimization meth-
od. These included the volumetric water content 7, thermal conductivity 4¢, and volumetric heat capacity Cy
of the soil while under frozen conditions for the upper 15 m, and the thermal conductivity 4, and volumetric
heat capacity C; for the soil under thawed conditions for the upper 99 cm (Table 1). Certain parameters
were excluded from the cost function if there were no representative site data available for model verifica-
tion. For example, we did not observe thawing of soil below 1 m, therefore only the frozen soil parameters
below 1 m were included in the cost function. Thus, the thermal capacity and conductivity for the thawed
soil component of deep layers were prescribed according to the proportion of frozen/thawed capacity and
conductivity of accepted parameters for the 76-99 cm soil profile. We excluded the parameters behind the
unfrozen water content curve function from the Bayesian inversion, choosing to manually prescribe their
values near literature values based on the mineral and organic composition of the layers. As freezing tem-
peratures move down the soil column, sub-zero temperatures cannot propagate through a soil layer until
the water molecules turn to ice. The rate at which these temperatures drive liquid water freeze-up is what
the unfrozen water content parameters control. These parameters were excluded from the parameterization
method due to their high nonlinearity in relation to the other parameters - their inclusion in the parameter-
ization method prevented convergence of the MCMC chains and prohibited consistent covariance matrix
construction, a requisite for how parameter sets were generated after the burn-in period. The GIPL does not
differentiate excess water in a soil layer that is not absorbed by the natural porosity of the unfrozen material.

We performed subsequent sensitivity tests comparing projections of permafrost thaw depth at 2100 con-
structed using a different range of values for the unfrozen water content parameters. We selected another
set of values which emphasized warming over the calibration period of the permafrost layers to see the
sensitivity of model projections to these parameter values. These new values led to a 16% (2.2 m) increase
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in thaw depth by 2100 for RCP 8.5 (Figure S1, Run B), and a small relative difference for the other RCPs.
Furthermore, another sensitivity test was conducted to see if model projections were strongly dependent
on the time period used for the calibration. For this test, we implemented the optimization method for a
calibration period which began in May 2013 and found only a 14% (or 2.1 m) increase in thaw depth by 2100
for RCP 8.5 (Figure S1, Run C). These tests were used to evaluate our confidence in the robustness of our
model parameterization methods.

2.3. GIPL Application

We evaluated fit of the calibrated model by comparing model simulated temperature and thaw values to the
measured data series. Five hundred accepted model parameter simulations were selected for further anal-
ysis to ensure that a representative estimate of simulation uncertainty of temperature series was captured.
These sets were randomly selected from the output of the five parallel MCMC runs, and each was used
to drive the GIPL over the calibration period. From these 500 simulations, the median and interquartile
range (IQR) of daily temperature values for soil layers were extracted and compared with corresponding
measured daily temperature series. The IQR highlights asymmetry in distributions and was therefore used
to visualize uncertainty in model simulations. Additionally, the mean and standard deviations of the max-
imum seasonal soil thaw depth values for the five hundred simulations were extracted and compared with
measured values.

‘We then projected local permafrost thaw to 2100 using the same five hundred parameter sets and modeled
climate data. The Coupled Model Intercomparison Project Phase 5, Assessment Report 5 (CMIP5, AR5)
Five Model Average monthly-average air temperature projections were extracted and averaged across the
1.5 km? surrounding the Eight Mile Lake site, and linearly interpolated to daily values from 2010 to 2100.
Then, decadal-monthly-average snow-water-equivalent from the Community Climate System Model, as
part of CMIP5, AR5, were extracted and averaged for 1.5 km* surrounding the Eight Mile Lake site (Lit-
tell et al., 2018) and linearly interpolated to daily values. The CMIP5 climatology data were selected due
to the high spatial resolution and the proven accuracy of the SWE product to reproduce historical data at
Alaskan snow telemetry (SNOTEL) sites (Littell et al., 2018). Further, the CMIPS5 air temperature and SWE
models were both downscaled to 771 m* using Parameter-elevation Regressions on Independent Slopes
Model 1971-2000 climatology for the state of Alaska (Daly et al., 2002). To get snowpack depth from the
snow-water-equivalent output, the PERMAMODEL was used, which uses an empirical algorithm to melt
snow according to surface temperature and to increase snow depth according to additional precipitation
(Brown et al., 2003). Both sets of climatic data were extracted for three representative concentration path-
ways (RCP 4.5, 6.0, and 8.5) to determine the range in trajectories of permafrost temperature and thaw
extent at the site (Figure 2). Furthermore, the same five hundred parameter sets were applied to each of
the CMIP5 climate forcing data visualize the effect of climate variability on projected permafrost thaw at
our site (Figure S1). Climate forcing data are available from the Scenarios Network for Arctic Planning and
include a downscaling process which utilizes PRISM climatology from 1971 to 2000 to emphasize Alaskan
areas. The authors of the climate data did not provide a climatology product for RCP 2.6. We measured the
IQR of the five hundred model simulations to capture the magnitude and direction of model uncertainty
across each concentration pathway.

3. Results
3.1. Model Calibration

The resulting posterior distributions showed varying levels of constraint across GIPL parameters and
depths (Figure 3). Distributions that appear relatively flat indicate an ill-constrained parameter value. These
ill-constrained parameter values are highly variable across model simulations and often assume a range of
values across their initial prior ranges. Moreover, distributions which show peaks indicate an increasingly
constrained parameter value within the area of the peak. Well constrained parameter values were found
to be highly influential in affecting model output. Generally, the thermal conductivity and capacity values
were highly variable in the layers deeper than 19 cm depth, where the opposite pattern held for the volu-
metric water content. The distributions suggest that controls on soil column temperature stem largely from
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Figure 2. Annual projected climate variables for the Eight Mile Lake research site used to drive the calibrated GIPL
model to 2100 for the three climate scenarios: 4.5 (yellow), 6.0 (orange), and 8.5 (red) using CMIP5, AR5 downscaled
Alaska projections from 2018 to 2100. Mean annual air temperature from the CMIP5 5-model average (a). Maximum
annual snow depth at the site calculated from snow-water-equivalent outputs of the CCSM4 modeled into snow depth
using the PERMAMODEL (b).

near-surface layer conductivity and capacity, with volumetric water content becoming more influential with
depth. While thermal conductivity and capacity throttle temperature flow across layers, the volumetric wa-
ter content term controls, in part, how much energy is lost or gained from the phase change of water in indi-
vidual layers. Due to the highly insulative property of the 3-19 cm layer, the amount of heat energy available
to deeper layers is significantly reduced, thereby minimizing the effect of the thermal conductivity and
capacity parameters to affect temperature change. Instead, where the magnitude of heat influx is relatively
low, the interaction between volumetric water content and unfrozen water content terms drives tempera-
ture change. We attribute high variability for 3 cm parameters to the highly variable nature of surface soil,
which experience a wider range of direct environmental pressures brought about from precipitation, sea-
sonal changes in vegetation, and freeze/thaw dynamics. Also, it has been reported previously that relatively
similar GIPL temperature fields can be generated from several different combinations of parameters (Beven
& Freer, 2001; Nicolsky et al., 2007), suggesting that more detailed datasets would be needed to increase the
parameter constraint.

3.2. Recreation of Eight Mile Lake Soil Thermal Regime Over the Calibration Period

Simulated soil temperatures captured seasonal and diurnal patterns of air temperature across soil layers,
particularly in the shallow layers (Figure 4). Generally, the shallower soil layers were better fit by the simu-
lation values than deeper layers, with the best fit layer depth being 5 cm (R* = 0.90) (Table 2). Large seasonal
swings of temperature are modeled at the 200 cm layer, with observable decreasing amplitude simulated
at the 800 cm layer. Owing to the once-annual measurements for these permafrost layers, we are unable to
confirm the simulated seasonal amplitude signal, though the presence of seasonal signals on temperatures
at these depths have been recorded in comparable permafrost areas (Romanovsky et al., 2010). The GIPL
simulations showed a cooling between mid-2013 and mid-2016 for the permafrost down to 800 cm, a trend
which is not matched by the observed data which was nearly 0.2 °C warmer for the 800 cm layer during that
period. Measurements over the calibration period showed a warming of approximately 0.15 °C at 1500 cm,
though model simulations showed an insignificant temperature trend through time.
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Figure 3. Frequency plot of the individual parameter posterior distributions for each depth, using the union of five parallel MCMC runs, approximately
100,000 iterations in total. Rows separate distributions by increasing soil depth. Columns separate counts across individual parameters (Table 1). Empty cells
correspond to parameters left out of the cost function. Note y-axis variable across plots to visualize shape of the distributions.

Simulation divergence from observed soil temperatures was seasonally variable across depths. The model
did a particularly poor job simulating October 2012 to May 2013 winter temperatures, with simulated tem-
peratures colder than observed values by an average of 1.9 °C (+/—1.3 °C) for 5 cm, 1.69 °C (+/—1.1 °C) for
10 cm, and 1.3 °C (+/—1.08 °C) for the 20 cm layer (errors reported as standard deviations). Another similar
divergence between model and observed appeared over the 2017-2018 winter period. Summertime model
simulations were often colder than the observed series for the upper 40 cm layers, and the transitional sea-
sons of spring and fall match more closely.

We used the width of simulation IQR to infer uncertainty of model representation of individual soil lay-
ers. Overall, the width of simulation IQR decreased with depth. The upper 10 cm demonstrated no strong
seasonal pattern of IQR variability, with values consistently smaller than 1.5 °C (Figure S2). However, 20—
40 cm layers demonstrated seasonal patterns in IQR variability, with a larger IQR window corresponding
to periods of snow cover (January-April). However, the IQR series for these shallow layers displayed no
overall trend through time, unlike the deep layers. The 200 and 400 cm layer IQRs spiked consistently dur-
ing the later-Winter to early-Spring periods before gradually falling over the summer, corresponding to the
periods of temperature transition from cooling to warming. The 800 and 1500 cm layers showed no strong
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Figure 4. Measured and simulated daily mean ground temperatures across depths over the calibration period.
Measured data is colored black, and simulated interquartile range is colored gray. a-h correspond to depths 5, 10, 20, 40,
200, 400, 800, and 1500 cm.

seasonal variability, however, these IQRs increased in range slightly between 2012 and 2018. The overall
mean IQR for each temperature layer varied from 0.71 °C (10 cm) to 0.01 °C (1500 cm) (Table 2). Despite
the observed uncertainty in parameter values, temperature simulations over the calibration period exhibit
tight IQR ranges, providing confidence in model projections.

A critical element of permafrost table stability is the end of season thaw depth, which indicates the extent of
top-down permafrost thawing which occurred for sites facing a deepening active layer. The average end of
season thaw depth across multiple plots at the site between 2012 and 2018 measured 64.0 cm (4+/—6.9 cm,

Table 2

Root Mean Square Error (RMSE) and R’ Between Simulation Median

and Corresponding Observed Temperature Time Series, and the Average
Overall Interquartile Range for Simulations for Each Corresponding Soil

Depth

Variable name R’ RMSE Average IQR
ALT 0.39 4.0 =
5cm 0.90 1.22 0.51
10 cm 0.78 1.39 0.71
20 cm 0.74 1.01 0.48
40 cm 0.53 0.84 0.36
200 cm 0.02 0.74 0.2
400 cm 0.03 0.53 0.11
800 cm 0.00 0.36 0.04
1500 cm 0.01 0.27 0.01

Note. RMSE and IQR reported in degrees Celsius for each soil layer depth,

and cm for active layer thickness (ALT).

standard deviation), while the simulation average end of season thaw
depth was 65.2 cm (+/—3.9 cm, standard deviation) (Figure 5). The simu-
lated versus empirical end of season thaw depths matched very well—all
years had overlapping confidence intervals (Figure 5). The RMSE for end
of season thaw depth between the median simulation and measured val-
ues was 4 cm (Table 2). For the plots used here, end of season thaw depth
approximates the permafrost table depth.

3.3. Projecting Local Permafrost Thaw

Model simulations project soil column warming through 2100 across
all RCP scenarios (Figure 6). As the degree of air warming increased,
so did the width of the IQR for model simulations. After 2075, the
IQRs for permafrost temperature projections above 800 cm were non-
overlapping for RCP 8.5, demonstrating strong confidence in model
simulations for these layers. Furthermore, thawing of the permafrost
at the permafrost table is projected at the site for each RCP scenar-
io (Figure 7). Median thaw depth surpasses 3 m by 2080, 2076, and
2061 for RCPs 4.5, 6.0, and 8.5, respectively, while by 2100 the range
of median depths of the permafrost table is projected to be between
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Figure 5. End of season thaw depth (cm) over the calibration period. Mean values across measured plots (light gray),
and mean values across 500 simulations (dark gray). Error bars correspond to 1 standard deviation.
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Figure 6. Median annual soil temperatures for select depths of 500 GIPL projections between 2018 and 2100 for
different representative climate projections (4.5, 6.0, and 8.5 - yellow, orange, and red solid lines), with shading
representing interquartile range. a-d correspond to 200, 400, 800, and 1500 cm.
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Figure 7. GIPL projections of annual top of Eight Mile Lake permafrost table between 2018a and 2100 for three
different representative climate projections (4.5, 6.0, and 8.5 - yellow, orange, and red). Solid line corresponds to
median, and shading shows the interquartile range.
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Figure 8. Median permafrost thaw depth (m) and mean annual air
temperature for years when values were above the freezing point (dots),
from 2018 to 2100, and for each representative climate projection (4.5, 6.0,
and 8.5 - yellow, orange, and red). Trend lines correspond to best-fit linear
model (p < 0.01, R%0.52, 0.65, 0.87), demonstrating a range of permafrost
thaw rates between 1.35, 1.46, and 2.4 m for every 1 °C warming.
Calculated slope terms and associated uncertainty are 1.35 + 0.16,

1.46 + 0.13,and 2.4 + 0.11.

5.3 and 13.2 m depending on the scenario. The IQR for permafrost
table position increases as median thaw depth of the permafrost table
increases, indicating increasing model uncertainty in projections as
thawing proceeds.

The trajectories for permafrost thaw for each concentration pathway
demonstrated similar sensitivities to sustained air temperature increase.
While mean annual air temperature (MAAT) remained below 0 °C, me-
dian permafrost table depth exhibited very little change. In years when
MAAT was above 0 °C, there is a strong linear relationship of >1 m thaw
per 1 °C of warming for all climate scenarios, after a brief period where
permafrost table thawing lagged behind MAAT rise (Figure 8). Calculat-
ed slope terms with associated uncertainty are 1.35 + 0.16, 1.46 + 0.13,
and 2.4 + 0.11, for RCP 4.5, 6.0, and 8.5, respectively. Our model predicts
high vulnerability of the Eight Mile Lake permafrost table to projected
increases in air temperature, with high confidence in temperature projec-
tions for the upper 800 cm.

We observed similar relationships between projected increases in MAAT
and permafrost thaw depth across CMIP5 models. While four of the five
models show permafrost thaw projections within close proximity of each
other (CCSM4, GISS, IPSL, and MRI) the GFDL model consistently pro-
jected deeper permafrost thaw across RCPs (Figure 9). The full range of
median permafrost thaw values by 2100 across CMIP5 models were 2.5
15.6 m (RCP 4.5), 2.9-18.3 m (RCP 6.0), and 6.4-24 m (RCP 8.5). Of the
five models, only GISS projected median permafrost thaw within the top
3 m by 2100 for RCP 4.5 and 6.0.
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Figure 9. GIPL projections of annual top of Eight Mile Lake permafrost table between 2018 and 2100 for three
different representative climate projections (4.5, 6.0, 8.5 — a, b, ¢), and each of the CMIP5 models (including the
5-Model Average). Solid line corresponds to median, and shading shows the interquartile range.

4. Discussion

Although our model projects permafrost thawing depth is highly dependent on the degree of sustained air
warming, none of the projected climate warming scenarios project permafrost in the upper 3 m of soil by
2100. Simulated permafrost thaw began unimpeded at the site once MAAT rose above the freezing point,
with peak thaw rate occurring once MAAT warmed past 1°C. Therefore, Eight Mile Lake, as representative
of other sub-Arctic tundra areas within the discontinuous permafrost region, will commence significant
and uninterrupted permafrost thawing as projected climate warming proceeds. The proximity of sub-Arctic
ecosystem MAATS to the freezing point suggest that the onset of irreversible permafrost thawing may occur
sooner in some areas than what our simulations projected.

4.1. Eight Mile Lake Permafrost Vulnerability

Our locally calibrated model predicted that Eight Mile Lake permafrost showed high vulnerability to a
sustained increase in MAAT, resulting in approximately 1.5 m of permafrost thaw for every 1 °C sustained
air warming above 0 °C. However, we suggest that our model may underestimate permafrost thaw based on
comparisons to observed thawing and the nature of permafrost temperature responses to lag behind their
corresponding air warming trends (Slater & Lawrence, 2013; Zhang et al., 2008). Our results showed a brief
lag of permafrost table thawing once MAAT rose above 0 °C, though local environmental variables such as
permafrost temperature, organic layer thickness, aboveground plant community, and soil moisture can all
affect rates of permafrost temperature response (Chadburn et al., 2017; Fisher et al., 2016; Subin et al., 2013).
In context, the Eight Mile Lake research site is located on a gentle slope with historically well-drained soils
(E. A. G. Schuur et al., 2007) providing a highly insulative organic layer which protects the permafrost from
air temperature rise, suggesting the ability for near surface permafrost to persist through short-term MAAT
rise. However, the high permafrost temperatures and relatively shallow moss layer, demonstrated in the
model as the top 3 cm layer, may increase site sensitivity.

Given the strong temperature-thaw depth relationship of the site permafrost, the final extent of permafrost
thaw depth by 2100 is highly dependent on when site MAAT rises above 0°C. Measured air temperatures at
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the site have historically been warmer than comparable downscaled Alaska modeled products (T. Schuur
et al., 2020) (Figure S3), suggesting our projections delay permafrost thaw onset. Furthermore, long-term
records of deep permafrost temperatures at the Eight Mile Lake site, as well as measured temperatures over
the calibration period, demonstrate that permafrost warming occurs at Eight Mile Lake even when MAAT is
below 0 °C (Osterkamp & Romanovsky, 1999; Romanovsky et al., 2010). This is also visible from our model
projections, which show warming of 1500, 800, 400, and 200 cm layers (Figure 6) well before MAAT crosses
the freezing point. Also, recognizing that our model simulated colder deep permafrost temperatures than
was measured over the calibration period, we suggest that our projections may further delay the onset of
permafrost table deepening.

While most landscape projections of permafrost thaw agree with the pronounced thawing expected
to occur across the discontinuous permafrost zone (Chadburn et al., 2017; Guo & Wang, 2016; Hjort
et al., 2018; McGuire et al., 2016), results from landscape model ensembles are not always representative
of local conditions. In fact, a statewide Alaska GIPL product showed pronounced differences in soil tem-
perature and permafrost table thaw projections for Eight Mile Lake (GIPL Model outputs - linear coupled
- Annual. Scenarios Network for Alaska and Arctic Planning) (Figure S4). Our local calibration of soil
parameters resulted in a near 30-year delay for thaw of the upper 3 m of permafrost compared with the
spatial GIPL product. While the beneficial effect of locally calibrating model parameters is clear, accu-
rately attributing thermodynamic values to soil layers has limited model accessibility. Furthermore, while
Arctic soil modeling studies have demonstrated how the inclusion of soil composition (Aalto et al., 2018),
deeper layers mineral composition (Alexeev et al., 2007), and latent heat loss reduces model error (Ekici
et al., 2015), reliance on coarsely derived values will likely deliver an ill-representative model across het-
erogeneous permafrost landscapes.

Increased application of local calibration methods will provide researchers valuable comparisons between
soil heat modeling of permafrost areas using landscape models. Specifically, exploration of the posterior
distributions shown here indicate a sliding influence on temperature between soil thermodynamic param-
eters through the active layer to latent heat loss terms for permafrost (Figure 3). Such findings can be used
to inform parameterization or development efforts of landscape models (Atchley et al., 2015). We found
that uncertainty stemming from the parameter distributions contributed to a maximum IQR near 10 m for
permafrost thaw projections by 2100 (Figure 7, RCP 8.5), despite only a 4 cm RMSE of seasonal thaw depth
over the calibration period. This is in contrast to the disagreement in median Eight Mile Lake permafrost
thaw projections across CMIP5 models, which show up to a 16 m difference by 2100 (RCP 8.5), highlighting
the relative impact of climate variability and soil thermodynamics to translate into variability in thaw pro-
jections. Uncertainty from soil thermal properties are largely ignored in landscape model applications (but
see Harp et al., 2015), suggesting that more studies which explore this potential source of uncertainty are
needed. With the growing number of Arctic research data repositories (Arctic Permafrost Geospatial Center,
NSF Arctic Data Center, NCEAS Arctic Data Center), the potential for application of local model calibration
methods is extensive.

4.2. Consequences of Projected Permafrost Thaw

As ice-rich permafrost soils thaw, landscape topography can shift and subside, forming thermokarst
features and changing surface water distributions (Belshe et al., 2013; Jorgenson & Osterkamp, 2005).
Thermokarst features are often associated with a decline in plant productivity, and a directional change
in soil respiration based on the soil moisture conditions (Christensen et al., 2004; Vogel et al., 2009).
Therefore, attributing a landscape-scale carbon balance response to increasing permafrost thaw re-
quires tracking the development of subsidence effects and surface soil moisture (Belshe et al., 2012;
Mauritz et al., 2017). The upper 1 m of soils at Eight Mile Lake have characteristically high moisture
content, within 48%-60% by volume in 2009, which have led to the formation of thermokarst terrain
(Osterkamp et al., 2009; Schidel et al., 2018). Topographical subsidence drives a feedback cycle where
surface water is redistributed to these lower areas, increasing nonvascular plant coverage and satu-
rating the soil, further driving more subsidence and permafrost thaw. A spatial analysis at a nearby
experimental site concluded that surface soil warming of 1 °C was sufficient to initiate thermokarst
feature development (Rodenhizer et al., 2020). Furthermore, roughly 1 cm per year of subsidence has
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been measured at nearby monitoring plots between 2008 and 2018, though this rate may increase to
5 cm per year as permafrost thaw deepens (Rodenhizer et al., 2020). Thus, we expect that the projected
permafrost thawing at Eight Mile Lake will coincide with increased rates of thermokarst feature devel-
opment and water runoff, which is a dominant mode of ecosystem carbon loss for Tundra ecosystems
(Plaza et al., 2019). Projections of between 17 and 21 kg cm ™ loss across the Eight Mile Lake watershed
by 2100 are expected as permafrost thaw exposes more carbon to decomposition and lateral transport
(Plaza et al., 2019; E. A. G. Schuur et al., 2015).

Given the increases in deep soil temperature, active layer depth, permafrost thaw depth, and active layer
depth simulated here, we expect that the contribution of soil respiration to the net ecosystem carbon
balance to outpace concurrent increases in plant uptake. For well-drained tundra, permafrost thaw can
increase plant access to nutrients, such as nitrogen, leading to an increase in carbon uptake and shifts
in plant community composition (Aerts et al., 2006; Beermann et al., 2016; Mack et al., 2004; Salmon
et al., 2016; Shaver et al., 2007). However, warmed soil and permafrost thaw also stimulate soil respi-
ration (Bracho et al., 2016; Cheng et al., 2017; Natali et al., 2011), which can offset increases growing
season carbon uptake through increases in winter soil respiration (Commane et al., 2017; Grogan &
Chapin, 1999; Natali et al., 2019; Webb et al., 2016). Measurements of ecosystem carbon balance at Eight
Mile Lake demonstrate that this site is an annual source of carbon to the atmosphere (Celis et al., 2017;
Trucco et al., 2012), with seasonal active layer thickness and soil temperature strong drivers of GPP and
ecosystem respiration (Hicks Pries et al., 2013; Xue et al., 2016). However, changes in plant community
composition and surface water distribution do affect soil respiration rates, particularly regarding the shift
from CO, respiration to methanogenesis in inundated soils (McCalley et al., 2014; Nauta et al., 2014;
Taylor et al., 2018). Furthermore, estimates of up to 64% of carbon in the upper half meter of sub-Arctic
tundra soil may be lost by 2100 due to hydrological transport alone (Plaza et al., 2019), a process highly
influenced by surface permafrost thawing.

The Arctic terrestrial hydrological cycle is tightly coupled with permafrost extent and will likely face dra-
matic changes as thawing proceeds beyond the upper 3 m. The permafrost layer acts as a boundary for
surface water, maintaining the size and continuity of many northern latitude lakes (Bring et al., 2016). Lake
waters often expand into degrading permafrost areas, giving the effect of increasing overall lake area, as
has been documented throughout the continuous permafrost zone (Smith et al., 2007). Further permafrost
thawing can lead to a breach of the lakebed, and the relocation of surface waters underground (Burn, 2005).
The namesake body of water near the experimental site, Eight Mile Lake, an ~0.5 km? intermediate reser-
voir along Fish Creek, may face a similar breach-drainage fate by 2100. Drainage of Eight Mile Lake will
disrupt river water, nutrient, and mineral outflow around the catchment (Koch et al., 2013), and may lead
to a seasonally forming shallow marsh environment with warmer soil layers that facilitate CH, respiration.
While the reformation of permafrost inside dry lake beds is commonly seen in the continuous permafrost
zone, known as the thaw lake cycle (Billings & Peterson, 1980; Britton, 1957), it is unlikely to happen fol-
lowing a MAAT rise above 0°C.

An overall drying of the tundra may occur if permafrost table deepening outpaces surface subsidence in
a well-drained soil, as the water table moves further away from the soil surface. Once the seasonal frost
layer thaws, any surface water held near the organic layer can drain into groundwater systems (Smith
et al., 2005) or topographic depressions, leading to ponding. Increased tundra drying will inhibit nonvas-
cular plant growth, changing above ground carbon storage, and soil heat and water holding potential (Gor-
nall et al., 2007). A combination of increased MAAT and depletion of surface water elevate the risk of
higher severity tundra fires (Hu et al., 2010). Post-fire Arctic tundra show increased thermokarst feature
development which inhibit landscape recovery (Bret-Harte et al., 2013; Jones et al., 2015), and massive
carbon losses from the ecosystem for high severity fires (Mack et al., 2011). However, changes in rooting
depth following active layer deepening is known to provide competitive benefits for canopy plant species,
potentially paving the way for enhanced Arctic shrubification and increased above-ground carbon storage
(Mod & Luoto, 2016). Furthermore, Arctic shrub expansion leads to increases in windblown snow trapping,
increasing snowpack depth and further insulating upper soils from cold winter air temperatures (Bring
et al., 2016). However the tundra responds to such extensive permafrost thaw, the Eight Mile Lake site is
ceded to undergo significant changes by 2100.
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5. Conclusions

Using the Bayesian inversion approach with an MCMC technique, we calibrated a permafrost thaw model
from local temperature and thaw data, and projected permafrost sensitivity to air warming to 2100 across
three climate scenarios. As inferred by the posterior parameter distributions, soil heat capacity and conduct-
ance values controlled the temperature response of upper soil layers, while latent heat terms became influ-
ential in the permafrost layers. Furthermore, model simulations accurately recreated observed temperature
over the calibration period and tightly matched end of season thaw depth. Permafrost at Eight Mile Lake, as
representative of other sub-Arctic tundra ecosystems, is extremely vulnerable to projected increases in air
temperature, with unimpeded permafrost thaw expected to follow MAAT rise above the freezing point. We
found that under no climate scenario was permafrost retained in the upper 3 m of soil. We expect the conse-
quences of such dramatic thawing to include significant soil carbon and nutrient transfer into groundwater,
widespread landscape subsidence and thermokarst formation, and an increase in soil respiration of CO,.
An increasing vulnerability of Arctic permafrost to climate warming has hastened the need for site-repre-
sentative models. Our methodology extends the reach of local calibration efforts, leading to a more detailed
understanding of the future of permafrost areas.
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