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ARTICLE INFO ABSTRACT

Keywords: Boreal ecosystems account for 29% of the world’s total forested area and contain more carbon than any other
Boreal ff’TESt ) terrestrial biome. Over the past 60 years, Alaska has warmed twice as rapidly as the contiguous U.S. and wildfire
Forest simulation model activity has increased, including the number of fires, area burned, and frequency of large wildfire seasons. These
Hydrology d rapid changes in cli d wildfire have implications for f i it

LANDIS.II recent and rapid changes in climate and wildfire have implications for future vegetation composition, structure,
Permafrost and biomass in interior Alaska, given that the vegetation is highly dependent on active layer thickness, soil

Wildfire moisture, organic layer depth, and plant-available nutrients. Here we developed a new succession extension
(DGS) of the LANDIS-II forest landscape model which integrates a vegetation dynamics model (NECN) with a soil
carbon model (DAMM-McNiP), a hydrologic model (SHAW), and a deep soil profile permafrost model (GIPL) in a
spatially-explicit framework. DGS Succession uses the algorithms in the NECN Succession extension of LANDIS-II
to simulate growth, mortality and reproduction of vegetation but has three major improvements. First, the simple
bucket model in NECN was replaced with a physically-based model (SHAW) that simulates energy and water
fluxes (e.g. snow depth, evapotranspiration, soil moisture) at multiple levels in the canopy and soil. Second, the
active, slow, and passive soil pools in NECN were replaced by seven soil pools that are measurable in the field,
with carbon and nitrogen dynamics dictated by DAMM-MCcNiP. Finally, soil temperature and soil moisture are
simulated only at one depth in NECN, but in DGS, soil temperature (and hence permafrost dynamics) are
simulated at as many as 50 user-defined depths down to 4 m with SHAW and 75 m with GIPL. During the initial
calibration phase, DGS was applied at three inventory sites at the Bonanza Creek Long Term Ecological Research
area in Interior Alaska where climate forcings, species biomass, soil temperature, and/or soil moisture were
available. For the landscape-scale simulations, DGS was run with the SCRPPLE fire extension of LANDIS-II under
two scenarios of climate using a ~400,000 ha landscape that included the inventory sites. Across all three sites,
DGS generally captured the variation in soil moisture and temperature across depths, seasons, and years
reasonably well, though there were some discrepancies at each site. DGS had better agreement with field
measurements of soil moisture and temperature than its predecessor NECN which produced unrealistically low
soil moisture and unrealistically high seasonal fluctuations in soil temperature. At the landscape scale, ignitions,
area burned, and soil temperature increased under climate change, as expected, while soil moisture was rela-
tively unchanged across climate scenarios. Biomass tended to decline under climate change, which differs from
other modeling studies in this region but is consistent with the browning trends observed from remote sensing
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data. Simulating climate, vegetation succession, hydrology, permafrost, carbon and nutrient cycling, and wildfire
in an integrated, spatially-explicit framework like LANDIS-II will allow us to disentangle the drivers and
ecosystem responses in this rapidly changing ecosystem, as well as other forested systems with complex hy-
drologic, biochemical, cryospheric, and vegetation feedbacks.

1. Introduction

Boreal ecosystems stretch approximately 16 million km? around the
northern portion of the globe, accounting for 29% of the world’s total
forested area (UN-ECE/FAO, 1985). They contain 1041 Pg of C (median,
range of 367-1715 Pg), more carbon than any other terrestrial biome
(Bradshaw and Warkentin, 2015). Their sheer size and C storage ca-
pacity make them important, but it is their recent, rapid climatic
changes and potential fragility that foster particular interest in these
high latitude regions, such as Alaska.

Over the past 60 years, Alaska has warmed twice as rapidly as the
contiguous U.S. (Markon et al., 2018; Overland et al., 2018) and current
temperatures are unprecedented in the last 100-400 years (Barber et al.,
2004; Overpeck et al., 1997). Temperatures have warmed most
dramatically in the winter (Wolken et al., 2011), resulting in a decline in
the snow season length by about 2.5 days per decade (Euskirchen et al.,
2007, 2006). Temperatures have also warmed in the spring and fall; an
earlier spring start and a slightly later date of the first frost in the fall
have resulted in a 45% increase in growing season length over the past
91 years (Wendler and Shulski, 2009). Projections indicate that warm-
ing will continue to outpace lower latitudes and temperatures will in-
crease by another 2-8 °C by the end of the century (Leonawicz et al.,
2015) Late-century projections (CCSM4 RCP8.5) suggest the snow sea-
son will decline by ~28 days (Lader et al., 2020) and the lengthening of
the growing season will increase by almost 50 days in Alaska, as
compared to only 30-40 days in the contiguous United States (Lader
et al.,, 2017; Walsh, 2014). Precipitation has shown very little change
(Bieniek et al., 2014), and studies that do find an observed precipitation
change disagree on the direction (Hinzman et al., 2005; L’Heureux et al.,
2004; McAfee et al., 2013) in Alaska over the past century. Precipitation
in Alaska is projected to increase over the next century, given that
warmer air has a higher holding capacity for water vapor, but the un-
certainty is high, ranging from 10% to 50% depending on the model and
emissions scenario (Bieniek et al., 2014; Tebaldi et al., 2004). Maximum
daily precipitation is expected to increase by 53% by 2100, which far
exceeds the estimates for the contiguous United States which range from
10% to 40% (Lader et al., 2017). The ratio of snow to total precipitation
is projected to decrease from ~44% to 21% under the CCSM3 and
GFDL-CM3 climate scenarios by the end of the late-century (Lader et al.,
2020).

Interior Alaska, bounded by the Alaska Range (~63°N) to the south
and the Brooks Range (~67°N) to the north, is dominated by upland and
lowland boreal forests. White spruce (Picea glauca (Moench) Voss) was
the first conifer to expand in interior Alaska 10,000 years BP, and it
dominated the region for much of the mid-Holocene (10,000 — 5000
years BP, Edwards et al., 2005). As the climate became cooler and
moister, black spruce (Picea mariana (Mill.) Britton, Sterns & Poggenb.)
increased in abundance (Higuera et al., 2009a; Lynch et al., 2003a) and
now covers about 40% of boreal Alaska (Van Cleve et al., 1983). Interior
Alaska also supports prevalent deciduous broadleaf trees, such as
trembling aspen (Populus tremuloides Michx.), Alaskan paper birch
(Betula neoalaskana Sarg.), and balsam poplar (Populus balsamifera L.).

Wildfire is the primary disturbance in the boreal forests of Alaska and
around the world now (Payette, 1992) and for the past thousands of
years (Higuera et al., 2009b; Hoecker et al., 2020; Kelly et al., 2013;
Lynch et al., 2003b). Climate warming has increased fire activity in the
circumboreal forest (M. D. Flannigan et al., 2009; Lynch et al., 2003) and
in Alaska (Calef et al., 2015; Duffy et al., 2005), including a 50% in-
crease in overwintering (aka zombie) fires (Scholten et al., 2021). The

average number of fires per year in Alaska has expanded from 125 in the
1940's to >461 in the 2000’s (Hinzman et al., 2013). Ignition density has
increased by 4.8% each year since 1975 (Veraverbeke et al., 2017). This
is due, in part, to increases in the length of the fire season, with signif-
icant increases in the number of days with lightning ignitions since the
late 1950's in boreal North America (Coogan et al., 2020). Area burned
doubled from the 1960s/1970s to the 1980s/1990s in boreal North
America (Kasischke and Turetsky, 2006) and increased by 4.6-fold in
interior Alaska since 1943 (Calef et al., 2015). In some areas of Alaska,
the fire return interval has decreased from 120 - 1100 years (Johnstone
etal., 2010a; Van Cleve and Viereck, 1981) to less than 50 years (Brown
and Johnstone, 2012; Johnstone and Chapin, 2006). As wildfire activity
increases in Alaska, it becomes more important than ever to use fire
simulators that capture the temporal resolution, spatial interactivity,
vegetation, and climate integration necessary to capture future changes
in the fire regime. Some fire models use monthly (e.g. TEM, Balshi et al.,
2009) rather than daily data to capture ignition rates, do not simulate
fire spread from one raster pixel to another (e.g. UAFME, Foster et al.,
2019; MC1, Bachelet et al., 2005), omit shrubs, mosses and lichen as fuel
types (e.g. FVS-FFE, Rebain, 2010), or rely on user-defined fire return
interval (e.g. UAFME, Foster et al., 2019), preventing climate-driven
changes in intervals. Models like Scrpple (Scheller et al., 2019) that
use daily data, simulate fire spread using cell automata, recognize that
understory species as important fuel types, and have a tight coupling to
climate without fixed fire return intervals, can aid in predicting future
changes in wildfire regimes under a changing climate.

Changes in the wildfire regime in Alaska have started to break the
6000 year “legacy lock” of spruce domination (Hoy et al., 2016; John-
stone et al., 2010b), increasingly favoring hardwood species with longer
dispersal distances and shorter times to sexual maturity. Black spruce
has seeding distances less than 1 km, whereas aspen and birch can
disperse several kilometers from the parent tree (Burns and Honkala,
1990; Marquis et al., 1969; McCaughey et al., 1986). Also, as the
prevalence of short-interval fires increase in Alaska (Buma et al., 2022),
sites can suffer from immaturity risk, because the fire-free periods are
too short for conifer seed production (Keeley et al., 1999). Black spruce
has low rates of seed production and cone serotiny until it reaches sexual
maturity (>30 years old, (Buma et al., 2013; Burns and Honkala, 1990)
and often requires at least 50 years to accumulate sufficient seed for
stand self-replacement after fire (Viglas et al., 2013). In contrast, alder,
quaking aspen and paper birch initiate seed production at 5, 10, and 15
years old, respectively. Germination success and recruitment rates also
influence the effectiveness of conifer self-replacement. A long fire return
interval allows sufficient time for the thick organic seedbeds to develop,
which present a barrier for small deciduous seeds (but not larger-seeded
conifers) to reach the stable moisture supply in the mineral soil
(Hesketh et al., 2009). However, sites with short-interval fires have
thinner organic layers and more exposed mineral soil (Shabaga et al.,
2022), which favors deciduous species like aspen (Jasinski and Payette,
2005; Johnstone and Chapin, 2006). Many models represent vegetation
as broad vegetation types (AFRESCO, TEM, ecosys) and do not simulate
seed dispersal or vegetative reproduction (e.g. TEM), which may not
fully capture the species-level traits and reproductive strategies that
determine long-term successional trends.

In the boreal forests of interior Alaska, forest type, wildfire, and soil
moisture are the most important agents controlling the thickness of the
organic horizon (Johnstone et al., 2010a), which is the primary deter-
minant controlling the aggradation or degradation of permafrost
(Viereck, 1982). Permafrost, soil with a temperature at or below 0 °C for
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at least two consecutive years, underlies approximately 75-80% of the
ground in interior Alaska (Osterkamp and Romanovsky, 1999). Cooler
and wetter areas, such as north-facing and toe-slope forests, are more
likely to contain permafrost than warmer and drier south-facing slopes
(Hinzman et al., 2006). Shallow permafrost and thick organic horizons
are often associated with black spruce forests and lowlands, where soils
are moist because evapotranspiration rates are low due to low produc-
tivity (Bonan, 1991; Liu et al., 2005), decomposition is low due to anoxia
and cold temperatures (Hobbie et al., 2000; Schimel and Clein, 1996),
and mosses are prevalent and have high water retention capacity (Tur-
etsky et al.,, 2010). Broadleaf forests, more prevalent on warm,
well-drained soils, often have thinner organic horizons and less moss
understory (Natalia et al., 2008; Van Cleve and Viereck, 1981), due to
higher evapotranspiration and decomposition rates associated with
higher productivity (Bonan, 1991; Liu et al., 2005), thereby causing
greater fluctuations in summer temperatures, and lacking permafrost.
Most permafrost models, like GIPL2, capture the effects of forest type on
permafrost (Nicolsky et al., 2009), but lack dynamic vegetation, wild-
fire, and hydrology modules that capture potential changes in species
composition, wildfire, and soil moisture that drive long-term changes in
permafrost.

Wildfire also influences permafrost, through its effects on surface
energy balance. Following wildfire, the thickness of the organic horizon
is reduced, causing a significant increase in the thermal conductivity of
soil and an increase in active layer thickness, the portion of the soil
above the permafrost that thaws and freezes seasonally (Jafarov et al.,
2013). Permafrost tends to return 20-30 years after low-severity fire as
the forest floor begins to develop and mosses regain dominance (Bern-
hardt et al., 2011; Viereck et al., 2008). In areas with high severity fire
where larger amounts of the surface organic material are combusted,
permafrost may disappear from the upper few meters of soil (Yoshikawa
et al., 2003). Across interior Alaska, permafrost soils are often right at
the cusp of thawing, with temperatures usually ranging from -0.1 to
-3.5°C (Jorgenson et al., 2010; Osterkamp and Romanovsky, 1999), due
in part to recent climate warming (Hinzman et al., 2006; Osterkamp and
Romanovsky, 1999). Rising temperatures in Alaska are likely to cause
longer fire seasons (Jolly et al., 2015; Kasischke et al., 2010) and in-
creases in the frequency and severity of fires (H. Genet et al., 2013;
Kasischke et al., 2010) which can cause permafrost thaw (Nicolsky et al.,
2007). Also, as temperatures rise and fire frequency increases, active
layer thickness increases and the depth to permafrost increases, enabling
soil water to drain deeper into the soil profile. Recent warming has also
caused earlier snowmelt and later freeze-up, which have lengthened the
growing season in interior Alaska (Sharratt, 1992), and increased the
potential for drought (Barber et al., 2000), especially when coupled with
the changes in depth to permafrost and hence altering wildfire
dynamics.

Recent efforts to quantify the effects of climate change and wildfire
on boreal Alaska have specifically highlighted the need to improve our
understanding of the interactions between climate, fire, vegetation,
hydrology, and soils (Alexander and Mack, 2016; A.C. Foster et al.,
2019; Rogers et al., 2015). In the past, ecosystem models, such as
ALFRESCO, TEM, ecosys, UVAFME, and iLAND, have been used to
simulate climate-vegetation-fire interactions in Alaska (Euskirchen
et al., 2009; H. Genet et al., 2013; Mekonnen et al., 2019; Rupp et al.,
2007), but they have several limitations. For example, AFRESCO, TEM,
and ecosys classify vegetation into vegetation types and therefore do not
capture species’ competitive dynamics. Individual-based gap models,
like UVAFME (University of Virginia Forest Model Enhanced), are able
to capture species dynamics in interior Alaska, but they do not simulate
spatially-interactive processes like seed dispersal and wildfire spread
(Foster et al., 2022a, A.C. 2019). The model iLAND simulates
spatially-interactive species growth, tree dispersal, and wildfire spread
at the individual tree level (Hansen et al., 2021), but it primarily focuses
on aboveground processes with soil moisture simulated for a single layer
using a simple bucket model (Seidl et al., 2012). UVAFME simulates soil
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moisture at two depths (organic and mineral layers) (A.C. Foster et al.,
2019), whereas TEM, ALFRESCO-TEM, and ecosys simulate soil mois-
ture at multiple depths, including the depth of the water table (Dimitrov
et al., 2010; Yi et al., 2009). Permafrost dynamics are captured in all
these models, except iLAND. UVAFME (A.C. Foster et al., 2019),
DOS-TEM (Genet et al., 2013), and ecosys (Mekonnen et al., 2019)
simulate the effects of wildfire on the depth of burn, though in ecosys it
is a spatially homogenous, user-defined input.

In this paper, we describe a new succession extension (Damm/
mcnip-Gipl-Shaw, henceforth ‘DGS’) of the LANDIS-II forest landscape
model (Scheller et al., 2007) that greatly expands our ability to simulate
climate, species-level succession, hydrology, permafrost, carbon and
nutrient cycling, and wildfire in a spatially-explicit framework. DGS
Succession uses the algorithms in the NECN (Net Ecosystem Carbon and
Nitrogen) Succession extension of LANDIS-II to simulate growth, mor-
tality, and reproduction of vegetation, but the potential drivers of
growth (e.g. soil temperature, available soil moisture, and available
nitrogen) were updated. The simple water bucket model in NECN was
replaced with a physically-based model (Simultaneous Heat And Water
balance model; SHAW; Flerchinger et al., 2016a; Flerchinger and
Cooley, 2000; Flerchinger and Saxton, 1989) that simulates energy
fluxes (e.g. direct and diffuse solar radiation, albedo, heat transfers
within snowpack) and water fluxes (e.g. snow accumulation and abla-
tion, evapotranspiration, soil moisture) at multiple strata in the canopy
and up to 49 user-defined depths in the soil down to 4 m. The active,
slow, and passive soil pools in NECN were replaced by seven soil pools
that are measurable in the field (soil organic C and N, dissolved organic
C and N, microbial biomass C and N, and extracellular enzymes), with
carbon and nitrogen dynamics dictated by the algorithms in the
DAMM-MCcNiP (Dual Arrhenius Michaelis-Menton Carbon and Nitrogen
Physiology) model (Abramoff et al., 2017a). A deep soil profile perma-
frost model (Geophysical Institute Permafrost Laboratory; GIPL version
2.0; (Nicolsky et al., 2009) was integrated into DGS to simulate soil
temperature at up to 50 user-defined depths down to 75 m. Recoding
these published models of soil C, hydrology, and permafrost from
FORTRAN (SHAW and GIPL) and R (DAMM) to the C# framework of
LANDIS-II, enabled us to simulate integrated, dynamic responses and
spatially-explicit feedbacks using models that were already
well-established and fully-vetted. The DGS extension was calibrated
using four sites in interior Alaska and then used to simulate current and
future vegetation, hydrology, and permafrost in a 397,860 hectare
landscape in interior Alaska at a 200 m x 200 m grid resolution. In this
paper, our objective was to assess how soil moisture, soil temperature,
vegetation, and soil C may be altered by climate change and illustrate
how the future dynamics of Alaskan ecosystems can be simulated using
DGS, a tightly coupled model of climate, vegetation, soil (including
organic layers and permafrost), hydrology, and wildfire.

2. Methods
2.1. Model overview

Our new succession extension (described below) was integrated
within LANDIS-II, an open-source, spatially-explicit, process-based
simulation framework that is optimized for large-scale spatial dy-
namics (Scheller et al., 2007). In LANDIS-II, the landscape consists of
interconnected grid cells; each cell contains species-age cohorts of trees
and is assigned to a climate region, within which climate is assumed to
be homogenous (Mladenoff, 2004). Tree growth and mortality are not
spatially interactive (i.e. competition between cohorts occurs within a
cell), but reproduction (e.g. seed dispersal) and disturbances are
spatially-interactive. This robust framework allows multiple ecological
processes (e.g., growth, mortality, regeneration, decomposition, and
disturbances) to change in space and time, allowing for potential overlap
to capture interactions between processes (Scheller et al., 2007).
LANDIS-II has been widely adopted for use in climate change research in
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the boreal forests of Siberian Russia (Gustafson et al., 2011, 2010),
British Columbia (Dymond et al., 2016), and Newfoundland-Labrador
(Sturtevant et al., 2009).

DGS (pronounced “digs”) was created to improve the simulation of
forest dynamics in the boreal region of western North America. DGS
integrates climate, vegetation, permafrost, and hydrology within a
spatially-explicit framework that interfaces with an existing wildfire
extension which simulates ignitions, spread, and severity (Fig. 1). All
model code is available at: https://github.com/LANDIS-II-Foundation
/Extension-DGS-Succession and information about inputs and outputs
are provided in the associated user guide. Model inputs used for this
study are available at: https://github.com/LANDIS-II-Foundation/R
eburnsAK/.

2.2. Climate

The LANDIS-II climate library (Lucash and Scheller, 2021), which
processes the climate input data for LANDIS-II, was modified to add
specific humidity and shortwave radiation as input variables because
they are required for SHAW’s energy and water balance algorithms
(Lucash and Scheller, 2021). An algorithm to convert specific humidity
to dewpoint temperature was also added (American Meteorological
Society, 2020).

2.3. Aboveground vegetation dynamics

DGS Succession uses the algorithms in the NECN Succession exten-
sion of LANDIS-II (Scheller et al., 2012, 2011) to simulate monthly forest
above- and belowground plant growth and associated carbon (C) and
nitrogen (N) cycling. DGS simulates aboveground (leaves and wood) and
belowground (fine and coarse roots) productivity of each cohort on each
raster cell. To calculate cohort growth within a cell, it uses
species-specific life history attributes (e.g., longevity, shade tolerance),
climate, age, competition (i.e., the biomass of other cohorts relative to
the amount of maximum potential biomass), water availability, N
availability, and soil temperature. While DGS simulates growth, mor-
tality and reproduction of vegetation with the same algorithms as NECN,
the computations for water availability, nitrogen availability and soil
temperature are different. NECN relies on the simple water bucket
model of CENTURY (Parton et al., 1994, 1988) to compute soil moisture,
but DGS uses a physically-based model (SHAW) that simulates simul-
taneous energy and water fluxes, including soil moisture dynamics at
multiple depths in the soil (see below). Nitrogen availability is also
calculated differently in DGS; the algorithms in NECN CENTURY were
replaced with DAMM-MCNiP (see below). CENTURY uses a simple al-
gorithm to derive soil temperature from air temperature, but DGS uses

GIPL SHAW
Hydrology and heat
balance
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GIPL, which solves a nonlinear heat flow equation to calculate soil
temperature at multiple depths in the soil (see below). As in NECN, DGS
simulates tree mortality caused by senescence (ongoing loss of trees and
branches), age (to account for the increase in mortality as a species
approaches its life expectancy), and disturbances (described below). It
also simulates regeneration via seeds, serotiny, or re-sprouting using life
history attributes. Regeneration in DGS is identical to NECN (Scheller
etal., 2007) except that the water available for seedlings to regenerate is
calculated by SHAW (see below).

2.4. Belowground soil dynamics

Soil carbon dynamics in NECN were derived from CENTURY (Parton
et al., 1994, 1988). In DGS, CENTURY was replaced by DAMM-MCNiP
(Abramoff et al., 2017), a new hybrid model of DAMM (Dual Arrenius
Michaelis Menton) (Davidson et al., 2014, 2012) and Microbial Carbon
and Nitrogen Physiology Model (MCNiP), described in (Finzi et al.,
2015). In contrast to CENTURY which measures carbon and nitrogen
cycling in theoretical (active, slow, and passive) soil pools,
DAMM-MCcNiP explicitly simulates measurable C and N pools and fluxes
in soil using physiological principles with relatively low parameter
collinearity (Abramoff et al., 2017).

DAMM-MCcNiP tracks seven pools: soil organic C (SOC) and N (SON),
dissolved organic C (DOC) and N (DON), microbial biomass C and N, and
extracellular enzymes (Abramoff et al., 2017). Litter inputs are parti-
tioned evenly between soil organic matter (SOM) and dissolved organic
matter (DOM) pools each month for both C and N. Soil CN pools are
responsive to changes in soil temperature, soil moisture, oxygen con-
centrations, and substrate CN stoichiometry. Temperature affects the
rate of SOM depolymerization to DOM using Arrhenius kinetics. Soil
water content modifies the supply of oxygen and DOM, both of which
affect depolymerization using a Michaelis Menten (M-M, i.e., dual
Monod) kinetic approximation. Oxygen concentration limits the depo-
lymerization rate when soil water content is high, while the litter inputs
limit depolymerization when soil water content is low, because the
substrate cannot diffuse to the reaction site. Microbial uptake is limited
by both DOC and DON substrate and oxygen concentration using M-M
kinetics with uptake partitioned in the microbial pool among mainte-
nance, growth, and enzyme production. Enzyme production can be
limited by stoichiometry of microbial C or N. All model pools and fluxes
are calculated internally within the model; DGS outputs are SOC and
SON, DOC and DON, inorganic N, respiration and N mineralization.

2.5. Hydrology

Within the DGS extension, SHAW simulates energy and water fluxes

Fig. 1. Description of the models integrated
within the DGS extension of LANDIS-II. DGS
simulates (1) climate and vegetation dynamics,
including tree and shrub growth, mortality, and
reproduction, (2) soil carbon and nitrogen dy-
namics with DAMM-McNiP, (3) hydrology and
heat balance (e.g. snow depth, evapotranspira-
tion, soil moisture) at multiple levels in both the
canopy and soil using the SHAW model, and (4)
soil temperature (i.e. permafrost dynamics)
down to 75 m using GIPL. DGS succession can
be run with any of the existing LANDIS-II fire
extensions, including SCRPPLE, the newest fire
extension of LANDIS-II that simulates light-
ening fires, human accidental fires and pre-
scribed fires (Scheller et al., 2019). The models
within DGS have a consistent climate stream

LANDIS-II

Climate e 4
vegetation (species-level), fire Dscavous g

and are coupled whereby GIPL simulates soil temperature at user-defined depths down to 75 m and provides the values to SHAW, which simulates soil moisture at
depths down to 30 m. Tree-available soil moisture and temperature from SHAW and GIPL influence successional dynamics, such as vegetation growth and species

composition, and soil carbon and nitrogen dynamics.
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through the vertical soil-vegetation-atmosphere continuum (Fler-
chinger et al., 2016a; Flerchinger and Cooley, 2000; Flerchinger and
Saxton, 1989), accounting for the effects of snow, surface vegetation,
and litter on subsurface water and energy dynamics. At a daily time step,
SHAW simulates: 1) snow accumulation and ablation of a multi-layer
snowpack using a complete energy balance (Flerchinger et al., 1994),
2) surface runoff and infiltration using the Richard’s equation for un-
saturated flow (Richardson, 1922), 3) evapotranspiration using gradient
flow through a multi-layer canopy (Flerchinger et al., 2016b), and 4)
transpiration governed by user-defined vegetation structural and water
use characteristics, including Jarvis-Stewart type controls of stomatal
resistance (Armatas et al., 2018; Jarvis, 1976; Stewart, 1988). SHAW has
been used to simulate water and energy transfer through forest and
shrub canopies for a wide range of climate and vegetation conditions in
complex terrain (Chauvin et al., 2011; Flerchinger et al., 2016¢; Link
et al., 2004; Marshall et al., 2019). It has also been used to simulate the
effects of fire on a seasonally frozen system in southwestern Idaho
(Flerchinger et al., 2016c¢), discontinuous permafrost at the Wolf Creek
and Scotty Creek boreal research sites in Canada (Zhang et al., 2010),
and soil moisture and temperature dynamics at multiple sites in interior
boreal Alaska (Marshall et al., 2021b, 2021a). The strength of SHAW lies
in its physically-based approach to simulating the coupled transfer of
energy and water at a daily timestep, including soil moisture and soil
temperature dynamics at up to 65 soil depths. However, the
one-dimensional nature of SHAW means that DGS is most appropriately
applied in areas where net lateral flows are minimal.

2.6. Permafrost dynamics

The GIPL model within DGS solves a nonlinear heat flow equation
with phase change and has been specifically developed to simulate
spatially distributed permafrost dynamics (Marchenko et al., 2008;
Nicolsky et al., 2007; Sergueev et al., 2003) in a wide range of climatic
conditions across Alaska (e.g., Debolskiy et al., 2020; Jafarov et al.,
2012; Nicolsky et al., 2017). GIPL is forced by daily air temperature and
snowpack conditions to simulate phase changes with prescribed accu-
racy. A special enthalpy-based formulation of the energy conservation
law allows simulation of phase change processes without loss of latent
heat effects (Nicolsky et al., 2009). Soil properties, including heat ca-
pacity and thermal conductivity were typically based on the water and
ice content in the ground material in previous versions of GIPL, but in
DGS, water and ice content are inherited from SHAW. Some water is
assumed to remain liquid below 0 °C; its content is defined empirically
according to the ground temperature (Romanovsky and Osterkamp,
2000). The modeling domain is discretized on a regular grid with ground
thermal properties parameterized according to the dominant vegetation
type of each cell (Nicolsky et al., 2017). The soil properties for each
vegetation type are prescribed either by the data assimilation techniques
or set according to published literature, and modeling results are typi-
cally vetted against soil temperature observations (Debolskiy et al.,
2020; Nicolsky et al., 2017).

2.7. Wildfire

The SCRPPLE extension v. 2.3 for LANDIS-II was used to simulate the
current and future wildfire regime (Scheller et al., 2019). SCRPPLE
(Social-Climate Related Pyrogenic Processes and their Landscape Ef-
fects) uses a data-driven approach to simulating wildfire by using
remotely-sensed fire databases to parameterize fire ignitions and daily
fire spread in the model. This approach allows the user to capture
landscape-scale determinants of fire behavior which are most appro-
priate to the scale of the LANDIS-II model. Fire regimes respond
dynamically to changes in climate, including temperature, precipitation,
wind direction, and wind speed.

Ignitions use a “supply and allocation” model whereby the proba-
bility of ignition is determined by an ignition probability surface derived
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from historical fires observed within the study landscape (Scheller et al.,
2019) and model of historic daily ignitions by fire weather index fit to a
zero-inflated Poisson distribution (Zuur et al., 2009). Fire spread to
adjacent cells (i.e. the four nearest neighbors) is dependent on past
spread occurrences of historic fires (Scheller et al., 2019). Specifically,
the model creates a probability function for daily fire spread success at
the cell-level based on daily fire perimeters, Fire Weather Index (FWI),
fine fuels, and downscaled wind speed. Wind speed is downscaled from
the climate region to the raster-scale by accounting for slope and azi-
muth relative to wind direction and the intensity of fire on neighboring
cells. Fine fuels are calculated internally by DGS and are spatially and
temporally variable. A fire will spread until it has reached its maximum
daily spread area based on the relationship fit between daily fire spread
areas and associated FWI and effective wind speed. Fire intensity (low,
medium, high) is calculated based on the mass of fine fuels, mass of
ladder fuels, and fire intensity of neighboring cells. Mortality is depen-
dent on fire intensity, tree species, and tree ages. This data-driven
approach uses the historical relationships between fuel, climate, and
fire behavior to capture the important drivers of fire in the specified
region, but it also allows future fire behavior to dynamically respond to
projected climate and fuels.

2.8. Model integration of LANDIS-II, SHAW, GIPL and wildfire

SHAW and GIPL were recoded from FORTRAN to C# to allow for
integration into the spatially-explicit LANDIS-II framework, adding an
additional 18,093 lines of code to DGS. DGS assigns each raster cell to a
Temperature-Hydrology Unit (THU), which can be delineated based on
climate zone, elevation, slope, vegetation type, and time-since-fire (or
more generally time-since-disturbance). Each THU has a corresponding
series of input parameters determined by user-defined look-up tables for
both SHAW and GIPL.

In each year of the simulation, DGS provides the climate, slope,
aspect, vegetation type, and time-since-disturbance in each cell to the
SHAW and GIPL submodules, which is used to determine the annual
assignment of THUs across the entire landscape. In the first month of the
simulation, DGS provides the climate data to GIPL which uses it to
compute daily soil temperatures from the surface to the bottom of the
soil profile for each THU. The GIPL soil temperature at SHAW’s lower
boundary depth (e.g. 4 m) is passed from GIPL to SHAW to specify
SHAW'’s lower boundary conditions. Then SHAW computes soil mois-
ture and soil temperature dynamics throughout its soil profile and passes
the water content by depth to GIPL. In subsequent years, SHAW and
GIPL consecutively trade temperature and water content at each depth
for each month of the simulation. GIPL and SHAW provide soil tem-
perature and available soil water, respectively, to the vegetation in DGS
at two depths: integrated across the top 10 cm and integrated from 10
cm to the species-specific rooting depth, which is an input in the model.
Available water and soil temperature are used by DGS with temperature
and moisture response curves to determine how much water and soil
temperature limit aboveground productivity at a monthly timestep.

Study Area

The study landscape contains 397,860 hectares in the greater Fair-
banks area, nested within interior Alaska (Fig. 2). Black spruce covers
29% of the landscape, which often dominates on north-facing slopes
(Van Cleve et al., 1986; Van Cleve and Viereck, 1981). Aspen (Populus
tremuloides) occupies the warmer, drier south-facing sites with a thin
organic horizon. Locations with microclimates and soil characteristics
that are intermediate between black spruce and aspen are dominated by
white spruce (Picea glauca) and birch (Betula neoalaskana) which cover
31% and 32% of the landscape, respectively. The region was not glaci-
ated during the Pleistocene glaciation (Pewe et al., 1976) and is char-
acterized by gentle sloping uplands. Soils are primarily silt loams,
accrued from eolian deposition from the Alaska Range and fluvial plains
during the Holocene (Black, 1951). The landscape is underlain by
discontinuous permafrost, the presence of which is determined by
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Fig. 2. Study landscape in interior Alaska as
delineated by three Bonanza Creek LTER sites
(US-Rpf, UP1A and Smith Lake 2) and one field
study (np) used for calibration, encompassing
an area of 397,860 hectares. Estimated total
biomass (g biomass m ~2) at the start of the
simulation is also shown, which reflects the
initial vegetation map of species composition
and species’ age imputed from FIA data. Areas
in gray indicate inactive cells (i.e., cells con-
taining rivers, lakes, or human infrastructure).
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vegetation type, disturbance history, and topography. Monthly mean air
temperatures range from —19.4 °C in January to 15.9 °C in July, based
on our analysis of gridded weather observations from 1981 to 2010
(PRISM Climate Group: Oregon State University, 2021). Mean annual
precipitation is 358 mm with about half of precipitation occurring
during the growing season.

Four previously established field sites were selected within the study
landscape for site-scale model evaluation (Fig. 2), based on the avail-
ability of climate, soil moisture and temperature data, minimization of
net lateral hydrologic fluxes (i.e. focusing on upland sites), and repre-
sentation of post-fire successional trajectories. Two of our sites were
dominated by deciduous species without near-surface permafrost,
including a site (US-Rpf, 65.1198 °N, —147.4290 °W) burned in 2004,
now dominated by birch and quaking aspen (Populus tremuloides)
(Ueyama et al., 2019, 2018a) and a site (Bonanza Creek Long-Term
Ecological Research UP1A, 64.7355 °N, —148.3027 °W) burned in
1983, now dominated by paper birch (Betula papyrifera) (van Cleve
et al., 2015a). Our coniferous site (Ameriflux Smith Lake 2, 64.8661 °N,
—147.8567 °W) is a mature black spruce site with permafrost (Ueyama
et al., 2018b, 2014). Details of these sites are found in (Marshall et al.,
2019). We also selected field sites within the study landscape for
site-scale model evaluation of heterotrophic respiration (NP, 64.8 °N,
—147.8667 °W, (Vogel et al., 2005). These sites were dominated by
mature black spruce, ranging in age from 75 to 120 years. Details of
these sites are found in (Vogel et al., 2005).

2.9. Model inputs

2.9.1. Meteorological and climate data

Meteorological data for our model calibration sites are described in
detail in (Marshall et al., 2021a, 2021b). At our recently burned site
(US-Rpf), all meteorological variables, including daily air temperature,
relative humidity, wind speed, downward shortwave radiation, and
precipitation, were available online from on-site meteorological towers
(Ueyama et al., 2019, 2018a), except for winter precipitation (Marshall
et al., 2021a). To obtain winter precipitation, we used snow depth data
from the nearby US-Prr AmeriFlux site and estimated liquid water
content of new snow accumulation based on the internal algorithm used
in SHAW (Anderson, 1976). Temperature, relative humidity, and wind
speed data for our birch-dominated site (UP1A) were available from
on-site meteorological towers, though some gap-filling was necessary
using nearby weather station data (Marshall et al., 2021a). Downward
shortwave radiation was obtained from the US-Uaf AmeriFlux site;
precipitation data were obtained from the LTER1 site. Daily air tem-
perature, relative humidity, wind speed, and downward shortwave ra-
diation were obtained from the Geophysical Institute Permafrost
Laboratory for the coniferous site (Smith Lake 2). Minimal gap filling
was required for air temperature and relative humidity; data from the
previous day was used when necessary (Marshall et al., 2021a). In
contrast, 27% of the wind data were missing. We filled gaps using linear
regressions against co-located wind sensors (at different heights) at the
same site for the rest of the missing periods. Daily precipitation data
were obtained from the Fairbanks Airport weather station (Menne et al.,
2012). Soil moisture (i.e. liquid water content) used for calibration was
available at all sites, though depths varied.
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DGS requires a full suite of meteorological climate inputs including
air temperature, relative humidity, wind speed, downward shortwave
radiation, and precipitation at a daily resolution. At the time of this
study, downscaled climate data with these characteristics were available
for only two GCMs (Global Climate Models) and one RCP (Representa-
tive Concentration Pathway). We used dynamically downscaled daily
climate data from the NCAR-CCSM4 GCM (Leonawicz et al., 2015) to
create our historical and future (RCP 8.5) climate inputs extending from
1970 to 2100 (Supplemental 1). Data were downscaled by the Scenarios
Network for Alaska and Arctic Planning (SNAP) using the Weather
Research and Forecasting (WRF) model to a 20 km resolution (Bieniek
et al., 2016; Lader et al., 2017). Because the climate data were not
bias-corrected, we performed a bias-correction step using a quantile
mapping approach with the ERA-Interim reanalysis data (downscaled
and also provided via SNAP) acting as our observed data (Leonawicz
et al., 2015) using the gmap package in R (Gudmundsson and Gud-
mundsson, 2012).

For the sake of computational efficiency, LANDIS-II uses “climate
regions”, that are areas of relatively homogenous climate, rather than
gridded climate data (Scheller et al., 2007). To determine the optimal
number and spatial configuration for the climate regions in our land-
scape, we performed a spatial k-means cluster analysis using the climate
change projections of precipitation and average temperature from 2000
to 2100 aggregated monthly data using the ‘cluster’ package in R
(Maechler et al., 2022). We initially planned to delineate climate regions
using monthly PRISM temp and precipitation to find clusters of similar
climate areas on our landscape, but we decided that delineating climate
regions using the GCM projections would produce climate regions that
were more reflective of the spatial configuration of the climate streams
and account for future spatial shifts in climate variables. We also found
that it was necessary to bias correct temperatures in areas subject to
elevational or winter temperature inversion effects at a finer scale than
the downscaled GCM (20 km). We did an additional cluster analysis of
mean winter temperatures from PRISM 30-year 800-m normals for each
climate region (PRISM Climate Group: Oregon State University, 2021),
thereby creating subregions. We then compared monthly PRISM tem-
peratures within these subregions to the GCM data for corresponding
years and used a delta approach to generate new daily temperature
values for each climate region. Because the temperature variables were
bias-corrected individually, daily specific humidity was also corrected to
ensure that it was not greater than saturated specific humidity at the
minimum daily temperature.

For climatic conditions representative of the recent historical period,
we calculated daily temperature and precipitation from 1970 to 1990 for
each climate region. Climate data for the “historical’’ climate scenario
were randomly selected, one calendar year at a time, from this 20-year
dataset to generate a 50-year timeseries of climate that we could
compare to a 50-y climate change projection (Figure S2-1, S2-2). To
simulate climate change, we used projected data for 1990-2100, which
exhibited an average increase in temperature of 4.7 °C and a change in
precipitation of +264 mm.

2.9.2. Vegetation data

We created four single cell simulations for our field sites for model
evaluation. Our recently burned site (US-Rpf) was initialized with 6-year
old birch and quaking aspen cohorts (Ueyama et al., 2019, 2018a). Our
deciduous site (UP1A) was initialized with 20-year old paper birch and
8-year old aspen (van Cleve et al., 2015a), our coniferous site (Ameriflux
Smith Lake 2) was initialized with 78-year old black spruce (Ueyama
et al., 2018b, 2014) and our mature coniferous site (NPS) was initialized
with 110-year old black spruce (Vogel et al., 2005).

We also created an initial landscape map of species composition,
species’ age and biomass at a resolution of 4 ha, by imputing USDA
Forest Inventory and Analysis (FIA) data (Burrill et al., 2018) onto maps
of forest types and stand age with species ages estimated using site index
curves (full description of procedures outlined in Supplemental 3).
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Shrub percent cover by layer from FIA was used to derive cohort biomass
values for each plot. This relationship between shrub percent cover and
biomass was derived by analyzing data from Bonanza Creek LTER
(‘Species Percent Cover (1975-2009)’ and ‘Species Count (1975-2004)),
which included stem densities by stem class. Allometric equations for
boreal alder and willow (Berner et al., 2015) were used to crosswalk
stem classes (BD) within the Bonanza Creek dataset to biomasses and
heights for alder and willow. These heights were used to place species in
a particular layer category (as defined by FIA), then linear regressions
were run between percent shrub cover and biomass for each species by
layer and the resulting coefficients were used to assign shrub biomass to
each FIA plot in the database. Stand age was used to define shrub cohort
ages. Biomass of moss functional types by plot are included in FIA data
for the Tanana region so moss functional type cohorts with these bio-
masses were imputed along with trees and shrubs. We included five tree
species, four shrub species, and three moss functional groups in our map,
based on species present in the FIA database (Table 1). The most
abundant species in our landscape were the mosses, which covered
almost 90% of the landscape. The most dominant tree species were
white and black spruce, which dominated 52% and 56% of the land-
scape, respectively, with overlapping distributions. Biomass was domi-
nated by white and black spruce which together comprised 40% of the
total landscape biomass. Paper birch contributed about 22% to total
biomass at the landscape-scale.

2.9.3. Hydrology and permafrost

Input files for the SHAW and GIPL submodules of DGS were identical
for the single-cell and landscape simulations. Each cell was automati-
cally assigned to a THU, which was delineated based on climate zone
(1-5), vegetation type (i.e. conifer or hardwood), stand age (i.e. 0-40 y
was young, >40 y was considered old), slope (i.e. 0-10, 11-33), and
aspect (i.e. north and south aspects). Vegetation characteristics (e.g.
biomass, leaf area, and height) for SHAW were calculated using pub-
lished values and allometric equations for the dominant vegetation, as
detailed in (Marshall et al., 2021a). Leaf phenology was derived from
snowmelt simulations, based on observed relationships between snow
disappearance date and the day of leaf-on (Marshall et al., 2021b). Soil
parameters (texture,% organic matter, and bulk density) were based on
published values from soil pits (Yarie et al., 1998). Saturated volumetric
water content at each soil depth was estimated based on the maximum
observed water content at each site. Parameters associated with soil
water retention curves and hydraulic conductivity were obtained from
the National Cooperative Soil Survey Soil Characterization Database for
sites throughout interior Alaska (Beaudette et al., 2021; Burt, 2009).
Ground temperature data at the field sites (Ueyama et al., 2018b, 2018a;
van Cleve et al., 2015b) were used to calculate thermal properties for
live moss, dead moss, and mineral soil layers.

Table 1
Species simulated in this study.

Scientific Names

Common Names

Picea mariana
Picea glauca
Betula neoalaskana

Populus tremuloides
Populus balsamifera

Black spruce
White spruce
Alaska paper birch,
resin birch
Quaking aspen
Balsam poplar

Larix laricina Tamarack
Salix spp. Willow
Alnus spp. Alder
Betula nana Dwarf birch
Sphagnum spp. Sphagnum peatmoss
Feathermoss functional group includes: Hylocomium spp., Feathermoss
Pleurozium spp., Thuidium spp., Kindbergia spp.,
Brachythecium spp.
Turfmoss functional group includes: Bryum spp., Mnium Turfmoss

spp., Polytrichum spp.
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2.9.4. Soil carbon

Initial soil characteristics (e.g. initial microbial CN, initial enzyme
concentrations) for DAMM-McNiP were derived from (Abramoff et al.,
2017), except for C:N ratios of litter, soil, and microbes, bulk density,
and particle density which were based on published values in interior
Alaska (Vogel et al., 2005). Input maps of soil organic matter, soil
texture, soil depth, soil drainage class, field capacity, and wilting point
were created using the State Soil Geographic data available from
USDA-NRCS for the state of Alaska at a 1:1000,000 scale (Soil Survey
Staff, 2020).

2.9.5. Wildfire data

Given its inherent spatial nature, wildfire was only simulated at the
landscape scale. Data on ignitions came from the spatial wildfire
occurrence data for the US (1992-2015; (Short, 2021). Ignitions were
then related to FWI, calculated in the Climate Library of LANDIS-II
(Lucash and Scheller, 2021), using the ‘zeroinf’ function within the
‘pscl’ package in R (Jackman et al., 2015) to simulate ignitions. To es-
timate probability of spread, daily fire perimeters from the GeoMac
database (GeoMAC, 2019, 2020) were used to identify successful or
unsuccessful cell-to-cell spread occurrences from historical fires. Daily
FWI, daily effective wind speed (calculated from modeled wind speed
and derived direction of fire spread), slope and aspect derived from a
Digital Elevation model (USGS, 2020a), and relative fine fuels (USGS,
2020b) were then extracted from these cell locations and used as pre-
dictors to fit a logistic model of probability of spread. Maximum
allowable daily spread was determined by parameters derived from
fitting a generalized linear model of maximum daily spread areas
derived from the GeoMac database (GeoMAC, 2019, 2020) to associated
FWI and effective wind speed.

Model calibration and validation

To calibrate growth in DGS, we conducted single-cell simulations
(non-spatial monocultures) with each of our four functional groups (e.g.
hardwoods, conifers, shrubs, mosses) comparing the biomass trajec-
tories over time in LANDIS-II with FIA data (Burrill et al., 2018) that
have estimates of biomass as a function of stand age (more details in
Supplemental 3). We adjusted two parameters (e.g. KLAI, which de-
termines the relationship between LAI and biomass, and the competition
index, which affects the competitive ability of different functional
groups) to mimic the initial maximum growth rates observed in FIA and
used the mortality shape parameter to mimic the longevity-related de-
clines in growth. We also calibrated foliar to wood biomass ratios and
above: belowground biomass by comparing the output from these
single-cell simulations with FIA data. The proportion of fine and coarse
roots was calibrated using literature values of the% of root mass that is
devoted to fine roots (36%, (Noguchi et al., 2012). Input parameters that
influenced growth were identical between the single-cell and landscape
simulations.

To validate landscape-level biomass at the start of the simulation, we
compared our tree biomass map of the landscape at time=0 with a global
biomass map from GlobBiomass (Santoro, 2018). Our simulated biomass
tended to be underestimated within areas that had burned since the year
2000, while areas where biomass was overestimated primarily fell
outside of these more recently burned areas. There were fewer FIA plots
present within burn scars to use in our imputation of landscape tree
composition and biomass, and those data availability limits likely
contributed to some of the disagreement within these fire scars. Overall,
discrepancies within and outside of the burn scars area also likely due to
differences in the source years for the datasets. GlobBiomass was created
for the year 2010, while the landcover map and FIA used data from 2017
to 2016, respectively.

To calibrate and validate soil moisture and temperature, we
compared simulated and observed patterns of soil moisture and soil
temperature at our three of our field sites (Ueyama et al., 2018b, 2018a;
van Cleve et al., 2015a). A Bayesian parameter estimation and uncer-
tainty analysis was used to identify appropriate model parameters from
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a range that was defined through literature review and analysis of
available data; this method is fully described in Marshall et al. (2021a).
Parameters in GIPL related to snowpack, such as the viscous compaction
coefficient, were estimated by maximizing the fit between the observed
snow depth to the modeling results across the three field sites.

To calibrate soil respiration, we compared simulated and observed
patterns of heterotrophic soil respiration at a field site near Fairbanks,
Alaska (Vogel et al., 2005). All input parameters in DAMM-MCNiP were
fit by minimizing the residuals of the model using a Newton-type
method (function modFit, method Newton, package FME (Soetaert
and Petzoldt, 2010) fully described in Abramoff et al. (2017).

To calibrate wildfire ignitions, we ran simulations at the landscape-
scale and adjusted the fire ignition intercept until it recreated the
observed annual number of fires from 1970 to 1990 (Supplemental 4,
Fig. S4-1). We also validated fire spread by comparing the fire size
distribution and fire return interval to observations for the 1980-1990
period.

2.10. Experimental design

Single-cell simulations of three field sites were initialized with cur-
rent vegetation and run for 9-16 years, depending on the available field
data using DGS. Model performance was assessed in R (version
1.4.1106) by computing RSME for the model predictions and the
observed field measurements of soil temperature and moisture. We also
ran single-cell simulations of three field sites with NECN, the prede-
cessor of DGS, and compared the output between the two model ex-
tensions and observed field measurements. NECN uses a one-layer
approach to simulating soil temperature and moisture so NECN output
was compared to the one-layer output from DGS. These simulated values
were compared to mean soil temperature and moisture down to
maximum soil depth at each of the field sites.

Landscape-scale simulations were run on a 4-ha grid over 50 years
(1990-2060 both inclusive) across >397,860 hectares in interior Alaska.
We compared wildfire, soil temperature, soil moisture, aboveground
biomass, forest type, and species composition under two climate sce-
narios. The historical climate scenario represented the climate from
1970 to 1990, while the climate change scenario used projections from
1990 to 2040, which exhibited an average increase in temperature of
4.7 °C and precipitation of 264 mm over the historical conditions. All
scenarios were replicated five times at the landscape-scale to account for
stochasticity from successional dynamics, seed dispersal, regeneration,
and wildfire (total of 10 model runs: 2 climate x 5 replicates). Differ-
ences in ignitions, area burned, soil temperature, soil moisture and
biomass between climate scenarios were compared using Welch’s t-test
with unequal variance. Significance was assessed at a 95% confidence
level and p-values less than 0.05 suggested that there was strong support
for a difference between scenarios. All data processing and statistical
analyses were performed using R (R Core Team, 2022).

To test the effects of soil moisture, soil temperature, and available
soil nitrogen on aboveground biomass, we ran four simulations (with 5
replicates each) where we modified the internal code to prevent each
factor from affecting growth under climate change. We also ran a
simulation without wildfire. We calculated the relative differences in
aboveground biomass among these scenarios and our climate change
scenario. All data processing and statistical analyses were performed
using R. To test the effects of soil moisture and soil temperature on
regeneration, we ran two simulations (with 5 replicates each) where we
modified the internal code to prevent each factor from affecting regen-
eration under climate change. We calculated the relative differences in
aboveground biomass among these scenarios and our climate change
scenario.
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3. Results
3.1. Model performance at field sites

Modeled soil temperature generally reproduced the interannual
variability and differences between depths in the empirical data at three
field sites (Fig. 3). Model agreement between simulated and observed
soil temperature based on RMSE, was higher at the coniferous site
(Smith Lake 2, 0.3 — 1.7 °C) than the recently-burned (US-Rpf, 1.9 -
2.9 °C) and deciduous sites (UP1A, 1.1 — 2.5 °C). At the burned site,
model performance was good, except for the winter of 2013 when it
overestimated soil temperature at both 10 cm and 90 cm. At the de-
ciduous site, the model captured the magnitude of soil temperature
observed at the site, though it tended to predict spring warming later
than observed at the 0.5 m depth. The model captured summer tem-
peratures extremely well at the conifer site but it simulated lower tem-
peratures than observed at the surface (10 cm depth).

Modeled liquid soil water content generally reproduced the inter-
annual variability and differences between depths in the empirical data
at all three field sites (Fig. 4). The RMSE suggests some differences be-
tween performance at the sites with higher agreement at the recently-
burned (US-Rpf, 0.03 m® m~3) and deciduous (UP1A, 0.01-0.04 m?
m’3) sites than the coniferous site (Smith Lake 2) with a RMSE of
0.02-0.07 m® m~>. The DGS extension captured spring wetting due to
snowmelt and summer rainfall events quite well at all three sites.
However, simulated soil moisture was overestimated in the winter at the
burned site, though it tracked the timing and magnitude of soil moisture
in the summer. At the deciduous site, DGS underestimated soil moisture
in the top 10-20 cm, though it captured the timing and magnitude of
spring snowmelt that was observed at the field site. Performance was
better at lower depths; there was higher agreement at 0.5 m (RMSE=
0.01 m® m~>) than 0.2 m (RMSE = 0.04 m*® m~>) or 10 cm (RMSE = 0.02
m® m~3). At the coniferous site, simulated soil moisture was similar to
observed values at 10 and 40 cm, but the simulated timing of spring
thaw in the active layer was earlier than observed. DGS did not capture
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the seasonal variation observed at 85 cm depth.

Modeled soil respiration generally reproduced the seasonal variation
in the empirical data at the field site (Fig. 5), but greatly underestimated
respiration in the summer months. Percent differences were much
smaller in June (16%) than July (39%) and August (61%) between
modelled and empirical estimates. The high RMSE (18 g C m~2) reflects
these differences and suggests that additional calibration may be
necessary to confidently simulate soil respiration using DGS.

When compared to the original succession extension of LANDIS-II,
DGS performed better than its predecessor, NECN. The original succes-
sion extension of LANDIS-II, NECN, produced annual mean soil tem-
peratures that were similar to observed values, but NECN consistently
overestimated the seasonality of soil temperature at all three field sites.
NECN simulated a 49.5 °C difference in minimum and maximum
monthly soil temperature influencing tree growth, but the observed
variation across the field sites was only 19.8 °C (Fig. 6). DGS simulated a
21.7 °C difference in minimum and maximum monthly soil temperature,
only 10% higher than the observed range. Across all sites, NECN over-
estimated soil temperature in the summer months, simulating a mean
summer temperature of 15.5 °C, compared to the mean of 5.3 °C by DGS
and the observed value of 5.4 °C. NECN underestimated soil temperature
in the winter months, suggesting it was 11 °C colder than the observed
monthly mean of —2.2 °C. DGS simulated winter temperatures that were
within 1 °C of the observations. The improved simulation of soil tem-
perature by DGS was particularly notable in the spruce site. Observed
soil temperature ranged from —0.4 °C to 2.6 °C; simulated soil tem-
perature in NECN ranged from an average of —16.2 °C in the winter to
15.2 °C in the summer, whereas soil temperature in DGS ranged from an
average of —2.6 °C in the winter to 4.1 °C in the summer.

DGS simulated soil moisture influencing tree growth better than its
predecessor (Fig. 6). NECN simulated soil moisture that was 86% lower
than the observed values across all field sites, while DGS simulated
values within 21%. Simulated annual mean soil moisture was only 0.03
m® m~2 in NECN, whereas DGS simulated a mean of 0.16 m® m~2 that
was within 21% of the observed mean of 0.20 m® m™ across all field
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Fig. 3. Time series plots of modelled and observed monthly soil temperature at our three calibration sites. US-Rpf (recently burned and dominated by paper birch),
UP1A (paper birch dominated), and Smith Lake 2 (spruce-dominated) show distinct seasonal patterns with soil temperature highest in the summer months. Soil
temperature was simulated at 54-58 depths throughout the soil profile down to 75 m, but only the depths for which there is empirical data are shown here.
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year, including winter months, but only the months for which there is empirical data are shown here.

sites. In the summer months, when moisture is influencing tree growth,
DGS outperformed NECN at the recently-burned and coniferous sites,
but not at the deciduous site. At the burned site, DGS simulated soil
moisture that was 26% lower than observations in the summer, whereas
NECN simulated values that were 89% lower. Available soil moisture in
DGS ranged from 0.17 in the winter to 0.2 m® m 2 in the summer in the
burned site, while observed values ranged from 0.07 (winter) to 0.29 m3
m3 (summer). Soil moisture in NECN ranged from 0.008 in the winter
t0 0.03 m® m~2 in the summer. At the birch site, NECN performed better
than DGS in the summer. NECN simulated soil moisture that was only
12% lower than observations in the summer, whereas DGS simulated
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values that were 65% higher. Simulated summer soil moisture in NECN
(0.09 m® m~2 in DGS) was similar to observed values in the summer (0.1
m® m’s), but DGS simulated values much higher (0.17 m® m™3). At the
spruce site, DGS outperformed NECN in the summer, simulating soil
moisture that was higher in agreement with observed values. At the
spruce site, soil moisture in NECN ranged from 0.02 in the winter to
0.07 m® m~2 in the summer. DGS simulated 0.07 m® m~2 in the winter
and 0.23 m® m~3 in the summer, while observed values ranged only
from 0.18 (winter) to 0.40 m3 m—3 (summer). Overall model perfor-
mance by DGS was not explicitly computed in these comparisons with
NECN, because NECN only simulates surficial soil temperature and
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available soil moisture. Instead of comparing soil temperature and
moisture at similar depths (as in the previous analysis), we were forced
to compare simulated average soil moisture (average soil moisture down
to rooting depth) with observed soil moisture at one depth (rooting
depth), which results in artificially low RSME values.

3.2. Model results at the landscape-scale

After model calibration with data from the field stations, the DGS
extension was run at the landscape-scale with wildfire to explore how
climate change (i.e. NCAR-CCSM4 RCP 8.5) may affect wildfire, soil
moisture, soil temperature, and vegetation.

As expected, climate change had a significant impact on wildfire. The
number of wildfire ignitions was significantly higher under climate
change than historical climate across the entire simulation period (p <
0.01), but the differences between climate scenarios also became more
pronounced over time (Fig. 7). By mid-century, the number of mean
annual ignitions across the landscape was 1.8 under historical climate
and 2.8 under climate change. The variability in ignition rates was also
significantly different between climate scenarios (Levene’s test, p <
0.004) with 37% higher variation under climate change (variance =
0.78) than historical climate (0.49). Annual area burned increased over
time and was significantly higher under climate change (3326 ha) than
historical climate (1687 ha, p < 0.001). The number of fire years with
over 10,000 hectares burned was only two under historical climate, but
seven under climate change.
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At the landscape-scale, there was significantly less subsurface
permafrost, quantified using soil temperature at 3 m, under climate
change (p < 0.0001). Over the course of the simulation, soil temperature
increased slightly under historical climate (by 0.16 °C) but increased
dramatically under climate change by 1.1 °C (Fig. 8). Across the 50-y
simulation period, soil temperature was significantly higher under
climate change than historical climate for all forest types, but the rate of
change differed by forest type. Soil temperature increased at a much
faster rate in the hardwoods than the conifers under climate change. In
the conifer sites, soil temperature increased by 0.007 °C per year under
climate change. In the young and mature hardwoods, soil temperature
increased by 0.03 °C and 0.39 °C per year, respectively, resulting in a
1.9 °C and 1.5 °C change by mid-century. Variation in soil temperature
was higher under climate change (Levene’s test, p < 1 x 10~°) driven by
the stochasticity of wildfires.

Annual simulated tree-available soil moisture at the landscape-scale
was highly variable but was relatively similar (p< 0.04) between the
historical and projected climate change scenarios, despite higher pre-
cipitation under climate change (Fig. 9). During one period from 2015 to
2022, soil moisture was 14% higher under climate change, but this was
due, at least in part, to precipitation which was 29% higher during that
period. Soil moisture declined over time, with a 10% decline under
historical climate and 27% under climate change by mid-century.
Variability was higher under historical climate (Levene’s test, p <
0.000000001), but that was primarily because different climate streams
were used in each replicate. Climate change had the strongest effect on
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Fig. 7. Landscape-level annual ignitions (top) and hectares burned (bottom) under two climate scenarios through 2040. Ribbons represent the standard deviation.

soil moisture at sites dominated by young conifers (Welch’s test, F-value
471.7,p < 10~%), which was expected because soil moisture has a strong
effect on post-fire regeneration in the model. Available soil moisture was
higher in the conifer-dominated sites than in the sites with deciduous
species under both of the climate scenarios.

Simulated mean aboveground biomass density was significantly
affected by climate change (Welch’s t-test with unequal variance, p <
0.00002). Under historical climate, aboveground biomass initially
increased by 30%, but then stabilized around 2010 (Fig. 10). Under
climate change, biomass also increased (27%) until 2010, but later
declined by 55% under climate change by 2050. Annual variation at the
landscape-scale was relatively small, with some fluctuations due to
wildfire and successional dynamics. Most of the variation in above-
ground biomass under climate change was due to soil moisture (~53%)
until 2018 when fire became the dominant driver, explaining 70% of the
variation (Fig. 11). Soil moisture was the main limitation to regenera-
tion under climate change. Soil moisture explained ~80% of the varia-
tion in biomass of regenerating trees and shrubs under climate change,
and became more important over time, explaining over 90% of the
variation by 2040.

The dominant forest type shifted during the simulation; the per-
centage of the landscape dominated by conifers declined from 71% to
54% under historical climate, but under climate change conifers only
dominated 52% of the landscape by the year 2040 (Fig. 12). Under
historical climate, most species that were initially high in biomass and
abundance remained so until the end of the simulation, including black
spruce, white spruce, and paper birch (Fig. 13). Alder, shrub birch, and
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willow increased their landscape-level biomass over time, though their
extent remained constant. Under climate change, however, white and
black spruce decreased dramatically in biomass by 69% and 50%,
respectively even while their extent remained constant. Paper birch also
had lower biomass under climate change, but the other hardwoods
remained relatively unaffected by climate change.

Soil C increased annually by only 0.26%, with a slightly higher rate
under climate change (0.28%) than historical climate (0.24%, Fig. 14).
Over the 50-year simulation period, DGS simulated an average gain of
4.9 Tg + 0.13 Tg (SD) of C under historical climate and 5.6 Tg + 0.05 Tg
(SD) of C under climate change across the entire landscape.

4. Discussion
4.1. Model evaluation

DGS captured the variation in soil temperature across depths, sea-
sons, and water years reasonably well, though the model tended to
simulate surficial temperature (10 cm depth) much warmer than
observed at the spruce site. This suggests that the model was unable to
capture the ability of the surface litter layer to moderate surface tem-
peratures in alignment with other studies that have highlighted the
challenges of simulating frozen soil thermal conductivity (He et al.,
2021). Mosses and associated soil organic horizons have low thermal
conductivity values relative to mineral soil (Farouki, 1981) and there-
fore reduce vertical heat fluxes through the soil profile and insulate soil
from warm air temperatures. These errors may also originate from
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Fig. 8. Time series plots of annual air temperature (top) and soil temperature at 3 m (i.e. standard depth to characterize near-surface permafrost) averaged across the
entire study area (middle) and by vegetation type and age (bottom) for two climate scenarios. Young hardwoods and conifers range in age from 0 to 40 years old; old
hardwoods and conifers range from 40 to 500 years old. Ribbons represent the standard deviation.

advective heat fluxes associated with lateral water transport not simu-
lated by the model; for that reason, the model results — particularly those
pertaining to soil moisture and temperature — are most reliable in upland
areas that have less net lateral flows than lowland sites within the spatial
domain. Despite the poor agreement at the surface layer at the spruce
site, DGS captured the temperature dynamics well at deeper depths and
at other sites, indicating that the model effectively simulates important
controls on soil temperature and the thermal status of permafrost in
high-latitude ecosystems (Bonan and Shugart, 1989; Dyrness, 1982;
Nicolsky et al., 2007; Yoshikawa and Hinzman, 2003).

Across all field sites, DGS generally captured the variation in soil
moisture across depths, seasons, and water years reasonably well,
though there were some discrepancies at each site. Soil moisture was
overestimated in the summer months at the birch site, likely caused by
underestimating evapotranspiration ((Marshall et al., 2021b). Transpi-
ration comprises a large fraction of evapotranspiration (Jasechko et al.,
2013), but is not well understood in boreal regions, despite its impor-
tance to vegetation dynamics and regional climate. Most landscape and
Earth System Models do not simulate the lateral transfer of water that
can influence evapotranspiration and therefore cannot capture
increased lateral leaching with storm events nor the ability of
laterally-transported groundwater to sustain evapotranspiration during
summer drought. This is also the case in DGS but should be a target area
for future model development to advance the understanding of lowland
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areas, common in interior Alaska and throughout boreal forests. At the
burned site, simulated soil moisture tracked observed values in the
summer, but overestimated values in the winter when errors in simu-
lated snow depth or density might cause disparities. Without snow data
at this site or a nearby site with similar vegetation conditions and fire
history, it is difficult to identify the specific mechanisms that produce
the discrepancy and emphasize the need for more intensively monitored
stands in the boreal regions.

Overall, DGS led to a more realistic simulation of soil temperature
and moisture than its predecessor, NECN at the three field sites. NECN
consistently overestimated the seasonal fluctuations of soil temperature
(Fig. 6), leading to the conclusion that the mature spruce site lacked
permafrost, despite field observations that showed otherwise. Also,
NECN simulated very low soil moisture at all field sites, suggesting that
water limitation was more severe at all the sites throughout the year
than field observations suggest. With the integration of a physically-
based energy and water budget model (SHAW) and permafrost model
(GIPL) into the succession model, DGS produced a much higher corre-
lation with observed soil temperature and moisture across all sites and,
most importantly, was able to reproduce the permafrost conditions at
the spruce site.
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Fig. 9. Time series plots of annual precipitation (top) and modelled liquid soil moisture (integrated from 0 to 50 cm) averaged across the study landscape (middle)
and by vegetation type and age (bottom) for two climate scenarios. Young hardwoods and conifers range in age from 0 to 40 years old; old hardwoods and conifers
range from 40 to 500 years old. Ribbons represent the standard deviation.
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Fig. 11. Changes in the relative importance of the main factors influencing aboveground biomass (soil moisture, soil temperature, soil nitrogen, and fire) and
regeneration (soil moisture and temperature) through time in the study landscape under climate change.

4.2. Wildfire and soil dynamics under climate change

Over the last several decades, Alaska has witnessed an increase in
area burned (Calef et al., 2015; Kasischke et al., 2010; Kasischke and
Turetsky, 2006) and the number of years with large fires (Kasischke and
Turetsky, 2006), which our landscape-scale simulations suggest will
continue to increase as the climate warms. Under climate change, DGS
simulated a 65% increase in area burned in comparison with historical
climate, which is more than double the 14-30% projected area based on
previous studies (Bachelet et al., 2005; M. Flannigan et al., 2009).
However, the results agree well with Flannigan et al. (2009) who pro-
jected a 50% increase in area burned in Canada under climate change.

As expected, soil temperature at the landscape-scale was affected by
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both climate and vegetation type. Interior Alaska is located within the
discontinuous zone of permafrost (Jorgenson et al., 2010), and soil
temperature is driven by complex feedbacks between climate (Jorgen-
son et al., 2010), fire (Minsley et al., 2016), and vegetation (Jorgenson
et al., 2001). As air temperature warms under climate change, soil
temperature and active layer thickness increases and the depth to
permafrost increases. However, changes in vegetation type, soil mois-
ture, and the insulative properties of snow also play an integral role in
maintaining permafrost integrity by buffering changes in air tempera-
ture (Jorgenson et al., 2010). Coniferous forests with their dense can-
opies and thick organic horizons buffer the effects of warmer
temperatures, acting as a thermal insulator between the atmosphere and
the ground (Walker et al., 2003). Our model captures these dynamics
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with soil temperature increasing by 0.02 °C/y in conifers and 0.07 °C/y
in hardwoods under climate change. Overall, our rates of near-surface
(3 m) soil warming (0.019 °C/y) under climate change are similar to
observed estimates in interior Alaska (~0.01-0.037 °C/y, (Clow, 2008;
Romanovsky et al., 2019), Southern Norway (0.015-0.095 °C /year,
(Isaksen et al., 2011), Siberia (0.01-0.08 °C/y, (Malkova, 2010; Ober-
man, 2008; Vasiliev et al., 2008), and Mongolia (0.015 °C/year, (Shar-
khuu et al.,, 2007). All Earth System Models project near-surface
permafrost degradation over large geographic areas of the boreal and
arctic ecosystems, though the extent and rate of change differs between
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models (Koven et al., 2013; McGuire et al., 2018).

The simulation results here demonstrate that vegetation type had a
greater effect on soil moisture than climate change at the landscape scale
(Fig. 9), given the large differences in soil moisture between hardwoods
and conifers. Forest type influences soil moisture via depth to perma-
frost, differential transpiration rates among species, interception and
throughfall of snow and liquid precipitation, forest impacts on the sur-
face energy balance, and different organic matter accumulation pat-
terns. Hardwoods often have lower interception rates and greater
throughfall but higher stomatal conductance and transpiration than
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conifers (e.g., (Cable et al., 2014), which often collectively results in
lower soil moisture under hardwood canopies, as simulated in this study.
Given these hardwood forest types are projected to become increasingly
prevalent as wildfire frequency increases (Hansen et al., 2021; John-
stone et al., 2010b; Mann et al., 2012), this could have ramifications for
streamflow and overall productivity across the landscape (Barichivich
et al., 2014). Although precipitation increased under climate change
(Bieniek et al., 2014; Lader et al., 2017), there was high uncertainty
associated with these trends (Meredith et al., 2019) and it did not cause a
net increase in soil moisture in our study. The magnitude of projected
changes in soil moisture in Arctic regions varies widely with most
studies showing a decline in soil moisture, primarily due to deep
drainage following permafrost thaw, though a few studies project wet-
ting trends (Andresen et al., 2020). The IPCC denotes soil moisture as a
major source of uncertainty in this region (Meredith et al., 2019), given
the complex interactions and feedbacks between increasing precipita-
tion, longer and warming growing seasons causing greater evapotrans-
piration, shifts in vegetation type, and increases in fire frequency.

Given that DGS underestimated C lost as soil respiration, soil C is
likely overestimated with DGS, though the projections of soil carbon
over time generally agree with other studies showing relatively stable
pools for the next 50 years. Interior Alaska is not expected to show
substantial declines in soil C until after 2050 (McGuire et al., 2018),
when this region is projected to be a net source of soil C to the atmo-
sphere (Koven et al., 2011). Losses in soil carbon associated with higher
soil temperatures in boreal forests have been documented across
numerous field studies (Eliasson et al., 2005; Melillo et al., 2017; Sha-
baga et al., 2022) and some modeling studies (H Genet et al., 2013), but
these studies are focused primarily on organic horizons, which are only a
small fraction of the total soil C pool. Model projections of soil C under
climate change remain highly uncertain with the full range of possibil-
ities including models that predict gains in soil C (ORCHDb), constant soil
C (TEMS6), gains and then losses starting in 2150 (UVic), and constant
soil ¢ followed by losses starting in 2100 (CLM 4.5; SiBCASA; (McGuire
et al., 2018). The short duration of our modeling study and makes it
challenging to project how climate change will affect soil C, especially
given the diverse physical, chemical, and biological factors that influ-
ence its stability.

4.3. Aboveground biomass dynamics under climate change

The biomass declines we projected under climate change differ from
most other modeling studies in this region. Most models project an
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increase in aboveground biomass under climate change due to CO,
fertilization and/or an increase in the length of the growing season
(Euskirchen et al., 2017; McGuire et al., 2018; Zha and Zhuang, 2021).
The state-and-transition model ALFRESCO-TEM predicted increases in
vegetation biomass, both when vegetation was constant or allowed to
shift over time (Euskirchen et al., 2016a). Also, the mean increase in
vegetation C stocks differed between their climate scenarios with the
highest projected C accumulation occurring in response to the fertil-
ization effect of rising atmospheric CO; (Euskirchen et al., 2016a). In a
recent multi-model approach with eight ESMs, the sensitivities of model
NPP responses to climate change were between 1.9% and 15.4%,
consistent with the mean of 13% in free-air exchange CO, enrichment
(FACE) experiments at the time the models were parameterized (Piao
et al., 2013). However, this global mean of 13% represents FACE ex-
periments primarily conducted in young, temperate forests with high
nutrient availability and not boreal forests (Walker et al., 2021). In the
boreal forests of Ontario, Canada, the synergistic effects of rising CO»
and temperatures increased water-use-efficiency of black spruce by 53%
over the past century, but this did not always translate into commen-
surate increases in growth (Silva et al., 2010). In northern latitudes
(51°N), growth (i.e. basal area increment) increased between 1950 and
2007, but growth declined starting in 2000 at mid-latitudes (47-49°N)
and 1980 at lower latitudes (45°N). Finally, existing models which do
simulate a CO, fertilization effect tend to overestimate biomass (Albani
et al., 2006), though recent integrations of observations and models
have reduced this uncertainty considerably (Keenan et al., 2021).
Therefore, without convincing evidence for the potential CO5 fertiliza-
tion effect on tree growth in boreal forests, we decided to omit this
potential driver of vegetation dynamics though we note this could be an
important area for future model development.

Although the simulated biomass trends do not agree with most other
modeling studies, our results are consistent with the browning trends
observed from remotely-sensed data in the forests of interior Alaska and
results with UVAFME. Between 1981 and 2012, gross photosynthesis
declined in interior Alaska, while growing season length remained
constant in interior Alaska despite rising CO5 and temperatures (Goetz
et al., 2005; Ju and Masek, 2016). This mechanism for this apparent
decoupling of growth, CO,, and warming in forest areas is unknown, but
was likely caused by drought stress (Barber et al., 2004; Dai et al., 2004),
nutrient limitation (Hobbie et al., 2002), insect and disease damage
(Ayres and Lombardero, 2000), and/or changes in resource allocation
(Gower et al., 2001). Our projected declines in total aboveground
biomass were also aligned with the UVAFME model projections (Foster
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et al., 2022). Simulations with UVAFME showed a 24% decline in
aboveground biomass under both RCP 4.5 and 8.5 climate emissions
scenarios by the end of the century in interior Alaska, though the dif-
ferences in biomass projections between climate change and historical
climate scenarios was relatively small . Our simulations project a com-
parable 22% reduction in biomass under climate change by mid-century.
Our difference in biomass between historical climate and climate change
scenarios (1.5 tC ha™!) was similar initially to Foster et al., 2022
(Fig. 10, 2.5 tC ha™1), but by mid-century our difference was 21 tC ha™!
while Foster was only 5 tC ha'. Biomass declines in our simulations
resulted from reductions in spruce biomass, with soil moisture and
wildfire as the most important drivers. Declines in conifer biomass and
shifts in forest type and under climate change agree with other modeling
studies in this region. For example, both AFRESCO-TEM and ecosys
predicted similar declines in spruce forests under climate change with
corresponding increases in hardwoods (Euskirchen et al., 2016;
Mekonnen et al., 2019). A shift from a spruce to deciduous dominated
landscape, like we projected, could act as a negative feedback to
increasing fire activity in boreal forests (Pastick et al., 2017), but our
projections did not suggest this would happen by mid-century. Future
work applying DGS in Alaska will include simulations of larger land-
scapes, longer durations and more climate change scenarios as they
become available from CMIP6.

4.4. Model limitations

Although wildfire is likely the most important disturbance in interior
Alaska, other disturbances, such as aspen leaf miner and browsing by
moose and hare, may affect forest dynamics and their effects may in-
crease under climate change. Also, exotic tree species like chokecherry
may increase forest biomass while sequential droughts may reduce
biomass, neither of which were included in our simulations. Simulating
the effects of climate change was limited to only one climate emissions
scenario due to the lack of downscaled daily climate data necessary to
simulate wildfire in the SCRPPLE extension of LANDIS-II and hydrologic
dynamics in SHAW. Other important sources of uncertainty in the DGS
simulations include potential parameter equifinality, uncertainty in
vegetative and soil initial conditions, lack of lateral water transport, and
uncertainty in the climate inputs originating from differences between
GCMs, downscaling and bias correction method, and aggregation to
climate regions for DGS. Quantifying and constraining these uncertainty
sources remains an important area for future research for process models
like LANDIS-II. The new DGS extension also has considerable potential
to be applied in temperate forested regions to better understand and
predict disturbance and hydrology feedbacks and their consequences for
ecosystem function across multiple biomes. Given the extensive data
inputs required by DGS, application may be limited in areas like the
tropics where data availability is a concern.

5. Conclusions

The large extent and high C storage capacity of boreal forests makes
them important to global carbon budgets, but their fragility in the face of
rapid changes in climate and wildfire necessitate improved under-
standing of the vulnerability of this large C stock. We developed DGS, a
new extension of LANDIS-II, to simulate climate, vegetation succession,
hydrology, permafrost, carbon and nutrient cycling, and wildfire in a
spatially-explicit framework that allows for feedbacks among processes.
The DGS model captures how rising temperatures can cause permafrost
thaw, which can increase active layer thickness and depth to permafrost,
allowing soil water to drain deeper into the soil profile. The model also
simulates changes in snow depth, snowmelt and freeze-up, and tracks
soil organic matter, and water and nutrient availability at user-specified
depths down to 75 m. Simulating these processes in an integrated,
spatially-explicit framework like LANDIS-II will allow us to disentangle
the drivers and ecosystem responses in this rapidly changing ecosystem.
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