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a b s t r a c t
Quantifying the impacts of changing climatic conditions on forest growth is integral to estimating future
forest carbon balance. We used a growth-and-yield model, modiﬁed for climate sensitivity, to quantify
the effects of altered climate on mixed-conifer forest growth in the Lake Tahoe Basin, California. Estimates of forest growth and live tree carbon stocks were made for low and high emission scenarios using
four downscaled general circulation model (GCM) projections. The climate scenarios were coupled with a
range of commonly-used fuels reduction treatments to quantify the combined effects of these factors on
live tree carbon stocks. We compared mid- (2020–2049) and late-21st (2070–2099) century carbon stock
estimates with a baseline period of 1970–1999 using common input data across time periods. Recursive
partitioning analysis indicates that GCM, forest composition, and simulation period most inﬂuence live
tree carbon stock changes. Comparison with the late 20th century baseline period shows mixed carbon
stock responses across scenarios. Growth varied by species, often with compensatory responses among
dominant species that limited changes in total live tree carbon. The inﬂuence of wildﬁre mitigation treatments was relatively consistent with each GCM by emission scenario combination. Treatments that
included prescribed ﬁre had greater live tree carbon gains relative to baseline under the scenarios that
had overall live tree carbon gains. However, across GCMs the inﬂuence of treatments varied considerably
among GCM projections, indicating that further reﬁnement of regional climate projections will be
required to improve model estimates of fuel manipulations on forest carbon stocks. Additionally, had
out simulations included the effects of projected climate changes on increasing wildﬁre probability,
the effects of management treatments on carbon stocks may have been more pronounced because of
the inﬂuence of treatment on ﬁre severity.
Ó 2013 Elsevier B.V. All rights reserved.

1. Introduction
Management of forest-based carbon sequestration represents
part of the portfolio of current technologies that can be
implemented to mitigate changing climatic conditions (Pacala
and Socolow, 2004). This can take the form of reducing deforestation, increasing carbon density, afforestation/reforestation, or
replacing fossil-based energy sources with sustainably-harvested
forest biomass (Canadell and Raupach, 2008). While forest-based
climate change mitigation does offer promise, especially with regards to reducing tropical deforestation (Gullison et al., 2007), it
is not without risk (Galik and Jackson, 2009).
⇑ Corresponding author. Tel.: +1 (814) 865 7554; fax: +1 (814) 865 3725.
E-mail address: matthew.hurteau@psu.edu (M.D. Hurteau).
0378-1127/$ - see front matter Ó 2013 Elsevier B.V. All rights reserved.
http://dx.doi.org/10.1016/j.foreco.2013.12.012

Risk is commonly deﬁned as the product of the probability of an
event occurring and the consequence of that event. In the case of
forest carbon loss due to wildﬁre, the consequence is a function
of ﬁre effects on the forest (Hurteau et al., 2013). High-severity ﬁre
causes greater carbon loss than low-severity ﬁre, resulting in a larger consequence (Hurteau and Brooks, 2011). Fire effects on the
forest can be managed by altering forest structure and fuel loads,
thereby reducing the risk of carbon loss due to wildﬁre (Hurteau
et al., 2009). However, this risk reduction measure carries a carbon
stock reduction cost and the carbon balance of a speciﬁc treatment
is dependent upon a wildﬁre burning in the treated area, the enduse of the trees harvested during treatment, among other factors
(Mitchell et al., 2009; North et al., 2009; Stephens et al., 2009b;
Hurteau et al., 2011; Campbell et al., 2012; Winford and Gaither,
2012). Generally, the probability of a ﬁre event occurring at most
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forest locations in any given year is quite low (Dickson et al., 2006).
However, warming temperatures are increasing the frequency of
large wildﬁres (Westerling and Bryant, 2008; Pechony and Shindell, 2010; Westerling et al., 2011) and may also increase ﬁre
severity. Based on two general circulation model projections under
a doubling of atmospheric CO2, Flannigan et al. (2000) projected
that mean ﬁre severity in California (measured by difﬁculty of control) would increase by about 10% averaged across the state by
mid-century. Results from Lenihan et al. (2003, 2008) suggest that
large proportions of the Sierra Nevada landscape may experience
an increase in mean ﬁre intensity over current conditions by the
end of the century, depending on future precipitation patterns.
Therefore, the risk of carbon loss due to wildﬁre is likely to increase
as a function of the increasing probability and severity of wildﬁre.
The carbon carrying capacity of a system has been deﬁned as
the amount of carbon that can be sustained under prevailing climatic conditions and natural disturbance regimes (Keith et al.,
2009). Human intervention in the form of ﬁre exclusion has resulted in a carbon density that exceeds the carrying capacity in
some systems, with the result being a proportionately greater carbon loss when wildﬁre occurs (Dore et al., 2008; Hurteau et al.,
2011). In addition to altering forest structure, ﬁre exclusion has
also impacted forest composition. In the mixed-conifer forests of
the Sierra Nevada of California, ﬁre-exclusion has resulted in increased tree density, decreased mean diameter, and a greater proportion of the basal area being comprised of ﬁre-sensitive species
(North et al., 2007). The pulse of post-ﬁre-exclusion recruitment
of these species (e.g. Abies concolor and Calocedrus decurrens) coincided with a climatic shift to warmer and wetter conditions (North
et al., 2005; Beaty and Taylor, 2008). While it is difﬁcult to discern
the exact cause of this change in species composition, it raises the
question of how a shift to even warmer conditions, with increased
ﬁre frequency and altered precipitation, will inﬂuence the carbon
carrying capacity of forests.
In addition to inﬂuencing disturbance, changes in climate can
impact forest growth and mortality, contributing uncertainty to
the role of forests in climate change mitigation (Battles et al.,
2008; vanMantgem et al., 2009). Growth-and-yield models, such
as the Forest Vegetation Simulator (FVS), typically project forest
growth assuming a static climate (Crookston et al., 2010). Thus,
projecting forest growth under changing climatic conditions, using
past climate–growth relationships has the potential to yield erroneous results. The bioclimate envelope modeling approach has
been widely employed to predict how individual species ranges
will change in climate space. A major criticism of this approach
has been that it neglects the inﬂuence of biotic interactions on species distributions (Pearson and Dawson, 2003). One approach to
overcome the short-comings of a purely climate-driven approach
to modeling species-speciﬁc growth to climate is to incorporate climate sensitivity into the growth and mortality functions of models
such as FVS.
The purpose of this study was to quantify the inﬂuence of predicted changes in climate on live tree carbon stocks, as a function
of species-speciﬁc carbon stock changes, in a Sierran mixed-conifer
forest by accounting for both biotic and abiotic inﬂuences on
growth. Additionally, we sought to determine the carbon stock
implications of treatments implemented to reduce the risk of
high-severity wildﬁre and their interaction with climate impacts
on growth.

2. Materials and methods
This study utilized ﬁeld data to drive a climate-sensitive
growth-and-yield model to project species-speciﬁc growth as a
function of down-scaled climate projections from four different
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GCMs under two different emissions scenarios. The modeling
approach used differs from climate-only approaches by incorporating biotic inﬂuences on tree growth, speciﬁcally competition. It
also differs from the approach of Crookston et al. (2010) by directly
incorporating climate projections, as opposed to representing
changes in climate through changes in site index.
2.1. Study location
This study was conducted in the mixed-conifer forest of the
Lake Tahoe Basin, California (Supplementary Fig. S1). Mixedconifer forest occupies an elevation range from the lakeshore at
1897 m to approximately 2400 m in elevation, as a function of aspect. The forest is comprised primarily of six tree species; white ﬁr
(A. concolor), red ﬁr (A. magniﬁca), incense-cedar (C. decurrens),
Jeffrey pine (Pinus jeffreyi), ponderosa pine (P. ponderosa), and
sugar pine (P. lambertiana). The Lake Tahoe Basin has a
Mediterranean climate, with a majority of the annual precipitation
(mean annual precipitation water equivalent 802 mm, National
Climate Data Center, Tahoe City) falling as snow and the summers
being dry and warm. The history of human impacts in the Basin includes a signiﬁcant period of tree harvest during the late 1800s,
when a majority of the area was logged to provide timber for
Nevada’s silver mining operations (Eliott-Fisk et al., 1996). Prior
to the late 1800s, frequent ﬁres in the Basin had a mean return
interval ranging from 8 to 17 years in the yellow pine and
mixed-conifer forest types (Beaty and Taylor, 2008).
2.2. Field data
Two to four plots were established in each of 21 creek drainages
and were 1900–2200 m in elevation (Supplementary Fig. S1). Plots
used in this study were selected to represent upland conditions
and were co-located, approximately 150 m up-slope, with plots
in the riparian zone for use in reconstructing riparian ﬁre history
(VandeWater and North, 2010). Plots located on the western side
of the Basin were ﬁr-dominated, while those located along the
eastern shore were pine-dominated. Trees were sampled within
plots using a nested design where all trees P5 cm diameter at
breast height (dbh) were measured in a 1/50th ha subplot, all trees
P50 cm dbh were measured in a 1/10th ha subplot, and all trees
P80 cm dbh were measured in a 1/5th ha plot. Fuels were quantiﬁed along four modiﬁed Brown’s transects (Brown, 1974) oriented
in the cardinal directions at each plot. To assess regeneration, all
trees <5 cm dbh where some portion of the tree intersected the
transect were tallied by species along each fuels transect. These
plot data were used to initiate model runs for each of three time
periods, including a historical baseline (1970–1999), mid-century
(2020–2049), and late-century (2070–2099) projections.
2.3. Model
To quantify the effects of climate and management treatment
on forest growth and live tree carbon stocks we used a modiﬁed
version of the Western Sierra Variant of the Forest Vegetation Simulator (Keyser, 2008). The Forest Vegetation Simulator (FVS) is a
distance-independent, growth-and-yield model that can simulate
a wide range of silvicultural treatments for most major forest tree
species (Crookston and Dixon, 2005). The modiﬁed Western Sierra
Variant of FVS (FVS-WS-CLIM) developed by Robards (2009) uses
climate-sensitive, species-speciﬁc growth models and downscaled
monthly climate data to model tree growth as a function of climate
and management. This climate-sensitive model was developed
using permanent plot and tree core data from 42,459 trees from
1378 plots on private and public lands across northern California,
collected between 1958 and 1998, to calculate annual diameter
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Fig. 1. Decision tree from recursive partitioning analysis to determine the most inﬂuential parameters on mean aboveground live tree carbon stocks after the mid- (2020–
2049) and late-century (2070–2099) 30-year simulation periods. Terminal node values (Mg C ha1) are the difference in carbon stocks between the mid- and late-century
simulation periods and the 1970–1999 baseline period.

and height growth and tree age (Supplementary Table S1). These
annual measures of diameter and height growth were then used
in a linear mixed effects model to develop a relationship between
tree growth and a range of abiotic (e.g. elevation, slope, aspect, precipitation, and temperature) and biotic (e.g. stand density index,
basal area of larger individuals, and crown ratio) factors for six
conifer species; ponderosa pine, Jeffrey pine, sugar pine, incensecedar, white ﬁr, and red ﬁr (Battles et al., 2008; Robards, 2009).
Due to the limited availability of data for Jeffrey pine, data for this
species were aggregated with ponderosa pine data, a species with
which it commonly co-occurs and hybridizes (Harlow et al., 1996).
Unlike the standard growth models for these species in FVS, the
species-speciﬁc growth models in the modiﬁed variant include climate and topographic parameters and exclude a common parameter in growth-and-yield models, site index, which is a metric of
site productivity under climatic conditions that were present during the life span of the current trees. The generalized diameter
growth model structure is as follows:


E½lnðGRÞ ¼ b0 þ b1 lnðdbhÞ þ b2 ðdbhÞ þ b3 CR þ b4

PBAL
lnðdbh þ 1Þ



þ b5 PRECIP þ b6 TEMP þ b7 SL þ b8 SL½cosðASPÞ
þ b9 SL½sinðASPÞ þ b10 SL½lnðELEV þ 1Þ
þ b11 SL½lnðELEVÞ cosðASPÞ þ b12 SL½lnðELEV þ 1Þ
 sinðASPÞ þ b13 SL½ELEV2 þ b14 SL½ELEV2 cosðASPÞ
þ b15 SL½ELEV2 sinðASPÞ þ b16 ELEV þ b17 ELEV2
þ b18 Albrx þ b19 Albry þ eik þ e
where GR is the annual diameter or height growth, dbh the diameter at breast height, CR the crown ratio, PBAL the basal area in trees
larger than the subject tree for a plot, SL the average slope of the
plot (%), PRECIP the annual and/or seasonal precipitation (10
mm), TEMP the mean annual or seasonal maximum or minimum
temperature (10 C) or number of degree days, ASP the average aspect of the plot (radians), ELEV the average elevation of the plot,

M.D. Hurteau et al. / Forest Ecology and Management 315 (2014) 30–42

33

Fig. 2. Downscaled decadal mean winter maximum temperature (top row) and precipitation (bottom row) by global climate model (GCM) by decade for the western (left
column) and eastern (right column) sides of the Lake Tahoe Basin. The GCM climate projections are from the National Center for Atmospheric Research Community Climate
System Model (CCSM3), the Centre National de Recherches Météorologiques Coupled global Climate Model (CNRM CM3), the Geophysical Fluid Dynamics Lab coupled model
(GFDL CM2.1), and the National Center for Atmospheric Research Parallel Climate Model (PCM1). The y-axis scale differs between panels C and D.

Albrx the longitude in UTM coordinates, Albry the latitude in UTM
coordinates, eik the error of kth measurement on the ith tree, and
e is the unexplained error.
The height growth model structure is identical to the diameter
growth model with the exception that total height (tht) replaces
diameter at breast height (dbh) for the variables associated with
parameters b1 and b2. A suite of models for each species was constructed to include the range of potential parameter values (e.g. for
TEMP, mean annual or seasonal maximum or minimum or number
of degree days were included). Final model structure for each species was selected using the Akaike Information Criterion and Residual Maximum Likelihood Estimation (West et al., 2007) to evaluate
explanatory power and parsimony. Final model parameters varied
by species and height versus diameter growth (Supplementary
Tables S2–S11). As an example, winter precipitation provided the
most explanatory power for ponderosa pine diameter growth and
winter, spring and summer precipitation provided the best ﬁt for
height growth. For sugar pine, winter precipitation was the only
precipitation explanatory variable for diameter growth, while
spring and summer precipitation provided the most explanatory
power for height growth. Additionally, the sign of each coefﬁcient
varied by species (Supplementary Tables S12–S21). The growth
models were then incorporated into the FVS model code, forming
the climate sensitive variant. Model validation was conducted
using tree growth data from different sites within the geographic

region where the parameterization data were gathered. Modeled
height and diameter were compared to empirical data for each of
the four sites. These sites were located in northern, central, and
southern Sierra Nevada and from the coastal mountains due west
across the Central Valley. The existing FVS mortality models were
retained and therefore the direct inﬂuence of climate on mortality
is unaccounted. Furthermore, this approach did not account for
species-speciﬁc physiological responses to changes in climate
and atmospheric CO2 concentration (see Section 4). For an in-depth
description of model development, parameterization, and validation, see Robards (2009).
Downscaled monthly climate data for the Basin were assembled
from the 2008 California Climate Action Team Research (12 km
resolution). The climate projections were downscaled for California
from four general circulation models (GCMs); GFDL CM2.1, CNRM
CM3, NCAR PCM1, and NCAR CCSM3 (Hidalgo et al., 2008; Maurer
and Hidalgo, 2008). The GCMs range in their responsiveness to
forcing factors, with NCAR PCM1 projecting lower late-century
temperature and higher precipitation than the other GCMs (Cayan
et al., 2009). Two emissions scenarios were used for each of the
four downscaled GCMs. The A2 scenario, with a late-century atmospheric CO2 concentration of 850 ppm, represents continually
increasing population and slower adoption of low-carbon energy
sources. The B1 scenario, with late-century atmospheric CO2 stabilization at 550 ppm, represents reduced population growth and
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Fig. 3. Downscaled decadal mean spring maximum temperature (top row) and precipitation (bottom row) by global climate model (GCM) by decade for the western (left
column) and eastern (right column) sides of the Lake Tahoe Basin. The GCM climate projections are from the National Center for Atmospheric Research Community Climate
System Model (CCSM3), the Centre National de Recherches Météorologiques Coupled global Climate Model (CNRM CM3), the Geophysical Fluid Dynamics Lab coupled model
(GFDL CM2.1), and the National Center for Atmospheric Research Parallel Climate Model (PCM1). The y-axis scale differs between panels C and D.

transition toward a low-carbon intensity economy. Model projections for mid-century and late-century temperature span 1–3 °C
and 2–5 °C increases, respectively, with greater temperature increases under the A2 scenario by the end of century. Precipitation
projections suggest a slight drying trend with large inter-annual
variability (Cayan et al., 2009). Regardless of precipitation trends,
warming across southwestern North America is likely to result in
regional drying (Seager et al., 2007).
2.4. Simulations
Three simulations covering three time periods were conducted
for each forest stand using FVS-WS-CLIM: a baseline simulation
(1970–1999), a mid-century simulation (2020–2049), and a latecentury simulation (2070–2099). Simulation periods, including
the historical baseline period, used climate data from each of the
four GCMs, with temperature and precipitation projections input
at each time-step. Each simulation used the ﬁeld data collected
in 2009, inclusive of topographic position, as the starting condition.
Four different management treatments were simulated for each
time period: control, thin, burn, and thin and burn. The thin-only
treatment involved preferentially thinning small diameter trees
to a residual basal area of 28 m2 ha1 in the ﬁrst year of each simulation period, based on the wildﬁre risk mitigation treatments often implemented in the Lake Tahoe Basin. We did not selectively

thin by species. The amount of tree biomass thinned during a speciﬁc simulation was a function of the starting conditions as determined by plot-level ﬁeld data. The burn-only treatment simulated
a prescribed ﬁre in the ﬁrst year of each simulation period. The prescribed burns were simulated during the fall, under moist conditions (1 and 10 h fuels = 12% fuel moisture, 100 h fuels = 14%,
1000 h fuels = 25%), 21 °C air temperature, 13 kph wind speed at
6 m above ground level, with ﬁre burning 70% of the stand area.
These conditions are typical of the moderate weather conditions
under which prescribed ﬁre is often used and more easily controlled. The thin and burn treatment simulated the combination
thin-from-below followed by prescribed burning during the ﬁrst
year of each simulation period. Background and density-induced
mortality were simulated for all management treatments. Regeneration was simulated at the beginning of each period based on
empirical results from similar management treatments (Zald
et al., 2008). The amount of regeneration was not varied as a function of climate. Carbon stocks were estimated for aboveground live
tree biomass using Forest Inventory and Analysis regional equations for volume and biomass (FIA, 2009a, b).
2.5. Analysis
The difference in carbon stocks was calculated as the projected
stock minus the baseline stock at the end of the 30 year projections
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Fig. 4. Mean and standard error of live tree carbon stocks from four treatments simulated over the historical period (1970–1999), mid-century (2020–2049) and late-century
(2070–2099) with climate data from four general circulation models (GCM) using the B1 emission scenario. The GCM climate projections are from the National Center for
Atmospheric Research Community Climate System Model (CCSM3), the Centre National de Recherches Météorologiques Coupled global Climate Model (CNRM CM3), the
Geophysical Fluid Dynamics Lab coupled model (GFDL CM2.1), and the National Center for Atmospheric Research Parallel Climate Model (PCM1). Projections are initiated
using the same plot-level data.

in 2049 and 2099. Recursive partitioning of the data was conducted using default parameters and the Rpart library version
3.1–36 (Therneau et al., 2007). Recursive partitioning is a form of
decision tree analysis that can be used to accurately summarize
data into classes, while preserving the essential characteristics of
the data (Murthy, 1998). Pruning of the resulting trees was conducted automatically using the cost-complexity prune function
(Breiman et al., 1984) to minimize the cross-validated prediction
error (Everitt and Hothorn, 2006). The independent variables considered were: post-treatment trees per hectare, basal area, stand
density index (a commonly-used forestry metric combining stocking and basal area), time period (mid- or late-century), treatment
(control, thin, burn, thin and burn), general circulation model and
emission scenario, aspect, elevation, slope, Basin location (East or
West), and forest type (as deﬁned by the dominant species by basal
area).

3. Results
A total of 7300 yield streams were produced from 4992 simulations (4 GCMs  2 emission scenarios  4 treatments  3 time
periods  52 plots), including those for each plot and average simulations for stands. Stand-level outputs, comprised of the average

of simulations from plots within a stand, numbered 2100. Outputs
were produced for numbers of trees, basal area, stand density index, and carbon stock. In the recursive partitioning analysis the
most inﬂuential factors were general circulation model (GCM), forest type, and simulation period (Fig. 1). The partitioning based on
GCM was a function of the temperature and precipitation projections speciﬁc to each GCM-emission scenario combination. The
partitioning based on simulation period was a function of
projected climate over a speciﬁc time period. The projected latecentury reduction in winter precipitation, an important source of
moisture for tree growth, was greatest from the GFDL model under
the A2 emission scenarios (Fig. 2). While all projections were for
increasing temperature throughout the century, the greatest increases were from CCSM3 and GFDL (Figs. 2 and 3, Supplementary
Figs. S2–S12). The partitioning based on GCM and emission scenario indicates that the level of increasing temperature and
decreasing precipitation were more inﬂuential on forest carbon
stock than simulation period, slope, or forest type. Slope was inﬂuential only for CCSM3 and GFDL-A2 where the dominant vegetation was not white ﬁr. Seventeen end nodes were identiﬁed
where differences between carbon stocks in 2099 and the baseline
ranged from 2.91 to +6.49 Mg C ha1. The white ﬁr-dominated
forest type was consistently different from the red ﬁr-dominated,
incense-cedar-dominated and pine-dominated forest types.
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Fig. 5. Mean and standard error of live tree carbon stocks from four treatments simulated over the historical period (1970–1999), mid-century (2020–2049) and late-century
(2070–2099) with climate data from four general circulation models (GCM) using the A2 emission scenario. The GCM climate projections are from the National Center for
Atmospheric Research Community Climate System Model (CCSM3), the Centre National de Recherches Météorologiques Coupled global Climate Model (CNRM CM3), the
Geophysical Fluid Dynamics Lab coupled model (GFDL CM2.1), and the National Center for Atmospheric Research Parallel Climate Model (PCM1). Projections are initiated
using the same plot-level data.

As expected, mean live tree carbon stocks varied by treatment
intensity over the baseline period (Figs. 4 and 5). The burn-only
treatment resulted in the smallest initial mean decrease in live tree
carbon
stocks
(11.7 Mg C ha1),
while
the
thin-only
(24.8 Mg C ha1) and thin and burn (33.2 Mg C ha1) had a much
larger mean impact on live tree carbon, relative to the control
(Figs. 4 and 5). Over the historical simulation period, the rate of increase in carbon stock size was greater in the thin-only than in the
control. This increase resulted in a much smaller difference in
mean thin-only carbon stocks (203.8 Mg C ha1), relative to the
control (214.7 Mg C ha1) following 29 years of growth.
Carbon stocks over the mid- and late-century simulation periods varied as a function of GCM and emission scenario (Figs. 4
and 5). Across GCM, treatment means showed a slight increase
over the same treatments during the baseline period for mid-century B1 projections (1.1–3.3 Mg C ha1). By late-century, across
GCM treatment means showed a variable response for the B1 scenario (0.6 to 1.4 Mg C ha1). Under the A2 scenario, mid-century
across GCM treatment means also showed a slight increase (0.9–
4.06 Mg C ha1). Late-century across GCM treatment means
showed a larger increase for the A2 scenario (3.2–5.8 Mg C ha1).
Live tree carbon stocks varied relative to baseline as a function of
GCM and emission scenario. Under the B1 scenario for CCSM3,
CNRM, and GFDL, live tree C stocks showed consistent directional

changes relative to baseline across simulation periods (Fig. 6).
Under the A2 scenario, CCSM3 and GFDL showed little change relative to baseline by the end of the mid-century simulation period.
Yet, by the end of the late-century simulation period live tree carbon increased by 3.5–8.7% relative to baseline. There were two
notable exceptions to these more common patterns. Mid-century,
PCM1-B1 increased by 7.9–12.7% relative to baseline during the
middle portion of the simulation period and by the end of the period the relative gains were roughly halved (Fig. 6). Late-century,
PCM1-B1 had initial C increases and ended the simulation period
with decreased live tree C relative to baseline. CNRM-A2 had the
most substantial changes of all simulations during the mid-century
simulation period. Relative to baseline, all treatments had increased live tree C with the largest mean gains made by the
burn-only (14.5%) and thin and burn (16.9%). These two exceptions
are a function of the smaller increase in temperature and decrease
in precipitation projected by PCM1 and relatively small increase in
warming and large mid-century increase in precipitation under
CNRM-A2. Under GCM by emission scenarios where carbon stocks
increased relative the baseline period, the thin and burn and burnonly treatments generally had a larger increase in live tree carbon
relative to their baseline conditions, than did the control or thinonly (Fig. 6). However, in absolute terms the control and thin-only
treatments consistently had larger live tree C stocks and in some
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Fig. 6. Mean and standard error of percent change in live tree carbon stocks from the baseline simulation for each treatment using climate projections from four global
climate models (GCM) under low (B1, left column) and high (A2, right column) emission scenarios. The GCM climate projections are from the National Center for Atmospheric
Research Community Climate System Model (CCSM3), the Centre National de Recherches Météorologiques Coupled global Climate Model (CNRM CM3), the Geophysical Fluid
Dynamics Lab coupled model (GFDL CM2.1), and the National Center for Atmospheric Research Parallel Climate Model (PCM1). Simulations are initiated using the same plotlevel data.

cases these two treatments differ signiﬁcantly by the end of the
simulation period (e.g. mid-century CNRM-A2, Fig. 5).
Species speciﬁc mean live tree carbon stocks varied as a function of GCM and emission scenario projection (Tables 1 and 2).
White ﬁr and ponderosa pine are the dominant species on the west

and east sides of the Basin, respectively, and had the largest
changes in live tree carbon stocks of the ﬁve species modeled.
Mid-century, both white ﬁr and ponderosa pine had declines in live
tree carbon, relative to the baseline, for GFDL-A2 and PCM1-A2.
During the same period, both species had increases, relative to
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Fig. 6 (continued)

baseline, for PCM1-B1 and CNRM-A2. The increases for CNRM-A2
were the largest mid-century, ranging from 4.43 to 8.99 Mg C ha1
for white ﬁr and 9.52 to 10.49 Mg C ha1 for ponderosa pine
(Table 1). GFDL-B1 had declines in mid-century live tree carbon
for the two ﬁr species and incense-cedar, while both pine species
had increases in live tree carbon (Table 1). By late-century, both
white ﬁr and ponderosa pine showed declines in live tree carbon
for GFDL and PCM1 under the B1 emission scenario; yet under
the A2 emission scenario, white ﬁr live tree carbon increased under
both GCMs and ponderosa pine declined. The mid-century increases in live tree carbon for both species under CNRM-A2 both
became small decreases in live tree carbon, relative to baseline,
by late-century. Given the limited contribution to total basal area,
in general the changes from baseline were much smaller for red ﬁr,
incense-cedar, and sugar pine (Tables 1 and 2). In most cases, red
ﬁr and incense-cedar live tree carbon stocks tended to decrease relative to baseline and sugar pine tended to increase regardless of
GCM, emission scenario, or time period.

4. Discussion
Forest carbon stock projections varied signiﬁcantly as a function
of treatment intensity within GCM and emission scenarios. Examining responses across GCMs and emission scenarios there was
substantial variability in response to projected climate. The large
inﬂuence of GCM on carbon storage suggests that reducing uncertainty in modeling forest growth response to wildﬁre mitigation
treatments will require further reﬁnement of climate projections.
However, our results also suggest that there may be some capacity
to leverage treatments to improve adaptive capacity for forest C
sequestration as evidenced by the scenarios where there was little
difference between control and thin-only treatments by the end of
the simulation period (e.g. mid-century CNRM-A2). Our results
show that changes in species-speciﬁc carbon stocks varied by
GCM and emission scenario and that trade-offs between species
caused a smaller reduction in stand-scale forest carbon stocks than
would have occurred had all species been similarly impacted. The
primary compensatory effects were between white ﬁr and ponderosa pine, with late-century decreases in ponderosa pine carbon
stocks being countered by increases in white ﬁr carbon stocks for
the GFDL and PCM1 GCMs under the A2 emission scenario. Some
interesting compensatory dynamics also occurred with other species. For example, mid-century live tree carbon stocks showed
small increases relative to the baseline control for CCSM3-B1

(Fig. 6). Under this scenario, white ﬁr and sugar pine increased,
while the other three species had slight decreases (Table 1).
Our results indicate that species-speciﬁc growth sensitivity to
climate and the resultant carbon stock changes vary considerably
as a function of the climate projections for a given emission scenario. Temperature increases throughout the century for all
GCM-emission scenario combinations, with the greatest increase
occurring with CCSM3 and the least with PCM1 (Figs. 2 and 3).
Winter precipitation is quite variable among GCMs, but spring precipitation shows a decreasing trend for all GCMs (Fig. 2 and 3).
Mid-century results show minimal effects of climate on the live
tree carbon stock under both emission scenarios for CCSM3 and
GFDL (Figs. 5 and 6). For this same period, the CNRM climate projection resulted in little change in carbon stocks from baseline for
the B1 emission scenario; yet under the A2 scenario there was the
largest percentage increase in live tree carbon relative to the baseline scenario (Fig. 6). This difference under the mid-century CNRMA2 scenario may be due to substantial winter precipitation during
the initial part of the simulation period, followed by a large increase over the last decade (Fig. 2). Over the ﬁrst two decades of
the CNRM-A2 mid-century simulation period, mean winter decadal
precipitation was considerably higher than the other projections,
but decreased by approximately 650 mm, before increasing by
approximately 300 mm over the ﬁnal decade of the simulation period (Fig. 2). Previous research has found that trees growing in a less
competitive environment respond more quickly to changes in climate (Hurteau et al., 2007). This may provide some insight into
the thin-only carbon stock attaining nearly the same level as the
control over the length of the simulation period (Fig. 5).
Previous research on tree growth response to climate in the
Sierra Nevada found minor change in precipitation coupled with
increasing summer temperature could expedite the on-set of
drought stress in this Mediterranean system, leading to a waterdeﬁcit induced reduction in growing season length (Battles et al.,
2008). Battles et al. (2008) reported a decline in volume growth
for trees grouped by ‘‘pines’’ and ‘‘ﬁrs and cedar’’, using downscaled climate projections from two GCMs (GFDL and PCM) under
the same two emission scenarios (B1 and A2). By mid-century, we
found slight overall declines in live tree carbon for both GFDL emission scenarios and PCM1-A2 (Fig. 6). Yet, under the mid-century
PCM-B1 scenario, all species showed increases in live tree carbon,
relative to baseline for all treatments. This pattern was especially
pronounced for the burn-only and thin and burn treatments
(Fig. 6). Winter precipitation and winter-spring precipitation were
important factors controlling diameter growth for ponderosa pine

(0.71)
(0.10)
(0.11)
(0.17)
(0.55)
4.77
0.11
0.10
0.38
1.88
(0.50)
(0.33)
(0.11)
(0.22)
(1.13)
(0.62) 3.67 (1.51) 5.03 (0.86) 4.46
(0.12) 0.32 (0.56) 0.66 (0.67) 0.35
(0.06) 0.06 (0.33) 0.09 (0.11) 0.26
(0.29) 0.15 (0.64) 0.42 (0.22) 0.49
(0.92) 2.60 (1.39) 1.65 (0.62) 2.17
4.26
0.35
0.22
0.47
2.55
(0.73)
(0.17)
(0.07)
(0.58)
(1.11)
(1.70) 3.17 (0.96) 4.51 (0.74) 4.38
(0.10) 0.35 (0.55) 0.46 (0.34) 0.27
(0.14) 0.25 (0.11) 0.23 (0.07) 0.74
(0.78) 0.08 (0.52) 0.53 (0.26) 0.86
(1.66) 1.87 (1.22) 2.02 (1.00) 2.08
(2.10) 8.58 (2.08) 8.99 (1.92) 7.82
(0.56) 0.22 (0.16) 0.15 (0.19) 0.01
(0.36) 0.26 (0.14) 0.03 (0.63) 0.27
(0.81) 1.40 (0.67) 1.03 (1.24) 1.48
(2.44) 10.49 (1.67) 9.52 (1.90) 10.44
A2
ABCO 2.05 (1.11) 4.40 (0.73) 3.68 (0.59) 4.00 (0.61) 4.43
ABMA 0.01 (0.63) 0.42 (0.27) 0.27 (0.17) 0.20 (0.09) 0.14
CADE
0.02 (0.19) 0.03 (0.06) 0.02 (0.07) 0.02 (0.06) 0.05
PILA
0.54 (0.25) 0.74 (0.38) 1.38 (0.79) 0.75 (0.38) 0.85
PIPO
0.34 (0.86) 1.15 (0.55) 1.31 (0.74) 0.78 (0.44) 10.49

(1.09) 2.48 (0.89) 2.24 (0.77) 2.21 (0.70)
(0.39) 0.26 (0.46) 0.07 (0.16) 0.06 (0.18)
(0.40) 0.33 (0.16) 0.03 (0.16) 0.30 (0.15)
(0.46) 0.72 (0.34) 0.94 (0.61) 0.88 (0.40)
(1.47) 3.25 (1.36) 3.21 (1.46) 3.75 (1.35)
0.16
0.18
0.63
0.71
2.28
(0.78) 1.43 (0.61) 5.79 (1.30) 7.55 (1.43) 7.37 (1.27) 6.43 (1.15)
(0.16) 0.04 (0.12) 0.38 (0.77) 0.24 (0.18) 0.19 (0.08) 0.25 (0.20)
(0.19) 0.07 (0.04) 0.03 (0.32) 0.14 (0.15) 0.07 (0.15) 0.11 (0.14)
(0.70) 0.81 (0.44) 1.41 (1.11) 0.46 (0.29) 0.47 (0.35) 0.37 (0.17)
(0.70) 0.55 (0.34) 3.60 (1.49) 3.13 (1.49) 4.04 (1.59) 1.97 (1.36)
(1.54) 1.60 (0.75) 2.57
(0.44) 0.39 (0.36) 0.28
(0.21) 0.10 (0.05) 0.23
(1.01) 0.87 (0.45) 0.02
(1.12) 0.45 (0.40) 0.98
0.59
0.13
0.16
0.05
0.90
(0.38)
(0.09)
(0.09)
(0.58)
(0.69)
(0.54) 2.75 (0.52) 1.62
(0.37) 0.37 (0.20) 0.17
(0.10) 0.22 (0.15) 0.15
(0.53) 1.35 (0.77) 1.21
(0.70) 0.17 (0.68) 0.15

Thin/Burn
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Burn
Control
Thin/Burn
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Burn
Control
Thin/Burn
Thin
Burn
Control
Thin/Burn
Thin
Burn
Control

B1
ABCO 2.31 (0.76) 2.09
ABMA 0.53 (0.45) 0.51
CADE 0.14 (0.19) 0.16
PILA
0.62 (0.44) 1.11
PIPO 1.32 (0.93) 0.22

PCM1
GFDL
CNRM
CCSM3

Table 1
Mean difference (calculated as projection minus baseline) in carbon stock from the baseline simulation for each GCM-treatment-species combination for mid-century (2020–2049) low (B1) and high (A2) emission scenarios. Standard
errors are presented in parenthesis. The species are white ﬁr (ABCO), red ﬁr (ABMA), incense cedar (CADE), sugar pine (PILA), and ponderosa pine (PIPO). The GCM climate projections are from the National Center for Atmospheric
Research Community Climate System Model (CCSM3), the Centre National de Recherches Météorologiques Coupled global Climate Model (CNRM CM3), the Geophysical Fluid Dynamics Lab coupled model (GFDL CM2.1), and the
National Center for Atmospheric Research Parallel Climate Model (PCM1).
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and white ﬁr, respectively (Supplementary Tables S2 and S8).
While there was a general decline in winter precipitation under
the CNRM-A2 climate projection, it was greater than the other
GCM projections for the ﬁrst decade of the mid-century simulation
period on both the east and west sides of the Basin (Fig. 2), likely
contributing to the increase in carbon stocks relative to baseline
for both species (Table 1). However, by late-century, this GCM projection resulted in small live tree carbon declines relative to baseline for both species (Table 2). Analysis of annual increment data
from tree rings showed that ponderosa pine exhibited increased
growth with warmer maximum winter and warmer minimum
summer temperature (Robards, 2009). White ﬁr exhibited a similar
response to maximum winter temperature, but a negative growth
relationship with increasing spring temperature (Robards, 2009).
Since the FVS growth-and-yield model structure accounts for the
effects of competition on growth (Crookston and Dixon, 2005)
and previous research has shown that white ﬁr is more responsive
to changes in precipitation availability (Hurteau et al., 2007), the
late-century increase in white ﬁr for the CCSM3-A2 scenario may
be a result of substantial increase in winter precipitation during
the early part of the simulation period.
As identiﬁed by the recursive partitioning analysis, GCM was
the most inﬂuential non-management factor affecting growth. This
between GCM-emission scenario variability and the resultant
growth response yielded substantial differences in live tree carbon
stock, relative to the baseline (Fig. 6). However, under most climate
projections from a speciﬁc GCM the relative differences between
treatments remained similar to the baseline simulations for the
ﬁrst three time-steps of each simulation period. Under scenarios
that live tree C stocks increased relative to baseline, treatments
generally increased C stocks at a higher relative rate than did the
control. Interestingly, only under the CNRM-A2 scenario did
the thin-only live tree C approximate the control C by the end of
the mid-century simulation period (Fig. 5). This was surprising given the common observation of tree growth-release following forest thinning (Latham and Tappeiner, 2002; McDowell et al., 2006;
Fajardo et al., 2007). The growth-and-yield model, FVS, is the principal tool used by many forest managers to project forest growth
because it effectively captures stand-level growth response to
forest management practices, such as density reduction from fuels
treatments. In FVS, tree growth following density reduction is most
affected by the increase in resources, moderated by site productivity, resulting from reduced competition. Our results suggest that
stand dynamics following treatment are sensitive to projected climate. While changing climate may alter how effectively different
species can capture additional resources released by density
reduction treatments, improving projections of the effect size of
treatment under changing climate will require additional data
from forest stands with a range of densities that have experienced
climate variability over an extended period. Furthermore, our ﬁndings highlight the need to overcome the scale mismatch between
GCMs and the typical forest management unit. Recent research
suggests the substantial inﬂuence of local terrain on mediating
climate (Dobrowski, 2011) making even downscaled climate projections too coarse to capture the ﬁne scale climate variability that
can inﬂuence tree growth. Our results also indicate that given the
variability in climate projections among models, species-level
modeling using only one or two climate projections is unlikely to
capture much of the uncertainty due to the combination of this
variability and the problems of model scale.
The results of this research must be considered in the context of
the uncertainty of this approach. Linear mixed-effects models that
include climate and topographic parameters were developed for
annual diameter and height growth for each species (for speciﬁc
details see Robards 2009). Robards (2009) reported that with the
exception of red ﬁr, AIC and REML metrics were minimized in
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CCSM3

Table 2
Mean difference (calculated as projection minus baseline) in carbon stock from the baseline simulation for each GCM-treatment-species combination for late-century (2070–2099) low (B1) and high (A2) emission scenarios. Standard
errors are presented in parenthesis. The species are white ﬁr (ABCO), red ﬁr (ABMA), incense cedar (CADE), sugar pine (PILA), and ponderosa pine (PIPO). The GCM climate projections are from the National Center for Atmospheric
Research Community Climate System Model (CCSM3), the Centre National de Recherches Météorologiques Coupled global Climate Model (CNRM CM3), the Geophysical Fluid Dynamics Lab coupled model (GFDL CM2.1), and the
National Center for Atmospheric Research Parallel Climate Model (PCM1).
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the ﬁnal models. In the case of red ﬁr the inclusion of latitude as a
model parameter resulted in a less parsimonious model, however
latitude was retained in the ﬁnal model to account for the latitudinal gradient that is present in this species’ distribution. While this
approach facilitates the inclusion of climatic and topographic
information, parameters which are typically absent from growthand-yield models, the models are empirically-based and may be
incapable of predicting growth response to conditions outside
the range used for their development, including extreme climatic
events such as prolonged, acute drought-stress. Additionally, the
uncertainty associated with downscaling global scale climate projections is inherent in this approach. As noted by Cayan et al.
(2008), the complex topography in California and the effects of
increasing temperature on Sierran snowpack require regional
models to distribute climate. The approach taken here considers
only the impacts of physical climate drivers on tree species’
growth. The increased atmospheric CO2 that underlies the altered
climatic variables increases NPP in short-term experimental studies of young forest stands (Norby et al., 2010), yet progressive
nitrogen limitation (Luo et al., 2004; Reich et al., 2006) may
strongly constrain longer-term ecosystem response to CO2.
Because of increased water use efﬁciency, CO2 might mitigate
productivity reductions in drier future conditions. Whether this
would alter species-level responses depends in part on variation
in these conifer species’ photosynthetic and water use efﬁciency
responses to elevated CO2, something that is not currently known.
Further, because we did not alter the mortality function in the
model we were unable to capture potential climate-driven
transitions of C from the live tree to the dead tree C pool. Previous
research has shown that tree mortality has the potential to increase with increasing drought stress (van Mantgem et al., 2009;
Williams et al., 2012; Loudermilk et al., 2013) and increasing
mortality could inﬂuence the carbon dynamics.
Another factor not addressed by this study is the projected effect of climate on wildﬁre and the combined inﬂuences of climate
and wildﬁre on forest carbon stocks. The frequency of large wildﬁres is projected to increase in California with changing climate
(Westerling and Bryant, 2008). Research on climate-driven
changes in ﬁre regimes in Washington indicates that the effects
of increasing area burned by wildﬁre could result in sizable reduction in forest carbon stocks (Raymond and McKenzie, 2012). While
under historical and current climatic conditions land-use and disturbance have been the primary regional factors inﬂuencing carbon storage relative to the theoretical maximum (Smithwick
et al., 2002; Hudiburg et al., 2009), the effects of changing climate
on forest growth are likely to exert a signiﬁcant inﬂuence on the
carbon carrying capacity of the system. In the context of this research, the results of the recursive partitioning analysis identiﬁed
GCM as the most important factor controlling forest carbon stocks.
Had our study included increasing wildﬁre probability, the effects
of management treatments may have been more pronounced because of the inﬂuence of these treatments on changing ﬁre behavior and tree mortality rates (Stephens and Moghaddas, 2005).
However, our results do indicate that under several of the projected climate scenarios (e.g. CNRM-B1, GFDL-B1, and PCM1-A2)
the results of the simulated management actions suggest no interaction between climate and management (Fig. 6). Understanding
interactions among climate, wildﬁre frequency, and forest growth
deserves further research.
Informed estimates of the impacts of changing climatic conditions on forest growth are of great importance to carbon offset project development. To have value, forest carbon offset projects must
sequester more carbon than business-as-usual (additionality) and
maintain the carbon stock for some required period of time (permanence). Forest carbon accounting protocols, such as the one
used by the Climate Action Reserve (2010), require baseline
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projections of the business-as-usual condition against which additionality is quantiﬁed. The majority of the growth-and-yield
models do not account for the effects of changing climate on forest
growth, potentially leading to an incorrect estimate of the future
baseline condition. Incorrect baseline estimates detract from the
economic viability of a project if carbon stock difference between
the baseline condition and the project is reduced to the point that
the project value is insufﬁcient to cover the cost of investment.
The results of this study highlight the complexity of modeling
how different species will be affected by stand-level dynamics
under changing climatic conditions. Modeled climate projections
for California suggest late-century mean temperature increases
ranging from 1.5 to 4.5 °C, relatively small changes in precipitation, and reduced snowpack with increased warming (Cayan
et al., 2008). As our results and the results of Battles et al.
(2008) indicate, the potential exists for a weakening of the carbon sink strength in these mixed-conifer forests. The strength
of this positive biogeochemical feedback to warming may be enhanced by increased wildﬁre frequency (Westerling and Bryant,
2008) and climatically driven mortality (vanMantgem et al.,
2009). Forest structural manipulations, such as thinning and prescribed burning, can reduce water, nutrient, and light competition and the risk of stand-replacing ﬁre (Kaye et al., 2005;
McDowell et al., 2006; Stephens et al., 2009a). However, the current variability in downscaled global climate projections adds
considerable uncertainty to projecting how management actions
to alter forest structure and composition and climate will interact in the future. Additional investigation into the effects of climate on regeneration and mortality is needed. Better
characterization of these processes will help improve projections
of stand dynamics under changing climate. Given the variation
in species-speciﬁc carbon stocks in response to the range of
emission and climate scenarios used to drive these simulations,
our results suggest that an equitable distribution of basal area
between species may provide the best hedge against this
uncertainty.
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