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In order to investigate potential climate impacts on landscape-scale ecosystem 

processes, I implemented a dynamic general vegetation model (DGVM) over a large 

domain in northern California and western Nevada on a rectangular grid of ca. 

800-meter spatial resolution. I used 100 years of observed, monthly climate and nine 

future climate projections in an attempt to explore the range of possible climate futures 

in the region.  I selected three general circulation models (MIROC3.2(medres), 

UKMO-HadCM3 and CSIRO-Mk3.0), incorporating a range of 2xCO2 temperature 

sensitivity. Each GCM was run through three carbon dioxide emissions scenarios 

(SRES A2, A1B and B1).  For this analysis, I focused the study on the simulated 

ecological impacts under the three A2 scenarios.  Historical observations and future 

climate scenarios were interpolated to the 800-meter grid by the PRISM model.  MC1, 

a systems-based DGVM, compared favorably to observed data for simulations of 

vegetation distribution and annual streamflow.  MC1 slightly overestimated annual 

production in the Sierra Nevada and Klamath Mountains and underestimated it in the 

Coast Range and Eastern Cascades.  MC1 displayed a low bias for annual area burned 

and high bias for pyrogenic emissions. Validation of simulated model output was 

complicated because MC1 does not consider the effects of land management on 

ecosystems and the study region is heavily-impacted by development, logging, fire 

suppression, grazing and pre-European, indigenous land-use and burning.  



 
 

Under all future climate projections, an increase in growing season length and 

temperature led to the replacement of tundra and subalpine vegetation types with 

temperate conifer forest.  Increased winter minimum temperatures promoted the 

expansion of mixed needleleaf-broadleaf forest, particularly in the mid-elevations of 

the Sierra Nevada and in coastal forests.  In the MIROC3.2 and HadCM3 scenarios, 

ecosystem-level net primary productivity (NPP) did not increase with enhanced CO2 

fertilization because production remained limited by water, even though both NPP and 

water-use-efficiency were increased at the leaf level in proportion to CO2 

concentration.  Increases in NPP were projected in CSIRO-Mk3, but increased 

precipitation and warmer temperatures also increased rates of heterotrophic respiration 

for no net gain in net ecosystem productivity (NEP).  Fire extent and severity 

increased in all scenarios, mostly driven by significant decreases in mountainous 

snowpack and earlier snowmelt. Thus, a relatively constant NEP and increased fire 

emissions produced decreases in total ecosystem carbon across all future scenarios. 

Projected annual streamflow varied between future climate scenarios and was highly 

influenced by projected precipitation.  In all future simulations, high-elevation 

mountainous landscapes were highly sensitive to projected changes in climate, largely 

attributable to an increased growing season and temperature, decreased snowpack and 

reduced fire return interval.  Coastal forests were also highly susceptible to changes in 

vegetation type and increases in fire.  Several sources contribute to uncertainty in 

MC1, including input datasets, model assumptions, uncertainties in ecosystem science, 

and questions of scale.  Therefore, these results should be considered preliminary, but 

useful in suggesting a range of plausible ecological futures as we continue to refine 

model capabilities. 
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1. Introduction  

 California features extremely high vegetation diversity, largely arising from a 

complex geography and its associated climate (Barbour et al. 2007). Several studies 

have investigated the impacts of climate change on vegetation and many models exist 

that investigate potential future impacts.  While observational studies are most 

dependable, they are generally implemented locally and at a small scale.  Most model 

simulations are either implemented very specifically with fine resolution or are carried 

out over a large geographic area but with coarse resolution.  This study implements a 

large-scale geographic simulation in northern California and western Nevada at a finer 

scale than has been attempted with a process-based biogeography model in this region. 

 The association between climate and vegetation has long been documented 

both globally and regionally (Schimper 1903, Woodward 1987, Swetnam 1993, Millar 

et al. 2004).  Over the past decade evidence has emerged that recent climate change in 

the region (Duffy et al. 2006) has begun to impact local ecosystem processes.  These 

impacts include shifts in vegetation distribution (Kelly and Goulden 2008), increases 

in tree mortality (vanMantgem et al. 2009), increases in fire activity (Westerling et al. 

2006, Miller et al. 2009), and declining snowpacks and earlier snowmelts (Miller et al. 

2003, Mote et al. 2005, Knowles et al. 2006, Stewart et al. 2010).  These findings are 

repeated and magnified in model studies using potential future climate scenarios and 

simulated results (Field et al. 1999, Hayhoe et al. 2004, Kueppers et al. 2005). When 

utilizing simulated data, it can be beneficial to investigate redundancy between 

different models and their output.  Any single model (climate or vegetation) carries a 

range of uncertainty that will compromise the credibility of output.  However, we can 

compare results of different models of a common type, each incorporating different 

assumptions and different input datasets, and investigate where similarities emerge.  

These similarities may indicate consistent trends and serve to temper uncertainties. 

Therefore many questions that I ask in this study are prompted by recent simulated 

results in the region.  Will tree mortality continue to rise (Battles et al. 2008) and what 

will be the subsequent effect on carbon balance?  Does regional production increase 
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with increasing carbon dioxide concentration and an altered climate (Lenihan et al. 

2003)? Will fires burn more intensely (Fried et al. 2008) and do the drivers of future 

fire regime differ between moisture- and fuel-limited systems (Westerling and Bryant 

2008) or between wet and dry ecosystems?  Will snowpack continue to decrease 

(Stewart et al. 2004) and how will earlier spring snowmelt affect fire season length?  

From a management perspective, are certain landscapes particularly sensitive to 

climate change?  How will fire regime change in a region that is shaped by fire? 

 In 2008 the United States Forest Service mandated the Strategic Framework 

for Responding to Climate Change (USFS 2008), requiring evaluation of climate 

impacts in general management plans and National Environmental Policy Act (NEPA) 

documents.  One facet of this mandate is the collection of data that will inform future 

management decisions.  Model studies may become increasingly important as a tool in 

these discussions.  With an appropriate awareness of model shortcomings, simulated 

future scenarios allow preliminary investigation into potential climate impacts in 

landscapes where observed data is not available and can be utilized in gaming the 

outcomes of potential management decisions (Millar et al. 2007, West et al. 2009).  

The simulations generated in this study have already been utilized in reports for the 

Tahoe and Inyo National Forests. 

 In order to address these questions, I implemented MC1, a dynamic general 

vegetation model (DGVM), using an 800-meter spatial gridcell resolution to 

investigate potential ecosystem responses to climate and carbon dioxide changes.  The 

study area encompasses 275,000 square kilometers and includes northern California 

and western Nevada.  In addition to a 112-year historical dataset (1895-2006) derived 

from observed records, I will investigate nine future climate scenarios (2007-2100).  

Analysis will focus on the three scenarios that are derived from the” A2” carbon 

dioxide emission scenario (Nakicenovic and Swart 2000).  MC1 has previously been 

implemented in this region at the 8-kilometer (Lenihan et al. 2003) and 50-kilometer 

resolution (Bachelet et al. 2003, Lenihan et al. 2008b).  A higher resolution simulation 

is desirable because the complex geography of the region creates various micro-
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terrains that are not visible at the coarse scale.  At this resolution the effects of slope, 

aspect and medium-scale drainages on climate-induced ecosystem changes can be 

better observed and may help to quantify more accurate levels of risk and uncertainty 

than the more coarse simulations.  However, I do recognize that 800-meter resolution 

is still very coarse relative to the scales of organismal interactions.  I will investigate 

changes in vegetation distribution, carbon balance, fire regime and hydrology that 

result from future potential climate changes and discuss sources of uncertainty in the 

model output. 
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2. Methods 

2.1 MC1 model description 

MC1 is a dynamic global vegetation model (DGVM) that uses three interacting 

modules to simulate ecosystem processes in response to changing climatic conditions.  

The model predicts landscape-scale changes in vegetation distribution, carbon stocks, 

fire regime and hydrology.  A biogeography module runs on an annual time-step and 

uses climate and biomass data to output vegetation type.  A biogeochemical module 

runs on a monthly time-step; it inputs climate and soils data and outputs carbon, 

nitrogen and water balances.  The fire module runs on an annual time-step and uses 

climate data to output fire behavior and fire effects.  MC1 has been described at length 

elsewhere (Bachelet et al. 2000, Daly et al. 2000, Bachelet et al. 2001a) so only brief 

descriptions will be given here.   

The biogeography module incorporates the foundation of the MAPSS model 

(Neilson 1995).  Physiologically-appropriate tree and grass plant functional types 

(PFT) are assigned to a cell given climate gradients.  These PFTs compete for light, 

water and nutrients within the biogeochemical model and each produces a seasonally-

varying live biomass.  One of twenty-seven potential global vegetation types is 

assigned based on the combination of plant functional type, climate zone, and seasonal 

tree and grass biomass. Growing degree days and minimum winter temperature 

determine climate zone.  Tree type (evergreen needleleaf, evergreen broadleaf and 

deciduous broadleaf) is determined by growing season precipitation and the minimum 

average monthly temperature (coldest month).  Shrubs are considered small-statured 

trees.  The classification of graminoid vegetation into C3 and C4 grasses is determined 

by potential production given July soil temperature. 

The biogeochemical module uses a modified CENTURY model (Parton et al. 

1987) and simulates biomass in response to nitrogen, water and climate limitations.  

Nitrogen and water fluxes are also simulated.  Grasses and woody plants compete for 

water and nutrients in ten soil layers. Grass production is limited when woody plants 

create a shading effect.  Transpiration is an empirical function of soil water 
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availability, root distribution and live leaf biomass.  The effect of augmented carbon 

dioxide on plant production is implemented using a beta factor, gradually ramping to a 

60% increase in leaf-level productivity at 550 parts per million (ppm) of carbon 

dioxide.  This beta factor value corresponds to a 23% increase in total forest 

production (Norby et al. 2005). The rate at which the beta factor is applied is 

dependent upon the carbon dioxide emission scenario and how quickly atmospheric 

CO2 concentration increases.  Minimum and maximum carbon to nitrogen ratios (C:N) 

for each plant tissue type are set within CENTURY.  Despite increased production, 

carbon will not be assimilated if C:N values exceed the determined ranges. Several 

hundred parameters in the biogeochemical module are reset on an annual time-step for 

each biogeography-assigned vegetation type.  All carbon, nutrient and water balances 

are carried over from year to year.  The effect of incident radiation limitation on 

biomass production is not considered in MC1, instead being inferred from temperature 

levels.   

The fire model simulates large fire events as a function of climate and fuel 

characteristics (Lenihan et al. 2008a).  A fire occurs when thresholds for fine and 

coarse fuel moisture are exceeded.  The model assumes an ignition source is always 

available.  Burn area is determined by fire return interval and years since last fire, 

which is parameterized by vegetation type and is modulated up and down as a function 

of fire intensity. Fire behavior, including rate of spread and fireline intensity, is a 

function of fuel moisture and loading in different fuel classes (Rothermel 1972, Cohen 

and Deeming 1985, Vanwagner 1993).  Fuel moisture is calculated using live plant 

water status, soil moisture and daily climate inputs.  The daily climate is linearly 

interpolated from the monthly averages input into MC1.  Changes in various carbon 

pools that result from fire-related plant mortality and consumption are also 

incorporated into the biogeochemical module.  Some of the model results are 

simulated using a fire-suppression rule.  This rule attempts to mimic the effect of 

modern fire-suppression by reducing the amount of actual burning on the landscape.  

In the model, the fire-suppression rule uses a scalar reduction, limiting area burned to 
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1/8
th

 of the unconstrained value within each cell for each time-step to better match 

observations of the reduction in fire effects after 1950 (Lenihan et al. 2008b). 

The MC1 model as described in previous papers was only slightly modified for 

this study.  The sensitivity of grasses and trees to current rainfall was manipulated in 

an attempt to properly mimic the unique PFT dynamics in the northern California 

region.  During model calibration for this region, grasses persistently outcompeted 

trees in the lower elevation foothills of mountainous regions, despite a model rule that 

gives trees access to deep water reservoirs.  An adjustment was made that allows trees 

to better compete for water resources (i.e., rainfall) in these areas. Specifically, grasses 

are not given full access to current precipitation, essentially allowing some soil water 

to bypass grass roots and become available to the deeper tree roots.  To justify this 

change, a far-reaching assumption needed to be made that soil-layer saturation was 

accomplished rapidly during storms and a portion of rainfall moved so quickly 

through the upper soil layers that it did not interact with shallow grass roots.   This 

enhanced „macro-pore‟ infiltration of water may be supported, given the large 

prevalence of burrowing rodents in California and a subsequent impact on soil 

formation (Grinnell 1923). 

The structure of the biogeography model was also slightly modified.  A fixed 

ratio of grass to tree biomass (0.75) was used to assign the grassland vegetation type in 

addition to the grass biomass threshold.  This change permitted the best representation 

of grassland/shrubland ecotones in the Great Basin and grassland/woodland ecotones 

in the Sierran foothills. Otherwise, only parameter values, rather than model logic, 

were adjusted to get the proper calibration for this region. 

 

2.2 Study area 

 The study area encompasses most of northern California with a portion of 

northwestern Nevada (Figure 2.1).  The 6.0°-latitude by 6.2°-longitude area covers 

approximately 275,000 square kilometers.  The southern boundary of the region lies at 

36.10° North, just including the southern edge of the Sierra Nevada range.  The 
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northern boundary just crosses the California-Oregon border at 42.09° North.  The 

western boundary is the California coast and the eastern boundary reaches into the 

western Great Basin of Nevada, at 118.2° West.  This particular geographic region was 

chosen because it represents the complex west-east terrain typical of the western 

United States and was the largest that could be simulated, given the high spatial 

resolution and our computer constraints.  The terrain incorporates rugged mountainous 

regions, high desert, and low-elevation river deltas.  Ten of Omernik‟s (1987) level III 

ecoregions, based on land use, landform, potential vegetation and soils, are 

represented. Portions of the analysis focus on ecosystem changes within these 

ecoregions. 

 

2.3 Spatial scale 

 MC1 has been implemented using various spatial grains since the introduction 

of the model in 2000 (Bachelet et al. 2000, Daly et al. 2000, Bachelet et al. 2001b, 

Bachelet et al. 2003, Lenihan et al. 2003, Bachelet et al. 2004, Hayhoe et al. 2004, 

Bachelet et al. 2005, Lenihan et al. 2008a, b). This project followed two previous 

model studies in the California and Nevada region that used coarser spatial resolution.  

The first study, implemented on a global scale, was run at 0.5-degree spatial grain, 

with gridcells approximately 50-kilometers per side.  The second study used 5-minute, 

or 8-kilometer, spatial grain.  This study used 30-arcsecond spatial grain, which 

approximates an 800-meter grid. This scale was chosen because it allows easy 

comparison across scales.   

At 800-meters, it is possible to investigate the complex terrain inherent to 

mountain ecosystems.  This scale allowed investigation into climate effects on larger 

river drainages, medium-scale aspect, and elevational gradient. 

 

2.4 Model inputs 

 The model requires climate and soil inputs.  The monthly climate inputs were 

minimum, maximum and mean temperature; precipitation; and vapor pressure.  For 
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this study, I used the model to replicate historical conditions using interpolated climate 

observations from 1895 to 2006.  This spatially-gridded data was generated using the 

PRISM model (Daly et al. 2002).  PRISM inputs discrete weather station data and 

interpolates them across a complex landscape.  I then projected the model forward 

using nine 21
st
-century climate projections.  These projections paired three general 

circulation models (GCMs) with three carbon dioxide emission scenarios. 

 The general circulation models were chosen to represent a suite of potential 

future climate changes.  In California, nearly all GCMs depict a temperature shift in 

the next 100 years that falls within a 2 to 6° Celsius increase (Dettinger 2005).  The 

nine scenarios effectively cover this range.  The mildest scenario forecasts a 2° shift 

while the most severe forecasts a 5.5° shift.   Projections were obtained from the 

World Climate Research Programme‟s (WCRP) Coupled Model Intercomparison 

Project phase 3 (CMIP3) multi-model dataset (Meehl et al. 2007).  The selected GCMs 

are UKMO-HadCM3 (Gordon et al. 2000), a British model;  MIROC3.2(medres) 

(Hasumi and Emori 2004), a Japanese model; and CSIRO-Mk3.0 (Gordon et al. 2002), 

an Australian model. 

 HadCM3 was rated highly by the CMIP3 when comparing model output 

against observed data globally (Covey et al. 2003).  A more regional comparison was 

performed in the Pacific Northwest using 20 GCMs (Mote et al. 2008) and results 

were mixed for the three chosen GCMs.  MIROC3.2 displayed the least annual 

temperature bias, while HadCM3 scored the least precipitation bias and best 

representation of seasonal precipitation patterns.  CSIRO-Mk3.0 ranked near the 

bottom for both temperature and precipitation biases but best represented the observed 

temperature increase in the late 20
th

 century.  Dettinger (2005) reported that GCMs 

predicting significant increases in precipitation in California are outliers among future 

climate scenarios, so CSIRO-Mk3.0 (a wet projection) may not be the most reliable of 

the three chosen models.    

 Three carbon dioxide emission scenarios were chosen for their range of 

potential outcomes.  These scenarios attempt to project global carbon dioxide 
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emissions based on potential future socioeconomic conditions.  The scenarios are 

described at length in the Intergovernmental Panel on Climate Change Special Report 

on Emission Scenarios, SRES (Nakicenovic and Swart 2000).  The most “severe” 

scenario, A2, is the “business-as-usual” trend and incorporates a regional approach to 

sustainability.  By the end of the century, atmospheric carbon dioxide concentration is 

approximately 850 ppm and has yet to stabilize.  The moderate A1B incorporates 

global rapid economic growth, slowing population growth and increased cooperation 

between regions.  Atmospheric concentration stabilizes at 750 ppm in 2100. The 

optimistic B1 is the product of low population growth and a global approach to 

sustainability.  Atmospheric concentration stabilizes at 550 ppm in 2100. These 

scenarios were created in 1996.  In the ensuing thirteen years, actual carbon dioxide 

emissions have most closely tracked the A2, business-as-usual trajectory (Rahmstorf et 

al. 2008).  Therefore, to simplify the presentation of MC1 results the analysis focused 

only on the A2 scenarios (MIR-A2, HAD-A2, CSI-A2).  An investigation into the 

uncertainty of potential ecosystem effects was still allowed since projected climate 

varied more between GCMs than between emission scenarios within any given GCM 

(Figures 2.2-2.4), particularly regarding the spatial distribution of the projected 

change. 

 The low-resolution GCM datasets were downscaled to the 800-meter grid 

using the change-factor technique (Kittel et al 1995).  For each of the nine scenarios a 

mean 12-month climatology was created for the GCM-simulated period 1971-2000. A 

set of anomalies was then created by comparing this low-resolution climatology to the 

time-series of low-resolution future data (2007-2100). Difference anomalies for each 

month of each year were used for temperature data while ratio anomalies were used 

for precipitation and vapor pressure. These future anomalies were downscaled to the 

800-meter grid using a bi-linear interpolation method.  Finally the anomalies were 

applied to a 30-year observed climatology (derived from PRISM) for the same 

historical period at the fine-scale resolution. By incorporating high resolution PRISM   



                        11 
 

 

interpolations with GCM anomalies, this method attempts to correct for some of the 

spatial and seasonal biases that each model has.    

  Several soil characteristics are utilized by MC1, including depth of mineral 

soil; percentage of sand, clay and rock at three depth layers (0-50cm, 50-150cm, >150 

cm); and soil bulk density. The 800-meter grid was downscaled from the State Soil 

Geographic (STATSGO) database (Kern 1995, NRCS 1995).  Investigation into this 

dataset revealed anomalous soil values over portions of the study area (Conklin 2010).  

In particular, the dataset revealed mineral soil depths deeper than would be expected in 

high-elevation mountainous regions.  These errors contributed to greater simulated 

woody plant growth in these high-elevation areas. 

 

2.5 Uncertainties 

 Quality of input datasets, model assumptions, uncertainties in ecosystem 

science and questions of scale all contributed to uncertainty in the model projections.   

 As mentioned above, there are suspected errors with the downscaled soils data 

used in the study.  At the 800-meter resolution, mountaintops should stand out as areas 

with little to no soil depth.  However, in the soil dataset these areas showed up to a 

meter of soil.  This allowed the establishment of large woody plants where they should 

not be able to survive.  This issue does not surface in the historical simulations 

because these areas are assigned to alpine/subalpine types with no tree growth based 

on cold temperatures.  However, with a warming climate in the future scenarios, there 

is movement of forest into these areas. The mountaintop soil errors could be quantified 

because we know what the actual value should be.  It is unknown what the extent of 

the depth error is at lower elevations. 

 I chose nine future climate scenarios from a large pool of climate model 

simulations.  Collectively, the scenario selection was designed to sample the range of 

uncertainties among different GCMs and among future carbon dioxide emissions 

scenarios, but it is clearly not an exhaustive sample of that range. Uncertainty among 

GCMs is due mostly to climate model structure and assumptions (New and Hulme 
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2000, Covey et al. 2003) and initialization of the inputs used by the models (Vidale et 

al. 2003, Palmer et al. 2005). Further, the carbon dioxide emission scenarios are 

estimates of future social behavior and political decisions which are extremely 

unreliable.  Because of these uncertainties, it is important to explore a range of DGVM 

outputs.  By using nine scenarios that span the range of uncertainty of future climate I 

can evaluate a spectrum of results. Although there is bound to be dissimilarity between 

results of the various forcings, I hypothesize that there will be landscapes that are 

especially sensitive or resistant to any degree of climate change, and I expect these 

differences will be informative of where future research can be directed. 

 The change-factor technique that is utilized in the downscaling of the GCM 

datasets has been widely used in climate literature.  It is less computationally-intensive 

than other methods, which was essential for the high spatial resolution I was 

implementing.  However, two major assumptions inherent in this technique add 

uncertainty to the resultant climate datasets. To create the set of climate anomalies, 

simulated climate (historical and future) is compared to an observed historical 

climatology.  Therefore, we must assume that 1) the relationship between the coarse-

resolution GCM processes and high-resolution local variables is stationary over time, 

and 2) the difference between simulated climate and actual climate is stationary over 

time (Tabor and Williams 2010).  If these assumptions are inaccurate, then additional 

model biases may factor into the downscaled future climate scenarios. 

 Prior to this project, MC1 had been used at coarser spatial resolutions. With the 

use of finer resolution, some model assumptions become less defensible. In particular, 

the assumption that a fire ignition is always available when fuel and climate conditions 

are suitable for a fire to burn is questionable. At the coarse resolution, with gridcells 

from 6,400 to 250,000 square kilometers, this assumption is reasonable particularly 

since the fire model was designed to only simulate large-scale, stand-replacing fires 

that most heavily impact ecosystems.  However, as model resolution becomes finer 

(down to 640 hectares), smaller fires become increasingly important. A recent study in 

Oregon demonstrated that although high-severity fire accounts for the largest 
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contribution to total pyrogenic emissions and mortality, moderate-severity fire can 

have important impacts on carbon balance (Meigs et al. 2011).  At the 800-meter scale, 

small fires (< 50 hectares in total extent) could affect ecosystem dynamics within a 

gridcell.  More importantly, natural ignition would not be as frequent at the fine scale. 

The model likely overestimates natural ignition sources thus decreasing the realized 

length of fire return interval. 

 MC1 does not include the effect of incident radiation limitation on plant 

productivity.  In other words, the model does not accurately recognize seasonal 

fluctuation in incident radiation and the consequences for seasonality of NPP.  At the 

latitudes of the study area this could have a significant effect on simulated NPP, 

especially under future conditions when warmer temperatures may allow increased 

production in late winter and early spring.  If temperature limitations are removed 

during the wetter season, there could be an unrealistic build-up of leaf area that would 

be difficult to sustain given summer water balance in the region.  A premature drying 

of soil and biomass may follow, allowing greater opportunity for fire. 

 Reproduction is not simulated in MC1.  This will have an effect on the 

resilience of certain plant functional types and the potential movement of vegetation 

types, and becomes increasingly important at higher spatial resolution. Particularly in 

the fire-driven ecosystems of the study region, the ability of certain broadleaf 

vegetation to reproduce asexually affects how the ecosystem may recover after a 

disturbance. MC1 does not incorporate seedling dispersal, survivorship and 

recruitment, which are important variables when ecotones are shifting in the 

redistribution of vegetation types. 

 Nitrogen limitation is a difficult concept to configure in a model because data 

are generally lacking for any reliable calibration, given that knowledge of nitrogen 

fixation rates is limited.  In CENTURY, there are several sources of available nitrogen. 

These are wet and dry deposition, symbiotic and non-symbiotic fixation, and 

mineralization through decomposition. The empirical data that informs the algorithms 

describing these processes come from a variety of sources that may or may not be 
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appropriate locally. In this study, the model was not calibrated for local nitrogen 

inputs.  Nitrogen deposition is a function of annual precipitation; nitrogen fixation is a 

function of evapotranspiration, plant composition and other constraints.  MC1 likely 

underestimates available nitrogen, which may affect simulated values of NPP. 

 MC1 incorporates an increase in plant productivity and water-use efficiency as 

a result of CO2 fertilization.  Landscape-scale effects of CO2 fertilization are not 

entirely understood and research is ongoing.  MC1 uses a beta value of 0.6 for leaf-

level productivity at an atmospheric CO2 concentration of 550 ppm.  This value 

corresponds to the 23% increase in forest-wide production observed in the Free-Air 

CO2  Enrichment (FACE) experiments (Norby et al. 2005).  The plant response driving 

this enhancement is dependent upon leaf area index (LAI), so is not as simple as the 

linear relationship that is utilized in MC1.  Additionally, recent research has shown 

that enhanced ecosystem-level production is sensitive to nitrogen limitation (Norby et 

al. 2010) and water stress (Warren et al. 2011), and may be unsustainable. 

 Finally, it becomes difficult to optimize a model for a large region at 

increasingly fine scale, even though the intrinsic scale of the model ranges from leaf-

level processes to plot-scale competition between woody and grass plants.  Although 

the data inputs become more spatially-refined, the presumed accuracy of high-

resolution model inputs becomes more dubious.  It is increasingly difficult to 

parameterize models to obtain the best results everywhere at high resolution. There is 

often a tendency to focus in on a smaller subset of the greater region. This becomes 

problematic because the calibration needs to adequately represent the entire region. 

Despite best efforts, compromises were made to find the best overall fit. The model‟s 

inability to „fit‟ specific locales is informative with respect to weaknesses either in the 

input data (climate or soils) or to the model structure, which represents a complex web 

of hypotheses of ecosystem structure and function. 

 Despite these uncertainties, it should be noted that MC1 is one of the few 

ecosystem models that has the capacity to dynamically simulate ecosystem   
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distribution and processes responding to climate-driven vegetation shifts and fire 

disturbance and can be used at all scales from global to landscape.  
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Figure 2.1. Study area at 800-meter resolution. 
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Figure 2.2. Change in annual minimum monthly temperature for nine future climate 

projections.  Comparison is made between thirty-year averages. Note that the color 

scale is not centered at zero, so light blue represents a temperature increase. 
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Figure 2.3. Change in annual maximum monthly temperature for nine future climate 

projections.  Comparison is made between thirty-year averages. Note that the color 

scale is not centered at zero, so light blue represents a temperature increase. 
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Figure 2.4. Relative change in annual precipitation for nine future climate projections. 

The values in the color scale range from -0.4 to 0.4 (-40% to +40%). This does not 

include the entire range of values but allows for the best visual representation.  The 

CSIRO-Mk3.0 scenarios in particular include values that range up to 0.8 (+80%).  
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3. Results and Discussion 

3.1 Climate 

Historical climate 

 The general climate of the study area is Mediterranean with hot, dry summers 

and cool, wet winters.  During the PRISM-downscaled historical period from 1895 to 

2006, summer high temperatures ranged from 9 to 41 degrees Celsius; winter low 

temperatures ranged from -16 to 7 degrees Celsius.  Precipitation varied greatly across 

the study area.  Highest average precipitation exceeded 400 centimeters in the 

northwest corner of the study area.  Lowest average precipitation was 10 centimeters 

in the central Great Basin of Nevada.  In the mountainous regions, a large percentage 

of annual precipitation falls as snow, with monthly snowpack in the Sierra Nevada 

averaging 473 mm H20 across all elevations.   Evidence of the El Nino – Southern 

Oscillation (ENSO) was present in the PRISM data for the region (Figure 3.1), with 

strong ENSO years in 1940, 1983, 1995 and 1998 (WRCC 2006). The Pacific Decadal 

Oscillation (PDO) did not emerge in regional precipitation trends during the PRISM-

downscaled historical period.  However, a PDO trend was evident in other PRISM-

derived climate datasets in Oregon, just north of the study area (Thomas et al. 2009). 

This discrepancy is not unreasonable because the polar front boundary separates the El 

Nino-La Nina ENSO effects, which originate in the Intertropical Convergence Zone, 

from the PDO, which originates in the northern Pacific.  The polar front boundary 

generally lies along the Oregon-California border at the north end of the study area, so 

California and Oregon often experience dissimilar precipitation variability patterns 

(Mitchell 1976). PDO tends to be more dominant to the north of the polar front, while 

ENSO is more dominant to the south (Neilson 1987). 

 

Future climate scenarios 

 The three future climate scenarios predict a warming trend for the study area in 

the 21
st
 century. However, the seasonality and distribution of the temperature increases 

varied between climate models (Figure 3.2).  HAD-A2 and MIR-A2 projected a 
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similar extent of warming in mean monthly temperature, averaging 5.5 degrees 

Celsius across the study area.  CSI-A2 predicted a more mild warming, averaging just 

over 3 degrees Celsius by 2100.  The increase in temperature in the MIR-A2 scenario 

was widespread in both minimum and maximum monthly temperature values. The 

warming in the HAD-A2 scenario was primarily an increase in maximum monthly 

temperature. The change in the CSI-A2 scenario was spatially localized and was most 

evident in minimum monthly temperature values. The manner of change had an 

impact in the model because the physiologically-based biogeography rules are 

strongly influenced by the minimum temperature limitations on specific vegetation 

types.  The higher maximum temperatures in HAD-A2 had more of an effect on fire 

dynamics in future simulations.  Both MIR-A2 and CSI-A2 projected a balanced 

warming throughout the year while HAD-A2 concentrated the greatest warming 

during the summer months (Figure 3.3). 

 Both HAD-A2 and MIR-A2 projected a decrease in precipitation by 2100. 

CSI-A2 simulated a wetter future.  None of the scenarios showed noticeable increases 

in summer precipitation so an increase in severity of monsoonal moisture does not 

seem to impact the region. However, there were some changes in the seasonal 

distribution of the annual precipitation (Figure 3.3).  The MIR-A2 scenario predicted a 

steep decline in winter precipitation, slightly below average precipitation in the spring 

and summer, then above-normal precipitation in the fall.  HAD-A2 predicted mostly 

uniform decreases throughout the year.  The large increases in CSI-A2 were mostly 

observed in the late fall and winter months.   The changes in precipitation in all 

scenarios were not distributed evenly across the study region.  In the MIR-A2 

scenario, the greatest precipitation change was observed in the southern part of the 

study area and was moderated as latitude increases.  In HAD-A2 the greatest 

precipitation decreases were observed in the northwest portion of the study region, in 

an area where historical rainfall is the highest. CSI-A2 projected an increase in 

precipitation over the entire region. In all scenarios, as in the historical dataset, there   
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was much interannual variation and lines must be smoothed to observe the general 

trends.  

An important climate output variable for this region is maximum monthly 

snowpack.  Because the summers are generally quite dry, these ecosystems are 

dependent on melting snow throughout spring and summer months.  Melting 

snowpack also regulates the onset of the fire season.  In all scenarios, there was a 

decrease in maximum monthly snowpack.  It was most severe in the MIR-A2 scenario, 

with decreases in the Sierra Nevada exceeding 80% (Figure 3.5).  In HAD-A2, 

snowpack decreased by 72% and in CSI-A2, by 44%.  Despite the increase in winter 

precipitation in the CSI-A2 scenario, increased winter temperatures resulted in a 

greater proportion of precipitation falling as rain rather than snow.  MC1 also projects 

the first snow-free month for mountainous regions.  At the higher elevations of the 

Sierra Nevada, an average range for this date in the historical simulation was June to 

October.  Under the MIR-A2 scenario, that date advanced several months, with an 

average range from March to June. 

  

3.2 Vegetation type 

Response to historical climate 

 I compared a map of vegetation type simulated by MC1 for the historical 

period with the Fire and Resource Assessment Program (FRAP) dataset provided by 

the California Department of Forestry (CDF 2002). The FRAP vegetation map was 

compiled in 2002 using the most reliable vegetation data available across the state at a 

100-meter spatial resolution.  The FRAP map utilized the California Wildlife Habitat 

Relationships (CWHR) vegetation classification scheme with 52 vegetation types.  For 

this comparison I aggregated the CWHR classes to allow a relevant comparison with 

the MC1 output (see Appendix A for this aggregation scheme).  While MC1 only 

simulates vegetation types, I have included regional examples of species assemblages 

for each type in Table 3.1, as adapted from Lenihan et al (2003).  The MC1 data is a 

30-year modal output (the most frequently-simulated vegetation type during the 
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designated period), using the simulated years 1971 to 2000.  The model generally 

compared well to the FRAP data.  The study area includes a complex landscape of 

forest, woodland, shrubland and grassland, and MC1 was able to reproduce a mosaic 

that mimics these general patterns (Figure 3.6). 

 However, there were problem areas where MC1 was unable to replicate the 

FRAP dataset.  The most notable mismatches occurred on the Modoc Plateau in the 

northeastern corner of California and on the mid-elevation western slope of the Sierra 

Nevada Mountains. The Modoc Plateau is a combination of high desert and volcanic-

derived ecosystems (Reigel et al. 2006).  The FRAP map indicates ecotones between 

shrubland and forest types that MC1 was unable to mimic.  Instead MC1 

overestimated the percent cover of woodland, replacing those sharp ecotones with a 

more gradual transition through vegetation types.   Thus, MC1 overestimated tree 

carbon in certain cells and underestimated tree carbon in adjacent cells. MC1 likely 

overestimated the frequency of fire in this area, although it is difficult to validate this 

for two reasons.  First, widespread spatial fire records for the Modoc plateau spanning 

the historical period are incomplete.  Secondly, the extent of the effect of fire 

suppression is unknown, making it difficult to validate a potential vegetation model 

like MC1.  In this simulation, the fire regime of the Modoc Plateau is high-

frequency/low-severity, with small fires occurring on a 3-5 year fire return interval. 

The absence of high-severity fire in the model initialization likely prevents the 

establishment of widespread shrubland cover as represented in the FRAP map. The 

constant cycle of biomass consumption keeps carbon levels below the forest type 

threshold.  Both of these situations favor the woodland vegetation type.  Another 

possible explanation for the difficult calibration in this area is a unique combination of 

soil type and land-use, resulting in thin, poorly productive soils (Shaw et al. 1995) 

compared to those used in the MC1 simulations.  The region appears to maintain an 

unstable equilibrium that is sensitive to site history and has a long record of moving 

between shrubland and woodland (Miller and Rose 1995).  
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 MC1 did not accurately simulate the presence of a mixed evergreen-broadleaf 

forest on the western slope of the Sierra Nevada mountains.  In the biogeography 

module, the mixed forest vegetation type is largely driven by minimum monthly 

temperature.   In the western Sierra Nevada, this vegetation type is predominantly 

found in medium- to large-scale river drainages, usually within a microclimate of 

insulated warmer temperatures. At the 800-meter scale, these river drainages are 

distinguishable.  However, the downscaled climate data may not effectively represent 

the extent of the temperature insulation in the microclimates and conditions for the 

mixed forest type were not achieved.  The vegetation type did appear in the 

simulations for the three future scenarios when warmer minimum temperatures are 

more widespread.    

 

Response to future climate scenarios 

 A few important trends were seen in all of the future simulations though the 

magnitude of the change varied between GCMs (Figures 3.7 and 3.8).  These trends 

agree with an earlier MC1 study in California at 8-kilometer spatial grain (Lenihan et 

al. 2003) and are largely attributed to the increase in temperature and subsequent 

increase in fire activity.   

 A striking feature of the three future simulations was the near-elimination of 

tundra and subalpine forest in the study area. The decrease in area occupied by tundra 

was a result of an increase in growing season length which would allow woody 

vegetation to establish in present-day alpine areas.   However, some high-elevation 

areas that are visible at this high resolution should not have the soil depth to support 

woody vegetation.  With these errors in the input soil map, woody growth was 

permitted on rocky outcrops or thin-soiled expanses.   Although this intrusion by 

woody species as projected by MC1 is unrealistic in these areas, it still indicates the 

potential for increasing temperatures to effect change in species composition of non-

woody vegetation.  In these systems, certain herbaceous species, often rare species, are 

established because they are adapted to the short growing season.  The lengthened 
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growing season allows intrusion by other native and non-native species.  This upward 

migration of species has already been documented in California (Kelly and Goulden 

2008).  The projected increase in growing season length was also responsible for the 

expansion of the temperate conifer forest vegetation type into the subalpine forest.  

The decrease in tundra and subalpine cover was focused in the high elevations of the 

Sierra Nevada and also surrounding Mount Shasta.  A regional example is the 

replacement of lodgepole pine (Pinus contorta) and whitebark pine (P. albicaulis) with 

red fir (Abies magnifica), white fir (A. concolor) and ponderosa pine (P. ponderosa). 

 Another dramatic change represented in all GCMs is the expansion of the 

mixed needleleaf-broadleaf forest.  This is most evident on the western slope of the 

Sierra Nevada and in the northwest portion of the study area.  An increase in winter 

minimum temperature lifted a physiological limitation that prohibits the widespread 

growth of broadleaf trees so they can better compete with evergreen needleleaf 

species.  However, the magnitude of change was exaggerated because this vegetation 

type was underrepresented in the historical simulation. In the Sierra Nevada, the 

ponderosa pine-black oak (Quercus kelloggii) forest would replace the Sierran mixed 

conifer forest of predominantly ponderosa pine, white fir, incense-cedar (Calocedrus 

decurrens), and Douglas-fir (Pseudotsuga menziesii).  Along the coast, the tanoak 

(Lithocarpus densiflorus)-Douglas-fir forest community would replace the redwood 

(Sequoia sempervirens)-Douglas-fir and coastal closed-cone forests. 

 An increase in fire led to increases in both grassland and woodland vegetation 

types.  The main area of grassland expansion was in the Great Basin east of the Sierra 

Nevada.  MC1 does not distinguish between annual and perennial grasslands, but we 

would expect that this shift in vegetation type would mean a marked increase in cover 

by cheat grass and other exotic annual grasses (D'Antonio and Vitousek 1992).  The 

largest increase in woodland cover was under the MIR-A2 scenario.  An increase in 

fire activity decreased live tree carbon in forested areas in the Klamath region and 

Sierra Nevada.  These areas were designated woodland by MC1 due to carbon levels, 

but it is more likely that the vegetation type would better resemble an open forest of 
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conifer species as can be observed in the decades following a high-intensity fire.  The 

open canopy would likely allow an undergrowth of shrubs and high frequency of 

surface fire would restrict natural regeneration of conifer species. 

 A decrease in maritime forest along the northern coast was observed in all 

future simulations but is most pronounced under the HAD-A2 scenario.  The coastal, 

temperate rain forest was replaced by a mixed forest with a larger broadleaf 

component.  In this case, an increase in temperature magnified the disparity between 

temperature extremes, eliminating the insulated mild climate characteristic of a coastal 

forest. In effect, the temperature increases transformed the maritime forests into 

something that better resembles inland forests.  A subsequent increase in fire activity 

in a region where fire is historically rare further favored a change in vegetation type. 

 There was virtually no desert vegetation type represented in the historical 

simulation.  In the MIR-A2 and HAD-A2 scenarios, small areas were converted to 

desert in the eastern Great Basin.  These areas were designated as desert by the 

biogeography module because biomass levels were diminished beneath a specified 

threshold. These are areas heavily impacted by fire that were not able to regenerate 

because of water limitations.  It is noteworthy that these areas sustained such low 

levels of productivity at this scale (800m
2
) for the 30-year analysis period.  

 MC1 does not simulate the mechanism behind vegetation type conversion.  A 

vegetation type is determined by the biogeography module based on climate 

conditions and carbon levels and does not consider the resiliency of established 

vegetation. Most established vegetation, particularly natural forest types, are highly-

resistant to change and can manage extreme climate conditions for extended periods of 

time (Millar et al. 2004, Thompson et al. 2009).  Change is usually non-linear and a 

severe disturbance (e.g., stand-replacing fire) is often necessary to facilitate a type-

conversion.  This may be particularly true when an ecosystem is experiencing 

increased drought stress and must reduce total leaf area (Neilson 1993). Even though 

there is high instance of fire disturbance in the model, this is not directly included in 

the determination of vegetation type.   MC1 projects the ideal vegetation type under 
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given conditions; in reality, the changes MC1 projects would likely occur over a 

lengthier time frame. 

 Another consideration when evaluating MC1-simulated future vegetation 

distribution is the model's inability to represent vegetation refugia.  This concept may 

be especially important when considering loss of alpine ecosystems.  The 800-meter 

scale is too coarse to include areas of microterrain and microclimate that would 

continue to support alpine vegetation as the surrounding climate becomes inhospitable.  

In reality, areas of refugia are important for species conservation and seed dispersal 

and should be included in discussions of climate change impact.    

 Despite the differences in climate projections between GCMs, the projected 

changes in vegetation types are very similar.  In addition, the drivers behind these 

changes are the same.  Increases in minimum monthly temperature and in the 

frequency and severity of fire are responsible for much of the change.  Agreement in 

MC1 output between the disparate future climate scenarios might suggest that the 

current configuration of ecotones between vegetation types in the region is unstable 

and only requires a small perturbation to effect change, although tipping points in 

nonlinear systems are difficult to validate.  The major discrepancy in projected 

vegetation between future scenarios occurs in the maritime forest.  Under the HAD-A2 

scenario, the reduction in this vegetation type was more than twice that of MIR-A2 

and CSI-A2.  Since we cannot know how reliable the change in minimum temperature 

along the northern coast as projected by HAD-A2 is, and HAD-A2 projections are 

rated highly overall (Covey et al. 2003) but not particularly well for temperature 

accuracy in this region (Mote et al. 2008), I cannot confidently gauge which 

vegetation change is most probable.  As discussed in Section 2.4, predictive strengths 

in the individual GCMs may render some of the conclusions more reliable than others.  

MIR-A2 was highly-rated for temperature output (Mote et al. 2008), so shifts in 

vegetation distribution as a result of temperature changes in this scenario (decrease in 

tundra, subalpine and maritime forests; increase in mixed forest) are perhaps more 

reliable.  HAD-A2 was highly-rated for extent and seasonality of precipitation (Mote 
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et al. 2008), a variable that is very important in the calculation of fire and drives many 

vegetation changes (increase in woodland and grassland; decrease in shrubland).  

However, maximum monthly temperature values also factor highly into this 

calculation and HAD-A2 only received an average score when ranked by this variable.  

Of course, none of the climate variables acts independently in MC1, so singling out 

individual GCM strengths by variable is not very practical. Additionally, the GCM 

downscaling procedure is intended to correct for some parts of these model climate 

biases.   

 

3.3 Carbon 

Response to historical climate 

 The highest levels of ecosystem carbon in the study area are found in the 

forests of the mountainous regions (Figure 3.9).  Particularly, the highest values are in 

the coastal forests and in the mid-elevations of the Sierra Nevada range.  It is difficult 

to compare output of MC1 against observed values because management actions (e.g., 

fire suppression and logging) have greatly affected carbon levels in forested areas 

(Houghton et al. 2000, Tilman et al. 2000).  To attempt to make a comparison, I re-ran 

MC1 with the fire-suppression rule enabled. This reduced the area burned to 12.5% of 

the unconstrained value, to mimic the effect of suppression since 1950 (Lenihan et al. 

2003).  I then compared this output to United States Forest Service Forest Inventory 

and Analysis (FIA) aggregated data (Hudiburg et al. 2009) for four mountainous 

ecoregions (Coast Range, Klamath Mountains, Sierra Nevada and Eastern Cascades) 

in the study area (Figure 3.10). I only included FIA data from old-growth stands to 

minimize the impact of logging in the observed data, as the model output is really a 

potential carbon uptake optimal for the climate conditions and without management 

effects. The impact of the fire suppression rule is least in the Coast Range ecoregion 

since historically fire has had a small role in these predominantly wet forests.  

Differences between FIA and MC1 above-ground live tree carbon biomass (with the   
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fire-suppression rule enabled) for the Coast Range, Klamath Mountains, Sierra 

Nevada and Eastern Cascades were 5%, -17%, -1% and -7%, respectively. 

 Rates of net primary production (NPP) were also affected by the suppression 

rule, but the rule does not seem to improve the comparison to the FIA data (Figure 

3.11).  In the Coast Range and the Eastern Cascades, MC1 underestimated NPP (-5% 

and -16%, respectively), while MC1 overestimates NPP in the Klamath and Sierra 

Nevada Mountains (12% and 17%, respectively). In a similar MC1 study at 800-meter 

resolution in the Pacific Northwest, the seasonal distribution of NPP was incorrect 

(Rogers 2009).  Annual NPP rates were accurate, but MC1 overestimated NPP in the 

winter months and underestimated during the summer months. This suggests that the 

model may be under-sensitive to winter energy limitations and overly-sensitive to 

summer water limitations.  The seasonal distribution of NPP was not investigated in 

this region.  If a similar error exists, there could be consequences elsewhere in the 

model, particularly in the calculation of fire conditions.  An exaggerated winter/spring 

leaf area index (LAI) would elevate transpiration rates, leading to an earlier onset of 

plant water stress in summer and a lengthened period in which live fuel is highly 

flammable.  This in turn could lead to increased fire effects in a given gridcell when an 

ignition is simulated. 

 

Response to future climate scenarios 

 All future climate scenarios were run with the fire-suppression rule disabled. 

By the end of the 21
st
 century, there was a decrease in total ecosystem carbon (TEC) in 

all scenarios (Figure 3.9). TEC is the sum of live and dead above-ground and below-

ground carbon. When a thirty-year average TEC was compared between the historical 

period (1971-2000) and each GCM scenario (2071-2100), regional declines were 8%, 

19% and 9% for the MIR-A2, HAD-A2 and CSI-A2 scenarios, respectively.  This 

means that MC1 is projecting that the region will become a carbon source to the order 

of 272 Teragrams (Tg), 560 Tg and 274 Tg, for the MIR-A2, HAD-A2 and CSI-A2 

scenarios. In two of the three scenarios this decrease was greatest at higher elevations 
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because a prolonged fire season allowed an increased instance of fire.  Change in TEC 

averaged over the Sierra Nevada ecoregion was -20%, -18% and -16% for MIR-A2, 

HAD-A2 and CSI-A2.  The change is more pronounced when we investigated live tree 

carbon, since this component of TEC is severely affected by the increase in fire-

induced mortality.  The decrease in above-ground live tree carbon stocks averaged 

across the study region was 23%, 48% and 27% for MIR-A2, HAD-A2 and CSI-A2. 

The high percentage for the HAD-A2 scenario is a product of sizeable declines in 

carbon stocks along the northern coast.  Of the nine future climate scenarios originally 

investigated, the northern coast under the HAD-A2 scenario experienced the harshest 

change in climate conditions.  A 6.5°C increase in maximum monthly temperature was 

compounded with a 16% decrease in precipitation in this ecoregion by the end of the 

21
st
 century.  By comparison, this ecoregion experienced a 5°C increase in temperature 

and 8% decrease in precipitation under the MIR-A2 scenario. The changing climatic 

conditions are conducive to fire and with enormous standing carbon stocks, the 

potential for loss is great.  When vegetation type in the ecoregion changed from 

maritime conifer to mixed conifer forest, the projected fire regime shifted from low-

frequency to high-frequency of fire.  Average annual pyrogenic emissions by fire in 

the ecoregion increased from 4 gC m
-2 

yr
-1

 to 180 gC m
-2 

yr
-1

 and surpassed 

historically-simulated emission rates in the Sierra Nevada and Klamath Mountains. 

 In the model, NPP is driven by temperature, water and nitrogen.  MC1 also 

integrates the projected increase in NPP resulting from increasing atmospheric carbon 

dioxide concentration, as observed in the free-air CO2 experiments (FACE) (Norby et 

al. 2005).  The warm, dry climate of the study area means that NPP is primarily 

limited by water availability.  The MIR-A2 and HAD-A2 scenarios predict a decrease 

in available water.  Therefore, NPP should be expected to fall.  However, the increased 

water-use efficiency provided by increased CO2 availability allowed rates of NPP to 

remain steady in the MIR-A2 and HAD-A2 scenarios.  In MC1, heterotrophic 

respiration is driven by temperature and water.  In the MIR-A2 and HAD-A2 

scenarios, increased temperature did not allow for an increase in rate of respiration 
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because of water limitations.  Net ecosystem productivity (NEP) is NPP minus 

heterotrophic respiration.  In the two dry scenarios, there was no considerable change 

in NEP.  In the CSI-A2 scenario, there was an increase in both NPP and respiration 

toward the end of the century.  The increase in precipitation removed the water 

limitation that was observed in the other two scenarios.  Still, as NPP and respiration 

follow similar trends, there was no real change in NEP.  The decrease in TEC across 

the region in all scenarios was attributed to a decrease in net biome productivity  

(NBP).  NBP is NEP minus carbon lost in external events, in this case, carbon 

consumed by fire (Figure 3.11). 

 Once again, it is difficult to gauge the reliability of results given the presumed 

strengths and weaknesses of the future climate scenarios and MC1. The projected 

carbon balance in the northwest corner of the study region was highly variable 

between scenarios, resulting primarily from the extreme changes in climate projected 

by HAD-A2. Documented problems in the seasonality of NPP in MC1 (Rogers 2009) 

add uncertainty in projections of carbon balance because of the associated impact on 

water stress.  A miscalculation of water stress affects not only production but also fire 

activity, which has the potential to significantly alter TEC.     

 

3.4 Fire 

 Response to historical climate 

 MC1 output for the historical period did not compare well to observed fire 

patterns in the region. I utilized three datasets for comparison.  The first dataset 

estimates the presettlement range of fire variability in California between 4.5 and 12% 

of the state burned annually (Stephens et al. 2007).  The low end of the estimate 

translates to 1.8 million hectares for the state of California, which is eight times the 

observed annual average in California for the late 20
th

 century (Westerling 2003).  In 

other words, fire extent was much greater in the presettlement era than in the recent 

decades of effective fire suppression.  MC1 underestimated this variable in the study 

area, with only 0.5-8% of land area burning annually.  Further, in 90% of the 
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historically-simulated years, totals for area burned remained below the lower end of 

the presettlement range (4.5%).  Only years with widespread, large-scale fires fell 

within the range of natural variability in California.  It should be noted that the 

presettlement estimates incorporate pre-Colombian Native American burning while 

MC1 does not.  Native American burning likely made a substantial impact on 

ecosystems in northern California (Anderson and Moratto 1996, Keeley 2002), which 

may account for some of the model discrepancy.  Additionally, the presettlement range 

may be exaggerated because it does not consider patchiness within fire perimeters that 

yield areas of no-burn.  One final consideration is that MC1 is calibrated to 20
th

-

century climate regimes.  The 19
th

-century climate in the western United States 

experienced greater interannual and interdecadal variability (Neilson 1986) that may 

have had an impact on the presettlement dataset that is not reflected in the model 

output. Interannual variability in moisture availability may promote fire in California's 

drier non-forested ecosystems (Westerling and Bryant 2008) and the longer 

presettlement dataset would incorporate fire activity patterns resulting from a different 

climate regime. 

 The second dataset compiled observed fire activity from 1980 to 2003 across 

the western states (Westerling et al. 2003).  Running MC1 with the fire-suppression 

rule enabled, I compared simulated area burned with observed data from the study 

area (Figure 3.13).  In this comparison, MC1-simulated values fell within the observed 

range of variability (approximately 8000 to 500,000 hectares annually), but patterns 

were dissimilar and peak fire years do not match.  One possible explanation is the 

scalar reduction used by MC1's suppression rule is too simple to account for the 

complexity inherent in the suppression of large fires.  Fire suppression efforts are 

generally successful during mild wildfire years but become less effective during peak 

years when extreme fire behavior and compromised fire-fighting resources add 

complexity. 

 MC1 output for pyrogenic carbon emissions was compared to data from a 

recent study in the eastern Cascades of Oregon.  Meigs et al. (2011) investigated 
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emissions from four fires in the Metolius watershed in 2002-2003 utilizing both 

observed and modeled data.  The area has been intensively managed with logging and 

had not experienced fire for nearly a century.  Fire severity was highly variable within 

fire perimeters.  As the most relevant comparison, I only used MC1 output for the 

eastern Cascades ecoregion.  MC1 overestimated pyrogenic emissions as compared to 

the Metolius study (Figure 3.14).  For the Cascades ecoregion, MC1 projects annual 

pyrogenic emissions of 6230 gC m
-2

; Meigs et al. (2001) reported 920 gC m
-2

, 1580 

gC m
-2

 and 3020 gC m
-2

, for low-, moderate- and high-severity fire in the Metolius, 

respectively.  It is likely that the combustion factors used by MC1 for specific fuel 

classes are too high for the region. The fire model was designed to primarily simulate 

large-scale, stand-replacing fires.  As a result, MC1-simulated fires in general may 

burn hot.  Additionally, the Metolius values were generated in part using a model that 

incorporates different assumptions than MC1. 

  

Response to future climate scenarios 

 In all scenarios, there was an increase in regional area burned and pyrogenic 

emissions over simulated historical averages (Figure 3.15).  In all scenarios, this 

change was most pronounced at high elevations in the Sierra Nevada.  Historically this 

area experienced little fire as fuels would not dry sufficiently during the short summer 

to allow fire spread.  For the simulated years 1971 to 2000, less than 1% of area at the 

upper elevations of the Sierra Nevada burned annually.  Under the MIR-A2 scenario, 

for the years 2071-2100, percentage of area burned increased to nearly 5% annually 

with an average fire return interval of 20-30 years.  With an increase in temperature 

and decrease in snowfall, there were decreases in both small- and large-diameter fuel 

moistures. MC1 uses climate proxies for these indices to determine fire ignition.  

Average simulated summer fuel moisture of 1000-hour fuels for the historical period 

in the Sierra Nevada ecoregion was 10%.  By the end of the simulated future period, 

that number decreased to 8%, 8.5% and 9.5% for MIR-A2, HAD-A2 and CSI-A2, 

respectively.  In the model, these decreases were enough to sustain fire.  Westerling et 
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al. (2006) correlated earlier spring snowmelt with increased instance of high-elevation 

fire in the western U.S.;  averaged across GCMs, a 66% decrease in snowpack in the 

Sierra Nevada likely facilitated the change in fire regime in these mountains.  CSI-A2 

depicted the greatest increase in volume of fine fuels in the ecoregion (18%), 

suggesting increased rainfall and higher productivity may also be important drivers of 

fire activity in this scenario.   

 Other areas with sizable increases in fire activity were the Klamath Mountains 

and the northern coast. The Klamath is an inland mountain range in the northwest 

corner of the study area that has historically experienced high-frequency/moderate-

severity fire.  Pyrogenic carbon emissions in the Klamath increased under all three 

scenarios with the greatest change under the HAD-A2 scenario and mildest change 

under MIR-A2. Again fuels dried earlier as snow pack was drastically decreased.  

Historically, the Klamath Mountains received only a fraction of the snow of the larger 

Sierra Nevada Mountains.  MC1 projected decreases in snowpack of 95%, 86%, and 

80%, for the MIR-A2, HAD-A2, and CSI-A2 scenarios, essentially altering the 

dynamics of this area as a snow-fed ecosystem.  Since we did not see a subsequent 

decline in productivity, we assume either increased water-use efficiency of vegetation 

makes up for the lack of summer snow-melt or an error in MC1 allowed high levels of 

production in the winter months when water is available. 

 Along the northern coast only the HAD-A2 scenario introduced fire into the 

historically wet maritime forest. As was discussed above, the combination of increased 

maximum temperature and decreased precipitation allowed fire ignition; high fuel 

loads presented the opportunity for enormous biomass consumption; and an invasion 

of mixed forest reduced the expected fire return interval to less than twenty years. 

 At the regional scale and in ecoregions that experience the greatest projected 

increase in fire activity, change in pyrogenic carbon emissions was more pronounced 

than the change in area burned.  This suggests an increase in fire severity, with a 

greater proportion of carbon lost per area burned. Pyrogenic emissions are primarily a 

function of fuel moisture, so were dependent on warmer and drier projected climate 
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conditions.  The increase in fire severity was supported by projected increases in rate 

of fire spread in all future scenarios.  The rate of pyrogenic emissions was moderated 

towards the end of the simulated period.  This was concurrent with a decrease in 

volume of coarse, dead fuels under all scenarios.  In fire-prone areas, high frequency 

of fire removed the high fuel load so less fuel was available for later fires to consume. 

Finally, as discussed in Section 3.2, I believe the Modoc Plateau experiences 

too much fire in both the historical and future simulations.  The fuel moisture indices 

that determine fire ignition were calibrated for this study to best fit conditions in the 

study region as a whole. The parameterization of the fire ignition indices overlap for 

the Modoc Plateau, Sierra Nevada foothills and Klamath Mountains because there is 

similarity between tree types. However, the climate of the Modoc Plateau is much 

drier.  When calibrating the model, I attempted to balance over-simulation of fire on 

the Modoc Plateau with under-simulation in the Sierra and Klamath.  The final 

calibration was less satisfactory for the Modoc Plateau, producing frequent, small-

scale fires (i.e., fires burning less than 0.5% of a gridcell every 2-5 years).  Over the 

span of a normal fire return interval, percentage of area burned and pyrogenic 

emissions summed to acceptable levels, but of course the simulated fire regime is 

unrealistic.  Since this portion of the study area was not adequately calibrated, I 

question the quality of all MC1 output for the Modoc Plateau. 

 

3.5 Hydrology 

Response to historical climate 

 MC1-simulated streamflow was compared to USGS water gauge data (USGS 

2008) for the Smith River basin in the northwest corner of the study area.  This basin 

was chosen because of its size (>150,000 hectares) and availability of gauge data.  A 

portion of the basin (<5%) extends into Oregon and is not included the study area.   

There is no lateral redistribution of water in MC1 (i.e., water does not flow between 

gridcells) so the comparison used the sum outflow of all cells within the basin.  In 

MC1, streamflow is excess water that is not utilized by the vegetation and is not 
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required to recharge the ten soil layers. The model satisfactorily recreated the Smith 

River gauge data for the historical period (Figure 3.16).  Certain peak years and low 

years were slightly moderated by MC1 but the general trend was accurate. As can be 

expected, annual rainfall greatly impacted both the observed and simulated data.   

 

Response to future climate scenarios 

 Future simulated streamflow in the Smith River basin varied between the three 

climate models (Figure 3.17).  CSI-A2, the wettest scenario, depicted an initial 

decrease followed by an increase well above historical averages.  MIR-A2 most 

closely continued simulated historical trends, with periods of decreased and increased 

flow.  HAD-A2, a particularly dry scenario in this portion of the study area, depicted a 

steady decrease in streamflow, with late 21st-century values 25% below historical 

averages. 

 I also investigated future trends in the Owens River basin in the eastern Sierra 

Nevada.  Again, variability between climate scenarios emerged in annual streamflow 

output (Figure 3.18).  Only MIR-A2 (with particularly dry precipitation projections for 

the Owen River basin) and CSI-A2 (with increased projected precipitations) were 

considered.  The CSI-A2 scenario followed a trend similar to historical values.  

Streamflow rapidly decreased in the MIR-A2 scenario, falling 50% below historical 

averages by the end of the century.  There was great interannual variability under both 

climate scenarios.  Despite the severe decrease in streamflow predicted under MIR-

A2, there were singular years at the end of the century when streamflow values were 

above the historical average.  Likewise, the CSI-A2 projections showed large variance 

between high- and low-water years. 

 These two basins illustrate the importance of differences between potential 

climate scenarios when running vegetation models.  HAD-A2 projected the greatest 

warming and drying to occur in the northwest corner of the study region, where the 

Smith basin is located.  This is reflected in streamflow values.  MIR-A2 shows   
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greatest drying in the mountains of the southern Sierra, where the Owens basin is 

located.  Again, this is reflected in the projected streamflow values. 
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Figure 3.1. Downscaled PRISM-generated average annual precipitation 1930-2000. 

The highest rainfall years for the historical period in the study area are 1940, 1983, 

1995, 1996, and 1998.  All years except 1996 are rated “Strong El Nino” by the 

Western Regional Climate Center, using the Southern Oscillation Index 

(http://www.wrcc.dri.edu/enso/ensodef.html). 
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Figure 3.2. Mean monthly temperature averaged over the entire study region.  

MIR-A2 and HAD-A2 project a similar extent of change with a 5.5°C increase.  The 

data is smoothed to clarify the trend.  
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Figure 3.3. Seasonal distribution of mean temperature and precipitation. Monthly 

values are averaged over the period 1971-2000. 
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Figure 3.4.  Average monthly temperature as an average over the entire study area.  

The line has been smoothed to clarify the trend.
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Figure 3.5. MC1-simulated maximum snowpack in five ecoregions in the study area 

for the historical period and future scenarios.  

  



                        43 
 

 

Table 3.1. Regional examples of MC1 vegetation types. 

MC1 vegetation type Regional examples 

Tundra barren, alpine meadows 

Subalpine forest lodgepole pine forest, whitebark pine forest 

Maritime forest coastal redwood forest, coastal closed-cone pine forest 

Conifer forest mixed conifer forest, ponderosa pine forest 

Mixed forest douglas-fir-tan oak forest, tan oak-madrone oak forest, 

ponderosa pine-black oak forest 

Woodland blue oak woodland, canyon live oak woodland, northern 

juniper woodland 

Shrubland chamise chaparral, sagebrush steppe 

Grassland valley grassland, desert grassland 

Desert desert scrub 
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Figure 3.6. Comparison of Fire and Resource Assessment Program (FRAP) 

vegetation map for the study area and MC1 simulated vegetation type.  The FRAP 

data uses 100-meter spatial grain while the MC1 output uses 800-meter grain.  The 

MC1 modal output is the most-frequently simulated vegetation type during the 30-year 

period.  A mask of FRAP urban, agriculture and barren types was placed on the MC1 

data for easier comparison.  
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Figure 3.7. MC1-simulated vegetation type for the historical period and three future 

scenarios.  This representation of vegetation type uses 30-year modal output. 
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Figure 3.8.  Percentage change in total cover by vegetation class. The change in 

mixed forest type may be exaggerated because of a likely underrepresentation of this 

type in the historical simulation. The desert vegetation type in not included in this 

figure because this type does not occur in the historical simulation. 
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Figure 3.9.  MC1-simulated total ecosystem carbon (TEC) for the historical period 

and three future climate scenarios.  The top row of maps displays absolute values of 

TEC (g m
-2

) using 30-year averages.  The lower row of maps is relative change, 

comparing the historical period (1971-2000) with the three future periods 

(2071-2100). 
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Figure 3.10. Comparison of aboveground live tree carbon (gC m
-2

) between Forest 

Inventory Analysis (FIA) data and MC1 output in four ecoregions. Only old-growth 

stands are utilized in the FIA analysis.  For this comparison, MC1 is implemented with 

and without the fire suppression rule. This rule reduces area burned to 12.5% of the 

unconstrained simulated value.   
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Figure 3.11. Comparison of net primary productivity (gC m
-2

 y
-1

) between Forest 

Inventory Analysis (FIA) data and MC1 output in four ecoregions. Only old-growth 

stands are utilized in the FIA analysis.  For this comparison, MC1 is implemented with 

and without the fire suppression rule. This rule reduces area burned to 12.5% of the 

unconstrained simulated value. 
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Figure 3.12. Net primary productivity (NPP), respiration, biomass consumed by fire 

(pyrogenic emissions) and total ecosystem carbon (TEC), relative to MC1-simulated 

historical average (1950-2000). 
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Figure 3.13. Total area burned in the study area, 1980-2003. The blue line is an 

observed dataset compiled by Westerling (2008); the red line is MC1 output with 

unconstrained fire; the green line is MC1 output with the fire-suppression rule 

enabled.  The constrained MC1 values fall within the observed range of variability, but 

patterns are dissimilar and peak years do not match. 



                        52 
 

 

 

Figure 3.14. MC1-simulated pyrogenic emissions in the Eastern Cascades ecoregion 

(1971-2000 average) versus observed emissions from Metolius Watershed fires in 

2002-03 (Meigs et al., 2011).   
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       MIR-A2      HAD-A2        CSI-A2

     

Figure 3.15. Change in area burned and biomass consumption for three future climate 

scenarios.  Change is relative to MC1-simulated historical average (1950-2000).  The 

three lower maps compare two 30-year averages (1971-2000 and 2071-2100). 
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Figure 3.16. MC1-simulated streamflow as compared to USGS water gauge data 

(USGS 2008) for the Smith River Basin in the northwest corner of the study area. 

Streamflow is measured in cubic feet per second (cfs). 

  



                        55 
 

 

 

Figure 3.17. Change in Smith River streamflow, relative to a MC1-simulated 

historical average, for three future climate scenarios. 
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Figure 3.18. Change in Owens River streamflow, relative to MC1-simulated historical 

average (1950-2000).  The upper graph demonstrates increased interannual variability, 

particularly under the CSI-A2 scenario.  The lower graph uses 5-year smoothed 

average and better illustrates trends in streamflow under the two future scenarios. 
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4. Conclusions 

 The results of the MC1 simulations suggest that the study region of northern 

California and western Nevada is sensitive to potential changes in climate.  However, 

uncertainty in both the model and the input datasets requires that these results be 

considered preliminary.  Two sources of uncertainty could have particularly far-

reaching impacts in the simulated output.  Errors in the soil dataset definitely 

overestimate soil depth at the highest elevations, allowing unrealistic woody growth.  

It is unknown whether this error exists at lower elevations and to what extent.  With 

deeper soil, MC1 allows additional soil layers that provide water exclusively to tree 

roots.  If soil water availability is sufficient, then there is potential for greater relative 

productivity in trees versus grasses.  This could affect the designation of shrubland and 

woodland vegetation types because the biogeography module is very sensitive to 

relative tree and grass biomass values. In MC1 results, the ecotones between these two 

types are very dynamic and it was difficult to calibrate MC1 for the correct 

configuration in nearly all foothill areas. Instability at ecotones is principally a 

function of climate and is exemplified along steep elevational (and thus climatic) 

gradients (Neilson 1993). However, since the sensitivity is high, we should assume 

that a potential error in soil depth could have implications in these landscapes where 

tree-grass competition is significant, particularly in the future scenarios that project 

greater water stress. 

A second uncertainty involves documented biases in the seasonality of net 

primary productivity (NPP) in MC1.  As discussed earlier, seasonal NPP was not 

explicitly investigated in this region, but in a similar study in the Pacific Northwest, 

MC1 overestimated winter NPP and underestimated summer NPP (Rogers 2009).  The 

potential that this condition exists in our study area is high, given the model‟s lack of 

incident radiation limitation and GCM-projected increases in winter and spring 

temperatures. Early season production leads to an unnaturally high leaf area index 

(LAI) which cannot be sustained by the summer water balance. Higher LAI means an 

earlier drying of soils and, subsequently, live fuels.  Fuel moisture is a critical element 
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in the calculations of fire behavior and fire effects.  Incorrect seasonality of NPP could 

lead to higher-intensity fire, increased emissions, and greater tree mortality. Decreases 

in biomass could affect the designation of vegetation type.  Further sensitivity analysis 

is necessary to understand exactly how these and other uncertainties are realized in 

MC1. 

 With an awareness of these uncertainties, certain trends emerge in the output 

data.  Loss of tundra and subalpine forest is projected under all scenarios.  Only small 

patches at the highest elevations are projected to remain intact under a warmer climate 

regime.  Inland and maritime conifer forests are reduced by the expanding mixed 

forest, bringing a larger broadleaf component into these areas.  The Great Basin in 

western Nevada experiences an increase in grassland, as shrubland carbon balance is 

disrupted by fire. 

 Fire activity increases under all future scenarios.  Concurrent with a major loss 

in mid- to high-elevation snowpack, all future scenarios project an increase in fire 

area, pyrogenic carbon emissions and rate of fire spread.  MC1 historical simulations 

display a high fire bias, with 1) rates of area burned above late 20
th

-century 

observations in the study area (Westerling et al 2003) and 2) pyrogenic emissions 

above recent documented values in Oregon (Meigs et al 2009).  This bias may be the 

result of an overestimation of fire ignition in MC1 and high combustion. Non-linear 

dynamics in MC1 disallow an assumption that a high-fire bias is necessarily carried 

over to the future simulations. Although MC1 may continue to overestimate ignitions, 

drier fuel conditions in future scenarios contribute to increased fire behavior and 

effects, resulting in high-frequency/high-intensity regimes, which may or may not be 

realistic.    

 The model output projects no real change in net ecosystem productivity under 

any future climate scenarios. Any benefit of increased water-use efficiency with rising 

CO2 concentration is countered by an increase in evaporative demand, an increase in 

heterotrophic respiration, and a decrease in leaf area index.  Net biome productivity is 

negative as annual pyrogenic carbon emissions exceed annual plant production; total 
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ecosystem carbon steadily decreases across the region. Fire-induced tree mortality 

increases across the region and may undermine climate mitigation efforts that seek to 

capitalize on carbon storage capacity in regional forests.  

 Streamflow hydrology was only investigated in two river basins in the region.  

There is much dissimilarity between future scenarios, mostly owing to the different 

projections for precipitation. One element of the hydrology that is consistent between 

future scenarios is the presence of increased interannual variability.   

 Specific areas seem more and less resistant to change with an altered climate.  

An evaluation of this sensitivity may help managers to direct climate mitigation 

strategies and researchers to focus future areas of study.  High-elevation mountainous 

regions are most severely impacted under all future scenarios.  Changes in vegetation 

type, fire regime and snow pack are most pronounced.  The highest elevations, 

particularly the high Sierra and southern Cascades, are most heavily-impacted.  

Changes in fire regime, however, are substantial in all mountainous areas both along 

the coast and inland. 

 The northern coast of California experiences more change under the HAD-A2 

scenario than others.  This scenario projects more severe warming and drying in the 

area, which influences model dynamics.  The instance and impact of fire is greater, 

leading to a severe loss in local ecosystem carbon.  This is concurrent with a shift in 

vegetation type from coastal conifer to mixed forest.  An investigation of other GCM 

projections for the north coast could reveal whether HAD-A2's projected climate 

change is anomalous and help substantiate how likely subsequent ecosystem changes 

may be.  Over a broader geographic area, an average of all of the IPCC Fourth 

Assessment Report (AR4) Scenarios (IPCC 2007) shows a 10-20% loss in summer 

precipitation along the west and northwest coast of the U.S., with winter precipitation 

change less certain, which may support these local projections.  

The low-elevation Central Valley is both resistant to and resilient with change. 

Projections of future carbon dynamics and fire regime resemble historical simulations 

for this ecoregion. When fire activity does increase, there is little change in short- and 
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long-term amounts of tree and grass biomass.  Unfortunately, practical implications for 

the data are limited, since this ecoregion is most-heavily impacted by human 

development and investigation of potential ecosystem dynamics are only theoretical.  

In reality, the local population will probably experience major change with a changing 

climate as decreased snowmelt will negatively affect drinking water and irrigation 

(Vanrheenen et al. 2004, Purkey et al. 2008) and increased fire activity will worsen air 

quality (Kinney 2008). 

California's climate future is unknowable with any great certainty. Evaluating 

simulated futures is one way to begin to investigate how ecosystems could behave 

under a changed climate.  Global and local comparisons between simulated climate 

data and historical observations have not been conclusive in this region.  Each model 

has strengths and weaknesses that do not translate well into an overall reliability 

analysis.  However, recent statistical analysis is attempting to synthesize model results 

for a comprehensive view of future trends in California (Dettinger 2005). There is 

general agreement that temperature will rise in the region; the precipitation trend is 

less clear though major shifts in precipitation patterns are not likely.  Projections of 

major increases in precipitation in the region are outliers amongst models, which may 

discount the validity of the models that produce that trend.  With this reasoning, we 

might question the results attained under CSI-A2 (a wet scenario) more than those 

generated by MIR-A2 and HAD-A2.  However, under current conditions California 

resides on a precipitation gradient of wet to the north and dry to the south.  All of the 

GCMs agree that globally more precipitation will fall in northern regions and less in 

currently dry regions. Thus, what is already a steep gradient from north to south is 

expected to become only steeper. Such steep moisture gradients can only epitomize the 

uncertainties of future forecasts, especially given the anticipated increase in climate 

variability. Thus, we believe it is still worth examining „outlier‟ results, such as those 

from CSI-A2, particularly if we view each climate projection as another opportunity to 

investigate the sensitivity of the study area to a range of potential changes in climate.   
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Although the sign and magnitude of ecosystem changes are in agreement 

between future simulations for the majority of output, a discussion of differences 

between GCMs is necessary to gauge areas of uncertainty.   MIR-A2 was highly-rated 

for historical temperature prediction when compared to local observed values (Mote et 

al. 2009).  The high-elevations changes of the Sierra Nevada and southern Cascades 

are most severe under this scenario.  This includes loss in snowpack, loss of alpine and 

subalpine vegetation types, increase in fire activity, and loss of biomass, all of which 

are functions of increasing temperature.  MIR-A2 projects the least change along the 

northern coast of the study area, but projects an early and steep increase in fire inland 

in the Klamath Mountains, with major losses in carbon stocks before 2050.  HAD-A2 

also predicts increases in fire in this ecoregion, but the change is more gradual. HAD-

A2 is highly-rated for precipitation projections (Mote et al. 2009).  As discussed 

above, under this scenario, the north coast is most-heavily impacted, with a major loss 

of coastal forest. Similar impacts continue south along the coast, but become less 

severe. CSI-A2 projections for the late 20
th

 and early 21
st
 centuries best track the 

recent observed changes in climate (Mote et al. 2009), though overall it is rated low 

among GCMs in comparisons to observed temperature and precipitation data. The 

increased precipitation and mild temperature increases in this projection temper 

ecosystem changes as compared to MIR-A2 and HAD-A2.  While snowpack and 

carbon stocks decrease and fire severity increases, these changes are less severe. CSI-

A2 is the only scenario that projects widespread rather than localized increases in 

pyrogenic emissions in the Great Basin, resulting from increases in grass biomass. 

CSI-A2 also projects increases in both NPP and respiration with rising temperatures, 

resulting in no net change in NEP, while NPP and respiration remain within the range 

of historical averages under MIR-A2 and HAD-A2.   

 Improvements in regional vegetation modeling are necessary if projections are 

to be considered in future policy decisions. Errors in the soils dataset should be 

addressed as much as possible, given the limited spatial coverage of soil observations.  

At this scale, it could be beneficial to incorporate aspects of regional climate models 
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(RCMs) that better represent local climate processes like orographic lift.  An RCM 

embedded in a GCM reanalysis model may be ideal, as this type of model simulates 

essential global climate processes and incorporates observed data.  Sensitivity analyses 

that effectively gauge the impact of uncertainty in MC1 should be performed, 

particularly investigations into NPP seasonality, CO2 fertilization, and nitrogen 

limitation. Replacement of empirically-based algorithms in MC1 with more 

mechanistic-based functions should improve the representation of ecosystem 

processes at the fine spatial resolution. Examples include production, transpiration and 

other canopy processes; and nitrogen-fixation.  If computing resources and input 

datasets are available, model studies with higher spatial resolution will be useful, since 

800-meter resolution is still too coarse to properly examine ecosystem-scale processes.  

Finally, in order for results to be more relevant to managers, attempts could be made 

to incorporate the effects of land management into DGVMs.  
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Appendix A.  MC1 and California Wildlife Habitat Relationships 

(CWHR) vegetation type aggregation scheme 

Aggregated type MC1 vegetation type CWHR vegetation type 

Tundra Tundra Barren 

Subalpine forest Subalpine forest Alpine-dwarf shrub 

 

  Subalpine forest 

 

  Lodgepole pine 

    

Red fir 

 

Maritime forest Maritime evergreen 

needleleaf forest 

Closed-cone pine-cypress 

Redwood 

    

Conifer forest Temperate evergreen 

needleleaf forest 

Jeffrey pine 

Klamath mixed conifer 

Eastside pine 

Sierran mixed conifer 

White fir 

 

  

 

  

 

  

    

Mixed forest Subtropical  mixed 

forest 

Montane hardwood-conifer 

Douglas fir 

Montane hardwood 

Montane riparian 

Ponderosa pine 

Aspen 

 

 

  

 

  

 

  

 

  

    

Woodland Temperate evergreen 

needleleaf woodland 

Juniper 

Pinyon-juniper 

Valley oak woodland 

Valley foothill riparian 

Blue oak-foothill pine 

Blue oak woodland 

Coastal oak woodland 

 

 

Temperate deciduous 

broadleaf woodland 

 

 

Subtropical mixed 

savanna 

 

  

 

  

 

  

    

Grassland Temperate grassland 

Subtropical grassland 

Annual grassland 

  

Perennial grassland 
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Appendix A. (continued) 

 

Aggregated type 

 

MC1 vegetation type CWHR vegetation type 

Shrubland Temperate shrubland 

Subtropical shrubland 

  

Bitterbrush 

Chamise-redshank chaparral 

Coastal scrub 

Low sage 

Mixed chaparral 

Sagebrush 

 

 

 

 

  

 

  

    

Desert Temperate desert Joshua tree 

 

  Alkali desert scrub 

 

  Desert scrub 

 

  Desert succulent Shrub 

 

  Desert riparian 

    

Desert wash 

 

Ag/Urban N/A Agriculture 

 

  Urban 

     Pasture 

    

Eucalyptus 

 

Other N/A Estuarine 

 

  Lacustrine 

 

  Marine 

 

  Riverine 

 

  Water 

 

  

Freshwater emergent 

wetland 

 

  Saline emergent wetland 

 

  Wet meadow 

    Palm oasis 
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Appendix B.  Climate variables by scenario and ecoregion: maximum monthly 

temperature, minimum monthly temperature, mean monthly temperature and annual 

precipitation. The historical value is a 30-year average from 1971-2000.  The future 

scenario values use a 30-year average from 2071-2100. 

  
Scenario 

Max 

Temp 

Min 

Temp 

Mean 

Temp 
Annual 

Precipitation 
(mm) Ecoregion (°Celsius) (°C) (°C) 

Study region Historical 18.4 4.2 11.3 780.0 

 

MIR-A2 23.4 8.4 15.8 684.8 

 

MIR-A1B 22.9 7.9 15.4 685.2 

 

MIR-B1 21.9 7.1 14.4 711.3 

 

HAD-A2 23.3 8.4 15.9 683.8 

 

HAD-A1B 22.6 7.7 15.7 679.1 

 

HAD-B1 21.6 6.6 14.5 683.3 

 

CSI-A2 21.1 7.0 13.9 924.6 

 

CSI-A1B 20.4 6.2 13.2 854.8 

 

CSI-B1 20.1 5.7 12.7 772.1 

 
Historical 19.0 7.0 13.0 1557.2 Coast Range 

 

MIR-A2 22.8 10.4 16.6 1425.2 

 

MIR-A1B 22.5 10.2 16.3 1414.5 

 

MIR-B1 21.7 9.5 15.6 1479.0 

 

HAD-A2 23.0 10.6 16.8 1303.7 

 

HAD-A1B 22.7 10.1 16.7 1275.0 

 

HAD-B1 21.5 9.0 15.6 1303.3 

 

CSI-A2 21.1 9.3 15.1 1880.6 

 

CSI-A1B 20.5 8.6 14.5 1713.9 

 

CSI-B1 20.3 8.2 14.2 1540.3 

 
Historical 13.8 1.4 7.6 1260.4 Cascades 

 

MIR-A2 18.4 5.4 11.9 1151.9 

 

MIR-A1B 18.0 5.1 11.5 1142.1 

 

MIR-B1 17.1 4.4 10.7 1185.9 

 

HAD-A2 19.0 6.0 12.4 1099.9 

 

HAD-A1B 18.5 5.4 12.3 1082.4 

 

HAD-B1 17.0 4.2 11.0 1110.5 

 

CSI-A2 16.4 4.4 10.4 1481.1 

 

CSI-A1B 15.7 3.6 9.6 1323.2 

 

CSI-B1 15.5 3.1 9.2 1236.7 
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Historical 14.8 1.0 7.9 1213.4 Sierra Nevada 

 

MIR-A2 20.2 5.5 12.8 999.1 

 

MIR-A1B 19.7 5.0 12.3 1008.0 

 

MIR-B1 18.5 4.1 11.2 1039.7 

 

HAD-A2 20.1 5.6 12.9 1065.7 

 

HAD-A1B 19.2 4.8 12.7 1071.5 

 

HAD-B1 18.4 3.7 11.5 1057.7 

 

CSI-A2 17.7 4.0 10.7 1414.3 

 

CSI-A1B 17.0 3.3 10.0 1332.1 

 

CSI-B1 16.6 2.7 9.5 1188.3 

 

Historical 22.2 8.3 15.3 725.4 

Central California 

Foothills 

 

MIR-A2 26.8 12.2 19.5 600.1 

 

MIR-A1B 26.3 11.8 19.0 604.8 

 

MIR-B1 25.3 10.9 18.1 628.3 

 

HAD-A2 26.6 12.1 19.5 616.9 

 

HAD-A1B 25.9 11.5 19.3 619.5 

 

HAD-B1 25.2 10.5 18.2 610.0 

 

CSI-A2 24.6 10.7 17.5 863.9 

 

CSI-A1B 24.0 10.1 16.9 818.6 

 

CSI-B1 23.7 9.6 16.5 707.3 

 

Historical 24.0 9.3 16.7 377.2 

Central California 

Valley 

 

MIR-A2 28.9 13.2 21.0 317.0 

 

MIR-A1B 28.4 12.7 20.5 322.4 

 

MIR-B1 27.3 11.8 19.5 334.8 

 

HAD-A2 28.6 13.2 21.1 337.2 

 

HAD-A1B 27.7 12.5 20.9 341.0 

 

HAD-B1 27.1 11.5 19.8 333.3 

 

CSI-A2 26.5 11.6 19.0 468.0 

 

CSI-A1B 25.9 11.0 18.3 445.9 

 

CSI-B1 25.6 10.5 17.9 383.8 

 

Historical 15.3 0.7 8.0 591.3 

Eastern Cascades 

Foothills 

 

MIR-A2 20.3 5.0 12.6 553.2 

 

MIR-A1B 19.8 4.7 12.2 554.3 

 

MIR-B1 18.8 3.9 11.3 573.7 
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HAD-A2 20.5 5.4 12.9 550.3 

 

HAD-A1B 19.9 4.9 12.8 541.9 

 

HAD-B1 18.5 3.6 11.5 560.5 

 

CSI-A2 18.1 3.9 10.9 706.2 

 

CSI-A1B 17.4 3.1 10.1 633.4 

 

CSI-B1 17.1 2.6 9.7 601.9 

 
 

    Central Great Basin Historical 17.7 1.7 9.7 263.8 

 

MIR-A2 23.5 6.3 14.8 230.5 

 

MIR-A1B 22.9 5.8 14.3 228.7 

 

MIR-B1 21.7 4.8 13.2 238.4 

 

HAD-A2 23.1 6.0 14.6 257.4 

 

HAD-A1B 22.1 5.3 14.4 256.3 

 

HAD-B1 21.2 4.1 13.1 252.5 

 

CSI-A2 20.7 4.7 12.5 302.5 

 

CSI-A1B 20.0 3.9 11.7 286.0 

 

CSI-B1 19.5 3.4 11.2 265.5 

  
    

Klamath Mountains Historical 17.7 4.5 11.1 1658.2 

 

MIR-A2 21.8 8.3 15.0 1533.6 

 

MIR-A1B 21.4 8.1 14.7 1518.5 

 

MIR-B1 20.6 7.4 14.0 1580.8 

 

HAD-A2 22.4 8.6 15.6 1395.9 

 

HAD-A1B 22.1 8.1 15.5 1362.6 

 

HAD-B1 20.7 6.9 14.2 1408.4 

 

CSI-A2 20.0 7.3 13.6 1960.4 

 

CSI-A1B 19.4 6.5 12.9 1758.5 

 

CSI-B1 19.1 6.1 12.6 1623.6 

 
     

Northern Great Basin Historical 14.8 0.3 7.5 336.4 

 

MIR-A2 20.4 5.2 12.7 323.2 

 

MIR-A1B 19.8 4.8 12.2 324.2 

 

MIR-B1 18.6 3.9 11.2 335.9 

 

HAD-A2 20.1 5.2 12.6 340.0 

 

HAD-A1B 19.3 4.6 12.4 336.0 

 

HAD-B1 18.0 3.3 11.0 344.9 

 

CSI-A2 17.7 3.8 10.5 404.7 

 

CSI-A1B 16.9 2.9 9.7 366.6 

 

CSI-B1 16.6 2.4 9.2 350.6 
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Appendix C.  Model output variables by scenario and ecoregion: net primary 

productivity (NPP), heterotrophic respiration (Resph), net ecosystem productivity 

(NEP), net biome productivity (NBP), total ecosystem carbon (TEC), annual area 

burned, pyrogenic emissions, annual runoff, and maximum snowpack. 

 

Ecoregion Scenario 
NPP 

(gC m
-2

y
-1

) 

Resph 

(gC m
-2

y
-1

) 
NEP 

(gC m
-2

y
-1

) 
NBP 

(gC m
-2

y
-1

) 
TEC 

(gC m
-2

) 

Study region Historical 208.66 184.48 24.18 -1.96 10981.90 

 

MIR-A2 224.50 200.87 23.63 -30.41 9992.79 

 

MIR-A1B 226.24 203.89 22.35 -20.39 10060.54 

 

MIR-B1 230.04 202.70 27.34 -2.47 10760.24 

 

HAD-A2 227.04 196.82 30.22 -16.31 8946.94 

 

HAD-A1B 227.12 191.29 35.83 -5.74 8886.73 

 

HAD-B1 219.19 187.08 32.11 -10.90 9072.09 

 

CSI-A2 254.42 214.05 40.37 -5.11 9987.20 

 

CSI-A1B 242.71 202.92 39.79 -10.10 9596.56 

 

CSI-B1 230.18 195.68 34.49 -11.39 9770.82 

 

Coast Range Historical 560.15 551.32 8.83 5.00 33802.80 

 

MIR-A2 608.07 610.28 -2.21 -32.04 33421.60 

 

MIR-A1B 611.75 620.63 -8.88 -28.07 33224.30 

 

MIR-B1 606.32 605.69 0.63 -3.01 33652.30 

 

HAD-A2 580.70 518.17 62.53 -115.47 21896.88 

 

HAD-A1B 576.34 488.23 88.11 -22.15 20853.41 

 

HAD-B1 570.62 504.16 66.45 -71.10 23660.15 

 

CSI-A2 655.60 620.82 34.79 -15.95 33051.50 

 

CSI-A1B 638.80 577.69 61.11 -20.77 28744.80 

 

CSI-B1 588.96 548.98 39.98 -111.31 28174.30 

 

Cascades Historical 408.68 372.85 35.83 -51.67 27378.10 

 

MIR-A2 472.53 428.58 43.94 -201.46 24989.70 

 

MIR-A1B 468.66 428.99 39.67 -191.85 24620.20 

 

MIR-B1 500.00 446.87 53.13 27.27 31044.10 

 

HAD-A2 479.99 410.64 69.36 -40.65 20119.66 

 

HAD-A1B 475.66 401.36 74.30 -28.83 20145.36 

 

HAD-B1 463.93 391.14 72.79 -16.78 20156.09 

 

CSI-A2 510.03 430.64 79.39 -14.08 20925.74 

 

CSI-A1B 494.64 414.74 79.90 -33.13 20711.72 

 

CSI-B1 477.82 402.46 75.36 10.98 21633.38 
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Sierra Nevada Historical 296.95 254.50 42.45 -18.66 16954.69 

 

MIR-A2 338.50 276.34 62.16 -61.00 13633.78 

 

MIR-A1B 342.28 279.81 62.47 -24.04 14034.26 

 

MIR-B1 352.93 284.23 68.70 -0.66 15597.59 

 

HAD-A2 356.81 291.52 65.29 -10.93 13983.61 

 

HAD-A1B 352.86 281.85 71.00 -7.37 14050.72 

 

HAD-B1 332.68 268.76 63.93 -8.88 13801.78 

 

CSI-A2 358.78 288.12 70.66 -31.63 14171.28 

 

CSI-A1B 338.78 274.87 63.91 -49.09 14196.35 

 

CSI-B1 339.36 276.30 63.06 -7.89 15101.28 

 

Central California 

Foothills Historical 192.72 171.43 21.28 0.00 8226.50 

 

MIR-A2 199.05 184.27 14.79 -15.89 7810.38 

 

MIR-A1B 198.09 186.86 11.22 -19.53 7752.11 

 

MIR-B1 198.33 179.86 18.48 -3.55 8008.82 

 

HAD-A2 199.30 180.41 18.89 -13.95 7268.12 

 

HAD-A1B 202.62 175.82 26.80 2.44 7128.37 

 

HAD-B1 187.01 169.04 17.97 -19.90 7503.21 

 

CSI-A2 248.61 208.26 40.35 14.99 8925.75 

 

CSI-A1B 235.72 194.21 41.51 14.02 8136.26 

 

CSI-B1 209.90 181.04 28.86 -20.08 7919.73 

 

Central California 

Valley Historical 100.95 91.20 9.75 1.11 3210.82 

 

MIR-A2 101.51 97.17 4.35 -2.93 3180.36 

 

MIR-A1B 104.44 99.63 4.81 -3.01 3185.82 

 

MIR-B1 103.48 96.03 7.45 -0.35 3170.23 

 

HAD-A2 107.03 100.50 6.53 -1.50 3203.64 

 

HAD-A1B 108.25 100.54 7.71 -0.18 3205.41 

 

HAD-B1 100.32 94.70 5.62 -2.15 3194.21 

 

CSI-A2 126.27 111.88 14.39 3.62 3394.39 

 

CSI-A1B 119.61 105.18 14.43 4.11 3360.15 

 

CSI-B1 109.64 98.17 11.47 2.32 3296.54 

 

Eastern Cascades 

Foothills Historical 215.23 177.46 37.76 1.68 12356.11 

 

MIR-A2 238.51 199.49 39.02 -37.51 11124.54 

 

MIR-A1B 237.06 200.28 36.78 -27.64 10977.57 

 

MIR-B1 247.27 203.22 44.05 -0.69 12441.25 

 

HAD-A2 234.11 196.39 37.72 -11.28 10435.80 

 

HAD-A1B 236.09 194.13 41.96 -5.02 10524.86 
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HAD-B1 236.98 191.57 45.42 1.76 10618.12 

 

CSI-A2 281.89 220.58 61.31 3.26 10956.71 

 

CSI-A1B 263.21 208.93 54.28 -4.34 11004.70 

 

CSI-B1 251.68 200.45 51.23 15.84 11010.45 

 

Central Great Basin 

 

Historical 

 

74.70 

 

65.83 

 

8.87 

 

-0.22 

 

4017.74 

 

MIR-A2 73.22 68.57 4.64 -7.00 3580.06 

 

MIR-A1B 73.27 68.37 4.90 -4.33 3607.22 

 

MIR-B1 76.06 69.51 6.56 -2.07 3798.62 

 

HAD-A2 77.39 71.33 6.06 -3.12 3624.97 

 

HAD-A1B 79.51 72.21 7.30 -3.00 3664.85 

 

HAD-B1 75.08 68.50 6.58 -3.03 3621.39 

 

CSI-A2 91.31 79.47 11.84 -2.33 3752.60 

 

CSI-A1B 86.09 74.74 11.36 -5.40 3718.42 

 

CSI-B1 81.83 72.24 9.59 -2.63 3834.69 

 

Klamath Mountains Historical 355.69 311.17 44.52 7.79 19445.79 

 

MIR-A2 377.78 339.43 38.35 -82.83 18469.43 

 

MIR-A1B 385.67 349.05 36.61 -57.73 18743.91 

 

MIR-B1 391.65 349.59 42.07 -12.55 20253.34 

 

HAD-A2 375.40 321.06 54.35 -36.38 15088.00 

 

HAD-A1B 370.82 307.10 63.72 -23.65 14982.85 

 

HAD-B1 376.55 311.05 65.49 -13.55 15182.37 

 

CSI-A2 402.77 334.98 67.80 -19.16 15613.54 

 

CSI-A1B 395.78 327.42 68.36 -19.07 15338.74 

 

CSI-B1 379.70 317.04 62.66 -21.70 15878.64 

 

Northern Great 

Basin Historical 102.30 84.99 17.32 1.00 5279.85 

 

MIR-A2 113.97 97.16 16.81 -3.03 5018.92 

 

MIR-A1B 113.47 97.05 16.42 -2.25 4956.97 

 

MIR-B1 116.27 97.09 19.18 4.46 5101.61 

 

HAD-A2 111.99 96.12 15.86 -0.79 4887.35 

 

HAD-A1B 113.99 97.17 16.82 0.85 4923.75 

 

HAD-B1 113.22 94.57 18.64 2.23 4954.28 

 

CSI-A2 135.40 109.86 25.55 1.20 5185.25 

 

CSI-A1B 123.51 101.98 21.53 -4.81 5082.01 

 

CSI-B1 119.31 98.71 20.60 4.60 5182.65 
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Appendix C. (Continued) 

Ecoregion Scenario 

Annual area 

burned 
(%) 

Pyrogenic 

emissions 
(gC m

-2
y

-1
) 

Annual 

runoff 
 (mmH2O yr

-1
) 

Max 

snowpack 
(mm H2O) 

Study region Historical 2.45 26.14 472.62 135.09 

 

MIR-A2 2.80 54.04 344.15 19.59 

 

MIR-A1B 2.69 42.74 332.33 22.54 

 

MIR-B1 2.37 29.81 346.56 31.71 

 

HAD-A2 2.76 46.53 318.40 33.26 

 

HAD-A1B 2.69 41.57 321.56 34.40 

 

HAD-B1 2.64 43.01 323.89 48.74 

 

CSI-A2 2.79 45.48 575.07 65.15 

 

CSI-A1B 2.94 49.89 525.22 84.31 

 

CSI-B1 2.71 45.89 435.75 80.98 

 

Coast Range Historical 0.12 3.83 976.84 0.02 

 

MIR-A2 0.43 29.83 872.38 0.00 

 

MIR-A1B 0.31 19.19 833.82 0.00 

 

MIR-B1 0.09 3.64 866.01 0.00 

 

HAD-A2 2.34 178.00 729.00 0.01 

 

HAD-A1B 1.93 110.26 705.28 0.00 

 

HAD-B1 1.99 137.55 714.59 0.08 

 

CSI-A2 0.48 50.73 1345.65 0.00 

 

CSI-A1B 0.93 81.87 1187.75 0.00 

 

CSI-B1 1.57 151.28 987.18 0.00 

 

Cascades Historical 0.94 87.50 964.03 547.71 

 

MIR-A2 1.94 245.41 727.63 115.88 

 

MIR-A1B 1.92 231.52 697.98 120.72 

 

MIR-B1 0.24 25.85 725.23 152.02 

 

HAD-A2 1.39 110.01 653.69 145.27 

 

HAD-A1B 1.31 103.14 636.62 144.55 

 

HAD-B1 1.14 89.56 670.30 209.16 

 

CSI-A2 1.06 93.47 1086.26 261.94 

 

CSI-A1B 1.30 113.04 945.80 297.41 

 

CSI-B1 0.75 64.38 831.49 305.09 

 

Sierra Nevada Historical 1.29 61.11 986.22 471.67 

 

MIR-A2 2.13 123.16 608.60 84.79 

 

MIR-A1B 1.75 86.51 606.16 96.36 

 

MIR-B1 1.51 69.37 636.74 130.99 
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HAD-A2 1.65 76.21 635.49 131.59 

 

HAD-A1B 1.68 78.37 667.33 138.49 

 

HAD-B1 1.61 72.81 662.39 175.26 

 

CSI-A2 1.84 102.29 1084.60 262.49 

 

CSI-A1B 1.91 113.00 1042.86 331.34 

 

CSI-B1 1.41 70.96 866.98 302.03 

 

Central California 

Foothills Historical 3.01 21.28 312.26 0.60 

 

MIR-A2 3.01 30.68 223.68 0.00 

 

MIR-A1B 3.02 30.75 208.76 0.00 

 

MIR-B1 2.73 22.03 213.53 0.00 

 

HAD-A2 3.12 32.84 212.43 0.01 

 

HAD-A1B 3.01 24.37 217.17 0.00 

 

HAD-B1 3.13 37.87 200.95 0.08 

 

CSI-A2 2.63 25.36 443.91 0.01 

 

CSI-A1B 2.96 27.48 409.00 0.01 

 

CSI-B1 3.34 48.94 301.10 0.02 

 

Central California 

Valley Historical 4.85 8.65 82.28 0.00 

 

MIR-A2 5.10 7.28 54.95 0.00 

 

MIR-A1B 5.33 7.83 48.89 0.00 

 

MIR-B1 5.28 7.80 52.00 0.00 

 

HAD-A2 5.33 8.03 52.59 0.00 

 

HAD-A1B 5.37 7.89 55.66 0.00 

 

HAD-B1 5.17 7.77 51.10 0.00 

 

CSI-A2 5.32 10.77 130.29 0.00 

 

CSI-A1B 5.39 10.32 117.28 0.00 

 

CSI-B1 5.23 9.16 82.29 0.00 

 

Eastern Cascades 

Foothills Historical 1.28 36.08 285.11 180.48 

 

MIR-A2 2.26 76.53 187.82 18.35 

 

MIR-A1B 2.20 64.42 177.73 20.64 

 

MIR-B1 1.38 44.73 185.98 32.54 

 

HAD-A2 2.06 49.01 155.02 36.36 

 

HAD-A1B 1.88 46.98 153.09 36.00 

 

HAD-B1 1.71 43.65 169.04 63.74 

 

CSI-A2 1.76 58.06 320.89 68.45 

 

CSI-A1B 1.78 58.62 274.29 91.25 

 

CSI-B1 1.23 35.39 236.26 102.54 
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Central Great Basin Historical 3.18 9.09 72.64 76.67 

 

MIR-A2 2.54 11.65 31.94 9.41 

 

MIR-A1B 2.19 9.23 30.12 11.49 

 

MIR-B1 2.27 8.62 31.24 17.23 

 

HAD-A2 2.32 9.19 33.22 17.72 

 

HAD-A1B 2.29 10.30 37.68 17.67 

 

HAD-B1 2.25 9.61 37.30 27.01 

 

CSI-A2 3.59 14.18 75.80 37.23 

 

CSI-A1B 3.68 16.76 76.93 51.49 

 

CSI-B1 3.09 12.22 59.78 48.29 

 

Klamath Mountains Historical 0.97 36.73 1208.60 127.64 

 

MIR-A2 2.35 121.18 1043.64 5.11 

 

MIR-A1B 2.19 94.34 1005.82 5.92 

 

MIR-B1 1.41 54.62 1048.73 9.96 

 

HAD-A2 1.91 90.72 893.69 16.83 

 

HAD-A1B 1.93 87.37 866.84 17.91 

 

HAD-B1 1.83 79.04 904.74 37.45 

 

CSI-A2 1.71 86.96 1490.41 25.59 

 

CSI-A1B 1.78 87.43 1301.22 36.63 

 

CSI-B1 1.71 84.36 1152.04 42.15 

 

Northern Great 

Basin Historical 2.87 16.31 100.95 121.50 

 

MIR-A2 3.43 19.84 51.52 11.93 

 

MIR-A1B 3.57 18.67 48.30 16.06 

 

MIR-B1 2.79 14.72 51.36 25.10 

 

HAD-A2 3.50 16.66 40.97 28.93 

 

HAD-A1B 3.24 15.97 43.06 27.45 

 

HAD-B1 3.25 16.42 51.06 48.45 

 

CSI-A2 3.34 24.35 102.64 55.75 

 

CSI-A1B 3.63 26.35 92.69 77.19 

 

CSI-B1 2.81 16.00 79.16 85.87 
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Appendix D.  Supplemental data. 

Additional datasets and figures may be found at databasin.org.  

 



 
 

  

 


