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ABSTRACT

Forests have the potential, in particular through targeted management, to contribute

to the stabilization and drawdown of greenhouse gases via carbon sequestration and

storage. To identify management actions that will maximize carbon drawdown over

the long term, foresters need models that accurately and precisely represent forest

responses to changing climate. The most widely used growth and yield model in

the US, the Forest Vegetation Simulator (FVS), does not include the direct effect

of climate variation on tree growth. We incorporated the effects of climate on tree

diameter growth by combining tree-ring data with forest inventory data to param-

eterize a suite of alternative models of the growth of three dominant tree species in

the arid and generally climate-limited U.S. state of Utah. These species, Pinus pon-

derosa, Pseudotsuga menziesii var. glauca, and Picea engelmannii, encompass the

full elevational range of montane forest types. The alternative models differ progres-

sively from the current decadal time-step FVS large-tree diameter growth model,

first through changing to an annual time step, then by adding interannual climate

effects, followed by model simplification (removal of model terms), and finally, com-

plexification, with the addition of effects of spatial variation in climate and two-way

interactions between terms. We validated diameter growth predictions from these

models with independent observations, evaluating model performance in terms of

accuracy, precision, and bias. We then compared predictions of future growth made

by the existing large-tree diameter growth model used in FVS, i.e., without climate

effects, to those of our updated models, including those with climate effects. We

found that less complex models of tree growth outperform the current FVS model,

and that the incorporation of climate effects improves model performance for two

out of three species, in which predicted growth is greater than observed growth.

Tree rings can be used to identify and incorporate drivers of growth variation into a
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stand-level growth and yield model, giving more accurate predictions of the carbon

uptake potential of forests under climate change.
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1

Introduction

Though the combustion of fossil fuels since the Industrial Revolution has driven an

increase in atmospheric carbon dioxide, this increase is not equal to the amount

released by fossil fuel combustion. About half of anthropogenic emissions of carbon

dioxide have been sequestered by the ocean and the terrestrial biosphere (Le Quéré

et al., 2018). Of these two, the carbon sink of the terrestrial biosphere is less easily

characterized and understood. By calculating the carbon flux of the atmosphere and

ocean, it is estimated that the terrestrial biosphere removes from the atmosphere

about one third of anthropogenic carbon emissions (Le Quéré et al., 2015). But

because the factors and processes governing carbon sequestration by the terrestrial

biosphere are not well characterized or understood, projections of the land uptake

of carbon dioxide in the face of changing climate are uncertain (Friedlingstein et al.,

2014). In particular, it is unknown whether terrestrial ecosystems will shift from be-

ing a carbon sink to a carbon source, the latter of which would lead to a destabilizing

feedback on the climate system (Bonan, 2008).

Forests comprise one of the most important carbon pools in the terrestrial bio-

sphere, and are estimated to account for a net global sink of 1.1 ± 0.8 Pg C year–1

(Pan et al., 2011). Simulation of forest response to changing conditions (e.g., cli-

mate) is key to be able to anticipate and influence (maintain and even enhance) the

ecosystem services provided by forests, including carbon storage and sequestration.

With advances in computational capacity, models of forest dynamics increasingly

have the ability to represent the many processes that influence forest structure,

composition, and function, such as climate variation and natural disturbances (Snell

et al., 2014; Shifley et al., 2017; Albrich et al., 2020). These models can provide

decade-scale predictions based on forest conditions and alternative scenarios, includ-

ing management. However, models must accurately and precisely represent drivers
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of forest change, particularly at a scale that is relevant to forest management, to

be used to anticipate how much forests can contribute to climate repair. That is,

validated models can be used to guide management decisions aimed at creating ad-

ditional carbon sequestration and storage over long time scales, which is necessary

for forests to act as a negative emissions pathway, as delineated under the War-

saw Framework on REDD+, or negative emissions technology, as described in a

recent National Academies of Sciences, Engineering, and Medicine report National

Academies of Sciences and Medicine (2019).

Forest growth and yield models that simulate forest dynamics at a stand scale

have a long history of use in guiding management decisions, as well as advancement,

by incorporating greater complexity to better represent forest dynamics (Weiskittel

et al., 2011; Shifley et al., 2017). This lineage of forest models began with whole-

stand models, dating back to the 1930’s (MacKinney et al., 1937), followed by yield

tables (Vuokila, 1965; Curtis, 1972) and differential growth equations (Buckman,

1962). These models were originally used to represent single-species, even-aged

stands, i.e., plantations (Garćıa, 1984, 1994). The dynamics of uneven-aged for-

est stands were then addressed with forest models that simulate size-structured

responses, such as matrix (Leslie, 1945; Usher, 1966, 1969; Buongiorno and Michie,

1980) and diameter-class (Ek, 1974; Hann, 1980) models. Subsequently, models

that simulate tree-level responses to environmental conditions (Stage, 1973; Ek and

Monserud, 1974; Wykoff et al., 1982) made it possible to capture the dynamics of

both mixed-species (Porté and Bartelink, 2002) and uneven-aged (Peng, 2000) forest

stands. Individual-tree growth and yield models have become the preferred method

for forward projection of natural forest stand dynamics since the 1970s and 1980s.

They have undergone extensive parameterization and validation to satisfactorily rep-

resent the competition-driven self-thinning process characteristic of closed-canopy

forest stand development (Weiskittel et al., 2011).

The Forest Vegetation Simulator (FVS) is the forest growth and yield model

most widely used in the United States (Dixon, 2002). FVS is an individual-tree

model which uses tree and plot inventory data to simulate the growth, mortal-
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ity, and response of a forest stand to silvicultural treatments, including thinning

and prescribed fires (Crookston and Dixon, 2005). It is not spatially explicit; it

is distance-independent. Further, it is an empirical model; the base models, such

as growth, are parameterized or calibrated with regionally sourced data. There

are 20 regional variants that are used to simulate silvicultural treatments, making

the expected consequences of different management actions easy to compare in a

multiple scenario framework, as required by the National Environmental Policy Act

of 1969. Here, we focus on the growth component of FVS, specifically the diame-

ter growth model, because it strongly influences stand development in simulations

(Dixon, 2002), and it is a measure of carbon sequestration.

Only recently has it become possible to evaluate climate change impacts in FVS,

with an extension called Climate-FVS (Crookston et al., 2010). Climate-FVS uses

estimates of climatic suitability from species-level environmental envelopes (e.g., Re-

hfeldt et al. 2006) to modify forest dynamics, including tree-level growth. That is,

climate responses are determined by modeling a species’ occurrence data as a func-

tion of climate. This use of bioclimatic envelope models relies upon a series of hy-

potheses about the ecological niche (Hutchinson, 1957), and in particular about the

relationships between environment, vital rates, population growth rate, abundance,

and occurrence. The first, the abundant-center hypothesis, is that environmental

conditions for a species are optimal at the center of its geographic range where

abundance is also highest (Brown, 1984). Recognizing that abundance is a func-

tion of population growth rate, which is determined by underlying vital rates (i.e.

birth, growth, mortality), a related hypothesis is the central-marginal or central-

periphery hypothesis, which predicts that demographic performance, including in-

dividual growth, should decrease from the niche optimum to its edge (Maguire Jr,

1973; Hutchinson, 1978). However, these hypotheses are not widely supported; a

recent review found little evidence that demographic performance decreases at range

edges (Pironon et al., 2016). Instead, evidence has accumulated that the climate

optimum for occurrence or abundance is frequently not the same as the optimum

for underlying vital rates like growth (McGill, 2012; Thuiller et al., 2014; Pironon
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et al., 2018; Bohner and Diez, 2019; Pagel et al., 2020). Hence, occurrence data

may be a misleading way to anticipate how tree growth should respond to shifting

climate.

Further, this species-level approach also does not account for variation in cli-

mate response across a species’ geographical distribution or across environmental

gradients, of which there is abundant evidence from forestry provenance trials (Lan-

glet, 1971; Aitken and Bemmels, 2016). Climate-FVS can also be used to modify

tree growth as a function of changing climate based on population-level climate re-

sponses estimated from such provenance tests (Leites et al., 2012), which are ideal

for separating genetic vs. plastic responses (Alberto et al., 2013; Housset et al.,

2018). However, these response functions are based on the cumulative growth of

trees a certain number of years after they were planted, in response to the climate

they experience in the common garden location (Leites et al., 2012). Therefore, the

climate response estimated is average growth in response to average climate, and

how that varies with provenance. Further, while there is a long history of forestry

provenance trials(Langlet, 1971), there is a small number of species with suitable

provenance data. Therefore, Climate-FVS applies the climate responses of a few

species to others using two categories of climatic niche breadth (specialist vs. gen-

eralist; Crookston et al. 2010). This is a coarse representation of population-level

responses to average climate conditions.

An alternative approach to model the effect of climate variation on individual tree

growth is to use the response to climate variability recorded in annual growth rings

((Martin-Benito et al., 2011)). Tree rings sampled over a broad spatial scale can

be used to quantify intraspecific (population-level) heterogeneity in average growth

rate and the sensitivity of growth to interannual climate variability (McCullough

et al., 2017; Canham et al., 2018; Klesse et al., 2020). That is, tree rings offer an

empirical way to estimate species-specific responses to temporal and spatial vari-

ability in climate. Tree cores are collected easily and without harm to the tree with

an increment borer, a tool that was invented by a forester with both practical and

scientific intent, i.e., to explore environmental influences on tree growth (Somerville,
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1891). However, this original intent has been far from fully realized. In forestry,

the use of tree-ring data has largely been limited to estimating recent 5- or 10-yr

diameter increment, as well as stand age. In dendrochronology, or more specifically

dendroclimatology, tree-ring data have been used to reconstruct past climate, and

in doing so, information on tree and stand conditions are removed through stan-

dardization, or detrending. That is, foresters have not fully utilized the information

in annually resolved growth rings, in particular the climate response (Park Williams

et al., 2013; Babst et al., 2017, 2019; Dannenberg et al., 2019), while dendrochronol-

ogists have focused on the climate response, but in terms of the relative rather than

absolute width of growth rings. We fill this gap by using the information contained

in absolute ring-widths on an individual tree’s response to interannual variation in

climate, tree, and stand conditions to incorporate climate-sensitivities into the FVS.

This update offers an important path forward for forest growth and yield models

to improve understanding of tree growth and hence prediction of how tree growth

will respond to climate change, including how climate responses might interact with

other drivers of variation in absolute tree growth.

Indeed, tree growth is understood to be a complex process. This is acknowledged

by dendrochronologists in the form of Cook’s aggregate model of tree growth (Cook,

1985), in which growth is a function of climate-related variability, tree age or size, the

endogenous forest process of self-limiting growth (e.g. competition), and exogenous

disturbances (e.g. fire or insect spread). In FVS, this complexity is addressed by

including many predictors of tree growth, which we group into three categories: tree-

level characteristics (size and vigor), site-level biophysical variables, and competition

variables. However, including many predictors does not necessarily lead to more

accurate predictions of growth (Pokharel and Froese, 2008). We use this opportunity

to not only refit the diameter growth model in FVS with tree rings and add climate

effects, but also consider species-specific structural changes to the representation of

the process of tree growth. Specifically, we reexamine which predictors are needed to

best predict tree growth. Is the current model structure overly complex by including

uninformative predictors, e.g. collinear terms, or does it fail to capture important
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complexity by not including certain effects, e.g. interaction terms?

Thus our aim is to build a climate-sensitive and parsimonious version of the

large-tree diameter growth model currently used in FVS, based on tree-ring and

forest inventory data. With this goal in mind, we designed a suite of alternative

models to (1) test the effect of using tree rings to model growth on an annual time

step (annualization); (2) test the effect of adding interannual climate variation as

a predictor of growth variation; (3) test simpler models of the drivers of growth

variation, eliminating terms currently used in FVS’s large-tree diameter growth

model, and finally (4) test for complexity (spatial heterogeneity, interaction effects)

beyond what is currently considered by FVS. With this suite of alternative models,

we ask: 1) does the use of tree-ring data improve model performance in terms of the

accuracy (root mean square error, RMSE), precision (adjusted R2), and bias (slope)

of growth predictions compared to out-of-sample observations? 2) What are the

important drivers of growth variation estimated from tree-ring and forest inventory

data? 3) How do predictions of future growth with improved growth models differ

from predictions based on the base FVS model without climate effects? At each

stage, we explore species-specific improvements upon the FVS growth model in

terms of model performance and understanding of the drivers of tree growth.
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2

Materials and Methods

2.1 Growth and Yield Model

Of the Interior West regional variants of FVS, we chose the Utah variant (Keyser

and Dixon, 2019) as a testing framework for the incorporation of tree-rings into

FVS, because it is well calibrated (DeRose et al., 2017). In the Utah variant, large-

tree (>3 inches) diameter growth model is a multiple regression with the following

functional form:

ln(dds) = b1 + (b2 ∗ SI) + (b3 ∗ sin(ASP–0.7854) ∗ SL)

+ (b4 ∗ cos(ASP–0.7854) ∗ SL) + (b5 ∗ SL)

+ ((b6 ∗ SL2) + b7 ∗ ln(DBH))

+ (b8 ∗ (BAL/100)) + (b9 ∗ CR) + (b10 ∗ CR2)

+ (b11 ∗DBH2) + (b12 ∗ PCCF ) + (b13 ∗ (CCF/100))

(2.1)

Where dds is 10-year predicted change in squared inside-bark diameter (inches2)

(Dixon, 2002), and b are the estimated effects of each predictor (regression coeffi-

cients), with b1 an adjustment based on forest location (FVS LOC CD), and b2 an

adjustment based on the dominant species in the stand. The covariates in this model

fall into three categories. First are site-level biophysical variables, including slope

(SL), aspect (ASP) and site index (SICOND). The terms sin(ASP–0.7854)* SL and

cos(ASP–0.7854)* SL describe solar radiation by eastness and northness, respec-

tively. SICOND is a measure of site quality, and represents the biomass production

potential (Monserud, 1984). Second are variables concerning tree-level attributes:

tree size (diameter at breast height, DBH) and a metric of tree vigor, crown ratio

(CR). Third are variables capturing the competitive environment, either relative
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to the focal tree (total basal area of live trees larger than the focal tree, BAL), of

nearest neighbors (crown competition factor on a subplot, PCCF), or of the entire

stand (crown competition factor on a plot, CCF). Each of these covariates is listed in

Table 2.1 with a description, units, and their source (either obtained or calculated).

The species-specific growth models used in the Utah variant of the FVS (Eq. 2.1)

were originally based on the Prognosis model (Wykoff et al., 1982), and have since

been updated as more data have become available (Keyser and Dixon, 2019).

Table 2.1: Covariates in the base FVS large-tree diameter growth model (Keyser

and Dixon, 2019), with description and the source, either obtained from the FIADB

(Burrill et al., 2018) or calculated, for each.

Acronym Name Description Source

DBH Diameter at breast

height

Bole measured in

inches at 1.3 m above

ground

FIADB Tree Table

CR Compacted crown

ratio

Percentage (0 - 100)

of the height of a tree

with live foliage

FIADB TREE

Table; change is

calculated using the

Weibull distribution

(Dixon, 1985)

SI Site index Average height in

feet the site species

(SISP) is expected

to attain in well-

stocked, even-aged

stands at a specified

base age (SIBASE)

FIADB Condition

Table

SL Slope angle To the nearest 1 per-

cent

FIADB Condition

Table
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ASP Aspect To the nearest 1 de-

gree

FIADB Condition

Table

PCCF Crown competition

factor on the subplot

Measure of relative

competition on the

subplot expressed as

percentage per acre

Calculated as the

summation of indi-

vidual tree crown

competition factor

(Krajicek et al.,

1961; Keyser and

Dixon, 2019)

CCF Stand crown compe-

tition factor

Measure of rela-

tive competition

expressed as percent-

age per acre

Calculated as the

summation of indi-

vidual tree crown

competition factor

(Krajicek et al.,

1961; Keyser and

Dixon, 2019)

BAL Basal area of trees

larger than the sub-

ject tree

Measure of absolute

competition from

above in square feet

per acre

Calculated from

DBH

SDI Stand density index Measure of stand

stocking, trees per

acre at a 25 cm DBH

index

Calculated using the

summation method

(Stage, 1968; Shaw,

2000)

2.2 Data

We recalibrated the large-tree diameter growth model using tree- and plot-level data

obtained from the Forest Inventory and Analysis database (FIADB; Burrill et al.
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2018). The FIA program was mandated in 1928 with the goal of collecting data

to characterize the status and trends of forested lands in the U.S., and hence its

sampling was designed to be representative of the range of forest conditions in each

state. Inventories were conducted periodically on a state-by-state basis until the

passage of the 1998 Farm Bill, which mandated a standardized sampling approach

and annual data collection nationwide. That is, trees are sampled based on a na-

tionally standard fixed area radius plot design and a subset (10 - 20 percent) of plots

in each state are inventoried every year, leading to more consistent data collection

across the U.S under the annualized design. Under the periodic design, sampling

approaches varied, including both fixed-radius and variable-radius plot designs. A

point-based sample using a variable radius prism selects sample trees according to

their size and distance from the sampling point. Trees used in calibrating models

were collected during periodic inventories before 1999, mostly between 1988 and

1995, while model validation and projection of future growth were conducted with

FIA data collected after 1999. The distribution of tree size for each data set ranged

from 3 to over 30 inches (Figure 2.1).

Increment cores sampled in FIA’s network of permanent sample plots throughout

the interior western United States before 2000 were recently discovered and com-

piled into a tree-ring data network (DeRose et al., 2017). Although tree-ring data

from the open-access International Tree Ring Data Bank (ITRDB) are widely used

for dendrochronology studies, analyses of the sensitivity of tree growth to climate

variability comparing data from the ITRDB against these FIA tree-ring data showed

that climate sensitivities are systematically higher when estimated from the ITRDB,

suggesting that targeted sampling of climate-sensitive trees makes this database bi-

ased (Klesse et al., 2018). The unbiased FIA tree-ring data set, both in terms of

tree and stand conditions, presents a unique opportunity to use the rich information

on climate effects recorded in annual growth rings, complemented by inventory data

from their associated forest plots, to parameterize FVS growth models.

Increment cores collected on FIA plots were taken from tree species with a ma-

jority representation on the plot in terms of relative density, or stocking (Arner
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Figure 2.1: Diameter at breast height (DBH) distribution of the data used for
calibrating (parameterizing) models, validating models, and using models to project
future growth. Vertical dashed line represents the mean DBH.
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et al., 2001). The information in these cores was originally used in the calcu-

lation of 10-year diameter increment and site index (DeRose et al., 2017). The

ring-width time series data used here were developed from these increment cores

by repreparing the samples, crossdating, and measuring ring widths according to

standard dendrochronology protocol (Speer, 2010), as described in (DeRose et al.,

2017). In particular, the process of crossdating is essential to assign and verify the

year of growth ring formation (Black et al., 2016). These ring-width time series data

were joined with their associated FIA plot data through a tree code that uniquely

represents an individual tree in a given measurement year and location.

We used tree-ring and forest inventory data to parameterize species-specific

growth models for the three most abundant tree species in both the tree-ring data

network and in Utah forests, Douglas-fir (Pseudotsuga menziesii var. glauca Franco)

(n = 111), ponderosa pine (Pinus ponderosa Lawson & C. Lawson) (n = 69), and

Engelmann spruce (Picea engelmannii Parry ex. Engelm.) (n = 85), which provided

a greater sample size to estimate effects. These species encompass the full eleva-

tional gradient of montane forests, which is positively correlated with precipitation

and negatively correlated with temperature (Figure 2.2). Engelmann spruce occurs

at high elevations and is the most shade tolerant, followed by Douglas-fir and pon-

derosa pine, respectively. Douglas-fir has the widest elevational range; this species

can be found in low elevation canyons and on high elevation south-facing slopes.

The distribution of sampled trees is evenly dispersed across Utah forested land with

the exception of the drought tolerant ponderosa pine, which is concentrated in the

southern region of Utah. Similarly to the evelational correlation, the latitudinal

gradient is negatively correlated with temperature. Thus, climate effects associated

with latitudinal and elevational gradients influence these species distributions

Climate data at 4-km resolution were downloaded from the PRISM Climate

Group (Daly et al., 2008). Historical (1895-1980) and recent (1981-present) monthly

total precipitation (mm), minimum average temperature (◦C), and maximum aver-

age temperature (◦C) were obtained from January 1985 to May 2020. Mean annual

precipitation and mean annual temperature (◦C) covering the period 1981 to 2010
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Figure 2.2: The distribution of trees from the calibration data set across the US
state of Utah (a) as well as the average annual precipitation in millimeters (b) and
monthly maximum temperature in degrees Celsius (c) experienced by each tree since
1960 in relation to its elevation in feet.
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were obtained as climate normals, representing average climate conditions. We

used the online archive of Downscaled CMIP3 and CMIP5 Climate and Hydrology

Projections to obtain future climate from an ensemble of CMIP5 climate models.

Specifically, we downloaded the BCSD-CMIP5-Hydrology projections of monthly

precipitation (mm) and maximum temperature (◦C) at 1
8

degree resolution (ap-

proximately 12 km by 12 km) for all available climate models and representative

concentration pathways (RCP) (Reclamation, 2014). Climate data were extracted

using FIA plot-level latitude and longitude coordinates. To protect forest landown-

ers, latitude and longitude coordinates that are available to the public are truncated,

or ‘fuzzed,’ but are assumed to be within one kilometer of actual locations (Tinkham

et al., 2018). Coordinate fuzzing has been shown to not affect species-level climate

correlations (Gibson et al., 2014), although it may obscure fine-scale correlations

with terrain attributes (Prisley et al., 2009).

2.3 Calibration

2.3.1 Annualization of focal tree size using tree rings

The first step towards incorporating climate data into the large-tree diameter growth

model was the annualization of the data used to calibrate the model - that is, con-

verting the time step the model operates on from ten years to one year - starting

with the size (DBH) of trees from which increment cores were collected. DBH

was obtained for the year of measurement from the FIADB (Table 2.1) and back-

calculated using the ring-width data for each of these trees. To calculate DBH of the

previous year, diameter increment (two times the width of the annual growth ring),

adjusted by a species-specific bark growth factor (Keyser and Dixon, 2019), was

subtracted from the DBH measurement (Dixon, 2002). This process was repeated

to back-calculate DBH each year for 30 years or until the first year of ring-width

measurements, whichever came first. We truncated tree-ring time series at a maxi-

mum of 30 years prior to the measurement year (going backwards in time). We chose

this threshold as a compromise between maximizing the information on climate re-

https://gdo-dcp.ucllnl.org/downscaled_cmip_projections
https://gdo-dcp.ucllnl.org/downscaled_cmip_projections


27

sponses and minimizing the increasing uncertainty associated with reconstructing

past forest conditions, such as the competitive environment (sometimes known as

the “fading record”; Swetnam et al. 1999).

2.3.2 Back-calculation of time-varying predictors of growth

In order to back-calculate dynamic (time-varying) tree- and site-level predictors

of tree growth for each year, annual DBH was needed for every tree on a plot,

including trees that were not sampled for tree rings. Trees without increment cores,

which contribute to the competitive environment by their presence on the plot,

are referred to as ”non-focal” trees. To back-calculate DBH for non-focal trees, we

applied the basal area ratio (BAR) method used by FVS to impute missing diameter

measurements (Dixon, 2002). We estimated annual basal area ratio change specific

to our dataset by calculating BAR for each pair of years for each tree with an

increment core.

BAR = DBH2
0/DBH

2
1 (2.2)

We then assigned an average BAR to each non-focal tree, first based on matching

plot and species, then species, and finally, an average across all plots and species.

Average BAR was then used to back-calculate DBH every year for non-focal trees.

DBH0 =
√
BAR ∗DBH2

1 (2.3)

Once we obtained back-calculated values of DBH for non-focal trees, we annu-

alized the competition variables that depend on the number and size of trees on a

plot or subplot, which included BAL, PCCF and CCF (defined in Table 2.1). In

addition, we calculated time-varying stand density index (SDI) using the summa-

tion method (Stage, 1968; Shaw, 2000). That is, stand density was calculated as the

summation of individual tree diameters rather than an expansion of an average-sized

tree (Reineke, 1933).
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Which trees were included in the calculation of BAL, PCCF, CCF, and SDI

depended on the sampling design. Most trees in the calibration data set were sam-

pled on plots using a variable-radius design. Consistent with this variable-radius

design, we calculated the distance from the sampling point for which a tree would

be included in the sample, or limiting distance, which is based on its back-calculated

DBH and the plot-specific basal area factor (BAF; Burrill et al. 2018). If the dis-

tance of the tree from the sampling point was larger than the limiting distance, that

tree was dropped from the data set. The expansion factor, trees per acre (TPA),

which is used to scale competition variables to a per-acre basis, was also updated

annually based on DBH (Burrill et al., 2018). On fixed-radius plots, all trees were

retained and TPA was assumed to remain constant over time.

A final step in the back-calculation of the competitive environment was to ex-

plicitly account for recently dead trees. To account for past competition from these

trees, we included recently dead trees, under the assumption they had died in the 10

years before plot measurement (US Department of Agriculture, 2020). These trees

were randomly assigned a mortality year from zero to 9 years prior to the measure-

ment year and included in the calculation of competition metrics in the years prior

to their death.

Compacted crown ratio (CR), the percentage of the total height of a tree with

live foliage (Burrill et al., 2018), should change over time as a tree increases in height

and the surrounding competitive environment changes. CR was extracted from the

FIADB (Table 2.1) for the measurement year and back-calculated using the Weibull

distribution method described by Dixon (1985). CR change was constrained to one

percent per year, as it is in FVS, to avoid large changes (Keyser and Dixon, 2019).

2.3.3 Time-invariant predictors of growth

We treated slope (SL), aspect (ASP), and (SICOND) as constant over time. We

also fit growth models with CR treated as constant, because we found poor corre-

spondence between forward-calculated CR and observations of CR from inventories

after 1999. Values of these time-invariant variables were obtained directly from the
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FIADB (Table 2.1) for the measurement year (Burrill et al., 2018) for each tree and

repeated for each year of growth.

2.3.4 Calculation of tree growth

We calculated annual dds (in2) from ring width (RW) observations in mm using

(Dixon, 2002; Stage, 1973):

dds = (dib+ (2 ∗ (RW ∗ 0.0393701)))2 − dib2 (2.4)

Where dib is inside bark diameter at the beginning of the growth interval.

Missing values in the calibration data set were either corrected or the observation

was removed. Missing rings (RW = 0, dds = 0) were replaced with the smallest

ring-width measurement for that tree, to avoid taking the log of zero in regression

models and as an alternative to choosing an arbitrarily small number to add to all

observations. Site index was corrected when site species (SISP) associated with the

site index on the condition (SICOND) did not match the species of the tree being

modeled. This correction was done by cross matching plots from the periodic to

annual design and extracting the appropriate site index (SICOND) for the species.

2.3.5 Model building - a series of tests

We fit a series of regression models of tree growth to systematically test whether up-

dates to the current FVS large-tree diameter growth model (Eq. 2.1) improve model

inference and prediction. The first was parameterized using the tree-ring data with-

out modeling the effect of interannual climate variation on diameter growth, but

including all terms in Eq. 2.1 (full annual), whereas the second also included the

direct effect of climate (full climate). Hence the former tested the effect of annu-

alizing growth with tree rings, while the latter tested the effect of incorporating

climate sensitivities recorded in tree-rings. We then tested models of reduced com-

plexity through stepwise removal of non-significant terms in Eq. 2.1 (reduced annual

and reduced climate) to assess if all the terms in Eq. 2.1 are useful for predicting
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annual growth. Finally, we added complexity to the reduced model versions, includ-

ing spatial variation in climate normals (climate normals), and two-way interactions

(normals + interactions) between model terms. As in the large-tree diameter growth

model currently used in FVS (Eq. 2.1), all the models we built are multiple linear

regressions that predict tree growth as a function of covariates (Tables 3.1, 3.2, and

3.3). We first describe details of these multiple regression models that were common

across all model versions, followed by details about the model versions.

The response variable in the regression was log-transformed to correct for right

skew. Although a generalized linear (mixed) model with a gamma distribution and a

log link is often used to satisfy the assumption of normality for positive, right-skewed

data, we used a linear (mixed) modeling of log-transformed dds to ease integration

of model output into the FVS. In addition, residual analysis showed no improvement

in a model with a gamma distribution and log link. Covariates were standardized

by mean-centering and dividing by standard deviation, which facilitates model con-

vergence and allows model coefficients to be interpreted as standardized effect sizes

(Schielzeth, 2010). In order to standardize DBH and compare its effect against other

predictors, we did not log-transform DBH (diverging from Eq. 2.1).

To account for correlation or clustering within the data set, we used linear mixed

effects models, implemented in the R package lme4 Bates et al. (2015). Random

effects reflect different possible patterns of correlation (or pseudoreplication) in the

data. A random tree effect (tree-specific modification of the model intercept) was

tested to account for variation among trees in average growth rate (dds); a random

year effect (also an intercept modification) tested for systematic variation in growth

rate among years not accounted for by climate predictors. Tree random effects were

not nested within plot random effects because there was little to no replication

of trees sampled for tree rings per plot. Tree random effects nested within forest

location random effects were tested as an analog of the location intercept adjustment

in the current FVS model (b1 in Eq. 2.1). We tested random effect structures with

likelihood ratio tests, where the null hypothesis is that the simpler model is adequate.

Model fit was further assessed for fixed effects using Akaike information criterion
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(AIC; Akaike 1974).

These mixed effects models take the general form:

Y = Xβ + Zu+ ε (2.5)

Where, Y is a vector of responses (ln(dds)), X is a matrix of predictor variables

(covariates, Tables 3.1, 3.2, and 3.3), β is a vector of the fixed-effects regression

coefficients (Figures 3.2, 3.4, and 3.6), Z is a matrix of the random effects and

groups (DBH, tree, year), u is vector of the random effects, and ε is a vector of

residuals.

2.3.6 Model versions

Compared to the annualized, tree-ring based model that was as similar as possi-

ble to Eq. 2.1 (full annual), the first set of species-specific model versions differ

by including climate data (full climate). For each species, we identified monthly

and seasonal precipitation and temperature variables that significantly influenced

growth using response function analyses in the R packages dplR (Bunn, 2008) and

treeclim (Zang and Biondi, 2015). Our strategy for selecting climate variables dif-

fered between precipitation and temperature. Because of high uncertainty among

climate models with respect to projected future precipitation, we preferred the use of

precipitation variables covering a longer rather than a shorter time window. While

preliminary analyses indicated seasonal precipitation variables had higher correla-

tions with ring-width variability and inclusion of these terms yielded lower AIC

scores in regressions, we chose to use as a predictor in the diameter growth model

total precipitation over a 16-month period for all species, with the idea that this may

make predictions of future growth more robust in the face of changes in the timing

of precipitation. Specifically, we chose a 16-month period that included the previous

and current growing season, from previous June to current September, to account

for significant lagged climate effects. In contrast, projected future temperature has
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lower uncertainty, so we chose to use the monthly or seasonal temperature variables

that most strongly correlated with ring-width index and gave the lowest AIC.

We then created reduced versions of these two groups of full-complexity models,

to test whether simpler growth models might improve model performance (reduced

annual and reduced climate). We eliminated covariates based on a lack of signifi-

cance at the p=0.05 level (R package lmerTest; Kuznetsova et al. 2017) and patterns

of collinearity determined by Variance Inflation Factor (VIF) with a threshold of 3

(R package car, Fox and Weisberg 2019), since the inclusion of multiple, collinear

predictors can make model inference unstable (Dormann et al., 2013). We retained

at least one competition covariate based on AIC score, even if it was insignificant at

the p=0.05 level, because we considered the density-dependent regulation of growth

necessary to capture forest stand development. In addition to the three competition

variables in Eq. 2.1 (BAL, PCCF, and CCF), we tested stand density index (SDI)

as a fourth alternative predictor. We also tested potential incoming solar radiation

(from the R package solrad; Seyednasrollah 2018), as an alternative to the northness

and eastness terms in Eq. 2.1 that combine aspect and slope. Finally, models with

constant crown ratio were tested. Based on AIC score, several reduced model ver-

sions for each species were chosen to test in validation. However, for ponderosa pine,

it was difficult to estimate effects given a small sample size, so we further tested

statistically non-significant predictors, including site index and slope, and required

the sign of the single competition coefficient retained to be negative, i.e., to match

an a priori understanding of how forest stand development proceeds.

After reducing the number of terms in growth models, we then explored models

with added complexity. First, we added climate normals to examine whether spatial

variation in mean annual precipitation and mean temperature affect growth (climate

normals). This model also included two-way interactions between climate normals

and the time-varying climate predictors, to evaluate possible spatial variation in

climate sensitivity caused by climate normals. Second, we included all two-way

interactions (normals + interactions). The final forms of reduced and climate normal

models were chosen after checking model performance through validation.
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2.4 Validation

We performed out-of-sample validation (Cawrse et al., 2010) of diameter growth by

comparing observed growth against predicted growth in trees independent of the

calibration data. Trees used in validation were selected from the FIADB based on

the following criteria: they had to be alive at two sequential measurements, larger

at the remeasurement, and on forested plots with just one forest condition. Under

these criteria, Douglas-fir (n = 891), ponderosa pine (n = 384), and Engelmann

spruce (n = 1144) trees selected for validation were from the annualized (post-

2000) design, which has a standardized fixed-radius sample design. Therefore, the

expansion factor (in terms of TPA) was kept constant, unlike in the calibration data

set where most plots had a variable-radius design.

All covariate data were obtained or calculated following the procedures used to

create the calibration data set, except DBH of nonfocal trees. Here, as in calibration,

nonfocal trees are other trees on a plot that constitute the competitive environment

for a focal tree. Linear interpolation between the first and second measurement

was used to annualize DBH of non-focal trees. If a tree died between the two

measurements, diameter was linearly interpolated between the first measurement

and the estimated year of death (given by the FIA variable MORTYEAR).

Growth of all focal trees was simulated from the initial measurement year to

the remeasurement year using the alternative species-specific models created from

the calibration data, including models listed in Tables 3.1, 3.2, and 3.3. That is,

DBH of focal trees was calculated by adding to the initial measurement of DBH

the diameter growth derived from model-predicted change in squared inside bark

diameter (dds). Only fixed effects were used in predicting dds. We also validated

the reduced models with various combinations of a radiation covariate (generated

from solrad) and slope that gave the lowest AIC score in calibration, as well as a

time-varying crown ratio vs. constant crown ratio.

We compared model-predicted diameter growth against observed diameter

growth, i.e., the difference in DBH between inventory measurements (approximately
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10-yr diameter increment), for all the tree-ring based model versions described above

as well as the current FVS large-tree diameter growth model, which we established

as a baseline for model performance. Model performance was quantified using three

metrics derived from a regression of observed (on the y axis) vs. predicted (on the

x axis) (Piñeiro et al., 2008) diameter increment: adjusted R squared (R2), root

mean square error (RMSE), and slope of the linear model. In these comparisons

between observed vs. predicted growth, higher performing models had a slope closer

to one, a higher value of R2, and a lower value of RMSE. We chose a subset of the

models that produced optimal values of these performance metrics for the next step,

projection of tree growth under climate change.

2.5 Projection

Trees selected from the FIADB for projection of tree growth included Douglas-fir

(n = 995), ponderosa pine (n = 460), and Engelmann spruce (n = 1340) in Utah

from the most recent inventory, measured in 2010 or after, and were alive and on

forested plots with just one condition. Trees with missing information that could

not be corrected were removed from the projection exercise.

Growth of validation trees was projected using four high-performing annualized

growth models: a model parameterized with tree-ring data and simplified based on

the significance of effects (reduced annual), this reduced model with time-varying

climate added as a predictor (reduced climate), followed by the previous model

with climate normals added (climate normals), and finally climate normals and

two-way interactions (normals + interactions). We stopped growth projections at

2060 due to the computational toll of repeated projection cycles. All covariates were

obtained from FIADB or calculated as in validation, except the DBH of non-focal

trees and climate data. Growth of non-focal trees was projected with FVS using 5-

year projection cycles, then annualized using linear interpolation. Projections in the

Utah variant of FVS included mortality, which is distributed across the expansion

factor (TPA) of each tree in a stand. Because of tree mortality, TPA was updated
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every year by linearly interpolating TPA output from FVS. In the models that

include climate as a predictor of growth, PRISM data were used for years before

2020, whereas beginning with the year 2020 (and after), downscaled projections of

future climate (Reclamation, 2014) were used. In total, models that included the

effect of climate (reduced climate, climate normals, normals + interactions) were

used to project tree growth using output from 50 different combinations of general

circulation model (GCM) and emissions scenario: 21 GCM projections under the

“green world” scenario of RCP2.6 and 29 GCM projections under the “business as

usual” scenario of RCP8.5 (see Table A1).

We then used two methods to compare relative growth rate predicted by four

updated growth models - reduced annual, reduced climate, climate normals, and

normals + interactions - against growth predicted by the current FVS large-tree

diameter growth model. Relative growth rate is calculated as the change in DBH

divided by the size of the tree (DBH) at the beginning of the growth projection pe-

riod. The first comparison was a paired-sample t-test to estimate the mean difference

in cumulative growth to 2060 for each growth model, GCM, and RCP combination.

Second, to examine differences in relative growth rate related to tree size, we used a

paired sample t-test to estimate the mean difference in cumulative growth to 2060 for

seven 5-inch diameter classes from 3 to 38 inches for each growth model, GCM, and

RCP combination. In both methods, we filtered for significant differences (p ¡ 0.05)

and further calculated the average difference for each emissions scenario (RCP2.6

or RCP8.5) for models with climate effects (reduced climate, climate normals, or

normals + interactions). Values above zero indicate the updated growth model pre-

dicted more growth than the current FVS model, whereas values below zero indicate

that the updated growth model predicts less growth than FVS.
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3

Results

3.1 Calibration

For each species, likelihood ratio tests failed to reject models with a random intercept

for each year and a random effect for each tree on the model intercept (average dds)

and the effect of diameter on dds (p <0.001). That is, the adequacy of models

with a simpler random effect structure was rejected, and the addition of a random

intercept for each tree nested within a forest (FVS LOC CD), which is analogous

to FVS’s use of forest location code to modify average growth, did not consistently

improve model fit to data across species.

Response function analyses revealed that precipitation was most strongly corre-

lated with ring-width index, especially previous summer and current summer pre-

cipitation across species (Figures 3.1, 3.3, and 3.5). The temperature covariate that

resulted in the lowest AIC score was average maximum temperature summarized

from February to July for Douglas-fir, average maximum temperature from June

to August for ponderosa pine, and average maximum temperature of the previous

August for Engelmann spruce.

Collinearity among covariates was limited (VIF <3.0); hence, none were dropped

for this reason. Instead, we kept covariates in reduced-complexity models (Tables

3.1, 3.2, and 3.3) based on statistical significance (alpha = 0.05) for explaining vari-

ation in growth and performance in validation. Competition covariates (BAL, CCF,

PCCF, SDI) did not consistently explain variation in growth across species. While

the current FVS large diameter growth model includes more than one competition

parameter for each species-specific model, we kept one competition variable for each

species-specific model in models annualized with tree-ring data, which was sufficient

to explain the negative effect of competition. We dropped the northness and east-
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ness radiation terms because their effects were not significant and were inconsistent

across species.

With standardized covariates across models, effect sizes were based on the mag-

nitude of the coefficient (Schielzeth, 2010). In all models, DBH had the largest effect

on diameter growth (Figures 3.2, 3.4, and 3.6). A positive effect of the linear term

and a negative effect of the quadratic term indicated that at the smallest DBH val-

ues, diameter increment increases with increasing DBH, whereas at larger values of

DBH, diameter increment declines with increasing DBH. This is consistent with the

current species-specific models of FVS that include both the linear and quadratic

effect of DBH. After DBH, the next-largest effects in the reduced models of Douglas-

fir and Engelmann spruce were crown ratio, site index, and slope (Figs. 1 and 3).

The effects of crown ratio and site index were positive, as in FVS’s current large tree

diameter growth model. The effect of slope was consistently negative when growth

was modeled on the basis of tree-ring data, whereas in the current large tree diam-

eter growth model, the effect of slope varies in sign (positive vs. negative) across

species. In the reduced model of ponderosa pine growth, the effects of site index and

slope were of similar magnitude compared to the effects of interannual precipitation

and temperature (Figure 3.4), whereas in reduced models of Douglas-fir and Engel-

mann spruce growth, interannual precipitation and temperature had smaller effects

than site index and slope (Figures 3.2 and 3.6). Across all three species, the effect

of precipitation on growth was positive, whereas the effect of temperature was nega-

tive, as expected. In addition, the interaction between interannual precipitation and

temperature was positive, implying that a higher value of one resulted in a greater,

more positive effect of the other. Variables describing competitive pressure (BAL,

CCF, SDI) had the smallest effect on diameter growth for all species (Figures 3.2,

3.4, and 3.6). While interannual climate and competition had small effect sizes, they

also had the smallest standard error estimates, indicating high confidence in those

effects. In all three species, adding climate normals to the growth model made the

interaction between interannual precipitation and temperature no longer significant.
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3.1.1 Douglas-fir

Temperature normals significantly affected variation (across space) in growth,

whereas precipitation normals did not (Figure 3.2). When climate normals were

added to the growth model, temperature normals became the largest, positive cli-

mate effect. The interaction between interannual precipitation and precipitation

normals and the interaction between interannual temperature and precipitation

normals was significant, which indicated significant spatial variation in the climate-

sensitivity of Douglas-fir growth. The former was a negative effect, implying that at

higher average precipitation there was less positive effect of precipitation on growth,

while the latter was a positive effect, implying that at higher average precipitation

there was a less negative effect of temperature on growth. The interaction of SDI

with both precipitation variables (interannual precipitation and precipitation nor-

mals) was significant. The interaction with interannual precipitation was positive,

implying that at high stand density there was a more positive effect of interannual

precipitation on growth, while the interaction with precipitation normals was nega-

tive, implying that at higher average precipitation there was a more negative effect

of competition on growth.

3.1.2 Ponderosa pine

Precipitation and temperature normals did not themselves explain variation in pon-

derosa pine growth, but interactions between climate normals and other variables

did significantly explain growth variation, including the interaction between inter-

annual precipitation and both precipitation and temperature normals, as well as the

interaction between BAL and precipitation normal (Figure 3.4). As with Douglas-

fir, the interaction between interannual precipitation and precipitation normal was

negative, while the interaction between interannual precipitation and temperature

normal was positive, implying that at higher average temperature there was a more

positive effect of precipitation on growth. The interaction between BAL and precip-

itation normal was negative, implying that at high average precipitation there was
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Table 3.1: Covariates of Douglas-fir models, including the current species-specific
FVS large tree diameter growth model (current fvs), a model parameterized with
tree rings that best matches the previous model (full annual), a model that adds
the effect of time-varying climate (full climate), and a model reduced based on the
significance of effects (reduced annual and reduced climate), with (+) indicating a
positive sign and (-) a negative sign on the coefficient estimate.

parameter
Current
FVS

Annual
Full

Climate
Full

Annual
Reduced

Climate
Reduced

DBH + + + + +
DBH2 0 − − − −

CR + + + + +
CR2 − + + 0 0
SI + + + + +
SL − − − − −
SL2 − − − 0 0

sin(ASP*0.7854)*SL + + + 0 0
cos(ASP*0.7854)*SL + − − 0 0

PCCF − − − 0 0
CCF 0 0 0 0 0
BAL − − − 0 0
SDI 0 0 0 − −

Precip 0 0 + 0 +
Temp 0 0 − 0 −

Precip:Temp 0 0 + 0 +



40

Figure 3.1: Monthly and seasonal (3 and 6 month) precipitation (primary) and
temperature (secondary) correlations with Douglas-fir ring width index.
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Figure 3.2: Estimates of standardized coefficients and their standard errors for
Douglas-fir growth models, including a model parameterized with tree rings that
best matches the current species-specific FVS large tree diameter growth model (full
annual), a model that adds the effect of time-varying climate (full climate), and a
model reduced based on the significance of effects (reduced annual and reduced cli-
mate). Also included are models which add complexity, such as climate normals
(climate normals) and two-way interactions (normals + interactions). Marginal ef-
fects of interaction terms on dds are plotted, including time-varying precipitation
and time-varying temperature, time-varying precipitation and precipitation normal,
time-varying temperature and precipitation normal, time-varying precipitation and
stand density index, and stand density index and precipitation normal. These plots
show one main effect (on the x axis) conditional on levels of the other main effect,
being the mean and one standard deviation above and below the mean.
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Table 3.2: Covariates of ponderosa pine models, including the current species-
specific FVS large tree diameter growth model (current fvs), a model parameterized
with tree rings that best matches the previous model (full annual), a model that
adds the effect of time-varying climate (full climate), and a model reduced based on
the significance of effects (reduced annual and reduced climate), with (+) indicating
a positive sign and (-) a negative sign on the coefficient estimate.

parameter
Current
FVS

Annual
Full

Climate
Full

Annual
Reduced

Climate
Reduced

DBH + + + + +
DBH2 − − − − −

CR + − + 0 0
CR2 + − − 0 0
SI + + + + +
SL + − − − −
SL2 + − − 0 0

sin(ASP*0.7854)*SL − − − 0 0
cos(ASP*0.7854)*SL − + + 0 0

PCCF − + + 0 0
CCF 0 0 0 0 0
BAL − − − − −
SDI 0 0 0 0 0

Precip 0 0 + 0 +
Temp 0 0 − 0 −

Precip:Temp 0 0 + 0 +

a more negative effect of competition on growth.

3.1.3 Engelmann spruce

Climate normals did not significantly explain growth variability, but the interactions

between interannual precipitation and both precipitation normal and temperature

normal were significant, as well as the interaction between interannual temperature

and temperature normal and between the competition variable BAL and interan-

nual precipitation (Figure 3.6). As with ponderosa pine, the interaction between

interannual precipitation and precipitation normal was negative, and the interac-

tion between interannual precipitation and temperature normal was positive. The
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Figure 3.3: Monthly and seasonal (3 and 6 month) precipitation (primary) and
temperature (secondary) correlations with ponderosa pine ring width index.
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Figure 3.4: Estimates of standardized coefficients and their standard errors for pon-
derosa pine growth models, including a model parameterized with tree rings that
is as similar as possible (in the terms included) to the current species-specific FVS
large tree diameter growth (full annual), a model that adds the effect of time-varying
climate (full climate), and a model reduced based on the significance of effects (re-
duced annual and reduced climate). Also included are models which add complex-
ity, such as climate normals (climate normals) and two-way interactions (normals
+ interactions). Marginal effects of interaction terms on dds are plotted, including
time-varying precipitation and time-varying temperature, time-varying precipitation
and precipitation normal, time-varying precipitation and temperature normal, and
BAL and precipitation normal. These plots show one main effect (on the x axis)
conditional on levels of the other main effect, being the mean and one standard
deviation above and below the mean.
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Table 3.3: Covariates of Engelmann spruce models, including the current species-
specific FVS large tree diameter growth model (current fvs), a model parameterized
with tree rings that best matches the previous model (full annual), a model that
adds the effect of time-varying climate (full climate), and a model reduced based on
the significance of effects (reduced annual and reduced climate), with (+) indicating
a positive sign and (-) a negative sign on the coefficient estimate.

parameter
Current
FVS

Annual
Full

Climate
Full

Annual
Reduced

Climate
Reduced

DBH + + + + +
DBH2 0 − − − −

CR + + + + +
CR2 + + + 0 0
SI + + + + +
SL + − − − −
SL2 0 0 0 0 0

sin(ASP*0.7854)*SL − + + 0 0
cos(ASP*0.7854)*SL − + + 0 0

PCCF 0 0 0 0 0
CCF − + + 0 0
BAL − − − − −
SDI 0 0 0 0 0

Precip 0 0 + 0 +
Temp 0 0 − 0 −

Precip:Temp 0 0 + 0 +

interaction between interannual temperature and temperature normal was negative,

implying that at higher average temperature there was a more negative effect of

temperature on growth. Finally, the interaction between BAL and interannual pre-

cipitation was positive, implying that at higher levels of competition there was a

more positive effect of precipitation on growth.

3.2 Validation

Across all species, the parameterization of growth models with tree-ring data im-

proved performance compared to the baseline FVS large-tree diameter growth model
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Figure 3.5: Monthly and seasonal (3 and 6 month) precipitation (primary) and
temperature (secondary) correlations with Engelmann spruce ring width index.
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Figure 3.6: Estimates of standardized coefficients and their standard errors for En-
gelmann spruce growth models, including a model parameterized with tree rings
that is as similar as possible (in the terms included) to the current species-specific
FVS large tree diameter growth (full annual), a model that adds the effect of time-
varying climate (full climate), and a model reduced based on the significance of
effects (reduced annual and reduced climate). Also included are models which add
complexity, such as climate normals (climate normals) and two-way interactions
(normals + interactions). Marginal effects of interaction terms on dds are plotted,
including time-varying precipitation and time-varying temperature, time-varying
precipitation and precipitation normal, time-varying precipitation and temperature
normal, time-varying temperature and temperature normal, and time-varying pre-
cipitation and BAL. These plots show one main effect (on the x axis) conditional
on levels of the other main effect, being the mean and one standard deviation above
and below the mean.
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(Figure 3.7), in terms of adjusted R2, RMSE, and slope of the regression of observed

vs. predicted diameter growth increment. Among the models parameterized with

tree-ring data, reduced models had higher performance across all three validation

metrics than full models that included all the covariates in the current FVS model.

3.2.1 Douglas-fir

The reduced-complexity model parameterized with tree-ring data that did not in-

clude the effect of climate (reduced annual) performed the best by optimizing R2,

RMSE, and match between observed vs. predicted diameter growth increment (Fig-

ure 3.7). This was only a slight improvement on the baseline FVS large-tree diameter

growth model. Indeed, the performance of the baseline FVS model was remarkably

high for Douglas-fir (slope of 0.9277), compared to much poorer performance of the

baseline FVS ponderosa pine and Engelmann spruce models (slopes of 0.1906 and

0.3978, respectively). Adding climate predictors to the Douglas-fir growth model

lowered performance, in terms of slope, compared to the baseline FVS model. For

the reduced model with climate normals, R2 was higher and RMSE was lower than

the baseline FVS model. Back-calculated CR outperformed constant CR as a metric

of tree vigor.

3.2.2 Ponderosa pine

The reduced-complexity model with interannual climate performed the best (re-

duced climate), in terms of the match between predicted and observed diameter

increment (slope = 0.5626) (Figure 3.7). The baseline FVS growth model had a

lower root mean square error (0.5278) and a higher R2 (0.0728) than this reduced

climate model (RMSE of 0.5305 and R2 of 0.0633), but its slope was much lower

(0.1906). After the model with interannual climate, the reduced-complexity model

that did not include climate (reduced annual) outperformed the reduced model with

both interannual climate and climate normals (climate normals) and the reduced

model with climate normals and interactions (normals + interactions). Although
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Figure 3.7: Comparison of model performance, in terms of adjusted R2, root mean
square error (RMSE), and slope of the linear regression of observed vs. predicted
diameter growth increment, for all species-specific growth models (Douglas-fir, pon-
derosa pine, and Engelmann spruce). These include a large tree diameter growth
model that is as similar as possible to the current growth model used in FVS, but
parameterized with tree-ring data (full annual), a model that adds the effect of
time-varying climate (full climate), and a model reduced based on the significance
of effects (reduced annual and reduced climate). Also included are models which add
complexity, such as climate normals (climate normals) and all two-way interactions
(normals + interactions).
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the site index and slope terms were insignificant (Figure 3.4), model performance

improved with these included.

3.2.3 Engelmann spruce

The reduced model with climate normals and interactions performed the best by

optimizing R2, RMSE, and the match between predicted and observed diameter

increment, which was comparable to the performance of the reduced model with

climate normals (Figure 3.7). In terms of slope, the reduced-complexity model that

did not include climate (reduced annual) and the reduced-complexity model with

interannual climate (reduced climate) outperformed the baseline FVS growth model,

but these models had a lower R2 and higher RMSE. In these models, constant crown

ratio outperformed back-calculated crown ratio.

3.3 Projection

Across all species, the reduced model parameterized with tree-ring data that does not

include the effect of interannual climate (reduced annual) predicted greater relative

growth rate from the measurement year to 2060 than the current FVS large-tree

diameter growth model (Figures 3.8, 3.9, and 3.10). There were species-specific

differences for selected models with the effect of climate, including the reduced-

complexity model parameterized with tree-rings that includes the effect of inter-

annual climate (reduced climate), the previous model with climate normals added

(climate normals), and the previous model with two-way interactions added (nor-

mals + interactions). For Douglas-fir, these models all predicted more cumulative

growth (Figure 3.8), but for ponderosa pine and Engelmann spruce, models with

the effect of climate predicted less cumulative growth than the current FVS model

(Figures 3.9 and 3.10). For Engelmann spruce, we found that models with the effect

of climate normals (climate normals and normals + interactions) had less of a re-

duction in cumulative growth from the current FVS model than the reduced climate

model (Figure 3.10), but for Douglas-fir and ponderosa pine, the differences between
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Figure 3.8: Average difference in relative growth rate based on initial tree size be-
tween Douglas-fir model variants (see Table 3.1) with no climate effect, a climate
effect assuming a future scenario of RCP2.6, or a climate effect assuming a future
scenario of RCP8.5 and the current FVS large tree diameter growth model cumu-
latively from measurement year to 2060 (a) and per 5 years from 2020 to 2060 for
seven 5-inch diameter classes from 3 to 38 inches (b). Negative values indicate less
predicted growth than the current FVS model, while positive values indicate more
predicted growth. Variation in general circulation model climate projections (see
Table A1) is given by the distribution around the mean and the rug shows the
distribution of tree size at the start of the projection.

models were small (Figures 3.8 and 3.9). Across diameter classes, we found a greater

difference in growth for lower diameter classes (Figures 3.8, 3.9, and 3.10). Finally,

while the higher emission scenario, RCP8.5, on average predicted less growth than

the lower emission scenario, RCP2.6, the difference was small (Figures 3.8, 3.9, and

3.10).
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Figure 3.9: Average difference in relative growth rate based on initial tree size
between ponderosa pine model variants (see Table 3.2) with no climate effect, a
climate effect assuming a future scenario of RCP2.6, or a climate effect assuming a
future scenario of RCP8.5 and the current FVS large tree diameter growth model
cumulatively from measurement year to 2060 (a) and per 5 years from 2020 to 2060
for seven 5-inch diameter classes from 3 to 38 inches (b). Negative values indicate
less predicted growth than the current FVS model, while positive values indicate
more predicted growth. Variation in general circulation model climate projections
(see Table A1) is given by the distribution around the mean and the rug shows the
distribution of tree size at the start of the projection.

Figure 3.10: Average difference in relative growth rate based on initial tree size
between Engelmann spruce model variants (see Table 3.3) with no climate effect, a
climate effect assuming a future scenario of RCP2.6, or a climate effect assuming a
future scenario of RCP8.5 and the current FVS large tree diameter growth model
cumulatively from measurement year to 2060 (a) and per 5 years from 2020 to 2060
for seven 5-inch diameter classes from 3 to 38 inches (b). Negative values indicate
less predicted growth than the current FVS model, while positive values indicate
more predicted growth. Variation in general circulation model climate projections
(see Table A1) is given by the distribution around the mean and the rug shows the
distribution of tree size at the start of the projection.
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4

Discussion

4.1 Improved prediction of tree growth with tree rings

Models parameterized with tree-rings and simplified by removing terms outper-

formed the current FVS large tree diameter growth model, suggesting that the

current model is overly complex. The effects in the current FVS model have been

tuned over time based on forestry expertise, but keeping all of these predictors in an

annualized growth model led to poorer prediction. Instead, we suggest the annual-

resolution information on tree growth in tree rings can be used to pare models down

to a subset of terms that improve prediction in a given species and geographic area.

Beyond the consistent improvement of predictive performance with model simpli-

fication, which model performed best differed between species. Model performance

was optimized using only tree-ring-based annualization for Douglas-fir, with the

incorporation of temporally-varying climate effects for ponderosa pine, and with

further model complexity by adding climate normals and two-way interactions for

Engelmann spruce. Prediction of Douglas-fir growth by the current FVS model

is already highly accurate and precise, such that adding climate effects did not

improve prediction. In contrast, for ponderosa pine and Engelmann spruce, the in-

corporation of climate effects reduced bias in predicted diameter growth, which is

overpredicted in the current FVS growth model. With the effect of climate change

explicitly accounted for in ponderosa pine and Engelmann spruce, we can expect

less growth on average than what is predicted by the current FVS model. Therefore,

for species with low model performance in FVS, parameterization with tree rings

yielded more accurate predictions of growth and the carbon uptake potential of trees

under climate change.
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4.2 Refined understanding of the drivers of tree growth variability

Along with improved predictive performance, we found that the use of tree-ring data

helped to better represent the underlying drivers of tree growth, especially climate,

and identify processes that could be better understood, such as competition. The

current FVS model accounts for spatial variation in growth, some of which is caused

by spatial variation in climate, through an adjustment to average growth based on a

coarse location code that reflects U.S. Forest Service forest unit boundaries (Dixon,

2002). This adjustment leads to discrete shifts in predicted growth between location

boundaries. We tested an analogous model parameterized with tree-ring data and

found that these boundaries (in Utah) were unsupported by the data. In contrast,

we have shown that tree rings can be used to incorporate the direct effects of tem-

poral and spatial variability in climate on tree growth, including spatial variation in

tree growth influenced by spatial variation in average climate, interannual variation

in tree growth influenced by interannual variation in climate, and spatial variation

in the sensitivity of tree growth to time-varying climate. The last of these, the

addition of an interaction between climate normals and time-varying climate pre-

dictors, captures the hypothesis that variation in climate sensitivity may be caused

by average climate conditions, as articulated by Fritts et al. (1965). Indeed, across

species, we found increased climate sensitivities at dry and warm locations (lower

than average precipitation and higher than average temperature for a given species)

(Figures 3.1, 3.3, and 3.5). This is consistent with the idea that individual growth

is soil moisture-limited across all three of these dominant tree species in Utah, from

low to high elevation, and that climate sensitivity increases as climate becomes more

limiting. Tree-ring data make it possible to capture this heterogeneity in climate

response beyond what is provided by the current FVS growth model (location ad-

justment and regionally specific variants) and at higher temporal resolution than

Climate-FVS (Crookston et al., 2010). With locally sourced tree-ring time series

data, foresters can better characterize climate vulnerability and expected climate

impacts specific to their management unit.
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Climate-FVS addressed the assumption of climate stationarity by modifying ex-

pected growth with changing climate at the species or population level (Crookston

et al., 2010). However, in addition to poor correspondence between climate responses

based on species-level occurrence data vs. individual tree growth data, and a lack

of provenance data to model species-specific population-level climate responses, it

is difficult to see how this approach could estimate interactions between climate

and other drivers of tree growth. By incorporating the direct effect of climate we

were able to explicitly model interactions between climate and tree or stand char-

acteristics. These interactions are particularly important because managers cannot

manipulate climate, but they can influence some of the other drivers of tree growth

that may interact with climate. For example, we found a significant interaction

effect between climate and competition. Competition within the stand increases

climate sensitivities, suggesting that forests can be managed (thinned) to mitigate

climate vulnerability. In addition, we found spatial variation in the response to

competition: trees in a drier region of their climatic range are less sensitive to the

presence of other trees (Figures 3.1 and 3.3). The benefit of more or larger neigh-

bors at these sites may reflect facilitation through microclimate effects. This pattern

could also reflect an interaction between competition and site quality. Pretzsch and

Biber (2010) found that the mechanism of competition moves from aboveground

to belowground with decline in site quality. Other interactions that we tested, e.g.,

between tree size and time-varying climate predictors, explained variation in growth

but did not lead to more accurate predictions. By explicitly modeling interactions

we can consider additional complexity in the process of tree growth, but further

exploration with more data, or ideally through experimentation, is needed to verify

these effects. Indeed, overfitting to data can lead to poor extrapolation, and model

complexity should be added with care.

In addition to this exploration of climate effects and interaction effects involv-

ing climate, parameterization with tree rings allowed us to critically examine other

factors influencing tree growth. Some of the terms in the current FVS model, in-

cluding tree size, site index, and slope, had consistent effects across species in our
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updated models, and their inclusion was supported both by calibration and out-

of-sample validation. However, across species, which predictor best captured the

negative density-dependent regulation of competition varied. The calculations of

competition predictors are designed to capture different competitive mechanisms.

One-sided (asymmetric) competition variables, such as BAL, consider competition

only from trees larger than the subject tree, with competition for light in mind,

whereas two-sided (symmetric) competition parameters, such as CCF, PCCF, and

SDI, consider competition from both sides of the diameter distribution relative to

the subject tree, with competition for below-ground resources in mind, such as soil

moisture and nutrients (Weiskittel et al., 2011). To capture both of these mech-

anisms, both categories of competition variables are often included in models of

tree growth (Weiskittel et al., 2011). However, which type of competition variable

best explains growth may depend on the ecology of the species. Canham et al.

(2004) was able to separate the effect of aboveground and belowground competition

experimentally and found that shade tolerant trees were more sensitive to crowd-

ing (two-sided) rather than shading (one-sided), supporting the idea that one-sided

competition variables capture competition for light. But in our models, the com-

petition predictors retained across species did not match cross-species patterns of

shade tolerance. Growth in both the least shade-tolerant species, ponderosa pine,

and the most shade-tolerant, Engelmann spruce, was best explained by a one-sided

competition variable, BAL. How best to represent competition in these individual-

tree growth and yield models remains a worthy area of investigation, as the process

should be expected to vary, in mechanism and magnitude, across species limited by

different resources or along environmental gradients.

We note that two of the drivers of growth variation included in our model -

climate and competition - have small effects, and yet they are critical to anticipate

how forests will behave under changing climate. While small, these effects are well

constrained, and they accumulate over time. We found that in addition to the

current FVS model, the reduced model parameterized with tree rings also predicts

more cumulative growth than updated models with climate effects (Figures 3.8, 3.9,
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and 3.10). With climate explicitly represented we find a reduction in future growth.

Yet, through added complexity, we found that climate sensitivities can be modified

by local adaptations and the competitive environment of the stand. In Engelmann

spruce, projected reductions in growth due to sensitivity to interannual climate

alone were buffered by accounting for spatial variation in climate sensitivity (Figure

3.10). A better understanding of these interactions can aid in management decisions

which aim to maintain and enhance ecosystem services, including increased growth

and carbon sequestration.

4.3 Opportunities for future improvement

Our work suggests several avenues for further improvement of a climate-sensitive

growth model in the FVS. Inference from empirical models depends directly on the

quantity and quality of the data used in calibration. For example, ponderosa pine

had the smallest sample size of the three species modeled, in terms of the number

of tree-ring time series available, and the drivers of ponderosa pine growth were not

easy to identify. Tree size and climate effects were the only statistically significant

predictors of growth during calibration, yet in validation, the addition of other pre-

dictors, site index (SICOND) and slope (SL), improved model performance. It seems

possible that these statistically weak effects may reflect the limited sample size for

ponderosa pine. Further, enhanced data on the right-hand side of growth equations,

i.e., in the predictor variables, can also better constrain effects and improve under-

standing of the drivers of growth variation. Several ways in which shortcomings on

the right-hand side of our growth equation can lead to poor prediction are by 1) not

fully capturing the range of a driver in calibration, which can lead to extrapolation

of effects, and poorly representing a driver by 2) imperfect estimation of unobserved

drivers, i.e., through proxies or observable metrics or 3) inaccurate interpolation

of time-varying predictors. In the following paragraphs we describe these issues of

extrapolation, proxy metrics, and interpolation for each category of drivers in the

growth models: climate-related, tree-level, competition, and site-level biophysical
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variables. We offer solutions to resolve these issues moving forward.

4.3.1 Climate

While tree rings offer a way to empirically estimate climate sensitivities for many

species, projection of future growth based on those climate sensitivities relies on

tree responses to future climate being the same as their responses to past climate,

an assumption known in dendrochronology as “uniformitarianism” (Fritts, 1976).

Violating this assumption, growth responses have been found to have shifted with

changing climate in the latter part of the 20th and early 21st centuries, e.g., from

positive to negative sensitivity to temperature variability at high latitudes (Babst

et al., 2019). If tree responses to climate are changing, a model may fit well to con-

temporary climate but extrapolate poorly to novel conditions (Evans, 2012). The

addition of an interaction between climate normals and sensitivity to time-varying

climate is one way to capture how the climate sensitivity of tree growth might vary

across, for example, increasingly warmer average temperature. This approach relies

on space-for-time substitution (Pickett, 1989), which assumes the past response of

a tree in a warmer (on average) location can be projected (substituted) for a tree

at a currently cooler location when it experiences a warmer future. However, this

assumption is problematic as well (Klesse et al., 2020). While a tree core records

the phenotypic plasticity of individual tree growth - a tree’s response to interan-

nual variability in climate - wild-sourced tree rings cannot determine to what degree

average growth rate is genetically vs. plastically determined. Provenance data (or

pedigree-free genomic analyses; K. Swartz, pers.comm) are needed to know how av-

erage growth will respond to changes in average climate conditions. For this reason,

we did not apply future climate data to climate normals during projection of future

growth, following the example of Klesse et al. (2020). A further point is that while

the addition of climate normals to interannually-varying climate predictors, along

with their interactions, explained more of the variation in the ring-width data, it

did not consistently lead to increased model performance across species. A second

possibility, in terms of addressing the problem of shifting climate sensitivities as
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climate changes, is to estimate a nonlinear climate response, i.e., increased climate

sensitivity as temperatures get warmer. Nonlinear responses can be modeled with a

quadratic term on the time-varying climate predictors, or by using a GAM, spline,

or other basis function. And a third possibility to solve the problem of shifting cli-

mate sensitivities is to take a process-based approach, i.e., incorporate outputs of a

physiological model driven by climate. Milner et al. (2003) linked the physiological

model STAND-BGC to FVS, but growth estimates do not account for local adap-

tation (Crookston et al., 2005). Tree-ring data can also be used to fit a function

form of tree growth that is chosen based on a physiological understanding of growth

(Tolwinski-Ward et al., 2011; Mina et al., 2016).

4.3.2 Tree characteristics

Consistent with other individual tree growth and yield models (Monserud and

Sterba, 1996), we found tree-level predictors, tree size and crown ratio, to have

the largest effect on diameter growth. Because of the magnitude of these effects, it

is particularly important for calibration data to span the full range of these predic-

tors. For example, the size distribution of trees sampled can bias estimated growth

rates (Bowman et al., 2013). We had relatively little data on very large trees for

calibration of the growth model (Figure 2.1), such that the effect of tree size on

diameter growth is extrapolated at large values. Further, we note that the greatest

contrast in predicted growth between our models vs. the current FVS model falls

at the small tree size-class (Figures 3.8, 3.9, and 3.10). We suggest that data collec-

tion efforts should focus on broadening the diameter distribution by increasing the

sample size of trees that are cored to include more small or young trees and large or

old trees, so that size-related growth responses can be better constrained at small

and very large tree sizes.

Crown ratio, a metric of tree vigor, significantly predicted annual growth in

Douglas-fir and Engelmann spruce, but there are several indications that this co-

variate is problematic when estimated or interpolated. When testing simpler models,

we found that the inclusion of crown ratio as a predictor did not consistently op-
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timize model performance. In Douglas-fir, time-varying crown ratio outperformed

constant crown ratio, while in Engelmann spruce, constant crown ratio outperformed

time-varying crown ratio. These two approaches have been shown to generate very

different predictions of growth (Leites et al., 2012). Further, we found that crown

ratio change calculated with the Weibull distribution did not match observed values.

In the case of ponderosa pine, we found that tree crown ratio did not significantly ex-

plain annual growth variability. Ponderosa pine is the least shade tolerant among the

three species studied (followed by Douglas-fir and Engelmann spruce, respectively).

Hence, crown ratio would be expected, a priori, to be an important predictor of its

growth. As noted above, we had relatively little data for ponderosa pine (n = 69),

so it may be that a lack of data made it difficult to detect an effect of crown ratio.

We conclude that an improved method to calculate crown ratio change, along with

more data, are needed to better capture the influence of tree vigor in an annualized

growth model.

4.3.3 Competition

A persistent challenge in forest models is historical information on competitive con-

ditions - the number and size of trees. Without repeated measurement of trees

spanning decades (e.g., at experimental forests), the competitive environment must

be back-calculated from a measurement year. This leads to error or uncertainty

in competition covariates, which will inevitably increasingly diverge from the true,

but unknown past forest stand structure (Swetnam et al., 1999). Tree rings offer

a way to directly calculate attributes from tree- to stand-level for annual growth

models, in contrast to the methods used by Cao (2000) and Weiskittel et al. (2007).

However, for the competitive environment to be interpolated using this method,

annually resolved growth is needed for every tree on the plot. Given that we only

had about one increment core per forest plot, we assumed a constant rate of growth

for trees without increment cores. To improve upon this and other methods for in-

terpolation or estimation of annual stand density (Cao and Strub, 2008), we suggest

the collection of increment cores from all trees per plot, to more precisely calculate
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annual competition predictors.

4.3.4 Site-level biophysical variables

We treated the site-level biophysical variable site index as constant through time.

However, site index is a purely phenomenological measure of site quality that de-

pends on climate (Monserud et al., 2008) and can therefore be expected to change

with climate, influencing expected growth. In Climate-FVS, site index change is

modeled as a proportional change in climate suitability, which can modify expected

growth (Crookston et al., 2010). We suggest instead to incorporate the mechanism

which determines the height and age relationship modeled by site index, like we

have done here by including the direct effect of climate on growth.

Solar radiation is an important driver of tree growth through its influence on land

surface temperature, evapotranspiration rates, soil moisture, and hence the drought

stress experienced by trees; however, we found the northness and eastness radiation

variables in the current FVS growth model did not significantly explain growth in

our models or produce better (more accurate) predictions of growth. A more refined

estimate of radiation may better capture these effects. For example, high-resolution

radiation information that accounts for topographic shading in addition to slope and

aspect can be extracted from geographic information systems software (Hofierka and

Suri, 2002), but to test these fine-scale effects, precise, unfuzzed coordinates of trees

are required (Prisley et al., 2009).

Starting with these opportunities for improvement, a re-engineering of the large-

tree diameter growth model, invoked by Pokharel and Froese (2008), could better

capture the processes influencing tree growth. Unfortunately, terms representing

processes known to be important drivers of growth did not always fit data well

or led to poor prediction. This was due to issues of extrapolation, proxy metrics,

and interpolation in our predictors, which can be addressed with more tree-ring data

collected systematically on forest inventory plots (DeRose, Evans, et al. in prep) and

improved calculations of predictors. Still, we recognize we may not have identified

every opportunity for improvement for a diameter growth model parameterized with
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tree rings.

4.4 Conclusions

This work demonstrates that tree rings can be used to improve upon the FVS

large-tree diameter growth model, by including an important driver of tree growth

(climate) and increasing predictive performance. The large-tree diameter growth

model has a strong influence on the behavior of simulations in FVS (Dixon, 2002).

Projected tree size is used to calculate other tree and stand attributes, feeding

back on subsequent diameter growth predictions. Thus, the growth model is a

crucial determinant of forest stand development. Without accounting for the effect

of climate, FVS will make increasingly poor projections as climate changes. We

improve upon earlier methods of incorporating climate effects into FVS (Milner

et al., 2003; Crookston et al., 2005, 2010) by using tree rings to model the direct

effect of interannual climate variability. These improvements continue a long history

of updates to this stand-level growth and yield model (Dixon, 2002).

Thus we have addressed an important need in forest management in the U. S.

- i.e., for a climate-sensitive version of the growth model at the heart of the Forest

Vegetation Simulator. These improvements were made possible thanks to tree-

ring data collected by the Interior West FIA program (DeRose et al., 2017). With

this workflow developed for three species under the Utah variant of FVS and tree-

ring data collected in other regions, locally parameterized climate-sensitive diameter

growth models can be developed for other species in the other 19 variants of FVS

across the U.S. Incoming inventory measurements of tree size, which are generated

every year, can then be used to validate the projections of these climate-sensitive

growth models, and further refine the representation of the process of tree growth.

Indeed, these models serve as hypotheses about what influences tree growth and

how. This annualized, climate-sensitive version of FVS lends itself to the practice

of near-term iterative forecasting and adaptive management by foresters (Walters,

1986; Dietze et al., 2018). That is, after a management decision is put into action
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based on a projection of forest vulnerability, incoming forest inventory measurements

will provide observations from which to validate the model projections and adjust

the model to further improve the understanding and prediction of tree growth.

However, to better represent forest systems in a nonstationary world, develop-

ment of the FVS needs further investment. Forest managers are increasingly called

upon to estimate the carbon consequences of management decisions, and stand-level

models are well-suited to do so (Moore et al., 2012; Puhlick et al., 2020), yet they

have fallen behind other forest models. We suggest improving upon this widely

used forest growth and yield model so that managers can better anticipate the con-

sequences of changing climate and manage to maintain and enhance forest ecosystem

services, including carbon sequestration.
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Appendix A - Future Climate Data

Table A1: Global circulation models and emission scenarios used to project future

growth, adapted from technical memorandum by the Bureau of Reclamation (2014).

WCRP CMIP5 Climate

Modeling Group

WCRP CMIP5 Climate

Model ID

Emissions Scenarios

RCP2.6 RCP8.5

Commonwealth Scientific

and Industrial Research

Organization and Bureau of

Meteorology, Australia

ACCESS1-0 X

Beijing Climate Center,

China Meteorological

Administration

BCC-CSM1-1 X X

BCC-CSM1-1-M X

Canadian Centre for Cli-

mate Modelling and Analy-

sis

CanESM2 X X

National Center for Atmo-

spheric Research

CCSM4 X X

Community Earth System

Model Contributors

CESM1-BGC X

CESM1-CAM5 X X

Centro Euro-Mediterraneo

per I Cambiamenti Cli-

matici

CMCC-CM X
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Centre National

de Recherches

Météorologiques/Centre

Européen de Recherche

et Formation Avancée en

Calcul Scientifique

CNRM-CM5 X

Commonwealth Scientific

and Industrial Research

Organization, Queensland

Climate Change Centre of

Excellence

CSIRO-Mk3-6-0 X X

Laboratory of Numerical

Modeling for Atmospheric

Sciences and Geophysical

Fluid Dynamics, Institute of

Atmospheric Physics, Chi-

nese Academy of Sciences,

and Center for Earth Sys-

tem Science, Tsinghua Uni-

versity

FGOALS-g2 X X

The First Institute of

Oceanography, State

Oceanic Administration,

China

FIO-ESM X X

NOAA Geophysical Fluid

Dynamics Laboratory

GFDL-CM3 X X

GFDL-ESM2G X X

GFDL-ESM2M X X

NASA Goddard Institute

for Space Studies

GISS-E2-H-CC X

GISS-E2-R X X
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GISS-E2-R-CC X

Met Office Hadley Centre

(additional HadGEM2-ES

realizations contributed by

Instituto Nacional de

Pesquisas Espaciais)

HadGEM2-AO X X

HadGEM2-CC X

HadGEM2-ES X X

Institute for Numerical

Mathematics

INM-CM4 X

Institut Pierre-Simon

Laplace

IPSL-CM5A-MR X X

IPSL-CM5B-LR X

Japan Agency for

Marine-Earth Science and

Technology, Atmosphere

and Ocean Research

Institute (The University of

Tokyo), and National

Institute for Environmental

Studies

MIROC-ESM X X

MIROC-ESM-CHEM X X

Atmosphere and Ocean Re-

search Institute (The Uni-

versity of Tokyo), National

Institute for Environmental

Studies, and Japan Agency

for Marine-Earth Science

and Technology

MIROC5 X X

Max-Planck-Institut für

Meteorologie (Max Planck

Institute for Meteorology)

MPI-ESM-LR X X

MPI-ESM-MR X X
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Meteorological Research In-

stitute

MRI-CGCM3 X X

Norwegian Climate Centre NorESM1-M X X
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Le Quéré, C., R. M. Andrew, P. Friedlingstein, S. Sitch, J. Pongratz, A. C. Man-
ning, J. I. Korsbakken, G. P. Peters, J. G. Canadell, R. B. Jackson, T. A. Boden,
P. P. Tans, O. D. Andrews, V. K. Arora, D. C. E. Bakker, L. Barbero, M. Becker,
R. A. Betts, L. Bopp, F. Chevallier, L. P. Chini, P. Ciais, C. E. Cosca, J. Cross,
K. Currie, T. Gasser, I. Harris, J. Hauck, V. Haverd, R. A. Houghton, C. W. Hunt,
G. Hurtt, T. Ilyina, A. K. Jain, E. Kato, M. Kautz, R. F. Keeling, K. Klein Gold-
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