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ABSTRACT

Forward and inverse modeling studies of the relationship between tree ring width

and bivariate climate are performed using a model called VS-Lite. The monthly

time-step model incorporates two simple but realistic nonlinearities in its description

of the transformation of climate variability into ring width index. These features

ground VS-Lite in scientific principles and make it more complex than empirically-

derived statistical models commonly used to simulate tree ring width. At the same

time, VS-Lite is vastly simpler and more efficient than pre-existing numerical models

that simulate detailed biological aspects of tree growth.

A forward modeling validation study shows that VS-Lite simulates a set of ob-

served chronologies across the continental United States with comparable or better

skill than simulations derived from a standard, linear regression based approach.

This extra skill derives from VS-Lite’s basis in mechanistic principles, which makes

it more robust than the statistical methodology to climatic nonstationarity. A

Bayesian parameterization approach is also developed that incorporates scientific

information into the choice of locally optimal VS-Lite parameters. The parameters

derived using the scheme are found to be interpretable in terms of the climate con-

trols on growth, and so provide a means to guide applications of the model across

varying climatologies.

The first reconstructions of paleoclimate that assimilate scientific understanding

of the ring width formation process are performed using VS-Lite to link the proxy

data to potential climate histories. Bayesian statistical methods invert VS-Lite

conditional on a given dendrochronolgy to produce probabilistic estimates of local

bivariate climate. Using VS-Lite in this manner produces skillful estimates, but does

not present advantages compared another set of probabilistic reconstructions that

invert a simpler, linear, empirical forward model. This result suggests that future
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data-assimilation based reconstructions will need to integrate as many data sources

as possible, both across space and proxy types, in order to benefit from information

provided by mechanistic models of proxy formation.
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CHAPTER 1

INTRODUCTION

1.1 Statement of the Problem

Reconstructions of climate variability over the past millennium provide crucial con-

text for understanding current configurations of the climate system. Such estimates

can provide insight into a larger range of behaviors of the system than have been

measured and recorded by humans, and also can be used to establish baseline esti-

mates of natural variability in the absence of current anthropogenic forcing. Because

instrumental meteorological records generally only extend about 150 years before

the present (Peterson and Vose, 1997), the field of paleoclimatology turns to records

of climate variability stored in natural proxy archives through physical, biological

or chemical processes in order to derive such reconstructions.

Perhaps the most popularly-known climate proxy archive is the annual growth

rings of trees. In particular, variations in the width of the annual rings can be

interpreted in terms of whether local climatic conditions were conducive to growth

from one year to the next, and used to derive quantitative estimates of variations of

the locally-relevant climatic variables affecting growth. Because trees are inexpen-

sive to sample, tree-ring width chronologies provide the most spatially dense and

expansive set of terrestrial proxy records (Jansen et al, 2007). The chronologies can

also be dated with very little to no error. For these reasons, tree-ring width fig-

ures prominently in most quantitative high-resolution reconstructions of climate on

continental, hemispheric, and global scales (Jones et al, 1998; Crowley and Lowery,

2000; Moberg et al, 2005; D’Arrigo et al, 2006; Mann et al, 2008; Christiansen and

Ljungqvist, 2011). The relationship between tree-ring width and climate and its

inherent uncertainties is therefore paramount to understanding the error structure

of these climate reconstructions.
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1.1.1 Forward modeling

The relationship between tree-ring width and climate may be studied by numer-

ically modeling the way that variations in climate are recorded in the widths of

growing trees’ annual rings. A spectrum of forward models of tree-ring growth ex-

ists to describe this transformation (see Figure 1.1). The simplest end-members of

this spectrum are linear, statistical, and empirically-derived. “Pseudoproxy” mod-

els describe ring width as a constant times the annualized climate index of interest

plus stochastic noise (Mann and Rutherford, 2002; Smerdon et al, 2011). Response

functions are slightly more sophisticated, and describe ring-width as a linear combi-

nation of annual or sub-annual climate predictors plus noise (Cook and Kairiukstis,

1990). The more complex models in the spectrum contain nonlinear, scientifically-

based representations of tree-ring cell growth and other biological processes. The

Vaganov-Shashkin model computes rates of cellular growth, maturation, and di-

vision depending on daily-resolved temperature and precipitation conditions, and

contains more than forty tunable parameters (Vaganov et al, 2006; Evans et al,

2006; Vaganov et al, 2011). More complicated still are models like MAIDEN (Mis-

son, 2004; Misson et al, 2004) or TreeRing 2000 (Fritts et al, 2000), which require

site-specific measurements of stand characteristics such as leaf area index, initial

bole biomass, and soil textural class, in addition to daily climate inputs.

Simple Complex

Figure 1.1: Spectrum of forward models of tree-ring growth, from least complex to
most complex.

In spite of its variety, this suite of forward models presents a “Goldilocks prob-

lem” in some contexts. For many applications, the models listed above are either
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too simple to provide much if any mechanistic insight into results, or else are too

complex to fit with limited available observational data. The pseudoproxy and linear

response function models are completely empirical and based on strong stationar-

ity assumptions. Meanwhile, the daily-resolution data necessary as inputs to the

Vaganov-Shashkin, MAIDEN, and TreeRing 2000 models are rare at sites with ob-

served chronologies, and where such data do exist, their time series are typically

short. The local stand data needed to run MAIDEN and TreeRing 2000 are even

harder to come by.

1.1.2 Forward model parameterization

To apply them to any scientific problem, forward models of tree-ring width require

appropriate parameterization. In addition to this practical necessity, setting the val-

ues of model parameters can help bridge the gap between real-world components of

trees and their model analogues. Three general approaches to the parameterization

problem can be found in the previous tree-ring modeling literature. The first is by di-

rect experimental measurement of ecophysiological properties of growth that can be

related to model parameters at the site where the model is to be applied. Evans et al

(2006) and Anchukaitis et al (2006) defer to the results of such empirical data from a

few intensive case studies from the literature to define fixed “default” parameter sets

for their applications of the Vaganov-Shashkin model. Parameters derived in this

science-based manner are likely to vary widely across spatial locations and different

species, so this method is impractical for local tuning of more than a few sites at a

time. The second approach is through iterative numerical schemes that change one

model parameter at a time to optimize the fit of simulated model quantities to their

observed counterparts. Fritts et al (1999) developed such a scheme to calibrate the

parameters of a precursor to TreeRing 2000. While it can be run at any location,

the results are not grounded in science, and changing each parameter independent

of the others does not account for potential interactions between parameters. A

third, hybrid parameterization approach is given by running the model once for

each member of a preselected set of parameter combinations believed to provide
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reasonable coverage of the physically plausible parameter space. The combination

that produces the best match between modeled output and some set of observa-

tions is deemed optimal. Misson et al (2004) take this approach using site-specific

measurements of phenology, transpiration, soil water content, throughfall, and ring

width to calibrate the MAIDEN model at a single site, while Tolwinski-Ward et al

(2010) use observed ring-width index to optimize the parameters of VS-Lite in this

manner at several hundred sites. This method is only practical where the dimension

of the parameter space to be constrained is small or can be reduced by scientific

argument. In addition to their individual shortcomings, none of these previously es-

tablished parameterization schemes automatically provide information about model

sensitivity to parameter choices.

1.1.3 Inverse modeling

The inverse reconstruction problem, in which one infers past climate from tree-ring

width data, provides another lens for viewing the climate-ring width relationship.

It is conventionally solved using linear, empirical regression-based methods. At in-

dividual sites, climate variables of interest may be directly regressed on ring width

during a period of overlap between meteorological records and the proxy data, and

the resulting relationship between proxy and climate is extended to predict varia-

tions in the climate predating the instrumental records. More commonly, principal

components of ring width variability are used as predictors in regression equations

to infer climatic variability on regional (eg. Anchukaitis et al, 2006), continental

(eg. Cook et al, 1999) or hemispheric (eg. Mann et al, 1999, 2008) scales. These

traditional approaches lack grounding in the known mechanisms that tie the proxy

data to the climate, and so their results can be difficult to interpret scientifically.

Regression-based frameworks also do not facilitate accounting for the combined

effect of multiple sources of uncertainty. Further, they also assume that the climate-

proxy relationship is linear and static, which is known to be a simplification of

reality (D’Arrigo et al, 2008). Data-assimilation based approaches to paleoclimate

reconstruction have been suggested to address these issues (Hughes and Ammann,
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2009; Guiot et al, 2009).

1.2 Present Research Approach

1.2.1 Forward modeling

In Appendices A and B, the present work addresses the gap in the spectrum of

forward models by developing and validating a tree-ring model of intermediate com-

plexity called VS-Lite. The model approximates two basic nonlinearities in trees’

response to climate. First, it represents thresholds in temperature and moisture

below which growth cannot occur, and above which growth is insensitive to climatic

fluctuations. Secondly, the response to ambient temperature and moisture condi-

tions is computed on a month-by-month basis using a simple representation of the

stoichiometric Principle of Limiting Factors (Fritts, 2001), which states that the

most limiting environmental factor is the one that influences growth. Although the

VS-Lite model is a vastly simplified version of reality, its representation of some non-

linearity and interaction between bivariate climate controls make it more complex

and more weakly stationary than preexisting, empirically-based models of tree-ring

growth. Yet VS-Lite is also much more efficient and broadly applicable than pre-

existing biological models, which focus on detailed representation of the specific

mechanisms underlying tree ring growth. VS-Lite has only four tunable parame-

ters, in comparison to the dozens to hundreds of parameters in the biological models

reviewed here. It requires monthly climatic inputs, which are much more readily

available than daily resolution data from meteorological stations, assimilation prod-

ucts and climate model climate output. Because of its coarser timestep, VS-Lite is

also much more numerically efficient than other mechanisms-based models. In the

present work, simulations using VS-Lite of a network of dendrochronologies from

across the continental United States are compared to observations and benchmark

simulations generated using a standard linear statistical forward model.
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1.2.2 Forward model parameterization

We take a Bayesian approach to estimate the parameters of the VS-Lite model in

Appendix C. The Bayesian statistical framework allows inference on the parameters

of the model to proceed from a baseline of uncertain prior scientific understanding

of the parameters. The output of the parameterization algorithm consists of pos-

terior probability distributions for the parameters given this prior information and

the fixed climate and ring-width data. Point estimates of each parameter may be

derived from these distributions, while their spread automatically provides informa-

tion about the uncertainty and model sensitivity associated with each parameter.

The deterministic model error is also treated as a parameter, and it gets simulta-

neously estimated along with the others. We test the parameterization scheme in

both a “pseudoproxy” context where the ring width data are synthetically generated

and the target parameters are known, as well as in an experiment using observed

dendrochronologies. We also compare the output of the scheme to local climatology

to interpret the parameter estimates in terms of the climate controls on modeled

growth.

1.2.3 Inverse modeling

In Appendix D, we approach the inverse paleoclimate reconstruction problem via

probabilistic inversion of two forward, multivariate models of tree ring width. The

mechanics of this inversion proceed according to the Bayesian hierarchical modeling

(BHM) framework. In the present context, the process level of the BHMs describes

uncertain prior understanding of the evolution of the climate time series of interest,

while the data level provides a forward model description of the dependence of the

proxy data on the climate time series. These levels are modeled independently in a

modular fashion.

The Bayesian hierarchical modeling framework presents three advantages for

climate reconstruction over traditional regression-based methodologies. The first

advantage is its focus on modeling assumptions, and its separation of the modeling
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from technical details of the analysis. Hierarchical model-building consists of speci-

fying a series of modular and explicit representations of the conditional dependencies

among variables, each of which can be examined and evaluated independently. This

feature contrasts with traditional reconstruction approaches that often blur the line

between modeling and analysis. For example, there is an implicit effect of the choice

of the number of empirical orthogonal functions retained on the physical models in

principal components-based approaches to climate reconstruction (eg. Mann et al.,

1998; Cook et al, 1999; Evans et al., 2002).

Secondly, BHMs allow for a natural yet rigorous combination of multiple sources

of uncertainty. The description of the uncertainty is natural because of the con-

ditional fashion in which each hierarchical level is developed, where the effects of

variations in all but the most directly relevant processes can be held fixed. The

propagation of uncertainty from all the component sources is rigorous because the

model levels combine according to the laws of probability to produce variability in

the final posterior estimate of the target process.

A third advantage of using Bayesian hierarchical models lies in their ability to

easily assimilate scientific information into the inverse reconstruction problem solu-

tion. The use of mechanistic models at the data- and process- levels of a BHM makes

this possible, and this approach has been referred to in the literature as “physical-

statistical” modeling (Berliner, 2003). Assimilating scientifically-based information

can benefit reconstructions of paleoclimate particularly where representations of

nonlinearity in the climatic or data formation processes are crucial to realistic es-

timates and well-informed representations of their uncertainty. For example, if a

proxy recorder is linear within a range of climatic values, but insensitive to climatic

variations outside that range, this may be represented accurately and easily in the

BHM context. Inference derived from regression-based methods, on the other hand,

will always extrapolate the linear relationship outside of its applicable range. Use

of the physical-statistical philosophical approach in paleoclimate reconstructions to

assimilate understanding of proxy formation processes has been limited to recon-

structions from pollen in lake cores (Guiot et al, 2009; Garreta et al, 2010) and



20

isotopes in cellulose from peat cores (Yu et al, 2012).

In the present work, two forward models of tree-ring growth representing are used

at the data-level of a BHM for climate conditioned on ring-width data. The first is an

empirical linear response function model, which is often used in dendroclimatology

as an exploratory tool for determining climatic controls on tree ring width before

designing regression-based models for reconstruction. Direct use of this type of

model to perform paleoclimate reconstructions is novel. The second forward model

we invert to perform physical-statistical reconstructions from tree-ring width is the

scientifically-motivated VS-Lite model. This effort represents a first step toward

assimilating information on ring-width signal formation processes in paleoclimate

reconstructions. The skill of the two inversions are analyzed and compared.

1.3 Implications and Future Research Directions

1.3.1 Forward Modeling

In the network of sites used to validate the model in the present work, VS-Lite has

comparable or better skill in simulating observed data series than does a simple

linear empirical regression on the principal components of climate. Its basis in the

mechanisms behind tree-ring width signal formation also makes it more robust than

the linear method to the choice of a particular calibration interval. These results

suggest that even the simple mechanisms and nonlinearities represented by VS-

Lite are integral to more realistic, accurate representations of the proxy data, and

that linear, stationary models may be inadequate for simulations during intervals

exhibiting climatic nonstationarity.

Because of its coarse monthly timestep, VS-Lite provides a more efficient alter-

native to other forward models of ring width growth. Its efficiency makes the model

especially attractive for applications requiring batch simulation of many ring width

series in which the nonlinear growth response or possible switching of climate con-

trols on growth of trees is expected to play a role in results. For instance, VS-Lite

could be used to determine what type of “fingerprint” can be expected in spatially
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extensive ring-width networks in response to large-scale perturbations of the climate

system. Its efficiency also makes VS-Lite ideal for generation of synthetic data for

pseudoproxy studies that evaluate reconstruction methodologies in the testbed con-

text of a known target climate. Such “pseudoproxy” data are typically generated

by simply adding noise to the local temperature time series (Smerdon, 2012), but

more realistic data provided by VS-Lite can help provide a more realistic test of

reconstruction methodologies. In fact, VS-Lite has already been used for one such

effort (Graham et al., 2011).

VS-Lite may be useful for local forward modeling studies as well. The model

can simulate changes over time in the relationship of tree ring growth to climate

deriving from slow changes in climatology that drive temperature or moisture con-

ditions across fixed biological thresholds for growth. Owing precisely to the model’s

simplicity, the output of simulations could be compared to observations at sites ex-

hibiting nonstationarities in the climate-proxy relationship to help distinguish where

“divergence” can be explained by threshold-driven changes in behavior (as observed

in nature by D’Arrigo et al, 2004; Rossi et al, 2007; Deslauriers et al, 2008), rather

than other factors. Because the model considers only climatic influences on growth,

forward simulations using VS-Lite could also be compared with the results of various

standardization techniques applied to raw ring width data to help determine which

best isolate the climatic signal.

There are also clear limitations to uses of VS-Lite. The model only considers

temperature and soil moisture as drivers of ring width variability. It should therefore

only be used in under circumstances in which other influences on growth, such as

the concentration of atmospheric CO2, soil chemistry, or the seasonality and overall

magnitude of insolation, can be reasonably treated as fixed boundary conditions.

The lack of representation of moisture storage and delayed delivery through snow

processes in VS-Lite’s simple bucket hydrology module also limits the accuracy of

simulations in many locations. The integration of a more sophisticated soil moisture

module that does represent freezing and melting of precipitation as a run-time model

option represents an obvious future model improvement.
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1.3.2 Forward model parameterization

The skill of VS-Lite simulations using parameter estimates derived from the Bayesian

parameterization method is robust to climatic nonstationarity contained in the test

data. Additionally, we find that the set of inferred parameters can be compared

to local climatology to be interpreted in terms of the dominant climate controls on

modeled tree-ring width growth at each site.

The parameterization scheme increases the accessibility of the VS-Lite model for

use by the research community. The freely available, open-source code provides an

objective means to choose appropriate and scientifically-informed model parameters,

as well as to analyze the sensitivity of the model to parameter choices at a particular

site. The ensemble output of the parameterization scheme may also be used to

generate Monte Carlo ensembles of simulated ring width that span the uncertainty

associated with the model parameterization. As future physiological research on tree

ring growth sheds new light on the response of xylogenesis to climate, the scientific

information contained in the parameter priors can be revised.

More broadly, the parameter estimation scheme provides a simple template for

a novel approach for forward models of tree-ring width that accounts for interac-

tions between parameters, yet is reasonably efficient. The approach could easily

be extended to more complex models. By imposing some real-world knowledge on

the model world through use of the prior distributions, the scheme also presents a

systematic and objective way to reconcile “model world” representations of trees

with observations in the real world.

1.3.3 Inverse modeling

Inversion of the well-known empirical linear response function (LRF) model in this

work is novel. As shown in Appendix D, Bayesian hierarchical models using LRF

data-level models provide a powerful reconstruction methodology for paleoclimate

that is relatively easy to understand and implement. This approach thus sets a high

benchmark model for comparison of paleoclimate BHMs that use alternative data-
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level models. As this data-level model is bivariate, embedding it within a Bayesian

hierarchical model produces joint reconstructions of bivariate climate variability

from univariate data, which is also new. The predictors used for the LRF in the

present work are temperature and soil moisture, but it would be easy to extend the

inversions to reconstruct other joint predictor sets. The research community may be

particularly interested in joint reconstructions of temperature and other moisture-

related variables, such as precipitation, streamflow, or Palmer Drought Severity

Index. Quantification of the extra information contained in formally bivariate re-

constructions compared to pairs of univariate reconstructions derived from the same

ring-width data presents a future research opportunity. Several limitations in the

LRF model realism, and hence the reconstructions that it can produce, derive from

the structure of the data-level model. The LRF model is linear, empirically-derived,

and imposes strong assumptions of stationarity on the climate-proxy relationship.

Using the VS-Lite model at the data level represents an attempt to overcome

these limitations and take a first step toward the goal of a more data-assimilation-

oriented approach to the paleoclimate estimation problem. Inversion of even this

extremely simplified model of the mechanisms behind tree-ring growth reveals the

challenges of applying the “physical statistical” modeling philosophy to the paleo-

climate proxy data formation process. Because it derives from descriptive rather

than mathematical first principles, modeling the error structure of the biologically-

motivated VS-Lite model requires more careful thought than does the uncertainty

surrounding the physics-based equations of motion that are usually featured in appli-

cations of this philosophy (Wikle et al., 2001; Berliner et al., 2003, 2008). Sampling

from the posterior probability distribution in the case of a VS-Lite data level is also

less straightforward. Because ring width index is standardized, and therefore only

provides a relative measure of climate variability, the proxy data at each time point

depends on the value of the series at every other time point in the sample, both past

and future. The extra thought required for sampling due to this feature would also

be necessary for reconstructions using science-based models for other proxies whose

climatic information is only relative, such as pollen counts from lake sediment cores,
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or fossil assemblages from peat cores.

In theory, the explicit representation of switching behavior in the VS-Lite model

enables probabilistic reconstructions from trees where the controls on growth are

mixed, rather than dominated by either temperature or moisture variability. In prac-

tice, however, a more sophisticated sampling approach than the Hastings-within-

Gibbs algorithm used in this work is needed to achieve this goal. The Markov

chains defined by these rules easily become “stuck” in local probabilistic maxima

in climate space. More sophisticated approaches such as simulated annealing tech-

niques (Kirkpatrick et al., 1983), or Hamiltonian Monte Carlo samplers (Duane

et al., 1987) might facilitate use of mixed-control data in future work. A new tech-

nique might also be developed that takes reversible steps on the constraint manifold

defined by the preimage of a certain data series under a deterministic forward model.

For models whose nonlinearity makes them noninvertible, such a sampling method

would allow a projection of prior probability onto the nonunique set of climate his-

tories that could give rise to a particular proxy data series even in the absence of

noise.

While the patterns of climatic variability recovered using the VS-Lite model

tend to be skillful, they do not present any systematic skill or advantages in the

present work over reconstructions estimated using a simpler LRF data-level model.

VS-Lite’s more realistic, nonlinear, and adaptive description of the proxy-climate

relationship requires more degrees of freedom to describe, and the ring width index

data from a single location in space do not provide enough information to constrain

and take advantage of this increased realism. An obvious future research thrust

involves increasing the amount of available data to try to bring the benefits of a

more realistic data-level model into play. Performing explicitly spatial reconstruc-

tions from multiple ring-width chronologies at neighboring locations provides one

way to reduce the effective number of degrees of freedom, since climate covaries

across space. Preliminary work extending the inverse model to two neighboring

sites shows a decrease in uncertainty associated with the climate reconstructions

computed jointly across space compared to those computed independently. Full
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spatial field reconstructions computed using this methodology should be systemati-

cally compared to other climate field reconstruction methodologies, for example by

using the same data sets and pseudoproxy experiment structure as Smerdon et al

(2011) use use to compare Canonical Correlation Analysis and the Regularized Ex-

pectation Maximization methods. The work in Appendix C also suggests that it

may be useful to put a spatial model on the parameters of VS-Lite as well, which

could help enable a more fully Bayesian treatment of the reconstruction problem

than is presented here.

Additional types of proxy data could also provide the additional information

necessary to further capitalize on the structure of the VS-Lite model. For example,

a ring width series that is suspected to switch from a temperature to moisture based

signal could be used in conjunction with another proxy whose relationship is known

to predominantly reflect temperature. The combined information could activate

the stoichiometric switching behavior enabled by VS-Lite’s representation of the

Principle of Limiting Factors, and inform each climate variable to varying degrees

at the appropriate times in the reconstruction. Maximum latewood density from the

same tree-ring archives used to generate the ring width index could be especially

useful in cases where its relationship to climate appears to be more stable and

univariate than that of a “divergent” ring width series. The spatial and multiproxy

approaches suggested here should be applied to BHMs using both the LRF and VSL

data level. If the additional sources of data better constrain the VS-Lite model and

provide advantages over the linear empirical one, this result would provide support

for continued research into assimilation of scientific information of proxy formation

processes into reconstructions of paleoclimate.



26

REFERENCES

Akaike, H. (1974). A new look at the statistical model identification. IEEE T.

Automat. Contr., AC19, pp. 716–723.

Anchukaitis, K., M. Evans, A. Kaplan, E. Vaganov, M. Hughes, H. Grissino-Mayer,

and M. Cane (2006). Forward modeling of regional scale tree-ring patterns in the

southeastern United States and the recent influence of summer drought. Geophys.

Res. Lett., 33. doi:10.1029/2005GL025050.

Berliner, L. (2003). Physical-statistical modeling in geophysics. J. Geophys. Res.,

108. doi:10.1029/2002JD002865.

Berliner, L., R. Milliff, and C. Wikle (2003). Bayesian hierarchical modeling of

air-sea interaction. J. Geophys. Res., 108(3104). doi:10.1029/2002JC001413.

Berliner, L. M., N. Cressie, K. Jezek, Y. Kim, C. Q. Lam, and C. van der Veen

(2008). Equilibrium dynamics of ice streams: A Bayesian statistical analysis.

Statistical Methods and Applications, 17, pp. 145–165.

Bretherton, C., C. Smith, and J. Wallace (1992). An intercomparison of methods

for finding coupled patterns in climate data. J. Clim., 5, pp. 541–560.

Briffa, K., F. Schweingruber, P. Jones, T. Osbourn, I. Harris, S. Shiyatov,

E. Vaganov, and H. Grudd (1998). Trees tell of past climates: but are they

speaking less clearly today? Philos. T. Roy. Soc. B, 353, pp. 65–73.

Carrer, M. and C. Urbinati (2006). Long-term change in the sensitivity of tree-ring

growth to climate forcing in Larix decidua. New Phytol., 170, pp. 861–872.

Casella, G. and R. Berger (2002). Statistical Inference. Duxbury, Pacific Grove, CA,

USA.



27

Chib, S. and E. Greenberg (1996). Markov Chain Monte Carlo Simulation Methods

in Econometrics. Econometric Theory, 12, pp. 409–431.

Chiles, J. and P. Delfiner (1999). Geostatistics: Modeling Spatial Uncertainty. Wiley

Series in Probability and Statistics, New York, NY.

Christiansen, B. and F. Ljungqvist (2011). Reconstruction of the Extratropical NH

Mean Temperature over the Last Millennium with a Method that Preserves Low-

Frequency Variability. J. Clim, 24, pp. 6013–6034. doi:10.1175/2011JCLI4145.1.

Cook, E. and L. Kairiukstis (1990). Methods of Dendrochronology: applications in

the environmental sciences. Kluwer Academic Publishers, Dordrecht.

Cook, E., D. Meko, D. Stahle, and M. Cleaveland (1999). Drought reconstructions

for the continental United States. J. Clim., 12, pp. 1145–1162.

Crowley, T. and T. Lowery (2000). How warm was the medieval warm period?

Ambio, 29, pp. 51–54. doi:10.1639/0044-7447(2000).

Daly, C., M. Halbleib, J. Smith, W. Gibson, M. Doggett, G. Taylor, J. Curtis, and

P. Pasteris (2008). Physiographically sensitive mapping of climatological temper-

ature and precipitation across the coterminous United States. Int. J. Climatol.,

28, pp. 2031–2064. doi:10.1002/joc.1688. URL: www.prism.oregonstate.edu/.

D’Arrigo, R., R. Kaufmann, N. Davi, G. Jacoby, C. Laskowski, R. Myneni, and

P. Cherubini (2004). Thresholds for warming-induced growth decline at ele-

vational treeline in the Yukon Territory. Glob. Biogeochem. Cycles, 18. doi:

10.1029/2004GBO02249.

D’Arrigo, R., R. Wilson, and P. Cherubini (2008). On the ‘Divergence Problem’ in

Northern Forests: A review of the tree-ring evidence and possible causes. Global

Planet. Change, 60, pp. 289–305. doi:10.1016/j.gloplacha.2007.03.004.

D’Arrigo, R., R. Wilson, and G. Jacoby (2006). On the long-term context for late

twentieth century warming. J. Geophys. Res., 111. doi:10.1029/2005JD006352.



28

Deslauriers, A., S. Rossi, T. Anfodillo, and A. Saracino (2008). Cambial phenol-

ogy, wood formation and temperature thresholds in two contrasting years at high

altitude in southern Italy. Tree Physiol. (Oxford, U. K.), 28, pp. 863–871.

Duane, S., A. Kennedy, B. Pendleton, and D. Roweth (1987). Hyrbid Monte Carlo.

Physics Letters B, 195, pp. 216–222.

Evans, M., A. Kaplan, and M. Cane (2002). Pacific sea surface temperature field

reconstruction from coral δ18) data using reduced space objective analysis. Pale-

oceanography. doi:10.1029/2000PA000590.

Evans, M. N., A. Kaplan, M. A. Cane, and R. Villalba (2001). Globality and

Optimality in Climate Field Reconstructions from Proxy Data. In Markgraf, V.

(ed.) Interhemispheric Climate Linkages, pp. 53–72. Cambridge University Press,

Cambridge, UK.

Evans, M. N., B. K. Reichert, A. Kaplan, K. J. Anchukaitis, E. A. Vaganov, M. K.

Hughes, and M. A. Cane (2006). A forward modeling approach to paleoclimatic

interpretation of tree-ring data. J. Geophys. Res., [Biogeosci.], 111(G03008).

doi:10.1029/2006JG000166.

Fritts, H., A. Shashkin, D. Hemming, S. Leavitt, W. Wright, and G. Downs (2000).

User manual for TREERING 2000. Model and documentation available online at

http://www.ltrr.arizona.edu/software.html.

Fritts, H. C. (1991). Reconstructing large-scale climatic patterns from tree ring data:

A diagnostic analysis. University of Arizona Press, Tucson, AZ.

Fritts, H. C. (2001). Tree Rings and Climate. The Blackburn Press, New York.

ISBN 1-930665-39-3.

Fritts, H. C., A. Shashkin, and G. Downes (1999). A Simulation Model of Conifer

ring growth and cell structure. In Wimmer, R. and R. Vetter (eds.) Tree Ring

Analysis, chapter 1, pp. 3–32. Cambridge University Press.



29

Fye, F., D. Stahle, and E. Cook (2003). Paleoclimate analogs to twentieth-century

moisture regimes across the United States. Bull. Am. Meteorol. Soc., 84. doi:

10.1175/BAMS-84-7-901.

Garreta, V., P. Miller, J. Guiot, C. Hely, S. Brewer, M. Sykes, and T. Litt

(2010). A method for climate and vegetation reconstruction through the in-

version of a dynamic vegetation model. Clim. Dyn., 35, pp. 371–389. doi:

10.1007/s00382-009-0629-1.

Gates, D. M. (1980). Biophysical Ecology. Springer-Verlag, New York. ISBN

0486428842.

Gelman, A., J. Carlin, H. Stern, and D. Rubin (2003). Bayesian Data Analysis.

Chapman and Hall, Boca Raton, Florida.

Gelman, A. and D. Rubin (1992). Inference from Iterative Simulation Using Multiple

Sequences. Statist. Sci., 7(4), pp. 457–472. doi:10.1214/ss/1177011136.

Gilks, W., S. Richardson, and D. Spiegelhalter (eds.) (1996). Markov Chain Monte

Carlo in Practice. Chapman and Hall, Boca Raton, FL.

Graham, N., R. D’Arrigo, K. Anchukaitis, E. Wahl, and D. Anderson (2011). Pale-

oclimate Reconstruction Challenge.

Guiot, J., F. Torre, D. Jolly, O. Peyron, J. Boreaux, and R. Cheddadi (2000). Inverse

vegetation modeling by Monte Carlo sampling to reconstruct palaeoclimates un-

der changed precipitation seasonality and CO2 conditions: application to glacial

climate in Mediterranean region. Ecol. Model., 127, pp. 119–1140.

Guiot, J., V. Wu, Garreta, H.B., C. Hatte, and M. Magny (2009). A few prospective

ideas on climate reconstruction: from a statistical single proxy approach towards

a multi-proxy and dynamical approach. Clim. Past, 5, pp. 571–583.



30

Haslett, J., M. Whiley, S. Bhattacharya, M. Salter-Townshend, S. Wilson, J. Allen,

B. Huntley, and F. Mitchell (2006). Bayesian paleocolimate reconstruction. J.

Roy. Stat. Soc., 169(3), pp. 395–438. doi:10.1111/j.1467-985X.2006.00429.x.

Hoerling, M., X. Quan, and J. Eischeid (2009). Distinct causes for two principal U.S.

droughts of the 20th century. Geophys. Res. Lett., 36. doi:10.1029/2009GL039860.

Huang, J., H. M. van den Dool, and K. P. Georgankakos (1996). Analysis of model-

calculated soil moisture over the United States (1931-1993) and applications to

long-range temperature forecasts. J. Clim., 9, pp. 1350–1362.

Hughes, M. K. and C. M. Ammann (2009). The future of the past- an earth system

framework for high resolution paleoclimatology: editorial essay. Clim. Change,

94, pp. 247–259. doi:10.1007/s10584-009-9588-0.

Jacoby, G. and R. D’Arrigo (1995). Tree ring width and density evidence of climatic

and potential forest change in Alaska. Global Biogeochem. Cycles, 9(2), pp. 227–

234.

Jansen, E., J. Overpeck, K. Briffa, J. Duplessy, F. Joos, V. Masson-Delmotte,

D. Olago, B. Otto-Bliesner, W. Peltier, S. Rahmstorf, R. Ramesh, D. Raynaud,

D. Rind, O. Solomina, R. Villalba, and D. Zhang (2007). Paleoclimate. In

Solomon, S., D. Qin, M. Manning, Z. Chen, M. Marquis, K. Averyt, M. Tig-

nor, and H. Miller (eds.) Climate Change 2007: The Physical Science Basis.,

Contribution of Working Group I to the Fourth Assessment Report of the Inter-

governmental Panel on Climate Change, chapter 6. Cambridge University Press.

Jones, P., K. Briffa, T. Barnett, and S. Tett (1998). High-resolution Paleoclimatic

records for the last millennium: Interpretation, Integration and comparison with

general circulation model control-run temperatures. Holocene, 8, pp. 455–471.

doi:10.1191/095968398667194956.

Jones, P., K. Briffa, T. Osborn, J. Lough, T. van Ommen, B. Vinther, J. Luter-

bacher, E. R. Wahl, F. Zwiers, M. Mann, G. Schmidt, C. Ammann, B. Buckly,



31

K. Cobb, J. Esper, H. Goosse, N. Graham, E. Jansen, T. Kiefer, C. Kull, M. Kut-

tel, E. Mosley-Thompson, J. Overpeck, N. Riedwyl, M. Schulz, A. Tudhope,

R. Villalba, H. Wanner, E. Wolff, and E. Xoplaki (2009). High-Resolution palaeo-

climatology of the last millennium: a review of current status and future prospects.

Holocene, 19, pp. 3–49. doi:10.1177/0959683608098952.

Kipfmueller, K. and M. Salzer (2010). Linear trend and climate response of five-

needle pines in the western United States related to treeline proximity. Can. J.

For. Res., 40(1), pp. 134–142. doi:10.1139/X09-187.

Kirdyanov, A., E. Vaganov, and M. Hughes (2007). Separating the climatic sig-

nal from tree-ring width and maximum latewood density records. Trees-Struct.

Funct., 21, pp. 37–44. doi:10.1007/s00468-006-0094-y.

Kirkpatrick, S., C. Gelatt, and M. Vecchi (1983). Optimization by Simulated An-

nealing. Science, 220, p. 671680. doi:10.1126/science.220.4598.671.

Körner, C. and G. Hoch (2007). A Test of treeline theorey on a montane permafrost

island. Arctic, Antarctic, and Alpine Research, 38, pp. 113–119. doi:10.1657/

1523-0430(2006)038[0113:ATOTTO]2.0.CO;2.

Körner, C. and J. Paulsen (2004). A world-wide study of high altitude treeline

temperatures. J. Biogeogr., 31, pp. 713–732. doi:10.1111/j.1365-2699.2003.01043.

x.

Li, B., D. Nychka, and C. Ammann (2010). The value of multi-proxy reconstructions

of past climate. J. Am. Stat. Assoc. Submitted.

Mann, M., R. Bradley, and M. Hughes (1998). Global-scale temperature patterns

and climate forcing over the past six centuries. Nature. doi:10.1038/33859.

Mann, M. and S. Rutherford (2002). Climate reconstruction using ‘Pseudoproxies’.

Geophys. Res. Lett., 29(1501). doi:10.1029/2001GL014554.



32

Mann, M. E., R. S. Bradley, and M. K. Hughes (1999). Northern hemisphere tem-

peratures during the past millennium: Inferences, uncertainties and limitations.

Geophys. Res. Lett., 26, pp. 759–762.

Mann, M. E., Z. Zhang, M. K. Hughes, R. S. Bradley, S. K. Miller, S. Rutherford,

and F. Ni (2008). Proxy-based reconstructions of hemispheric and global surface

temperature variations over the past two millennia. Proc. Nat. Acad. Sci. U. S.

A., 105, pp. 13252–13257. doi:10.1073/pnas.0805721105.

Misson, L. (2004). MAIDEN: a model for analyzing ecosystem processes in den-

droecology. Can. J. For. Res., 34, pp. 874–887. doi:10.1139/x03-252.

Misson, L., C. Rathgerber, and J. Guiot (2004). Dendroecological analysis of

climatic effects on Quercus petraea and Pinus halepensis radial growth using

the process-based MAIDEN model. Can. J. For. Res., 34, pp. 888–898. doi:

10.1139/x03-253.

Moberg, A., D. Sonechkin, K. Holmgren, N. Datsenko, and W. Karlen (2005). Highly

variable Northern Hemisphere temperatures reconstructed from low- and high-

resolution proxy data. Nature, 433, pp. 613–617. doi:10.1038/nature03265.

Monserud, R. (1986). Time-series analysis of tree-ring chronologies. Forest Sci., 32,

pp. 349–372.

New, M., M. Hulme, and P. Jones (2000). Representing twentieth-century space-time

climate variability. Part II: Development of 1901-96 monthly grids of terrestrial

climate. J. Clim., 13, pp. 2217–2238.

Parnell, A. a. (2008). A flexible approach to assessing synchroneity of past events

using Bayesian reconstructions of sedimentation history. Bayesian Anal., 3(2),

pp. 249–254. doi:10.1214/08-BA309A.

Peterson, T. and R. Vose (1997). An Overview of the Global Historical Cli-

matology Network Temperature Database. Bull. Amer. Meteor. Soc. doi:

10.1175/1520-0477(1997)078〈2837:AOOTGH〉2.0.CO;2.



33

Preisendorfer, R. W. (1988). Principal Component Analysis in Meteorology and

Oceanography. New York.

Robert, C. (2007). The Bayesian Choice: From Decision-Theoretic Foundations for

Computational Implementation. Springer Texts in Statistics, Paris.

Rossi, S., A. Deslauriers, T. Anfodillo, and V. Carraro (2007). Evidence of threshold

temperatures for xylogenesis in conifers at high altitudes. Oecologia, 152, pp.

1432–1939. doi:10.1007/s00442-006-0625-7.

Salzer, M. W., M. K. Hughes, A. G. Bunn, and K. F. Kipfmueller (2009). Recent

Unprecedented Tree-Ring Greowth in Bristlecone Pine at the Highest Elevations

and Possible Causes. Proc. Natl. Acad. Sci. U. S. A., 106, pp. 20348–20353.

doi:10.1073/pnas.0903029106.

Seager, R., R. Burgman, Y. Kushnir, A. Clement, E. Cook, N. Naik, and J. Miller

(2008). Tropical Pacific Forcing of North American Medieval Megadroughts: Test-

ing the Concept with an Atmosphere Model Forved by Coral-Reconstructed SSTs.

J. Clim. doi:10.1175/2008JCLI2170.1.

Smerdon, J. (2012). Climate models as a test bed for climate reconstruction

methods: pseudoproxy experiments. WIREs Clim. Change, 3, pp. 63–77. doi:

10.1002/wcc.149.

Smerdon, J., A. Kaplan, D. Chang, and M. Evans (2011). A pseudoproxy evaluation

of the CCA and RegEM methods for reconstructing climate fields of the last

millennium. J. Clim., 24, pp. 1284–1309. doi:10.1175/2010JCLI4110.1.

Taylor, K. (2001). Summarizing multiple aspects of model performance in a single

diagram. J. Geophys. Research, 106, pp. 7183–7192. doi:10.1029/2000JD900719.

Tingley, M., P. Craigmile, M. Haran, B. Li, E. Mannshardt-Shamseldin, and B. Ra-

jaratnam (in press). Piecing together the past: Statistical insights into paleocli-

matic reconstructions. Quat. Sci. Rev.



34

Tingley, M. and P. Huybers (2010a). A Bayesian Algorithm for Reconstructing

Climate Anomalies in Space and Time. Part I: Development and Applications

to Paleoclimate Reconstruction Problems. J. Clim., 23, pp. 2759–2781. doi:

10.1175/2009JCLI3015.1.

Tingley, M. and P. Huybers (2010b). A Bayesian Algorithm for Reconstructing

Climate Anomalies in Space and Time. Part II: Comparison with the Regularized

Expectation-Maximization Algorithm. J. Clim., 23, pp. 2782–2800. doi:10.1175/

2009JCLI3016.1.

Tolwinski-Ward, S. (in prep.). Bayesian parameter estimation and interpretation

for the VS-Lite model of tree-ring width.

Tolwinski-Ward, S., M. Evans, M. Hughes, and K. Anchukaitis (2011). An efficient

forward model of the climate controls on interannual variation in tree-ring width.

Clim. Dyn. doi:10.1007/s00382-010-0945-5.

Vaganov, E., K. Anchukaitis, and M. Evans (2011). How well understood are the

processes that create dendroclimatic records? A mechanistic model of climatic

control on conifer tree-ring growth dynamics. In Hughes, M., T. Swetnam, and

H. Diaz (eds.) Dendroclimatology: Progress and Prospects, Developments in Pale-

oecological Research, chapter 3. Springer-Verlag.

Vaganov, E. A., M. K. Hughes, and A. V. Shashkin (2006). Growth Dynamics of

Conifer Tree Rings, volume 183 of Ecological Studies. Springer-Verlag, New York.

van den Dool, H., J. Huang, and Y. Fan (2003). Performance and analysis of the

constructed analogue method applied to U.S. soil moisture over 1981-2001. J.

Geophys. Res., 108(8617). doi:10.1029/2002JD003114.

von Storch, H., E. Zorito, and F. Gonzalez-Rouco (2009). Assessment of three

temperature reconstruction methods in the virtual reality of a climate simulation.

Int. J. Earth Sci., 98, pp. 67–82. doi:10.1007/s00531-008-0349-5.



35

Von Storch, H. and F. Zwiers (1999). Statistical Analysis in Climate Research.

Cambridge University Press, Cambridge, UK.

Wahl, E., H. Diaz, and C. Ohlwein (2011). A pollen-based reconstruction of summer

temperature in central North America and implications for circulation patterns

during medieval times. Glob. and Planet. Change. doi:10.1016/j.gloplacha.2011.

10.005.

Wallace, J., C. Smith, and C. Bretherton (1992). Singular Value Decomposition of

wintertime sea-surface temperature and 500-mb height anomalies. J. Clim., 5,

pp. 561–576.

Weare, C., A. Navato, and R. Newell (1976). Empirical Orthogonal Analysis of

Pacific Sea-Surface Temperatures. J. Phys. Oceanog., 6.

Wikle, C., R. Milliff, D. Nychka, and L. Berliner (2001). Spatiotemporal Hierarchical

Bayesian Modeling: Tropical Ocean surface winds. J. Am. Stat. Assoc., 96, pp.

382–397.

Wilson, R., R. D’Arrigo, B. Buckley, U. Buntgen, J. Esper, D. Frank, B. Luckman,

S. Payette, R. Vose, and D. Youngblut (2007). A matter of divergence: Tracking

recent warming at hemispheric scales using tree ring data. J. Geophys. Research-

Atmos., 112. doi:10.1029/2006JD008318.

Wilson, R. and W. Elling (2004). Temporal instability in tree-growth/climate re-

sponse in Lower Bavarian Forest region: implications for dendroclimatic recon-

struction. Trees-Struct. Funct., 18. doi:10.1007/s00468-003-0273-z.

Woodhouse, C., K. Kunkel, D. Easterling, and E. Cook (2005). The twentieth-

century pluvial in the western United States. Geophys. Res. Lett., 32. doi:10.

1029/2005GL022413.

Yu, S., Z. Kang, and W. Zhou (2012). Quantitative palaeoclimate reconstructions

as an inverse problem: A Bayesian inference of late-Holocene climate on the



36

eastern Tibetan Platfeau from a peat cellulose δ18O record. Holocene, 22(405).

doi:10.1177/0959683611425544.



37

APPENDIX A

AN EFFICIENT FORWARD MODEL OF THE CLIMATE CONTROLS ON

INTERANNUAL VARIATION IN TREE-RING WIDTH

Manuscript published in Climate Dynamics



38

An Efficient Forward Model of the Climate Controls on Interannual

Variation in Tree-Ring Width

Susan E. Tolwinski-Ward1,2, Michael N. Evans3, Malcolm K. Hughes2 and Kevin J.

Anchukaitis4

1. Program in Applied Mathematics, The University of Arizona, Tucson, AZ

2. Laboratory of Tree-Ring Research, The University of Arizona, Tucson, AZ

3. Department of Geology, The University of Maryland, College Park, MD

4. Lamont-Doherty Earth Observatory, Columbia University, Pallisades, NY

A.1 Abstract

We present a simple, efficient, process-based forward model of tree-ring growth,

called Vaganov-Shashkin-Lite (VS-Lite), that requires as inputs only latitude and

monthly temperature and precipitation. Simulations of six bristlecone pine ring-

width chronologies demonstrate the interpretability of model output as an accu-

rate representation of the climatic controls on growth. Ensemble simulations by

VS-Lite of two networks of North American ring-width chronologies correlate with

observations at higher significance levels on average than simulations formed by re-

gression of ring width on the principal components of the same monthly climate

data. VS-Lite retains more skill outside of calibration intervals than does the prin-

cipal components regression approach. It captures the dominant low- and high-

frequency spatiotemporal ring-width signals in the network with an inhomogeneous,

multivariate relationship to climate. Because continuous meteorological data are

most widely available at monthly temporal resolution, our model extends the set of

sites at which forward-modeling studies are possible. Other potential uses of VS-

Lite include generation of synthetic ring-width series for pseudo-proxy studies, as

a data level model in data assimilation-based climate reconstructions, and for bias

estimation in actual ring-width index series.
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A.2 Introduction

Climate reconstructions of the last two millennia have typically relied on extend-

ing linear, empirically-derived relationships between natural proxy indicators and

univariate climate time series into the past. Many reconstructions of temperature,

for example, rely heavily on regressions of tree-ring width indices on either local

records of temperature, or on large-scale patterns of temperature variability during

the period in which tree-ring observations and instrumental records overlap (Fritts

(2001); Fritts (1991); Jones et al (1998); Mann et al (1999); Mann et al (2008)).

Such analyses have provided useful information about the past, but are limited

by some methodological assumptions, including linearity and stationarity of the

climate-proxy relationship. The literature on the “divergence problem” in dendro-

climatology, for instance, provides many examples of nonlinear and non-stationary

proxy-climate relationships (D’Arrigo et al (2008) provide an extensive review).

Given such observations during the instrumental period, climate reconstructions

based on assumptions of stationary proxy-climate behavior in the past should be

performed and interpreted with caution (Briffa et al (1998); Wilson and Elling

(2004); Wilson et al (2007)).

To accommodate the possibility of non-stationarity and nonlinearity in proxy

records, members of the paleoclimate research community have recently sought new

reconstruction methodologies that can assimilate scientific understanding of the pro-

cesses by which proxy records are formed (e.g. Guiot et al (2000); Guiot et al (2009);

Hughes and Ammann (2009); Garreta et al (2010)). Bayesian Hierarchical Models

(BHMs) provide one such avenue. Within this framework, a data level model of the

processes that transform variations in climate into proxy data may be inverted to

inform probabilistic estimates of paleoclimate. Several numerical methods exist for

performing such inversions, but all are computationally expensive. The tractability

of this methodology therefore depends on the simplicity and efficiency of the data

level model.

With this motivation in mind, we have developed a deterministic numerical
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model that captures the primary response of ring width to climate. The model is

nonlinear, allowing for interaction between the effects of temperature and moisture

on tree-ring growth, and also non-stationary in its dynamic, adaptive formulation

of the response of growth to climatic conditions. Unlike models of tree-ring growth

meant for ecological studies, such as those described by Misson (2004), Fritts et al

(2000) and Rathgeber et al (2003), ours does not simulate complex cambial biology,

effects of the crown on growth, photosynthesis, or most site-specific environmental

conditions. Rather, our model parameterizes the effects of these processes on growth

through a simple implementation of the principle of limiting factors (Fritts (2001)).

The model runs on monthly mean temperature and accumulated precipitation in-

puts, enabling ring width simulations in any mid-latitude location where monthly

climate records exist. Although the development of VS-Lite was motivated by the

desire for an efficient, directly invertible model for paleoclimate reconstructions via

BHM, here we present and validate our model’s “forward” uses.

In section 2 of this paper, we explain the structure and parameterization of the

model, which we call VS-Lite. In section 3, we present three case studies used

to validate the model. In the first, simulations of six chronologies illustrate the

mechanistic interpretability of VS-Lite’s growth functions. The latter two use a

Monte Carlo calibration/validation approach to generate and assess ensembles of

model simulations of two different networks of observed tree-ring chronologies. The

results of the network simulations are compared to observations using statistics of

the simulated ensembles and spatiotemporal analysis. In section 4, we discuss the

results and their implications for forward and inverse studies relating ring-width to

climate.

A.3 Model Description

A.3.1 Modeled Growth Response to Climatic Conditions

VS-Lite is a simplified descendant of the full Vaganov-Shashkin (VS) model

(Vaganov et al (2006); Vaganov et al (2010 in press); Evans et al (2006)) of tree-ring
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growth. Our “lite” model is intended as a first-order approximation of tree-ring

width response to temperature and precipitation capable of capturing large-scale

patterns imprinted on networks of tree ring widths, rather than a detailed represen-

tation of the complex biological and ecological processes operating at any specific

site. Improvements in efficiency over the full model formulation have been made

with an eye to applications in paleoclimate where large ensembles of tree-ring data

need to be simulated or inverted to supply information about climate at large scales

and fine spatial resolutions. Our “lite” model takes monthly, rather than daily,

accumulated precipitation and average temperature data as inputs, and has only

12 parameters (compared with 40+ in the full model). The representation of indi-

vidual cambial cells and the biological processes that govern them, both important

components of the full VS model, are completely absent in VS-Lite. However, the

representation of the nonlinear climatic controls on tree-ring growth, present in the

full VS model in the form of threshold growth response functions and an implemen-

tation of the principle of limiting factors (Fritts (2001)), remains largely unchanged

in VS-Lite.

Figure D.1 diagrams VS-Lite’s transformation of climate into a simulated ring-

width chronology. For each modeled month s in each modeled year t, a non-

dimensional, scaled temperature-based growth response gT (s, t) is calculated given

the average temperature T (s, t):

gT (s, t) =















0 if T (s, t) ≤ T1;

(T (s, t) − T1)/(T2 − T1) if T1 ≤ T (s, t) ≤ T2;

1 if T2 ≤ T (s, t)

(A.1)

Here T1 parameterizes the threshold temperature below which growth will not occur,

while T2 is a lower bound on the optimal temperature range for growth. The nonlin-

ear growth-switching behavior represented in equation D.8 is inherited directly from

the full VS model. In parallel to the calculation of gT (s, t), the monthly temperature

and accumulated precipitation data are input into the National Oceanic and Atmo-

spheric Administration’s Climate Prediction Center (CPC) “Leaky Bucket Model”

(see equations 1-3 in Huang et al (1996)). This bucket hydrology scheme estimates
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evapotranspiration, surface runoff, and groundwater flow as empirical functions of

the input data, and subtracts them from incoming precipitation plus the previ-

ous month’s soil moisture to compute the present monthly soil moisture MS(s, t).

Soil moisture is the only environmental variable simulated in VS-Lite. From it, a

moisture-based growth response gM(s, t) between zero and one is computed in a

formally identical fashion to gT (s, t), with constants M1 and M2 parameterizing the

growth response to a range of soil moistures. A third, insolation-based growth re-

sponse gE(s, t) is a rescaling of the ratio of the mean monthly day-length to that in

the summer solstice month. Day-length is computed using standard trigonometric

approximations that depend on the latitude of the modeled site (Gates (1980), eqn.

6.10).

Just as in the full VS model, a second source of nonlinearity appears in the

computation of an overall growth response at the site for month s and year t,

g(s, t). This quantity is given by the minimum on the temperature and soil moisture

responses, modulated by the response to insolation, and is meant to mimic the

principle of limiting factors:

g(s, t) = gE(s, t) ∗ min{gT (s, t), gM(s, t)} (A.2)

Unlike the full model, VS-Lite does not have a mechanism for determining an explicit

beginning or end of the growing season. An annual growth response series is obtained

by integrating the growth response function g(s, t) over a variable window of months

given by the start and end integration month parameters (I0 and If ). The resulting

series is standardized to produce the final simulated chronology.

Conceptually, the model variable g(s, t) represents the growth response of simu-

lated trees to climate conditions in month s, year t. This interpretation represents

a philosophical shift from the full VS model, in which the analogous functions are

interpreted as actual scaled rates of growth that control the efficiency of modeled

cellular production processes. The lite model scheme still allows for either tem-

perature or moisture to dominate the response on a month-to-month basis through

the minimization in equation A.2, and for the dominant climate control to change
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from one month to the next. Although we do not explicitly model the mechanistic

processes through which these responses are realized (for example, photosynthesis,

storage, and cell division, enlargement, and thickening), we simulate their net effects

on growth based on the model description of the principle of limiting factors. In

years in which the integrated growing conditions, as represented by equation A.2,

are better (worse) than average, one therefore obtains a relatively wider (narrower)

simulated ring.

The MATLABR© VS-Lite model code is also compatible with the free Octave

programming environment (http://www.octave.org), and will be made available at

the National Oceanic and Atmospheric Administration’s Paleoclimatology World

Data Center.

A.3.2 Model Parameterization

VS-Lite has 12 tunable parameters, listed in Table D.1. The first four parameters

control the modeled nonlinear growth response to temperature and soil moisture. We

assume that T1, the threshold temperature for any growth response, must be greater

than freezing. Observational studies of xylogenesis (Rossi et al (2007); Deslauriers

et al (2008)) and evidence of a common isotherm defining global treeline (Körner

and Paulsen (2004)) together suggest that 8.5◦C provides a reasonable upper bound

for this parameter. The lower bound on temperature for optimal growth T2 must

be larger than the threshold for a response, and an optimal growth response has

almost certainly been reached in all trees by the time temperatures rise to 20◦C.

We give similarly broad plausible ranges for threshold and optimal parameters for

growth response to soil moisture. Temperature and soil moisture thresholds above

which growth is hindered certainly exist in the physical world, and are included in

the full VS model. However, the output of VS-Lite is unchanged by the inclusion

of such bounds for temperature, because high enough temperatures increase mod-

eled evapotranspiration and already limit growth through gM . Likewise, an upper

moisture bound is not needed, as the CPC soil moisture model limits the maximum

moisture content at a value below levels that would be detrimental to plant growth.
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The next six parameters in Table D.1 are used for the computation of soil mois-

ture. The soil water budget in millimeters is given by the National Oceanic and

Atmospheric Administration’s CPC Leaky Bucket soil moisture model (Huang et al

(1996)), and then converted to a volumetric measure by dividing by a rooting depth.

The default value for this “bucket depth” is set to that used in the full VS model,

as is the minimum soil moisture content, which is added to the model code as an

error-catching mechanism. The first four soil moisture parameter values listed com-

prise the default parameter set for the CPC model, which were tuned to match

observations in eastern Oklahoma (Huang et al (1996)), but are used successfully

by CPC to monitor and predict global soil moisture (van den Dool et al (2003)).

The last two parameters control the window of time over which the growth re-

sponse function g is integrated to obtain the simulated annual ring width index.

Both parameters are specified in integer months since the first of January for the

year associated with the ring. For all simulations in the current study, these pa-

rameters are set to I0 = −4 and If = 12, so that the growth response is summed

from the previous year’s September through the current year’s December for each

simulated year. Physical arguments for a longer or shorter integration window

certainly exist for most sites and species. However, varying the window between

seven months (from the current year’s March through September for these northern

hemisphere simulations) and fifteen months (from the previous year’s September

through the current year’s November) affected only a negligible fraction of the sim-

ulation variance in each of the 300+ network sites in this study. In the test sites

studied here, integration windows beginning after the previous year’s September

tended to produce simulations with less autocorrelation than observed chronologies,

while windows beginning earlier decreased model skill. Including months after the

current year’s October, when the growing season has typically ended at Northern

Hemisphere sites, did not change the average skill of the simulations, or introduce

autocorrelation. We include the current year’s October through December in the

integration window to allow for the possibility of unseasonably favorable growing

conditions late in the year to affect growth.
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A.4 Three Validation Studies

We perform three validation studies with VS-Lite. In the first, presented in section

A.4.1, we simulate six bristlecone pine chronologies to demonstrate the physical

interpretability of model output, as well as one way VS-Lite may be used for a

forward-modeling study of the monthly climate controls on tree ring growth. The

latter two studies involve ensemble calibration/validation simulation experiments for

two different networks of North American ring-width chronologies. In both network

studies, we compare statistics of the ensemble simulations produced by the process

model to benchmark simulations based on a standard statistical technique. The

network in the second validation study (section A.4.2) is composed of chronologies

developed by dendroclimatologists to contain relatively strong climate signals. The

network in the last validation study (section A.4.3) contains chronologies known

to have complex relationships to temperature and precipitation, and in that sense

constitutes a more challenging target for VS-Lite. Spatio-temporal analysis of both

network simulations demonstrate the ability of VS-Lite to diagnose the climatic

causes of large-scale patterns of tree-ring growth. All validation data sets are pub-

licly available.

A.4.1 Validation Study I: Bristlecone Pine Series

Proxies and climate data inputs

We simulate six bristlecone pine ring-width chronologies from the Great Basin, re-

cently developed and studied by Salzer et al (2009). Three of these chronologies were

developed from sites below treeline and within 20 kilometers of one another in the

White Mountains of California. The other three chronologies were developed from

sites at treeline, or at the upper forest border (UFB). One of these chronologies is

close to the three lower-elevation sites in the White Mountains, and the other two are

hundreds of kilometers away in Nevada. All six chronologies are given by a simple

average across site cores, whose raw ring widths are freely accessible online at the In-

ternational Tree Ring Data Bank (http://www.ncdc.noaa.gov/paleo/treering.html,
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IGBP PAGES/World Data Center for Paleoclimatology, NOAA/NCDC Paleoclima-

tology Program, Boulder, Colorado, USA.).

Salzer et al (2009) report that the three UFB chronologies “show strong positive

association with temperature and markedly weaker, mostly positive, association

with precipitation.” The three non-treeline chronologies “show a stronger positive

association with precipitation but a negative association with temperature.” Here

we drive simulations of these records using the same climate data used by Salzer

et al (2009) to facilitate comparison with their results. The climate data come

from the gridded monthly Parameter-Elevation Regressions on Independent Slopes

Model (PRISM) data product (Daly et al (2008)), which interpolates ground-based

meteorological station records giving special attention to the effects of topography

on monthly precipitation and maximum and minimum temperature fields. Here we

neglect both measurement and model error inherent in the PRISM data, and use

the mean of the maximum and minimum temperature sets. The data are spatially

resolved on a 2.5 × 2.5 square arc-minute grid, and may be downloaded from the

PRISM website (www.prism.oregonstate.edu/).

Methods

Preliminary Monte Carlo experiments indicated that simulated tree-ring growth

by VS-Lite is insensitive to the parameters of the soil moisture model, which were

therefore held at the default values for all experiments in the present study. A simple

optimization procedure was used to calibrate the four growth response parameters

at each of the six bristlecone sites. Because the model is inexpensive to run and

only sensitive to these four parameters, it is possible to sample each parameter

using uniform increments across the intervals given in Table D.1, and to run the

model at all parameter combinations in this gridded four-dimensional space. The

temperature parameters were sampled at the endpoints of their plausible intervals

(given in Table D.1) and at every 1.5◦C in between, and the first and second soil

moisture parameters were sampled across their plausible intervals in increments of

.005 v/v and .1 v/v, respectively. The parameter set producing the simulation that
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correlated most significantly with the observed ring-width series at each site was

considered “optimal” and used to create the simulations on which the analysis was

performed.

We examine the resulting simulated growth response functions gT and gM , and

compare their mechanistic interpretations of the controls on growth to the statistical

analysis of those controls performed by Salzer et al (2009). Low- and high- frequency

components of the observed and simulated chronologies were also separated using

a 5-year filter with coefficients given by binomial coefficients. We examine the

correlation of the simulated low- and high- frequency components to those of the

observed series.

Results

The correlation of simulated chronologies with observed ones vary smoothly as a

function of the four-dimensional parameter space. The six simulations performed

using optimal parameters, as well as the observed bristlecone pine chronologies, are

presented in Figure A.2. Examination of the simulated growth functions shows

the modeled control on growth at these sites. The mean monthly values of gT

and gM over all simulated years and across the three UFB sites are plotted in the

top panel of Figure A.3. The mean growth response to temperature is zero in

the winter months, when it is coldest, and peaks in July and August during the

warmest time of the year. The mean growth response to moisture dips during the

hot summer months as one would expect in response to the evaporation of available

moisture. This decline lasts until mid-autumn, reflecting an apparent lag before

the moisture supply to the tree recharges. Because the model integrates a scaled

point-wise minimum of these two functions to determine overall annual growth rates,

the figure clearly demonstrates that growth at these sites is generally temperature-

limited, with exceptions sometimes occurring in July and August. By contrast, the

mean modeled growth functions for the sites below treeline show a clear moisture-

limited response (second panel of the same figure), as the gM curve falls below the

gT curve during months where there is enough insolation for the bulk of the year’s
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growing to occur. These model results agree with the independent statistically-

based conclusions of Salzer et al (2009) of the differences between the climate signal

contained in treeline versus below-treeline sites.

In Table A.2 we report the approximate fraction of the observed chronology

variance in the low frequency band (containing cycles of greater than or equal to

5 years), as well as the correlation of the low-and high frequency components of

the observed and simulated chronologies at each of the 6 bristlecone pine sites. A

significant fraction of the signal variance at all six sites is contained in the lower

frequency band. The model captures the low-frequency component well in all three

UFB sites, but not uniformly at the lower elevation sites. Conversely, the high-

frequency band of the simulations correlate significantly with that of the observations

at the lower elevations sites, but not at the upper forest border sites.

A.4.2 Validation Study II: Mann et al. (2008) Network

Proxy network and climate data inputs

Simulations were performed of a subset of the North American tree-ring width

chronologies used in a multi-proxy hemispheric temperature reconstruction by Mann

et al (2008). In that work, candidate tree-ring width series were screened for within-

site mean inter-sample correlations ≥ 0.5, as well as for sufficient replication, with

a minimum of 8 cores required for each site used. These criteria follow standard

dendroclimatological principles of site selection designed to ensure the presence of

a strong climate signal in the proxy indicator (Fritts et al (1965)).

Model simulations were driven with PRISM data. The set of tree-ring chronolo-

gies used to test the model were restricted to those from the Mann et al. set which

are located inside the PRISM data set domain, and with continuous chronologies

during the 90-year period from 1895-1984. The resulting network of 317 ring-width

chronologies will be referred to here as the M08 network. All chronologies are

archived at the International Tree Ring Data Bank.
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Methods

For each site in the network, 100 calibration/validation tests were run, with each

calibration interval chosen as a random 44-year subset of the last 89 of the 90

simulations years. For each of these tests, the simple gridded parameter optimization

procedure described in the previous experiment was used to calibrate VS-Lite’s

climate response parameters at each site, using the PRISM climate data from the

gridcell in which the tree-ring site is located to drive the model. As a benchmark,

statistical point-by-point regression modeling (Cook et al (1999)) of the ring width

chronologies in the M08 network was performed on the same 100 calibration and

validation intervals. For each site in the network, the standardized chronologies

were regressed during the calibration interval on principal components (PCs) of the

standardized monthly temperature and precipitation series from the gridcell and

same window of time integrated by VS-Lite (eg. the (i − 1)st year’s September

to the ith year’s December for simulation of the ith year’s ring width index). For

each row in the predictor matrix, and equivalently, for each year in the regression,

sixteen of the columns were thus given by the monthly mean temperatures in this

window of months, and sixteen were given by the monthly accumulated precipitation

measurements. The principal components needed to explain 50% of the climate

signal variance were considered for use in the regression, and the model with the

lowest Akaike Information Criterion (Akaike (1974)) was used for comparison to the

VS-Lite modeling results. This regression-model fitting was also performed using

pre-whitened network chronologies, or the residuals of the chronologies after ARMA

modeling in an effort to remove biological persistence (Monserud (1986)). However,

this pre-processing changed the results only negligibly. We therefore report results

for the procedure without the pre-processing of chronologies only. The calibration

of a separate regression model at each site allows a direct comparison between this

statistical approach and the VS-Lite simulations, which were run with parameters

calibrated for each specific site.

The average fraction of sites in the network over the 100 simulations whose



50

simulations correlated significantly with observation at p-values between 0.01 and

0.1 was computed as a performance metric to compare the two modeling approaches.

An index of stability IS was also computed at each site in the network to compare

the dependence of the forward and statistical models on calibration-interval tuning.

We defined this index as one minus the mean absolute change in the correlation p-

value of the simulation with observation from the calibration to validation interval

across the 100 Monte Carlo tests:

IS(site j) = 1 −
1

100

100
∑

i=1

|pi,j

cal
− pi,j

ver| (A.3)

The index of stability is therefore between 0 and 1, with values closer to 1 indicating

greater model stability outside of the calibration window. Note that this metric is

defined in terms of changes in a measure of simulation quality from the calibration to

validation interval, but contains no information about absolute simulation quality.

To evaluate the dependence of model skill on the site-specific parameter calibra-

tion, we also perform VS-Lite simulations of the network over the same random set of

calibration/validation intervals with a single parameter set. This “global” parameter

set depends on estimates of the local partial derivatives of the simulation-observation

correlation function ρ with respect to changes in the four growth response param-

eters, evaluated at the optimal parameter values for each site. These derivatives

were approximated at each site by the change in the correlation when a parame-

ter was changed by one increment from its optimal value in the gridded parameter

space. This approach seems reasonable given that the correlation turned out to be

a smoothly varying function of the parameter space. The global parameter set was

computed by taking a weighted average of the site-specific optimal parameters, with

weights given by the estimated derivatives. Thus for the parameter T1, for exam-

ple, we estimate its global optimal value T ∗
1,g from its site-specific optimal values

T ∗
1 (j), j = 1 · · ·N for each of N sites by

T ∗
1,g =

∑N

j=1 T ∗
1 (j) ∆ρ

∆T1

∣

∣

∣

T ∗

1 (j)

∑N

j=1
∆ρ

∆T1

∣

∣

∣

T ∗

1 (j)

(A.4)
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When the optimal value T ∗
1 (j) was not on the boundary of its allowed interval,

the partial derivative estimate ∆ρ

∆T1

∣

∣

∣

T ∗

1 (j)
was approximated by the average of the

differences in ρ one gridpoint away in either direction from the optimal value, divided

by the gridspacing; otherwise the derivative was approximated using the difference

in only one direction.

Because all 317 M08 chronologies were chosen for their overlap of a common 90-

year interval, spatio-temporal analysis of the observed and simulated fields of ring

widths was also possible. We evaluate the simulated network skill by comparing the

mean field simulated across the 100 random validation periods (with site-specific

parameter calibration) to the observed field of ring widths. At each spatial point

and for each year of the simulation, we define the simulated mean validation field

(MVF) as the mean over the simulated ring widths in simulations for which the

given year was part of the validation interval. Each year in the observed network

was simulated by some nonzero fraction of the 100 Monte Carlo experiments, so the

MVF covers the same continuous interval of time and can be compared directly to

the observed field. We performed an EOF analysis (Preisendorfer (1988), Weare

et al (1976)) on both the simulated MVF and the observed field of ring widths, and

directly compare the leading spatial patterns and the associated temporal loadings

from each.

At each site, we also computed a mean verification field growth response to

temperature and moisture by averaging gT (s, t) and gM(s, t) for each simulation

month and year across the 100 randomized verification interval years. Projecting

the mean monthly MVF responses onto the spatial empirical orthogonal functions

provides a diagnosis of the limiting climate factor responsible for these large-scale

modes of ring-width variation.

In order to compare calibration and validation interval skill, we also construct a

simulated mean calibration field (MCF). The value for a given year of the MCF at

each site is the mean of ring width indices across Monte Carlo experiments which

used that year as part of their calibration interval. A MCF and MVF were con-

structed for the network simulations by both VS-Lite and by PC regression, and
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EOF analysis of all four fields was performed. The time series associated with the

significant patterns of variance in the observed and simulated fields were compared

directly, as well as low- and high- pass filtered versions of the time series (given by

the convolution of the signal with a 5-year filter with coefficients given by binomial

coefficients, and its residuals, respectively). Five years was chosen as the length of

the low-pass filter window simply because this was the longest window allowing the

filtered 90-year signal to retain a sufficient number of effective degrees of freedom

to assess signal significance.

Results

Table B.1 gives the mean percentages of M08 simulations that correlated signifi-

cantly with observation across the 100-ensemble-member calibration/validation ex-

ercises by three different simulation approaches. The errors reported are the sample

standard deviations across the 100 trials. All modeling approaches performed rela-

tively consistently across trials, with standard deviations of only 2-3%. Both VS-Lite

and PC regression approaches with site-by-site fitting display artificial skill during

calibration, as evidenced by the positive difference in the percentage of skillfully

simulated sites from calibration to validation periods. However, that difference is

much smaller for VS-Lite than for PC regression (a change of 12% as compared to

28% at p < 0.05). The network simulation by VS-Lite with the parameter set tuned

globally shows no significant difference in calibration and validation skill, with vali-

dation results still significantly better than PC regression simulations tuned at each

site.

A map of the mean p-value simulated at each site using site-specific VS-Lite and

PC regressions during calibration and validation intervals is shown in Figure B.3.

PC regression generally produces a greater number of chronologies that correlate

significantly with observations during a given randomly chosen calibration interval.

However, the locations of these skillfully calibrated sites depend strongly on the

choice of calibration interval. Therefore the mean p-values associated with calibra-

tion correlations over the 100 MC experiments tend to be lower for PC regression
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than for VS-Lite.

Both VS-Lite simulations produce a greater fraction of simulated network

chronologies correlating significantly with observation at every p-value tested be-

tween 0 and 0.1 than does PC-regression, shown in the left-hand panel of Figure

B.4. The right-hand panel shows the stability index IS for VS-Lite and PC regres-

sion simulations of the M08 network is show in Figure B.4. Points above the dotted

line represent sites for which VS-Lite produces simulations that are generally more

stable than PC regression, and points below the dotted line represent sites where

PC regression simulations are more stable. Out of 317 site simulations, 224 have

a greater index of stability when computed with the VS-Lite model, rather than

PC-regression.

The left and right figures in the top panel of Figure B.5 shows the spatial pat-

terns associated with the first empirical orthogonal function in the observed and

simulated data, respectively. These patterns have a spatial correlation of r = 0.74

and appear broadly similar to the eye. Their associated time series, plotted in the

middle panel, correlate significantly at p < 0.01. The bottom panel, displaying

the projections of the simulated mean verification field gT and gM climate response

functions, show that this first signal is the result of moisture-limited growth. Simi-

lar results are shown in Figures B.6 and B.7 for the second and third observed and

simulated patterns. The second spatial patterns correlate at r = 0.60, have time

series that correlate significantly at p < 0.01, and appear to be driven more by

limiting temperatures except during the hottest months of the year. The third pat-

terns also show a strong spatial match (r = 0.72), with temporal series significantly

correlated at p < 0.01, and have variability determined by variations in moisture.

The first three EOFs account for 32% and 37% percent of the total observed and

simulated network signal variances, respectively. The close match between the lead-

ing observed and simulated spatial and associated time series indicates that VS-Lite

successfully simulates the continental-scale network signal.

We examine the calibration and validation skill at low and high frequencies via

five-year running means and the residual series of the first two time series asso-
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ciated with the observed and simulated fields. The correlation of these low- and

high-frequency simulated signals with the corresponding filterings of the observed

principal components are reported in Table B.2. The first and second MVF princi-

pal components correlate significantly with the first and second observed principal

components in both frequency bands. Both the high- and low- frequencies of the

first principal component generated by PC regression also correlate significantly

with observation in the validation period, but neither does for the second principal

component. In addition, the drop in skill from calibration to validation periods is

much more pronounced in both frequency bands for PC regression simulations than

for VS-Lite simulations.

A.4.3 Validation Study III: Five-needle Pine Network

Proxy network and climate data inputs

A second network of observed ring-width chronologies, comprising 66 five-needle

pine sites in the western United States, was also used to validate the model. This

network, hereafter referred to as the 5N network, was recently studied in Kipfmueller

and Salzer (2010). The authors of this study used statistical inference to show that

the network’s ring-width chronologies are characterized by a spatially heterogeneous,

multivariate climate signal. The network therefore provides a challenging target for

VS-Lite. We also use the PRISM data set as inputs to our model, and simulate the

same 86-year period from 1895-1980 studied by Kipfmueller and Salzer (2010). The

chronologies in this experiment are available in the supplementary material of their

original study.

Methods

The same Monte Carlo approach to the ensemble calibration/validation exercises

used on the M08 network was also used for the 5N network, with modeling of the

chronologies by PC regression also performed for comparison. The same metrics of

performance used to evaluate the M08 simulations were also applied, and VS-Lite
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simulations were performed both with site-specific parameter calibration as well as

with globally tuned model parameters.

To assess the spatiotemporal characteristics of the simulation, we form a mean

validation field (MVF) as in the M08 case study. Because of generally greater error

in the simulations of the more challenging 5N network, the EOFs of the observed and

simulated field are not directly comparable as in the M08 case. We instead examine

the covariance of the MVF and the observed field of ring-widths by performing a

joint singular value decomposition (SVD) of the covariance matrix of the two fields

(Wallace et al (1992); Bretherton et al (1992), also referred to as maximum covari-

ance analysis by Von Storch and Zwiers (1999)). Consider matrix representations

of the observed field Fo and the simulated mean validation field Fmvf in which the

rows represent centered observations at different sites, and the N columns represent

points in time. Given the SVD of their covariance matrix,

1

N − 1
FoF

T
mvf = UΣV T (A.5)

(where superscript T denotes transpose), the ith pair of ordered columns of U and

V represent the directions along which the covariance between the two fields is

maximal, subject to the constraint of orthogonality to all patterns with j < i. By

projecting the original fields onto their ith corresponding orthogonal spatial modes,

the analysis also yields time series Ao and Amvf of expansion coefficients for each

field in their orthogonal bases:

Ai
o = (U i)T Fo

Ai
mvf = (V i)T Fmvf (A.6)

Homogeneous correlation maps may be derived by plotting the point-wise correlation

of each original data series in one field with the time series of expansion coefficients

for that same field. Heterogeneous correlation maps show the point-wise correlation

of each original data series of one field with the expansion coefficients for the other

field. In our analysis, we compare the first and second empirical orthogonal functions

in the observed field to the first and second heterogeneous correlation map of the
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simulated ring widths, as well as comparing their respective expansion coefficient

time series. Similar analysis of the joint SVD to compare a simulated field to one

based on observations has precedent in a study by Seager et al (2008). To provide

insight into the climatic controls driving the variability of these first and second

modes, we project the monthly growth functions of the MVF onto the first and

second spatial patterns of covariability in the observed field, and take a mean for

each month over all simulated years.

Simulated mean calibration fields (MCF) were also computed for both the VS-

Lite and PC-regression simulations. Joint SVD of all four fields was performed, and

high- and low- pass filtered versions of the time series associated with the significant

patterns of covariance were compared as in the previous case study.

Results

Analogous results are reported for the simulations of the 5N Network in Table A.5

and Figures A.9 and A.10. This network presents a more challenging target for

both modeling approaches, which produce lower validation interval skill than they

did in the M08 network. The results of the 100 Monte Carlo calibration/validation

exercises are also less consistent within each simulation approach, with standard

deviations in the number of sites successfully simulated ranging from 3-6%. Both

methods of ring-width simulation show an increase in artificial calibration skill in this

network, although the discrepancy between calibration and validation skills is still

much greater for PC regression than for VS-Lite. A greater fraction of simulations

correlate significantly with observations when produced by VS-Lite than by PC

regression, and forty-two out of sixty-six sites in this network also show a higher

stability index for VS-Lite than for the statistical modeling approach (Figure A.10).

As in the M08 simulations, the validation interval skill of VS-Lite is indistinguishable

from that in the calibration interval when a single global parameter set is calibrated

for the network as a whole.

We assess the covariance between the observed and simulated network via joint-

SVD analysis. The first two singular vector pairs are significant at p < 0.01, and
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together account for 67% of the shared covariance between the fields. The first EOF

of the observed ring-width field is plotted in the top of Figure A.11 along with the

first heterogeneous correlation map of the mean simulated field. The latter map

represents the correlation of the mean simulated field at each site with variations in

the observed data along the direction of greatest covariance between the two fields.

Visually, these two spatial patterns do not appear strikingly similar. However, the

first PC of the observed field and the first time series of expansion coefficients of the

mean simulated field are reasonably similar, with a correlation of r = 0.59, and a

trend the dominant feature of each. The projections of the MVF growth functions

onto the first homogeneous pattern suggest that the variability along this mode

contains moisture signal from July and August, but is influenced by temperature

during other months (Fig. A.11, bottom panel). The same information is plotted for

the second set of observed and simulated spatial patterns in Figure A.12, which also

do not look spatially similar, but correlate temporally at r = 0.65. In this case, the

projections of the MVF growth functions indicate that this second-order variability

contains a moisture signal almost exclusively. The first two principal components of

the observed field, to which we compare the simulated signal, together account for

33% of the variance of the observed field of chronologies.

We examine the calibration and validation skill at low and high frequencies via

five-year running means and the residual series of the first two principal compo-

nents of the observed field and the time series expansion coefficients of the first two

heterogeneous maps. The correlation of these low- and high-frequency simulated

signals with the corresponding filterings of the observed principal components are

reported in Table A.6. Both the low and high frequency signals of VS-Lite and PC

regression simulations correlate significantly (p < 0.01) with the corresponding ob-

served time series during the calibration periods. The first two patterns of the mean

validation field simulated by VS-Lite also correlate significantly (p ≤ 0.001) with the

observations in the low-frequency band, while the first pattern of covariance from

the field generated by PC regression does not (p = 0.09). While the high-frequency

band of the time series associated with the first pattern generated by PC regression
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correlates with the observation at a significance of p = 0.4, the first and second

VS-Lite-generated time series correlate with observation at p = 0.07 and p < 0.001.

A.5 Discussion

The results of the M08 and 5N network experiments demonstrate that VS-Lite im-

proves upon the stability and accuracy of a standard statistical simulation technique.

In both cases, VS-Lite outperforms PC regression in the number of ring-width sim-

ulations that correlate significantly with observed chronologies during validation

intervals. Improved regression-based simulations of ring width may be possible with

site-specific fitting procedures and pre-processing of the chronologies. However, a

more objective, “one-size-fits-all” calibration and simulation approach is generally

necessary for applications simulating networks comprising hundreds of chronologies.

Within these constraints, our forward model network simulations appear more ro-

bust to the choice of a specific calibration window, and maintain greater skill outside

of calibration intervals. Both advantages seem to be derived at least partly from

the model’s basis in the stoichiometric mechanisms limiting and hence controlling

ring width growth, as low-frequency proxy variability that hampers the reliability

of statistical calibrations does not affect process-based modeling in the same way.

This feature is demonstrated especially clearly in the simulations of the 5N network,

whose complex signal shows a substantial low-frequency component in its first two

principal components (see Figures A.11 and A.12), with 51% and 73% of the variance

of the first and second principal components accounted for by the variance of their

five-year running means, respectively. As a result, the ring width simulations by PC

regression are dramatically over-tuned during calibration windows, while VS-Lite

preserves a larger percentage of its calibration window skill during the validation

intervals.

With model parameters calibrated globally, rather than at each individual site,

the skill of VS-Lite in calibration and validation periods appears identical in both

network experiments, and still outperforms PC regression in validation skill. This
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result suggests that it may be possible to optimize model simulations of networks

covering even global spatial scales without site-by-site parameter calibration. Cal-

ibration and cataloging of parameter sets for different biomes represented in the

network may strike the desired balance between efficiency and performance stabil-

ity. The response of trees to climate within each such set is likely to be somewhat

uniform, but a given biome is also likely to contain enough member sites to cancel

the effects of over-tuning at any given one.

VS-Lite output also has the advantage of being interpretable in terms of the

climate controls on modeled growth. The simulated growth functions at the six

bristlecone pine sites are consistent with the differences on the controls on growth

at treeline and below as assessed by Salzer et al (2009). The model also successfully

simulates the positive trend at all three UFB sites. As VS-Lite is driven by tem-

perature and precipitation data alone, this result supports the assertion of Salzer

et al (2009) that the trends at treeline can be attributed at least partly to climatic

causes.

Although the model is on average unable to simulate a majority of significant

chronologies in the 5N network and does not replicate the major spatial patterns in

the observed data especially skillfully, the projections of the mean validation field

growth response functions onto the first two homogeneous correlation patterns be-

tween observed and simulated ring width also allows for climatic interpretation of

the observed field. The modeled growth functions controlling the second network

signal component imply a growth pattern dominated by moisture signal. The cor-

responding observed time series supports this interpretation. It peaks in the early

twentieth century during a well-documented pluvial that occurred from 1905-1917

(Woodhouse et al (2005); Fye et al (2003)), shows a local minimum in 1934 in the

middle of the decadal “Dust-Bowl” drought, and decreases again through the mid

1940’s through the mid-1950’s, another period of sustained drought (Hoerling et al

(2009); Fye et al (2003)). The growth functions projected onto the first network

pattern have more mixed climatic controls. Although moisture generally appears to

limit growth of this pattern in July and August, temperature controls the modeled
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growth in every other month. The gradual increase in the corresponding time se-

ries over the period modeled is therefore consistent with upward trends in monthly

Climatic Research Unit gridded temperature data over the same time period, and

averaged over the same spatial domain (New et al (2000), trend present in annu-

ally averaged surface temperature reanalysis, as well as in June-August averages for

125-100◦W, 30-50◦N).

The simplicity of VS-Lite’s representation of climate-driven tree-ring growth

places the model toward the less sophisticated end of the continuum of process-

based tree ring models. Without modeling any biological processes explicitly, the

model certainly cannot be considered fully mechanistic. The effects of variations in

atmospheric CO2 concentration and soil nitrification are neglected, which may some-

what limit the applicability of the model to post-industrial or pre-Holocene studies.

However, the implementation of the principle of limiting factors as the basis for ring

width allows for clear analysis of the factors dominating the growth response and

how they might change over time. The relative importance of climatic events at

different times of year to the overall growth may also be analyzed through VS-Lite’s

growth response function output. The adaptivity of the modeled growth responses

also reflects the mechanisms controlling growth with more fidelity than a static re-

gression model. The fact that modeled growth depends on soil moisture, rather than

directly on precipitation, also represents an important step toward a mechanistic de-

scription of tree-ring growth, as real-world moisture-limited growth is affected by

runoff, groundwater flow, and also by temperature through evaporation. The choice

of an integration window that begins in the previous year’s September mimics the

effects on growth of some of the biological processes, such as carbohydrate storage

and the number of cambial cells left over from one year that initiate growth in the

following year, which introduce autocorrelation in the ring-width series beyond that

arising from persistence in the climate inputs and soil moisture alone.

The model description of soil moisture processes is a spare area of VS-Lite that

endows the model with both strengths and weaknesses. VS-Lite inherits efficiency

and robustness to parameter choices from the rudimentary CPC bucket model, but
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no representation of winter precipitation stored as snow-pack. Winter precipitation

still contributes to modeled growth to some degree, as the soil moisture model

contains significant memory from month-to-month, but ring width variability at

sites where winter precipitation is the dominant control on growth is less likely to

be realistically represented by VS-Lite. Interannual-to-decadal-timescale changes

in the timing of winter snowmelt not modeled by the Leaky Bucket could partly

explain VS-Lite’s inability to uniformly reproduce the low-frequency signal in the

three lower-elevation bristlecone pine chronologies. The lack of modeled snowmelt

may also be the reason VS-Lite simulations underestimate ring width during the

early twentieth century pluvial in the lower-elevation bristlecone pines (right hand

side of Figure A.2). Research by Woodhouse et al (2005) suggests that the wet

conditions from 1905-1917 were primarily the result of winter precipitation. Efforts

by CPC scientists to incorporate snow processes into the monthly leaky bucket

model were unsatisfactory in their representation of spring melting, and were never

published (van den Dool, H., personal communication (2010)). Similar attempts

to implement snow-melting in VS-Lite by the present authors added more tunable

parameters and increased the tendency of the model to over-fit during calibration

intervals.

The temporal coarseness of the model also presents advantages and disadvan-

tages. Its monthly time-step makes VS-Lite more widely applicable than mod-

els with finer temporal resolution, since continuous monthly meteorological station

data is much more widespread than continuous daily data. Monthly-resolution out-

put of General Circulation Models (GCMs) is also more readily available, enabling

easy coupling to VS-Lite for pseudo-proxy experiments. The added efficiency from

its coarse time-step also makes VS-Lite suitable for ensemble forward modeling.

However, the time-step also prohibits the modeling of growth processes that occur

on sub-monthly scales. Perhaps because of this limitation, attempts to simulate

maximum latewood density in an additional module of VS-Lite were unsuccessful.

Research suggests that even a simple parameterization of geometric cellular quanti-

ties like cell wall thickness and radial dimension that determine density may depend
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crucially on variations in climatic conditions that take place on daily timescales

(Kirdyanov et al (2007)). In their validation study using a network of 190 tree-ring

chronologies with a geographic distribution nearly identical to the M08 network,

Evans et al (2006) credit the ability of the daily time-step full VS model to resolve

the precise beginning and ending of the growing season with much of the model’s

skill. Indeed, the full VS model produces a much greater percentage of sites that

correlate significantly with the observed data than VS-Lite does in the present work.

This difference may be attributable in part to VS-lite’s coarser representation of the

growing season, although only the best simulation produced from all climate data

within a 500 km radius of each site is reported in the full model study. VS-Lite

appears to have the advantage of being less sensitive than the daily time-step model

to the choice of simulation window than the full model. Evans et al (2006) simulate

their network for two different intervals of time, across which the percentage of site

simulations correlating with significantly with observations differs by 46 percent.

By comparison, the standard deviation in the present work across the 100 ensemble

simulations of the M08 network by VS-Lite with a single global parameter set was

only 3 percent. VS-lite also runs about thirty times faster than the daily time-step

model (although it takes between three-and-a-half and four times longer than PC

regression).

As an efficient, skillful simulator of ring-width chronologies, VS-Lite has many

potential applications. The model can be used for forward modeling studies of the

climate controls on growth at the sites of dendrochronologies close to monthly mete-

orological records. As with our simulations of the six bristlecone pine chronologies,

such studies can provide mechanistic support for statistical relationships between

ring-width and temperature and precipitation series. The model could also be used

to detect biases arising in chronologies meant to reflect climate. Discrepancies be-

tween forward simulations of ring width and observed chronologies could help den-

drochronologists identify biases in the latter resulting from non-climatic sources,

such as insect outbreaks or a particular choice of standardization procedure. VS-

Lite may be especially useful for “pseudo-proxy experiments”, in which proxy-like
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signals are formed as transformations of GCM output. These so-called pseudo-proxy

series are used in place of real proxy data in paleoclimate reconstruction methodolo-

gies, which can be assessed based on how accurately the reconstruction reproduces

the known climate target (Evans et al (2001); Mann and Rutherford (2002); von

Storch et al (2009); Jones et al (2009); Smerdon et al (2010)). To our knowledge,

pseudo-proxy series in such published experiments to date are simply given by a

rescaling of a single climate output variable plus noise at some prescribed signal-to-

noise ratio. VS-Lite presents an alternative way to generate “pseudo ring-width”

series containing more realistic multivariate climate information. The model can be

easily coupled to monthly GCM output for such purposes. In the case of GCMs

with sophisticated soil moisture and hydrological models, the CPC Bucket Model

in VS-Lite could be bypassed for improvements in the modeled moisture-response

and increased speed.

The skillful performance of VS-Lite presents the possibility of skillful climate re-

constructions using this model via methodologies that invert “forward” descriptions

of the climate-proxy relationship, such as Bayesian hierarchical modeling (Li et al

(2010),Tingley and Huybers (2010a),Tingley and Huybers (2010b)). Indeed, the use

of VS-Lite as a data-level model in this context motivated its development in the

first place. Such inversions are more computationally costly than regression-based

reconstruction methods, but may possess several advantages. First, because the

model input has monthly resolution, inverting the model should be able to produce

seasonal climate information from an annual ring-width index. Secondly, because

VS-Lite retains more skill outside of calibration intervals, reconstructions derived

from the model may be more accurate outside the instrumental period than those

derived from regression techniques. Thirdly, the use of VS-Lite in a reconstruc-

tion context would also provide more inherent year-to-year flexibility in modeling

the climate-proxy relationships of the past than do constant, regression-based rela-

tionships calibrated during an instrumental period. This model feature would take

steps toward relaxing the assumption of stationarity. For the same reasons, VS-Lite

would be more adaptive to low-frequency changes in climate regimes outside of the
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calibration period than traditional reconstruction techniques. For example, given a

relatively wet calibration period, the parameters of VS-Lite will be based on opti-

mized performance during periods of growth limited by temperatures. However, the

model will still be able to switch and simulate moisture-limited growth in the case

of past periods of drought in the same way Anchukaitis et al (2006) showed the full

VS model is able to do. By contrast, regression-based techniques would continue to

interpret the observed ring-width series from the period of drought as a temperature

signal.

This point is related to a fundamentally different capability of this new breed

of reconstruction methodologies: the ability to constrain multiple climate variables

from the information in a univariate proxy field. To our knowledge, most if not

all favored reconstruction methodologies constrain only a single climate variable

based on proxy data. However, the more accurate, stabler performance of VS-

Lite simulations in this study compared to regression-based simulations highlights

the truly multi-variable nature of the proxy. Because VS-Lite integrates information

from both temperature and precipitation time series to form simulated proxy signals,

comparison of the output to observations through the formalisms of Bayes’ Law and

Monte Carlo Markov Chain methods will allow the constraint of both moisture

and temperature fields from the information in ring-width fields alone if enough

proxy observations are available. The spatio-temporal results from the M08 and 5N

networks provide a cautionary lesson, however, that accurate spatial reconstruction

of climate fields will likely still depend on the careful choice of ring-width data

containing the strongest possible climate signal.

A.6 Conclusions

Simulations by VS-Lite, a simple and efficient model of the nonlinear climate controls

on ring width, are shown to skillfully represent climate-driven variability of observed

ring-width series. Compared to simulations by a standard linear statisical method,

VS-Lite simulations tend to be more stable to the choice of any particular calibration
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interval, to preserve more of their skill outside the calibration interval, and also to

correlate more significantly with observations. VS-Lite has the additional advantage

of producing growth response function output that provides information on the

climate controls on tree-ring growth. The monthly time-step of the model enables

forward-modeling studies at any mid-latitude tree-ring sites with associated monthly

temperature and precipitation data, and makes the model attractive as a generator

of realistic pseudo-proxies for tests of climate reconstruction methodologies. The

adaptability of the model to changing climate conditions, as well as the relative

stability of its performance outside a calibration window make this forward model

a promising candidate for data-assimilation based climate reconstructions.
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Table A.1: Parameters of VS-Lite
Temperature Response Parameters

Threshold temp. for gT > 0 T1 ∈ [0◦C, 8.5◦C]
Threshold temp. for gT = 1 T2 ∈ [9◦C, 20◦ C]

Moisture Response Parameters
Threshold soil moist. for gM > 0 M1 ∈ [.01, .03]v/v
Threshold soil moist. for gM = 1 M2 ∈ [0.1, 0.5]v/v

Soil Moisture Parameters
Runoff parameter 1 α .093 mo−1

Runoff parameter 2 µ 5.8
Runoff parameter 3 m 4.886
Max. moisture held by soil Wmax 0.76 v/v
Min. moisture held by soil Wmin 0.01 v/v
Root (bucket) depth dr 1000 mm

Integration Window Parameters
Integration start month I0 -4
Integration end month If 12
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Table A.2: Fraction of observed signal variances at frequencies of 1/5 yr−1 and lower at each site; correlation and

significance of bristlecone pine simulations with observed chronologies. Low-frequency signals are given by 5-year

filtering of the signals; high-frequency signals are the residuals. Low-freq. p-values are corrected for effective number

of degrees of freedom. Sites marked “UFB” are at the upper forest border.

Site Abbrv. Low Freq. Var. Frac. Low-freq. High-freq.

Pearl Peak (UFB) PRL 0.64 0.55 (p < 0.01) 0.12 (p ≈ 0.2)

Sheep Mountain (UFB) SHP 0.48 0.69 (p < 0.001) 0.28 (p < 0.005)

Mount Washington (UFB) MWA 0.51 0.51 (p < 0.02) 0.13 (p ≈ 0.2)

Cottonwood Lower CWL 0.60 0.22 (p ≈ 0.3) 0.35 (p < 0.001)

Methuselah Walk MWK 0.45 0.43 (p ≈ 0.05) 0.29 (p < 0.005)

Patriarch Lower PAL 0.55 0.10 (p ≈ 0.7) 0.25 (p < 0.01)
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Table A.3: Mean percentage of sites, across an ensemble of 100 simulations, whose simulations correlate significantly

with observed tree-ring width chronologies at two significance levels in the M08 network. Results shown for simulations

by principal components regression calibrated at each site, simulations by VS-Lite with parameters calibrated at each

site, and simulations by VS-lite with a single, “global” parameter set calibrated on the network as a whole. Errors

represent 1 standard deviation in the percentages simulated significantly across ensemble members.

M08 Network (N = 317)

PC Regr., site-by-site VS-Lite, site-by-site VS-Lite, global

Calibration Validation Calibration Validation Calibration Validation

p < 0.01 72% ± 4% 37% ± 3% 66% ± 3% 55% ± 2% 44% ± 3% 46% ± 3%

p < 0.05 81% ± 3% 53% ± 3% 79% ± 2% 67% ± 3% 57% ± 3% 59% ± 3%
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Table A.4: Correlation and significance of temporal loadings of significant patterns of mean M08 network calibration

and validation fields, as simulated by VS-Lite and PC regression, with the corresponding principal components of the

observed field. Low and high frequency components are given by a 5-year running filter of the temporal loadings and

their residuals, and significance of low-frequency correlations are computed using a 2-sided T-test with the effective

number of degrees of freedom estimated by the signal length divided by the length of the low-pass filter.

Low frequency High frequency

Model Pattern Order Calibration Validation Calibration Validation

VS-Lite 1 0.65, p < 0.01 0.61, p < 0.01 0.68, p < 0.001 0.64, p < 0.001

VS-Lite 2 0.79, p < 0.001 0.75, p = 0.001 0.64, p < 0.001 0.60, p < 0.001

PC Reg 1 0.81, p < 0.001 0.69, p < 0.01 0.82, p < 0.001 0.72, p < 0.001

PC Reg 2 0.74, p < 0.001 0.25, p ≈ 0.34 0.43, p < 0.001 0.18, p ≈ 0.08
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Table A.5: Mean percentage of sites, across an ensemble of 100 simulations, whose simulations correlate significantly

with observed tree-ring width chronologies at two significance levels in the 5N network. Results shown for simulations

by principal components regression calibrated at each site, simulations by VS-Lite with parameters calibrated at each

site, and simulations by VS-lite with a single, “global” parameter set calibrated on the network as a whole. Errors

represent 1 standard deviation in the percentages simulated significantly across ensemble members.

5N Network (N = 66)

PC Regr., site-by-site VS-Lite, site-by-site VS-Lite, global

Calibration Validation Calibration Validation Calibration Validation

p < 0.01 69% ± 5% 17% ± 3% 42% ± 5% 25% ± 5% 22% ± 5% 20% ± 5%

p < 0.05 85% ± 6% 31% ± 4% 59% ± 4% 43% ± 5% 36% ± 5% 35% ± 5%
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Table A.6: Correlation and significance of temporal loadings of significant patterns of mean 5N network calibration

and validation fields, as simulated by VS-Lite and PC regression, with the corresponding principal components of the

observed field. Low and high frequency components are given by a 5-year running filter of the temporal loadings and

their residuals, and significance of low-frequency correlations are computed using a 2-sided T-test with the effective

number of degrees of freedom estimated by the signal length divided by the length of the low-pass filter.

Low frequency High frequency

Model Pattern Order Calibration Validation Calibration Validation

VS-Lite 1 0.76, p < 0.001 0.72, p < 0.001 0.31, p < 0.005 0.20, p = 0.07

VS-Lite 2 0.74, p < 0.001 0.71, p = 0.001 0.58, p < 0.001 0.54, p < 0.001

PC Reg 1 0.60, p < 0.01 0.42, p = 0.09 0.37, p < 0.001 0.09, p = 0.4
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Figure A.1: Schematic diagram of the VS-Lite model. Solid-line boxes indicate fixed
input variables; dashed-line boxes represent computed variables. Nested dot-dashed
boxes indicate nested loops in the model code.
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Figure A.2: Great Basin bristlecone pine chronologies, observed (solid line) and
simulated (dashed). Chronologies from upper forest border sites are displayed in
panels at left; chronologies from below treeline are at right.
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Figure A.3: Modeled temperature (solid line) and moisture (dashed) response curves
of Great Basin bristlecones at upper forest border (top panel) and below treeline
(lower panel). The modeled growth response over the growing season is controlled
by the pointwise minimum of these two quantities. VS-Lite therefore models mainly
temperature-limited growth in the upper forest border sites, and more strongly
moisture-limited growth below treeline.
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Figure A.4: Mean validation-interval significance of correlations of ring width sim-
ulations with observations over a 100-member ensemble of simulations of the M08
network. Ensemble members differ in their randomized calibration intervals. Black
circles: p < .01, gray circles: p < .05, white circles: p > .05.
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Figure A.5: Performance indices of modeling by VS-Lite and principal components
regression on the M08 Network. Left panel plots the fraction of network sites whose
simulations correlate significantly with observations at a range of p-values for three
different simulation approaches. Right panel plots the stability index (eqn. A.3)
of simulations by VS-Lite versus PC regression, with one indicating perfect stabil-
ity of simulations from the calibration to validation periods, and zero representing
complete instability. 224 out of 317 points fall above y = x.
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Figure A.6: Top: first pattern in observed (left) and simulated (right) data, M08
network, 1895-1984. Center: time series associated with first observed (dashed)
and simulated (solid) EOF patterns. Bottom: mean over simulated years of the
mean validation field temperature and moisture response functions, projected onto
the first simulated MVF EOF. Dashed lines give the 95% confidence bands derived
from percentiles of the repeated experiments under randomized calibration intervals.
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Figure A.7: As in figure B.5, except displaying results for the second pattern.
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Figure A.8: As in figure B.5, except displaying results for the third pattern.
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Figure A.9: Mean validation-interval significance of correlations of ring width sim-
ulations with observations over a 100-member ensemble of simulations of the 5N
network. Ensemble members differ in their randomized calibration intervals. Black
circles: p < .01, gray circles: p < .05, white circles: p > .05.
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Figure A.10: Performance indices of modeling by VS-Lite and principal components
regression on the 5N network. Left panel plots the fraction of network sites whose
simulations correlate significantly with observations at a range of p-values for three
different simulation approaches. Right panel plots the stability index (eqn. A.3)
of simulations by VS-Lite versus PC regression, with one indicating perfect stabil-
ity of simulations from the calibration to validation periods, and zero representing
complete instability. 42 out of 66 points fall above x = y.
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Figure A.11: Top left: first pattern in observed data, 5N network, 1895-1980. Top
right: Simulated data projected on first pattern of covariance in the observed net-
work. Center: time series associated with first observed pattern and first pattern of
covariance in simulated network. Bottom: mean over simulated years of the mean
validation field temperature and moisture response functions projected onto the first
pattern of observed covariance. Dashed lines give the 95% confidence bands derived
from percentiles of the repeated experiments under randomized calibration intervals.
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Figure A.12: As in figure A.11, except displaying results for the second pattern.



90

APPENDIX B

ERRATUM TO: AN EFFICIENT FORWARD MODEL OF THE CLIMATE

CONTROLS ON INTERANNUAL VARIATION IN TREE-RING WIDTH

Manuscript published in Climate Dynamics



91

Erratum to: An Efficient Forward Model of the Climate Controls on

Interannual Variation in Tree-Ring Width

Susan E. Tolwinski-Ward1,2, Michael N. Evans3, Malcolm K. Hughes2 and Kevin J.

Anchukaitis4

1. Program in Applied Mathematics, The University of Arizona, Tucson, AZ

2. Laboratory of Tree-Ring Research, The University of Arizona, Tucson, AZ

3. Department of Geology, The University of Maryland, College Park, MD

4. Lamont-Doherty Earth Observatory, Columbia University, Pallisades, NY

Several tree-ring width chronologies used in the original publication of this ar-

ticle contained a numeric code for missing values and other numeric information,

which were inadvertently read and analyzed by our automated code as actual data.

Simulations at 35 out of 317 tree-ring sites in the M08 network of our study were

affected. Here we present revised figures and tables derived from applying the orig-

inal methods to the 282 chronologies which did not contain missing values. In all

cases the non-data values were at the ends of the chronologies. Figure B.1 shows a

frequency plot of the number of missing years in each chronology containing non-

data values. The sites removed from the original data set were all in the western

United States (Figure B.2), a region which the remaining sites in the M08 network

still cover well.

Several statistics reported in the results section 3.2.3 also need revision. The

changes from calibration to verification interval in the percentage of the network

simulated skillfully are now 10% and 27% respectively for VS-Lite and PC regres-

sion simulations. Out of 282 simulations, 201 have a greater index of stability when

computed with the VS-Lite model rather than PC-regression. The first, second, and

third observed and simulated empirical orthogonal functions have spatial correla-

tions of r = 0.78, r = 0.40, and r = 0.52 respectively, and the first three observed
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EOFs account for 30% of the network signal variance. Finally, while the high- and

low-frequencies of the first principal component generated by PC regression still cor-

relate significantly with observation in the validation period, only the high-frequency

band does for the second principal component.

Conclusions and inferences stated in the abstract, discussion, and conclusions

section of the original article are unaffected by this error.
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Figure B.1: Frequency plot of the
number of missing years of data in the
35 sites with non-data values.
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Figure B.2: Locations of sites from the M08
network which contained non-data values.
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Figure B.3: Mean validation-interval significance of correlations of ring width sim-
ulations with observations over a 100-member ensemble of simulations of the M08
network. Ensemble members differ in their randomized calibration intervals. Black
circles: p < .01, gray circles: p < .05, white circles: p > .05.



94

Table B.1: Mean percentage of sites, across an ensemble of 100 simulations, whose simulations correlate significantly

with observed tree-ring width chronologies at two significance levels in the M08 network. Results shown for simulations

by principal components regression calibrated at each site, simulations by VS-Lite with parameters calibrated at each

site, and simulations by VS-lite with a single, “global” parameter set calibrated on the network as a whole. Errors

represent 1 standard deviation in the percentages simulated significantly across ensemble members.

M08 Network (N = 282)

PC Regr., site-by-site VS-Lite, site-by-site VS-Lite, global

Calibration Validation Calibration Validation Calibration Validation

p < 0.01 73% ± 3% 40% ± 3% 70% ± 2% 59% ± 3% 47% ± 3% 49% ± 3%

p < 0.05 83% ± 3% 56% ± 3% 81% ± 2% 71% ± 3% 60% ± 3% 62% ± 3%
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Table B.2: Correlation and significance of temporal loadings of significant patterns of mean M08 network calibration

and validation fields, as simulated by VS-Lite and PC regression, with the corresponding principal components of the

observed field. Low and high frequency components are given by a 5-year running filter of the temporal loadings and

their residuals, and significance of low-frequency correlations are computed using a 2-sided T-test with the effective

number of degrees of freedom estimated by the signal length divided by the length of the low-pass filter.

Low frequency High frequency

Model Pattern Order Calibration Validation Calibration Validation

VS-Lite 1 0.68, p < 0.01 0.63, p < 0.01 0.73, p < 0.001 0.69, p < 0.001

VS-Lite 2 0.54, p < 0.05 0.52, p < 0.05 0.30, p < 0.01 0.29, p < 0.01

PC Reg 1 0.82, p < 0.001 0.71, p < 0.01 0.83, p < 0.001 0.74, p < 0.001

PC Reg 2 0.51, p < 0.05 0.39, p ≈ 0.12 0.54, p < 0.001 0.37, p < 0.001
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Figure B.4: Performance indices of modeling by VS-Lite and principal components
regression on the M08 Network. Left panel plots the fraction of network sites whose
simulations correlate significantly with observations at a range of p-values for three
different simulation approaches. Right panel plots the stability index (eqn. 3) of
simulations by VS-Lite versus PC regression, with one indicating perfect stabil-
ity of simulations from the calibration to validation periods, and zero representing
complete instability. 201 out of 282 points fall above y = x.



97

First EOF,
Observed

 120 ° W  110° W  100° W   90° W   80
° W   70

°  W 

 30 ° N 

 40 ° N 

 50 ° N 

First EOF,
Simulated

 120 ° W  110° W  100° W   90° W   80
° W   70

°  W 

 30 ° N 

 40 ° N 

 50 ° N 

1900 1910 1920 1930 1940 1950 1960 1970 1980
−0.4

−0.3

−0.2

−0.1

0

0.1

0.2

0.3

Year

Observed (dashed) and MVF (solid) PC 1, r = 0.65

1 2 3 4 5 6 7 8 9 10 11 12

Projected g
T
 (solid) and g

W
 (dashed)

Figure B.5: Top: first pattern in observed (left) and simulated (right) data, M08
network, 1895-1984. Center: time series associated with first observed (dashed)
and simulated (solid) EOF patterns. Bottom: mean over simulated years of the
mean validation field temperature and moisture response functions, projected onto
the first simulated MVF EOF. Dashed lines give the 95% confidence bands derived
from percentiles of the repeated experiments under randomized calibration intervals.
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Figure B.6: (REVISED FIGURE 7.) As in figure B.5, except displaying results for
the second pattern.
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Figure B.7: (REVISED FIGURE 8.) As in figure B.5, except displaying results for
the third pattern.
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Bayesian parameter estimation and interpretation for the VS-Lite model

of tree-ring width

Susan E. Tolwinski-Ward1,2

1. Program in Applied Mathematics, The University of Arizona, Tucson, AZ

2. Laboratory of Tree-Ring Research, The University of Arizona, Tucson, AZ

C.1 Abstract

We present a Bayesian model for inferring the parameters of the VS-Lite forward

model of tree-ring width. The scheme also provides information about the uncer-

tainty of the parameter estimates, as well as the uncertainty of VS-Lite itself. By

inferring VS-Lite’s parameters for synthetically-generated ring-width series at sev-

eral hundred sites across the United States, we show that the Bayesian algorithm is

skillful and robust to climatic nonstationarity over the interval tested. We also infer

optimal parameter values for modeling observed ring-width data at the same net-

work of sites. The estimated parameter values cluster in physical space, and their

locations in multidimensional parameter space provide insight into the dominant

climatic controls on modeled tree-ring growth at each site.

C.2 Introduction

Forward models of the physical or biological processes by which climate variability

is imprinted on natural archives provide important tools for understanding such

“proxies” as recorders of climate. The VS-Lite model (Tolwinski-Ward et al, 2010)

provides one such forward model for the climate controls on tree-ring width chronolo-

gies. Just four parameters determine a modeled dendrochronology’s response to

climate. The relationship between these parameters and the local climatology is

thus key to understanding the modeled controls on growth and the climatic signal
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contained in the simulated chronology. A method for estimating VS-Lite’s param-

eters at any particular site is necessary to apply the model to forward and inverse

modeling studies of the relationship between climate and ring width.

Ideally, parameterization methods should be based on first-principles under-

standing of the science represented by the model. The growth response parameters

in the VS-Lite model are loosely interpretable as temperature and soil moisture

thresholds above which growth begins or is no longer sensitive to climatic fluctua-

tions. However, it is debatable whether these parameters have directly measurable

analogs in the natural world. Recent physiological studies have advanced the scien-

tific community’s understanding of climatic thresholds for xylogenesis (Rossi et al,

2007; Deslauriers et al, 2008). However, the results are not well-enough developed

or catalogued across tree species, climate regimes, or geographic space to be used

directly for forward model runs. Even if they were, it is not clear how measurable

quantities in the real world are related to vastly simplified model quantities. It is

therefore necessary to estimate VS-Lite’s parameters numerically given monthly cli-

mate inputs, observed ring width series, and knowledge of the model error structure.

Two general approaches to numerical parameterization of forward models of

tree-growth width have been explored in the literature. The first is presented by

iterative numerical schemes that optimize the fit of simulated model quantities to

their observed counterparts by changing one model parameter at a time (Fritts et al,

1999, eg.). Modern computing power makes such schemes possible to run at many

locations, but the results are not grounded in science, nor does changing one param-

eter at a time account for potential interactions between parameters. The second

approach employs more scientific information by running the model at a preselected

set of parameter combinations believed to cover the physically plausible regions of

parameter space. The combination which produces the best match of modeled out-

puts to their observed counterparts is deemed optimal (Misson et al, 2004; Misson,

2004; Tolwinski-Ward et al, 2010, eg.). This parameterization method is only prac-

tical where the number of parameters to be constrained by the available data is

relatively small. Both of these parameterization schemes have the shortcoming that
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they provide only point estimates of optimal parameters, and their results do not

include any information about model sensitivity to the parameter choices.

In the current article, we present and test a Bayesian statistical scheme to infer

parameter estimates for VS-Lite. The scheme is computationally efficient, combines

expert prior information about scientifically reasonable values for the parameters,

and automatically provides information pertaining to model sensitivity to parame-

ter choices. Code for the scheme is freely available with the VS-Lite v3.0 model at

the National Oceanic and Atmospheric Administration (NOAA) Paleoclimatology

software library

(http://www.ncdc.noaa.gov/paleo/softlib/softlib.html). Here, we test the skill of

the parameterization approach in an idealized experiment using synthetically-

generated tree-ring width data. As an application of the method to observed ring-

width chronologies, we also present a graphical method for interpreting the fitted

model parameters in terms of climatic controls on tree ring growth at each site.

C.3 Model, Data, and Methods

C.3.1 Summary of VS-Lite and parameters.

A complete description of the VS-Lite model is given by Tolwinski-Ward et al (2010).

However, we briefly summarize the basic structure of the model and its parameter-

ization here.

VS-Lite is a pared-down version of the full Vaganov-Shashkin model of tree ring

growth (Evans et al, 2006; Vaganov et al, 2011). VS-Lite was designed to provide

the most efficient and parsimonious representation of tree ring growth possible while

still being based in scientific principles underlying tree-ring growth. The model runs

at a monthly time-step and requires monthly mean temperature and accumulated

precipitation data as inputs. A simple bucket model of hydrology supplies estimates

of monthly soil moisture content from these inputs.

Scaled growth responses gT (m, y) and gM(m, y) to temperature and soil moisture

content, respectively, are key to determining the extent of simulated growth in each
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modeled month m and year y. These responses have the piecewise linear forms

gT (m, y) =















0 if T (m, y) ≤ T1;

(T (m, y) − T1)/(T2 − T1) if T1 ≤ T (m, y) ≤ T2;

1 if T2 ≤ T (m, y)

(C.1)

and

gM(m, y) =















0 if M(m, y) ≤ M1;

(M(m, y) − M1)/(M2 − M1) if M1 ≤ M(m, y) ≤ M2;

1 if M2 ≤ M(m, y)

(C.2)

The parameters T1 and M1 thus represent thresholds in temperature and soil mois-

ture content below which growth cannot occur, while T2 and M2 are thresholds above

which growth is insensitive to climatic variability. The overall monthly growth

rate is given by min{gT (m, y), gM(m, y}, to mimic the Principle of Limiting Fac-

tors (Fritts, 2001) that the more limiting environmental variable controls growth.

The simulated annual-resolution ring-width series result from summing these overall

growth rates over each growing season. Thus, the climatic variable that tends to

produce lesser values of its growth response function controls the modeled climate

signal contained in the simulated proxy series. The relationship of the parameter

values T1, T2,M1,M2 to the climatology of the model inputs is therefore critical in

determining which climatic variable gets “recorded” by the synthetic trees.

The residuals between modeled and observed ring-width chronologies for the

chronologies studied in this paper are best described by independent and identically-

distributed Gaussian white noise. The variance of this noise, σ2
W , may be viewed

as another model parameter. Its value provides information about the model un-

certainty causing discrepancies between simulated model outputs and observed tree

ring width chronologies.

C.3.2 Approach to model parameter estimation.

We follow a Bayesian approach to calibrating the model parameters. Let θ denote

the vector of model parameters we would like to estimate, W the vector of observed
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ring-width data, and T,P vectors of monthly temperature and precipitation data

covering the same interval in time as the ring width data. The Bayesian paradigm

allows inference on the posterior distribution π(θ|T,P,W) of the parameters given

the climate and ring width data in terms of the likelihood f(W|T,P,θ) of the ring-

width data given the climate and the parameters, as well as a prior distribution

π(θ) on the parameters via Bayes’ law:

π(θ|T,P,W) ∝ f(W|T,P,θ)π(θ) (C.3)

Given the likelihood and prior parameter models, Markov Chain Monte Carlo tech-

niques produce an ensemble of draws from the posterior distribution (Gilks et al,

1996), from which estimates of the parameters and their associated uncertainties

can be made.

The VS-Lite model provides the likelihood in equation C.3. A forward modeling

study comparing observed ring-width chronologies to simulations using VS-Lite at

hundreds of locations across the continental United States showed that independent

and identically-distributed Gaussian noise provided a reasonable fit to the model

residuals (Tolwinski-Ward et al, 2010). Thus the likelihood model is given by a

multivariate normal with mean given by the deterministically-simulated ring-width

series, and covariance matrix σ2
W I. For our problem, then, the components of θ are

given by VS-Lite’s growth response parameters and the variance associated with

model uncertainty:

θ = (T1, T2,M1,M2, σ
2
W )′ (C.4)

In modeling the prior distribution of the parameters, we first make the assump-

tion that each parameter is independent of the others. This assumption allows us

to model their joint prior distribution as the product of individual prior models for

each. We put relatively broad but informative priors on the growth response pa-

rameters, with shapes and supports designed to be consistent with current scientific

understanding of tree growth responses to temperature and moisture.

Of the four growth response parameters, the literature provides the most infor-

mation about T1, the threshold temperature for growth to begin. The physiological
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experiments of Körner and Hoch (2007) at a montane site in Switzerland indicate

that mean seasonal soil temperatures below 6-7◦C will not permit growth. An as-

sessment of root and air temperatures at a few dozen treeline sites by Körner and

Paulsen (2004) give a value of 6.7 ◦C ± 0.8◦C for this growth threshold, and histolog-

ical measurements and analyses of Rossi et al (2007) and Deslauriers et al (2008) for

conifers in the Alps give a range of 5.8-8.5 ◦C. We thus chose to model the tempera-

ture threshold for growth by T1 = 9X, where X has a beta distribution with shape

parameters α = 9 and β = 5 (or in more compact notation, X ∼ β(9, 5)). This

choices puts the mode of the pdf at 6◦C, assigns zero probability below freezing 0◦C

or above 9◦C, and places 90% of the total probability in the interval (3.8◦C, 7.5◦C)

(see blue curve in Figure C.1a).

Less biologically-based information is available on T2, the threshold above which

growth is no longer sensitive to temperature variations. Vaganov et al (2006) give a

default value of 18◦C for the full Vaganov-Shashkin model based on a few intensive

case studies at a limited number of Russian tree-ring sites, but use a value of 15◦C in

an example model run, demonstrating the range of uncertainty associated with this

parameter. The analogous parameter in the TreeRing2000 model has a default value

of 23◦C (Fritts et al, 1999). To reflect the uncertainty inherent in the wide range

of these estimates, we model the prior by T2 = 12X + 12, where X ∼ β(3.5, 3.5).

This choice limits probability mass to the interval (12◦C, 24◦C), and distributes

probability symmetrically about a mean of 18◦C with a standard deviation of 2.1◦C

(blue curve, Figure C.1b). We use the default parameters from Vaganov et al (2006)

to define a broad priors on M1 and M2 as well. Default values for M1, interpretable

as soil wilting point, are 0.02 v/v (Vaganov et al, 2006) and 0.01v/v (Fritts et al,

1999). The latter source also sets a temperature optimum at 0.109v/v, so the value

of M1 should certainly fall well below this value. We set the prior mean at 0.035 with

standard deviation of 0.02v/v, with no probability mass outside of (0v/v, 0.1v/v),

by letting M1 = 0.1X with X ∼ β(1.5, 2.8) (blue curve, Figure C.1c). The default

for M2 is 0.8 of typical soil saturation levels, and the Leaky Bucket model of soil

moisture employed by VS-Lite never allows soil to be saturated to a value more
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than 0.75v/v. We set M2 = 0.4X + 0.1 where X ∼ β(1.5, 2.5). This gives the

prior a mean of 0.25v/v, standard deviation of 0.1v/v, and nonzero probability on

(0.1v/v,0.5v/v) (blue curve, Figure C.1d).

The prior for the model noise σ2
w is inverse gamma with shape and scale param-

eters α = 5 and β = 10. The inverse gamma distribution is a common choice for

the prior of the variance of a Gaussian process, since it is a conjugate prior; that

is, the posterior distribution also works out to have an inverse gamma distribution.

The conjugacy feature simplifies the sampling. The shape and scale parameters are

chosen to make the prior broad and vague, with a mean of 2.5 and a variance around

2.1.

The posterior distribution (equation C.3) is sampled using a Metropolis-Hastings

algorithm embedded within a Gibbs sampler, which is a standard Markov Chain

Monte Carlo approach (Chib and Greenberg, 1996). To check for convergence, we

run three chains with 4,000 iterations each after a burn-in period of 1000 iterations.

In the rare case that the R-hat statistic (Gelman and Rubin, 1992) indicates the

MCMC has not converged, we re-run the sampler with a greater number of iterations

until the sampler has converged. The autocorrelation functions of the MCMC chains

indicate that at most sites, autocorrelation in the parameter sampling chains is no

longer significant past a lag of twenty. We conservatively subsample every fiftieth

value of each of three three chains to ensure independence of samples, resulting in

a collection of 240 samples for each parameter value at each site. Further details of

the sampling algorithm are given in Appendix C.8.

The ensemble output may be used in several different ways. First, point es-

timates from the posterior ensemble, such as the posterior median, may be used

as calibrated parameter values that optimize the fit between model simulated ring

width data and a target ring width series, given fixed input climate data. However,

the posteriors contain additional information beyond point estimates. Their spread

indicates the uncertainty in the parameter estimates, as well as the degree to which

the climate and target ring-width data inform the parameter values. Hence their

spread also represents a measure of the model sensitivity to each parameter. The
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Monte Carlo ensemble of parameter values may also be used to run modeling studies

where accounting for the effect of parameter uncertainty is important to the results.

C.3.3 Experimental Design.

We perform our study using estimates of monthly temperature and precipitation

from the 4km×4km-resolved gridded Parameter-Elevation Regressions on Indepen-

dent Slopes Model (PRISM) data product (Daly et al, 2008). We use the mean of

the monthly maximum and minimum temperature fields as well as the accumulated

precipitation field, and neglect the inherent PRISM measurement and model error

(mean absolute cross-validation errors tended to be less than a degree annually for

maximum and minimum temperature, and on the order of 11%, 5%, and 4% for an-

nual precipitation in the west, central, and eastern United States, respectively (Daly

et al, 2008)). The climate product is used at the grid cells co-located with 277 sites

associated with observed dendrochronologies across the continental United States.

The sites form the subset of tree-ring chronologies used in a multi-proxy hemispheric

temperature reconstruction by Mann et al (2008) that also overlap with the PRISM

data from 1895-1984. The choice of this 90-year interval represents a balance be-

tween the availability of proxy observation and climate data. All the associated

chronologies are freely available online on the NOAA Paleoclimate Reconstructions

Network/Proxy Data webpage (http://www.ncdc.noaa.gov/paleo/pubs/pcn/pcn-

proxy.html).

Pseudoproxy experiment (PPE)

To evaluate the skill of the Bayesian parameter estimates, we perform a so-called

“pseudoproxy experiment” (PPE) (Smerdon, 2012) using synthetically generated

tree-ring width data. At each site, we first do a preliminary run of the Bayesian

scheme described above using the observed chronologies and estimates of observed

climate data for the entire interval 1895-1984. The posterior medians from this

step parameterize regionally-realistic tree growth responses to climate, and we use
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them as our PPE parameter targets. We next run the VS-Lite model over the same

interval using the target parameter set and PRISM climate estimates to produce

277 synthetic ring-width series. Finally, we estimate the known target parameters

using the Bayesian scheme. We condition on the known climate data and pseudo-

proxy ring-width data, use the interval 1955-1984 to estimate the growth response

parameters, and the interval 1925-1954 to estimate the model noise σ2
W . The data

from 1895-1924 is withheld as an independent validation interval to evaluate the

estimates of the model noise. This PPE is designed as a test of our parameter cali-

bration scheme over a realistic range of tree responses to climate, but in an idealized

model world where the VS-Lite model perfectly describes the process by which cli-

mate is transformed into noise-free dendrochronologies. The skill of the algorithm

measured in such a PPE thus provides an upper bound on its skill in real-world

scenarios.

Comparing the growth parameter posterior distributions to the known targets

allows us to quantify the skill of the estimation scheme. The numerics return N =

12, 000 draws from the posterior distribution, so we compute Monte Carlo estimates

of the root-mean-square error and bias in the pseudoproxy context using the “true”

target parameter values θ:

RMSE ≈

√

√

√

√

1

N

N
∑

n=1

(θ̂n − θ)2 (C.5)

Bias ≈
1

N

N
∑

n=1

(θ̂n − θ) (C.6)

The extent to which the prior and posterior distributions differ indicates the degree

to which the climate, ring-width data, and the VS-lite model structure constrain

the value of each parameter. To quantify this “Bayesian learning” at each site, we

examine the ratio of posterior to prior variance. Parameters whose posteriors are

well-constrained by the data will have much smaller posterior variance than prior

variance, while parameters that are not well-constrained will have posteriors that

resemble their priors, and hence variance ratios close to one. We also compute the
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empirical coverage probabilities of the target parameter values, using the results

across the network of 277 sites as replicates, for the 50% through 95% posterior

credible intervals. The uncertainty quantification of our posterior distributions can

be considered skillful if the range covered by the posterior X% credible intervals

contains about X% of the 277 target parameter values. Finally, the parameter σ2
W

characterizes the model skill in simulating the data, and so must be checked for

artificial skill. We compare the posterior median of this parameter to the median of

the prior updated by the variance of the residuals obtained by running VS-Lite in

the independent validation interval with the estimated growth response parameters.

To evaluate the sensitivity of the parameter estimation scheme to the choice of

prior distributions, the pseudoproxy experiment described above is also performed

with uniform prior distributions. The supports of these uniform priors is chosen to be

the same as that for the literature-informed four-parameter beta priors described in

section C.3.2 for T1, T2, and M1. For M2, a uniform distribution with the same lower

bound on its support as the four-parameter beta prior is used, but the upper bound

is extended slightly out to 0.6 v/v. The uniform prior is a standard noninformative

choice against which to check the sensitivity of posterior results to more complicated

priors (see Gelman et al, 2003, , section 6.8). The posteriors derived under the four-

parameter beta priors informed by the literature are compared with those derived

using the uniform priors.

Observed proxy experiment (OPE)

We also calibrate the VS-Lite model parameters using the PRISM data and the

observed tree-ring width chronologies at each of the 277 network sites to perform

an observed proxy experiment (referred to hereafter by the acronym OPE). We

condition the growth response parameter estimates on the data for the interval

1955-1984 and the model noise σ2
W on the data from 1925-1954. We withhold the

1895-1924 data to independently validate the estimate of model noise.

We take the posterior medians as point estimates of each parameter, and look

at their spatial distribution across the experimental domain. As in the PPE case,
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we also look at the ratio of posterior to prior variance to assess Bayesian learning,

and compare the OPE estimates of the model uncertainty σ2
W in calibration and

validation intervals to check for robustness in the estimate of model skill. In the

case of parameter calibration using real data, the parameters are unknown, and so we

cannot compute RMSE or bias. However, we seek to interpret the fitted parameters

in terms of the climate controls on growth at each site. We first classify each site as

having growth which is either temperature-limited, moisture-limited, or as having

mixed climatic controls. To do so, we run the VS-Lite model at each site with the

parameters’ posterior medians and examine the growth response functions during

June, July, and August, when insolation is at its peak and allows the bulk of modeled

growing to occur. We compute the proportion of summer months over the entire

simulation in which the growth response to soil moisture (temperature) is strictly less

than the growth response to temperature (soil moisture). If the modeled proportion

is significantly more than the null hypothesis of half, than the site is classified

as M-limited (T-limited). Sites for which the proportion cannot be statistically

distinguished from 0.5 are classified as mixed-control sites. We then examine the

structure of the parameter point estimates in multi-dimensional parameter space for

each class of sites.

C.4 Results

C.4.1 Pseudoproxy Experiment (PPE) Results

A plot of prior and posterior distributions of the four growth response parameters

and the model uncertainty parameter for one representative site in the network is

shown in Figure C.1. A set of such posterior distributions exists for every site in

the experimental network. We compute statistics of these distributions to assess the

skill of the parameter calibration method as described in sections C.3.3 and C.3.3.

Both posterior bias and root-mean-squared error tend to be on the order of 20%

or less of the length of the prior interval for estimates of the parameters T1, T2, and

M2 (Figure C.2a,b,d). Only posteriors of the parameter M1 tend to be systematically
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biased, with probability mass generally lower than the targets (Figure C.2c). Root-

mean-squared error and bias for this parameter ranges up to 40% of the length of the

prior intervals. Note that the structure in the scatter plots of Figure C.2 is a result

of the fact that RMSE(X) =
√

Var(X) + Bias2(X) (Casella and Berger, 2002).

While the posterior distributions of M1 tend to exhibit greater RMSE and bias

than those of the other parameters, these posteriors also have greater variance, and

hence uncertainty. This result is shown by the comparatively large value of RMSE

at values of bias close to zero. The large posterior variance of the M1 posteriors is

also evident in a plot of the ratio of posterior to prior variance, which is close to

one at all sites for this parameter (Figure C.3c). This ratio varies by location for

both temperature threshold parameters T1 and T2, and tends to be close to zero at

most sites for the parameter M2 (Figure C.3a,b,d). Finally, the empirical posterior

coverage of the target parameters is skillful. The percentage of network sites for

which the target parameter value is covered by the 50%-95% credible intervals is

higher than the nominal percentages for all four parameters (Figure C.4).

At sites where the model is highly sensitive to any of VS-Lite’s growth response

parameters, our comparison to posteriors derived using uniform prior models shows

that the prior model has little influence on the estimation of these parameters. This

can be seen in the similarity of the central tendency and spread of posteriors derived

from the two different prior models for sites where the ratio of posterior to prior

variance is small, indicating a high degree of Bayesian learning (left side of the

plots in figure C.5). However, for parameters to which the model simulations are

not sensitive for a given location, little Bayesian learning occurs with conditioning

on the data. Since the posterior may differ only slightly from the prior in these

cases, the choice of the prior influences the inference heavily. For these sites, little

learning occurs with the conditioning on data, and there is more similarity between

the posteriors and their respective priors than there is between the two posteriors

(right side of the same figure). Note that a plot is not shown for the parameter M1.

There is very little Bayesian learning at any site for this parameter, and so all M1

posteriors closely resemble the prior.
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C.4.2 Observed Proxy Experiment (OPE) Results

The point estimates of the VS-Lite parameters in the observed proxy experiment,

given by the posterior medians, tend to cluster in space (Figure C.6). In particular,

the estimated values of T2 tend to occupy the lower end of the prior support in the

West. The spatial structure of M1 is also notable, with values tending to fall near

the upper end of the prior for arid and semi-arid sites in the West. Point estimates

of M2 are close to the upper end of the prior range nearly uniformly across space.

The spatial distribution of Bayesian learning, parameterized by the ratio of pos-

terior to prior variance, does not exhibit any notable spatial structure for T1 and

T2. Rather, the sites where the estimates of these parameters are influenced most

heavily by the data are scattered throughout the experimental domain (Figure C.7).

Estimates of M1 are influenced very little by the data constraints almost uniformly

across the experimental domain, while estimates of M2 are influenced heavily by the

data everywhere, indicating high model sensitivity to this parameter.

The modeled climate controls on growth break the continental United States into

roughly three regions (Figure C.8). In both the pseudoproxy and observed proxy

experiments, the Northwest contains mainly temperature-controlled sites, moisture-

controlled sites fill the West and Midwest, and mixed-control sites are most common

in the Southeast. The estimated model uncertainty parameter σ2
W is also interesting

to compare across the two experiments. The size of the parameter is comparable

across the calibration and validation interval in both the synthetic and observed

data experiments (Figure C.9). Although the sites with the greatest values of σ2
W

in the OPE show greater differences between calibration and validation interval es-

timates, note that these estimates are also more uncertain, since higher medians for

inverse-gamma posteriors also implies higher variance. Finally, the model uncer-

tainty is generally much greater in the OPE and the PPE, with the median value

of validation-interval σ2
W point estimates at 1.43 in the former case, and only 0.56

in the latter.

The calibrated values of the parameters cluster in anomaly-parameter space
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according to the sites’ classifications as temperature-limited, moisture-limited, or

mixed-control sites. The calibrated values of all T1 estimates fall below the mean

local summer temperature (x = 0 in Figure C.10a); thus the mean summer tem-

peratures fall above the threshold for nonzero growth at every site. Data at sites

classified as temperature-sensitive constrain all estimates of T2 to values above the

mean local summer temperature (y = 0, same figure). Summer temperature varia-

tions therefore influence modeled growth at these sites. Sites classified as moisture-

limited or as having mixed controls tend to have values of T2 that fall below local

summer mean temperatures; thus temperature variability will have less of an effect

on modeled growth. The results for the moisture parameters are similar. All sites

have calibrated values of M1 falling below the climatological mean soil moisture

content (x = 0, Figure C.10b), so that there is enough moisture for modeled growth

to occur across the experimental domain in summer. Calibrated values of M2 are

greater than local climatological mean soil moisture (y = 0) for all sites classified

as moisture-limited, but mixed-control and temperature-limited sites tend to have

values of M2 that fall below the climatological summer mean.

Given that the parameter estimates of the lower thresholds T1 and M1 fall below

mean summer climatological values at all sites, the distribution of the anomaly point

estimates in T2×M2 space contains the most information about the modeled climate

controls on growth (Figure C.11). In the second quadrant of such a plot (defined

by anomaly-T2 = T ′
2 < 0 and anomaly-M2 = M ′

2 > 0) one would expect sites where

moisture generally limits summer growth, since climatological temperatures tend

to fall above the optimal temperature growth limit, but soil moisture tends to fall

below its optimal growth limit. Most of the sites whose parameterizations end up in

this quadrant are in fact classified as moisture-limited by the classification scheme

used here. The fourth quadrant (T ′
2 > 0,M ′

2 < 0) would seem to define a region

of parameter space causing temperature-limited growth, and indeed the sites whose

estimated parameters land in this quadrant are almost all classified this way. The

sites that end up in quadrant III are exclusively mixed-control sites, as one would

expect for locations where trees are sensitive to both variations in summer moisture
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and temperature variability.

C.5 Discussion

The Bayesian inference scheme is skillful in recovering the known parameters used

to create pseudoproxy ring-width series. Although real-world analogs to the pseudo-

proxy target model parameters may not exist, the skill in the pseudoproxy context

gives us confidence that the approach will estimate parameters that optimize VS-

Lite’s fit to observed tree-ring width chronologies. The results of the PPE and OPE

are highly similar in terms of their spatial distributions of the modeled controls on

growth, as well as the model sensitivities to the growth response parameters. These

correspondences further support the applicability of pseudoproxy experiment results

to studies using observed proxy data.

In addition to point estimates of the parameters, the posterior distributions also

provide measures of the estimation uncertainty and the model sensitivity to the

parameters with their spread. This is a novel feature among parameter estimation

schemes for forward models of tree-ring width. Previous studies either performed

simple sensitivity analysis by varying one parameter at a time over a limited region

of the parameter space (Evans et al, 2006; Anchukaitis et al, 2006), or else not at

all (Fritts et al, 1999; Misson, 2004; Misson et al, 2004). We find that the VS-Lite

model is generally least (most) sensitive to the value of M1 (M2), as the ratio of

posterior to prior variance is very close to one (zero) at all sites in both pseudoproxy

and observed proxy experiments (Figures C.3 and C.7). The model sensitivity to

the temperature thresholds T1 and T2 depends on the particular site.

The sensitivity analysis performed here shows that the choice of prior distri-

butions are inconsequential for certain parameter-site combinations where a high

degree of learning occurs. By contrast, at sites at which the model is insensitive

to a given parameter, little Bayesian learning occurs, and the posterior inference is

determined almost entirely by the prior model. These results are ideal, to the degree

that one has faith in the representation of state-of-the-art science and its inherent
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uncertainty reflected in the prior distributions. In the cases where the model’s abil-

ity to simulate the data is highly sensitive to the parameter in question, the data

essentially determine its posterior distribution, and where the model is insensitive

to a given parameter, the lack of learning reflects the fact that there is no more

information available in the data about the parameter than that provided in the

prior. This result underscores the importance of careful prior elicitation based on

expert scientific understanding of the system being modeled.

Posterior estimates of σ2
W computed during the parameter calibration are of

similar size to those measured in an independent validation interval (Figure C.9),

indicating that the algorithm provides a reasonable estimate of VS-Lite’s uncer-

tainty. The skill of the tuned model fit to data is likely to degrade for periods with

mean climatic conditions that differ greatly from those of the parameter calibra-

tion interval. However, the PRISM data do display some temperature trends and

induce low-frequency modeled soil moisture variability over the period used in this

study. The result that the calibration and validation interval model uncertainties

are comparable shows that the parameter optimization is robust to at least the type

of nonstationarity present in the PRISM data set. A comparison of the typical

size of σ2
W in the pseudoproxy experiment to that in the observed proxy experiment

provides a sense of the size of model error that can be attributed to parameter uncer-

tainty as opposed to other sources. The differences between the model output and

target synthetic ring-width in the pseudoproxy experiments is completely accounted

for by the variability of VS-Lite associated with parameter uncertainty. Symboli-

cally, we can write this as σ2
WPPE

= σ2
WPARAM

. The model residuals in the OPE can

be attributed to both parameter uncertainty and other sources, such as processes

unresolved by VS-Lite and non-climatic signal in the observed proxy data. Then

we can write σ2
WOPE

= σ2
WPARAM

+ σ2
WOTHER

, assuming the parametric and other

sources of noise are independent. Thus, for any given site, contributions to the

model noise from sources independent of the parameter uncertainty can be easily

estimated by running a PPE and taking the difference between the total variance

minus the component σ2
WPARAM

= σ2
WPPE

.
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The location of parameter point estimates relative to local climatological means

in multidimensional anomaly parameter space presents a graphical tool for under-

standing the climate controls on the modeled ring width signal (Figure C.11). The

utility of this device is likely to be limited at sites where the model does not rep-

resent growth well, for example at sites where growth depends heavily on winter

moisture. Because the simple version of the Leaky Bucket model of hydrology em-

bedded in VS-Lite does not represent snowpack and snowmelt processes, such sites

represent a known limitation of the growth model itself as well (Tolwinski-Ward

et al, 2010). At sites where VS-Lite reasonably represents growth, this type of plot

could help identify and predict changes in the climate-proxy relationship that re-

sult from climatic nonstationarities driving mean environmental conditions across

biological thresholds. In such cases of “divergence” (D’Arrigo et al, 2004; Carrer

and Urbinati, 2006), one would expect the point representing the optimal set of

parameter choices to cross from one quadrant into another after the climatic shift.

In future studies, uncertainty in the parameter posteriors can likely be reduced

by modeling the fields of parameters spatially, as sites close in space tend to take on

similar optimal parameter values (Figure C.6). Since the parameter values are in-

terpretable in terms of the climate controls on growth, as shown in Figures C.10 and

C.11, any modeled spatial structure of the parameter fields likely holds information

about the spatial distribution of climate controls that can be linked to mechanistic

causes, such as orography, regional drought patterns, the timing of snowmelt, or

teleconnections to larger global patterns of climatic variability.

C.6 Conclusions

The Bayesian calibration scheme presented here skillfully recovers parameter esti-

mates near the values used to create synthetic tree-ring width data. The spread

of the posterior distributions show that the model fit to data is generally sensitive

(insensitive) to the value of the moisture threshold M2 (M1), and may or may not

be sensitive to the temperature threshold parameters depending on location. Es-
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timates of the VS-Lite model’s uncertainty provided by the scheme appear to be

robust outside of the interval used for calibration. The location of estimated pa-

rameters relative to local climatology in multidimensional parameter space provides

insight into the climate controls on modeled tree-ring growth, and may be useful

for some studies of the “divergence” phenomenon. Finally, estimates of VS-Lite’s

growth response parameters across the continental United States show spatial clus-

tering, indicating that parameter estimation may benefit from modeling of their

spatial structure.

C.7 Acknowledgements

The author gratefully acknowledges the American Association of University Women

for a Dissertation Fellowship that funded this work. Kevin Anchukaitis and Malcolm

Hughes leant disciplinary expertise to help with prior elicitation. Thomas Kennedy

and Walter Piegorsch provided comments on technical aspects of sampling and sen-

sitivity analysis, and Michael Evans improved the manuscript with comments on an

early draft.



119

C.8 Appendix: Sampling Algorithm

The Hastings-within-Gibbs sampler used to numerically sample the posterior

distributions in this study proceeds according to the following steps:

For k = 1,2, . . . ,N

• Sample a proposal T ′
1 from the prior distribution of T1.

• With probability a = min
{

1,
f(W|T,P,T ′

1,T
(k−1)
2 ,M

(k−1)
1 ,M

(k−1)
2 ,σ

2(k−1)
W

)

f(W|T,P,T
(k−1)
1 ,T

(k−1)
2 ,M

(k−1)
1 ,M

(k−1)
2 ,σ

2(k−1)
W

)

}

, where a

is evaluated for W, T and P in the calibration interval, set T
(k)
1 = T ′

1; else set

T
(k)
1 = T

(k−1)
1 (Metropolis-Hastings step).

• Sample a proposal T ′
2 from the prior distribution of T2.

• With probability a = min
{

1,
f(W|T,P,T

(k)
1 ,T ′

2,M
(k−1)
1 ,M

(k−1)
2 ,σ

2(k−1)
W

)

f(W|T,P,T
(k)
1 ,T

(k−1)
2 ,M

(k−1)
1 ,M

(k−1)
2 ,σ

2(k−1)
W

)

}

, where a

is evaluated for W, T and P in the calibration interval, set T
(k)
2 = T ′

2; else set

T
(k)
2 = T

(k−1)
2 (Metropolis-Hastings step).

• Sample a proposal M ′
1 from the prior distribution of M1.

• With probability a = min
{

1,
f(W|T,P,T

(k)
1 ,T

(k)
2 ,M ′

1,M
(k−1)
2 ,σ

2(k−1)
W

)

f(W|T,P,T
(k)
1 ,T

(k)
2 ,M

(k−1)
1 ,M

(k−1)
2 ,σ

2(k−1)
W

)

}

, where a is

evaluated for W, T and P in the calibration interval, set M
(k)
1 = M ′

1; else set

M
(k)
1 = M

(k−1)
1 (Metropolis-Hastings step).

• Sample a proposal M ′
2 from the prior distribution of M2.

• With probability a = min
{

1,
f(W|T,P,T

(k)
1 ,T

(k)
2 ,M

(k)
1 ,M ′

2,σ
2(k−1)
W

)

f(W|T,P,T
(k)
1 ,T

(k)
2 ,M

(k)
1 ,M

(k−1)
2 ,σ

2(k−1)
W

)

}

, where a is

evaluated for W, T and P in the calibration interval, set M
(k)
2 = M ′

2; else set

M
(k)
2 = M

(k−1)
2 (Metropolis-Hastings step).

• Sample σ
2(k)
W directly from its full conditional distribution based on

T
(k)
1 , T

(k)
2 ,M

(k)
1 ,M

(k)
2 , and the VS-Lite model residuals based on W, T and

P during the validation interval (regular Gibbs step).

end
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Prior (blue) and posterior (red) densities of VS−Lite parameters
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Figure C.1: Prior (blue) and estimated posterior (red) densities for the parame-
ters of VS-Lite, conditioned on pseudoproxy and PRISM climate data at the Sipsey
Wilderness site in Alabama. (Plot of posterior density given by a smooth approx-
imation to a frequency plot of ensemble members.) Solid black vertical lines give
the target values of the growth response parameters, dotted black lines give prior
medians, and dash-dot black lines give the posterior medians.
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Figure C.2: Pseudoproxy experiment root-mean-squared error of parameters divided
by the length of each prior’s support versus bias normalized by the same values.



125

 

 
T2

 120 ° W  110° W  100° W   90° W   80
° W   70

°  W 

 30 ° N 

 40 ° N 

 50 ° N 

0  

0.5

1  

 

 
M1

 120 ° W  110° W  100° W   90° W   80
° W   70

°  W 

 30 ° N 

 40 ° N 

 50 ° N 

0  

0.2

0.4

0.6

0.8

1  

0  

0.5

1  

Ratio of Posterior to Prior Variance, PPE

 

 
M2

 120 ° W  110° W  100° W   90° W   80
° W   70

°  W 

 30 ° N 

 40 ° N 

 50 ° N 

 

 
 a)

T1

 120 ° W  110° W  100° W   90° W   80
° W   70

°  W 

 30 ° N 

 40 ° N 

 50 ° N 
 b)

0  

0.2

0.4

0.6

0.8

1  

Figure C.3: Ratio of posterior to prior variance for the four growth response param-
eters as a measure of Bayesian learning in the observed proxy experiment. Color
scale calibrated so that sites with smaller (larger) values of the ratio, indicating
greater (lesser) Bayesian learning, have darker (lighter) coloration.
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Figure C.5: Posterior median and 90% credible intervals for T1 (top), T2 (middle),
and M2 (bottom) parameters computed using four-parameter beta distributed pri-
ors (blue) and uniform priors (red). Dashed red and blue lines give the median and
90% credible intervals for the four-parameter beta and uniformly distributed pri-
ors, respectively. Note that the two model posteriors closely resemble each other at
sites with small variance ratios (situations with high Bayesian learning), but closely
resemble their respective prior distributions for sites with large variance ratios (sit-
uations with low Bayesian learning).
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Figure C.6: Posterior medians of VS-Lite growth parameters. Note that the color
scale for each parameter ranges over the interval on which the prior is supported,
and is calibrated so that white indicates the prior median.
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Figure C.7: Ratio of posterior to prior variance for the four growth response param-
eters as a measure of Bayesian learning in the observed proxy experiment. Color
scale calibrated so that sites with smaller (larger) values of the ratio, indicating
greater (lesser) Bayesian learning, have darker (lighter) coloration.
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Figure C.8: Modeled climate controls on growth for pseudoproxy experiment (left)
and observed proxy experiment (right). Sites with red markers are classified as
temperature-limited, blue are moisture-limited, and green are mixed-control sites.
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Figure C.9: Validation-interval model uncertainty, versus calibration-interval model
uncertainty, pseudoproxy experiment (a) and observed proxy experiment (b). Dot-
ted red line is y = x.
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Figure C.10: a): Plot of estimated T2 versus estimated T1 at each site, with both
parameters measured as anomalies relative to the local climatological mean summer
temperature. Color of points denote the classification of the controls on modeled
growth at each site. x = 0, y = 0 define the mean local summer temperature. b):
Same as a), but for parameters M1 and M2 relative to local climatological mean
summer soil moisture. x = 0 and y = 0 define the mean local summer soil moisture
content.
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Figure C.11: Same as in figure C.10, except for M2 versus T2. x = 0 and y = 0
define the mean local summer temperature and soil moisture content, respectively.
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D.1 Abstract

Tree-ring width series are the result of a lossy biological transformation of local

environmental forcing. As a result, reconstructing paleoclimate from ring width

requires additional sources of information about the climate at the site from which

the data were sampled. Bayesian hierarchical modeling approaches to paleoclimatic

reconstruction facilitate explicit representation of the necessary prior information.

In particular, the framework enables the use of forward models of the biologi-

cal proxy formation process to describe the climate-proxy relationship. We use

a Bayesian hierarchical model to develop probabilistic reconstructions of local tem-

perature and soil moisture conditioned on tree-ring width. Experiments performed

with synthetically-generated data demonstrate that the lossy nature of the proxy

data imposes limits on the amount of recoverable information on local moisture
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and temperature variations, even if the recording process is known exactly. Using

observed data, we also compare skill of a reconstruction using an empirical, linear

regression based model of ring width growth to skill of a reconstruction based on a

nonlinear and scientifically-informed representation of the climate ring-width rela-

tionship. Our results indicate diminishing returns for increased model complexity

for ring-width series from a single site, and point to the importance of sharing in-

formation across space and multiple proxy types in order to incorporate increased

mechanistic understanding of proxy formation in climate reconstructions.

D.2 Introduction

Time series of tree-ring widths (TRWs) provide the best-dated and most spatially

extensive proxy record of paleoclimatic variability (Jansen et al, 2007). Most at-

tempts to reconstruct climate at global or hemispheric scales rely heavily upon them

(Jones et al, 1998; Crowley and Lowery, 2000; Moberg et al, 2005; D’Arrigo et al,

2006; Mann et al, 2008; Christiansen and Ljungqvist, 2011). It is important to

examine assumptions on the relationship between TRW and climate that underlie

reconstruction methodologies, as these assumptions influence the interpretation of

derived paleoclimate estimates and their uncertainties.

Inferring climate from ring width data is challenging because trees are fundamen-

tally lossy recorders of climate. The lossy character of the data can be intuitively

understood by considering how little information about climate variability is en-

coded in a ring-width series alone. A dendrochronologist collecting cores considers

the location, growing season, and climatology of the trees, but an analyst looking

at the resulting data series is challenged to make even qualitative inferences about

climate from the data without this prior information. In part, this is because the

growth of trees is influenced by temperature, moisture, and their interactions, so

it is impossible without further information to attribute ring width variability to

one climatic variable or the other. Growing trees also integrate information about

climatic conditions over time, and so blur information about climate variability on
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time scales finer than their annually-resolved rings. Ring width chronologies are also

standardized to remove non-climatic effects on growth (Cook and Kairiukstis, 1990),

and so only contain information about relative, rather than absolute, variations in

climate. From a mathematical perspective, these features mean that the transfor-

mation from climate space to tree-ring space is not one-to-one, and is therefore not

directly invertible. Statistical models that respect the real-world features of the

climate-proxy relationship listed above will therefore suffer from nonidentifiability.

That is, even in the limit of infinitely resampled data, it is theoretically impossible

to fully identify the complete climate history which gave rise to the data.

This lack of a one-to-one mapping is a hallmark of inverse problems, and there

is a rich set of methods to overcome this difficulty. In general, problems of this

type require regularization, or the incorporation of prior information in addition to

the data, to enable mathematical solution. In traditional regression-based climate

reconstructions, such information is added implicitly by assuming a simple linear

relationship between ring width and climate and then restricting the problem to

sets of data which roughly conform to these assumptions. This approach yields a

statistically straightforward solution, but sacrifices a scientifically defensible rep-

resentation of the proxy-climate relationship, as well as explicit representation of

the modeling assumptions. These omissions make it difficult to interpret proposed

reconstructions, and to quantify their uncertainty.

Bayesian hierarchical statistical modeling allows a fundamentally different ap-

proach to solution of the inverse problem that can address these shortcomings. This

inference framework enables coupling of forward models of the lossy ring-width

formation process to models of climate to perform reconstructions. “Inverting”

forward models of varying degrees of complexity by Bayes’ law can then provide

different avenues for regularizing the reconstruction problem and lending scientific

interpretability to results. A spectrum of forward models exists whose members

represent the biology behind tree-ring growth to varying degrees. The simplest

end-members describe ring width as a constant times the annualized climate in-

dex of interest plus stochastic noise (Mann and Rutherford, 2002; Smerdon et al,
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2011; Smerdon, 2012). Empirical response functions are slightly more complicated,

and describe ring-width as a linear combination of annual or sub-annual climate

predictors plus noise (Cook and Kairiukstis, 1990). The VS-Lite model of TRW

(Tolwinski-Ward et al, 2010), sits between the purely statistical models and mod-

els with explicit representation of biological processes, and so may be considered a

tree-ring model of intermediate complexity. The most complex models in the spec-

trum contain nonlinear, scientifically-based representations of tree-ring cell growth

division, and enlargement, other biological processes like photosynthesis and tran-

spiration, and sometimes carbon, energy, and water fluxes (Fritts et al, 2000; Misson,

2004; Vaganov et al, 2006, 2010 in press). Hughes and Ammann (2009) speculated

that assimilating such models in paleoclimatic reconstructions can improve estimates

of past climate. However, weak and lossy proxy data can not constrain unlimited

model complexity. The goal in such an approach must be to balance the information

added by the forward model’s representation of growth with the additional degrees

of freedom it creates.

The present work is motivated by two research questions. First, given that TRW

provides a lossy record of climate, what are the theoretical limits on the amount

of information about climate that we can hope to retrieve from these data? Sec-

ondly, what point on the spectrum of forward models strikes the best balance of

scientific interpretability and tractability when used within a Bayesian hierarchy

for paleoclimate reconstruction? To address these questions, we employ a Bayesian

hierarchical modeling approach to perform reconstructions from ring-width series

by inverting forward models of ring-width growth. To answer the first research

question, we examine the skill of such a reconstruction within a pseudoproxy or

observing-system-simulation-experiment context, in which we assess our ability to

reconstruct a known climate target from data generated synthetically from the tar-

get. To address the second question, we perform reconstructions using real TRW

data by inverting an empirical linear response function model of growth and the

VS-Lite ring-width model of intermediate complexity and comparing the resulting

skill of the two reconstructions.
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D.3 Bayesian Hierarchical Models for Inferring Climate from Tree Ring Width

Bayesian hierarchical models (BHMs) are powerful and well-established tools in the

statistical sciences (Gelman et al, 2003), that have recently been proposed (Hughes

and Ammann, 2009) and used (Li et al, 2010; Tingley and Huybers, 2010a,b; Haslett

et al, 2006; Wahl et al, 2011; Guiot et al, 2009; Parnell, 2008; Yu et al, 2012) for

aspects of paleoclimate reconstructions. We give a brief overview of these models,

and refer the interested reader to Tingley et al (2012) for more general details about

the application of these models to paleoclimatic reconstruction. In the rest of this

article, we use the notation [X] to mean the probability distribution of the random

variable X and [X|Y ] to denote the distribution of X conditioned on Y .

Model-building using BHMs proceeds by first specifying a probabilistic prior

model for the process of interest, called the process level of the hierarchical model

[X|θX ] (where X is the process of interest and θX is a parameter or set of parameters

on which the prior model may depend). A data-level model [Y |X, θY ] describes the

way the data Y depend on X. In a fully Bayesian treatment, the parameters of the

data- and process-level models are also given random interpretation and parameter

level prior distributions [θX ] and [θY ]. In this paper, we take an empirical Bayes’

approach (Robert, 2007)[section 10.4] and estimate the parameters of the models

and hold them fixed for the rest of the analysis. The object of our analysis, the

posterior distribution [X|Y, θX , θY ] of the process of interest given the data and the

fixed parameters, is related to the process- and data-level models through Bayes’

law:

[X|Y, θX , θY ] ∝ [Y |X, θY ][X|θX ] (D.1)

Numerical techniques are typically used to generate samples from the posterior.

With large enough samples, properties of the posterior distribution can be deter-

mined by Monte Carlo analysis.

One strength of the BHM approach that is crucial in the present context is that

the framework does not distinguish between the use of purely statistical models

and scientifically-based ones (Berliner, 2003). Science-based and even deterministic
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numerical models can be used at the data or process levels of a BHM, making the

framework ideal for assimilating scientific understanding into uncertain inverse prob-

lems, such as the reconstruction of climate from tree-ring width data. This flexibility

focuses on the modeling of scientific understanding in the data- and process-level

models. Choices about what mechanistic information to include or neglect in favor

of efficiency or parsimony are made explicit, and are kept separate from the analysis,

which is typically an implementation of Bayes’ law.

A list of model variables for the present problem is given in Table D.1. Note

that two separate time scales are necessary; the tree-ring width data is annually-

resolved, but the climate variables are represented at monthly resolution. We let

s = 1, 2, . . . 12 index the month in any given year. We index the years for which we

have associated tree-ring width data by t = 1, 2, . . . , T . Monthly-resolved process

variables are thus indexed in a given month and year by the pair (s, t), while annually

resolved variables are indexed only by t.

Let T and M with no arguments represent the vectors of temperature and soil

moisture over all months and all years simulated, and let W denote the vector of

ring width data over all years simulated. Then, the general form of conditional

relationships we propose for our modeling is as follows:

[T ,M |W , θW , θC ] ∝ [W |T ,M , θW ][T ,M |θC ] (D.2)

That is, at the process-level, we model temperature and moisture jointly depending

on climate model parameters θC . At the data-level, we model ring width as directly

dependent on both temperature and soil moisture and some data-level model param-

eters θW . Note that in the data-level model, ring width is conditionally independent

of the climate model parameters θC given realizations T and M of the climate, so

[W |T ,M , θW , θC ] = [W |T ,M , θW ] . The temperature and soil moisture processes

are independent of the parameters of the ring width model θW . We seek the poste-

rior distribution of temperature and soil moisture given the ring-width data and all

the parameters of the data- and process-level models. A schematic diagram of the

relationship between variables in our hierarchy is given in Figure D.1.
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Table D.1: Model variables and parameters. (Note that data-level parameters depend on the particular choice of

data-level model.)

Data-Level Variable

W (t) Ring-width index (unitless, annual resolution)

Data-Level Parameters for VSL Data-Level

T1, T2 Threshold temp. for nonzero and optimal growth, resp. (◦C)

M1, M2 Threshold soil moist. for nonzero and optimal growth, resp. (v/v)

σ2
w Variance of data model noise (unitless)

Data-Level Parameters for LRF Data-Level

{βT (s) : s ∈ T } Regression coefficients for temperature (◦C−1)

{βM(s) : s ∈ M} Regression coefficients for moisture (v/v)−1

σ2
w Variance of data model noise (unitless)

Process-Level Variables

T (s, t) Temperature (◦C, monthly resolution)

M(s, t) Soil Moisture (v/v, monthly resolution)

Process-Level Parameters

µT (s) Mean temperature in month s (◦C)

σ2
T (s) Temperature variance in month s (◦C2)

(αM(s), βM(s)) Soil moisture shape parameters in month s (unitless)

(Mn,Mx) Minimum and maximum allowable soil moisture values (v/v)

Cs Covariance matrix for temperature and soil moisture in month s

(φU , φV ) AR(1) parameters underlying temporal structure of climate (unitless)

(τ 2
U , τ 2

V ) Variance underlying AR(1) climate innovations
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In subsection D.3.1, we discuss our specific choice for the joint prior process-

level climate model and its parameters. Subsection D.3.2 details two different model

choices for the data-level model and their associated parameters.

D.3.1 Joint Modeling of Process Level Variables

In what follows, we consider models for TRW conditioned on monthly temper-

ature and soil moisture, the two climate variables which influence growth most

directly. In order to develop realistic priors on these variables, we fit the process-

level model to the gridded Parameter-Elevation Regressions on Independent Slopes

Model (PRISM) data product (Daly et al, 2008). The gridded data product com-

prises monthly values for maximum and minimum temperature, as well as monthly

accumulated precipitation at 4km×4km resolution across the continental United

States. We use the mean of the monthly maximum and minimum temperature

fields at the grid cells co-located with the sites containing dendrochronological data

to fit our model for temperature. To fit a model for monthly soil moisture, we derive

estimates of this variable by using PRISM as inputs to the Climate Prediction Cen-

ter’s “Leaky Bucket” monthly time-step model of hydrology (Huang et al (1996)),

a science-based water balance model with Markov structure.

In forming the process-level model, the goal was to use the simplest statistical

description that could still describe the seasonality, temporal structure, and local

covariance of the target temperature and soil moisture. The distributions of T and

M are modeled by a strategic transformation of two latent variables with simpler

distributions. Temperature in any month is approximately normally-distributed,

and soil moisture is reasonably well-described by a linearly-transformed beta dis-

tribution. Thus the two variables may be written as seasonal transformations of

Gaussian anomaly processes T ′ and M ′:

T (s, t) = σT (s)T ′(s, t) + µT (s) (D.3)

and

M(s, t) = (Mx − Mn) · F−1
α(s),β(s)

(

Φ(M ′(s, t))
)

+ Mn (D.4)
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In equation D.3, the parameters µT (s) and σT (s) depend only on the month, and are

given by the sample mean and standard deviation of the mean PRISM temperatures

in month s across all calibration-interval years. Thus the Gaussian process T ′ has

mean zero and unit variance by construction. Equation D.4 represents an anamor-

phosis (see Chiles and Delfiner, 1999, , section 6.2) that transforms the Gaussian M ′

process into the observed four-parameter beta-distributed soil moisture. F−1
α(s),β(s) is

the inverse cumulative distribution function for the beta distribution with month-

specific parameters α(s) and β(s), given by the maximum likelihood estimates based

on transformations to the unit interval of soil moisture computed in month s. Mean-

while Φ denotes the standard normal cumulative distribution function, and Mn and

Mx are the minimum and maximum allowable soil moisture contents in v/v allowed

by the “Leaky Bucket” soil moisture model, so M ′ also has mean zero and unit

variance by construction. To handle the covariance between the two variables, the

anomaly processes T ′ and M ′ are modeled as a linear transformation of two uncor-

related variables U and V . Imposing that the covariance matrix of U and V be the

identity matrix,




T ′(s, t)

M ′(s, t)



 = As





U(s, t)

V (s, t)



 (D.5)

where AsA
T
s gives the covariance matrix of T ′ and M ′ in month s. We thus fit As

using the square root of the inverse sample covariance matrix for the two variables

in each month s. Finally, the temporal climatic structure is modeled by giving U

and V AR(1) structure:

U(s, t) = φUU−(s, t) + ǫU(s, t) (D.6)

ǫU(s, t) ∼ N(0, τ 2
U)

V (s, t) = φV V−(s, t) + ǫV (s, t)

ǫV (s, t) ∼ N(0, τ 2
V )

Here the subscript “−” denotes the value of a variable at the previous monthly time

step. The inverse of the transformations (D.3-D.5) are applied to the calibration-

interval PRISM data to compute “observed” values of the latent U and V processes
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in order to compute least-squares estimates of the AR(1) parameters in equation D.6.

The pair
(

T (s, t),M(s, t)
)

is therefore a deterministic function of
(

U(s, t), V (s, t)
)

,

which are easy to generate given the fixed parameters in equations (D.3)-(D.6).

D.3.2 Modeling the Data Level Variable

We develop two data-level models, and assess the differences in inferences on climate

from using each.

Linear response function data-level model

Let T t and M t represent the time series of temperature and soil moisture in all 12

months of year t. Then the empirical data-level model for ring width given climate

is a multiple linear regression model of the form

W (t)|T t,M t, β0,βT ,βM , σ2
w = β0 +

∑

s∈M

βM(s)M(s, t) +
∑

s∈T

βT (s)T (s, t) + ǫ(t)

(D.7)

Here M and T are index sets of the set of months in which moisture and tempera-

ture are used as predictors, respectively. This type of model is commonly referred to

as a “response function model” in the dendroclimatology literature (Cook and Kair-

iukstis, 1990)[section 4.2.2]. Note that ring widths of a small number of preceding

years are often used as candidate predictors. Here we restrict our candidate predic-

tors to the same set of monthly climate variables as are used to force the second

data-level model in order to facilitate a direct comparison between the two models.

The regression coefficients {βM(s)}s∈M and {βT (s)}s∈T are fit during a calibration

interval. The model noise ǫ(t) is i.i.d., mean-zero, and normally distributed and has

variance that depends on the data constraining each experiment (discussed below

in section D.4.2). We refer hereafter to model (D.7) as the linear response function

(LRF) model.
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Nonlinear, biologically-motivated data-level model

A simple yet scientifically-motivated model of tree-ring width as a function of

monthly temperature and moisture is given by the VS-Lite model (Tolwinski-Ward

et al, 2010). Each month has modeled scaled growth responses gT (s, t) and gM(s, t)

between zero and one associated with that month’s temperature and soil moisture,

respectively. These responses have the piecewise forms

gT (s, t) =















0 for T (s, t) < T1

T (s,t)−T1

T2−T1
for T1 < T (s, t) < T2

1 for T2 < T (s, t)

(D.8)

gM(s, t) =















0 for M(s, t) < M1

M(s,t)−M1

M2−M1
for M1 < M(s, t) < M2

1 for M2 < M(s, t)

(D.9)

The growth of each annual ring is derived from the functions gT (s, t) and gM(s, t).

Equations (D.8) and (D.9) therefore introduce an important nonlinearity into the

model of tree ring growth by setting thresholds below which a tree will not grow

at all, and thresholds above which warmer or wetter conditions will not improve a

tree’s ability to grow. An additional scaled growth response to insolation, gE(s),

is a scaling of the mean daylength in each month to the unit interval. The overall

growth response G(s, t) for month s and year t is given in the model by

G(s, t) = gE(s) · min
{

gT (s, t), gM(s, t)
}

(D.10)

The minimum in (D.11) represents a second nonlinearity not typically represented

in traditional reconstructions of climate. This model feature is meant to mimic

the Principle of Limiting Factors, which states that tree ring growth is constrained

by the environmental variable that is most limiting (Fritts, 2001). The minimum

endows the model with a “switching” ability, in which the response to climate in a

given month may be controlled by either temperature or soil moisture depending on

their relative values.
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For each year t, the raw relative ring width growth Γ(t) is given by the sum of

the overall growth responses over the months in the year:

Γ(t) =
12

∑

s′=1

G(s′, t) (D.11)

Finally, the resulting series {Γ(t), t = 1, 2, . . . , T} is standardized over the T simula-

tion years to produce a simulated ring width index series comparable with observed

standardized chronologies over the same time interval.

We use the deterministic VS-Lite estimate plus normal stochastic noise as the

second data-level model for our BHM. Letting ~Tt and ~Mt represent the vectors of

monthly temperature and soil moisture in year t, we can write this data-level model

as

W (t)|~T , ~M, T1, T2,M1,M2, σ
2
w =

Γ(t) − Γ̄

σ(Γ)
+ ǫ(t) (D.12)

where Γ(t) is the sum of monthly growth responses in year t from VS-Lite, Γ̄ is the

mean of the series Γ(t) over all simulation years, and σ(Γ) denotes the standard

deviation of the series. The noise ǫ(t) is independent and identically-distributed

Gaussian white noise, which provided a better fit to residuals of observed forward-

modeled chronologies at the sites used in this study than did AR(1) or AR(2) noise

models.

D.4 Methods and Experimental Design

D.4.1 Proxy Data Network and Climate Targets

The study sites in this work form a subset of tree-ring chronology sites used in

a multi-proxy hemispheric temperature reconstruction by Mann et al (2008). In

that study, the proxies were screened for within-site inter-sample correlation greater

than 0.5 as well as for sufficient replication, with a minimum of 8 cores required

for each site used. This set of chronologies was also used by Tolwinski-Ward et al

(2010) in a forward-modeling validation study of the VS-Lite model. All the associ-

ated chronologies are freely available online on the NOAA Paleoclimate Reconstruc-
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Table D.2: Experimental Design
Data-Level Model
LRF VSL

Proxy Data
Pseudo I II

Observed III IV

tions Network/Proxy Data webpage. The target climate history is derived from the

PRISM data product as discussed in section D.3.1.

D.4.2 Experimental Design

We run probabilistic reconstructions of local monthly temperature and soil mois-

ture for the years 1895-1984 at 277 sites associated with observed dendrochronologies

across the continental United States. The choice of this 90-year interval represents a

balance between the availability of proxy observation and climate data. Reconstruc-

tion model parameters are fit independently at each site, and each reconstruction is

run independent of the others. Each reconstruction is represented by a large sample

of draws from the posterior distribution of temperature and soil moisture histories

given the data and the specific modeling choices for the data- and process-levels

(equation D.2). Data- and process-level parameters of our Bayesian hierarchical

model are calibrated using the second half of the target climate history (1940-1984).

All evaluations of reconstruction skill are computed by comparing the distribution

of reconstructed climate with the target during the first half (1895-1939).

We run a 2x2-factorial design in order to compare reconstruction skill across two

different sets of data constraints and two different data-level models. The various

treatments for two different factors are described in the following subsections, and

the experiments are labeled I-IV as shown in Table D.2. Specific details of the

Markov Chain Monte Carlo algorithm used to sample the posteriors are given in

Appendix D.8.
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Factor 1: Proxy Data

Treatment 1: Pseudoproxy constraints In order to provide an upper bound

on theoretically possible reconstruction skill, we run reconstruction experiments

constrained by a set of simulated or “pseudoproxy” data. The pseudoproxies are

generated by running the target temperature and soil moisture series at all 277 study

site locations through the VS-Lite forward model of tree-ring growth. To mimic the

regional differences in tree-ring growth response to climate in this case, the four

growth response parameters are fitted at each site using observed ring-width data.

In contrast to most pseudoproxy experiments, we use the lossy transformation of

climate represented by VS-Lite to generate our synthetic data constrains, and do

not add additional noise to the results of the output. The goal is to determine the

maximum climatic information that can be recovered from a lossy natural recording

process when the data recording process, eg. simulated tree-ring growth, is known

with absolute precision, and the proxies contain no non-climatic noise.

Treatment 2: Real-world data constraints We use the observed ring-width

data at the same 277 study sites. These experiments are meant to illustrate the

attainable reconstruction skill in real-world applications where the data contain

noise and the data-level model only approximates the signal formation process.

Factor 2: Data-Level Model

Treatment 1: Linear response function data-level model For the first data-

level treatment, we use the linear, empirical-statistical model for tree-ring width

described in subsection D.3.2. The predictor sets M and T and their associated

response function parameters βM(s) and βT (s) are determined using the stepwise.m

routine in Matlab, with entrance tolerance set to p = 0.05 and exit tolerance to

p = 0.10. The function stepwise.m combines elements of step-up and step-down

regression, and seeks a model in which all included predictors are significant at the

entrance tolerance p-values. The algorithm terminates when the model is no longer
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improved by addition or subtraction of any single predictor.

Treatment 2: Nonlinear, biologically-motivated data-level model In the

second data-level treatment, we use the VS-Lite model of TRW growth described in

section D.3.2. The growth response parameters T1, T2,M1, and M2 are fit using a

freely-available Bayesian algorithm that uses informative priors based on the scien-

tific literature for each growth response parameter, and sets each parameter to its

posterior median (Tolwinski-Ward, in prep.).

Data-level model noise

The variance of the white Gaussian model noise in the data-level models (the vari-

ance σ2
W of ǫ(t) in Eqns. D.7 and D.12) is chosen depending on whether pseudoprox-

ies or real world constraints are used for data. For experiments run with pseudoproxy

data, the model variance is held fixed across sites. Although the pseudoproxy data is

generated without additive noise, stochastic modeling of the discrepancies between

the deterministic data-level model output for proposed values of the climate state

space and the synthetic data enables the MCMC to sample the probability space

of climate histories efficiently. Holding the noise constant across all sites allows a

comparison of the effect of the two different data-level model treatments without

confounding those effects with influences of varying noise. The variance of the model

noise is set to σ2
W = 1, fixing a signal-to-noise ratio (SNR) of 1:1. This is the largest

finite SNR typically tested in the pseudoproxy experiment literature, and assumes

the data are of much higher quality than is generally believed to be the case for

observed proxy data (Smerdon, 2012).

For reconstruction experiments conditioned on observed ring-width data, we

estimate the size of the model noise by fitting the data-level model to observations

in a calibration interval. For experiments using the LRF data-level model, the

calibration interval data was split in half, two regression models were fit to the data

in the first and second halves (1926-1938 and 1939-1950) at each site using the same

climatic predictors used in the full reconstruction, the sum of the squared residuals
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in the complement of each interval divided by interval’s length was computed, and

the larger of these two noise values was used as the model noise. For the experiments

constrained by observed data, the variance of the model noise is estimated along

with the other model parameters during the calibration interval using a Bayesian

algorithm assuming an inverse gamma prior on σ2
W (Tolwinski-Ward, in prep.).

D.5 Results

For each experiment outlined in Table D.2, reconstructions consist of a probabilistic

ensemble of at least 1200 realizations from the posterior (see Appendix D.8 for

further details). Each ensemble member is a draw from the posterior distribution

of the climate history given the tree-ring width data and data- and process- level

model structures.

Although the reconstructions are resolved at a monthly time-step, the posterior

climatic variability could only be meaningfully distinguished at seasonal timescales,

reflecting the fact that it is impossible to constrain twelve months of climate condi-

tions with only annually-resolved data. We assess the reconstruction skill by looking

at the ensemble of means over June, July and August for temperature and soil mois-

ture.

Reconstruction visualization. Figures D.2 and D.3 show some features of the

reconstructed posterior distributions for two sites in experiment II (pseudoproxy

data and VS-Lite data-level model). Note that results at these sites are not gen-

erally representative of reconstruction results in experiment II, but were chosen for

their visual clarity to help orient the reader. The BHM combines the prior cli-

mate information and the structure of the data-level model to adaptively inform

the reconstruction of the climate variable that controlled the “forward” ring width

growth. At a site where pseudoproxy growth is temperature limited, and where the

synthetic data series therefore primarily reflect summer temperature variability, the

posterior contains improved information about interannual summer mean tempera-

ture variability (the reconstruction in Figure D.2a tracks the target well; correlation
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ρT = .87 (p < .001) and coefficient of efficiency CET = .63). However, the soil

moisture reconstruction is not constrained to nearly the same extent (Figure D.2b).

Similarly, at a site with moisture-controlled pseudoproxy growth, Bayesian learning

occurs primarily for the soil moisture reconstruction (Figure D.3b; correlation be-

tween reconstruction and target is ρM = .96 (p < 0.001); CEM = .68) rather than

for temperature (Figure D.3a). Boxplots (Figs. D.2c and D.3c) emphasize that the

inference at each site is based on a large number of draws from the posterior. At

sites where the data primarily record one climatic variable, the second variable may

still be somewhat constrained by virtue of its process-level covariance with the first.

In a year with a local minimum in ring-width index at the temperature-controlled

site, for example, temperature gets constrained away from the upper range of its

prior distribution (Figure D.2d). This transfer of probability also rules out the

lowest prior values of soil moisture as an artifact of the negative prior association

between the two variables, resulting from increased evapotranspiration at higher

temperatures.

Reconstruction skill. Figures D.4 and D.5 show Taylor diagrams of three skill

metrics across the network of sites for the three pairs of reconstructions with the

same data constraints. Each point in a Taylor diagram summarizes three dependent

metrics of pattern-matching between two time series (Taylor, 2001). The radial dis-

placement from the origin of the half-circle shows the ratio between the standard

deviations of the reconstructed time series to the target series; the angular dis-

placement of a point plots the correlation (scale is nonlinear), and a point’s radial

displacement from a reference point shows the centered pattern root-mean-square

error between the reconstruction and target. The reference point represents these

metrics for two identical time series (correlation of 1, standard deviation ratio of 1,

and RMSE of 0). Two time series which resemble each other more (less) closely are

represented by a point which is closer (farther) from the reference point on a Taylor

diagram. The sets of time series compared in the Taylor diagrams here are the the

target climate series and the time series of reconstruction posterior means at each
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network site.

The reconstruction skill for both data-level models is comparable in the pseu-

doproxy experiments, even though the VSL model is an exact data-level model for

this data set (Fig D.4). The reconstruction experiments performed with observed

data generally have much lower correlations with their climatic targets than in the

pseudoproxy reconstructions (Figure D.5). This is to be expected since, unlike the

pseudoproxy cases, the data contain non-climatic noise. Generally, the range of

reconstruction correlations with their targets are comparable for both data-levels,

while the standard deviation ratios are smaller for reconstructions performed with

the VS-Lite data-level model.

Reconstruction bias. There are no systematic differences in reconstruction bias

due to the choice of data-level model for either choice of data constraints (sup-

plementary Figures D.7 and D.8). The spatial pattern of the temperature bias is

generally uniformly positive across the network in all experiments, and is a simple

consequence of uniform warming in the climate data over the entire reconstruction

interval (1895-1984) combined with using the latter, warmer half of the interval to

calibrate the process-level model in the experiments. The spatial pattern of the

moisture bias is less uniform than for the temperature bias, and generally reflects

evapotranspirative drying in the West and moistening in the Southeast. The sign

of these biases reverses in experiments run with switched calibration and validation

intervals.

Uncertainty quantification. Because our reconstruction approach produces a

Monte Carlo ensemble, uncertainty estimates can be internally derived by examining

the spread in posterior realizations. To assess the reconstruction uncertainty, we

examine the empirical coverage probabilities by computing the percentage of study

sites for which the target is covered by various posterior credible intervals. Boxplots

of this percentage across the 45 validation-interval years are presented in Figure D.6.

Note that the spread in coverage probabilities is wider than one might expect on
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the basis of sampling error, as the model coverage is correlated in both space and

time.

The median empirical coverage probabilities are lower than their nominal values

for temperature pseudoproxy reconstructions performed using both the VSL and

LRF data-level models (Figure D.6a); thus the spread in the posteriors tends to

underestimate the temperature uncertainty. The empirical moisture coverage prob-

abilities are close to their nominal values for pseudoproxy reconstructions (Figure

D.6b). The empirical coverage in the experiments constrained by observed proxy

data is qualitatively similar to the PPE results (Figure D.6c,d). In additional PPEs

using the entire reconstruction interval to calibrate the process-level model (not

shown), the coverage probabilities had medians statistically indistinguishable from

the nominal values for both the VSL and LRF data-level models.

For both types of data constraints, reconstructions performed with the VS-Lite

data-level model have slightly lower empirical coverage probabilities than do those

performed with the LRF data-level model. This result stems from posteriors that are

slightly wider across all years and sites when using the LRF model. The likelihood

of temperature and soil moisture given ring width data are generally much narrower

for the VS-Lite data-level model, both because the LRF model constrains climate

only in a subset of predictor months while the VSL model constrains every month,

and because VS-Lite accounts for the influence of interactions between temperature

and moisture on growth while the LRF does not.

D.6 Discussion

The first motivating research question concerned the limits on the amount of recov-

erable climatic information that could be retrieved from lossy ring width data. In

our highly idealized pseudoproxy experiments, in which no non-climatic noise was

added to the simulated ring-width signals, climatic inference from the data was still

imperfect. This was true even for experiment II, in which the exact transformation

used to generate the data was used as the reconstruction data-level model. Because
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of the lossy nature of the simulated climate recording process, all of the posterior

distributions still contain unavoidable spread in their estimates of the climate.

However, in experiment II, some of the information inherently lost in the proxy

recording process is recovered by combining the scientifically-motivated VS-Lite data

level model with prior information about each site’s climate. For example, noniden-

tifiability associated with the relative, standardized ring-width chronologies gets

translated into reconstructions in physical units given the process-level prior infor-

mation about the given site’s climatology. The VS-Lite data-level model also allows

for the possibility that either temperature or moisture might have been the domi-

nant control on ring width growth and hence ring-width variability. The Bayesian

“inversion” of this model adaptively combines process-level information about the

climatology and the fitted values of the climatic response thresholds (T1, T2,M1, and

M2) to overcome the source of nonidentifiability associated with the bivariate con-

trols on growth. As a result, the reconstructions using VS-Lite inform the “right”

climate variable at each site (Figures D.2 and D.3).

But does explicit representation of the nonlinear proxy formation process add

value to the climate reconstructions? More realistic data-level models should add

value by producing better estimates of reconstruction uncertainty. In the experi-

ments presented here, the empirical coverage probabilities produced with the VS-

Lite data-level model tend to be too low, while those produced with the simpler

LRF data-level are closer to the nominal coverage probabilities. That this is true

even in the pseudoproxy context, where the model is an exact representation of the

data-generation process, implies that the coverage probabilities must be skewed by

features of the process-level. Indeed, additional experiments that used the entire

reconstruction interval to calibrate the process-level model do not systematically

underestimate uncertainty in the same way, implying that the statistical process-

level model underestimates the range of climatic variability outside its calibration

interval due to climatic nonstationarity. The narrower likelihoods associated with

the VSL model compared to the LRF data-level implies that a narrower range of

climatic histories is generally consistent with a given ring-width series through the
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former data-level model. When combined with process-level models that account

for climatic nonstationarity, VS-Lite should therefore reduce the reconstruction un-

certainty at sites where it represents growth better than the LRF model.

The similarity in reconstruction skill between the two pseudoproxy reconstruc-

tions as measured in the Taylor diagrams indicates that independent, site-by-site

reconstructions of climate from tree-ring width are not improved by using a more

sophisticated and correct data-level model (Figure D.4). These pseudoproxy results

demonstrate that “data” formed by a lossy transformation of climate- even one

vastly simpler than real-world tree-ring growth- have a limited capacity to constrain

the inversion of a models with increasing degrees of freedom. This result underscores

the value of using simplified models to capture the gross features of complex scientific

processes, especially in the context of inverse problems with weak data constraints.

The plots of reconstruction skill for the observed proxy experiments (Figure D.5)

show that a more sophisticated data-level model may even compromise real-world

reconstructions. The time series of annual average summer soil moisture estimated

from the data through a VS-Lite data-level model tend to suffer more variance loss

than those estimated with the linear response function data level due to the greater

number of degrees of freedom in the model that the data need to inform.

In theory, more realistic and flexible data-level models should increasingly ben-

efit the reconstructions given increasing amounts of available data and information

to constrain them. In the case of VS-Lite, one would expect advantages relative

to the LRF data-level to derive from the former model’s capacity to switch cli-

matic controls on growth from one year to the next. This feature, which builds

in the possibility of a nonstationary proxy-climate relationship, could be useful for

reconstructing climate from ring-width series with “divergent” relationships to cli-

mate caused by nonstationary climate passing biological thresholds (Jacoby and

D’Arrigo, 1995; D’Arrigo et al, 2004; Anchukaitis et al, 2006; Carrer and Urbinati,

2006; D’Arrigo et al, 2008). However, switching in the climatic controls on modeled

growth was not observed in any of the reconstructions performed here. Given that

there was no mechanism to indicate climatic nonstationarity in either the structure
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of the process-level model nor in the data themselves, this result is unsurprising.

An expanded model integrating either multiple proxy types, or multiple tree-ring

width indices across space could leverage the switching behavior in VS-Lite for a

“divergent” chronology if the additional or neighboring proxy data indicated trends

in climate that were absent in the former series. Process-level conditioning on other

covariates, such as temperature covariance with atmospheric concentration of CO2

in the climate model of Li et al (2010), could also activate the switching behavior in

a VS-Lite data-level and allow the BHM to correctly infer climate from a divergent

series.

The limits on recoverable climatic information from indirect proxy measurements

have implications for the level of model complexity appropriate for use in Bayesian

hierarchical reconstructions of climate. A trade-off exists between model realism

and statistical identifiability. For reconstructions of local climate from a single

ring-width chronology and with a process-level model informed only by the site

climatology, a simple linear response function model appears to inform estimates of

climate as well or better than more complex, scientifically-motivated models. The

paleoclimate reconstruction problem will likely benefit most from more informative

process models that draw on shared information between proxy data across space,

multiple proxy data series, and other covariates that drive nonstationary processes.

Including more of this type of information within a Bayesian hierarchical framework

should enable reconstructions of climate to benefit from increasingly scientifically-

driven data-level models of proxy formation processes.

D.7 Conclusions

We have performed the first climate reconstructions that “invert” forward mod-

els of tree-ring width as functions of multivariate climate. The reconstructions are

represented by seasonally-resolved probability distributions whose spread represents

the combined uncertainty from the climatic and data formation processes. Single-

location reconstructions using a standard empirical linear response function model
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slightly outperform reconstructions using the nonlinear and mechanistically-based

VS-Lite model. These results suggest that assimilating more scientific informa-

tion on the proxy formation process will require more data, either from multiple

chronologies across space, multiple proxy types, or both.

D.8 Appendix: Full Conditionals and Sampling Techniques

We adopt a Gibbs-sampler approach to generating a numerical representation of the

posterior distributions. Due to the nonlinearities in the VS-Lite data-level model-

ing, both monthly temperature and soil moisture have full conditional distributions

which cannot be directly sampled, and must therefore be sampled with a Metropolis-

Hastings step. Visual inspection of trace plots of samples of the climate variables

for preliminary runs of the algorithm showed that the sampler generally tended to

mix well, and transient behavior generally faded well before the first 100 steps. We

thus ran three Markov chains of length 500 samples from different initial conditions

at each site and for each experiment, and discarded the first 100 samples of each

chain as “burn-in.” In order to check for convergence objectively, we compute the

R̂ statistic of Gelman and Rubin (1992). Heuristically, this statistic compares the

ratio of variation within each of the three chains to that across the three chains.

For MCMC that is converging well, this ratio should be close to unity. Since we

analyze the mean summer climatic conditions, we computed R̂ for both the mean

summer temperature and the mean summer soil moisture in each of the 50 years of

the simulation. We defined R̂∗ as the maximum value of the statistic R̂ over the two

variables and all 50 years, and considered the MCMC to have successfully converged

at a given site for R̂∗ < 1.1. Sites with values not falling below this threshold were

left out of the results and analysis.

Recall that the size of the data-level model noise was estimated for experiments

performed with observed data constraints. Supplementary figure D.9 shows the re-

lationship between the convergence statistic R̂∗ and the estimated data-level model

noise. The figure indicates a general tendency toward more difficulty with conver-
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gence as estimates of the data-level model noise decrease.
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Figure D.1: Schematic figure of the structure of the Bayesian hierarchical model de-
veloped in section D.3 to reconstruct monthly temperature T and moisture M from
annual tree-ring width W . Random variables are outlined in dashed boxes; fixed
variables are outlined in solid boxes. The direction of arrows shows the conditional
dependence of variables on one another in the model.
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Figure D.2: a) Posterior mean of average JJA temperature (thick red line), 90%
path-wise credible intervals (thin red lines), and target (dashed black) over all re-
construction years at a pseudoproxy site with modeled temperature-limited growth,
reconstructed with the VSL data-level model. b) As in (a), but for average JJA soil
moisture. c) Boxplot of posterior average JJA temperature for the years 1950-1960
made from 1,200 posterior realizations. d) Smoothed contour plot for the joint prior
(blue) and posterior (red) distributions of mean summer temperature and moisture
in the year 1954 at the same site.
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moisture-limited. c) As in Figure D.2, but for the years 1934-1944. d) As in Figure
D.2d, but for the year 1939.
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Figure D.4: Taylor diagram for reconstructions constrained by pseudoproxy data.
Top panel: results for reconstructed mean summer temperature compared to target.
Bottom panel: results for reconstructed mean summer soil moisture compared to
the target. Red (blue) markers show results for LRF (VSL) data-level. Radial
displacement from the origin shows the ratio of the reconstructed series standard
deviation to that of the target, angular displacement indicates the correlation of
the reconstructed series with the target series, and the radial displacement from the
reference point given by standard deviation = 1, correlation = 1 shows the ratio of
the pattern root-mean-squared difference error to the target series variance.
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Figure D.5: Taylor diagram for reconstructions as in Figure D.4, but for reconstruc-
tions constrained by observed data. Reference point (standard deviation ratio = 1;
correlation = 1) fits on plotted scale and is shown as a black cross.
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Figure D.6: Boxplots of actual versus nominal pointwise coverage intervals across all
network sites for mean summer temperature (a) and soil moisture (b) conditioned
on pseudoproxy data, and for mean summer temperature (c) and soil moisture (d)
conditioned on observed ring-width data. For each year, the empirical coverage
probabilities are given by the percentage of the sites in the network whose corre-
sponding posterior credible intervals cover the target values; the spread represented
in the boxplots is given by the spread in coverage over the 45-year validation interval.
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Figure D.7: (SUPP MAT) Maps of bias in reconstructed temperature (top two left
panels) and soil moisture (top two right panels) in the pseudoproxy experiments.
Comparative scatter plots of relative validation interval reconstruction bias for tem-
perature (bottom left panel) and moisture (bottom right panel) for the two different
data-level models.
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Figure D.8: (SUPP MAT) As in Figure D.7, except for reconstructions constrained
by observed proxy data.
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Figure D.9: (SUPPLEMENTARY) R̂∗ metric of convergence for both experiments
constrained by observed proxy data versus the size of the data-level model noise
estimated during calibration. Values of the R̂∗ statistic closer to one indicate better
model convergence. Convergence issues tend to arise for sites with small values of
the data-level model noise. The metric is not shown for 16 sites for which its value
was greater than a threshold of 1.1 in experiment III, indicating a failure of the
MCMC to converge properly in these cases.
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