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Abstract – 350 words (at 330) 24 

Better understanding and prediction of tree growth is important because of the many ecosystem 25 

services provided by forests and the uncertainty surrounding how forests will respond to 26 

anthropogenic climate change. With the ultimate goal of improving models of forest dynamics, 27 

here we construct a statistical model that combines complementary data sources – tree-ring and 28 

forest inventory data. A Bayesian hierarchical model is used to gain inference on the effects of 29 

many factors on tree growth – individual tree size, climate, biophysical conditions, stand-level 30 

competitive environment, tree-level canopy status, and forest management treatments – using 31 

both diameter at breast height (DBH) and tree-ring data.  The model consists of two multiple 32 

regression models, one each for the two data sources, linked via a constant of proportionality 33 

between coefficients that are found in parallel in the two regressions. The model was applied to a 34 

dataset developed at a single, well-studied site in the Jemez Mountains of north-central New 35 

Mexico, U. S. A. Inferences from the model included positive effects of seasonal precipitation, 36 

wetness index, and height ratio, and negative effects of seasonal temperature, southerly aspect 37 

and radiation, and plot basal area. Climatic effects inferred by the model compared well to 38 

results from a dendroclimatic analysis. Combining the two data sources did not lead to higher 39 

predictive accuracy (using the leave-one-out information criterion, LOOIC), either when there 40 

was a large number of increment cores (129) or under a reduced data scenario of 15 increment 41 

cores. However, there was a clear advantage, in terms of parameter estimates, to the use of both 42 

data sources under the reduced data scenario: DBH remeasurement data for ~500 trees 43 

substantially reduced uncertainty about non-climate fixed effects on radial increments. We 44 

discuss the kinds of research questions that might be addressed when the high-resolution 45 

information on climate effects contained in tree rings are combined with the rich metadata on 46 
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tree- and stand-level conditions found in forest inventories, including carbon accounting and 47 

projection of tree growth and forest dynamics under future climate scenarios.  48 

 49 

Keywords: climate, competition, data assimilation, dendrochronology, forest inventory, 50 

hierarchical Bayesian model, tree-ring data, tree growth  51 
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Introduction 53 

Improved understanding and prediction of tree growth is important because of the many 54 

ecosystem services provided by forests – global climate regulation via carbon sequestration, 55 

provisioning of drinking water, flood regulation, erosion control – in addition to the habitat they 56 

provide for many species (i.e., supporting biodiversity). Climate change is expected to change 57 

the geographic distribution of the forest biome, with uncertain consequences with respect to 58 

these ecosystem services (Bonan et al. 2008, Fettig et al. 2013). For example, a matter of great 59 

scientific uncertainty is whether forests will continue to be a carbon sink (sequestering ~25% of 60 

anthropogenic carbon emissions; Friedlingstein et al. 2010, Pan et al. 2011) or become a carbon 61 

source in the future (Kurz et al. 2008, Luo et al. 2015). Forests in interior western North America 62 

may be at the leading edge of this change – with documented large-scale mortality events driven 63 

by warm drought, insect outbreaks, and increasingly large and severe fires (Allen et al. 2010, 64 

Falk 2013, Fettig et al. 2013, Williams et al. 2013, Allen et al. 2015, Millar and Stephenson 65 

2015) – and they are predicted to be especially vulnerable to the climate change projected over 66 

the course of the 21st century. One model (Jiang et al. 2013) projects a loss of 50% of the needle-67 

leaf evergreen forest in the western United States. Williams et al. (2013) projected that by the 68 

2050’s, average forest drought stress in the southwestern U. S. will be more severe than the most 69 

severe drought conditions of the last 1,000 years. Charney et al. (2016) projected reduced growth 70 

of up to 70% for interior western North American trees in the second half of the 21st century 71 

compared to the first half of the 20th century.  72 

These projections (and others; Rehfeldt et al. 2006 Coops and Waring 2011, Notaro et al. 73 

2012) derive from a diversity data sources and/or modeling approaches, including dynamic 74 

vegetation models, tree-ring data, species distribution models, and physiological models, each of 75 
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which has some inherent limitations (McMahon et al. 2011, Bellard et al. 2012, Bowman et al. 76 

2013, Friend et al. 2014).  More reliable prediction and greater insight into the complex of 77 

factors that influence individual tree growth could be gained by using multiple sources of data 78 

together, with complementary information or sampling design (Evans et al. 2016). Here, we 79 

focus on combining tree-ring and forest inventory data, two powerful and complementary data 80 

sources. Tree-ring data have annual resolution and decadal- to centennial-length records, which 81 

provides considerable information on the influence of climate on tree growth. However, 82 

sampling has traditionally been biased towards the most climate-sensitive individuals (for the 83 

purpose of reconstruction of past climates), metadata on tree size and stand characteristics are 84 

usually missing, and spatial replication is relatively limited (Babst et al. 2014a). National forest 85 

inventory programs, such as the U. S. Forest Service’s Forest Inventory and Analysis (FIA; 86 

Gillespie et al. 1999), are spatially comprehensive and unbiased with respect to tree size, 87 

providing rich forest structure information at the tree and stand level, but in the western U. S., 88 

censuses of individual tree growth (“remeasurement”) are conducted on average once every 10 89 

years.   90 

Precedents for using tree-ring and forest inventory data in parallel or in combination were 91 

set by Biondi (1999) and Clark et al. (2007). Biondi (1999) analyzed tree-ring and diameter at 92 

breast height (DBH) remeasurement data in parallel at the Gus Pearson Research Natural Area in 93 

northern Arizona, to better understand how fire suppression and subsequent high-density 94 

recruitment affected the growth of large trees. Clark et al. (2007) laid the groundwork for formal 95 

statistical fusion of tree-ring and forest inventory data using a hidden process model, in which 96 

the two data types were treated as observations (with error) of the true, underlying (hidden) 97 

process of individual tree growth. Thus the model consisted of two measurement error models 98 
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and a process model.  However, their process model did not include fixed effects: tree growth 99 

was modeled as a function of year random effects and individual random effects. Individual tree 100 

growth is known to be influenced by many factors, including first and foremost tree size, 101 

followed by a suite of other factors varying at either the tree-level or the stand- (or site-) level, 102 

such as stand basal area, various aspects of climate in multiple months or seasons, disturbances, 103 

substrate, etc. (Cook and Briffa 1990, Paine et al. 2011, Bowman et al. 2012). In other words, the 104 

problem of understanding individual tree growth is a complex one. 105 

Here we develop a hierarchical Bayesian model that can infer the influence of many 106 

factors on individual tree growth, relying on a combination of tree-ring and forest inventory-type 107 

(diameter remeasurement) data at once.  Hierarchical Bayesian modeling is appropriate for the 108 

task because it allows one to formally combine information from multiple data sources, while 109 

accommodating complexity and scale (Clark 2005). In this application specifically, it allows us 110 

to tailor a statistical model to the structure of the data, including the different levels (tree- vs. 111 

stand-) at which predictors are available, and the nature of the relationship between the two types 112 

of observations. Further, hierarchical Bayesian modeling allows us to examine variation in radial 113 

and diameter increments in terms of conditional probabilities – e.g., the influence of climate 114 

conditional upon tree size. We develop this model at a single exceptionally well-studied site, 115 

where much is known about the history of disturbance, forest management, climate limitations, 116 

phenology, substrate, etc. This well-studied site provides the opportunity to unravel a complex 117 

multiple regression model problem with confidence. We test hypotheses about the factors 118 

influencing individual tree growth using a multiple regression approach, with several main 119 

effects, expected nonlinearities, and potential interactions among factors, to evaluate the 120 
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hypotheses that growth is influenced by tree size, climate, biophysical setting, and stand 121 

conditions. 122 

 123 

Methods 124 

Study Site 125 

Data were collected in the Monument Canyon Research Natural Area (RNA), in the Jemez 126 

Mountains of north-central New Mexico, USA (35.8° N, 106.6° W). The site was established as 127 

one of the earliest RNAs in the region (1935), and was thus protected from land uses such as 128 

logging or livestock grazing (Swetnam et al. 2015). Fire was excluded from the RNA and the 129 

surrounding landscape for most of the 20th century, which represents a significant deviation from 130 

the historical regime of high frequency-low intensity fire (Falk 2006, Falk et al. 2007). An 8×9 131 

grid of 0.25-ha 50×50 m plots, centered 500 m apart, was established in 1999 and 2000 132 

(described in Falk 2004, Farris et al. 2013). Fifteen of these plots were included in the present 133 

study, ranging in elevation from 2520-2590 m, with forest types ranging from essentially pure 134 

Pinus ponderosa to dry mixed conifer stands. These plots vary with respect to substrate, slope, 135 

aspect (Table 1), and other variables. Twentieth century fire suppression led to overly dense 136 

forest, particularly on pumice-derived soils, such that a combined thinning (2006) and prescribed 137 

fire (2012) treatment was applied to restore forest structure. Our sample included 3 plots that 138 

experienced these treatments, one on each of the three substrate types present (tuff, pumice, and 139 

alluvium; Table 1). The site is characterized by cool winters and warm summers (mean January 140 

and July temperatures for the period 1982-2013 were -2.1°C and 17.9°C, respectively), with wet 141 

winters (mean November-March total precipitation = 202 mm) and peak precipitation in July and 142 
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August (mean total precipitation = 164 mm) associated with the North American monsoon 143 

(Figure 1). 144 

Growth increment data 145 

At the time of plot establishment, all individuals of Pinus ponderosa >25 cm diameter at breast 146 

height (DBH) were tagged and measured (>20 cm DBH threshold for all other species, including 147 

Abies concolor, Pinus flexilis, and Pseudotsuga menziesii). In a 10×10 m subplot, all trees 148 

(regardless of size) were tagged and measured at breast height. In February and April of 2015, a 149 

second measurement of DBH, and first measurement of height (in m, by laser hypsometer) was 150 

collected from every tagged tree, thus capturing growth up to the end of the 2014 growth season 151 

(and not the 2015 growth season). Short increment cores were collected from ~10 trees per plot, 152 

randomly chosen within four size classes (0-20 cm, 20-35 cm, 35-50 cm, and 50+ cm DBH), 153 

irrespective of species identity. These samples were prepared following standard 154 

dendrochronological methods (Speer 2010). They were then crossdated visually referencing a 155 

chronology developed at Banco Bonito (Farella 2015); annual ring dating accuracy was verified 156 

using the program COFECHA (Holmes 1983). Annual ring widths were then measured to the 157 

nearest μm, for the period 1950 to 2014, on a sliding stage micrometer. The majority of the data 158 

were derived from samples of Pinus ponderosa (87% of increment cores, 81% of DBH 159 

measurements), with limited representation of Abies concolor, Pinus flexilis, and Pseudotsuga 160 

menziesii (7%, 5%, 1% of increment cores and 10%, 4%, and 5% of DBH measurements, 161 

respectively). 162 

Covariate Data 163 
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Tree-level predictors of radial and diameter growth increments included size (basal area at the 164 

time of the first DBH measurement, either 1999 or 2000) and height ratio (the ratio of a given 165 

tree’s height compared to the tallest tree on the same plot in 2015). Plot-level predictors included 166 

plot basal area at the time of the first DBH measurement, disturbance history (thinning and 167 

prescribed fire; Table 1), and several GIS-derived biophysical variables (substrate, slope, aspect, 168 

annual radiation, and a wetness index following Boehner et al. 2002). Plot basal area was 169 

calculated by converting DBH data for each tree to basal area (𝐵𝐴 = 𝜋((
𝐷𝐵𝐻

2
)

2

). Total BA of 170 

large trees (those above the 20 cm DBH threshold for all species but Pinus ponderosa, above the 171 

25 cm DBH threshold for Pinus ponderosa, censused in the 50×50 plot) was multiplied by 4 to 172 

convert to a per-hectare basis.  Total BA of small trees (below species-specific size thresholds, 173 

censused in the 10×10m inner plot) was multiplied by 100 to convert to a per-hectare basis. The 174 

two were summed and expressed in units of m2 ha-1. Plot basal area ranged from 13.43 to 56.93 175 

m2 ha-1 among the 15 plots (Table 1). Time series of monthly mean and maximum temperature 176 

(˚C), and precipitation (mm) were derived from 4 km-resolution AN81m PRISM data (Jan 1982-177 

Dec 2013; PRISM Climate Group, Oregon State University, http://prism.oregonstate.edu).  All 178 

plots had the same climate data; i.e., they all fall in the same PRISM cell.  Vapor pressure deficit 179 

(VPD) data were derived from Climate Research Unit (CRU) 3.21 products, as saturated minus 180 

actual vapor pressure (in hectopascals). All covariate data were centered and scaled (to a mean of 181 

zero and a standard deviation of 1.0), so that the magnitude of their effects could be compared. 182 

Dendroclimatic Analysis 183 

We conducted a dendroclimatic analysis of the tree-ring data, for comparison against the 184 

Bayesian multiple regression approach. In tree-ring studies, low-frequency variation in the 185 

absolute value of radial increments are removed (i.e., the long-term reduction in radial increment 186 
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that results from increasing diameter over time), a procedure known as “detrending” (Speer 187 

2010). We used a cubic smoothing spline with a 50% frequency cutoff response at 10 years to 188 

detrend the tree-level measurement series (function detrend, R package dplR, Bunn 2008, 2010). 189 

This retained annual to decadal growth variability in the data while removing longer-term 190 

trends. A pre-whitened, site-level mean chronology was calculated from the total pool of 148 191 

detrended series using a bi-weight robust mean (function chron {dlpR}; Bunn 2008). Monthly 192 

correlation and response functions were calculated using the function dcc in the R package 193 

treeclim (Zang and Biondi 2015). Correlations were pairwise (univariate) Pearson’s correlations 194 

between the site-level chronology and monthly PRISM climate data spanning a 16-month 195 

window from the previous year’s May to the current year’s August.  Response functions use a 196 

principal components regression approach (Biondi and Waikul 2004, Zang and Biondi 2015) to 197 

examine drivers of tree-ring index variation while accounting for collinearity among climate 198 

variables.  199 

Bayesian fusion 200 

The hierarchical model comprised two regressions, predicting radial increment and diameter 201 

increment, respectively, constrained via a constant of proportionality between regression 202 

parameters on fixed effects common to both regressions.  Motivating this design is the constant 203 

of proportionality between the two data types: two times the radial increment is the diameter 204 

increment in a single year (setting aside sources of error in both measurements). Thus we expect 205 

a constant of proportionality between (for example) the effect of plot-level radiation on annual 206 

radial increment vs. 10-year diameter increment. The shared fixed effects linking the two 207 

regressions together included two tree-level variables (tree size and height ratio) and five plot-208 
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level variables (radiation, slope, aspect, wetness index, and plot basal area; Table 2). In the 209 

following, we detail each regression in turn, and then the connection between them. 210 

The tree-ring submodel was a multivariate normal Gaussian process model, which 211 

accounts explicitly for autocorrelation in the residuals εt, i.e., lag effects in the time series of 212 

radial increments (r.inc) caused by, for example, physiological carry-over in resources that affect 213 

tree growth. Two tree-level predictors were included (according to the individual tree index i): 214 

tree size (S, basal area at the time of the first DBH census) and height ratio (HR; Table 2). Plot-215 

level fixed effects were radiation, slope, aspect, wetness index, and plot basal area (rad, slope, 216 

asp, wet, and PBA, respectively, using the plot index j). Because monthly mean vs. maximum 217 

temperature vs. vapor pressure deficit were strongly collinear (Supplementary Figure 1a), and 218 

tree responses to these variables were similar (compare Figure 2a to Supplementary Figure 1b), 219 

we included monthly mean temperatures (vector T, with the year index t), along with monthly 220 

total precipitation (vector P), as predictors in the model. Plot random effects (𝜖. 𝑝𝑗), normally 221 

distributed with a prior mean of zero and variance σ.p2(the latter estimated from the data), were 222 

included to account for variation not captured by the plot-level fixed effects, for example, 223 

substrate that is known to vary among the plots (Table 1). Individual random effects (𝜖. 𝑖𝑖), 224 

normally distributed with a prior mean of zero and variance σ.i2, were also included. Residual 225 

variation (εt ) was modeled as multivariate normally-distributed, with a mean of zero and 226 

variance-covariance matrix Σ𝑚𝑛, where m and n refer to years, each ranging from one to 32, thus 227 

Σ𝑚𝑛 has dimensions 32×32. The full tree-ring (r.incijt) submodel is expressed as: 228 

𝑟. 𝑖𝑛𝑐𝑖𝑗𝑡 = 𝛽0.𝑟 + 𝛽𝑆.𝑟𝑆𝑖 + 𝛽𝑆.2.𝑟𝑆𝑖
2 + 𝛽𝐻𝑅.𝑟𝐻𝑅𝑖 + 𝛽𝑃𝐵𝐴.𝑟𝑃𝐵𝐴𝑗 + 𝛽𝑟𝑎𝑑.𝑟𝑟𝑎𝑑𝑗 + 𝛽𝑠𝑙𝑜𝑝𝑒.𝑟𝑠𝑙𝑜𝑝𝑒𝑗229 

+ 𝛽𝑎𝑠𝑝.𝑟𝑎𝑠𝑝𝑗 + 𝛽𝑤𝑒𝑡.𝑟𝑤𝑒𝑡𝑗 + 𝜷𝒑.𝒓𝑷𝒋𝒕 + 𝜷𝒕.𝒓𝑻𝒋𝒕 + 𝜖. 𝑝𝑗 + 𝜖. 𝑖𝑖 + 𝜖𝑡 230 
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𝜖. 𝑝𝑗~𝑁(0, 𝜎. 𝑝2) 231 

𝜖. 𝑖𝑖~𝑁(0, 𝜎. 𝑖2) 232 

𝜎. 𝑖2~𝑁(0,1)𝐼(0, ) 233 

𝜎. 𝑝2~𝑁(0,1)𝐼(0, ) 234 

𝜖𝑡~𝑀𝑉𝑁(0, Σ) 235 

Σ𝑚𝑛 = {
𝜂2𝑒−𝜌2(𝑖−𝑗)2

, 𝑚 ≠ 𝑛

𝜂2 + 𝜎2
 236 

𝜎2~𝑁(0,1)𝐼(0, ) 237 

𝜂2~𝑁(0,1)𝐼(0, ) 238 

1

𝜌2
~𝑁(0,1)𝐼(0, ) 239 

Where the parameter η is within-year residual variation, and the parameter ρ is the rate at which 240 

covariance (among years) decays.  241 

The diameter increment (d.incijkt) submodel assumes a normally-distributed response, 242 

with the same tree-level and plot-level fixed and random effects as above, with the exception that 243 

thinning+prescribed fire (thin.firej) was included as a plot-level indicator variable (Table 2), 244 

there were no individual random effects, and there were species random effects (normally 245 

distributed with a prior mean of zero and variance σ.s2, indicated by the index k). No climate 246 

predictors were included, since 4 km-resolution PRISM climate data did not vary among the 247 

plots, and there was only one measurement of diameter increment per tree.  248 
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𝑑. 𝑖𝑛𝑐𝑖𝑗𝑘𝑡 = 𝛽0.𝑑 + 𝛽𝑆.𝑑𝑆𝑖 + 𝛽𝑆.2.𝑑𝑆𝑖
2 + 𝛽𝐻𝑅.𝑑𝐻𝑅𝑖 + 𝛽𝑃𝐵𝐴.𝑑𝑃𝐵𝐴𝑗 + 𝛽𝑟𝑎𝑑.𝑑𝑟𝑎𝑑𝑗 + 𝛽𝑠𝑙𝑜𝑝𝑒.𝑑𝑠𝑙𝑜𝑝𝑒𝑗249 

+ 𝛽𝑎𝑠𝑝.𝑑𝑎𝑠𝑝𝑗 + 𝛽𝑤𝑒𝑡.𝑑𝑤𝑒𝑡𝑗 + 𝛽𝑡ℎ𝑖𝑛.𝑓𝑖𝑟𝑒𝑡ℎ𝑖𝑛. 𝑓𝑖𝑟𝑒𝑗 + 𝜖. 𝑝𝑗 + 𝜖. 𝑠𝑘 + 𝜖 250 

𝜖. 𝑝𝑗~𝑁(0, 𝜎. 𝑝𝑗
2) 251 

𝜖. 𝑠𝑘~𝑁(0, 𝜎. 𝑠𝑘
2) 252 

𝜖~𝑁(0, 𝜎2) 253 

𝜎2~𝑁(0,1)𝐼(0, ) 254 

𝜎. 𝑝𝑗
2~𝑁(0,1)𝐼(0, ) 255 

𝜎. 𝑠𝑘
2~𝑁(0,1)𝐼(0, ) 256 

The two regressions were coupled via a constant of proportionality (α) between shared fixed 257 

effects: 258 

 𝛽𝑆.𝑟 = 𝛼𝛽𝑆.𝑑; 𝛽𝑆2.𝑟 = 𝛼𝛽𝑆2.𝑑; 𝛽𝐻𝑅.𝑟 = 𝛼𝛽𝐻𝑅.𝑑;  𝛽𝑃𝐵𝐴.𝑟 = 𝛼𝛽𝑃𝐵𝐴.𝑑;  𝛽𝑟𝑎𝑑.𝑟 = 𝛼𝛽𝑟𝑎𝑑.𝑑; 𝛽𝑠𝑙𝑜𝑝𝑒.𝑟 =259 

𝛼𝛽𝑠𝑙𝑜𝑝𝑒.𝑑;  𝛽𝑎𝑠𝑝.𝑟 = 𝛼𝛽𝑎𝑠𝑝.𝑑;  𝛽𝑤𝑒𝑡.𝑟 = 𝛼𝛽𝑤𝑒𝑡.𝑑 260 

Prior distributions for the regression coefficients were normal with mean of zero and variance of 261 

1.0. The prior for α was a positive half-normal, with a prior standard deviation of √2. The model 262 

was built and executed in R and stan (package rstan; Gelman et al. 2015). Markov chain Monte 263 

Carlo (MCMC) simulations consisted of four chains run for 2500 iterations, with the first 1250 264 

steps removed as burn-in.  MCMC output was not thinned, leading to 5,000 post-burn-in samples 265 

per model parameter. Convergence among chains was evaluated using the �̂� statistic (Gelman 266 

and Rubin 1992); for all model parameters, 0.99 > �̂� < 1.01, indicating good mixing of the 267 

chains. 268 
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To compare our multiple regression model (which does not detrend the radial increments) 269 

against the dendroclimatic analysis, we first analyzed the radial and diameter increment data 270 

using a model that included monthly climate variables (vectors in Equation 1 above). Climate 271 

data in a 12-month window from September of the previous year to August of the current year 272 

were used to predict tree growth, because the Gaussian process model of radial increments 273 

accounts for lag effects caused by climatic conditions in years t-1, t-2, etc. Correlations among 274 

the 24 monthly climate variables (12 months of mean temperature and precipitation) were 275 

generally low (Supplemental Figure 2a); only 6% of pairwise Pearson’s correlations exceed an 276 

absolute value of 0.50 (excluding correlations of 1.0 on the main diagonal of the correlation 277 

matrix), suggesting that multicollinearity should not affect model stability. Principal components 278 

analysis of the monthly climate time series data shows little clustering, with only 42.2% of the 279 

total variance explained by the first 3 principle component axes (Supplemental Figure 2b).  280 

We then formed a second model of reduced complexity – i.e., four seasonally aggregated 281 

climate variables – and investigated interaction effects of a priori interest. The seasonal variables 282 

were formed based on the dendroclimatic analysis, which identified climate in certain seasons as 283 

limiting tree growth (see Results), and the literature suggesting a general climate response of tree 284 

growth across the southwestern and interior western U. S. (Littell et al. 2008, Chen et al. 2010, 285 

Williams et al. 2013, Dannenberg and Wise 2016). The four seasonal variables were warm 286 

season (previous September and October plus the current April-August) mean temperature and 287 

cumulative precipitation and cool season (previous November to current March) mean 288 

temperature and cumulative precipitation. The warm season months are when drought stress is 289 

most likely to occur, whereas the cool season months are when repeated frontal storms promote 290 

deep soil infiltration, fueling early season tree growth (citations). These seasonal variables are 291 
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significantly correlated (Supplemental Figure 2c), although below the threshold value of |r|= 0.70 292 

that is commonly considered problematic (Dormann et al. 2013). To verify model stability (in the 293 

face of collinearity between seasonal climate variables), we formed a variety of simpler vs. more 294 

complex multiple regression models, as well as splitting the data in half (randomly) and running 295 

the model on each half of the data, and examined the stability of parameter estimates. 296 

In this second model, we tested the interaction between plot basal area and climate, i.e., 297 

two forms of stress, competition and climate, that are expected to exacerbate one another, such 298 

that individual tree growth should be more greatly reduced by climate stress (high temperature, 299 

low precipitation) if a tree is in a high density stand than a low density stand. We also tested 300 

interactions between climate and height ratio (i.e., tree status in the canopy, relative to 301 

neighbors), and between climate and tree size (basal area at the time of the first census).  302 

Model comparison 303 

To evaluate whether a model that combines tree-ring and DBH data together outperforms 304 

separate models, we used a leave-one-out (LOO) cross-validation procedure. The principle of 305 

LOO cross-validation is to evaluate the log-likelihood of a single data point that was not 306 

included in parameter estimation, and repeat this for each data point, yielding an estimate of 307 

overall model out-of-sample predictive accuracy. LOO log-likelihoods of the tree-ring and DBH 308 

data were compared between the model described above, in which tree-ring and DBH submodels 309 

were coupled via the constant of proportionality α (“coupled”), vs. the case where they were 310 

uncoupled from one another (i.e., separate regressions; “uncoupled”). Similar to Akaike’s 311 

information criterion (AIC), a lower expected log pointwise predictive density (elpd) indicates 312 

better predictive accuracy; the standard error of the difference in elpd between two models can 313 

be used to assess whether one model has demonstrably better out-of-sample predictive 314 
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performance than another (Vehtari et al. 2016). This LOO comparison was made using the R 315 

package loo, which implements Pareto smoothed importance sampling, and conveniently takes 316 

as input MCMC simulation draws from a stan model (Vehtari et al. 2016). 317 

Reduced Data Scenario 318 

The dataset we developed was exceptionally rich with respect to increment cores (129 in a small 319 

area). In order to better gauge the value of combining the two data sources (tree-ring and DBH 320 

remeasurement), we created a more realistic data scenario in which the number of increment 321 

cores was dwarfed by forest inventory-type data. We randomly sampled a single increment core 322 

from each of the 15 plots, then reran the coupled and uncoupled models (“model 1”, with 24 323 

climate variables and no interaction effects), and evaluated a) the performance of the coupled vs. 324 

uncoupled models (in terms of LOOIC) and b) the posterior distributions of effects.   325 

 326 

Results 327 

Dendroclimatic Analysis 328 

Detrended radial increments were negatively correlated with temperature in the preceding 329 

September-November and current year April-July, and positively correlated with precipitation in 330 

similar months (Figure 2a), indicating that tree growth is precipitation-limited at this site. This is 331 

a typical climate signal for tree growth in the southwestern U. S. (Williams et al. 2013). 332 

Correlations between growth and a) maximum temperature or b) vapor pressure deficit were very 333 

similar to the correlations with mean temperature (compare Supplementary Figure 1b to Figure 334 

2a). The response function also indicates that growth is positively sensitive to precipitation and 335 
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(to a lesser degree) negatively sensitive to temperature, although these effects are not significant 336 

based on bootstrapping of a 30-year time series (Figure 2b). 337 

Bayesian fusion 338 

The Bayesian multiple regression model that included 24 monthly climate variables inferred 339 

univariate associations very similar to the dendroclimatic analysis: positive effects of 340 

precipitation and negative effects of temperature, especially at the end of the previous year’s 341 

growing season and the beginning of the current year’s growing season (compare Figure 3a to 342 

Figure 2a).  Partial regression coefficients, which account for the effects of the other 23 climate 343 

variables and correlations with them (Figure 3b) were similar to the dendroclimatic response 344 

function (Figure 2b) in that they consistently showed strong positive effects of precipitation vs. 345 

weaker effects of temperature, including both negative and positive temperature effects. 346 

Of all the factors in this model, including the 24 climate variables, tree size had the strongest 347 

effect on radial and diameter increments: growth increments declined with tree size, but this 348 

slowed with increasing size (negative and positive first-order and second-order terms, 349 

respectively; Figure 4). Height ratio had a positive effect on growth increments, and plot basal 350 

area had a negative effect (Figure 4). Aspect had a negative effect on growth, as did radiation, 351 

whereas the wetness index had a positive effect (Figure 4). The effect of slope on diameter and 352 

radial increments was indistinguishable from zero. The effect of canopy removal (thinning 353 

followed by fire) on diameter increments was relatively large (the second largest effect by 354 

magnitude, after the effect of size), but the posterior distribution of this effect overlaps zero 355 

considerably. Investigation of the interaction between thinning+fire and substrate, via plot 356 

random effects, showed that growth was somewhat elevated in plots on a) pumice and alluvium 357 

soils that experienced thinning and prescribed fire, compared to b) thinned and burned plots on 358 
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tuff soils and c) plots that were not thinned and burned (Figure 5), consistent with the fact that 359 

Pueblo farmers in the area are known to have focused their attention on pumice soils for their 360 

productivity (Gauthier et al 2007). 361 

Seasonally-defined precipitation effects on growth were positive and temperature effects 362 

negative. Cool and warm season precipitation had the strongest effects on tree growth. Warm 363 

season temperature had a weaker but non-zero effect on growth. Cool season temperature did not 364 

affect growth. Other main effects were as before: size and size2 had negative and positive effects, 365 

respectively, height ratio had a positive effect, plot basal area had a negative effect, aspect and 366 

radiation had negative effects, wetness had a positive effect, and slope did not consistently affect 367 

growth (the effect of thinning+fire was not tested, since this effect proved indistinguishable from 368 

zero in the model with 24 monthly climate variables). Interaction effects between seasonal 369 

climate variables and tree size, plot basal area, as well as height ratio were indistinguishable 370 

from zero.  371 

Model Comparison 372 

The difference in LOO log-likelihoods of radial increments between the coupled and uncoupled 373 

models was 0.31 (standard error of 2.41), indicating that the out-of-sample predictive 374 

performance of the two models was indistinguishable with these data (model 1, with 24 climate 375 

variables and no interaction effects). The same was true with respect to the diameter increments: 376 

the difference between LOO log-likelihoods (coupled-uncoupled) was 0.11 (se = 1.62). 377 

Reduced Data Scenario 378 

The coupled and uncoupled models were also statistically indistinguishable from one another 379 

when only 15 increment cores were analyzed (rather than 129): the difference between LOO log-380 
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likelihoods (coupled-uncoupled) was 0.38 (se = 0.65) for the radial increments (tree-ring data) 381 

and -0.15 (se = 0.52) for the diameter increments (DBH data). Posterior distributions of climate 382 

effects (partial regression coefficients) were noticeably broader under the reduced data scenario 383 

(Figure 3d), as expected, since only the tree-ring data inform estimates of climate effects.  The 384 

same was true of non-climate fixed effects estimated from the tree-ring data, under the 385 

uncoupled model (Figure 4b). In contrast, under the coupled model, posterior distributions of 386 

non-climate effects on radial growth were similar (mean and variance) to what was obtained 387 

using the much larger sample of increment cores (Figure 4c). 388 

 389 

Discussion 390 

The Bayesian hierarchical model that we present is capable of taking advantage of the strengths 391 

of two widely available and complementary data sources – tree-ring and forest inventory – to 392 

estimate the influence of many factors on tree growth. That is, the model formally combines the 393 

two data sources, and accommodates the complexity of individual tree growth, including 394 

influences at multiple scales (tree-level and stand-level) that jointly result in variation in growth 395 

among individual trees. The results from this proof-of-concept analysis confirm several 396 

expectations about tree growth at a single, well-studied site. That is, the primary influence on 397 

growth increments is tree size, followed by a negative effect of plot basal area and positive effect 398 

of height ratio, as well as a suite of effects consistent with precipitation-limited tree growth – 399 

negative effects of radiation, aspect, and average temperature, combined with positive effects of 400 

a wetness index and cumulative precipitation (Figures 3 and 4). 401 
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That tree size had the strongest effect on radial and diameter growth increments is not 402 

surprising – this is, first and foremost, the effect of geometry. Given a certain amount of 403 

photosynthate (biomass) produced by a tree, with increasing basal area each year, the new 404 

biomass is spread out over a larger and larger circumference. The result is a negative effect of 405 

basal area on radial and diameter increments, weakening with increasing size (negative and 406 

positive first-order and second-order terms, respectively; Figure 4). Tree-ring data have 407 

traditionally been detrended (or “standardized”) to remove low-frequency variation in radial 408 

increments caused by changing tree size or, importantly, changes in stand conditions (an issue 409 

we return to below).  This practice is problematic because it removes low-frequency variation 410 

regardless of the cause, be it the increasing size of the tree or long-term trends in temperature (or 411 

other global change factors). We offer an alternative approach to modeling tree-ring data, noting 412 

that it depends on knowledge of the absolute size of the tree (e.g., DBH) for at least one point in 413 

time (e.g., when the increment core was collected), and preferably, also stand basal area or some 414 

other measure of stocking density. 415 

Climatic influences on growth detected by the Bayesian multiple regression model were 416 

very similar to results from a dendroclimatic analysis, in terms of tree response and its 417 

seasonality (Figure 2a vs. Figure 3a). We note that the error bars in Figure 2a are not directly 418 

comparable to error bars in Figure 3a, because the former was created by bootstrapping a 30-year 419 

time series of climate data with respect to a single site-level chronology (Zang and Biondi 2015), 420 

whereas the latter indicate Bayesian credible intervals of fixed effects in a multiple regression 421 

model (which includes factors not in the dendroclimatic analysis: non-climatic fixed effects, plot 422 

random effects, etc.). The results from these two approaches were also broadly similar with 423 

respect to analyses that take into account correlations between climate variables (Figure 2b and 424 
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3b), although they differ in details, which is not surprising given that they are derived from 425 

different methods (principal components regression of detrended data vs. a hierarchical multiple 426 

regression of raw data). When seasonal climate variables were included in the Bayesian model, 427 

the magnitude of climate effects were (in decreasing order): precipitation (cool and warm 428 

season), followed by warm season temperature. The effect of cool season temperature did not 429 

differ from zero.  430 

The estimated effect of thinning followed by prescribed fire on diameter increments was 431 

positive and large - a posterior mean of 0.291 (see horizontal line, Figure 4a). But this effect was 432 

not distinguishable from zero (standard deviation of 0.217), either because of parameter 433 

uncertainty or process variability (or both). Our ability to detect any effect of canopy removal on 434 

diameter increments was compromised by the fact that the treatments (thinning in 2006, 435 

prescribed fire in 2012) occurred part-way through the remeasurement interval (starting in either 436 

year 1999 or 2000 and ending in year 2014); thus only a fraction of the observed diameter 437 

increment in a given tree reflects this treatment. Process variability might arise with respect to 438 

the effect of prescribed fire, since individual trees can have either a positive or negative response 439 

to fire: positive if they are not damaged by fire and fire removes competitors, but negative (at 440 

least in the short term) if fire does incur significant damage.  441 

Interaction effects between individual tree size and seasonal climate variables were not 442 

significant.  Keeping in mind that our sampling design targeted trees above a fairly large size 443 

threshold (>25 cm DBH for Pinus ponderosa), we still might have expected the largest trees in 444 

our sample to be more negatively impacted by climate stress than smaller (but still moderately-445 

sized) trees (McDowell and Allen 2015, Rollinson et al. 2016), but we did not detect such an 446 

effect. The empirical literature on interactions between size and climate effects is mixed, with 447 
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some studies showing significant interaction effects and others not (Chhin et al. 2008, Carnwath 448 

et al. 2012, Nehrbass-Ahles et al. 2014). We also would have expected competition and climate 449 

stress to interact. Existing literature suggests that thinning can mitigate drought stress (Laurent et 450 

al. 2003, Klos et al. 2009, D’Amato et al. 2013, Magruder et al. 2013, Rollinson et al. 2016). We 451 

see a need for further investigation of climate sensitivity across tree sizes and stand conditions. 452 

Estimates of effects from the tree-ring data vs. DBH data were consistent with one 453 

another, even based on the uncoupled model, in which the parallel fixed effects (βS.r vs. βS.d, βHR.r 454 

vs. βHR.d) were free to differ (Figure 4a). That is, the two data sources do not tell different stories 455 

about (the sign or magnitude of) effects on tree growth. Tree rings are arguably the better data 456 

source, because of their annual resolution and temporal depth, but they are expensive to develop, 457 

especially in places where false rings and missing rings make cross-dating an essential part of 458 

sample processing. This makes the idea of combing the two data sources appealing, i.e., 459 

combining few tree-ring data with more forest inventory data. Model comparison showed no 460 

advantage to fusing the two data types together, in terms of the leave-one-out information 461 

criterion (LOOIC), either when a very large sample of increment cores was used (n = 129), or 462 

when a much reduced sample size was used (n = 15 increment cores). However, there was a clear 463 

advantage to the combined use of the two data sets (i.e., the “coupled” model) in terms of 464 

posterior estimates of non-climate effects (size, plot basal area, height ratio, radiation, 465 

topographic wetness index), when there were few increment cores and many DBH 466 

remeasurements.  Estimates of the non-climate fixed effects were poor (overlapped zero) from 467 

the tree-ring data when the uncoupled model was used on a reduced tree-ring data set (Figure 468 

4b), but when the estimates of effects from the two data sources were coupled to one another, the 469 

posterior distributions of non-climate effects were forced to resemble one another (tree-ring vs. 470 
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DBH data, Figure 4c), thus the coupled model was able to "borrow strength" from the rich DBH 471 

data, and reduce uncertainty about shared fixed effects substantially (Figure 4c compared to 4b). 472 

The performance of our Bayesian fusion model under a data scenario where strength can be 473 

borrowed across tree-ring vs. forest inventory data with respect to climate effects is a target of 474 

further investigation.  475 

In this analysis, we treated tree size and proxies for competition (plot basal area, height 476 

ratio) as invariant, when in fact we know that they evolve over time.  In spite of this, we found 477 

reasonable, significant (non-zero) effects of these predictors, likely because we analyzed 478 

relatively short time series of growth increment data (32 years). To better take advantage of the 479 

long time series provided by tree-ring data, it will be necessary to treat tree size and stand 480 

conditions as dynamic. The former problem (changing tree size) is relatively easy to solve, 481 

especially if a pith date is known (and see the hidden process model approach of Clark et al. 482 

2007).  The second problem, sometimes referred to as the “ghost of competition past” or the 483 

“fading record”, is more challenging.  It would require the marriage of a model of stand 484 

dynamics (e.g., twigs, FVS) with a model of individual tree growth, to properly account for both 485 

tree-level and stand-level influences on tree growth across decades of forest development. 486 

As new uses for tree-ring data emerge, beyond the traditional dendroclimatic emphasis, 487 

including carbon accounting (Babst et al. 2014a,b, Klesse et al. 2016, Dye et al. 2016), projection 488 

of future tree growth (Chen et al. 2010, Williams et al. 2013, Charney et al. 2016), and projection 489 

of forest dynamics under climate scenarios (Crookston et al. 2010), the importance of collecting 490 

metadata on tree-level and stand-level characteristics with increment cores becomes increasingly 491 

clear (Brewer et al. 2010). At present, data in the public repository of tree-ring data (the 492 

International Tree-Ring Databank, URL) do not contain such metadata. New tree-ring data 493 
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networks, such as the U. S. Forest Service’s Interior West-Forest Inventory and Analysis 494 

network (DeRose et al. 2016), will enable a new set of questions to be addressed with tree-ring 495 

data, especially in conjunction with forest inventory data in the plots where the increment cores 496 

were collected.  497 
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Table 1. Plot-level information at the Monument Canyon Research Natural Area study site, 675 

including plot number, elevation, covariates used in the model, and sample sizes of the two data 676 

types (diameter at breast height [DBH] and annual tree rings). Elevation is in meters (m) and 677 

radiation is expressed in watts m-2yr-1.  Aspect is measured in radians from zero (due north) to 678 

6.28 (360˚). The wetness index (wet) is derived from total cachment area (m2) and the tangent of 679 

the slope (unitless; see Boehner et al. 2002).  Substrate (subs) is either tuff (T), pumice (P), or 680 

alluvium (A), from Kelley et al. (2003). Basal area (BA, in the year of the first census, either 681 

1999 or 2000) is measured in m2ha-1. Thinning and fire treatments were applied in 2006 and 682 

2012, respectively. Sample sizes shown are the number of trees measured for DBH and annual 683 

ring increments.  684 

Plot elev rad slope aspect wet subs BA (m2/h) Thin Fire DBH rings 

113 2541 3561 0.17 3.05 6.98 T 15.99 1 1 25 18 

125 2565 3407 0.16 2.55 6.80 P 28.56 1 1 34 12 

127 2520 2942 0.11 2.967 10.13 T 56.97 0 0 80 8 

137 2564 3993 0.16 5.34 7.36 T 22.99 0 0 36 6 

141 2521 3666 0.07 3.15 9.80 A 27.37 1 1 36 10 

143 2566 3760 0.06 2.34 7.83 P 13.43 0 0 7 4 

145 2533 4018 0.12 2.93 7.49 T 28.66 0 0 35 15 

147 2545 3404 0.18 5.69 8.55 A 17.92 0 0 28 11 

149 2586 3386 0.09 3.63 9.18 P 12.89 0 0 13 9 

151 2532 2268 0.12 2.35 7.64 T 34.11 0 0 29 10 

156 2555 2891 0.34 2.41 7.28 T 29.49 0 0 37 10 

158 2589 3972 0.19 2.27 7.81 P 43.13 0 0 34 8 

162 2537 3361 0.25 2.38 7.42 T 28.40 0 0 38 8 

164 2556 2979 0.15 5.79 8.96 T 28.27 0 0 39 12 

166 2585 3674 0.20 4.70 8.82 T 24.69 0 0 38 7 

 685 

 686 
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Table 2. Predictors included in the Bayesian multiple regression mixed effects model. Each 688 

variable is described as either a fixed or random effect, with respect to the sampling unit to 689 

which it applies, and as either continuous or an indicator. Tree size (basal area) and plot basal 690 

area, as predictors of growth increment, were measured at the time of the first census. Height 691 

ratio was based on heights exclusively measured at the time of the second census. Tree-ring and 692 

DBH columns indicate (X) which variables enter in the two submodels, respectively, and the 693 

column “coupled” indicates (with an α) those effects whose estimates were coupled to one 694 

another across the two submodels via a constant of proportionality. 695 

 696 

Variable Fixed vs. 

Random 

Indexing Scale Tree-ring DBH coupled 

Tree size (basal area) Fixed Tree Continuous X X α 

Height ratio Fixed Tree Continuous X X α 

Plot basal area Fixed Plot Continuous X X α 

Radiation Fixed Plot Continuous X X α 

Slope Fixed Plot Continuous X X α 

Aspect Fixed Plot Continuous X X α 

Wetness Index Fixed Plot Continuous X X α 

Thinning + Fire Fixed Plot Indicator -- X -- 

PRISM climate data Fixed Year Continuous X -- -- 

Plot ID Random Plot Indicator X X -- 

Tree ID Random Tree Indicator X -- -- 

Species ID Random Species Indicator -- X -- 

 697 
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Figure Legends 698 

Figure 1. Climate at the Monument Canyon Research Natural Area, Jemez Mountains, New 699 

Mexico, U. S. A. (35.8° N, 106.6° W). Data are the 1982-2013 4-km resolution PRISM time 700 

series of monthly mean temperature and total precipitation.  Bars indicate the 25%-75% quantile 701 

of the data. 702 

Figure 2. Climate correlation function (a) and response function (b), based on a single, site-level 703 

tree-ring chronology and PRISM 4-km resolution monthly total precipitation and mean 704 

temperature time series data (1981-2014).  705 

Figure 3. Posterior distributions of climate effects from the “uncoupled” version of the Bayesian 706 

multiple regression model. (a) Bivariate associations, calculated from partial regression 707 

coefficients and correlations between each variable and the other 23 monthly climate variables 708 

and their effects. (b) Partial regression coefficients. (c) Bivariate associations and (d) partial 709 

regression coefficients under the reduced data scenario of a single increment core randomly 710 

selected from each plot (n=15). Note that the y-scale in panel d is larger than in panel b. 711 

Figure 4. Posterior distributions of non-climatic fixed effects on diameter growth (DBH 712 

submodel) vs. radial growth (tree-ring submodel), including individual tree size and the quadratic 713 

size term (size2), plot basal area, height ratio (HR), radiation, slope, aspect, and wetness index. 714 

(a) Uncoupled model, using 500 remeasurements of DBH and 129 increment cores. A second 715 

horizontal line in the top panel indicates the posterior mean effect of thinning followed by fire. 716 

(b) Uncoupled version, using just 15 increment cores (note increased y-scale). (c) Coupled 717 

model, using 15 increment cores. 718 
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Figure 5. Posterior distributions of plot random effects, grouped according to whether the plot 719 

was thinned (2006) then burned (2012) vs. substrate (alluvium, pumice, or tuff). 720 

Supplemental Figure 1. (a) Correlations between three climate variables: PRISM 4-km 721 

resolution monthly mean temperature, maximum temperature, and CRU-derived vapor pressure 722 

deficit (January 1981-December 2013). Above the diagonal are pairwise correlation coefficients, 723 

with asterisks indicating significance. Below the diagonal are bivariate scatterplots of the data, 724 

and on the diagonal are frequency histograms showing the distribution of each climate variable. 725 

(b) Pearson’s pairwise correlations between (detrended) ring width index and maximum 726 

temperature (red) or vapor pressure deficit (blue) are very similar to the correlations with mean 727 

temperature in Figure 2a (created via the same use of function dcc{treeclim}; Zang and Biondi 728 

2015). 729 

Supplemental Figure 2. (a) Correlations between 24 monthly climate variables, based on the 4-730 

km resolution time series of PRISM monthly total precipitation and mean temperature data, 731 

1982-2013. Climate variables are ordered from previous September (pS) to current year’s August 732 

(A), with the additional label indicating precipitation (ppt) or mean temperature (tmn). (b) 733 

Clustering of 24 monthly climate variables in principal components space (PC1 vs. PC2, which 734 

account for just 32% of the total variance). Numbers are the years from 1982-2013. (c) 735 

Correlations between four seasonal climate variables. Above the diagonal are pairwise 736 

correlation coefficients, with asterisks indicating significance. Below the diagonal are bivariate 737 

scatterplots of the data, and on the diagonal are frequency histograms showing the distribution of 738 

each climate variable.  739 
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