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Abstract

:

Rising temperatures and aridity may negatively impact tree growth, and therefore ecosystem services like carbon sequestration. In the Sierra Nevada in California, annual variation in precipitation is high, and forests have already been impacted by several recent severe droughts. In this study, we used growth census data from long-term plots in the Sierra Nevada to calibrate an annual climate-dependent growth model. Our results highlight a high diversity of responses to climate, although the effects of climate are small compared to those of tree size and competition. Some species grow less during dry years (Pinus contorta and Calocedrus decurrens) but, surprisingly, other species exhibit higher growth during dry years (Pinus monticola, Abies magnifica, Pinus jeffreyi, Quercus kelloggii). These results emphasize the need for growth models to take into account species variability, as well as spatial heterogeneity, when studying mixed conifer forests. So far, temperatures have increased in California, and tree growth of some species may drastically decrease in the Sierra Nevada if warming continues, leading to changes in forest structure and composition as well as potential changes in wood production and carbon sequestration.
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1. Introduction


Forest dynamics are strongly affected by climate [1,2,3,4,5,6] and, as climate continues to change, impacts on forests are likely to be profound [7,8]. The forests of the Sierra Nevada in California are exposed to a Mediterranean climate, with little or no precipitation during summer (June through September) [9]. Therefore, longer and drier summers can lead to severe drought. Average temperatures and precipitation patterns in California have already shifted since the beginning of the 20th century [10] and the state has experienced several severe droughts in the past 20 years [11,12]. Future climate in the Sierras is predicted to be warmer, with an average increase in annual temperature ranging from 1.35 to 2       ∘  C     by mid-century and summer temperature increases that are equal to or greater than increases in winter temperatures [13,14]. Precipitation predictions are variable [13,14,15,16]. For instance, projections of annual precipitation for 2060–2069 vs. 1985–1994 range from −23% to 9% in the Sierra Nevada [13]. The increase in variability in precipitation coupled with increasing temperatures imply earlier snow melt and altered water availability [13,17,18] that will impact forest dynamics.



Tree growth provides an important climate change feedback, as it affects carbon sequestration in wood and therefore can alter carbon cycle and storage [19]. Growth is also an indicator of overall tree vigor, and is often a good predictor of mortality [20]. Trees exhibiting a history of below-average growth or abrupt decreases in growth have higher mortality [21,22,23]. It is thus crucial to better understand tree growth, especially as it relates to climate. Severe droughts can lead to declines in tree growth and elevated mortality [24,25,26,27,28,29]. Because tree species often respond in distinct ways to climate, climate change is likely to shift patterns of relative abundance within forests [4,6,26,30,31,32,33].



Tree growth varies considerably from year to year, and this is often correlated with climatic variations [30]. Studies of annual growth variation in relation to climate are mostly based on dendrochronological (tree ring) data [4,30,34,35,36]. In the Sierra Nevada, such studies have found that more precipitation is usually beneficial to growth and that higher winter minimum temperatures tend to be beneficial while higher summer maximum temperatures tend to be detrimental [37,38]. Moreover, species-specific relationships were often found between tree growth and climate variability [37,38,39].



Forest inventory data can also help us in identifying growth drivers [40,41]. Inventory data includes all the trees in a stand, while dendrochronological studies have traditionally targeted trees that are expected to be sensitive to climate, which can introduce bias [42]. Two recent studies in the Sierra Nevada for instance, focused on big trees due to their expected sensitivity [38,39]. Moreover, competitive environment can affect growth as strongly as climate, or more so [39]. Because trees in regularly censused plots are mapped, one can take into account the effect of competition by calculating neighborhood basal area or competition indices for every tree [43]. In addition, inventory data is increasingly available for a wide variety of forests [44]. However, the inventories may not occur on an annual basis, so we need appropriate inference models to fit annual growth [44]. Ideally, increment core data and diameter measurements would be incorporated into the same model; this approach has been shown to decrease parameter uncertainty [43,45]. However, tree cores and diameter measurements are not always available for the same sites.



In this paper, we used measurements of tree diameters from 26 plots in the Sierra Nevada to (1) build a species-specific annual growth model accounting for tree size and inter-tree competition, (2) identify the climate effects on tree growth, and (3) compare these effects across species. Our results add to the understanding of climate-growth relationships and therefore can enhance predictions of the impacts of global climate change on forests in the Sierra Nevada. Moreover, growth predictions derived from our model can be integrated within individual-based dynamic models to better model individual growth variability and investigate tree population dynamics under varying climatic conditions.




2. Material and Methods


2.1. Data


The study was conducted using data collected by the USGS from 26 long-term plots in Sequoia-Kings Canyon National Park and Yosemite National Park (Table 1). The plots are at elevations from 1500 to 3097 m. Plot sizes ranged from 0.9 to 2.5 hectares, with most being 1 ha. These plots were established between 1982 and 2001 to improve mechanistic understanding of forest dynamics and to detect and interpret long-term changes in forest structure and dynamics and effects of fire on these variables.



Twelve tree species occur within these plots (Table 2). However, two species were omitted from the analysis because they were too rare (Pseudotsuga menzeisii) or diameter measurements were too error-prone due to trunk size and structure (Sequoiadendron giganteum). Trees were individually tagged, and diameter at breast height (DBH) was measured every 4 to 6 years between the establishment of the plot and 2015. Most of the intervals between measurement are 5 years long, but some intervals vary due to constraints of funding, workload, and weather (Figure A1). No increment cores have been collected due to concerns from the original research team about influencing tree mortality.



Different climate variables are expected to affect tree growth in distinct ways. Given the relatively dry climate, we expected tree growth to be higher when water availability is higher [4,24,26,46]. Raw precipitation or amount of snow provide an estimate of the total amount of water received during the wet season. April snowpack gives an estimation of the water stock at the end of the wet season that has not yet been released to the soil [28]. Areas where the majority of precipitation falls as rain also have high evaporative water demand due to warmer temperatures [35]. Climatic water deficit (CWD), which is defined as potential evapotranspiration minus actual evapotranspiration (AET), reflects this interaction between water availability and temperature. Very low or high temperatures can also affect tree growth directly. The eight climate variables examined in this study are taken from CA BCM model downscaling. This model downscales PRISM data to 270 m, which is more relevant for tree responses [47] (Table 3). The actual evapotranspiration (AET) is calculated by the BCM model from the available water in the soil profile, using informations on topography, soils, and underlying geology. The potential evapotranspiration (PET) is calculated based on solar radiation and air temperature [47]. The CWD is then calculated as the difference between PET and AET.



At these sites in the southern Sierra Nevada, average temperature both within seasons and over the whole year, is highly negatively correlated with elevation. Annual precipitation and climatic water deficit, on the other hand, are highly variable from year to year and poorly correlated with elevation. Precipitation as snow is intermediate, being moderately positively correlated with elevation. Annual deviation of the climate variables from plot means are not correlated with elevation.




2.2. Simulated Dataset


2.2.1. Testing the Effect of Different Observation Time Intervals


The model used in this paper is based on a method developed by Eitzel et al. [44] to parametrize a model of annual tree growth with non-annual data. This is possible because the model can access information from many trees experiencing many different combinations of environmental conditions. The approach of modeling annual growth as a latent (unobserved) state allows for a more realistic analysis of climate-growth effects than assuming that annual growth within a measurement period is equal. Models that include both diameter and increment data have found that, while increment data does improve estimates of annual growth for individual trees, reasonably short diameter measurement intervals can also yield good estimates [45]. To verify that it is possible to use this method to identify annual climate variables relevant for growth using this dataset, we first used the estimation algorithm with a simulated dataset and different growth measurement intervals.



The simulated dataset consists of 1000 trees, with initial diameters drawn from a normal distribution with a mean of 50 and with standard deviation 15. We simulated annual average temperature data for a 25-year period by drawing from a normal distribution with mean 7 and standard deviation 2.5. The diameter increment of each tree is computed as a linear function of diameter and the simulated climate variable:    δ D B H =  β 0  +  β 1  × D B H +  β 2  × A v T e m p   . The parameters used are     β 0  = 2   ,     β 1  = 0.02   ,     β 2  = 1.5   . Estimation of    β 2   , the parameter linking growth to average temperature is plotted in Figure 1, with seven different measurement intervals ranging from one to seven years. Parameter estimation was highly accurate for intervals of four years or less, and moderately accurate for intervals of 5–6 years. For a measurement interval of 7 years, the standard deviation of the estimated parameter abruptly increases. Therefore we do not recommend this inventory-data-only method to be used for datasets with measurement intervals of >6 years (e.g., FIA data).




2.2.2. Testing the Ability to Detect Subtle Climate Effects


This simulation was based on the real white firs in our dataset. The initial diameters are the first measured DBH for all white firs. Growth is computed as a function of DBH and real annual average temperature (AvTemp), with the same equation as the previous test. We used three different “true” values of the climate response parameter, ranging from −0.01 to −0.0001. The “true” parameter values for all three trials were within the 90% confidence interval of the estimated value (Table 4) showing that even subtle climate effects can be detected, at least in this three-parameters version of the model.





2.3. Model


The model estimates annual tree growth from forest inventory data with a Bayesian framework. An observation process is added with an observation error    σ  o b s  2   . Figure 2 shows the hierarchical structure of the model described by Equations (1) and (2).


   O b s D B  H  i , t   ∼ N  (  D  i , t   ,  σ  o b s  2  )    



(1)




where    O b s D B  H  i , t      is the observed DBH of tree i at time t and    D  i , t     is the DBH of tree i at year t.



Tree DBH increment is modeled as a linear function of the current DBH, competition, and the climate variables. The intercept is species-specific to allow for variation growth between species. The climate effect parameter is also species-specific. The focus on diameter increment rather than diameter itself as in Eitzel et al. was inspired by Clark et al. [44,45].


       D  i , t   =  D  i , t − 1   + Δ  D  i , t − 1         Δ  D  i , t   ∼ N  (  β  0 , s   +  β 1  ·  D  i , t   +  β 2  ·  ∑  j = 1   N  i , t       D  j , t    d i s  t  i , j      +  β  3 , s   · c l i  m t  ,  σ  g r o w t h  2  )        with  Δ  D  i , t   ≥ 0      



(2)




where    Δ  D  i , t      is the DBH increment of tree i of species s between year t and    t + 1   ,    N  i , t     is the number of trees that are closer than 10 m from tree i at year t,    D  j , t     is the DBH of neighbor j at year t,    d i s  t  i , j      is the distance between tree i and its neighbor j,    c l i  m t     is the climatic variable of interest during year t,    β  0 , 1 , 2 , 3     are estimated, and    σ  g r o w t h  2    is the error of the growth model (also estimated). Tree DBH increment is drawn from a truncated normal distribution to make sure that growth    Δ  D  i , t      is positive. Years are water years, starting on 1 October of the preceding calendar year, marking the beginning of the rainy season in California, and ending in September of the corresponding calendar year.



To model competition, we used the Heygi index, which is the neighbor’s diameter divided by the distance to the targeted tree summed over all neighbors:      ∑  j = 1   N  i , t        D  j , t    d i s  t  i , j         [40,41,48,49,50,51]. This competition index was correlated with tree growth in other studies in the same geographic area [40,52,53]. The prior mean for the measurement error standard deviation (   σ  o b s  2   ) is 0.52, based on a re-measurement of all trees of one of the plots (LOLOG, 2002). All other priors are non informative, we used a uniform prior for    σ  g r o w t h  2    and a normal prior for    β  0 , 1 , 2 , 3    .



The effects of current diameter and competition may vary from one species to another. A first model selection, without climate variable s, was performed using the Deviance Information Criterion (DIC) to identify which variables have to be species-specific. Results suggested that model performance was best when the intercept (mean growth) was species-specific but the diameter and competition effects were not (Table A1).



We then added to this model a single climate effect. We parameterized this model using all climate variables from both the current and past year, because there may be lag effects in climate responses [54,55]. In addition to examining both current and past climate, we parameterized one version of the model using raw climate variables, and another version using the deviation from the 30-year mean climate of the plot, allowing us to disentangle the effects of annual variation from effects of, for example, hot or cold conditions per se.



DIC was computed for all models in order to compare fit. The final model has been created using a systematic forward approach based on the DIC. We added variables to the model one at a time. At each step, each variable that is not already in the model is tested for inclusion in the model. The most significant of these variables is added to the model, so long as it reduces the DIC of the model. The parametrization was performed using WinBugs, R [56], and the R-package R2WinBugs [57].





3. Results


Most climate variables have an effect on growth for most species when they are introduced separately into the model (Table 5, see Table A3 and Table A4 for details). We considered that the climate variable had an impact on growth when the 95% confidence interval of parameter    β 3    of Equation (2) did not overlap zero.



DIC values identified average temperature of the previous year as the best predictor of growth (lowest DIC, Table A2). This variable has a mostly positive effect on growth (PIMO, ABMA, PIJE, ABCO and QUKE), although PICO, CADE and PIPO exhibited negative responses (Table 5). CWD deviation of current year also performed well, and surprisingly it has a positive effect on growth for three species (PIMO, PIJE and QUCH) and a negative effect on growth for only one species (QUKE). Other good predictors include current year snow, April snowpack deviation of previous year, snow deviation of previous year, and January minimum temperature deviation of current year (Table A2).



The final model includes average temperature of previous year, snow deviation of current year, precipitation of current year and CWD deviation of previous year (Table A5). The parameter linking growth to the current DBH (   β 1   ) is positive (Table A5). This is not surprising, as diameter growth is expected to increase with tree size until leveling off or even sometimes decreasing for the largest trees [40], and most of the trees observed in this study have small DBH (mean 20 cm). The parameter linking growth to the competition index (   β 2   ) is negative (Table A5), confirming that growth declines with increasing crowding [40,41]. The average temperature of previous year has a negative effect on growth of PICO, QUCH, PILA, CADE and PIPO, but a positive effect on growth of ABMA and QUKE. Snow deviation of current year has a positive effect on growth for ABMA, ABCO, QUKE, PILA and CADE. Precipitation of current year has a negative effect on growth for ABMA, QUKE, PILA and CADE. Finally, CWD deviation of previous year has a positive effect on growth for PIMO, PIJE and QUCH, but a negative effect for ABCO. The two parameters accounting for the errors have similar average values (Table A5). Examples of the resulting latent variables (unobserved diameter) along with its uncertainty for trees from the four most common species are presented in Figure 3.




4. Discussion


4.1. The Growth Model


The use of a Bayesian framework with a latent variable allows us to infer the unmeasured annual growth for a dataset with roughly 5 year measurement intervals [44] (Figure 3). Our study provides new information about the relationship between annual tree growth and climate because previous dendrochronological studies in the Sierra Nevada have focused on fewer species (3–5) and diameter classes [37,38,39,58]. However, some results can vary from one version of the model to another for some species.



The model accounts for a growth error (   σ  g r o w t h    ) and a measurement error (   σ  o b s    ). As suggested by Eitzel et al., we used an informative prior based on tree re-measurements to ensure a minimum amount of observation error. The estimate of the measurement error is larger than the prior mean [44].




4.2. Growth Response to Climate


Our results show a great diversity of responses to climate variation depending on the species. Higher snow deviation, for instance, increases growth for four species found at lower elevations (ABCO, QUKE, PILA and CADE), where precipitation, especially as snow, is low and evaporative demand is high (Figure 4). Higher average temperature of previous year decreases growth for trees found at low elevations (QUCH, PILA, CADE and PIPO), while it increases growth for ABMA and QUKE found at higher elevations (Figure 4). Trees in low and dry areas mostly obtain their water from rain and experience more drought stress during hot summer [33].



Moreover, average temperature of the previous year, identified as the best predictor of growth (smallest DIC, Table A2), tends to increase growth for species found at higher elevations (PIMO, ABMA, PIJE, ABCO and QUKE) and to decrease growth for species found at lower elevations (CADE and PIPO). The exception to this pattern is PICO, a species found at high elevations, which exhibits lower growth after year with higher average temperature.



Although mean temperature or total amount of precipitation are easy to measure, variables like climatic water deficit (CWD) and actual evapotranspiration (AET) should be better predictors of tree growth because they reflect the effect of temperature on evapotranspiration. AET is higher in warm, wet conditions favorable for plant growth, while CWD is related to the magnitude and length of drought stress experienced by plants [59]. CWD was identified as a better predictor of growth than AET (based on DIC, Table A2; CWD deviation of previous year is included in the final model). However, the CWD effect tends to be small, and we did not observe a strong detrimental effect of higher CWD on growth as previous studies did [37,38,39]. For some species, growth is even enhanced when raw CWD is high (PIMO, ABMA, PIJE and QUKE) or in years where CWD deviates from the plot mean (PIMO, PIJE and QUCH). CWD may not be the best estimate of water available for trees, or the soil layer of the BCM model may be too coarse to accurately model CWD at the plot level. Other climate variables, like precipitation or snow perform better. Snow deviation and precipitation of current year are included in the final model, they are respectively second and third best predictor of growth according to the forward selection.The model finds that snow deviation is a good predictor of and enhance d growth for five species. Indeed, precipitation occurs mainly in winter in the Mediterranean climate of the Sierra Nevada and snow is an important determinant of summer water availability [60]. On the other hand, precipitation of current year surprisingly decreased growth for four species (ABMA, QUKE, PILA and CADE). This can be due to correlation between precipitation and snow, because precipitation had little effect when it was included as a single variable (Table A3).



Previous studies identified higher minimum winter temperature as beneficial for tree growth [39,58], which is not what our results suggest for all species. Indeed, although three species exhibit higher growth during years with higher minimum January temperature (PIJE, ABCO and QUKE), five species exhibit lower growth (PICO, QUCH, CADE and PIPO). This might be due to milder winters leading to more rapid snowmelt, higher metabolic rates during winter, higher survival of pests and pathogens, or some combination of these factors [61,62,63]. Trees examined in this study are found at a wide range of elevation (1500 to 3097 m) in the Southern Sierra Nevada, while previous studies focused primarily on trees at lower elevation in the Northern part of the Sierra Nevada [39,58], so the factors limiting growth may be different.




4.3. Consequences in the Sierra Nevada


Temperatures in the Sierra are expected to rise during the next century and precipitation patterns may shift [14]. Our results suggest a diversity of growth responses to climate change across species and sites. Different strategies can be used to better understand what these impacts will be. Dynamic vegetation models predict a greater coverage of mixed evergreen forest (a diverse low-elevation vegetation type in which oaks are an important component) along the western slope of the Sierra Nevada for the next century [32]. The tree growth model CACTOS has been used to study the potential future of tree growth under climate change [8,26], showing a reduction of conifer growth during the next century, mostly driven by increased summer temperature. While the direction of precipitation change is not clear, warming in all seasons is expected, which will likely increase CWD, and decrease the amount of precipitation received as snow. According to our final model, growth is therefore likely to decrease for PILA and CADE, which have a negative response to previous year temperature and a positive response to snow deviation. On the other hand, the growth response of species such as QUKE and ABMA, which showed a positive response to both previous year temperature and snow deviation, but a negative response to total precipitation might be more sensitive to the exact degree of change in these different variables (Figure A2).



Tree growth changes resulting from climate change can lead to reduced wood production and carbon storage, and will potentially weaken the carbon sink potential in this mixed-conifer forest [8,64]. Moreover, if fire exclusion continues, competition could increase. Forest thinning or prescribed burning can reduce competition and offset climate effects [65], but may not be enough if climate stresses interact with insects and pathogens dynamics [66]. Our results suggest a variety of responses to climate variables among species, including some delayed responses. The legacy effect of drought on tree growth is higher for pines than for oaks and may impact tree carbon sequestration under climate change [54].



Growth is not the only process impacted by climate. Tree mortality will likely be enhanced by climate change [25,67,68]. Growth and mortality processes are intimately related to each other: trees exhibiting below-average growth or abrupt decreases in growth have higher mortality [21,22,23], and tree growth can be seen as an indicator of a tree’s health or vigor. Tree growth is therefore often used as a predictor of tree mortality [20,69], and the climate variable impacting tree growth could have an indirect effect on mortality too. Therefore, additional investigation into the effect of climate on regeneration and mortality is also needed to better project how management actions and climate will interact in the future [64].





5. Conclusions


This study has shown that non-annual data can be used to study annual tree growth and to link it to climate variability. We observed a great diversity of response to climate depending on the species. We identified four climatic variables as good predictors of tree growth: average temperature of previous year, total annual snowfall deviation of current year, total precipitation of current year, and CWD deviation of previous year. Species found at lower elevations mostly have lower growth after warm years and higher growth during years with more snow, while species found at higher elevations exhibit the opposite pattern. The effects of precipitation and CWD are surprising: precipitation tends to reduce growth for four species and CWD tends to enhance growth for three species. Our results suggest that effects of multiple climatic factors, the magnitude of shifts in climate relative to species-level tolerances, and limiting factors such as competition should be taken into account when projecting the effects of climate change on forest growth and dynamics.
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Appendix A. Years of DBH Measurement for the Different Plots
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Figure A1. Years of DBH measurement for the different plots. 






Figure A1. Years of DBH measurement for the different plots.
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Appendix B. DIC Used for the Model Selection
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Table A1. DIC for models including no species-specific term or species-specific term for size or competition effect.






Table A1. DIC for models including no species-specific term or species-specific term for size or competition effect.





	No Species-Specific Term
	Species-Specific Term for Size Effect
	Species-Specific Term for Competition Effect





	267598
	273867
	273907
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Table A2. DIC for models including each climate variables separately.






Table A2. DIC for models including each climate variables separately.





	AvTemp    t   
	JanMin    t   
	JulMax    t   
	precip    t   
	snow    t   
	CWD    t   
	AET    t   
	ASpck    t   



	273615
	273014
	273535
	273149
	272191
	272984
	272827
	274591



	AvTemp     t − 1    
	JanMin     t − 1    
	JulMax     t − 1    
	precip     t − 1    
	snow     t − 1    
	CWD     t − 1    
	AET     t − 1    
	ASpck     t − 1    



	271408
	275333
	273214
	274070
	273626
	272997
	274212
	273046



	AvTemp     d e v , t    
	JanMin     d e v , t    
	JulMax     d e v , t    
	precip     d e v , t    
	snow     d e v , t    
	CWD     d e v , t    
	AET     d e v , t    
	ASpck     d e v , t    



	272991
	272411
	273620
	273252
	273008
	271669
	273464
	274833



	AvTemp     d e v , t − 1    
	JanMin     d e v , t − 1    
	JulMax     d e v , t − 1    
	precip     d e v , t − 1    
	snow     d e v , t − 1    
	CWD     d e v , t − 1    
	AET     d e v , t − 1    
	ASpck     d e v , t − 1    



	274132
	273904
	274560
	273662
	272365
	272829
	272870
	272255









Appendix C. Results Table
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Table A3. Climate parameter estimated by a different model for each climate variable (model used for the selection). 95% CI in brackets.






Table A3. Climate parameter estimated by a different model for each climate variable (model used for the selection). 95% CI in brackets.





	

	
PIMO

	
PICO

	
ABMA

	
PIJE

	
ABCO




	
AvTemp

	
0.0158

	
−0.0555

	
0.0131

	
0.0455

	
0.00347




	
[−0.0115; 0.0497]

	
[−0.0942; −0.0189]

	
[0.00606; 0.0183]

	
[0.0187; 0.0792]

	
[0.000897; 0.00681]




	
JanMin

	
0.0124

	
−0.0812

	
0.0023

	
0.0151

	
0.00339




	
[−0.0125; 0.0433]

	
[−0.125; −0.0271]

	
[−0.00324; 0.00884]

	
[0.00701; 0.0287]

	
[0.00113; 0.00535]




	
JulMax

	
−0.00331

	
−0.0317

	
0.0096

	
−0.00594

	
0.000864




	
[−0.0169; 0.0139]

	
[−0.0507; −0.00941]

	
[0.00552; 0.0129]

	
[−0.0204; 0.00741]

	
[−0.00133; 0.00375]




	
precip

	
0.000159

	
−0.000119

	
−2.6e−05

	
8.43e−05

	
5.72e−05




	
[−8.62e−05; 0.000258]

	
[−0.000452; 0.000114]

	
[−8.94e−05; 5.75e−06]

	
[−6.69e−05; 0.000216]

	
[−0.000104; 8.86e−05]




	
snow

	
0.000136

	
7.17e−05

	
−3.34e−05

	
1.45e−05

	
−1.15e−05




	
[−2.6e−05; 0.000255]

	
[−0.000165; 0.000402]

	
[−0.000119; −4.76e−06]

	
[−0.000219; 0.000158]

	
[−6.22e−05; 1.79e−05]




	
CWD

	
0.000648

	
−0.000732

	
0.000162

	
0.000809

	
−1.48e−05




	
[0.000125; 0.00111]

	
[−0.0015; −5.2e−05]

	
[7.11e−05; 0.00027]

	
[0.000388; 0.00124]

	
[−7.05e−05; 0.000101]




	
AET

	
−0.00104

	
−0.00111

	
0.000291

	
0.000165

	
9.25e−05




	
[−0.00166; −0.000317]

	
[−0.00265; 0.000617]

	
[0.000159; 0.000411]

	
[−0.000298; 0.000618]

	
[−0.000136; 0.000216]




	
ASpck

	
0.000139

	
0.000179

	
−5.28e−05

	
−2.86e−05

	
1.99e−05




	
[−1.64e−05; 0.00027]

	
[−5.3e−06; 0.000416]

	
[−8.56e−05; −2.03e−05]

	
[−0.00015; 8.55e−05]

	
[−3.25e−05; 5.01e−05]




	

	
QUKE

	
QUCH

	
PILA

	
CADE

	
PIPO




	
AvTemp

	
0.029

	
−0.0675

	
−0.00264

	
−0.00391

	
−0.0496




	
[0.0206; 0.0373]

	
[−0.191; −9.63e−05]

	
[−0.00723; 0.00343]

	
[−0.00805; 0.000868]

	
[−0.0789; −0.0249]




	
JanMin

	
0.0171

	
−0.0683

	
−0.00102

	
−0.00524

	
−0.0211




	
[0.00999; 0.0236]

	
[−0.122; −0.0127]

	
[−0.0047; 0.00364]

	
[−0.00779; −0.00296]

	
[−0.0332; −0.0104]




	
JulMax

	
0.0309

	
−0.0245

	
−0.00185

	
0.000691

	
0.0224




	
[0.0234; 0.0383]

	
[−0.057; 0.0289]

	
[−0.00632; 0.00324]

	
[−0.00211; 0.00485]

	
[0.00389; 0.0401]




	
precip

	
−0.000147

	
0.000489

	
−4.25e−05

	
7.07e−05

	
8.25e−05




	
[−0.000279; −1.86e−05]

	
[−0.000273; 0.00174]

	
[−0.000149; 2.55e−05]

	
[3.22e−05; 0.000121]

	
[−5.03e−05; 0.000211]




	
snow

	
−0.00029

	
0.000445

	
1.31e−05

	
8.25e−05

	
0.000375




	
[−0.000378; −0.00021]

	
[−0.000493; 0.00142]

	
[−3.23e−05; 6.62e−05]

	
[2.69e−05; 0.00012]

	
[0.000125; 0.000523]




	
CWD

	
0.000688

	
0.000482

	
6.68e−06

	
−0.000106

	
−0.000107




	
[0.000486; 0.000908]

	
[−0.00109; 0.0017]

	
[−0.000147; 0.000125]

	
[−0.000194; −8.26e−06]

	
[−0.000648; 0.000246]




	
AET

	
0.000573

	
−0.0035

	
−6.87e−05

	
−8.05e−05

	
−0.000664




	
[0.000299; 0.000813]

	
[−0.00587; −0.000261]

	
[−0.000396; 0.000224]

	
[−0.000262; 0.000122]

	
[−0.00134; 0.000367]




	
ASpck

	
−0.000232

	
7e−04

	
6.42e−05

	
4e−05

	
0.000165




	
[−0.000301; −0.000184]

	
[−0.000601; 0.00172]

	
[2.47e−06; 0.00013]

	
[−1.57e−05; 8.83e−05]

	
[−0.000484; 0.00073]




	

	
PIMO

	
PICO

	
ABMA

	
PIJE

	
ABCO




	
AvTemp      d e v    

	
0.167

	
−0.0746

	
−0.04

	
0.111

	
−0.0243




	
[0.0945; 0.251]

	
[−0.203; 0.04]

	
[−0.0694; 0.00358]

	
[0.0507; 0.183]

	
[−0.039; 0.0491]




	
JanMin      d e v    

	
0.0253

	
−0.119

	
−0.0248

	
0.0552

	
0.0154




	
[−0.0166; 0.0619]

	
[−0.276; −0.00465]

	
[−0.0335; −0.0151]

	
[0.0185; 0.104]

	
[0.00463; 0.0371]




	
JulMax      d e v    

	
−0.000347

	
−0.000227

	
0.000272

	
0.0164

	
−0.0114




	
[−0.0301; 0.0181]

	
[−0.0384; 0.0584]

	
[−0.00631; 0.00923]

	
[−0.0155; 0.038]

	
[−0.0168; 0.00069]




	
precip      d e v    

	
0.000116

	
−0.000137

	
1.79e−05

	
5.27e−05

	
7.22e−05




	
[−0.00011; 0.000239]

	
[−0.000388; 3.6e−05]

	
[−6.48e−05; 6.13e−05]

	
[−8.55e−05; 0.000243]

	
[−4.92e−05; 9.68e−05]




	
snow      d e v    

	
0.000153

	
-0.000204

	
3.76e−05

	
5.03e−05

	
0.000117




	
[−4.56e−05; 0.000266]

	
[−0.000528; 3.72e−05]

	
[2.78e−06; 6.93e−05]

	
[−0.000171; 0.000225]

	
[−0.000129; 0.000164]




	
CWD      d e v    

	
0.000756

	
7.63e−06

	
−6.78e−05

	
0.00107

	
−0.000314




	
[0.000247; 0.00149]

	
[−0.000949; 0.0011]

	
[−0.000218; 0.000178]

	
[0.00048; 0.00173]

	
[−4e−04; 0.000153]




	
AET      d e v    

	
−0.00084

	
−0.000601

	
4.53e−05

	
−0.000955

	
0.000366




	
[−0.00215; 0.000122]

	
[−0.00263; 0.00125]

	
[−0.000353; 0.00026]

	
[−0.00221; 0.00043]

	
[−6.78e−05; 0.000529]




	
ASpck      d e v    

	
0.000163

	
−0.000172

	
−5.59e−06

	
1.48e−05

	
0.000136




	
[2.88e−05; 0.000288]

	
[−0.000408; 2.26e−05]

	
[−0.000115; 3.44e−05]

	
[−0.000146; 0.000153]

	
[2.55e−05; 0.000172]




	

	
QUKE

	
QUCH

	
PILA

	
CADE

	
PIPO




	
AvTemp     d e v    

	
−0.0172

	
−0.0614

	
−0.0136

	
−0.0602

	
−0.0821




	
[−0.0856; 0.0382]

	
[−0.268; 0.181]

	
[−0.0505; 0.0287]

	
[−0.0928; −0.0313]

	
[−0.173; -0.00601]




	
JanMin     d e v    

	
−0.00503

	
−0.0969

	
0.00421

	
−0.00732

	
0.00965




	
[−0.0321; 0.0147]

	
[−0.151; −0.0212]

	
[−0.0157; 0.024]

	
[−0.0204; 0.00962]

	
[−0.0377; 0.0672]




	
JulMax     d e v    

	
0.00679

	
0.196

	
0.00109

	
−0.0229

	
−0.0179




	
[−0.0167; 0.0246]

	
[0.0226; 0.304]

	
[−0.00792; 0.0118]

	
[−0.0326; −0.0131]

	
[−0.0505; 0.00794]




	
precip     d e v    

	
0.000121

	
0.000138

	
5.75e−06

	
9e−05

	
0.000154




	
[−1.12e−05; 0.000242]

	
[−0.000954; 0.000908]

	
[−7.87e−05; 7.28e−05]

	
[−1.41e−05; 0.000151]

	
[8.18e−06; 0.000299]




	
snow     d e v    

	
0.000176

	
7.32e−05

	
−6.23e−07

	
0.000194

	
0.00046




	
[4.96e−06; 0.000359]

	
[−0.00161; 0.00155]

	
[−0.000124; 8.97e−05]

	
[0.000109; 0.000309]

	
[3.22e−06; 0.000888]




	
CWD     d e v    

	
−0.000641

	
0.00263

	
−0.000163

	
−0.000359

	
1.65e−05




	
[−0.00114; −0.000298]

	
[0.000957; 0.00414]

	
[−0.000396; 5.67e−05]

	
[−0.000538; 1.43e−05]

	
[−0.00062; 0.000558]




	
AET     d e v    

	
0.00094

	
−0.00372

	
9.91e−05

	
0.000385

	
−0.000124




	
[0.000511; 0.00166]

	
[−0.00538; −0.000731]

	
[−0.000321; 0.000502]

	
[−5.43e−06; 0.00055]

	
[−0.000849; 0.000662]




	
ASpck      d e v    

	
0.000154

	
−0.00164

	
9.45e−05

	
0.000127

	
−0.000313




	
[−2.76e−05; 0.000437]

	
[−0.00385; 0.000829]

	
[−1.81e−05; 0.000201]

	
[−7.33e−05; 0.000264]

	
[−0.00176; 0.000858]
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Table A4. Climate parameter estimated by a different model for each climate variable from the previous water year (model used for the selection). 95% CI in brackets.






Table A4. Climate parameter estimated by a different model for each climate variable from the previous water year (model used for the selection). 95% CI in brackets.





	

	
PIMO

	
PICO

	
ABMA

	
PIJE

	
ABCO




	
AvTemp      t − 1    

	
0.0367

	
−0.0549

	
0.0137

	
0.033

	
0.00385




	
[0.0111; 0.0756]

	
[−0.094; −0.0215]

	
[0.00767; 0.018]

	
[0.0116; 0.0587]

	
[0.00147; 0.00707]




	
JanMin      t − 1    

	
0.0241

	
−0.0801

	
0.0068

	
0.0148

	
0.00312




	
[−0.00401; 0.0469]

	
[−0.138; −0.0293]

	
[0.000873; 0.0123]

	
[0.00582; 0.0271]

	
[0.00121; 0.00475]




	
JulMax      t − 1    

	
−0.00629

	
−0.0296

	
0.00927

	
−0.00445

	
0.00123




	
[−0.0269; 0.0132]

	
[−0.0457; −0.00719]

	
[0.00675; 0.0125]

	
[−0.0175; 0.00789]

	
[−0.000615; 0.004]




	
precip      t − 1    

	
−1.94e−05

	
−0.00012

	
−2.48e−05

	
−6.46e−05

	
6.05e−05




	
[−0.000177; 0.000124]

	
[−0.000337; 0.00016]

	
[−5.97e−05; 1.16e−05]

	
[−0.000212; 7.31e−05]

	
[3.55e−05; 8.05e−05]




	
snow      t − 1    

	
−3.93e−05

	
0.000157

	
−6.1e−05

	
−0.000105

	
−3.62e−06




	
[−0.000117; 9.55e−05]

	
[−0.000182; 0.000463]

	
[−0.000126; −2.38e−06]

	
[−0.000226; 1.44e−05]

	
[−2.3e−05; 1.88e−05]




	
CWD      t − 1    

	
0.00133

	
−0.000969

	
0.00019

	
0.000567

	
1.69e−05




	
[0.000822; 0.00166]

	
[−0.00159; −0.000382]

	
[4.66e−05; 0.000283]

	
[0.000192; 0.000847]

	
[−3.44e−05; 7.89e−05]




	
AET      t − 1    

	
−0.00169

	
0.00043

	
0.000301

	
−3.93e−05

	
7.88e−05




	
[−0.00255; −0.000792]

	
[−0.00163; 0.00247]

	
[0.000143; 0.000423]

	
[−0.000504; 0.000517]

	
[−2.74e−05; 0.000192]




	
ASpck      t − 1    

	
1.46e−05

	
0.000172

	
−5.87e−05

	
−0.000101

	
1.34e−05




	
[−9.16e−05; 0.000135]

	
[−6.22e−06; 0.000358]

	
[−9.51e−05; −3.48e−05]

	
[−0.000197; 1.47e−05]

	
[−7.91e−06; 3.79e−05]




	

	
QUKE

	
QUCH

	
PILA

	
CADE

	
PIPO




	
AvTemp      t − 1    

	
0.0294

	
−0.0405

	
−0.0021

	
−0.0034

	
−0.0545




	
[0.0226; 0.0388]

	
[−0.113; 0.0463]

	
[−0.00931; 0.00352]

	
[−0.00759; −1.88e−05]

	
[−0.0812; −0.0224]




	
JanMin      t − 1    

	
0.0189

	
−0.016

	
−0.000411

	
−0.00475

	
−0.0222




	
[0.0135; 0.0243]

	
[−0.0973; 0.0596]

	
[−0.00395; 0.00288]

	
[−0.00788; −0.00166]

	
[−0.0348; −0.0114]




	
JulMax      t − 1    

	
0.0298

	
0.000459

	
−0.00118

	
0.000997

	
0.0215




	
[0.0199; 0.0371]

	
[−0.0492; 0.048]

	
[−0.00679; 0.00468]

	
[−0.0031; 0.00427]

	
[0.00271; 0.0382]




	
precip      t − 1    

	
−0.000126

	
0.000623

	
2.21e−06

	
5.87e−05

	
7.55e−05




	
[−0.00029; −1.06e−05]

	
[−0.000143; 0.00151]

	
[−5.16e−05; 5.01e−05]

	
[1.47e−05; 0.000106]

	
[−7.39e−05; 0.00023]




	
snow      t − 1    

	
−0.00028

	
0.000491

	
2.17e−05

	
6.75e−05

	
0.000347




	
[−0.000371; −0.000193]

	
[−0.000239; 0.00127]

	
[−2.7e−05; 7.21e−05]

	
[3.53e−05; 0.000112]

	
[0.000188; 0.000543]




	
CWD      t − 1    

	
0.000605

	
−0.000128

	
−3.07e−06

	
−4.21e−05

	
−0.00015




	
[0.000435; 0.000803]

	
[−0.00109; 0.00127]

	
[−0.000104; 0.000109]

	
[−0.000141; 2.17e−05]

	
[−0.000563; 0.000316]




	
AET      t − 1    

	
0.000634

	
−0.00233

	
−4.69e−05

	
−0.000158

	
−0.000785




	
[0.000394; 0.000901]

	
[−0.0045; 0.000135]

	
[−0.000238; 0.000207]

	
[−0.000372; 9.58e−06]

	
[−0.00158; −0.00018]




	
ASpck      t − 1    

	
−0.000236

	
0.00063

	
5.6e−05

	
1.64e−05

	
8.69e−05




	
[−0.000319; −0.000142]

	
[−0.00028; 0.00145]

	
[6.41e−06; 0.000106]

	
[−2.27e−05; 6.27e−05]

	
[−0.000615; 0.00109]




	

	
PIMO

	
PICO

	
ABMA

	
PIJE

	
ABCO




	
AvTemp      d e v , t − 1    

	
0.266

	
−0.0923

	
−0.0532

	
0.0809

	
−0.017




	
[0.193; 0.341]

	
[−0.264; 0.0499]

	
[−0.0731; −0.0164]

	
[0.0217; 0.161]

	
[−0.0317; 0.0242]




	
JanMin      d e v , t − 1    

	
0.0405

	
0.00663

	
−0.0325

	
0.0617

	
0.00547




	
[−0.00321; 0.0784]

	
[−0.136; 0.192]

	
[−0.0448; −0.0173]

	
[0.0102; 0.1]

	
[−0.00148; 0.0126]




	
JulMax      d e v , t − 1    

	
−0.024

	
−0.0238

	
0.00043

	
0.0254

	
−0.015




	
[−0.0587; 0.0428]

	
[−0.0723; 0.0595]

	
[−0.00728; 0.0109]

	
[−0.000453; 0.054]

	
[−0.0203; −0.00276]




	
precip      d e v , t − 1    

	
−1.79e−05

	
−0.000119

	
5.72e−05

	
−6.8e−05

	
8.15e−05




	
[−0.000143; 8.15e−05]

	
[−0.000358; 0.000168]

	
[1.09e−05; 1e−04]

	
[−0.000221; 4.93e−05]

	
[5.7e−05; 0.000108]




	
snow      d e v , t − 1    

	
−9.72e−06

	
−0.000121

	
6.95e−05

	
−0.000101

	
0.000114




	
[−0.000104; 9.86e−05]

	
[−0.000415; 0.000161]

	
[1.56e−05; 0.000137]

	
[−0.000297; 8.04e−05]

	
[8.03e−05; 0.000154]




	
CWD      d e v , t − 1    

	
0.00174

	
−0.000487

	
−0.000141

	
0.000746

	
−0.000194




	
[0.00119; 0.00247]

	
[−0.00124; 0.000273]

	
[−0.00031; −1.09e−06]

	
[0.000246; 0.0012]

	
[−0.000286; −0.000102]




	
AET      d e v , t − 1    

	
−0.00197

	
0.000892

	
0.000118

	
−0.00132

	
0.000277




	
[−0.00276; −0.00129]

	
[−0.000944; 0.00239]

	
[−7.62e−05; 0.000362]

	
[−0.00266; −2e−04]

	
[0.000136; 0.000389]




	
ASpck      d e v , t − 1    

	
−1.2e−06

	
−0.000136

	
2.24e−05

	
−7.82e−05

	
0.000121




	
[−0.000121; 0.000136]

	
[−0.000333; 0.000132]

	
[−4.14e−05; 7.31e−05]

	
[−0.00022; 7.38e−05]

	
[6.93e−05; 0.000252]




	

	
QUKE

	
QUCH

	
PILA

	
CADE

	
PIPO




	
AvTemp      d e v , t − 1    

	
0.0193

	
0.197

	
−0.000308

	
−0.0402

	
−0.0354




	
[−0.0282; 0.0848]

	
[−0.0303; 0.489]

	
[−0.0382; 0.0322]

	
[−0.0664; −0.00766]

	
[−0.166; 0.0382]




	
JanMin      d e v , t − 1    

	
0.0524

	
−0.184

	
0.00383

	
0.00739

	
0.0454




	
[0.0233; 0.0852]

	
[−0.353; 0.247]

	
[−0.0125; 0.0245]

	
[−0.0109; 0.024]

	
[−0.0127; 0.0985]




	
JulMax      d e v , t − 1    

	
−0.00655

	
0.168

	
0.007

	
−0.0177

	
−0.0157




	
[−0.0218; 0.0111]

	
[0.059; 0.263]

	
[−0.00472; 0.0209]

	
[−0.0263; −0.0101]

	
[−0.0354; 0.00754]




	
precip      d e v , t − 1    

	
0.000117

	
0.000448

	
4.78e−05

	
4.26e−05

	
4.89e−05




	
[−3.78e−05; 0.000247]

	
[−0.000289; 0.000972]

	
[−3.09e−05; 0.00012]

	
[−1.35e−05; 0.000104]

	
[−0.000192; 0.000266]




	
snow      d e v , t − 1    

	
8.85e−05

	
0.000334

	
7.46e−05

	
0.000148

	
0.000168




	
[−7.96e−05; 0.000318]

	
[−0.000861; 0.00172]

	
[−4.73e−05; 0.000154]

	
[7.42e−05; 0.000248]

	
[−0.000232; 0.000579]




	
CWD      d e v , t − 1    

	
−0.000581

	
0.00155

	
−0.000164

	
−0.000141

	
0.000234




	
[−0.00095; −0.000149]

	
[−3.18e−05; 0.00385]

	
[−0.000331; 8.21e−05]

	
[−0.000278; 2.59e−05]

	
[−0.000516; 0.000881]




	
AET      d e v , t − 1    

	
0.000902

	
−0.00294

	
0.000229

	
0.000153

	
−0.000225




	
[0.000499; 0.00136]

	
[−0.00631; 0.000564]

	
[−0.000253; 0.000529]

	
[−0.000148; 0.000422]

	
[−0.00113; 0.000736]




	
ASpck      d e v , t − 1    

	
0.000133

	
−0.000427

	
0.000113

	
8.14e−05

	
−0.000386




	
[−7.98e−05; 0.000343]

	
[−0.00217; 0.00161]

	
[2.16e−05; 0.000234]

	
[−3.51e−06; 0.000164]

	
[−0.00147; 0.000704]










Appendix D. Final Model
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Table A5. Parameter estimates for the final model including AvTemp of previous year, snow deviation of current year, precipitation of current year, and CWD deviation of previous year. 95% CI in brackets.






Table A5. Parameter estimates for the final model including AvTemp of previous year, snow deviation of current year, precipitation of current year, and CWD deviation of previous year. 95% CI in brackets.





	

	
DBH

	
Competition

	
Growth

	
Measurement

	




	

	
Error

	
Error

	




	

	
   β 1   

	
   β 2   

	
   σ growth   

	
   σ obs   

	




	

	
0.00118

	
−0.00119

	
0.752

	
0.695

	




	

	
[0.00111; 0.00128]

	
[−0.00125; −0.0011]

	
[0.743; 0.76]

	
[0.678; 0.725]

	




	
Species

	
Intercept

	
AvTemp     t − 1    

	
Snow     dev , t    

	
Precip    t   

	
CWD     dev , t − 1    




	
s

	
   β  0 , s    

	
   β  3 , s    

	
   β  4 , s    

	
   β  5 , s    

	
   β  6 , s    




	
PIMO

	
0.0597

	
0.00687

	
2e−04

	
0.000148

	
0.00219




	
[−0.87; 0.862]

	
[−0.0295; 0.039]

	
[−0.000449; 0.000802]

	
[−0.000483; 0.000799]

	
[0.00165; 0.0031]




	
PICO

	
−0.46

	
−0.0394

	
−0.00108

	
0.000661

	
−0.000566




	
[−2.34; 1.04]

	
[−0.0733; −0.00423]

	
[−0.00246; 0.00036]

	
[−0.000335; 0.00204]

	
[−0.00176; 0.00114]




	
ABMA

	
0.425

	
0.0127

	
0.000285

	
−0.00018

	
−7.16e−05




	
[0.327; 0.526]

	
[0.00666; 0.0179]

	
[0.000183; 0.000404]

	
[−0.000245; −0.000113]

	
[−0.000247; 0.000117]




	
PIJE

	
−0.197

	
0.0112

	
−0.000189

	
0.000262

	
0.000663




	
[−0.75; 0.308]

	
[−0.0153; 0.0394]

	
[−0.000722; 0.000461]

	
[−0.000221; 0.000697]

	
[0.000128; 0.00119]




	
ABCO

	
0.343

	
0.00161

	
0.000145

	
−4.92e−05

	
−0.000116




	
[0.249; 0.417]

	
[−0.0018; 0.00482]

	
[4.17e−05; 0.000238]

	
[−9.96e−05; 2.06e−05]

	
[−0.000223; −3.59e−05]




	
QUKE

	
0.453

	
0.0195

	
0.000564

	
−0.000387

	
−0.000171




	
[0.159; 0.99]

	
[0.00587; 0.0307]

	
[0.000217; 0.0012]

	
[−0.000779; −0.000171]

	
[−0.000632; 0.00017]




	
QUCH

	
2.18

	
−0.103

	
0.0027

	
−0.000904

	
0.00417




	
[0.517; 4.57]

	
[−0.221; −0.0119]

	
[−0.000111; 0.00477]

	
[−0.00201; 0.00057]

	
[0.00215; 0.00631]




	
PILA

	
0.636

	
−0.00686

	
0.000438

	
−0.000274

	
−9.36e−05




	
[0.446; 0.864]

	
[−0.0136; −0.00134]

	
[0.000163; 0.000687]

	
[−0.000439; −0.000131]

	
[−0.000324; 0.00013]




	
CADE

	
0.431

	
−0.00732

	
0.000415

	
−9.92e−05

	
1.75e−05




	
[0.324; 0.564]

	
[−0.0121; −0.00293]

	
[0.000239; 0.000593]

	
[−0.000191; −2.17e−05]

	
[−0.000148; 0.000191]




	
PIPO

	
0.856

	
−0.0498

	
0.000741

	
−0.000105

	
0.000528




	
[0.416; 1.32]

	
[−0.0873; −0.0106]

	
[−0.000162; 0.00203]

	
[−0.000457; 0.000188]

	
[−0.000355; 0.00164]










Appendix E. Effect of Different Climate on Growth for Common Species
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Figure A2. Example of simulated growth for three common species in YOHOPIPO during two distinct years: 1999 which was a dry year preceded by a wet year, and 2010 which was a wet year preceded by a dry year. Growth is computed using the final model and median values for diameter and competition. 
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Figure 1. Estimated parameters, with standard deviation, plotted against the observation timestep (number of years between two measurements). 
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Figure 2. Model structure. Parameters of the growth process are used to model annual growth every year. When the tree is measured an additional measurement process is used to estimate the observed diameter. 
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Figure 3. Latent state (tree size) is computed by the model (plotted as crosses, with uncertainty in red). Example for one tree of each of the four most common species: white fir (ABCO), red fir (ABMA), incense cedar (CADE) and sugar pine (PILA). 
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Figure 4. Range of plot average precipitation and temperature for the different species. Presence of trees for each species and each value of precipitation (left) and average temperature (right). The point sizes are proportional to the abundance of the species in the relevant plot. 
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Table 1. Plot description: name of the plot, elevation above sea level in meters, size in hectares, basal area at the establishment of the plot in m    2   , establishment year, and dominant species (those that make up more than 20% of the stand, species abbreviations given in Table 2).
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	Name
	Elev (m)
	Size (ha)
	BA (m     2    )
	Est
	Dominant Species





	YOHOPIPO
	1500
	1
	67.1
	1991
	ABCO, CADE, PILA



	BBBPIPO
	1609
	1
	68.8
	1992
	CADE, QUKE



	CCRPIPO
	1637
	1.1
	70.6
	1991
	CADE, ABCO



	CRCRPIPO
	1637
	1
	71.1
	1993
	ABCO, CADE



	FFS7CONTROL
	1941
	1
	80.2
	2001
	ABCO, PILA, CADE



	FFS6BURN
	2018
	1
	50.6
	2001
	ABCO, PILA



	FFS5BURN
	2030
	1
	78.8
	2001
	ABCO, CADE



	SURIP
	2033
	1.4
	90.7
	1982
	ABCO



	SUABCO
	2035
	0.9
	64
	1983
	ABCO, CADE



	SUPILA
	2059
	1.1
	74.1
	1983
	ABCO



	FRPIJE
	2106
	1
	19.4
	1983
	PIJE, QUKE



	FFS2BURN
	2128
	1
	75.9
	2001
	ABCO, ABMA



	LMCC
	2128
	2
	319.3
	1982
	ABCO, ABMA



	LOTHAR
	2167
	1.1
	85.9
	1984
	ABCO



	LOGSEGI
	2170
	2.5
	362.1
	1983
	ABCO



	UPTHAR
	2202
	1
	81.2
	1984
	ABCO



	LOLOG
	2207
	1.1
	70
	1985
	ABCO, ABMA



	UPLOG
	2210
	1
	54.1
	1985
	ABCO



	LOGPIJE
	2405
	1
	18.3
	1985
	ABCO, PIJE



	SFTRABMA
	2484
	1
	100.6
	1992
	ABMA



	WTABMA
	2521
	1
	56.9
	1993
	ABMA



	POFLABMA
	2542
	1
	105.9
	1994
	ABMA



	PGABMA
	2576
	1
	96.9
	1992
	ABMA



	EMSALIX
	2838
	1
	2.5
	1983
	PIMO, PICO



	EMSLOPE
	2950
	1
	19.7
	1983
	PIMO



	EMRIDGE
	3097
	1.1
	16.2
	1984
	PIMO
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Table 2. Species: scientific name, common name, code used throughout the article, total number of trees, and average annual growth rate in cm. The average annual growth rate is computed by dividing the total growth during an interval by the number of years.
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Species Name

	
Common Name

	
Code

	
Number of Trees

	
Annual Growth




	
Rate (cm)






	
Abies concolor

	
White fir

	
ABCO

	
6919

	
0.22




	
Abies magnifica

	
Red fir

	
ABMA

	
4663

	
0.17




	
Pinus contorta

	
Lodgepole pine

	
PICO

	
68

	
0.20




	
Pinus jeffreyi

	
Jeffrey pine

	
PIJE

	
282

	
0.20




	
Pinus monticola

	
Western white pine

	
PIMO

	
382

	
0.28




	
Pinus lambertiana

	
Sugar pine

	
PILA

	
2798

	
0.19




	
Pinus ponderosa

	
Ponderosa pine

	
PIPO

	
564

	
0.17




	
Calocedrus decurrens

	
Incense cedar

	
CADE

	
4821

	
0.15




	
Quercus chysolepis

	
Canyon live oak

	
QUCH

	
75

	
0.082




	
Quercus kelloggii

	
Black oak

	
QUKE

	
1274

	
0.12
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Table 3. Description of the climate variables: name used in this study, description of the variable, unit, mean and standard deviation across the plots and years.
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	Climate Variable Name
	Description
	Unit
	Mean Value
	Standard Deviation





	AvTemp
	average temperature
	     ∘  C   
	7.15
	2.15



	JanMin
	minimum temperature in January
	     ∘  C   
	−5.22
	2.79



	JulMax
	maximum temperature in July
	     ∘  C   
	19.26
	3.28



	precip
	total annual rain precipitation
	mm
	1190.72
	481.82



	snow
	total annual snowfall
	mm
	797.77
	415.99



	ASpck
	April snowpack depth
	mm
	403.79
	469.44



	CWD
	climatic water deficit
	mm
	492.42
	157.42



	AET
	actual evapotranspiration
	mm
	363.69
	90.66










[image: Table] 





Table 4. Results of estimation using simulated dataset. Parameter used to model the dataset (parameter value), median and 90% confidence interval of the estimated parameter.
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Parameter

	
    β 0    

	
    β 1    

	
    β 2    






	
Parameter value

	
0.28

	
0.002

	
−0.01




	
Parameter estimation

	
0.287

	
0.00183

	
−0.01020




	
[0.276; 0.294]

	
[0.00178; 0.00189]

	
[−0.01110; −0.00898]




	
Parameter value

	
0.28

	
0.002

	
−0.001




	
Parameter estimation

	
0.286

	
0.00183

	
−1.07e−03




	
[0.277; 0.296]

	
[0.00175; 0.00188]

	
[−2.26e−03; 6.62e−05]




	
Parameter value

	
0.28

	
0.002

	
−0.0001




	
Parameter estimation

	
0.286

	
0.00182

	
−5.37e−05




	
[0.277; 0.297]

	
[0.00176; 0.00188]

	
[−1.26e− 03;9.76e−04]
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Table 5. Effect of the climate variable on tree growth. ↓ when the 95% confidence interval of the parameter is negative,    ↑    when the 95% confidence interval of the parameter is positive, and nothing when 0 is in the 95% confidence interval of the parameter.
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	PIMO
	PICO
	ABMA
	PIJE
	ABCO
	QUKE
	QUCH
	PILA
	CADE
	PIPO





	AvTemp    t   
	
	↓
	↑
	↑
	↑
	↑
	↓
	↑
	
	↓



	JanMin    t   
	
	↓
	
	↑
	↑
	↑
	↓
	
	↓
	↓



	JulMax    t   
	
	↓
	↑
	
	
	↑
	
	
	
	↑



	precip    t   
	
	
	
	
	
	↓
	
	
	↑
	



	snow    t   
	
	
	↓
	
	
	↓
	
	
	↑
	↑



	CWD    t   
	↑
	↓
	↑
	↑
	
	↑
	
	
	↓
	



	AET    t   
	↓
	
	↑
	
	
	↑
	↓
	
	
	



	ASpck    t   
	
	
	↓
	
	
	↓
	
	↑
	
	



	AvTemp     d e v , t    
	↑
	
	
	↑
	
	
	
	
	↓
	↓



	JanMin     d e v , t    
	
	↓
	↓
	↑
	↑
	
	↓
	
	
	



	JulMax     d e v , t    
	
	
	
	
	
	
	↑
	
	↓
	



	precip     d e v , t    
	
	
	
	
	
	
	
	
	
	↑



	snow     d e v , t    
	
	
	↑
	
	
	↑
	
	
	↑
	↑



	CWD     d e v , t    
	↑
	
	
	↑
	
	↓
	↑
	
	
	



	AET     d e v , t    
	
	
	
	
	
	↑
	↓
	
	
	



	ASpck     d e v , t    
	↑
	
	
	
	↑
	↓
	
	
	
	



	AvTemp     t − 1    
	↑
	↓
	↑
	↑
	↑
	↑
	
	
	↓
	↓



	JanMin     t − 1    
	
	↓
	↑
	↑
	↑
	↑
	
	
	↓
	↓



	JulMax     t − 1    
	
	↓
	↑
	
	
	↑
	
	
	
	↑



	precip     t − 1    
	
	
	
	
	↑
	↓
	
	
	↑
	



	snow     t − 1    
	
	
	↓
	
	
	↓
	
	
	↑
	↑



	CWD     t − 1    
	↑
	↓
	↑
	↑
	
	↑
	
	
	
	



	AET     t − 1    
	↓
	
	↑
	
	
	↑
	
	
	
	↓



	ASpck     t − 1    
	
	
	↓
	
	
	↓
	
	↑
	
	



	AvTemp     d e v , t − 1    
	↑
	
	↓
	↑
	
	
	
	
	↓
	



	JanMin     d e v , t − 1    
	
	↓
	↓
	↑
	↑
	
	↓
	
	
	



	JulMax     d e v , t − 1    
	
	
	
	
	↓
	
	↑
	
	↓
	



	precip     d e v , t − 1    
	
	
	↑
	
	↑
	
	
	
	
	



	snow     d e v , t − 1    
	
	
	↑
	
	↑
	
	
	
	↑
	



	CWD     d e v , t − 1    
	↑
	
	↓
	↑
	↓
	↓
	
	
	
	



	AET     d e v , t − 1    
	↓
	
	
	↓
	↑
	↑
	
	
	
	



	ASpck     d e v , t − 1    
	
	
	
	
	↑
	
	
	↑
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