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Unabated anthropogenic greenhouse gas emissions have resulted in an unprecedented rise in 

global atmospheric CO2 (Ca) levels and a perhaps irreversible shift in the dynamics of global 

carbon cycling. Given that C3 plants are likely to be carbon limited at current Ca levels, there 

was previous optimism regarding the potential for increased carbon storage and water-use 

efficiency (WUE) in global forests. To address this question, scientists have turned to tree ring 

series to investigate long-term trends in growth and resource use in global forests. Unfortunately, 

our ability to draw accurate conclusions regarding the fate of forests from tree ring studies alone 

is limited by our inability to control for the multitude of environmental and developmental 

variables that confound long-term, climate-related signals in tree ring series. In this thesis I use 

principles of forest ecology to select forest types where long-term changes in growth and WUE 

can be estimated independently of the effects of stand and individual tree development, namely, 

chronosequence jack pine and self-replacing sugar maple forests in Ontario.  

To do so a novel tree ring standardization model is presented that uses tree diameter in the year 

of ring formation as the primary determinant of the underlying developmental trend. This method 



 
 

 
 

is shown to be superior to current models in separating developmental trends from long-term 

environmental/climatic signals in tree ring series from shade-tolerant species.  

In chronosequence jack pine stands I show increases in stand-level WUE but progressive growth 

decline. Water-use efficiency was negatively associated with tree growth, suggesting that 

warming- and drought-induced stomatal closure has likely led to deviations from expected Ca 

enhanced growth. In self-replacing sugar maple, I show that the response of neither growth or 

WUE to increasing Ca is conserved across the site- or landscape-levels. While it is evident that 

variability in soil moisture controls this response at the site-level, the drivers of variation across 

the landscape are unclear. Further, high-frequency climate sensitivity is not conserved across 

stands near the species northern range limit, nor is climate an important predictor of growth in 

these stands. These findings have important implications for range prediction of the species, as 

current distribution models are climate driven.  
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CHAPTER 1: ON THE INFLUENCE AND UNBIASED ESTIMATION OF CLIMATE-
RELATED TRENDS IN TREE RING SERIES 
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Every tree is an author- writing her autobiography from the day she first established. Her story is 
one of climates and forests passed, of a wildfire that licked her branches, of a harsh drought that 
lasted many summers, or of volcanic ash that blotted out the sun for years. These stories are 
among the oldest we have, but they are illegible to most. They are written in patterns of 
microscopic, lignified xylem cells - tree rings formed by the contrast between thin, rapidly 
dividing cells in the abundance of spring and the thick dark cells of fall that signal an imminent 
winter drought. Many scientists, including I, have attempted to interpret and share these stories 
through the study of dendrochronology – dendro meaning trees or growth of trees and chronos 
meaning time or “happening in the past”. 

It has long been understood that tree growth, and thus tree ring width, varies according to 

environmental conditions. The stories of climatic variation as told by tree ring series are long-

standing romances that have infatuated scientists since the days of Leonardo Da Vinci. However, 

the factors that control radial tree growth in a year are complex, aggregative, and usually 

completely confounded. Cook and Kairiukstis (1989) describes a tree-ring series as a linear 

aggregate of several unobserved subseries, where the series can be expressed as: 

Rt = At + Ct + δD1t + δD2t + Et 

Here, Rt is the observed ring-width series; At the age/size-related trend in ring width; Ct the 

climate-related environmental signal; δD1t the disturbance pulse caused by a local endogenous 

disturbance; δD2t the disturbance pulse caused by a stand-wide exogenous disturbance; and Et 

the unexplained year-to-year variability not related to other signals. 

This is perhaps the most useful, yet least respected equation in the field of modern 

dendrochronology. Inherent to this equation is the problem of multicollinearity of terms and, as 

such, difficulty in determining causation of observed trends in Rt. If one hopes to estimate the 

unique effects of one term they must effectively control for the remaining terms – a task made 

increasingly difficult by the notion that all terms often vary on similar timescales. In the 

following sections I will explain how each term in the equation contributes to expressed tree ring 

signals and examine how studies can implore controls on specific terms of the equation to 

unbiasedly estimate others (usually the climate related term, Ct). 

HIGH- AND LOW-FREQUENCY CLIMATE INFLUENCES ON TREE GROWTH 

Early dendrochronological studies focussed on the estimation of high-frequency climate-related 

trends in tree ring series. Long-lived, drought sensitive, coniferous species have long been the 



 
 

3 
 

subject of exploration regarding the effects of drought, growing season length and other climatic 

variables on tree ring width (e.g. Briffa et al. 1990, Luckman et al. 1997, Fritts 1991). Estimation 

of the primary drivers of tree growth response to climate is complicated by the multicollinear 

nature of climate variables. However, advanced statistical techniques, like ordination analyses 

and response function analysis (Cropper 1985, Zang and Biondi 2013) have allowed for the 

elucidation and estimation of independent effects of colinear climate variables that vary on 

annual, or otherwise, short time scales (i.e. high-frequency variation). Further, the relatively 

time-stable correlations between climate variables and subject trees have allowed long tree ring 

series to serve as a proxy for reconstruction of highly resolved annual climate variables, dating 

back to 500 AD (Briffa et al. 1990) 

As the focus of modern climate science has necessarily shifted to examine the effects of 

atmospheric forcing on global ecosystems, so too has the focus of dendrochronological studies. 

Modern studies attempt to estimate long-term, low-frequency responses of trees and forests to 

shifts in climate and changes in atmospheric CO2 concentrations (Ca), (e.g. Gedalof & Berg 

2010, Silva et al. 2010, Peñuelas et al. 2011). However, the previously common practice of 

sampling climate sensitive conifers on xeric sites has led to an over representation of these forest 

types in the literature and biases our understanding of the response of global forests to Ca (Zhao 

et al. 2019, Klesse et al. 2018a). Studies are necessarily shifting to less traditional forest types, 

where previously unexpected relationships with climate are being observed (Copenheaver et al. 

2020, Maxwell et al. 2019). Further, advances in the field of dendrochemistry have allowed for 

radically new ways to examine the physiological response of trees to environmental change via 

the process of stable isotope analysis (e.g. Farquhar et al. 1982, Saurer et al. 1998). Briefly, 

chemical analysis of stable isotopes in tree rings, specifically ratios of δ13C and δ18O, can tell us 

how efficiently trees use water, where their water comes from, and how often they exchange it 

with the atmosphere. The reader is directed to Chapters 2, 4 & 5 of this thesis as well as to 

McCarroll and Loader (2004) for a more thorough review of the interpretations that can be 

drawn from tree ring wood stable isotope series as well as their applicable methodologies.  

Increased Ca is a unique driver of global environmental change in that its effect is pervasive and 

ubiquitous across global terrestrial ecosystems. As C3 plants, photosynthetic processes in trees 

are not yet carbon saturated at current Ca levels. As such, global forests may benefit from carbon 
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fertilization – whereby plant responses to rising Ca may lead to increased terrestrial-ecosystem 

carbon storage, causing a negative feedback on increasing Ca (Walker et al. 2020). It is estimated 

that the terrestrial carbon sink moderates 33±9% or about 3.61 Pg C/year of global 

anthropogenic CO2 release (Friedlingstein et al. 2019, Keenan and Williams 2018). However, the 

fate of the terrestrial carbon sink in reference to its size and duration is a longstanding and 

unresolved issue in the scientific literature (Pugh et al. 2020, Walker et al. 2020). Our inability to 

accurately predict the fate of the terrestrial C sink results from it being subject to three complex 

and competing drivers: 1) plant physiological adjustment, 2) changes in biomass production, and 

3) changes in plant mortality rates. I explore each of these briefly below, in reference to tree 

species only, but recognize that other terrestrial ecosystems play a large role in global terrestrial 

C cycling (Keenan and Williams 2018).  

Atmospheric CO2 directly stimulates photosynthesis by increasing the carboxylation rate of the 

RuBisCO enzyme (Bazzaz 1990) while simultaneously decreasing the oxygenation reaction, and 

thereby, photorespiration (Farquhar et al., 1982). As such, under increased Ca, photosynthetic 

capacity should increase in leaves that were previously light-limited (Körner 2006). Further, 

elevated Ca increases the diffusion gradient of CO2 into the intercellular space thereby reducing 

stomatal conductance and evapotranspirative loss. Theoretically, rising Ca should, therefore, 

increase tree-level intrinsic water use efficiency (WUE) – the ratio of carbon assimilation to 

water loss via stomata. Increases in WUE will work to overcome the effect of water stress 

(Morgan et al. 2004; Wullschleger et al. 2002). However, the degree to which drought stress can 

be mitigated will be site- and species-specific (Battipaglia et al. 2013; Keenen et al. 2013) as it is 

moderated by two distinct mechanisms at the leaf-level: stomatal conductance (gs) and 

photosynthetic capacity (A). 

Direct evidence for adjustment and change in tree-level photosynthetic capacity and WUE is 

limited to experimental evidence produced by Free Air Carbon Enrichment (FACE) experiments, 

whereby stands are subject to experimentally elevated Ca (see Norby et al. 2016 and Walker et 

al. 2021 and within). To date, FACE studies have suggested that while increases in A are 

prevalent across species (Walker et al. 2020 and within), they typically occur on short time 

scales after which maximum photosynthetic capacity is subject to down regulation (e.g. 

Ainsworth & Long 2005, Ainsworth & Rogers 2007). Alternatively, FACE studies have shown 
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rapid increases in WUE across species and sites but the drivers of this increase, namely A or gs, 

have been shown to be site- and species-specific (Battipaglia et al. 2013, Keenan et al. 2013).  

Observational evidence in tree ring studies is even less consistent. While studies have shown 

increased WUE across many species these results are difficult to separate from concurrent 

environmental drivers (i.e. changing precipitation regimes). Further, as discussed below, failures 

of most tree ring studies to account for physiological changes related to tree ontology likely 

biases long-term estimations of WUE (Brienen et al. 2017, Marchand et al. 2020). It is generally 

accepted that forests have likely experienced some level of increased photosynthetic capacity or 

change in resource use efficiency, but increases were mitigated by downregulation of maximum 

photosynthetic rates following progressive nutrient limitation of a competing resource like 

nitrogen or water availability (Giguère-Croteau et al. 2019, Walker et al. 2020, Huang et al. 

2007).  

In trees previously limited by C acquisition (i.e. low-light or tree line forests), theory suggests 

increased A resulting from elevated Ca should lead to increased biomass production. However, 

experimental evidence from FACE experiments has shown modest growth increases only in 

early-successional forests (Norby et al. 2005, Walker et al. 2019) and no growth changes in late-

successional or low-productivity forests (Bader et al. 2013, Klein et al. 2016, Ellsworth et al. 

2017, Jiang et al. 2020). Similarly, there is no consensus regarding increased wood biomass 

production that can be derived from global forests via tree ring studies due to 1) the high 

diversity of responses noted across forest biomes (Peñuelas et al. 2011, Silva & Anand 2010, 

Girardin et al. 2011, Gedalof & Berg 2010), 2) the difficulties of accounting for concurrent 

environmental change, and 3) the pervasive role of sampling biases in tree ring studies 

(Duchesne et al. 2019), (discussed below).  

Finally, increases in mortality rates reduce vegetation residence times and have the potential to 

offset any biomass gains resulting from C enhanced growth (Körner, 2017). Even with increases 

in WUE it is expected that many forests will endure drought stress that exceeds their adaptive 

capacities (See Allen et al. 2015). Further, many of the processes that influence mortality risk in 

tree species are known to be size-dependent (e.g. hydraulic stress, wind throw, and pest and 

pathogen risk). Accelerated growth in tree species has been shown to be associated with faster 

ontogeny and thus earlier mortality and these growth-lifespan trade offs have indeed been shown 
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to be ubiquitous across species (Brienen et al. 2020). Thus, faster C pool turnover is expected 

even if forests experience carbon enhanced growth.  

Indeed, substantial increases in tree mortality have been noted across North America (van 

Mantgem et al. 2009; Peng et al. 2011) spanning from the boreal forests of Alaska (Peng et al. 

2011) to the semiarid forests of Southwestern, USA (Williams et al. 2013). The combination of 

warmer temperatures and more severe drought are being increasingly recognized as significant 

drivers of terrestrial vegetation change (Allen et al. 2010; Smith 2011; IPCC 2012) as 

widespread regional forest die off has implications for maintenance of ecosystem services (Allen 

at el. 2015) and, of course, global terrestrial carbon cycling (McDowell et al. 2013).  

Accurate estimation and prediction of the terrestrial carbon budget will undoubtedly require 

incorporation of multiple lines of evidence additional to global tree ring databases. That said, tree 

ring data is an invaluable resource for estimation of the trajectory and climate response of global 

forests. However, as will be discussed, unbiased estimation of long-term, climate-related signals 

is complicated by (1) confounding environmental signals and (2) statistical artefacts arising from 

sampling decisions. Conclusions that can be drawn from tree ring studies in the literature are 

currently limited by the fact that both, the former especially, have been largely ignored in the 

vast majority of previous studies.  

DEVELOPMENTAL TRENDS IN RADIAL TREE GROWTH AND SAMPLING BIASES 

As trees grow larger and mature, they experience inevitable changes in physiology (e.g. as a 

result of increased hydraulic resistance), resource availability (e.g. sunlight, water, and nutrient 

availability) and resource allocation (e.g. masting). It follows that radial growth, as measured by 

tree ring width, across tree lifespan is subject to underlying developmental trends that must be 

accounted for prior to estimation of climate-related signals. The process of removing 

developmental trends from tree ring series is commonly referred to as tree ring standardization 

and is a well-established field in the study of dendrochronology.  

When dendrochronological studies primarily focussed on growth response to high-frequency (i.e. 

annual) climate variation, this phenomenon was less problematic, given that developmental 

trends vary on timescales much longer than annual climate variation. Accordingly, low 

frequency ontogenic-related trends could be removed from individual tree ring series using time-
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dependent regression or spline fitting techniques while maintaining high-frequency, climate-

related variation in the series (See Cook & Kairiukstis 1989). However, as discussed, the focus 

of dendrochronological studies has shifted to examination climate-related trends that vary on 

longer timescales (i.e. 50-100 years), (e.g..Esper, Cook & Schweingruber 2002, Gedalof & Berg 

2010, Esper et al. 2003). Low-frequency, ontogenic trends in tree ring series hinder accurate 

estimation of long-term climate signals in two respects: (1) in that they vary on timescales 

similar to, and are therefore confounders of, long-term climate signals, and (2) in that differences 

in contemporaneous growth rates of trees, coupled with prevalent size-dependent mortality rates 

(Brienen et al. 2020), lead to inevitably unbalanced sampling designs for older trees (Brienen et 

al. 2012).  

Modern tree ring standardization techniques (see Helama et al. 2004, Helama et al. 2017, Briffa 

& Melvin 2011) have attempted to circumvent problem (1) above by aligning multiple tree ring 

series by age and attempting to estimate a communal age-related trend from the aligned series. 

Once the age-trend is estimated it can be removed from the individual series via subtraction 

(model residuals) or by calculation of new tree ring indices. While these methods are designed to 

minimize bias associated with estimation of the underlying development trend, they are often ill-

applied to trees of a single age group or cohort. As shown by Briffa and Melvin (2011), 

communal trend standardization methods will only produce unbiased estimates when the sample 

contains trees of multiple cohorts/ages that, therefore, experienced external climate and/or 

environmental signals at different points during tree lifecycle.  

Further, the practice of estimating an age-deterministic standardization model may not be 

appropriate for trees species where developmental trends are related more to tree size (i.e. 

position in the canopy) than to tree age, or in large trees where accurate age estimation can be 

difficult. This is especially true for shade-tolerant species, where release from overstory canopy 

suppression is a stochastic process not related to tree age. The inapplicability of age-

deterministic standardization models for shade-tolerant tree species motivates Chapter 3 of this 

thesis. Chapter 3 presents a tree ring standardization model that is deterministic according to tree 

diameter in the year of ring formation rather than age. I show that this model more accurately 

estimates developmental trends in tree ring series in modelled data and tree ring data, especially 

in shade-tolerant species.  
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However, the model presented there does not propose to be a silver bullet; the problems of 

sample biases for long-term growth estimation persist. More specifically, sample biases arise 

from differences in the contemporaneous growth rates of individual trees. If sampling strategies 

employ minimum size or maturity thresholds (e.g. trees >30 cm DBH or dominant trees only) the 

sample will only contain the fastest growing individuals of the youngest cohort to be included in 

the sample (see Brienen et al. 2012). This sampling bias – termed big tree selection bias – will 

produce inflated growth rates in more modern trees and the resultant chronology will exhibit a 

net positive trend over time due to sampling bias alone. Fortunately, this bias is avoidable by not 

employing minimum tree size thresholds in sampling and instead sampling according to the 

underlying age distribution of stands (except in single cohort stands, see above).  

An unavoidable sampling bias is slow-grower survivorship bias whereby, as a consequence of 

size-dependent mortality processes, the oldest trees in a sample are likely to be the slowest 

growing individuals of that cohort. This bias will artificially deflate growth rates for the oldest 

trees in the sample and again the resultant chronology will exhibit a net positive trend over time 

(Brienen et al. 2012). This bias was originally thought to be prevalent only in some species, but 

there is a growing understanding that mortality processes are likely to be size-dependent across 

all tree species (Brienen et al. 2020). As such this bias is likely to infiltrate all tree ring-based 

estimates of long-term forest growth to some degree. Accordingly, there is contentious debate in 

the scientific community whether tree ring series can be reliably used to estimate long-term 

trends in growth rates. This issue is an open question beyond the scope of this thesis but will 

need to be addressed if we hope to exploit the indeterminable potential of tree ring data sets for 

questions related to long-term growth in forests.  

Tree size and tree height influences physiological processes in trees. As trees grow taller, they 

experience changes in hydraulic conductance, photosynthetic capacity and access to above and 

below ground resources. It follows that there are inevitable consequences for A and gs, and thus 

WUE, as trees grow larger and taller. It has long been understood that tree height influences tree-

level WUE, a measured via δ13C (McDowell et al. 2011). Nonetheless, the logic motivating the 

field of tree ring standardization failed to infiltrate the emerging field of dendrochemisty. To date 

the vast majority of ring isotopic series implicitly assume that isotopic series do not require 

preprocessing to remove developmental tends from the series. Further, the matter of sample 
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biases is seldom noted in isotopic studies, where sampling is almost always limited to 

codominant or dominant trees. Given the growing evidence for size-related developmental trends 

in tree-ring isotopic composition (Brienen et al. 2017; Klesse et al. 2018a; Marshall et al. 2001), 

this strategy is likely to produce biased estimates of long-term climate-related trends in isotopic 

chronologies. Indeed, there is now evidence to suggest that the failure of previous studies to 

account for developmental effects has led to considerable overestimations of temporal rises in 

WUE inferred from tree ring studies in global forests (Brienen et al. 2017, Marchand et al. 2020). 

It is crucial that studies carefully control for developmental trends in tree ring width and isotopic 

series using methodologies that are both ecologically appropriate and independent of the long-

term signals they are hoping to isolate. Further, limitations of long-term growth estimation from 

tree ring studies that stem from sample biases or the inability to sample across multiple age-

classes (e.g. single cohort stands) must be acknowledged in future studies and in all 

interpretations of previous research.   

DISTURBANCE AND STAND-RELATED INFLUENCES ON RADIAL TREE GROWTH 

Endogenous disturbance in stands is defined as a disturbance event that affects one or a small 

number of local trees (i.e. windthrow or fall of senesced trees). Disturbance of this type is 

thought to be inherent to stand succession. Alternatively, exogenous disturbance is defined as an 

event that effects autogenic processes or succession of an entire stand. In reality, it is difficult to 

distinguish the boundary between each in forest ecosystems (Borman and Likens 1979) and 

many disturbances fall along the spectrum of local to stand-replacing events. Endogenous or 

tree-level disturbances play a clear role in individual tree growth. Local trees can be released 

from suppression and acquire increased access to water and nutrients following the death of a 

neighboring tree. This process adversely affects long-term growth rates for affected trees. 

Indeed, many studies have examined suppression release signals in growth and resource use 

efficiency of trees following insect disturbance, overstory thinning, or canopy tree mortality in 

tree ring studies.  

The role of stand-level exogenous disturbance in determining tree growth rates is less overt, but 

equally important. Large-scale, stand-replacing disturbance resets forest autogenic processes and 

is proceeded by stages of forest reestablishment and transition of dominance by increasingly late-
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successional species. As post disturbance forests transition through succession there are 

inevitable changes in species composition and density, resource availability and shifts in which 

resources are limiting (Bormann & Likens 2012).  

In the Eastern forest-boreal transition zone and boreal forest. forest succession following stand-

replacing exogenous disturbance can be described by four, more or less, distinct phases: 1) 

reorganization, where standing biomass in the system steadily declines, 2) aggradation, where 

biomass is aggregated by the system as early seral, shade-intolerant species come to maturity, 3) 

transition, where trees from the original cohort begin to senesce and are eventually replaced by 

shade-tolerant species and finally, 4) steady state where shade-tolerant, late-successional species 

form a multi-cohort canopy that is maintained by stochastic endogenous disturbance (Bormann 

and Likens 1979, Angelstam & Kuuluvainen 2004). The first three phases are characterized by 

transition within the stand as competition dynamics and resource availability inevitably shift 

though time. Dominance by new species during the transition phases is determined by species’ 

resource-use efficiency for transitioning limiting resources (i.e. light, water, nitrogen). 

Alternatively, cyclical mortality and regeneration processes in the steady state phase cause 

species composition, biomass and density to remain relatively stable across the stand-level 

(Bormann and Likens 1979).  

The proportions of forests on the landscape that exist in each phase are determined by exogenous 

disturbance frequency (see Figure 1.1). In the case of Eastern forest-boreal transition zone and 

boreal forests - the fire return interval. Where fire return intervals are short stands may never 

leave the aggradation phase and forests will be comprised of single-cohort, early successional, 

shade-intolerant species (Angelstam & Kuuluvainen 2004). In the boreal forest, dry, low-fertility 

sites are characterized by single-cohort jack pine (Pinus banskiana) stands, the maximum age of 

which is determined by the fire return interval for the area.  
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Figure 2.1: A model showing expected stand dynamics given fire frequency (vertical) and time 
since disturbance (horizontal) based on the Rückler et al. (1994) ASIO (absent, seldom, 
infrequent, often) fire regime model and the Angelstam (1998) ASIO stand dynamics model. 
Chronosequence jack pine stands examined in Chapter 2 are representative of pinus cohort 
dynamics (bottom) and self-replacing sugar maple stands examined in Chapters 4 and 5 are 
representative of late-successional, gap phase dynamics (top right). Graphic by F. Wayne Bell 
(OMNRF). 

Alternatively, fire must be absent for 100-300 years, depending on tree species and geographic 

region, for stands to enter the steady state phase (Angelstam & Kuuluvainen 2004). In Ontario’s 

St-Lawrence transition forest and Carolinian forest ecozones, highly shade-tolerant sugar maple 

(Acer saccharum Marsh.) competitively excludes other woody species and forms pure, self-

replacing, multi-cohort stands. In areas dominated by infrequent or absent high-intensity 

disturbance, like wildfire or logging activity, and semi-frequent low-intensity disturbance 

(Poulsan and Plat 1996), like local windfall, old-growth sugar maple stands can represent steady 

state ecosystems (Bormann and Likens 1979). 
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So how do we control for the effects of endogenous and exogenous disturbance when both are 

occurring simultaneous to each other and to other long-term environmental and climatic signals 

in forests? As it stands, the vast majority of tree ring studies do not attempt to isolate the effects 

of succession-related trends in tree growth and resource-use from the long-term signals of 

interest as it is practically impossible to do so in the majority of forest types. There are, however, 

forest ecologies where the effects of exogenous and endogenous disturbance can be estimated or 

discounted. More specifically, in this thesis I examine long-term climate response in stands on 

either end of the succession spectrum: 1) chronosequence single-cohort jack pine and 2) old-

growth, self-replacing sugar maple.  

In Chapter 2 I examine tree ring chronologies from 19 single-cohort jack pine stands in northern 

Ontario. The stands vary from 9-130 years of age, initiated after stand-replacing fire (n=15) or 

clear cut (n=4) and inhabit relatively local conditions (maximum distance between stands is 

70km) and therefore similar climate. In these stands the influence of regeneration after 

exogenous disturbance can be estimated independently of climate-related trends by sampling 

across a local chronosequence. In this case stand dynamics related to changes in competition and 

resource availability are removed simultaneous to developmental trends during tree ring 

standardization. This is possible because each single-cohort stand will transition through stand 

development in a similar manner but climate-related signals will be realized at different parts of 

their development. Further, we can control for endogenous, local disturbances simply by not 

sampling trees that have been subject to local events like windfall. This is possible in these 

stands given that they are characterized by frequent stand-replacing disturbance and rarely reach 

the transitional phase where endogenous disturbance becomes significant. 

In Chapters 4 and 5 I examine tree ring chronologies from pure, multi-cohort sugar maple stands 

in Ontario, which have no apparent history of anthropogenic disturbance. These stands are 

presumed to have reached the steady state phase, which is characterized by J-shaped diameter 

distributions (Oliver & Larsen 1996, Kuuluvainen et al. 1998) and uneven ages in the oldest 

cohort (Kuuluvainen et al. 2002, Bormann and Likens 1979). In these stands we can discount the 

effect of succession-related change following exogenous disturbance because the disturbance 

was temporally distant enough that it is no longer ecologically relevant. Turnover in these stands 

is instead moderated entirely by local endogenous disturbance events like windfall. Since 
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endogenous disturbance is stochastic, ecosystem nutrient and competitive dynamics, that are 

subject to this disturbance stay relatively stable across the stand-level. As above by sampling 

trees of varying ages, long-term changes in tree growth and physiology that are related to release 

from suppression can therefore be estimated independently of climate-related trends and are 

accounted for in the process of tree ring standardization.  

OBJECTIVES 

It follows that the objective of this thesis is to explore the response of two Ontario forest types, 

single-cohort jack pine and multi-cohort, self-replacing sugar maple, to rising Ca levels and 

concurrent climate change. Specifically, I will examine the response of tree growth and 

physiological variables, namely WUE, to high-frequency climate variation and low-frequency 

changes in Ca. The objectives of each individual chapter are as follows: 

Chapter 2: Climatic sensitivity, water-use efficiency, and growth decline in boreal jack pine 

forests in northern Ontario; 

o To determine how WUE in jack pine is regulated by Ca.  

o To determine the climatic factors that control WUE and growth in jack pine and how 

these factors have influenced growth over the past 100 years.  

o To determine if increases in WUE were associated with changes in growth after 

accounting for other climatic variables. 

Chapter 3: Trees do not always act their age: Size-deterministic tree ring standardization for 

long-term trend estimation in shade-tolerant trees; 

o To demonstrate that previous tree ring standardization techniques are inappropriate for 

estimating developmental trends in tree ring series of shade-tolerant trees when low-

frequency environmental signals are present. 

o To demonstrate the effectiveness of size-deterministic tree ring standardization models 

for estimating developmental trends in tree ring series of shade-tolerant and -intolerant 

tree species when low-frequency environmental signals are present.  

Chapter 4: Site-level soil moisture controls water-use efficiency improvement and climate 

response in sugar maple: a dual dendroisotopic study; 
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o To determine the role of tree size in influencing isotopic chronologies in sugar maple.  

o To determine if and how soil moisture controls sensitivity of growth, WUE and δ18O (as 

a proxy for gs) to high-frequency climate in sugar maple. 

o To determine if and how soil moisture controls long-term trends in growth, WUE and 

δ18O in a sugar maple stand. 

Chapter 5: Rising atmospheric CO2 does not induce consistent increases in water-use efficiency 

or growth in sugar maple stands near their northern range limit; 

o To determine the sensitivity of growth, WUE and δ18O to high-frequency climate 

variables for sugar maple stands near their northern range. 

o To determine if and how increased Ca has influenced long-term trends in growth, WUE 

and δ18O after controlling for the concurrent effects of high-frequency climate variation. 

o To determine if growth and physiological sensitivity to high- and low-frequency climate 

is conserved across the species’ northern ecotone.  
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CHAPTER 2: CLIMATIC SENSITIVITY, WATER-USE EFFICIENCY, AND GROWTH 

DECLINE IN BOREAL JACK PINE (PINUS BANKSIANA) FORESTS IN NORTHERN 

ONTARIO 
 

The content of this chapter has been published in Dietrich, R., Bell, F. W., Silva, L. C., Cecile, 

A., Horwath, W. R., & Anand, M. (2016). Climatic sensitivity, water‐use efficiency, and growth 

decline in boreal jack pine (Pinus banksiana) forests in Northern Ontario. Journal of 

Geophysical Research: Biogeosciences, 121(10), 2761-2774. 
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2.1. ABSTRACT  

Rises in atmospheric carbon dioxide (atmCO2) levels are known to stimulate photosynthesis and 

increase intrinsic water-use efficiency (WUE) in trees. Stand-level increases in WUE depend on 

the physiological response of dominant species to increases in atmCO2, while tree-level response 

to increasing atmCO2 depends on the balance between the direct effects of atmCO2 on 

photosynthetic rate and the indirect effects of atmCO2 on drought conditions. The aim of this 

study was to characterize the response of boreal jack pine (Pinus banksiana) stands in Northern 

Ontario to changes in atmCO2 and associated climatic change over the past 100 years. The impact 

of changes in growing season length, temperature, and precipitation, as well as atmCO2 on tree 

growth, was determined using stable carbon isotope and dendrochronological analysis. Jack pine 

stands in this study were shown to be in progressive decline. As expected, WUE was found to 

increase in association with rising atmCO2. However, increases in WUE were not directly coupled 

with atmCO2, suggesting that the degree of WUE improvement is limited by alternative factors. 

Water-use efficiency was negatively associated with tree growth, suggesting that warming- and 

drought-induced stomatal closure has likely led to deviations from expected atmCO2-enhanced 

growth. This finding corroborates that boreal forest stands are likely to face continued stress 

under future climatic warming.  

2.2. INTRODUCTION  

Over the past few decades carbon uptake by the global forests has been equivalent in magnitude 

to ~50% of fossil fuel carbon emissions (Pan et al., 2011; Le Quéré et al., 2009) As such, the 

response of global forests to the climatic and environmental changes associated with increasing 

atmCO2 has large implications for future climatic forcing. Decreased stand growth or increased 

mortality, as a result of climate forcing or changing competition dynamics, is expected in stands 

already at their warm-range limits (Huang et al., 2007). Alternatively, stands inhabiting their 

species’ cold range limits, i.e., extreme latitude or elevation limits, may benefit from increased 

temperatures given they are not associated with extreme drought (Huang et al., 2007).  

In addition to temperature and precipitation relationships, rising atmCO2 has direct consequences 

for plant growth. In plants where photosynthetic rate is not limited by temperature or 

belowground resource availability, increased atmCO2 may directly stimulate photosynthesis 



 
 

17 
 

through increased reaction rate of the RuBisCO enzyme (Bazzaz, 1990). Further, reduced plant 

CO2 requirements decrease stomatal conductance and evapotranspirative loss thereby increasing 

intrinsic water-use efficiency (WUE), (Huang et al., 2007). Rises in WUE, the ratio of carbon 

fixation (A) to stomatal conductance (gs), are moderated at the leaf level through changes in leaf 

internal CO2 concentrations (iCO2) that directly influence photosynthetic rates (Norby et al., 

2005), (See Seibt et al., 2008; Saurer et al., 2004). For example, if plants are able to 

preferentially close their stomata and keep a relatively constant iCO2, WUE will rise 

dramatically. Alternatively, if iCO2 increases with atmCO2, WUE increases will be constrained or 

null. The response of iCO2 to atmCO2 is known to be both species- (Körner, 2003) and site-

specific (Battipaglia et al., 2012; Keenan et al., 2013). Increases in WUE will work to overcome 

the effect of water stress. However, if water stress imposed by atmCO2-related drought events is 

too severe, the direct effect of atmCO2 on WUE will be insufficient to account for photosynthetic 

halting due to drought-induced stomatal closure. As such tree-level response to increasing atmCO2 

depends on the balance between the direct effects of atmCO2 on photosynthetic rate and the 

indirect effects of atmCO2 on drought conditions (Silva and Anand, 2013).  

Increased photosynthetic capacity promotes production of non-structural carbohydrates (NSCs), 

the building blocks of woody, leafy, and root tissues in trees. However, carbon assimilation and 

growth depend on other factors that limit cell division, namely, temperature and water and 

nutrient availability. In stands where growth has historically been limited by photosynthetic rate, 

increases in atmCO2 and WUE may be positively associated with growth. Further, in stands 

experiencing moderate water stress, increased WUE promotes NSC synthesis and assimilation to 

plant tissue (Norby et al., 1999). Alternatively, stands where growth is limited not by 

photosynthetic rate but by an alternative environmental factor are said to be carbon saturated. 

These stands will be unlikely to experience growth benefits from increased photosynthetic rates 

or WUE.  

Short-term experimental studies, including Free-Air CO2 Enrichment experiments, have 

attempted to confirm carbon-enhanced growth in mature trees (Asshoff et al., 2006; Körner, 

2005; Norby et al., 2005). Reviews of these findings suggest that direct CO2 enrichment typically 

increases tree-level WUE and growth, but these gains may be slowed as other environmental 

factors, typically nutrients, become limiting (Norby and Zak, 2011; Ainsworth and Long, 2005). 
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The gradual carbon saturation noted in these experimental studies is thought to characterize the 

response of global forests to gradual increases in atmCO2 over recent decades. Further, global 

analyses of tree ring data have suggested that the effect of carbon enrichment is largely absent 

(Camarero et al., 2015; Granda et al., 2014; Silva and Anand, 2013; Peñuelas et al., 2011; 

Gedalof and Berg, 2010) and that improved WUE has not been translated into increased 

secondary growth in temperate and boreal forests (Linares and Camarero, 2012; Silva et al., 

2010) Further, some studies have noted decreasing growth in boreal species (De Jong et al., 

2012; Girardin et al., 2012; Wang et al., 2011). The factors controlling deviations from expected 

atmCO2 growth enhancements are diverse and poorly understood (Gagen et al., 2011; Peñuelas et 

al., 2011) so given the large contribution of forests to terrestrial carbon storage there is an 

evident need to resolve this information.  

As a whole, the boreal forest exhibits low species diversity with much of its area being 

composed of stands dominated by only one or two species. Thus, increased understanding of 

species-specific responses to increasing atmCO2 and associated changes in climate can help to 

determine response of the ecosystem on a larger scale. In this study, we examined the response 

of boreal jack pine (Pinus banksiana) stands in Northern Ontario to changes in climate. 

Specifically, we examined the following questions: (1) How is WUE in jack pine regulated by 

atmCO2? (2) What climatic factors control WUE and secondary growth in jack pine and how have 

these factors influenced growth over the past 100 years? (3) Are increases in WUE associated 

with changes in secondary growth after accounting for other climatic factors?  

2.3. METHODS  

Site description 

Nineteen even-aged jack pine stands ranging in establishment dates from 1872 to 1999 in a 30 

km radius of Silver Dollar, Ontario, were studied (Figure 2.1). All stands were being used in a 

chronosequence study conducted by the Ontario Ministry of Natural Resources and Forestry 

(OMNRF). As such, basic stand data (i.e., history, stand age, composition, and soil type) were 

made available by OMNRF staff. Average stand age ranged from 9 to 130 years, with five stands 

under the age of 20, five between 20 and 60, six between 60 and 100, and three being over 100 

years old. Fifteen of the sites originated from stand-replacing fire, and four developed after clear-

cut harvest. These sites are since undisturbed and unmanaged, with the exception of one harvest 
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origin site established in 1980 and thinned in 2008–2009. This relatively remote location in 

Northwestern Ontario helps reduce the effect of simultaneous anthropogenic changes in short- to 

medium range atmospheric pollutants, particularly NOx, SO2, ozone, and particulates that have 

been shown to have significant effects on tree growth and nutrient cycling (Dietze and 

Moorcroft, 2011). All stands were jack pine dominated, with many of the older stands containing 

younger poplar (Populus sp.), balsam fir (Abies balsamea), black spruce (Picea mariana), and/or 

white spruce (Picea glauca) in the understory. The soil on all sites was a deep (>50 cm) 

OrthicHumo-Ferric Podzol (Soil Classification Working Group, 1998). For the fire origin sites, 

all Ae and  Bf horizons were coarse sand, silty sand, or loamy sand (mean percent of sand, silt, 

and clay was 84.4 ± 8.3, 11.5 ± 7.8, and 4.1 ± 1.6, respectively) and mean pH was 5.4 ± 0.2, 

while the LFH layer was thin (1 to 2 cm) on all sites. Detailed soil data were not available for the 

four harvest origin sites. 

Climate data  

Monthly interpolated climate data for a single centrally located point at 49.849915°N, 

91.304131°W for the period 1901 to 2007 were obtained from Canadian Forest Service using the 

model outlined in McKenney et al. (2006). The study sites had a mean annual precipitation of 

690 mm per year, a mean annual temperature of 1°C, and typically experienced a 165-day 

growing season. Rainfall was seasonal, with about 65% occurring during the growing season. 

July is typically the hottest month of the summer, while August is the driest, so drought may 

occur during the growing season.  

Species description  

Jack pine is a short-lived, shade-intolerant pioneer species native to eastern and central boreal 

forests, with a range extending south to surround the great lakes Superior, Michigan, and Huron 

in Minnesota, Wisconsin, and Michigan (Rudolph and Laidly, 1990). Through the use of 

common garden trials, Thomson and Parker (2008) showed that the “optimal latitude” for this 

species is between 46°N and 47°N, slightly south of our study sites (~50°N). Jack pine is 

frequently found on xeric, well-drained sites but grows faster in mesic conditions and is 

considered relatively drought-tolerant (Rudolph and Laidly, 1990).  
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Sampling and chronology preparation  

At each of the 19 sites, 10 dominant/codominant canopy trees were sampled at 25 m intervals 

along a linear transect, offsetting then doubling back if stand boundaries were reached. In July 

2011, two perpendicular cores per tree were taken at 1.3 m above the ground then sanded, 

scanned, and measured using WinDendro (Regent Instruments, Quebec, Canada). Cores with 

intact bark were dated directly; other cores were visually and statistically cross dated against 

these using t-trend statistics in Corina (Brewer et al., 2010). The stands were known to be even 

aged; to reduce the effect of missing pith years when standardizing the chronology, all series 

were assumed to originate in the year of stand establishment for the purposes of determining age. 

The sample depth (number of series included in the chronology) of the chronology is provided in 

Figure 2.2.  

A modified regional curve standardization (RCS) approach was used to remove the communal 

age trend from individual ring width series. Traditional standardization techniques are not 

Figure 2.1: Location of 19 jack pine dominated stands of various ages used in this study. See 
inset for location within Canada. 
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equipped to detect variance on time scales longer than the length of the individual tree series; so 

gradual CO2 increases over a long time period can incorrectly absorbed into the assumed growth 

trend. Instead, RCS realigns series according to age thus randomizing climatic signals and 

removing age effects that are independent of time and climate signals (Briffa and Melvin, 2011). 

As shown in Brienen et al. (2012) this method of standardization is susceptible to sample biases 

and can produce artificial increases in observed age trends over time. To minimize the sampling 

biases associated with this method of standardization, no diameter at breast height threshold was 

used for sampling and equal numbers of trees were sampled from each stand (Brienen et al., 

2012). Further, removal of an unbiased age trend with RCS requires that growth rates do not 

significantly differ between sites (Briffa and Melvin, 2011). Since, trees originated from 19 

different stands that are likely to exhibit slight differences in environmental conditions and 

competition dynamics; a fixed effect of site was included in the standardization. Modified 

Figure 2.2: Sample depth and relative ring width indices of individual site chronologies and the 
mean chronology (bold line) of 19 jack pine stands in Northern Ontario. Each chronology was 
standardized using modified regional curve standardization (RCS), (see text) and compiled using 
a robust biweight mean. Colored portions of the mean chronology indicate periods of significant 
increasing trends (blue) and decreasing trends (red), (p < 0.001). 
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regional curve standardization was performed using general additive mixed models according to 

the following equation:  

(Eq. 2.1.) Raw width = f(age) + Site + ar(1) 

where raw ring width is modeled as a smooth function of tree age, a fixed effect of site, and is 

assumed to have an autocorrelated error structure (ar1) with a 1-year lag. Residuals of the 

estimated model characterize deviations from long-term growth trends. Due to the difficulties of 

RCS in removing the high variability of growth in young trees (Helama et al., 2004), the first 10 

years of growth were excluded from further analysis. Following standardization, site-specific 

chronologies were compiled using a robust biweight mean (Mosteller and Tukey, 1977) and used 

in further analysis of growth-climate relationships. Site-level chronologies were also compiled to 

create a full chronology again using a biweight mean. The full chronology was checking for 

significant trends with time using a segmented linear regression model and break point analysis 

(Muggeo, 2008).  

Carbon isotope ratios and intrinsic water-use efficiency 

Intrinsic water-use efficiency can be approximately determined by measurements of carbon 

isotopes in the plant biomass (Farquhar et al., 1982). Briefly, the relative abundances of the 

stable isotopes δ13C and δ12C in trees, and other C3 plants, are controlled at the leaf level by the 

ratio of intercellular (iCO2) to ambient (atmCO2) concentrations. Changes in stomatal 

conductance, which control the balance between CO2 uptake and transpiration of water vapor 

(i.e., intrinsic water-use efficiency, WUE), influence intercellular CO2 concentration, which can 

be inferred from stable carbon isotope ratios (δ13C) recorded in annual tree rings. This 

calculation is possible because diffusion fractionation across the boundary layer and the stomata 

(a) is known (≈4.4‰) and as is the RuBisCO isotopic fractionation (b) that takes place during 

carboxylation (≈27.0‰). The net isotopic discrimination (Δ) between source (atmosphere) and 

product (tree ring wood) can be calculated from the δ13C deviation of each of these pools from 

the Pee Dee belmenite (PDB) carbonate standard as follows:  

(Eq. 2.2.)  Δ =  
  

/
, 

(Eq. 2.3.) 𝐶𝑂 =
(∆ )

( )
, 
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(Eq. 2.4.) WUE=
(  )

.
. 

Core samples from all 10 trees at each site were pooled according to year, providing an increased 

sensitivity to interannual variation in climate compared to serial or “pentad” pooling at the cost 

of information about individual tree variability (Leavitt, 2010; Liñán et al., 2011). As such our 

δ13Cwood extends from 1877 to 2010. Since stands were even-aged, any age trends in δ13C 

discrimination, due to juvenile CO2 recycling (Heaton, 1999) or age-related changes in hydraulic 

conductivity (McCarroll and Loader, 2004), should remain in the site-level δ13Cwood series. 

Measurements of δ13Cwood values were performed using aliquots of milled wood, weighed on a 

microbalance (0.01 mg), and placed into tin capsules. The analysis was conducted at the Stable 

Isotope Facility, University of California, Davis, using a continuous flow elemental analyzer 

interfaced with a PDZ Europa 20-20 isotope ratio mass spectrometer (Sercon, Cheshire, UK). 

Cellulose extraction was not performed, as studies show little or no accuracy improvement for 

δ13C values (English et al., 2011).  

Atmospheric δ13C (δ13Cair) values, compiled from ice core records (Francey et al., 1999) and 

documented by McCarroll and Loader (2004), were used to adjust for historic changes in 

atmospheric δ13Cair due to increases in global anthropogenic emissions. This record is used 

prevalently in tree ring isotopic studies due to its high precision (McCarroll and Loader, 2004) 

and piecewise linear nature. This linear relationship allows for simple extrapolation to extend the 

δ13Cair record to 2010 (Saurer et al., 1997). There is obvious uncertainty regarding recent records 

(since 1996) and poor compliance between estimates in the 1980s (Francey et al., 1999) 

nonetheless; this method has been shown to be consistent with other regional ice records 

(McCarroll and Loader, 2004). Annual atmospheric averages of CO2 concentration from Mauna 

Loa, Hawaii, (Tans and Keeling, 2010) were supplemented with Law Dome ice core records to 

construct a historical record of atmCO2 (Etheridge et al., 1998).  

As evident by equation (2.4) WUE is invariably linked with rising atmCO2 so a positive trend in 

WUE with atmCO2 can be expected even in trees that exhibit no physiological response to 

increasing atmCO2 (Silva and Horwath, 2013). As such, although the use of this variable in 

growth modeling is prevalent, its increase over time is not necessarily informative. Instead, the 

response of leaf internal CO2 (iCO2) to rising atmCO2 levels may better characterize the 
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physiological response of species (Linares and Camarero, 2012). Three scenarios have been 

proposed to mediate the response of WUE to increasing atmCO2. All differ primarily in the 

expected response of iCO2 to increases in atmCO2 (see Saurer et al., 2004; Seibt et al., 2008). In 

the first scenario (1) iCO2 remains relatively constant as a result of a reduction in stomatal 

conductance (gs), a large increase in WUE over time results. (2) iCO2 responds linearly with 

atmCO2 such that the ratio of iCO2/atmCO2 is maintained, and WUE exhibits a moderate increase. 

Finally, (3) iCO2 increases at the same rate as atmCO2 and WUE does not increase 

The likelihood of each scenario for trees in our study was determined by fitting the expected 

trend in iCO2 with atmCO2 for each of the scenarios using least squares regression. As evident by 

equation (2.4) the following relationships between iCO2 and atmCO2 would be expected under 

each of the previous scenarios:  

(Eq. 2.5.) iCO2=b0, 

(Eq. 2.6.) iCO2=b1 atmCO2+ b0, 

(Eq. 2.7.) iCO2= atmCO2+ b0, 

where b0 and b1 are intercept and slope estimates, respectively, provided by regression. The most 

likely scenario was determined by assessing the goodness of fit and Akaike information criterion 

(AIC) scores for each model (Zuur et al., 2009).  

Response to climate  

The growing season climate was characterized according to seasonal mean maximum 

temperature (MMT), total precipitation (TP), and growing season length (length), (Table 2.1). 

For each year, estimated monthly climate data were averaged (MMT) or summed (TP) across the 

following seasons: Winter (Win), (previous 1 October to 30 April), spring (Spr), (1 May to 30 

June), summer (Sum), (1 July to 30 September), and previous summer (pSum).  

General additive models (GAMs) were used to characterize and remove the effect of growing 

season climatic variables from WUE and standardized secondary growth indices (ring width 

index (RWI)) using the mgcv package in R (Wood, 2011). GAMs use thin plate spline (TPS) 

techniques to estimate nonlinear responses to predictor variables (Wood, 2011). Parameters of 

the spline, knots and rigidity, are adapted to the data to balance goodness of fit and spline 
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perturbation (Wood, 2003). Models of this type, while not possessing a simple closed form due 

to their semiparametric nature, allow for detection and removal of nonlinear responses to 

climatic variables. To test for the influence of climatic variables and atmCO2 on stand-level WUE, 

a GAM was constructed according to the following equation:  

 (Eq. 2.8.) WUE= b0 + Site + f(age) + f(atmCO2) + ∑f(V𝑘) 

To test for the influence of climatic variables and physiological changes in WUE on growth, a 

GAM was constructed according to the following equation, where ring width index (RWI) was 

used as an indicator of growth:  

(Eq. 2.9.) RWI= b0 +Site +f(WUE) +∑f(V𝑘)  

In equations (2.8) and (2.9) above b0 is the parametric estimate of the intercept and f signifies the 

inclusion of a TPS allowing for nonlinear responses to each predictor variable. Both models 

included origin site (Site) as a fixed categorical variable to determine the contribution of site 

Climate variable Season Code 
1902-2007 
average 

1902-2007 
change 

Precipitation Winter (dormancy) WinTP 41.5 0.20 
(cm) Early growing season SprTP 81.3 3.76* 

 Late growing season SumTP 89 1.53* 

 Prev. late growing season pSumTP N/A N/A 

 Annual  211.8 5.5* 
Temperature Winter (dormancy) WinMMT -1.18 0.16* 

(C) Early growing season SprMMT 18.59 0.19* 

 Late growing season SumMMT 21.04 0.10* 

 Prev. late growing season pSumMMT N/A N/A 

 Annual  7.23 0.15* 
Growing season length Length 168.5 1.58* 
Atmospheric CO2  atmCO2 335.3 8.86* 
WUE (mol/mol)   WUE 71.4 2.18* 
Change values are the average change in climate variables over the study period as calculated by 
linear regression.  
* p<0.01 

    

Table 2.1: Seasonal and annual trends in selected climate variables in northern Ontario from 
1902-2007.  Seasons are distributed as follows: winter (previous October, 1- April 30), spring 
(May 1, June 30) and summer (July 1-September 30). 
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factors to variance in stand-level growth. All growing season climatic variables (Vk) were 

included in the models (Table 2.1). Average stand age in the year of wood formation (age) was 

also included as a predictor in the WUE GAM to test for an age-related effect on WUE. Only 

significant or marginally significant (p < 0.10) variables were retained in the final model.  

Atmospheric CO2 levels were not included in the growth models as the gradual increase in CO2 

over the past decades leads this to be a relatively inappropriate predictor variable. Especially in 

the case of GAMs, where predictors are not constrained by linearity, atmCO2 levels may 

effectively play the role of a latent time variable and absorb low-frequency trends in growth. 

Alternatively, due to the known inherent response of WUE to atmCO2, it was included as a linear 

predictor in the WUE model to remove its confounding effect on low-frequency responses to 

climatic variables.  

To determine temporal trends in the effects of climatic variables, standardized partial predictors 

(as estimated from the fit TPSs) from each significant predictor variable in the growth model 

were checked for significant temporal correlation using a Kendall rank correlation (τ). Residuals 

for both models were checked for linear trends with time to determine if additional factors were 

controlling growth in our study.  

2.4. RESULTS  

Climate  

Trends in seasonal TP and MMT are provided in Table 2.1. Throughout the study period (1902–

2007) annual precipitation increased by 5.5 cm and mean annual maximum temperatures 

increased by 0.15°C. The early growing season exhibited the most significant increases in both 

precipitation and temperature. The mean length of the growing season significantly increased by 

1.58 days.  

Intrinsic water-use efficiency  

As expected, stand-level WUE was found to be positively correlated with atmCO2 (p < 0.001) and 

increased over time (Figure 2.3b). This increase was approximately 42% across the entire study. 

Model fits of the three proposed scenarios for response of iCO2 to atmCO2 are provided in Table 

2.2 and Figure 2.3. Scenario 2, constant iCO2/atmCO2, performed best as evidenced by the lowest 

AIC score. Scenario 3 also proved to fit the relationship reasonably well as evidenced by low 
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ΔAIC. This suggests that WUE of jack pine in these stands is not well coupled to changes in 

atmCO2, which is evident also in Figure 2.3b. 

Model slope intercept 
Residual standard 
error, df 

ΔAICc 

[1] iCO2 ~b0 N/A 223.41 283.2, 1006 1359 

[2] iCO2 ~ b0 atmCO2 + b1 0.66 -1.28 11.6, 1004 0 

[3] iCO2 ~ atmCO2+ b1 1 -114.9 12.4, 1005 540 

Model fit statistics for the WUE GAM are provided in Table 2.3a. The final model explained 

41.1% of the variation in WUE. As expected atmCO2 has a significant positive relationship with 

WUE (p < 0.001) and explained 17.5% of variance. The model did not suggest that WUE 

(b) (a) 

Figure 2.3: a) Least squares regression of three theoretical scenarios to describe the response of 
leaf internal CO2 concentrations (iCO2) to atmospheric CO2 concentrations (atmCO2), (see Saurer 
et al., 2004; Seibt et al., 2008). As evidenced by the lowest AICc score, model [2] was the most 
parsimonious, indicating that constant ratio of iCO2 to atmCO2 was maintained. (b) Response of 
intrinsic water-use efficiency (WUE) in jack pine stands modeled under the three scenarios over 
time (left axis). And temporal trends in atmCO2 (right axis). Here it is evident that changes in 
WUE are not directly coupled to temporal changes in atmCO2. 

Table 2.2: Model fit statistics for leaf internal CO2 concentrations (iCO2) according to three 
theoretical responses of iCO2 to atmospheric CO2 concentrations (atmCO2), (see Saurer et al. 
2004; Seibt et al. 2008).  In model [1] iCO2 does not respond to atmCO2, [2] iCO2 responds 
linearly to atmCO2 and [3] iCO2 increases directly with atmCO2.  As evidenced by the lowest 
second order Akaike information criterion score (AICc) model [2] was the most parsimonious 
model.   
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significantly differed between sites nor was a significant age trend evident. Of the included 

climatic variables SprTP and SprMMT were found to be significant predictors of WUE and 

WinTP and pSumMMT were found to be marginally significant predictors (Table 2.3a). The 

standardized partial predictors, or TPS functions, for all significant predictor variables are 

provided in Figure 2.4. SprMMT was generally positively correlated with WUE suggesting higher 

WUE at high temperatures. Alternatively, pSumMMT had marginally negative effects on WUE at 

high values. SprTP had neutral effects in WUE at low and average values but negative effects at 

very high values suggesting low WUE under high spring precipitation. WinTP exhibited a 

marginally positive linear trend with WUE. After controlling for atmCO2 and climatic variables, 

WUE did not show any significant trends with time (p = 0.393).  

Secondary growth  

As is typical of shade-intolerant species the RCS time series showed an initial period of 

increasing growth followed by a period of decreasing negative exponential growth (Copenheaver 

and Abrams, 2003), (supporting information Figure A.1). While individual sites varied, an 

overall trend of increasing growth (p < 0.001) is evident over the beginning of analysis (1902–

1946) and a decreasing trend is noted from 1946 to 2010 (p < 0.001), (Figure 2.2).  

Standardized growth response was fairly well modeled by climate, with the final model 

explaining 43.7% of variance (Table 2.3b). The final model included the following: Site, WUE, 

WinTP, SumTP, pSumTP, WinMMT, SprMMT, pSumMMT, and growing season length, as significant 

predictors of growth (Table 2.3b). Overall site explained the highest proportion of variance in 

growth rates (22.2%). The standardized partial predictors, or TPS functions, for all significant 

predictor variables are provided in Figure 2.4.  

In general, temperature-related variables explained more variance in growth (8.2%) than 

precipitation variables (4.7%). High precipitation in both Win and Sum had negative 

consequences for growth. However, high precipitation in pSum had a positive influence on 

growth. WinMMT had negative consequences for growth at low values and a mixed effect at high 

values. SprMMT had some positive effects on growth at low and moderate values but exerted a 
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negative influence on high values. Alternatively, pSumMMT had negative consequences for 

growth at low values and positive consequences at high values. Growing season length exhibited 

a negative effect in short and moderate seasons and a slightly positive effect in long seasons. 

WUE showed low correlation with growth overall but exhibited a slightly negative effect at both 

low and high values.  

A significant negative temporal trend in the standardized partial predictors for growth was found 

for pSumTP (Table 2.3a and Figure 2.5). This suggests that the positive effect of pSumTP on 

growth is diminishing over time and becoming increasingly negative. Alternatively, growing 

season length exhibited a positive trend over time (Table 2.3a and Figure 2.5). The relationship 

between WUE and growth exhibited a period of high variability in early years and an 

increasingly negative, though insignificant, trend in more recent years (Figure 2.5). After 

adjusting for climatic variables, residuals from the growth model did not exhibit any significant 

trends with time (p = 0.85). 

Figure 2.4: Standardized partial predictors (estimated from thin plate splines in GAM) of 
climatic predictors of WUE in jack pine. Dashed lines represent 95% confidence intervals of the 
predictor. A partial predictor that is greater than zero indicates that the given climatic variable is 
positively associated with WUE at that value. Asterisk indicates a predictor that is marginally 
significant (p < 0.10), while all others are significant (p < 0.05). 
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Table 2.3: Model statistics of the a) WUE and b) growth (RWI) general additive model (GAM), 
fit using the mcgv package in R (Wood 2011).  Kendall τ and the associated P-value describes 
results of the Kendall rank correlation between standardized partial predictors of growth and 
time. See Figure 2.4 and 2.5 for visuals of the partial predictors of WUE and growth 
respectively. 

a) WUE         
Deviance explained: 41.1%     Adjusted R: 0.405      
AIC: 6731.81 

Predictor 
Deviance 
explained 

P-value     

atmCO2 17.5% <0.001   

WinTp 0.2% 0.085   

SprTP 1.1% 0.019     

SprMMT 0.7% 0.023     

pSumMMT 0.8% 0.074     

b) Growth (RWI)       
Deviance explained: 43.7%    Adjusted R: 0.382      
AIC: -214.74 

Predictor 
Deviance 
explained 

P-value 
Kendall 
τ 

P-value 

Site 22.2%       

WUE 1.7% 0.024   

WinTp 0.7% 0.008   
SumTP 1.1% 0.008   

pSumTP 2.9% <0.001 -0.13 0.049 
WinMMT 3.4% <0.001   
SprMMT 3.0% <0.001   

pSumMMT 1.8% 0.006 
  

Length 4.3% <0.001 0.30 <0.001 

2.5. DISCUSSION  

Intrinsic water-use efficiency 

 Increases in WUE are prevalent in the literature regarding both dendrochronological studies 

(Granda et al., 2014; Silva and Anand, 2013; Linares and Camarero, 2012; Peñuelas et al., 2011; 

Silva et al., 2010) and experimental CO2 enrichment studies (Keenan et al., 2013; Battipaglia et 

al., 2012; Ellsworth et al., 2012; Norby et al., 2005). Here we have shown that jack pine trees are  
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Figure 2.5: (left column) Standardized partial predictors (estimated from thin plate splines in 
GAM) of climatic predictors of growth in jack pine. Dashed lines represent 95% confidence 
intervals of the predictor. A partial predictor that is greater than zero (horizontal dashed line) 
indicates that the given climatic variable is positively associated with growth at that value. All 
included variables were significant predictors of growth (p < 0.05). (right column) Temporal 
trends in standardized partial predictors of climatic variables. A partial predictor that is greater 
than zero indicates that the given climatic variable was positively associated with growth in that 
year. Grey lines indicate 95% confidence intervals around each value of the predictor, while 
solid, colored lines indicate significant positive (blue) or negative (red) trends over time (p < 
0.05), (length). 
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able to increase WUE in response to rising atmCO2 by maintaining a fairly constant internal to 

external CO2 ratio (Figure 2.3). This relationship implies that stomatal conductance decreases are 

coupled with leaf photosynthetic capacity decreases (Peñuelas et al., 2011). A response of this 

type may indicate a process of acclimation or environmental limitation. The constant iCO2 to 

atmCO2 ratio is thought to be more prevalent in conifers (Battipaglia et al., 2013; Saurer et al., 

2004; Ceulemans and Mousseau, 1994) and has been noted by Linares and Camarero (2012), 

specifically in declining stands. 

High frequency or annual variability in WUE would be expected to be driven by climatic factors 

especially so in sites with high water stress (Linares and Camarero, 2012; Andreu-Hayles et al., 

2011). However, correlations with climatic variables and WUE were relatively low in our study 

with only SprTP and SprMMT being significant predictors of WUE. Considering that jack pine 

dominates on mesic to xeric soils coupled with the fact that these stands were in decline, a higher 

contribution of climatic variables to WUE was expected. Nonetheless, other studies have noted 

high intertree variability in WUE in northern sites (Brooks et al., 1998), which may work to 

dampen any climate-related signals. Our model suggests that annual WUE is controlled primarily 

by climatic conditions of the early growing season (May and June). Other studies have suggested 

that δ13C is more likely to be controlled by temperatures in the later growing season (July–

September) in jack pine (Brooks et al., 1998) and Iberian pine (Andreu-Hayles et al., 2011). 

Thus, our findings may stress the high relative importance of early season climatic conditions in 

drought-prone stands at this latitude. 

Growth response  

Climatic variables  

The response of jack pine growth to climatic variability has been previously investigated in other 

regions (Subedi and Sharma, 2013; Girardin et al., 2012; Huang et al., 2010; Thomson and 

Parker, 2008; Savva et al., 2008; Brooks et al., 1998). Here the inclusion of climatic variables in 

growth modeling was primarily for the purpose of removing climatic effects to properly assess 

tree growth response to rising WUE. As such discussion will primarily be used to assess the 

validity of growth-climate models presented in this study and the applicability of semiparametric 

modeling. 
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Jack pine in our study showed increased temperature sensitivity relative to precipitation. This 

finding is among many to suggest that growing season precipitation is a weak predictor of jack 

pine growth in the species (Huang et al., 2010; Despland and Houle, 1997). Alternatively, high 

relative sensitivity to precipitation was shown by Brooks et al. (1998) in jack pine growing at 

their northern range. More specifically, growth was found to be influenced by WinMMT and 

SprMMT and to some degree pSumMMT. Because classification of the winter season in our models 

was very long (October–March), it is difficult to draw conclusions regarding this response. Low 

WinMMT may increase winter root damage (Cox and Zhu, 2003) and delay the onset of the 

growing season due decreased soil temperatures (Huang et al., 2010; Savva et al., 2008; 

Thomson and Parker, 2008). Further, cold October temperatures may lead to early conclusion of 

the growing season. This is corroborated by a negative response to low pSumMMT which may 

again suggest early conclusion of the growing season. Alternatively, the response to high winter 

temperatures is mixed. Many studies have noted positive response to high winter temperatures 

(Huang et al., 2010; Savva et al., 2008), as it corresponds to elongation of the growing season. 

This may be likely considering the large influence of growing season length noted in our study. 

The response to SprMMT was fairly neutral, but a negative effect of high SprMMT was evident 

which may suggest susceptibility to drought in the early part of the growing season.  

Jack pine sensitivity to precipitation was strongly driven by response to pSumTP. A negative 

effect of above average precipitation in both Sum and pSum on growth was noted in our study. 

This is consistent with findings by Subedi and Sharma (2013) which suggest that excessive 

growing season precipitation is detrimental to northern populations of both jack pine and black 

spruce. However, exceptionally high pSumTP was positively associated with growth in our study. 

A similar response to moist previous summers was also noted in high-latitude jack pine stands by 

Hofgaard et al. (1999). Further, a weak but positive response to WinTP is in agreement with 

others that have noted a positive association with March precipitation (Huang et al., 2010; Savva 

et al., 2008), likely since it works to melt the snowpack. Nonetheless, WinTP has also been 

related to early snowfall and thus early conclusion of the growing season (Hofgaard et al., 1999) 

and increased snowpack which delays thaw of soil in the spring (Brooks et al., 1998). These 

contrasting findings, together with the long classification of the winter season in our model, may 

explain why this variable had a low contribution to explained variance in growth.  
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While we have shown some evidence of drought stress in the early growing season, it is 

surprising that stress was not evident in the Sum and pSum. High temperatures, especially in the 

summer, increase evapotranspiration thereby exacerbating drought stress (Hofgaard et al., 1999) 

and are often associated with jack pine decline (Larson and MacDonald, 1995). Under drought 

stress trees can respond by closing their stomata, thereby decreasing stomatal conductance (gs) 

and increasing WUE. However, drought-induced stomatal will constrain photosynthetic rates 

leading to a reduction in carbohydrate synthesis (A) and thus growth in the following year 

(McDowell et al., 2008; Körner et al., 2007; Wullschleger et al., 2002; Drake et al., 1999). This 

is especially true in stands where iCO2 is highly coupled to atmCO2, as has been shown here 

(Peñeulas et al., 2010). A negative response between WUE and growth can thus be interpreted as 

an indication of increased water stress under increasing atmCO2 (Silva and Anand, 2013). Thus, 

the finding that WUE was a predictor in determining growth corroborates that stands are indeed 

water limited.  

Decreasing growth in jack pine  

The observed decline in jack pine stands could not be directly attributed to stand dynamics in this 

study. To account for interspecific competition for resources and succession to other species, we 

studied pure fire origin jack pine stands on xeric sites. Jack pine is a fire-adapted shade-intolerant 

tree species that commonly forms an edaphic climax on xeric sites (Rudolph and Laidly, 1990). 

To account for intraspecific competition for resources, only dominant trees were studied. Jack 

pine growth is typically rapid for the first 15–20 years after establishment and declines thereafter 

(Rudolph and Laidly, 1990). This early growth phase was noted in our analysis (supporting 

information Figure B.1).  

A similar trend of decreasing growth over the same period was also noted by Girardin et al. 

(2012) in boreal jack pine stands in Quebec. Like our study, Girardin et al. (2012) noted a 

variable growth response again suggesting stand-level effects. Further, many studies have 

alluded to a significant individual tree-level effect especially at more northern sites where 

climatic conditions are more likely to be growth limiting (Brooks et al., 1998).  

The lack of apparent atmCO2-enhanced growth may suggest that the negative climatic 

consequences associated with increased atmCO2 have outweighed its positive effect on growth. 

Considering that jack pine stands in this study are north of the species’ optimal latitude, 
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temperature limitation would be expected. While these stands have indeed benefited from longer 

growing seasons, we have also shown that changes in SprTP have had increasingly negative 

effects for jack pine growth (Figure 2.5). Although correlations were relatively low over the 

latter part of the study, there is an evident negative trend in the contribution of WUE to growth in 

recent years. We suspect that warming- and drought-induced stomatal closure may have 

overcome any positive effects of atmCO2 on photosynthetic rate (Linares and Camarero, 2011; 

Silva et al., 2010).  

Poor WUE enhancement under rising atmCO2 may also suggest that carbon acquisition is limited 

by another environmental factor. The suggestion that atmCO2 growth enhancement is constrained 

by nitrogen limitation is common among many species (Peñuelas et al., 2011; Huang et al., 2007; 

Jarvis and Linder, 2000) and forest types (LeBauer and Treseder, 2008; Luo et al., 2004). 

Progressive nitrogen limitation as a result of increased immobilization by plants and microbes 

under elevated atmCO2 has been shown to be prevalent in temperate forests and in young, 

postglacial soils (LeBauer and Treseder, 2008; Finzi et al., 2006). Nitrogen plays a crucial role in 

determining carbon assimilation (Silva et al., 2015), and as a limiting nutrient, its availability 

will govern carbon-enhanced growth (Finzi et al., 2006). Given the poor quality soils inherent to 

jack pine stands, we suspect that progressive nitrogen limitation may have contributed to growth 

decline in our stands. Long-term environmental change is both inevitable in stands and very 

difficult to characterize. While stand-level changes related to jack pine ecology should be 

captured in the estimated growth trend, those associated with climatic change will not be. Future 

studies stand to gain valuable information from quantifying long-term environmental changes in 

stands that may adversely affect growth rates.  

2.6. CONCLUSIONS 

Our study provides evidence for growth decline of boreal jack pine stands in Northern Ontario. 

We have shown that past increases in jack pine WUE occurred as a result of a maintained ratio of 

iCO2 to atmCO2 suggesting a gradual acclimation of the species to rising atmCO2. Further, we have 

shown that WUE in our study is influenced both by atmCO2 and by climatic characteristics of the 

early growing season (May and June).  
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We have also shown that trends in growth can be well described by climatic factors that 

characterize the growing season and the winter dormancy period. Jack pine decline in the stands 

studied could at least partly be attributed to changes in precipitation patterns. Our study provides 

no evidence for enhanced growth due to increased atmCO2 and instead suggests that jack pine 

stands may be carbon saturated, and their growth constrained by other climatic and 

environmental factors.  
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CHAPTER 3: TREES DO NOT ALWAYS ACT THEIR AGE: SIZE-DETERMINISTIC TREE-
RING STANDARDIZATION FOR LONG-TERM TREND ESTIMATION IN SHADE-
TOLERANT TREES 
 

The content of this chapter has been published in Dietrich, R. & Anand, M. (2019). Trees do not 

always act their age: size-deterministic tree-ring standardization for long-term trend estimation in 

shade-tolerant trees. Biogeosciences, 16, 4815-4827. 
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3.1. ABSTRACT 

With increasing awareness of the consequences of climate change for global ecosystems, the 

focus and application of tree ring research have shifted to reconstruction of long-term climate-

related trends in tree growth. Contemporary methods for estimating and removing biological 

growth trends from tree ring series (standardization) are ill adapted to shade-tolerant species, 

leading to biases in the resultant chronologies. Further, many methods, including regional curve 

standardization (RCS), encounter significant limitations for species in which accurate age 

estimation is difficult. In this study we present and test two tree ring standardization models that 

integrate tree size in the year of ring formation into the estimation of the biological growth trend. 

The first method, dubbed size-deterministic standardization (SDS), uses tree diameter as the sole 

predictor of the growth trend. The second method includes the combined (COMB) effects of age 

and diameter. We show that both the SDS and COMB methods reproduce long-term trends in 

simulated tree ring data better than conventional methods; this result is consistent across multiple 

species. Further, when applied to real tree ring data, the SDS and COMB models reproduce long-

term, time-related trends as reliably as traditional RCS and more reliably than other common 

standardization methods (i.e. C-method, basal area increments, conservative detrending). We 

recommend the inclusion of tree size in the year of ring formation in future tree ring 

standardization models, particularly when dealing with shade-tolerant species, as it does not 

compromise model accuracy and allows for the inclusion of unaged trees.  

3.2. INTRODUCTION  

Tree rings have long served as a record of environmental change in forest ecosystems. Early 

dendrochronological studies used tree ring chronologies from climate-sensitive species to 

elucidate the dynamics of growth–climate relationships and reconstruct climate anomalies from 

periods before the existence of instrumental records. However, with increasing awareness of the 

consequences of climate change for global ecosystems, the focus and application of tree ring 

research have shifted to reconstruction of low-frequency climate-related trends in tree growth 

(Gedalof and Berg, 2010; Boisvenue and Running, 2006; Jacoby and D’Arrigo, 1997). As it 

stands, previous optimism regarding the benefits of carbon fertilization for forest growth 

(Battipaglia et al., 2013; Norby et al., 2005) has been quelled by a lack of consistent evidence in 

global forests. While many studies have noted increases in long-term growth rates over time in 
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temperate forests (Gedalof and Berg, 2010; Huang et al., 2007; Martinelli, 2004), others suggest 

no change (Giguère-Croteau et al., 2019; Camarero et al., 2015; Granda et al., 2014; Silva et al., 

2010; Peñuelas et al., 2011). Further, in boreal and drought prone species, growth decline (Chen 

et al., 2018; Dietrich et al., 2016; Girardin et al., 2011; Silva and Anand, 2013) and increased 

mortality (Herguido et al., 2016; Liang et al., 2016) in response to climate stress have been 

prevalent. Central to all of these studies is the assumption that long-term growth trends can be 

accurately and unbiasedly estimated from tree ring data.  

As it stands, accurate estimation of long-term growth trends in forests may be limited by poorly 

adapted tree ring standardization (age trend removal) methods (Briffa et al., 1996) and 

inappropriate sampling methods (Nehrbass-Ahles et al., 2014; Brienen et al., 2012). Early 

standardization methods (i.e. conservative detrending) were designed to maintain high-frequency 

variation in tree ring series and discard long-term, low-frequency variation. It is accepted that 

these methods are inappropriate for estimating long-term, climate-related growth trends (Briffa et 

al., 1992); however, they are still used in situations where contemporary standardization methods 

are not applicable due to restrictive data requirements (e.g. Villalba et al., 2012; Gedalof and 

Berg, 2010; Wang et al., 2006). 

Modern standardization methods are designed to estimate biological age- and size-related effects 

on tree growth independent of time-related variance, thus theoretically maintaining long-term 

trends in the final chronologies. Among these, the conversion of tree ring widths to basal area 

increments (BAIs), and the closely related C-method (Biondi and Qeadan, 2008), as well as the 

use of regional curve standardization (RCS; Briffa et al., 1992), and its many variants (see 

Helama et al., 2017), have become commonplace (Peters et al., 2015). Traditional RCS relies on 

the assumption that the species-specific biological growth trend of local trees can be estimated, 

and thus removed, from a sufficiently large sample of trees using tree age (in the year of ring 

formation) alone. Alternatively, the BAI method assumes that the biological growth trend is 

sufficiently related to basal area accrued in a given year and, as such, chronologies presented as 

BAI (instead of raw ring width) contain minimal biological effects. In practice, it is unlikely that 

this strict relationship accounts for all the variation in tree ring width that is related to biological 

size- and age-effects. As such, some studies have proposed explicit models of BAI that attempt 

to include variables related to tree age and size as well as environmental conditions (i.e. tree 
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density, soil fertility, etc.; see, e.g. Linares et al., 2009; Nock et al., 2011). Similarly, the C-

method (CM) assumes that tree-wise BAI (tree ring area) distributed over a growing surface in 

time is constant and as such, annual deviations from this trend can represent the standardized 

chronology (free from biological trend, Biondi and Qeadan, 2008). Both BAI and CM are best 

suited to open-growth, shade-intolerant trees, where the strict relationship between annual 

growth and expected BAI is not impeded by early competition for light.  

However, due to the difficulties in separating climate related trends that vary on long timescales 

from those related to biological tree growth and/or succession-related environmental change, 

none of these methods are likely to produce accurate estimates of external forcing when trees 

from only a single age or size class are sampled (Brienen et al., 2012;Briffa and Melvin, 2011). It 

follows that studies which only sample even-aged stands or dominant trees are likely to produce 

biased estimates of long-term growth. While increased awareness of sample biases has led to 

better prescriptions for study design (see Nehrbass-Ahles et al., 2014; Brienen et al., 2012), 

systematic tests of the ability of these models to accurately reproduce long-term trends are still 

limited (e.g. Sullivan et al., 2016; Peters et al., 2015; Esper et al., 2003).  

Despite these limitations, RCS remains the standard method for estimating long-term growth 

trends in tree ring data (Helama et al., 2017). However, the standard RCS approach encounters 

large limitations for many species in which accurate age estimation is difficult. Additionally, we 

suggest the inherent assumption of RCS -- that biological growth trends are sufficiently 

determined by tree age -- may not be appropriate in all species. More specifically, this 

assumption is problematic for shade-tolerant trees. Shade-tolerant species exhibit relatively low 

low-light mortality and thus can persist in forest understories for variable amounts of time before 

release from overstory light suppression. In these cases, traditional age-deterministic models 

exhibit high variance, and thus low precision, in the period following tree establishment and 

leading up to the age when most trees have been released from suppression (Fig. 3.1). This 

period of ill-fit means that trees that are released relatively early (or late) from light suppression 

will exhibit inflated (or deflated) growth relative to the chronology. As a result, the final 

chronology will show less agreement than would be expected in a shade-intolerant species. Even 

more problematically, if trees are sampled according to minimum size thresholds, the youngest 

trees in the chronology are likely to be early-release trees, leading to an artificial inflation of 
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modern growth rates in the final chronology. While modifications to traditional maRCS that 

address variance in contemporaneous growth rates  and regional environmental conditions have 

been prevalent in  shade-intolerant species (see Helama et al., 2017) there has  been little to no 

focus on the improvement of standardization  techniques specific to shade-tolerant tree species.   

Alternatively, in the field of forest growth and yield modelling, size-deterministic, rather than 

age-deterministic, predictive growth models are ubiquitous. It is well-understood that tree size 

regulates the capacity for resource acquisition, namely, light (Canham et al., 2004), water and 

nutrients (Homann et al., 2000), resource allocation (Lehnebach et al., 2018), and metabolic 

costs (West et al., 2001). As such, the notion of radial growth being deterministic according to 

size rather than age is logical from both a physiological and ecological perspective. Tree size in a 

given year is dependent on its previous size and annual growth, so shade-tolerant trees that have 

yet to be released from overstory light suppression remain small as they grow older. This relaxes 

the period of “ill-fit” that would be observed in an age-based model. Accordingly, we propose 

that a size-deterministic model for tree ring standardization may be more appropriate than 

traditional RCS for shade-tolerant tree species. The application of size-deterministic models has 

Figure 3.1: (a) In shade-tolerant species young trees are stochastically released from low-light 
suppression in the understory. (b) Since release from suppression is not strictly related to tree 
age, widely used communal age-trend models (RCS) poorly model tree growth in the period 
following establishment and leading up to the age when most trees have been released from 
suppression. (c) Poor model-fit in this period implies that the biological growth-trend is not 
entirely removed from individual series and leads to high residual variance when standardized 
tree-ring series are aligned according to calendar year. 
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been limited, with few examples of tree size in a given year being incorporated into BAI models 

(e.g. Marqués et al., 2016; Camarero et al., 2015; Nock et al., 2011; Martínez-Vilalta et al., 2008) 

and even fewer of uniquely size-based tree ring models (e.g. Bontemps and Esper, 2011; Gavin 

et al., 2008). Further, there have been no systematic evaluations of the ability of size-based 

models to accurately estimate long-term trends in tree ring series.  

We present two tree ring standardization models that integrate tree size in the year of ring 

formation into estimation of the biological growth trend. The first model uses tree diameter as 

the sole predictor of the communal growth trend while the second includes the combined effects 

of both age and diameter. It follows that the objective of this study is to determine the efficacy of 

both models in estimating long-term growth trends in their resultant tree ring chronologies. First, 

we use modelled tree ring data from shade-tolerant and shade-intolerant species to make the 

inappropriateness of age-based models explicit for shade-tolerant trees. Further, we investigate 

the performance of size-based models relative to contemporary standardization methods in the 

presence of size thresholds in tree sampling. Last, we apply the developed models to tree ring 

data from shade-tolerant temperate species to evaluate model performance relative to 

contemporary methods, on the basis of accurate reconstruction of known long-term time-related 

trends in the series.  

3.3. METHODS  

Model formulation  

Traditional RCS makes two assumptions about tree growth: first, that trees of the same species in 

a given region exhibit a common growth trend as they age, and, second, that growth of an 

individual tree in a given year is thus a product of its age and common climatic or environmental 

forcing in that year (Esper et al., 2003; Briffa et al., 1992). We present a variant of the RCS 

method that uses tree size, measured by diameter at breast height (DBH), in the year of ring 

formation as the primary determinant of the common biological growth trend. As with RCS we 

assume that the relationship between expected growth and tree size is non-linear and can be 

approximated for a region from a sufficiently large sample of trees from the species in question. 

Further, we assume that using a sample of trees from a range of size and age classes ensures 

estimation of the common trend is not confounded by underlying low-frequency climate or 

environmental forcing in the chronology (Brienen et al., 2012). The size-based regional curve 
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model, hereafter referred to as the size-deterministic standardization (SDS) model, takes the 

following form:  

(Eq. 3.1.) E(RWy,i)= Bo+f1(DBHy,i) + eyi, 

where E(RWy,i) represents the expected ring width of a given tree (i) in year (y), and f1 represents 

a non-linear function relating DBH of a given tree (i) in year (y) to E(RWy,i). As in RCS, the 

communal non-linear relationship is estimated communally for all local trees of interest. In our 

study we estimate f1 with a penalized thin plate regression spline in a generalized additive model 

(GAM); however, this relationship could be estimated by a number of different spline fitting or 

non-linear regression techniques (i.e. ffcsaps function in dplR, Bunn et al., 2018, time-varying 

splines, Melvin et al., 2007). Under this paradigm the model residuals (eyi) represent individual 

standardized ring width indices and, by extension, individual tree response to climatic or 

environmental forcing. Annual model residuals subject to a robust mean thus represent the final 

standardized chronology. This approach differs slightly from traditional RCS, whereby 

standardized ring width indices are occasionally produced by division of raw measurements by 

the expected value. Calculation of standardized ring width indices by subtraction from the 

expected value, as in the case of residuals, is now commonly used, as it tends to reduce bias in 

the resultant chronology (Helama et al., 2004) and eases in the formulation of more complex tree 

ring standardization models. However, unlike division methods, the subtraction method does not 

provide any stabilization of variance in the resulting residuals; as such, it may be necessary to 

use a stabilization procedure (i.e. log transformation, power transformation) on raw ring width 

data beforehand.  

Tree size in a given year can be estimated by outside-in or inside-out techniques. If the pith of a 

tree is present in the core (or reasonably close to) DBHy is a simple summation of all previous 

ring widths since the year of origin, multiplied by two. Alternatively, if the pith is missed, DBHy 

can be calculated via subtraction of more modern ring widths (multiplied by two) from the 

inside-bark diameter. In this case, inside-bark diameter is calculated as measured DBH minus 

bark thickness (multiplied by two), where bark thickness can be directly measured or estimated 

using species-specific allometric equations (e.g. Stayton and Hoffman, 1970).  

Similar to the model formulation for SDS, RCS models were estimated with GAMs of the 

following form:  
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(Eq. 3.2.) E(RWyi) = Bo+f1(Ageyi) + eyi, 

where Ageyi is the age of an individual tree in a given year and the resultant standardized tree 

ring indices are derived from model residuals (eyi).  

In addition, a more complex model that integrated independent size and age effects was also 

evaluated for comparison. This model, hereafter referred to as the combined model (COMB), 

took the following form:  

(Eq. 3.3.) E(RWyi) = Bo +f1(Ageyia) + f2(DBHyi) + eiy. 

In a large variety of long-lived tree species, accurate age estimation (pith sampling) is difficult or 

impossible; rendering traditional RCS or combined models inappropriate for all trees sampled. 

To address this issue, the above model can incorporate unaged trees. Here f1 represents the non-

linear function relating age to expected ring width for the subset of all trees that are aged (ia). In 

this model, ring widths from unaged trees are assigned arbitrary ages that do not contribute to the 

linear approximation of the smooth term for age (i.e. f1(Ageyia)) but these trees still contribute to 

the smooth term for size f2(DBHyi). Syntax for missing data in GAMs follows the protocol 

provided in mgcv (Wood, 2011). In this study all GAMs were fit using the mgcv package 

(Wood, 2011) in the R statistical program (v.3.5.0).  

In addition to the models presented above we investigated three additional standardization 

methods: conservative detrending (CD), CM, and BAI. Conservative detrending describes 

functions (i.e. negative exponentials, straight lines) or flexible splines fit to individual tree ring 

series (see Cook & Kairiukstis, 1989). In this study we use spline-fitting techniques rather than 

modified negative exponentials as they are more appropriate for shade-tolerant tree species. As 

above, the individual standardized tree ring width indices are derived from model residuals. The 

C-method estimates tree specific expected ring widths by assuming constant annual basal area 

increment (tree ring area) over the life span of the tree (see Biondi and Qeadan, 2008). Annual 

deviations from expected values thus represent standardized ring width indices. For consistency, 

the standard CM approach in dplR (Bunn et al., 2018) was modified to calculate indices via 

subtraction (residuals) instead of division. Tree ring widths were converted to BAI using the 

dplR package in R (Bunn et al., 2018). R code for worked examples of all standardization 

procedures used in this study is available (https://doi.org/10.5281/zenodo.3565813).  
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Simulated tree ring data  

We simulated tree ring data using a well-established gap phase model. The SORTIE-ND model 

was chosen over other similar gap-phase models as it better emulates understory light conditions 

and low-light mortality, both of which are central to the notion of age being an inappropriate 

determinant of growth in shade-tolerant species. In SORTIE, annual radial tree growth is 

calculated as an asymptotic function of light availability and previous tree diameter. As such, the 

underlying growth trend in SORTIE-simulated data should be well-approximated by a flexible 

curve estimated on the basis of tree size (SDS). As such, we use this analysis solely to elucidate 

the problematic nature of age-based standardization methods for shade-tolerant species and not 

to confirm the efficacy of size-based standardization methods.  

For simplicity, a stand 100% dominated by sugar maple (Acer saccharum) was simulated, as 

sugar maple is a model shade-tolerant species that grows in self-replacing stands. All living trees 

(> 5 cm DBH; n=3657) in the final year of the model run were used for further analysis. 

Additionally, to elucidate our claim that age-deterministic growth estimation is more problematic 

in shade-tolerant species, we completed a similar SORTIE simulation for the shade-intolerant 

species white pine (Pinus strobus). Again, the stand was 100% white pine, standard model 

parameters were used, and the simulation was run for 1000 years. All living trees (> 5 cm DBH; 

n=7362) in the final year of the model run were used for further analysis. Additional details 

regarding model parameters for the SORTIE simulations are provided in the Supplement 

(Appen. D1).  

To simulate a low-frequency climate-related growth trend, a logistic trend was added to raw tree 

ring width of individual trees produced by both SORTIE simulations. The logistic trend 

simulated an initial rapid increase in growth and subsequent levelling off that aimed to represent 

a period of carbon fertilization and eventual acclimation. The logistic model was applied to the 

last 100 years of growth and took the following form, where 𝑅𝑊𝑡  represents ring widths with 

the simulated long-term trend and 𝑅𝑊𝑟  are raw ring widths: 

(Eq. 3.4) 𝑅𝑊𝑡 = 𝑅𝑊𝑟 + 1  

The logistic trend parameters (r=0.12, k=0.629, a=20) were chosen such that increases in 

individual tree growth averaged approximately 5% per decade. Additionally, we tested the 
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standardization models in their ability to detect simulated negative trends in tree growth, as 

previous studies have noted a failure of contemporary methods to accurately reproduce declining 

growth trends (Peters et al., 2015). The simulated negative logistic trend took the form of Eq. (4) 

with parameters ( 𝑟 =0.12, k=0.421, a=20) chosen such that decreases in growth averaged 5% per 

decade. For completeness, we also simulated positive and negative linear trends. Results of those 

analyses are provided in the Supplement (Appen. D3). 

A total of 60 trees were randomly selected, without replacement, from the simulated tree 

populations and subject to each of the six standardization methods (SDS, RCS, COMB, CD, 

BAI, CM). Model residuals (in the case of RCS, SDS, COMB, CD and CM) or transformed 

(BAI) tree ring widths were compiled into an annual mean chronology using Tukey’s biweight 

robust mean. The resultant chronologies were then tested for significant correlation with the 

imposed trends using Spearman’s rank correlation coefficient. This process was bootstrap 

resampled (with replacement) 100 times, to produce confidence intervals for the resultant mean 

chronologies and their respective correlation coefficients.  

To examine the effect of minimum size sampling thresholds on the accuracy of long-term trend 

reconstruction by each of the standardization methods, we completed the same analysis on trees 

from the simulated populations that exceeded certain size thresholds. The thresholds employed 

were 10 cm DBH, which represented a practical minimum size threshold for sampling, and 30 

and 50 cm DBH which represented thresholds for mature and dominant trees, respectively. The 

CD method was only applied when size thresholds exceeded 10 cm DBH due to the troublesome 

nature of fitting splines to excessively short time series. The mean Spearman’s rho for all 

detrending methods and sampling thresholds were compared using two-way ANOVA and post 

hoc tests.  

Real tree ring data  

Additionally, we evaluated the performance of the six standardization methods in real tree ring 

data from shade-tolerant species. We collected tree ring data from seven mature sugar maple-

dominated stands in Ontario, Canada (Table 3.1). Further, tree ring data sets from the shade-

tolerant species red spruce (Picea rubens) were obtained from the DendroEcological Network 

database (https://www.uvm.edu/femc/dendro, last access: 6 December 2019; Table 3.1). Red 

spruce was chosen as it had sufficient replication across studies in the database. Descriptions of 
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the sampling strategies and data-processing methods for all sites considered are provided in the 

Supplement (Appen. D3) or in their respective references (i.e. Kosiba et al., 2013, 2017). Data 

were considered suitable for this study if age and DBH estimates were provided and if a 

minimum 10 trees per site and species were sampled and accurately aged. All cores in which pith 

offset was estimated to be greater than 10 years were considered unaged. To simplify 

comparisons of the resultant chronologies, unaged trees were not included in the models.  

Prior to model application, a time-deterministic thin plate regression spline was applied to 

chronologies complied from raw ring widths from each site. This ensured there was no 

underlying time trend present in the data. Since trees of multiple ages/sizes were sampled in each 

study we assume the removed time trend is therefore independent of biological trends in the 

series. For each site, residuals from the regression spline were centred according to the site-wise 

mean and standard deviation of raw ring widths prior to analysis.  

Table 3.1: Location, sample size, chronology length and source of tree ring data sets used in this study.  
Location, sample size, chronology length and source of tree ring data sets used in this study. 

Species Site (code)
Longitude 
(°)

Latitude 
(°)

N. trees 
total

N. trees 
aged

Length of 
chronology

Source

Toobee Lake (TB) 46.7459 -82.8668 79 67 1750-2015 This study

Wolf Mtn. (WM) 46.7390 -82.8467 22 18 1827-2015 …

Roosevelt Road (RS) 47.2852 -79.7063 20 11 1792-2016 …

Raven Lake (RL) 45.3309 -78.6339 31 19 1864-2015 …

Freezy Lake (FR) 45.2998 -78.4329 20 11 1887-2015 …

Kakakise Lake (KK) 46.0554 -81.3317 22 7 1773-2016 …

Mt. Zion Road (MT) 46.4000 -83.7004 29 15 1777-2015 …

Mt. Mansfield (MTM) 44.3750 -73.8750 111 109 1769-2011 Kosiba et al. (2016)

Burnt Mtn. (BNT) 44.2068 -72.3515 40 40 1891-2010 Kosiba et al. (2013)

Mt. Carmel (CAR) 43.7709 -72.9205 41 41 1795-2010 …

Mt. Ellen (ELL) 44.1656 -72.9221 42 42 1824-2010 …

Mt. Equinox (EQU) 43.1487 -73.1273 89 89 1857-2010 …

Mt. Greylock (GRY) 42.6738 -73.1575 44 44 1911-2010 …

Hubbard Brook (HUB) 43.9577 -71.7350 89 89 1885-2010 …

Killington Mtn. (KIL) 43.6146 -72.8088 104 103 1742-2010 …

Mt. Mansfield (MAN) 44.5106 -72.8297 57 57 1767-2010 …

Mt. Moosilauke (MOO) 44.0056 -71.8215 54 54 1760-2010 …

Mad River Glen (MRG) 44.1932 -72.9232 36 36 1927-2010 …

Sugar maple    
(A. saccharum )

Red spruce    
(P. rubens )
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Again, increasing and decreasing logistic trends (Eq. 4), as well as linear trends (Supplement, 

Appen. B3), were added to the (recentred) tree ring residuals. Trend parameters were chosen 

such that the increase (or decrease) in tree growth averaged 5% per decade over the last 50 years 

of growth ( 𝑟 =0.12, k=0.276, a=20, positive trend; 𝑟 =0.12, k=0.226, a=20, negative trend). For 

each site all trees were subject to each of the six standardization methods (SDS, RCS, COMB, 

CD, BAI, and CM). Model residuals (in the case of RCS, SDS, COMB, CD, and CM) or 

transformed (BAI) tree ring widths were compiled into an annual mean chronology using 

Tukey’s biweight robust mean. The resultant chronologies were then tested for significant 

correlation with the imposed trends using Spearman’s rank correlation coefficient. In both 

species (sugar maple and red spruce) one-way ANOVA and Tukey post hoc comparisons were 

used to test for significant differences in model performance, as estimated by chronology 

correlation with the imposed trend.  

3.4. RESULTS  

Comparisons of methods in simulated data  

To evaluate the efficacy of each standardization method we calculated correlations between 

chronologies produced by each method and a variety of imposed trends in simulated sugar maple 

and white pine tree ring data. Bootstrapped confidence intervals for chronologies from each of 

the standardization methods are provided in Fig. 3.2a and b for sugar maple and red pine, 

respectively. Distributions of the respective Spearman’s rank correlation coefficients between the 

chronologies and the imposed trends are provided in Fig. 3.3a for sugar maple and Fig. 3.3b for 

white pine.  

Simulated sugar maple tree ring data  

In the simulated sugar maple data, two-way ANOVA suggested a significant effect of both the 

standardization model (p<0.001) and minimum size sampling threshold (p<0.001) on average 

correlation with the positive logistic trend. Alternatively, for the negative logistic trend there was 

a significant effect of the standardization model (p<0.001) but not of the size sampling threshold. 

For both positive and negative logistic trends SDS (𝑟 =0.974±0.037, 𝑟 =0.954±0.068, 

respectively) and COMB (𝑟 =0.965±0.039, 𝑟 =0.894±0.123, respectively) models produced 

chronologies with significantly higher correlations than all other models (p<0.001 for all) but 

that were not significantly different from each other (p=0.998, p=1. 000, respectively). For the 
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positive imposed trend, BAI (𝑟 =0.864±0.236) and RCS (𝑟 =0.900±0.162) produced 

chronologies with correlations significantly higher than CD (𝑟 =0.503±0.329) and CM 

(𝑟 =0.746±0.306), (with p<0.001 for all examples) but that were not significantly different from 

each other (p=0.996). Notably, correlations exhibited by BAI chronologies were dependent on 

size sampling thresholds with BAI chronologies performing best when size thresholds exceeded 

50 cm DBH (Fig. 3.3a). At this threshold BAI chronologies produced significantly higher 

correlations than when all trees were sampled (p=0.003) and when trees > 10 cm DBH were 

sampled (p<0.001). The CD method produced chronologies that exhibited the lowest average 

correlation with the imposed positive trend of all models (p<0.001 for all).  
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Figure 3.2: 95% confidence intervals for standardized chronologies produced by each 
standardization method (legend right side) applied to simulated sugar maple and white pine tree 
ring data produced by SORTIE model. Confidence intervals were obtained via bootstrap 
resampling (rep=100) of 60 trees (>10 cm DBH) from the simulated population. Dotted lines 
indicate the standardized positive (left side) or negative (right side) logistic trend that was added 
to the raw tree ring data. 
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Alternatively, when considering negative imposed trends, BAI (𝑟 =0.745±0.426) chronologies 

performed significantly worse than RCS (𝑟 =0.706±0.281, p < 0.001) but still better than CD 

(𝑟 =-0.609±0.291) and CM (𝑟 =0.666±0.364), (p<0.001 for both). Again, CD chronologies 

exhibited significantly lower correlations than all other models (p<0.001 for all). Notably, RCS 

chronologies produced at the 50 cm DBH sampling threshold exhibited significantly lower 

correlations than all other sampling thresholds (p<0.001; Fig. 3.3a). All other models exhibited 

similar correlation distributions across the various size thresholds used for sampling.  

Minimum tree size sampled (DBH) 
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a) Sugar maple 

b) White pine 

(+) trend 
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(-) trend 

Figure 3.3: Spearman’s correlation between chronologies produced by each of the five 
standardization methods and the imposed positive (left column) or negative (right column) 
logistic trend in simulated (a) sugar maple and (b) white pine tree-ring data produced by the 
SORTIE model. Correlation distributions were created by bootstrap resampling 60 trees 
(rep=100) from the simulated tree populations.  Horizontal axis denotes minimum tree size 
(DBH) thresholds for sampling from the population. Horizontal lines indicate threshold for 
significant Spearman’s rho (a=0.05) for correlation between chronologies and the imposed trend. 
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Simulated white pine tree ring data  

In simulated white pine data, two-way ANOVA suggested a significant effect of both 

standardization model (p<0.001) and minimum size sampling threshold (p<0.001) on average 

a) Sugar maple 

b) Red spruce 
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Figure 3.4: Standardized chronologies produced by each standardization method (legend right 
side) applied to tree ring series from a) sugar maple (n=6) and b) red spruce (n=12) stands. Solid 
lines represent the resultant model-wise mean chronologies across all stands considered while 
ribbons represent respective 95% confidence intervals. Dotted lines indicate the standardized 
positive (left side) or negative (right side) logistic trend that was added to the raw tree ring data.  
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correlations for both the positive and negative logistic trend analyses. For the positive trend, 

chronologies produced by SDS (𝑟 =0.977±0,026), RCS (𝑟 =0.932±0.091), COMB 

(𝑟 =0.956±0.052), and CM (𝑟 =0.953±0.045) produced high correlations across all sampling 

thresholds, with SDS performing significantly better than CM (p=0.006) and RCS (p=0.001). All 

four models produced significantly higher correlations than those produced by BAI 

(𝑟 =0.899±0.222) or CD (𝑟 =0.767±0.126) chronologies, with CD producing the lowest 

correlations of all models. Contrasts suggested that the significant effect of minimum size 

threshold was driven by significant differences in correlations from BAI chronologies across 

sample thresholds, whereby BAI chronologies exhibited significantly lower correlations when no 

minimum size thresholds (i.e. all trees sampled) were employed (p<0.001 in all cases; Fig. 3.3b).  

When examining negative imposed trends, SDS (𝑟 =0.942±0.090) and COMB (𝑟 =0.904±0.097) 

models produced chronologies with significantly higher correlations than all the other models but 

that are not significantly different from each other (p=0.594). BAI (𝑟 =0.750±0.390) and RCS 

(𝑟 =0.772±0.245) produced chronologies with correlations significantly higher than CD 

(𝑟 =0.505±0.316) and CM (𝑟 =0.623±0.362), (p<0.001 for all) but that were not significantly 

different from each other (p=1.00). CD chronologies exhibited significantly lower correlations 

than all other models (p<0.001 for all). Contrasts suggested that the significant effect of 

minimum size threshold was driven by significant difference in correlations of chronologies 

produced by BAI and CM among sampling thresholds. As evident in Fig. 3.3b, BAI chronologies 

performed significantly better when sampling thresholds exceeded 50 cm DBH, and CM 

chronologies performed best when sampling thresholds exceeded 30 cm DBH.  

Comparisons of methods in real tree ring data  

Standardization methods were evaluated on the basis of correlations between their resultant 

chronologies and known time-related trends in tree ring series from shade-tolerant species. 

Confidence intervals surrounding chronologies produced from each of the standardization 

methods applied to the tree ring series from six sugar maple stands are provided in Fig. 3.4a for 

both positive and negative logistic trends. The corresponding distributions of Spearman’s rank 

correlation coefficients are provided in Fig. 3.5a with significant differences (p<0.05) being 

denoted by letters. Chronologies and corresponding correlation coefficients for the identical 

analysis performed on 12 red spruce stands are provided in Figs. 3.4b and 3.5b.  
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Regardless of trend direction, 

RCS, COMB, and SDS 

chronologies exhibited 

comparable and consistent results 

across both species (Fig. 3.5). In 

general, chronologies produced by 

all three methods exhibited 

conservative but reliable 

estimations of the imposed trends 

(Fig. 3.4). SDS produced 

chronologies with correlations as 

high or higher (Fig. 3.5b, negative 

trend) than traditional RCS 

chronologies. Notably, the BAI 

and CM methods produced strong 

positive correlations between 

chronologies and the imposed 

trend only when the imposed trend 

was positive (Figs. 3.4, 3.5) but 

both consistently failed to 

reproduce negative trends (Fig. 3.4). Finally, across both species, CD chronologies exhibited low 

correlations with the imposed trend regardless of direction (Figs. 3.4, 3.5).  

3.5. DISCUSSION  

Size-deterministic vs. age-deterministic models for long-term trend reconstruction  

Using simulated tree ring data from the shade-tolerant species sugar maple, we have shown that 

standardization models that include tree size in the year of ring formation (SDS, COMB) 

produced chronologies that retain long-term and low-frequency variation better than those 

produced by models that only included age as a predictor (RCS). Alternatively, in the shade-

intolerant white pine species, chronologies produced by the RCS and COMB models showed no 

significant difference in their estimation of long-term trends, though SDS chronologies slightly 
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Figure 3.5: Spearman’s correlation between chronologies 
produced by each of the five standardization methods and 
the imposed positive (left column) or negative (right 
column) logistic trend in tree ring series from (a) sugar 
maple and (b) red spruce stands. Horizontal lines indicate 
threshold for significant Spearman’s rho (a=0.05) for 
correlation between chronologies and the imposed trend. 
Letters indicate significant differences among samples as 
estimated by Tukey honest significant differences (a=0.05). 
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outperformed RCS chronologies. As discussed previously, the finding that size-based 

standardization models perform well in simulated tree ring data is not surprising given that the 

SORTIE model calculates annual tree growth as function of tree size. Thus, the underlying 

growth trend would be well-approximated by a flexible curve estimated on the basis of tree size. 

As such, we use these results solely to elucidate the problematic nature of age-based 

standardization methods for shade-tolerant species. SORTIE’s use of diameter, rather than age, 

as a determinant of tree growth is not arbitrary; it is well established that tree metabolic 

processes are directly related to size (West et al., 2001). Additionally, there is little evidence for 

a unique effect of age on tree growth that is independent of size (Munné-Bosch, 2007). With the 

exception of dendrochronological models, the vast majority of individual tree growth and 

process models are indeed size-based. It follows that the ubiquitous use of age or calendar year 

in tree ring standardization methods (RCS, signal-free standardization, CD, Hugershoff curves) 

is a practice born out of convenience rather than physiological consideration. As such, we agree 

with previous accounts that this assumption may be especially problematic in shade-tolerant trees 

where age and size may not be perfectly correlated (Peters et al., 2015; Bontemps and Esper, 

2011).  

Unfortunately, all systematic comparisons of tree ring standardization methods in real tree ring 

data (e.g. Sullivan et al., 2016) are limited by their inability to validate long-term trends 

estimated by chronologies. In this study we evaluate standardization methods on their ability to 

reconstruct artificial trends in tree ring data. We show that SDS and COMB models are as 

reliable as the traditional RCS method in accurately detecting long-term trends in shade-tolerant 

species. Further, SDS appears to provide more reliable reconstructions when the underlying trend 

is negative. To our knowledge, only one other study has evaluated size-deterministic models on 

the basis of long-term trend reconstruction in chronologies. Bontemps and Esper (2011) 

compared RCS and SDS chronologies in common beech (Fagus sylvatica L.) and concluded that 

both exhibit similar variations, with the magnitude of difference varying between 3% and 7 %. 

However, other studies have examined the influence of tree size in explicit models of BAI. In 

tropical tree species of varying shade-tolerance, Nock et al. (2011) note that linear mixed models 

of BAI that included tree diameter had more support than those that included age. This result is 

corroborated by analyses of mixed models of BAI in Mediterranean pine species which suggest 

that the effect of DBH on BAI is more important than the effect of tree age (Marqués et al., 
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2016). In line with discussion above, Nock et al. (2011) attribute this finding to size being a more 

important determinant of light capture as it relates to tree height and crown size (King et al., 

2005).  

The resultant chronologies are indeed more likely to be influenced by the sample of the 

underlying tree population than by choice of standardization model. Tree age can be difficult or 

impossible to accurately estimate for some trees. In contrast, annual tree size can be reliability 

estimated from DBH and tree ring measurements more ubiquitously. We note that in this study 

only 66% of sugar maple trees could be accurately aged. Since unaged trees are likely to be the 

oldest trees in the chronology, it follows that RCS chronologies may exhibit poor sample 

replication (especially in early years) and may be significantly shorter than those typically 

produced by SDS or COMB models. This has obvious implications for data quality and 

suitability. Considerably problematic is the “segment length curse”, whereby almost all 

standardization methods are ill-equipped to estimate long-term trends on timescales greater than 

or equal to the length of the chronology itself (Cook et al., 1995). Excessively short RCS 

chronologies are therefore limited in their application. A large advantage of SDS and COMB 

models is that they can incorporate otherwise inadmissible tree ring data.  

This study does not explicitly test the efficacy of COMB models relative to SDS in the presence 

of unaged trees. We have also not provided evidence to suggest that the added complexity of 

COMB models relative to SDS is beneficial to accurate reconstruction of trends in the resultant 

chronologies. Given the merit the of size-deterministic models presented here, we suggest that 

future research explore the implications of the trade-off between model information and 

complexity in the presence of unaged trees.  

BAI, CM, and CD methods for long-term trend reconstruction  

The finding that CD did not produce accurate long-term trends in simulated tree ring data is 

consistent with our expectations (Peters et al., 2015; Briffa et al., 1992). We maintain CD should 

be avoided if the goal is long-term reconstruction from tree ring data. More interestingly, we 

have shown that CM and BAI, although designed for shade-intolerant open growth trees, do not 

reliably reconstruct negative long-term trends in simulated white pine tree ring data. Further, our 

analysis suggests BAI is less reliable when small and young trees are sampled. This result is 

corroborated in our study by a failure of both methods to reconstruct negative trends in real sugar 
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maple and red spruce tree ring data. Further, this finding is in line with Peters et al. (2015), who 

note low reliability of BAI chronologies and that BAI is likely to produce erroneous trends when 

the underlying trend is of low signal, as would be the case for young and small trees that have 

low BAI rates and presumably, low climate sensitivity.  

Both BAI and CM impart a strict relationship between tree size and growth. It has been 

suggested that this relationship may not account for the entire biological growth trend, leading to 

the maintenance of erroneous long-term trends in the resultant chronologies (Peters et al., 2015). 

Erroneous increasing trends are indeed noted in both sugar maple (Fig. 3.4a) and red spruce (Fig. 

3.4b) chronologies produced by BAI and CM in our study. Accordingly, we caution future 

studies in their interpretation of BAI and CM trends in low-signal tree ring series. Other studies 

have explicitly modelled size and/or age effects on BAI using a mixed-effect modelling approach 

(e.g. Marqués et al., 2016; Camarero et al., 2015; Nock et al., 2011; Martínez-Vilalta et al., 

2008). This approach may better account for species- and site-specific factors that influence 

expected growth rates, leading to more accurate estimates of long-term trends in the resultant 

chronology. While our findings regarding the importance of inclusion of size in tree ring 

standardization models are presented in the context of raw tree ring width models, they are also 

directly relevant to explicit models of BAI.  

A more thorough discussion of the limitations of the CD, BAI, and CM methods, as relevant to 

reconstruction of long-term trends, is beyond the scope of this study. The interested reader is 

directed to Peters et al. (2015).  

Other considerations and future research  

It is important to note that the goal of this study was not to explicitly test the effect of sample 

biases (i.e. modern sample bias, selection bias, etc.) on trend reconstruction but instead to assess 

the reliability of standardization models across different underlying sampling distributions. 

Accordingly, our results do not suggest that any of the discussed standardization methods are 

immune to sample biases (i.e. big tree selection bias, slow grower survivorship bias), as our 

study is not designed to detect and isolate the effects of contemporaneous differences in growth 

rates among trees that produce these biases. There is now substantial evidence to suggest that the 

long-standing practice of sampling only dominant trees or trees exceeding a minimum size 

threshold within a stand leads to considerable bias in the resultant chronology (Nehrbass-Ahles 
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et al., 2014; Brienen et al., 2012; Briffa and Melvin, 2011). This bias is consistent across 

standardization methods (Duchesne et al., 2019; Nehrbass- Ahles et al., 2014). We maintain that 

in cases of long-term trend reconstruction, stands should be sampled according to the underlying 

stand age- and size-distribution, either through use of fixed-plots or random tree selection, 

regardless of the standardization procedure used.  

Given the strong physiological justification of the models presented here, we have no reason to 

suggest they are not broadly applicable to species of all shade-tolerance levels. We recommend 

future studies investigate the applicability of SDS and COMB models to both tree ring width and 

BAI data in a wider range of species. That said, shade-tolerant and broadleaf species and their 

applicable standardization procedures are underrepresented in dendrochronological studies (Zhao 

et al., 2019). Further, the applicability of enhanced tree ring standardization models (including 

traditional RCS and BAI) to global tree ring data sets are limited by widely unavailable metadata 

(i.e. tree age and DBH) in tree ring databases. Accordingly, we recommend more stringent 

requirements on the inclusion of applicable metadata in global databases to accommodate more 

complicated standardization models. Finally, we advocate for continued refinement of tree ring 

standardization procedures that are relevant to the ecological questions they aim to address.  
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CHAPTER 4: SITE-LEVEL SOIL MOISTURE CONTROLS WATER-USE EFFICIENCY 

IMPROVEMENT AND CLIMATE RESPONSE IN SUGAR MAPLE: A DUAL 

DENDROISOTOPIC STUDY 
 

The content of this chapter has been published in Dietrich, R., Bell, F. W., & Anand, M. (2021). 

Site-level soil moisture controls water-use efficiency improvement and climate response in sugar 

maple: a dual dendroisotopic study. Canadian Journal of Forest Research, 51(5), 692-703. 
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4.1. ABSTRACT  

Given the large contribution of forests to terrestrial carbon storage, there is a need to resolve the 

environmental and physiological drivers of tree-level response to rising atmospheric CO2. This 

study examines how site-level soil moisture influences growth and intrinsic water-use efficiency 

in sugar maple (Acer saccharum Marsh.). We construct tree-ring, δ18O, and Δ13C chronologies 

for trees across a soil moisture gradient in Ontario, Canada, and employ a structural equation 

modelling approach to ascertain their climatic, ontogenetic, and environmental drivers. Our 

results support previous evidence for the presence of strong developmental effects in tree-ring 

isotopic chronologies — in the range of -4.7% for Δ13C and +0.8% for δ18O — across tree life 

span. Additionally, we show that the physiological response of sugar maple to increasing 

atmospheric CO2 depends on site-level soil moisture variability, with trees only in relatively wet 

plots exhibiting temporal increases in intrinsic water-use efficiency. These results suggest that 

trees in wet and mesic plots have experienced temporal increases in stomatal conductance and 

photosynthetic capacity, whereas trees in dry plots have experienced decreases in photosynthetic 

capacity. This study is the first to examine sugar maple physiology using a dendroisotopic 

approach and broadens our understanding of carbon–water interactions in temperate forests.  

4.2. INTRODUCTION  

Increasing atmospheric carbon dioxide (Ca) is a unique component of global environmental 

change in that its influence on terrestrial ecosystems is ubiquitous. Since photosynthesis of C3 

plants is not yet saturated at current Ca levels (407 ppm), there is potential for carbon stimulation 

of plant growth (Long et al. 2004). Furthermore, because plant acquisition of CO2 is 

accompanied by water vapour loss through stomata, increases in Ca may lead to increased plant 

water-use efficiency (i.e. the rate of carbon uptake per unit of water loss). While increases in Ca 

have undeniable consequences for gas exchange, resource use, and growth in terrestrial plants 

(Norby et al. 1999), individual plant responses to rising Ca will depend on the balance between 

physiological changes and concomitant climatic and environmental disturbances. As it stands, 

inconsistent results across species and forest types suggest that the magnitude of the response of 

global forests to atmospheric forcing is largely unknown (Gedalof and Berg 2010; Peñuelas et al. 

2011).  
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In tree-ring studies, historical intrinsic water-use efficiency (WUE)—the ratio of photosynthetic 

capacity (A) to stomatal conductance to water vapour (gs) — is inferred from δ13C isotopic 

discrimination in tree-ring whole wood or cellulose (Farquhar et al. 1982). However, this 

approach is limited in that it cannot infer whether changes in WUE are the result of relative 

changes in A, gs, or both. More recently, inclusion of δ18O isotopic analysis of tree-ring or leaf 

material has allowed for inference regarding these competing hypotheses (Scheidegger et al. 

2000; Grams et al. 2007). In well-controlled environments, δ18O of leaf organic matter may be 

directly correlated with gs (Barbour et al. 2000; Siegwolf et al. 2001; Grams et al. 2007). 

Accordingly, δ18O discrimination, as a proxy for gs, can used be used to constrain interpretation 

of Δ13C variation regarding the competing controls on WUE (A or gs).  

Tree-ring studies provide an undeniably large source of potential information regarding tree 

growth and physiological response to climate forcing. However, reliable extraction of long-term 

trends in tree-ring series is inherently difficult owing to the presence of size- and age-related 

developmental effects that vary on time scales similar to those of climate-related trends. While 

increased awareness of sampling biases has led to better prescriptions for study design in purely 

dendrochronological studies (e.g., Nehrbass-Ahles et al. 2014), the matter is seldom noted in 

isotopic studies, where sampling is almost always limited to codominant or dominant trees. 

Given the growing evidence for size-related developmental trends in tree-ring isotopic 

composition (Brienen et al. 2017; Klesse et al. 2018a; Marshall et al. 2001), this strategy is likely 

to produce biased estimates of long-term climate-related trends in isotopic chronologies. Indeed, 

there is now evidence to suggest that the failure of previous studies to account for developmental 

effects has led to considerable overestimations of temporal rises in WUE in global forests 

(Brienen et al. 2017).  

Until recently, developmental effects were rarely considered in isotopic studies, in part because 

they can be difficult to estimate accurately in all stands (e.g., even-aged stands) and study types 

(e.g., spatial studies). Uneven-aged temperate broadleaf forests provide an opportunity to sample 

trees of varying sizes and dominance that collocate in similar environmental conditions, 

theoretically allowing for unbiased estimation of developmental trends in stable isotope and tree-

ring width (TRW) series. In this study, we focus on sugar maple (Acer saccharum Marsh.), a 

culturally, economically, and ecologically valuable hardwood species in North America. In 



 
 

61 
 

Ontario’s Great Lakes–St. Lawrence and Carolinian forest regions, highly shade-tolerant sugar 

maple competitively excludes other woody species and forms, pure, self-replacing, multi-cohort 

stands. In areas dominated by infrequent high-intensity disturbance, such as wildfire or logging 

activity, and frequent low-intensity disturbance (Poulson and Platt 1996), such as local windfall, 

old-growth sugar maple stands can represent steady-state ecosystems (Bormann and Likens 

1979). In these ecosystems, nutrient and competitive dynamics, which would otherwise 

adversely affect tree growth rates, remain relatively stable across the stand through time. 

Accordingly, growth and physiological changes across the whole stand are likely to be related to 

the direct and indirect effects of climatic forcing and not to succession-related changes in 

resource availability.  

Sugar maple is generally healthy across its range, though declining growth and crown dieback 

have been noted in selected stands in the last 40 years (Bauce and Allen 1992; Payette et al. 

1996). The specific drivers of decline, often termed sugar maple decline disease, are diverse and 

often locally specific but well studied (Horsley et al. 2002; Hufkens et al. 2012). Given the 

species’ specific environmental (Sullivan et al. 2013; Bauce and Allen 1992; Duchesne et al. 

2002) and climate (Gavin 2008) tolerances, climate change is likely to be the largest threat to the 

species in the future (Bishop et al. 2015). Indeed, niche models have suggested large potential 

range reductions for sugar maple under continued climatic forcing (Iverson and McKenzie 

2013), especially throughout its southern range. The fate of the species therefore depends on its 

ability to expand northward as growing seasons lengthen. As such, it is important to understand 

how environmental variability constrains the response to climate in sugar maple stands near their 

northern range limit.  

Previous isotopic studies in temperate broadleaf forests have shown that physiological responses 

to climate are not conserved among species (Granda et al. 2014; Frank et al. 2015; Daux et al. 

2018) or across species’ ranges (Keitel et al. 2006; Weitner et al. 2007; Peñuelas et al. 2008; 

Schäfer et al. 2017; Rezaie et al. 2018). While many studies have examined climate sensitivity of 

growth and isotopic chronologies across large latitudinal or climate gradients, few have 

examined variance in individual tree response at the site- or local-level (e.g., Geßler et al. 2001; 

Hartl-Meier et al. 2015). Further, a large proportion of studies of temperate broadleaf species 

have been limited to European beech (Fagus sylvatica), an economically valuable species in 
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Europe. Accordingly, there is a need to broaden our understanding of the response of temperate 

forests to climatic forcing from a species and scale perspective.  

In this study, we use a dual dendroisotopic approach (Δ13C and δ18O) to elucidate the response of 

growth and WUE to increasing Ca in a mature sugar maple stand. We attempt to discern discrete 

differences in the physiological response of local sugar maple trees to climate across a gradient 

in site-level soil moisture conditions. More specifically, we examine whether (i) the 

physiological response of sugar maple trees (i.e., changes in A and gs) to increasing Ca and (ii) 

sensitivity of growth, Δ13C, and δ18O to seasonal climate and soil water content are conserved 

across stand-level variation in soil moisture. To answer these questions, we employ a structural 

equation modelling approach that considers simultaneous developmental, climatic, and 

environmental effects on tree-ring width, Δ13C, and δ18O chronologies.  

4.3. METHODS  

Site description  

Our study site is located in Algoma Ontario, Canada (46.74591°N, 82.8668°W), located within 

the Great Lakes–St. Lawrence forest region at an elevation of 500 m. Soils on the site are 

classified as Orthic Humo-Ferric Podzols and can be described as noncalcareous stony sand and 

(or) sandy loam glacial till (Land Resource Institute (Canada) et al. 1983). The stand is mature, 

multi-cohort, pure sugar maple with no apparent history of large-scale anthropogenic (i.e., 

logging) or natural (i.e., significant windfall or fire) disturbance. Stand basal area was 

25.54m2/ha with <1% of basal area consisting of species other than sugar maple (primarily 

Betula alleghaniensis).  

There is no consistent instrumental climate record within a 200 km radius that covers the study 

period of 1900–2015. As such, we used modelled climate data produced by the ClimateNA v5.10 

software package, available at http://tinyurl.com/ClimateNA. Based on the methodology 

described by Wang et al. (2016), the program locally downscales historical climate data into 

scale-free point estimates of climate values for North America. Mean annual temperature and 

total precipitation for the period were 2.69 °C and 877 mm, respectively, both of which 

significantly increased (p < 0.001) over the study period.  
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Soil moisture characterization  

Twelve, 4.5 m radius circular plots were positioned to capture an apparent gradient in the soil 

moisture regime within the stand. Soils in each plot were sampled via one soil pit in the centre of 

the plot. Soil texture of each horizon was estimated using the pipette method and then used to 

calculate field capacity and maximum drainage rate according to Saxton et al. (1986). Plots were 

assigned to soil moisture categories a posteriori using a clustering analysis of soil properties. 

Potential field capacity, maximum drainage rate of the B horizon, and the presence or absence of 

the water table in the soil pit were chosen as variables for clustering analysis. Scree plots of k-

means clustering analysis suggested three meaningful clusters. These clusters were given the 

relative classifications of dry (n = 3), moderate (n = 5), and wet (n = 4). Descriptions of soil 

properties amongst classifications are provided in Table 4.1.  

Table 4.1: Soil characteristics and sample sizes of plots assigned to each soil moisture 
classification. 

Site Class n. plots 
n. trees 
total n. trees 

field 
capacity drainage rate 

water 
present 

Wet 4 25 10 0.282127 3.30441 4/4 
Mod 5 21 11 0.259581 4.273024 0/5 
Dry 3 21 11 0.197365 5.11567 0/3 
             

Annual variation in plot-level soil water content (SWC) was estimated following Weitner et al. 

(2007), where maximum soil water content (SWCmax) of each horizon was calculated as 

SWCmax=Ei ·Ui, where U is the water-holding capacity (mm·cm-1) given the horizon textural 

class and Ei is the thickness of the horizon (cm). We considered all soil horizons within the 

normal rooting depth of sugar maple of 5–30 cm (Bauce and Allen 1992; Yanai et al. 2008). Plot 

SWCmax varied between 47.92 and 72.27 mm (median = 62.64mm). Monthly SWC was 

calculated as follows:  

(Eq. 4.1) SWCx=SWCx-1 + Px -PETx,  

if SWCx>SWCmax then: SWCx=SWCmax 

where SWCx represents SWC at the end of month x (mm), Px is mean precipitation in month x, 

and PETx is mean potential evapotranspiration in month x (mm). PET was calculated according 

to Droogers and Allen (2002) when monthly radiation estimates were available and according to 

Thornthwaite (1948) otherwise. In common years, both provided similar estimates. Soil water 
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content for January was initialized at SWCmax, as it was assumed that soil water reserves were 

replenished at the end of each winter.  

Dendrochronological and isotopic methods  

To minimize biases associated with unbalanced sampling designs (see Nehrbass-Ahles et al. 

2014; Duchesne et al. 2019), trees were sampled according to the underlying age (or size) 

distribution, with all trees >3 cm diameter at breast height (DBH) being sampled. Accordingly, 

our sample consisted of 67 trees ranging from 7 to >265 years of age. Trees >5 cm were cored at 

breast height (1.3m), smaller trees were destroyed, and cross-sections were taken at breast 

height. Cores and cross-sections were subjected to standard dendrochronological methods 

(Stokes and Smiley 1996); they were counted using the WinDENDRO image analysis program 

and cross-dated using the dplR protocol in R (Bunn 2010).  

Following cross-dating, two or three trees of varying ages were selected from each plot for 

analysis of δ18O and δ13C (n = 32). Tree cores from selected trees were separated into 5-year 

sections spanning to 1900. As such, our isotope record includes 10–11 trees per soil moisture 

classification, which has been shown to be adequate to accurately infer physiological trends from 

isotopic series (Daux et al. 2018). Wood sections were sanded to ensure no contamination from 

the core mount before being homogenized with a micro ball mill (Retsch MM200; Retsch, Haan, 

Germany), weighed on a microbalance (to the nearest 0.001 mg), (Mettler- Toledo), and 

encapsulated in either tin (δ13C) or silver (δ18O). Cellulose extraction was not performed, as 

studies have shown little or no accuracy improvement for δ13C (English et al. 2011) or δ18O 

(Weigt et al. 2015) discrimination. For carbon isotope measurement, samples were combusted to 

CO2 using an Elementar VarioEL Cube elemental analyzer followed by “trap and purge” 

separation and online analysis by continuous flow with a DeltaPlus Advantage isotope ratio mass 

spectrometer. Oxygen isotopes were analyzed with a Thermo DeltaPlus XP continuous-flow 

isotope ratio mass spectrometer coupled with a Thermo Scientific thermal conversion elemental 

analyzer (TC/EA). All isotope analysis was performed at the Ján Veizer Stable Isotope 

Laboratory, University of Ottawa. Isotope values for both carbon and oxygen are reported in 

delta notation, where δ13C and δ18O = (Rsample/Rstandard - 1) ·1000 (‰). R is the ratio of the 

abundance of the heavy isotope (13C, 18O) to the light isotope (12C, 16O) in the sample and in the 
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international standard (Vienna Pee Dee Belemnite (VPDB) for carbon and Vienna Standard 

Mean Ocean Water (VSMOW) for oxygen).  

Statistical analyses  

Isotope calculation and interpretation  

To account for temporal change in atmospheric δ13C due to increases in global anthropogenic 

emissions (Suess effect), 13C isotope discrimination (Δ13C) was calculated according to Farquhar 

et al. (1982):  

(Eq. 4.2) Δ C =
/

, 

where δ13Cair are atmospheric δ13C values compiled from ice core records (Francey et al. 1999) 

and documented by McCarroll and Loader (2004). This record is used prevalently in tree-ring 

isotopic studies owing to its high precision (McCarroll and Loader 2004) and piecewise linear 

nature. This linear relationship allows for simple extrapolation to extend the δ13Cair record to 

present (Saurer et al. 1997).  

Intrinsic water-use efficiency (WUE) can be approximately determined by measurements of 

Δ13C in plant biomass (Farquhar et al. 1982). Briefly, Δ13C in tree-ring wood, and in other C3 

plants, is controlled at the leaf level by the ratio of intercellular CO2 (Ci) to Ca. Changes in gs and 

A influence Ci concentration, which can be inferred from δ13C recorded in annual tree rings. This 

calculation is possible because diffusion fractionation across the boundary layer and the stomata 

(a = 4.4%) and the RuBisCO isotopic fractionation that takes place during carboxylation (b = 

27.0%) are both known. Accordingly, Δ13C is linearly related to the ratio of Ci to Ca according to 

the following equation:  

(Eq. 4.3) Δ C = a + (b − a)  . 

Furthermore, WUE can be estimated according to Fick’s Law as follows:  

(Eq. 4.4) 𝑊𝑈𝐸 =  
 ( )

.  ( )
=

( )

.
=   . 
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Annual atmospheric means of CO2 concentration from Mauna Loa, Hawaii, USA 

(www.esrl.noaa.gov/gmd/ccgg/trends/) were supplemented with Law Dome ice core records to 

construct a historical record of Ca (Etheridge et al. 1998).  

As above, it is important to consider changes in the δ18O isotopic composition of source water, 

which is primarily influenced by the δ18O of precipitation (δ18Oprec), (McCarroll and Loader 

2004). Annual measurements of δ18Oprec were obtained from the Global Network of Isotopes in 

Precipitation (GNIP) for all records within a 1000 km radius of the study site. It was found that 

after controlling for sample location and month of collection, there was no significant effect of 

year (p = 0.164) on δ18O. As such, we chose not to adjust δ18O tree for temporal changes in 

source water. We acknowledge that this approach may leave unexplained variability within our 

δ18O record, but accept this limitation given the relative unavailability of δ18Oprec records within 

reasonable proximity to our study site during the last century.  

While precipitation is likely to be the main source of water in our site, local trees may access 

water with differing δ18O signatures owing to variance in rooting depth (Roden and Siegwolf 

2012; Sarris et al. 2013). As such, we do not compare absolute differences in δ18O between plots 

or soil classifications in our study. Instead, we examine long-term sensitivity of δ18O to climate 

and atmospheric variables, using the assumption that source water within soil classifications does 

not vary significantly over time. This assumption is increasingly valid given that developmental 

trends were removed from isotopic series before analysis (see below).  

Tree-ring and isotope detrending  

In broadleaf species, both TRW and isotopic series contain long-term developmental trends that 

must be accounted for to accurately estimate long-term effects related to other environmental 

variables (Briffa and Melvin 2011; Brienen et al. 2012). In this study, we used tree diameter in 

the year of ring formation (diamy) as the determinant of the biological trends in both TRW and 

isotopic series, as tree diameter more directly relates to the physiological processes that control 

growth and height in trees than tree age, which is conventionally used in tree-ring 

standardization methods. Indeed, there is evidence to suggest that age may be a poor determinant 

of the biological trend in both TRW (Dietrich and Anand 2019) and isotopic (Brienen et al. 

2017; Klesse et al. 2018a) series in broadleaf species.  
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The relationship between tree diameter and tree growth and δ18O or Δ13C isotopic discrimination 

is unlikely to be strictly linear. As such, we tested a variety of models that were broadly based on 

previous diameter-based models of radial and height growth (Weiskittel et al. 2011). The 

standardization model took the following form:  

(Eq. 4.5) yy=b0+b1·diamy+b2·diamy
2+ b3·log(diamy) 

where y is the dependent variable (TRW, δ18O, or Δ13C) and diamy is estimated by outside-in or 

inside-out techniques (see Dietrich and Anand 2019). All combinations of simpler nested models 

were also fit, and the most parsimonious model, estimated using the Akaike information criterion 

(AIC) score, was chosen as the standardization model. For both Δ13C and δ18O, model residuals 

were recentered according to the raw mean and standard deviation, allowing for calculation of 

WUE chronologies that were independent of size effects. The TRW model was fit from all 

sampled trees (n = 67), while the δ18O and Δ13C models were fit from the subset trees (n = 32) 

that were selected for isotope analysis. Tree-ring width was log-transformed prior to model 

fitting to improve residual homoscedasticity. Following standardization, TRW, Δ13C, and δ18O 

chronologies for each soil moisture class were checked for significant trends with Ca using 

simple linear regression.  

Structural equation modelling  

To estimate the influence of variation in climate, SWC, and Ca on TRW and isotopic 

chronologies amongst soil moisture classifications, we used a structural equation modelling 

(SEM) approach. Structural equation models allow for the testing of structural hypotheses and 

multivariate causal relationships that cannot be evaluated with multiple linear regression alone.  

In this study we propose and test two distinct SEMs. The first includes climate variables, namely 

precipitation and temperature, and their effects on TRW, δ18O, and Δ13C, whereas the second 

includes temperature and SWC. Hereinafter, these models will be referred to as the climate-SEM 

and SWC-SEM, respectively. To reduce model complexity, monthly climate and SWC estimates 

were grouped according to seasons (i.e., spring (April– June), summer (July–Sept), fall (October, 

November), and winter (December–March)] and averaged for 5-year periods to correspond with 

the temporal resolution of the isotopic records. In both models, all seasonal climate and SWC 

variables were allowed to influence TRW, δ18O, and Δ13C. Given that Ca is unlikely to have a 
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direct influence on tree growth that is not moderated by changes in A or gs, Ca was allowed to 

influence δ18O and Δ13C but not TRW. Accordingly, both δ18O and Δ13C were allowed to have 

direct influence on TRW. A covariance between δ18O and Δ13C was also specified.  

Size-related effects on δ18O, Δ13C, and TRW were accounted for via inclusion of diameter-

related variables specified in Eq. 4.5 (diamy, log(diamy), diamy
2). To reduce model complexity, 

only the relationships that were previously specified by the most parsimonious standardization 

model (see section 4.2.4.2) were included in the SEM. We estimated size-related effects 

simultaneously with climate and environmental effects in both models, as it allows for unbiased 

estimates of respective long-term trends (Bontemps and Esper 2011).  

In SEM, measurement error — the degree to which the measured variable does not correlate with 

the true value — can be specified in models via the inclusion of latent variables (Grace 2006). In 

both models, δ18O and Δ13C were both included as latent variables with their measurement errors 

estimated by quality control duplicate samples. Specifically, measurement errors were calculated 

according to (1 - r2) VARx, where VARx is the variance of the isotopic record and r2 is the mean 

correlation between duplicate samples. Prior to model fitting, all variables were transformed to 

standardize variance (Table C1.1).  

Both SEMs were fit with soil moisture class (wet, mesic, dry) as a grouping factor, meaning that 

unique path coefficients were estimated for each class. Only path coefficients that were 

marginally significant (p < 0.10) in at least one of the soil moisture class models were retained in 

the final model. Grouped and communal models (fit to all trees regardless of class) were 

compared on the basis of model parsimony (AIC). Satisfactory models had nonsignificant chi-

squared (x2) tests (p ≥ 0.05), indicating that the proposed model was a sufficient approximation 

of the true model and that no pathway could be dropped from the model without resulting in 

significant deviations between model and data (Grace et al. 2010). In both cases, the final model 

was bootstrap resampled (n = 1000) to produce 83% confidence intervals surrounding path 

coefficients. Nonoverlapping confidence intervals suggested significant differences (a = 0.05) in 

the mean path coefficient among soil moisture classes (Goldstein and Healy 1995).  

All statistical analyses were performed in R version 3.5.0 (R Core Team 2018) using the dplR 

(Bunn et al. 2018), lavaan (Rosseel 2012), and SPEI (Beguería and Vicente-Serrano 2017) 

packages.  
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4.4. RESULTS 

Developmental trends in tree-ring width and 

isotopic chronologies  

Annual TRW and 5-year pooled isotope 

records of δ18O and Δ13C all showed 

significant size-related effects (Table 4.2). 

Size-related effects in annual TRW were best 

explained by the full model (eq. 4; Fig. 4.1a), 

which had significant support (p < 0.001) on 

the basis of model parsimony (AIC) relative to 

simpler models. Standardized annual tree-ring 

chronologies for each soil moisture class are 

presented in Fig. 4.2a.  

Size-related effects on δ18O were best 

modelled by an equation that included 

diameter and log-transformed diameter (Fig. 

4.1b), although there was marginal support for 

this model over simpler (p = 0.093) and more 

complicated models. Lastly, Δ13C showed a 

significant negative linear relationship with 

diameter. The linear model showed little 

difference from more complicated models on 

the basis of model parsimony (p = 0.993). 

On average, developmental trends accounted 

for a 0.8%increase in tree-ring δ18O and a 

4.7% decrease in tree-ring Δ13C across the 

life cycle of trees considered in this study 

(0–40 cm DBH).  

 

Wet 
Mesic 
Dry 

a 

b 

c 

Figure 4.1: Variation in tree ring width (a) δ18O 
(b) and (c) Δ13C with tree diameter (in the year 
of ring formation) for sugar maple trees among 
soil moisture classes in Algoma, Ontario 
Canada.  Trend lines are formulated according 
the most parsimonious expression of Eqn. (5). 
Equations for trend lines are provided in Table 
4.2. 
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Table 4.2: Maximum likelihood parameter estimates for models describing the effects of tree 
diameter on tree ring width, δ18O and Δ13C in sugar maple. 

Model Parameter Estimate (SE) DF t-value P-value Δ AIC P-value 
ring width*           21.48 <0.001 

Intercept 
-0.8141 (0.0266) 

4820 
-
24.886 <0.001     

diam 14.5037 (1.3969) 4820 10.383 <0.001     
log(diam) 0.0838 (0.0173) 4820 -7.621 <0.001     
diam2 -7.1457 (0.9377) 4820 4.85 <0.001     

δ18O           0.85 0.093 
Intercept 19.4713(0.0584) 433 33.254 <0.001     
diam -0.0119 (0.0070) 433 -1.685 0.0927     
log(diam) 0.3480 (0.048) 433 6.992 <0.001     

Δ13C           2.00 0.993 
Intercept 22.6870 (0.1088) 431 208.6 <0.001     
diam -0.1181 (0.0089) 431 -13.28 <0.001     

*log transformed prior to model fitting            
      

Isotope interpretation  

After controlling for size-related effects, we found that Δ13C chronologies from trees in mesic 

and dry plots showed a significant positive correlation with Ca levels (p < 0.001 for both; Fig. 

4.2b). There was no significant increase in WUE with increasing Ca levels (p = 0.360 and 0.272, 

respectively; Fig. 4.2c) in these plots. By comparison, trees in wet plots showed no increase in 

Δ13C with Ca (p = 0.082), leading to a significant increase in WUE (p = 0.030). δ18O 

chronologies from trees in wet and mesic plots showed significant negative correlations with Ca 

(p = 0.008 and 0.028, respectively; Fig. 4.2d), whereas trees from dry plots showed no 

significant change in δ18O with increasing Ca (p = 0.583).  

Structural equation models  

Tree response to climate  

The climate-SEM for each soil moisture class is presented in Figs. 4.3b–d. Model fit statistics for 

the full model and individual soil moisture class models are provided in Table 4.3. All models fit 

well and were not rejected as the null hypothesis (i.e., p > 0.05). While the full model fit well (x2 

= 40.638, df = 39, p = 0.604), the model exhibited higher support in mesic plots (x2 = 10.021, df 
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Figure 4.2: (a) Annual tree ring width chronologies complied from sugar maple trees in three soil 
moisture classifications. Gray ribbon indicates 95% confidence interval of annual ring width from 
all trees.  (b-d) Variation in re-centered residual Δ13C, WUE and δ18O with Ca. Isotopic residuals 
(Δ13C, δ18O) are derived from diameter-deterministic models as shown in Fig. 1 and detailed in 
Table 4.2. Black trendlines indicate significant (p<0.05) linear relationships between dependent 
variables and Ca for trees in a given soil-moisture classification while grey trendlines indicate non-
significant ones. Top corner legend is applicable to all figures (a-d).  
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= 13, p = 0.692) than in dry (x2 = 14.209, df = 13, p = 0.359) or wet (x2 = 16.408, df = 13, p = 

0.228) plots. The SEM fit individually to soil moisture classes was more parsimonious (AIC = 

2917) than the communal model fit to all trees (AIC = 3042). Spring, summer, fall, and winter 

precipitation (Sprprec, Sumprec, Fallprec, Winprec) and fall temperatures (Falltemp) were retained in 

the model, as they were significantly related to an exogenous variable in at least one of the site 

classes. The final model explained 51.6%, 29.6%, and 50.3% of variation in Δ13C, 23.0%, 

24.5%, and 17.9% of variation in δ18O, and 48.2%, 40.0%, and 45.7% of variation in TRW in 

wet, mesic, and dry plots, respectively.  

The climate-SEM confirmed results from the linear regressions between isotopic chronologies 

and Ca, namely that Δ13C was significantly positively related to Ca in mesic (p = 0.002) and dry 

(p < 0.001) plots. Confidence intervals for path coefficients suggest that the relationship between  

Table 4.3: Model fit information for the structural equation model examining sensitivity of 
TRW, Δ13C and δ18O (climate-SEM) to climate among differing soil moisture classes in a 
mature sugar maple stand.  

Model attribute 
Full model (TB stand) 
Wet Mesic Dry Total 

Observations 123 212 98 433 
No. free params 21 21 21 69 
Chi-square test         
Model fit value 16.408 10.021 14.209 40.638 
DF 13 13 13 39 
P-value 0.228 0.692 0.359 0.604 
Root mean square error 
approximation         
Estimate 0.046 0 0.031 0.017 
90% Confidence interval 0.00-0.106 0.00-0.053 0.000-0.107 0.00-0.061 
Probability RMSEA <= 0.05 0.487 0.936 0.581 0.863 
Model vs baseline         
CFI 0.981 1 0.991 0.997 
TLI 0.957 1.026 0.979 0.993 
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Figure 4.3: (a) Theoretical structural equation model (SEM) of the relationship between tree-
ring Δ13C, δ18O, and log-transformed tree-ring width in the presence of climate and size-related 
effects in an Ontario sugar maple forest. The model is iterated across trees in three soil moisture 
classifications. (b–d) Fitted SEMs showing path coefficients for relationships specified in the 
theoretical model across three soil moisture classes. Solid lines indicate significant path 
coefficients (p < 0.05). Line widths are scaled according to the standardized path coefficients, 
while labels represent unstandardized path coefficients. Superscripts (W, M, D) indicate 
significant differences (p < 0.05) between coefficients from respective soil classes (dry, mesic, 
and wet, respectively). 
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Figure 4.4: (a) Theoretical structural equation model (SEM) of the relationship between tree-
ring Δ13C, δ18O, and log-transformed tree-ring width in the presence of variation in soil water 
content (SWC) and climate and size-related effects in an Ontario sugar maple forest. The model 
is iterated across trees in three soil moisture classifications. (b–d) Fitted SEMs showing path 
coefficients for relationships specified in the theoretical model across three soil moisture classes. 
Solid lines indicate significant path coefficients (p < 0.05). Line widths are scaled according to 
the standardized path coefficients, while labels represent unstandardized path coefficients. 
Superscripts (W, M, D) indicate significant differences (p < 0.05) between coefficients from 
respective soil classes (dry, mesic, and wet, respectively). 
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Ca and Δ13C was significantly stronger in dry plots than in mesic and wet plots. Similarly, the 

SEM confirmed a significant negative association between Ca and δ18O in wet (p = 0.037) and 

mesic (p = 0.002) plots, as both coefficients were significantly lower than in the dry plots. 

Δ13Cwas positively related to Fallprec in mesic plots (p = 0.048), and δ18O was positively related 

to Winprec in dry plots. Neither path coefficient varied significantly across classes.  

TRW was positively associated with δ18O in wet (p < 0.001) and dry (p = 0.008) plots; however, 

the path coefficients were similar across classes. By comparison, the relationship between TRW 

and Δ13C varied significantly amongst all classes, with wet and mesic plots showing significant 

negative correlations (p < 0.001) between Δ13C and growth, and dry plots showing no significant 

relationship (p = 0.158). In dry plots, TRW was positively related to Falltemp (p < 0.001), Sumprec 

(p = 0.023), and Fallprec (p = 0.001) and negatively related to Sprprec (p = 0.009). Notably, TRW 

response to Falltemp and Fallprec was significantly stronger in dry plots than in mesic plots. In 

mesic plots, growth was positively related to Falltemp (p = 0.035) and Sumprec (p < 0.001) and 

negatively related to Sprprec (p = 0.007). In wet plots, growth was negatively related to Sprprec and 

positively related to Falltemp (p < 0.001) and Fallprec (p = 0.001).  

Tree response to soil water content  

The SWC-SEM for each soil moisture class is presented in Figs. 4.4b–d. Model fit statistics for 

the full model and individual soil moisture class models are provided in Table 4.4. The full 

model was not rejected as the null hypotheses (x2 = 29.928, df = 24, p = 0.187), but in general, 

the model exhibited higher support in mesic (x2 = 5.248, df = 8, p = 0.731) and dry (x2 = 9.457, 

df = 8, p = 0.305) plots than in wet plots (x2 = 15.224, df = 8, p = 0.055). The SEM fit to the 

three soil moisture classes was more parsimonious (AIC = 2889) than the communal model fit to 

all trees (AIC = 3057). Fall temperature, spring temperature (Sprtemp), and spring and summer 

soil water content (SprSWC, SumSWC) were retained as exogenous variables in the final model, 

which explained 54.1%, 34.3%, and 52.8% of variation in Δ13C, 24.0%, 27.5%, and 16.3% of 

variation in δ18O, and 53.8%, 39.0%, and 44.3% of variation in TRW in wet, mesic, and dry 

plots, respectively.  
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The relationship between δ18O and Ca in the SWC-SEM was consistent with results from both 

the linear regression and the climate- SEM. Similarly, the effects of Ca on Δ13C were consistent 

with the first SEM, with one exception: the positive relationship between Ca and Δ13C in mesic 

plots was only marginally significant (p = 0.056). Δ13C was found to be positively related to 

SprSWC in wet plots (p = 0.009) but negatively related to SprSWC in mesic (p < 0.001) and dry (p = 

0.022) plots; path coefficients were significantly different between wet and mesic and dry plots. 

Δ13C was also positively related to Falltemp, but this relationship was only significant in mesic 

plots (p = 0.033). Similarly, δ18O was positively related to SprSWC in mesic plots (p = 0.042).  

Table 4.4: Model fit information for the structural equation model examining sensitivity of 
TRW, Δ13C and δ18O (SWC-SEM) to soil water content and temperature among differing soil 
moisture classes in a mature sugar maple stand. 

Model attribute 
Full model (TB stand) 
Wet Mesic Dry Total 

Observations 123 212 98 433 
No. free params 22 22 22 75 
Chi-square test         
Model fit value 15.223 5.248 9.457 29.928 
DF 8 8 8 24 
P-value 0.055 0.731 0.305 0.187 
Root mean square error 
approximation         
Estimate 0.086 0 0.043 0.041 
90% Confidence interval 0.000-0.151 0.000-0.059 0.00-0.131 0.00-0.083 
Probability RMSEA <= 0.05 0.164 0.918 0.477 0.587 
Model vs baseline         
CFI 0.965 1 0.989 0.99 
TLI 0.882 1.033 0.963 0.968 

 

TRW was positively related to Sprtemp (<0.01) in wet plots, SumSWC (p = 0.007) in mesic plots, 

and Falltemp (p = 0.001), Sprtemp (p = 0.037), and SumSWC (p = 0.012) in dry plots. In wet plots, 

TRW was negatively related to SprSWC (p < 0.001); this correlation was significantly stronger 

(negative) in wet plots than in mesic and dry plots. With the exception of SprSWC, none of the 

TRW–climate or TRW–SWC associations were significantly different among classes. TRW was 

significantly negatively related to Δ13C in wet and mesic (p < 0.001, for both) plots but not in dry 

plots, with path coefficients being significantly lower in wet and mesic plots than in dry plots. By 
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comparison, δ18O was only significantly positively related to TRW in wet plots, but path 

coefficients were not different among soil moisture classes.  

4.5. DISCUSSION  

Developmental trends in isotopic discrimination  

Our study presents evidence for strong size-related effects on isotopic discrimination of both 

Δ13C and δ18O in tree-ring wood of sugar maple. Developmental changes in tree-ring Δ13C and 

δ18O are likely related more to changes in tree height than to changes in diameter (Brienen et al. 

2017; Klesse et al. 2018a). Nonetheless, tree diameter has been shown to be a good determinant 

of developmental trends (Brienen et al. 2017; Dietrich and Anand 2019) because of its close 

association with height.  

The rate of decline in Δ13C found in our study would suggest a 210% increase in WUE over the 

tree life cycle considered (0–40 cm DBH). A comparable increase (205%) was noted by Brienen 

et al. (2017) over the same DBH range in the similar species, F. sylvatica. Our results agree with 

Brienen et al. (2017) in suggesting that the developmental effect on Δ13C discrimination is 

continuous across the tree life cycle, and therefore the common practice of sampling only those 

trees that exceed 50 years of age is not adequate to remove developmental trends. Indeed, if size-

related trends had not been considered in this study, we would likely have drawn vastly different 

conclusions regarding temporal changes in WUE.  

Changes in WUE with tree development are related to changes in both A and gs. Taller trees 

have increased hydraulic resistance, and thus decreased gs, relative to short trees (Ryan and 

Yoder 1997; Koch et al. 2004). Furthermore, owing to vertical gradients in relative humidity, 

sunlight, and wind in forest canopies, leaves in the upper canopy layers experience higher 

vapour-pressure deficit (VPD), again leading to lower gs (Barbour et al. 2004; Roden and 

Siegwolf 2012). Leaves in the upper canopy also have higher irradiance, which promotes carbon 

assimilation by photosynthesis (A), (Francey and Farquhar 1982; McDowell et al. 2011). 

Moreover, a number of physiological variables related to photosynthetic capacity, including 

specific leaf area (Marshall and Monserud 2003) and chlorophyll fluorescence (Marshall et al. 

2001), have been shown to be height dependent. Accordingly, release from understory 

suppression has been linked with marked decreases in Δ13C in multiple broadleaf and coniferous 
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species (Peñuelas et al. 2008; Brienen et al. 2017; Klesse et al. 2018a). Many studies have also 

suggested a “juvenile effect,” whereby young or small trees growing close to the forest floor are 

exposed to isotopically diluted Ca because of soil-respired CO2 (Francey and Farquhar 1982), 

though this effect may be relatively minor compared to changes associated with tree height and 

canopy release.  

Similarly, our results suggest a strong size-related trend in δ18O discrimination in tree-ring wood 

of sugar maple. While evidence for developmental trends in δ18O discrimination is growing, 

there are contrasting accounts regarding both the magnitude and persistence of developmental 

trends in δ18O series (Marshall and Monserud 2006; Klesse et al. 2018a). Conflicting trends 

across species are likely a consequence of δ18O in tree rings being controlled by two distinct 

mechanisms, namely (i) variation in δ18O of source water as trees grow deeper roots and (ii) 

changes in gs as trees grow taller.  

In forests, surface water is typically enriched in δ18O relative to deeper ground water owing to 

increased evaporation in the summer months (Roden and Siegwolf 2012; Sarris et al. 2013). As 

trees grow deeper roots, they gain access to water from different points in the δ18O profile 

(Walker and Richardson 1991), leading to progressive declines in δ18O with tree development, 

especially in deep-rooted species (Marshall and Monserud 2006). Alternatively, release from 

suppression via overstory mortality may increase availability of isotopically enriched surface 

water (Klesse et al. 2018a; Giuggiola et al. 2016), leading to an increase in wood δ18O that 

corresponds to release from suppression. The influence of the source water δ18O signature may 

be especially important when δ18O is measured in wood rather than in leaf material, as it is less 

coupled to leaf processes (Offermann et al. 2011).  

As with Δ13C, δ18O discrimination is also influenced by environmental and physiological 

mechanisms that influence gs, namely changes in VPD and hydraulic resistance at the leaf level 

as trees grow taller (Marshall and Monserud 2006; Klesse et al. 2018a). Vertical gradients in 

environmental conditions such as relative humidity, wind, and irradiance as a result of canopy 

shading affect gs and could explain positive long-term trends in δ18O (Roden and Siegwolf 2012; 

Klesse et al. 2018a). Furthermore, taller trees have a longer hydraulic path length between roots 

and stomata, leading to increased hydraulic resistance of water and lower gs at the top of 

canopies (Marshall et al. 2007; McDowell et al. 2011).  
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In our study, δ18O showed initially strong increases with tree size and a levelling off after 15 cm 

DBH. We noted a 0.8% increase in δ18O on average over the tree life cycle in sugar maple (0–40 

cm DBH). Similarly, in F. sylvatica, Klesse et al. (2018a) concluded that a 0.23%–1.35% 

increase in δ18O could be attributed solely to differences in canopy position. An interplay 

between physiological changes in gs and changes in source water throughout development could 

explain the relatively weak developmental trend found in this study and others. Nonetheless, our 

results highlight the importance of considering size-related trends in tree-ring δ18O.  

Soil moisture controls on physiological response  

We show that the responses of Δ13C and δ18O to increasing Ca depend on soil moisture, as both 

SEMs suggest that Δ13C and δ18O isotopic chronologies show significantly different correlations 

with Ca in dry plots compared with those in wet and mesic plots. Based on the semiquantitative 

model of Scheidegger et al. (2000), increasing Δ13C in tandem with no change in δ18O, as noted 

in dry plots, suggests that A has decreased with increasing Ca, while gs has not changed for trees 

in these plots. Alternatively, the response of isotopic chronologies to rising Ca were more similar 

in mesic and wet plots. In both SEMs and in the simple linear regression, δ18O showed a negative 

relationship with Ca in wet and mesic plots, whereas Δ13C showed no changes (wet plots) or 

marginally significant increases (mesic plots). If increases in Δ13C are not biologically (or 

statistically) significant, the semiquantitative model would suggest that both A and gs have 

increased with Ca in these plots. Given that coefficients between δ18O and Δ13C and Ca were not 

found to significantly differ among wet and mesic classifications, this may suggest that plots fall 

along a spectrum of a response in A. In plots where WUE did increase over the course of the 

study (possibly in wet plots), it is likely a result of increases in A being relatively stronger than 

increases in gs, whereas plots that showed no increases in WUE likely experienced relatively 

similar changes in gs and A.  

Climate sensitivity of isotopic chronologies in our study was relatively low compared with those 

in other studies in temperate broadleaf species, which noted high sensitivity of Δ13C and δ18O to 

summer precipitation and VPD (Keitel et al. 2006; Daux et al. 2018; Rezaie et al. 2018), 

respectively. Our conservative results are likely a product of low temporal resolution (5 years) of 

isotope chronologies. There is evidence to suggest that isotopic fractionation of wood-

assimilated compounds varies on high-resolution time scales (i.e., diurnal scale), (Helle and 
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Schleser 2004). Furthermore, physiological responses to the climatic environment are unlikely to 

be linear, as such average isotopic concentrations in temporally pooled samples are likely to be 

difficult to relate to average climate variables.  

Our results do suggest, however, that sugar maple TRW was sensitive to climate and SWC. 

Specifically, growth in this stand was sensitive to temperature, precipitation, and SWC in the 

early and late growing season, with negative associations with Sprprec and positive associations 

with Sprtemp and Falltemp being ubiquitous across soil moisture classes. The northern range limit 

of sugar maple is limited by the length of the growing season, as excessively short growing 

seasons north of the boreal–deciduous ecotone do not allow sugar maple adequate time to 

assimilate sufficient carbon to offset the metabolic costs associated with deciduousness (Pastor 

and Mladenoff 1992; Kupfer and Cairns 1996). Accordingly, these findings are consistent with 

other studies of sugar maple near its northern distribution limit (Tardif et al. 2001; Goldblum and 

Rigg 2002) and highlight the importance of climatic conditions that influence the length of the 

growing season.  

Notably, the response of Δ13C to SprSWC is variable among soil moisture classifications. In wet 

plots, SprSWC was positively related to Δ13C; this path coefficient was significantly different from 

the negative relationships found in mesic and dry plots. Since the relationship between δ18O and 

SprSWC was not significantly different among site classifications, this may suggest that high 

SprSWC leads to low A in wet plots but increases A in mesic and dry plots. In this study, the soil 

characteristics of mesic and wet plots differed primarily in that the water table was present in the 

rooting layer during sampling (May) in all wet plots (Table 4.1). Accordingly, in wet, plots 

excessive SprSWC could lead to anoxic conditions in the rooting zone, potentially leading to the 

death of fine roots, reduced absorbing root surface, and subsequent declines in carbon 

assimilation (Yin et al. 1994). This is corroborated by a negative association between SprSWC and 

TRW found only in wet plots. Sugar maple has specific requirements for well drained soils 

(Fowells 1975). Multiple studies have noted that the growth of the species is constrained by 

excessive soil moisture, especially in early parts of the growing season (Tardif et al. 2001; Yin et 

al. 1994). Alternatively, wet spring conditions in mesic and dry plots may give trees the 

advantage of carbon assimilation in the early growing season before the onset of soil water 

deficits related to summer drought (Foster et al. 1992; Payette et al. 1996; Bishop et al. 2015).  
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It is also possible that the apparent sensitivity of δ18O to SprSWC and Winprec is indicative of site-

level hydrological processes, and thus the δ18O of source water, more so than actual climate 

sensitivity of gs. Sugar maple has been shown to engage in hydraulic lift, whereby tap roots 

nocturnally transport water to upper soil layers (Dawson 1993). Soil water transport would be 

increasingly prevalent in spring during sap flow, which could explain the apparent sensitivity of 

δ18O to SprSWC. When SprSWC is low, hydraulic lift may bring isotopically depleted soil water to 

the upper soil horizons (Kurz-Besson et al. 2006), leading to lower apparent discrimination and 

an apparent positive correlation between SprSWC and δ18O. This may be especially important in 

mesic sites subjected to periodic soil water deficits (Dawson 1993). Alternatively, δ18O in dry 

plots, which were primarily located upslope of mesic and wet plots, exhibited positive 

correlations with Winprec no significant relationship with SprSWC. It is plausible that trees in these 

plots may have less access to deep ground water, and thus this finding is indicative of a reliance 

on isotopically enriched surface water during spring thaw of the winter snowpack (Kurz-Besson 

et al. 2006; Leonelli et al. 2017).  

Other considerations and future research  

We cannot rule out that variation in the physiological responses of trees noted in this study are 

due to site-level variance in soil fertility as well as soil moisture. The nitrogen cycle in hardwood 

forests is tightly linked with soil moisture availability, and thus wet and mesic plots could be 

associated with higher levels of plant available nitrogen, namely nitrates (Foster et al. 1992; Yin 

et al. 1994). Indeed, studies in F. sylvatica have noted that Δ13C is linked more to soil fertility 

than to soil moisture (Weitner et al. 2007). This could be especially important in sugar maple, 

which also has specific requirements for soil pH and fertility (Foster et al. 1992; Payette et al. 

1996; Bishop et al. 2015). Furthermore, our method for calculating seasonal SWC may be 

inadequate to capture meaningful variance in soil moisture availability between plots and 

through time. This could be especially true in extremely wet plots or dry plots where the 

modelling assumptions of constant rooting depth may not be accurate. This could explain the 

relatively poor SEM-SWC model fits found in both wet and dry classifications.  

Our analysis was limited to examining the climate sensitivity of TRW, Δ13C, and δ18O to 

temperature and precipitation; however, other studies have noted that both Δ13C and δ18O are 

sensitive to a number of environmental variables within stands, namely cloud cover, aspect, soil 
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irradiance, relative humidity, fertility, and so on. Sugar maple is arguably the most economically, 

ecologically, and culturally important hardwood species in North America (Bishop et al. 2015). 

The specific environmental variables that control the physiological response, and by extension 

resilience, of sugar maple to climate and atmospheric change are critically important to inform 

species-specific process models. Continued research is therefore required to shape our 

understanding and management of this species in the future.  

4.6. CONCLUSIONS  

In this study we provide strong evidence for continuous size related developmental trends in 

TRW, Δ13C, and δ18O chronologies. These trends must be accounted for by future studies if the 

research goal is accurate estimation of long-term environmental or climatic forcing.  

Our results suggest that the response of both Δ13C and δ18O to increasing Ca is not conserved 

across the site level and that only trees in relatively wet sites have experienced significant 

increases in WUE over time. Inferences drawn from semiquantitative changes in both Δ13C and 

δ18O suggest that, contrary to expectations of the carbon fertilization hypothesis, photosynthetic 

rates of trees in dry plots have likely decreased with rising Ca. By comparison, trees in wet and 

mesic plots showed increased photosynthetic rates with rising Ca, but this coincided with 

increases in stomatal conductance, leading to modest improvements in WUE.  

Given low temporal resolution, we show low climate and SWC sensitivity of isotopic 

chronologies. Nonetheless, TRW was found to be highly sensitive to climate and SWC 

conditions of the early and late growing season, likely as a result of the stand being close to the 

northern range limit of sugar maple. Climate sensitivity of growth and isotopic chronologies 

remained relatively stable across soil moisture classifications with the exception of sensitivity to 

SprSWC, where trees in wet plots showed negative associations with SprSWC, likely because 

excessive soil moisture limited root development and growth.  

We suggest that future studies examine variation in the tree-level response to a wider range of 

climate and environmental variation to broaden our understanding of the resilience of this 

species to continued climate change.  
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CHAPTER 5: RISING ATMOSPHERIC CO2 DOES NOT INDUCE CONSISTENT 

INCREASES IN WATER-USE EFFICIENCY OR GROWTH IN SUGAR MAPLE STANDS 

NEAR THEIR NORTHERN RANGE LIMIT  
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5.1. ABSTRACT 

Increasing atmospheric carbon dioxide (Ca) levels have the potential to influence growth and 

water-use in trees both directly, through physiological mechanisms and indirectly, through its 

effects on high-frequency climate variation. As it stands, inconsistent results across species and 

forest types suggest that the magnitude of the response of global forests to atmospheric forcing is 

largely unknown. Under continued climate change the fate of many species will be dependent on 

their ability to persist and expand at their northern or cold range limits. In this study we use a 

dendroisotopic approach in seven sugar maple stands inhabiting their northern range limit to 

determine the sensitivity of growth, water-use efficiency (WUE) and δ18O (as a proxy for 

stomatal conductance) to high-frequency climate trends. Additionally, we examine if and how 

increased Ca has influenced long-term trends in growth, WUE and δ18O after controlling for the 

concurrent effects of high-frequency climate variation. After controlling for size-related 

developmental trends in tree ring width and isotopic chronologies we employ a site-wise 

Bayesian structural equation modelling approach to disentangle the concurrent direct and indirect 

effects of rising Ca on tree physiology. Our results suggest that the long-term responses of sugar 

maple growth, WUE and δ18O chronologies to Ca are not conserved across the species’ northern 

landscape. Further, the magnitude of high-frequency climate sensitivity is not consistent across 

sites. Our study is among the first to examine isotopic chronologies in sugar maple stands. 

However, it is among others to suggest that climatic responses in hardwood species do not vary 

predictably across the landscape but are instead determined by site-level controls (e.g. resource 

availability and competition). These findings have important implications for range prediction of 

the species under future climate change, as predictive models rely heavily on the assumption that 

growth-climate relationships are predictable and/or static across space and time. 

5.2. INTRODUCTION 

Globally, forests account for 92% of terrestrial biomass and store more carbon in biomass and 

soils than is contained in the atmosphere (Pan et al. 2013, Pan et al. 2011). It has been predicted 

that in C3 plants, where photosynthetic pathways are not yet carbon-saturated, increasing 

atmospheric carbon dioxide levels (Ca) may lead to increased growth and carbon storage in trees 

that are not limited by other environmental factors, namely water or nutrition. Further, because 

carbon acquisition through stomata is associated with water vapour loss, it is expected that 
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increases in Ca should lessen water requirements for trees. Increased water-use efficiency 

(WUE), the ratio of carbon acquisition to water vapour loss, could theoretically offset water 

stress both in trees currently limited by drought conditions or in forests where increased water 

deficits are likely to be concurrent with increased Ca.  

Carbon dioxide enrichment experiments have suggested that increases in tree WUE in response 

to elevated Ca may be ubiquitous across forest types (Battipaglia et al. 2013, Korner et al. 2005), 

but the link between increased WUE and secondary growth is less consistent (Battapaglia et al. 

2013). Further, the role of stomatal conductance (gs) in moderating WUE has been shown to be 

species- and environment-specific (Ainsworth and Long 2004, Battapaglia et al. 2013). So far 

there has been no consistent evidence for carbon enhanced growth in global forests (Giguère-

Croteau et al. 2019, Peñuelas et al. 2011, Gedalof and Berg 2010). Historic trends in tree-level 

WUE and its physiological determinant, gs, can be estimated using stable isotopic analysis of tree 

ring wood chronologies (via δ13C and δ18O, respectively). However, there is recent evidence to 

suggest that a failure to account for size-related developmental trends in isotopic chronologies 

has led to an overestimation of, previously optimistic, WUE trends in global forests (Marchand 

2020, Brienen et al. 2017, Klesse et al. 2018b). As it stands, inconsistent results across species 

and forest types suggest that the magnitude of the response of global forests to atmospheric 

forcing is largely unknown (Büntgen et al. 2019, Walker et al. 2020). Given the enormous role 

forests play in moderating global carbon pools, there is an imminent need to accurately resolve 

the response of forest ecosystems to atmospheric and climatic change.  

Stands inhabiting their species’ cold range limit. i.e. extreme latitude or elevation limits may 

benefit from increased growing season temperatures given they are not associated with extreme 

drought (Huang et al. 2010) or increased competition. Niche and climate envelope models have 

indeed suggested that hardwood species in the Great Lakes Region may expand northward 

(Iverson et al. 2008) or westward (Walker et al. 2002) under continued climate warming. Further, 

hardwood species like sugar maple and red oak, may come to dominate additional forests once 

competitors retreat (Walker et al. 2002).  

In this study we focus on sugar maple stands inhabiting their northern range limit. Sugar maple is 

a late-successional, shade-tolerant, hardwood species and arguably the most commercially, 

ecologically, and culturally significant tree species in North American eastern deciduous forests 
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(Bishop et al. 2015). In its northern range the species forms pure, self-replacing stands that can 

dominate sites for upwards of two thousand years (Pilon et al. 2018). The range of sugar maple is 

limited to the north by the number of growing degree days and to the west by minimum 

temperatures of cold months (Walker et al. 2002). Transplant studies have suggested success of 

locally adapted northern populations at beyond range northern sites (Putnam 2015). However, 

the species faces large range contraction in its southern ecotone as a result of presumptive 

decreases in soil moisture availability (Iverson et al. 2008). The fate of the species is therefore 

dependent on its ability to expand northward as growing seasons lengthen. As such, it is 

important to understand how landscape-level environmental variability constrains the response to 

climate in sugar maple near their current northern range limit. 

Climatic controls on growth of the species in its northern range have been well-studied (e.g. 

Copenheaver et al. 2020, Dietrich et al. 2021, Goldblum & Rigg 2005, Tardif et al. 2001). 

However, climate sensitivity of growth has been shown to vary both within- (Dietrich et al. 

2021) and across-stands (Copenheaver et al. 2020, Payette et al. 1996). So far, there has been no 

evidence to suggest a landscape-level dendroclimatic gradient; as can commonly be found in 

conifers where climate response often varies predictably according to elevation, latitude, 

longitude or topography etc. The absence of a dendroclimatic gradient in the species may be 

evidence of climate sensitivity being determined at the site-level (i.e. Dietrich et al. 2021). 

However, critical underrepresentation of late-successional deciduous species in tree ring studies 

(Zhao et al. 2019) precludes this conclusion as of yet. Additionally, very few studies have 

examined the physiological response of sugar maple to changing climate at any point across the 

species’ landscape (e.g. Dietrich et al. 2021, Yi et al. 2018). The limited evidence available 

suggests, that increases in WUE attributed to rising Ca are weak (Dietrich et al. 2021) or non-

significant (Yi et al. 2020) and increases in WUE or potential carbon enhanced growth may be 

limited to specific sites (Dietrich et al. 2021). 

In this study we examine the physiological response of sugar maple to increasing Ca and 

concurrent changes in annual climatic conditions. Studies of low-frequency change in forest 

ecosystems are notoriously plagued by biases resulting from the highly confounded nature of tree 

ring studies (Briffa and Melvin 2011). Briefly, the problem lies in separating the effects of 

ontogenic and environmental variables that vary on timescales similar to climate-related trends. 



 
 

87 
 

Tree ring width and isotopic chronologies both contain significant size-related developmental 

effects that must be accounted for through careful sample selection (see Nehrbass-Ahles et al. 

2014, Brienen et al. 2012) and species-appropriate standardization methods (see Dietrich & 

Anand 2019, Peters et al. 2015), (Marshall et al. 2006, Brienen et al. 2017). Perhaps equally 

problematic is the concurrent influence of succession-related environmental change on growth 

and physiological trends in forests. While the former has more formally been acknowledged in 

the literature, both problems present pervasive biases in long-term tree ring studies. In this study 

we account for biases related to long-term environmental change by exploiting stable-state 

dynamics in mature sugar maple forests (see Dietrich et al. 2021). In these stands ecosystem 

nutrient and competitive dynamics that would otherwise adversely affect tree growth rates, 

remain relatively stable across the stand through time (Bormann and Likens 1979). As such, 

stand-level changes in growth are more likely to be attributable to the direct and indirect effects 

of climatic forcing.  

In this study we examine seven sugar maple stands inhabiting their northern range limit. The 

objectives of this study were: 1) to determine the sensitivity of growth, WUE  and δ18O (as a 

proxy for gs) in sugar maple to high-frequency climate trends, 2) to determine if and how 

increased Ca has influenced long-term trends in growth, WUE and δ18O after controlling for the 

concurrent effects of high-frequency climate variation and finally, 3) to examine whether high- 

and low-frequency responses are consistent across the landscape for stands inhabiting the 

species’ northern ecotone.  

5.3. METHODS 

Site descriptions and sampling 

Stands were considered suitable for this study given that they were multi-cohort, self-replacing, 

pure maple stands (<5% composition of other species) with no history of previous anthropogenic 

disturbance. A total of seven stands were sampled for this study, all of which are located near the 
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species northern ecotone (Fig. 5.1). Site locations, ecologies and environmental descriptors are 

provided in Table 5.1.  

Within stands all trees >5cm DBH were sampled in three 7-meter radius plots (12, 5-meter plots 

in the TB stand). Where appropriate, plots were placed to capture heterogeneity in the stand-level 

moisture regime, as evidenced by variance in topography, understory ecology and soil 

characteristics Tree cores were collected at a height of 1.3m from all sampled trees; with large 

trees cored twice and smaller trees destroyed, and cross sections removed from the site (in 

permitting locations). The use of fixed-radius plots permitted sampling of trees according to the 

underlying age/size distribution of the stand, which has been shown to minimize biases in long-

term trend estimation caused by unbalanced sampling designs (Brienen et al. 2012, Nehrbass-

Ahles et al. 2014). Between 20-31 trees were sampled in each stand (67 in TB), (Table 1).   

Figure 5.1: Map of sites sampled in this study in reference to the distribution of sugar maple in 
North America estimated by Little (1971). Stand characteristics for each site code are provided 
in Table 5.1. 
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Table 5.2: Site and sample characteristics of the seven, sugar maple stands sampled in this study. Stand distribution is mapped in 
Figure 5.1. 

Site Name
Site 
Code Lat Long

Elevation 
(m) No. trees

No. trees 
isotope 

Chronology 
Length

BA 
(m2/ha) % Maple Soils1

SWC2 

(cm)

Avg. 
Temp. 
(°C)

Total 
Precip. 
(cm)

Freezy Lake FR 45.2998 -78.4329 473 20 9 1887-2015 594 91.20% - 7.80 3.65 76.98

Kakakise Lake KK 46.0554 -81.3317 221 22 8 1773-2016 356 98.00%
Gleyed gray 
luvisols 5.87 4.42 68.49

Mt. Zion Rd MT 46.4000 -83.7004 278 29 9 1777-2015 560 98.50%
Orthic humo-ferric 
podzols 8.14 4.47 71.2

Raven Lake RL 45.3309 -78.6339 477 31 10 1864-2015 539 95.00% - 5.60 4.04 82.02

Roosevelt Rd RS 47.2852 -79.7063 387 20 8 1792-2016 590 98.20% - 7.65 2.77 66.94

Toobee Lake TB 46.7459 -82.8688 493 67 32 1750-2015 509 94.20%
Orthic humo-ferric 
podzols 7.35 2.88 76.13

Wolf Mountain WM 46.7390 -82.8467 515 22 9 1827-2015 478 95.00%
Orthic humo-ferric 
podzols 6.65 3.05 76.86

1. Soil classification derived from The National Soil Database, where available (GoC, 2021, available: https://sis.agr.gc.ca/cansis/nsdb/index.html).
2. Maximum soil water capacity (cm) calculated acording to Dietrich et al. (2020)
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There is no consistent instrumental climate record within a 200 km radius of all sites that covers 

the study period of 1900-2015. As such we used modelled climate data produced by the 

ClimateNA v5.10 software package, available at http://tinyurl.com/ClimateNA. Based on 

methodology described by Wang et al. (2016), the program locally downscales historical climate 

data into scale-free point estimates of climate values for North America. Average annual 

temperature and total precipitation for the period for all sites are provided in Table 1.  

Dendrochronological and isotopic methods 

Tree cores were mounted, sanded, and measured using WinDENDROTM image analysis. Cores 

were cross dated visually and checked graphically and statistically using the dplR program in R. 

Following cross-dating 9-12 trees of varying ages were selected from each site (~3 per plot) for 

analysis of δ18O and δ13C. Tree cores from selected trees were separated into 5-year sections 

spanning 1900-2015. A minimum of eight trees has been shown to be required to accurately infer 

stand-level physiological trends from isotopic series (Daux et al. 2018).  

Wood sections were sanded to ensure no contamination from the core mount before being 

homogenized with a micro ball mill (Retsch MM200, Retsch, Haan, Germany) weighed on a 

microbalance (0.001mg), (Mettler-Toledo) and encapsulated in either tin (δ13C) or silver (δ18O). 

Cellulose extraction was not performed, as studies show little or no accuracy improvement for 

δ13C (English et al. 2011) or δ18O (Weigt et al. 2005) discrimination. For carbon isotope 

measurement samples were combusted to CO2 using an Elementar VarioEL Cube Elemental 

Analyser followed by "trap and purge" separation and on-line analysis by continuous-flow with a 

DeltaPlus Advantage isotope ratio mass spectrometer. Oxygen isotopes were analyzed with a 

Thermo DeltaPlus XP continuous-flow isotope-ratio mass spectrometer coupled with a Thermo 

Scientific thermal conversion elemental analyzer (TC/EA). All isotope analysis was performed at 

the JZ Veizner Laboratory, University of Ottawa. Isotope values for both carbon and oxygen are 

reported in delta notation, where δ13C and δ18O = (Rsample/Rstandard -1) ·1000(‰). R is the ratio of 

the abundance of the heavy (13C, 18O) to light isotope (12C, 16O), in the sample and international 

standard; VPDB (Vienna Pee Deee Belemnite) for carbon and VSMOW (Vienna Standard Mean 

Ocean Water) for oxygen.  

Statistical analyses 

Isotopic calculation and interpretation 
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Intrinsic water‐use efficiency can be approximately determined by measurements of δ13C in plant 

biomass (Farquhar et al. 1982). Briefly, δ13C in tree ring wood, and other C3 plants, is controlled 

at the leaf-level by the ratio of intercellular CO2 (Ci) to Ca. Changes in gs and photosynthetic rate 

(A) influence the Ci concentration, which can be inferred from δ13C recorded in annual tree 

rings. This calculation is possible because diffusion fractionation across the boundary layer and 

the stomata (a≈4.4‰), and the RuBisCO isotopic fractionation that takes place during 

carboxylation (b≈27.0‰) are both known. Accordingly, δ13C is linearly related to the ratio of Ci 

to Ca according to the following equation: 

(Eq. 5.1) Δ C = a + (b − a)  . 

Further, WUE can be estimated according to Fick’s Law: 

(Eq. 5.2) 𝑊𝑈𝐸 =  
 ( )

.  ( )
=

( )

.
=   . 

Prior to estimation of WUE and Ci series, the effect of temporal changes in atmospheric δ13C, 

related to increases in global anthropogenic emissions, must be removed from the raw δ13C 

chronology. 13C isotope discrimination (Δ13C) was calculated according to Farquhar et al. 

(1982): 

(Eq. 5.3)  Δ C =
/

, 

where δ13Cair are atmospheric δ13C values compiled from ice core records (Francey et al., 1999) 

and documented by McCarroll and Loader (2004).  

While Δ13C is controlled both by changes in A and gs, δ18O provides a more direct proxy of gs. 

Fractionation of isotopic oxygen occurs during transpiration in the leaf where loss of lighter 16O 

leads to 18O enrichment in leaf water (Saurer et al. 1998a,b). As above, it is important to consider 

changes in the δ18O isotopic composition of source water, which is primarily influenced by δ18O 

of precipitation (McCarroll and Loader 2004). Annual measurements of δ18O in precipitation 

were obtained from the Global Network of Isotopes in Precipitation (GNIP) for all records within 

a 1000 km radius of study sites. It was found that after controlling for sample location and month 

of collection there was no significant effect of year (p=0.164) on δ18O. As such, we chose not to 

adjust δ18O tree for temporal changes in source water. We acknowledge that this approach may 
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leave unexplained variability within our δ18O record, but accept this limitation given the relative 

unavailability of δ18Oprec records within reasonable proximity to our study site during the last 

century. Since δ18Oprec is likely to vary significantly across the landscape, we do not compare 

absolute differences in δ18O between stands in our study. Instead we examine long-term 

sensitivity of δ18O to climate and atmospheric variables, using the assumption that source water 

within stands is unlikely to vary significantly over time. This assumption is increasingly valid 

given that developmental trends were removed from isotopic series before analysis (see below).  

Tree ring and isotope detrending 

Conventional tree ring standardization methods typically employ age as a determinant of the 

developmental trend. However, accurate age estimation is difficult in sugar maple trees due to 

the difficulties associated with pith sampling. Further, there is evidence that age may be a poor 

determinant of the biological trend in both TRW (Dietrich and Anand 2019) and isotopic series 

(Brienen et al. 2018, Klesse et al. 2018b) in broadleaf species. Tree diameter in the year of ring 

formation (diamy) more directly relates to the physiological processes that control growth and 

height in trees. As such we use diamy as the determinant of the biological trends in both TRW 

and isotope series in this study. The relationship between tree diameter and tree growth (TRW) 

and δ18O or Δ13C isotopic discrimination is unlikely to be strictly linear. The standardization 

model took the following form: 

(Eq. 5.4) yy=f(diamy) + ei , ei~N(0, σ2
e).  

Where, y is the dependent variable (TRW, δ18O or Δ13C) and f represents a non-linear function 

relating y to diamy, estimated by a penalized regression spline in a generalized additive model. 

Diameter in the year of ring formation (diamy) is estimated by outside-in or inside-out techniques 

(see Dietrich and Anand 2019). An individual tree-level random intercept (ei) allowed for greater 

generalizability of the final standardization curve. Standardized indices were calculated by 

subtraction of raw data and expected value, calculated from the standardization curve alone 

(disregarding the random intercept). Tree ring width was log-transformed prior to model fitting 

to increase residual homoskedasticity. For Δ13C, model residuals were re-centered according to 

the raw mean and standard deviation, allowing for calculation of WUE chronologies that were 

independent of size-effects. The TRW model was fit from all sampled trees (n=211) while the 
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δ18O and Δ13C models were fit from the subset trees (n=85) that were selected for isotope 

analysis. All standardization models were fit using the mgcv package in R (Wood 2011). 

Site-wise TRW, WUE and δ18O chronologies were produced using a Tukey biweight mean from 

standardized model residuals (for TRW and δ18O) or calculated WUE series. These chronologies 

were created for reference purposes only. All further statistical analyses were performed on 

growth and isotopic series from individual trees.  

High-frequency climate sensitivity 

We examined sensitivity of detrended TRW, WUE and δ18O chronologies from each site to 

annual climate variables using bootstrapped response function analysis (Zang and Biondi 2013). 

Monthly minimum temperatures (Tmin), maximum temperatures (Tmax), average temperatures 

(Tave), total precipitation (Precip) and average relative humidity (RH) from the previous April 

through to the current October were all evaluated as predictors for TRW. In the case of WUE and 

δ18O, where the chronologies were 5-year pooled averages, 5-year pooled averages of climate 

variables from January to October were evaluated as predictors. All response function analyses 

were performed using the bootres package (Zang and Biondi 2013) in R.  

Low-frequency climate sensitivity 

To estimate long-term, low-frequency influences of Ca and concurrent variation in climate on 

TRW and isotopic chronologies a Bayesian structural equation modelling (SEM) approach was 

used. Structural equation models allow for testing of structural hypotheses and multivariate 

causal relationships that cannot be evaluated with multiple linear regression alone. The SEMs 

took the general form outlined in Figure 5.2a, where: TRW was directly influenced by Ca, WUE, 

δ18O and seasonal climate variables; WUE by Ca, δ18O and seasonal climate variables; δ18O by 

Ca and seasonal climate variables; and all seasonal climate variables by Ca. This structure allows 

for the examination the total effect of Ca on tree growth (TRW) as moderated through a direct 

effect on growth, indirect effects through physiological mechanisms, namely WUE and gs (using 

δ18O as a proxy) and indirect effects moderated through high-frequency climate variation. Total 

low-frequency effects of Ca on each physiological variable (as indicated in Fig. 5.2a) were 

calculated according to SEM path rules (see Grace 2006), (i.e. total low-frequency effects of Ca 

on WUE are equal to the direct effect of Ca plus the indirect effect moderated through δ18O).  
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Models were fit individually in each stand using detrended TRW, WUE and δ18O data (see 

2.2.2). An autocorrelation structure (p=1) was estimated for TRW as annual tree ring data is 

likely to be significantly autocorrelated, which if not removed can lead to biases in regression 

parameter estimation (Monsersud 1986). To decrease model complexity, monthly climate 

variables were pooled to new seasonal variables; Early growing season (April-June), late 

growing season (July-October), and winter (November-March). Monthly climate variables that 

exhibited significant response functions (p<0.05) in at least three sites were included in the final 

SEM and seasonal climate variables that were not significant in at least one of the stand-level 

SEMs were dropped from all models. Accordingly, the same model structure was maintained in 

all sites allowing for simplified model comparison between sites. The final model structure, 

Figure 5.2: (A) Theoretical structural equation model (SEM) of the direct and indirect effects 
on atmospheric CO2 (Ca) on tree ring width (TRW), water use efficiency (WUE) and tree ring 
δ18O (as a proxy for gs), where indirect effects are moderated by changes in annual climate 
variables. (B) Final SEM fit to seven sugar maple stands near their northern range limit in 
Ontario, Canada. Seasonal climate variables retained in the final model include minimum 
temperatures during early (E) growing season (April-June), late (L) growing season (July-
October), and previous (p) late growing season; average temperatures during the current and 
previous early growing season and; relative humidity (RH) during the previous late growing 
season. 
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including the retained seasonal climate variables is presented in Figure 5.2b. All data were 

standardized prior to model fitting to allow for simplified interpretation of correlation strengths 

among explanatory variables and to ease in setting appropriate priors (see below).  

Structural equation models were implemented using a Bayesian framework. The Bayesian 

framework provided the ability to compare both the magnitude an uncertainty of the direct and 

indirect contributions of Ca to growth and isotopic parameters via posterior distributions. 

Analysis of posterior distributions may be especially useful in the context of physiological and 

isotopic studies given that statistical significance is not necessarily tied to physiological 

significance (Roden and Siegwolf 2012). As in all such implementations, the prior distribution 

for each parameter in the model must be defined a priori. For all regression coefficients a 

symmetrical flat prior bounded by [-1,1] was used. Similarly, a flat prior for the autocorrelation 

coefficient was used but was instead bounded between [0,1] as we would not expect tree ring 

data to exhibit negative autocorrelation structure. Default Student’s-t priors were used for all 

intercepts and variances (df=3, μ=0, σ2=10). All models were fit using the BRMS package in R 

(Bürkner 2017).  

5.4. RESULTS 

Size-related, developmental trends in tree ring width and isotopic chronologies 

Tree ring width, and both tree ring isotopic chronologies, Δ13C and δ18O, were all found to 

exhibit significant non-linear trends with increasing diamy (p<0.001, for all). Regression splines, 

as estimated by GAMs, are provided for all series in Figure 5.3. For TRW (log-transformed) 

increasing tree size was associated with an initial increase in average TRW until ~20 cm DBH, a 

levelling out between 20 and ~45 cm DBH and an eventual decline in average TRW as DBH 

increased beyond 45 cm. For Δ13C, Δ13C decreased with increasing tree size until ~25 cm DBH, 

after 25 cm DBH Δ13C increased with increasing tree size. δ18O exhibited initial rapid increases 

with increasing tree size until ~10 cm DBH, following by a levelling out between 10 and 25 cm 

DBH and a subsequent slow decline after 25 cm DBH. 

Site-wise TRW and isotopic chronologies independent of size-related developmental effects are 

provided in Figure 5.4. 
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High-frequency climate sensitivity of growth and physiological variables 

The response function coefficients and their significance across sites for all tested climate 

variables are provided for TRW, WUE and δ18O in Figure 5.5 (a, b, c, respectively). The climate 

sensitivity of TRW and both isotopic chronologies was shown to be variable among sites. As 

expected, annually resolved TRW chronologies showed higher sensitivity to annual climate than 

5-year resolution isotopic chronologies.  

Tree ring width chronologies were shown to be sensitive primarily to Tmin and RH and to a lesser 

degree Tave and Precip. The response to Tmin was predominately negative with the strongest  

Figure 5.3: Mixed-effect generalized additive models (see Eqn. 4) fit to TRW (log transformed), 
WUE and δ18O series from 211 (85 for isotope analysis) sugar maple trees in seven stands. 
Diameter (cm) is reconstructed tree diameter (at 1.3 m) in the year of ring formation. 
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Figure 5.4: Site-wise TRW, WUE and δ18O chronologies compiled using a Tukey biweight mean after 
size-related developmental trends were removed. TRW and δ18O values are derived from standardized 
model residuals, whereas WUE values represent recentered model residuals. Grey ribbons indicate 94% 
confidence intervals. 
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Figure 5.5: Boxplots of coefficients produced from response function analysis of (a) TRW, (b) 
WUE and (c) δ18O chronologies from seven sugar maple stands and monthly climate variables from 
the previous and current growing seasons. For WUE and δ18O monthly climate variables were 
averaged across 5-year intervals to match pooled isotope samples. Boxplot shade indicates the 
number of sites that exhibited significant responses (p<0.05) to the given climate variable as 
estimated by 1000 bootstrap resamples. 
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responses being found in the previous and current growing seasons (April-September). Similarly, 

the response to RH was predominately negative with the strongest responses being found in 

June-August of the previous and current growing seasons. Significant negative responses to Tave 

were primarily found in early summer months of the previous and current growing season (April, 

May). Finally, significant responses to Precip were primarily limited to a negative association 

with Precip in the previous October and, to a lesser degree, current August.  

Water-use efficiency chronologies exhibited some significant responses to RH, however the 

direction of the association was not consistent across sites, nor did this response exhibit a strong 

seasonality. Alternatively, δ18O exhibited significant responses to all temperature variables as 

well as RH. The response of δ18O to monthly Tmin, Tave and Tmax were primarily negative with 

significant responses being found in January, June, September and November. δ18O also 

exhibited a significant negative response to RH in January and July and a positive response to 

Precip in March.  

Growth and physiological response to rising Ca 

Posterior distributions for the total effects (standardized response) of Ca on TRW, WUE and 

δ18O as moderated through its concurrent effects on other physiological variables but excluding 

the indirect effects that are moderated through annual climate variation are provided for each site 

in Figure 5.6 (a, b, c). For most sites, the total effect of Ca on TRW was not significant (a=0.06), 

in two sites (FR, MT) the total effect was negative and in one site (TB) the total effect was 

positive. Similarly, for most sites, the total effect of Ca on WUE and δ18O was nonsignificant. In 

two sites (KK, WM) that total effect of Ca on WUE was positive, in one site it was negative (FR) 

and in one site the total effect of Ca on δ18O was negative (WM).  

Posterior distributions for the total effects of Ca on TRW that are moderated only through effects 

on annual climate variation for each site are provided in Figure 5.6d. In all cases the total effects 

were nonsignificant. Site-wise path coefficients, as estimated by the median of posterior 

distributions, for all fitted SEMs are provided in Table D2.1.  

5.5. DISCUSSION 
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Developmental trends in isotopic discrimination 

Our study presents evidence for strong size-related effects on isotopic discrimination of both 

Δ13C and δ18O in tree-ring wood of sugar maple. The rate of decline in Δ13C found over the tree 

life cycle considered (0-40cm DBH) in our study is consistent with other studies in sugar maple 

(Dietrich et al. 2021) and in, the ecologically similar species, Fagus sylvatica (Brienen et al. 

2017). Developmental changes in tree-ring Δ13C and δ18O are likely related more to changes in 

tree height than diameter (Brienen et al. 2017, Klesse et al. 2018b). Nonetheless tree diameter 

Figure 5.6: (a, b, c) Posterior distributions for the total effects (standardized response) of Ca on 
TRW, WUE and δ18O as moderated through its concurrent effects on other physiological 
variables and excluding the indirect effects that are moderated through its effect on annual 
climate variation (see Fig. 2), for each site. (d) Posterior distributions for the total effects of Ca 
on TRW that are moderated only through its direct effect on annual climate variation, for each 
site. 
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has been shown to be a good determinant of developmental trends (Brienen et al. 2017, Dietrich 

and Anand 2019) because of its close association with height. Briefly, changes in WUE with tree 

development are related to changes in both A and gs – taller trees experience decreased gs as a 

result of increased hydraulic resistance (Koch et a. 2004, Ryan and Yoder 1887) and vertical 

gradients in climate conditions in forests (Roden and Siegwolf 2012, Babour et al. 2004). 

Whereas upper canopy leaves in dominant trees experience higher irradiance thereby promoting 

carbon assimilation via photosynthesis (A), (Francey and Farquhar 1982, McDowell et al. 2011). 

The reader is directed to Dietrich et al. (2021) or Brienen et al. (2017) for a more thorough 

discussion of the drivers of size-related developmental trends in tree ring Δ13C series.  

Similarly, the developmental trends noted for tree ring δ18O series in this study are consistent 

with other studies in sugar maple (Dietrich et al. 2021). However, there is less consensus in the 

literature regarding both the magnitude and persistence of δ18O series across tree lifecycle 

(Marshall and Monserud 2006, Klesse et al. 2018b). Conflicting trends across species are likely a 

consequence of δ18O in tree rings being controlled by two distinct mechanisms - variation in 

δ18O of source water as trees grow deeper roots and changes in gs as trees grow taller. Again, the 

reader is directed to Dietrich et al. (2021) or Klesse et al. (2018b) for a more thorough discussion 

of the drivers of size-related developmental trends in tree ring δ18O series. 

High-frequency climate sensitivity of growth and isotopic chronologies 

Our analysis suggests that TRW in sugar maple stands inhabiting their northern range limit are 

relatively insensitive to maximum temperatures and precipitation throughout the growing season. 

This is among other studies to suggest that sugar maple growth in its central and northern range 

exhibits low sensitivity to climate variables that control water availability (Goldblum & Rigg 

2005, Tardiff et al. 2001). Indeed, the species is more likely to be limited by cold temperatures 

and length of the growing season (Putnam 2015) than by water availability at these latitudes 

(Goldblum & Rigg 2005).  

Instead, our analysis suggests that TRW is primarily sensitive to monthly minimum temperatures 

from April through September in the year of tree growth and one year previous. While the 

responses of growth to Tmin are shown to be primarily negative this is slightly misleading as 

growth sensitivity to climate occurs primarily at extremes values, namely, when Tmin in the early 

and late growing season is exceptionally high, TRW tends to be reduced (not shown). This is 
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consistent with other studies in suggesting that growth variation in sugar maple (Payette et al. 

1996) and many shade-tolerant species is likely to be determined in extreme years. TRW was 

especially sensitive to Tmin in months comprising the beginning and end of the growing season. 

The onset of leaf emergence/ sap flow in spring is controlled by minimum temperatures, 

exceptionally high minimum temperatures during this period can signal early emergence and 

increase the risk of frost damage (Yin et al. 1994). This may be especially relevant in northern 

stands where range is limited by growing season length and plastic responses of leaf out to late 

winter temperatures are an adaptive trait (Putnam 2015, Kwit et al. 2010). Negative correlations 

between growth and spring Tmin have indeed been shown by other studies of the species (Bishop 

et al. 2015).  

Similarly, in many sites there is a strong negative correlation with Tmin in the previous and 

current September, again this correlation derives primarily from a strong negative growth 

response at extremely high Tmin values (not shown). Warm September temperatures induce high 

respiration costs during a time when photosynthetic capacity is reduced due to leaf senescence. 

Increased consumption of non-structural carbohydrates (NSC) to offset increased metabolic costs 

can lead to subsequent reduced growth in the current (less so) and following year (Yin et al. 

1994).  

Our analysis suggests that sensitivity of TRW to monthly climate variables is not conserved 

across the stands examined in this study and instead varies in terms of which months are 

important predictors, the magnitude of the strength of correlations and, in some cases, even the 

direction of correlation with climate variables. Further, there is no evidence to suggest that 

climate sensitivity in individual stands varies according to environmental gradients in annual 

mean precipitation or temperature, maximum soil water content, elevation, latitude, or longitude 

(see Table D3.1). This study is among others to suggest that the dendroclimatic response of sugar 

maple growth is not conserved across the species’ landscape nor does it vary predictably 

according to large-scale gradients (Copenheaver et al. 2020 and within). Late-successional 

deciduous forests experience a high-level of competition and local environmental conditions are 

in constant flux because of gap phase dynamics, disturbance and stand development. In these 

rapidly changing environments, the importance of climate to growth in individual trees varies 

annually and spatially (Tardif et al. 2001, Copenheaver et al. 2020). Further, due to high levels of 
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photosynthate remobilization between seasons, deciduous trees are likely to record 

environmental and climatic influences only at particular times during the growing season 

(Offerman et al. 2011, Helle and Schleser 2004). 

These findings are contrary to the strong environmental controls on dendroclimatic responses 

that are typically found in coniferous species (Klesse et al. 2018a). The individualized response 

makes it challenging to provide species-level generalization about its radial growth response to 

climate and challenging to identify environmental gradients. This study is among many others to 

note the importance of future work in determining the individual and site-level controls on 

climate sensitivity in sugar maple and deciduous species in general.  

This study is among the first to examine climate sensitivity of WUE and δ18O chronologies in 

sugar maple. Even at coarse temporal resolution we show that δ18O is sensitive to temperatures 

and RH throughout the growing season and in the winter. Consistent negative correlations across 

sites between δ18O and minimum and average temperatures as well as RH in the early growing 

season may suggest a positive correlation with gs. Alternatively, there was little sensitivity of 

WUE to climate across sites. Sugar maple is a moderately isohydric species, so to some degree 

will exert controls to keep water potential within a narrow range by closing stomata during the 

day when vapour pressure deficits (VPD) are high (Yi et al. 2019). Counterintuitively to 

previously reported low climate sensitivity of growth, we would instead expect δ18O, as a proxy 

for gs, and WUE to be sensitive especially to climatic conditions that influence VPD (Roden and 

Seigwolf 2012). Indeed, other studies have suggested sensitivity of gs to drought and VPD 

conditions in the species (Yi et al. 2019). 

It is also possible that the apparent sensitivity of δ18O to seasonal climate is indicative of site-

level hydrologic processes and, thus δ18O of source water, more so than climate sensitivity of gs. 

Sugar maple has been shown to engage in hydraulic lift, whereby tap roots nocturnally transport 

water to upper soil layers (Dawson 1993). Hydraulic lift may bring isotopically depleted soil 

water to the upper soil horizons (Kurz-Besson et al. 2006) leading to lower apparent 

discrimination of δ18O. Soil water transport would be increasingly prevalent in spring during sap 

flow. This may be especially important in mesic sites, subject to periodic soil water deficits 

(Dawson 1993).  
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The role of Ca in determining growth and physiology across sugar maple’s northern ecotone 

Our study suggests that the long-term contributions of Ca to WUE and TRW in sugar maple are 

not conserved across the species’ northern range. The total contribution of Ca to TRW as 

mediated by direct and indirect effects through physiological variables, but not including indirect 

contributions through high-frequency climate (see Fig. 5.2), was found to be negative in two 

sites (FR and MT) borderline significantly positive in one site (TB) and insignificant in the 

remaining four sites. Similarly, the total affect of Ca on WUE, not including indirect 

contributions through high-frequency climate, was found to be negative in two sites (FR), 

positive in two sites (KK, WM) and insignificant in the remaining four stands. Together these 

results suggest that the physiological response of sugar maple to Ca is not conserved even across 

relatively narrow climate gradients.  

Furthermore, the drivers of growth and WUE responses are not consistent. WUE was 

significantly positively related to TRW in three sites (MT, RS, TB), (see Table D2.1), yet all 

sites exhibited markedly different total responses to Ca (negative, insignificant, positive, 

respectively). Similarly, the presumed contribution of gs to WUE, as estimated by δ18O, varied 

among sites. The dual isotope approach used here allows for some semi- quantitative conclusions 

regarding controls on WUE in these forests (Scheidegger et al. 2000, Grams et al. 2007). In most 

cases insignificant changes in WUE with Ca were associated with insignificant changes in δ18O 

(MT, RL, RS, TB). This would suggest that there were no long-term changes in gs or A in these 

stands that could be associated to increasing Ca. In the Freezy Lake stand (FR), the total 

contribution of Ca to WUE was negative suggesting WUE has decreased over the course of the 

study. When individual path coefficients are examined there is evidence that increased Ca was 

associated with a decrease in δ18O (Table D2.1) and an increase in Δ13C (not shown). 

Interpretation of these results according to the dual isotope model (Scheidegger et al. 2000, 

Grams et al. 2007) would suggest that that increasing Ca has led to an increase in gs in this stand 

but no change in A. Alternatively, in the Wolf Mountain stand (WM), WUE significantly 

increased with rising Ca. Path coefficients suggest a significant decrease in both Δ13C (not 

shown) and δ18O (Table D2.1) with Ca, which can be interpreted as Ca leading to an simultaneous 

increase in A and gs  in this stand.  
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The diversity of these responses naturally begs further inquiry regarding the drivers of individual 

response to Ca. However, there was no evidence to suggest that landscape gradients in annual 

mean precipitation or temperature, maximum soil water content, elevation, latitude, or longitude 

exert any significant influence on the total response of TRW, WUE or δ18O to Ca (Table D3.4). 

These findings corroborate previous discussion that climate controls on physiological variables 

are likely site-specific in sugar maple. In sugar maple, the drivers of WUE improvement and 

growth were indeed shown to vary across the site-level according to variance in soils moisture 

conditions (Dietrich et al. 2021). Further, studies in European Beech (Fagus sylvatica) have 

suggested that the WUE response to Ca is determined by the soil moisture regime (Hartl-Meier et 

al. 2015) and that large intertree variability in Δ13C and δ18O chronologies in beech is likely 

reflective of sensitivity to microenvironments (Daux et al. 2018).  Unfortunately, the small 

number of isotopic studies in sugar maple and northern hardwood species in general makes it 

difficult to draw reliable conclusions regarding the drivers of this response. Many previous 

isotopic studies in hardwood species were performed at the site-level. Further, until recently. 

most studies failed to account for size-related developmental trends in isotopic series. This 

omission biases their estimates of long-term trends in WUE and δ18O and limits the conclusions 

that can be drawn from prospective findings (Brienen et al. 2017).   

Other considerations and future studies 

The variable response of growth and isotopic chronologies to Ca and high-frequency climate 

variation and increased Ca found in this study makes it difficult to draw broad conclusions 

regarding the fate of the species at its’ range limit under continued climatic change. The 

dendroisotopic and dendroclimatic response of sugar maple, and many hardwood species is 

likely to be determined at the site-level. A thorough investigation of the drivers of heterogeneity 

in the response will likely require further large-scale studies. There is growing understanding that 

overrepresentation of conifers growing on xeric sites in tree ring studies has biased our 

understanding of the determinants of climate sensitivity in tree species (Klesse et al., 2018a, 

Zhao et al., 2019). Hardwood species growing on mesic sites are competitive under a wide range 

of environmental conditions which inevitably complicates the response of physiological 

variables to climate (Copenheaver et al. 2020). 
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Current species range shift and climate envelope models rely on climate correlations being 

spatially and temporally consistent. Our results suggest that high-frequency climate variation 

alone does not provide any significant contributions to long-term growth trends in the species 

(Fig. 5.6d). Further, we show that climate sensitivity is non-linear and influenced primarily by 

extreme years. Future species distribution models must acknowledge that annual climate 

variables are not good predictors of sugar maple growth and should incorporate effects born 

through physiological and site-level environmental variables.  
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CHAPTER 6: CONCLUSIONS 
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The results presented here do not provide any support for the carbon fertilization hypothesis in 

sugar maple or jack pine forests in Ontario. Instead, progressive growth decline was noted in 

jack pine stands and there was no consistent growth trajectory among sugar maple stands 

sampled in these studies. While long-term growth trend estimation from tree ring studies is 

inherently biased, as a result of persistent sample biases (e.g. slow-grower survivorship bias), 

these conclusions remain valid given that said sample bias is likely to produce artificial positive 

trends in tree ring chronologies. Given this, it is indeed possible that realized long-term growth 

trends in the stands studied may be more negative than presented.  

While jack pine stands exhibited increases in WUE they were likely insufficient to account for 

the detrimental effects of concurrent climate change. This is not surprising given the species 

inhabits marginal habitats. While water-limited species may benefit from an enhanced Ca 

environment, the effect may be insufficient to account for changing climate in these locations.  

In sugar maple there is not consistent evidence that Ca contributed to increases in WUE and in 

cases where it did, the drivers of change (i.e. A or gs) were not consistent. While increased WUE 

may have occurred in select stands, the species is not likely to be water-limited, so the 

contribution to growth is expected to be negligible. The long-term WUE response was evidently 

complicated by variation in site-level moisture regime and environmental variation among 

stands.  

The high-frequency climate sensitivity in both species is often non-linear and likely to be 

determined by response to extreme years. Further, in sugar maple, climate sensitivity of growth 

and WUE was not conserved across the site- or landscape-levels. Results suggest that high-

frequency climate variation alone does not provide any significant contributions to long-term 

growth trends in the species. Future species distribution models must acknowledge that annual 

climate variables are not effective predictors of sugar maple growth and should incorporate 

effects born through physiological and site-level environmental variables.  

As it stands the current dendrochronological literature is not adequate to answer the question of 

global forest response to climate change for four primary reasons:  

1. Failure to control for concurrent environmental change: As discussed in Chapter 1, 

forests experience inevitable changes in resource availability, composition, and 



 
 

109 
 

competition intensity as they progress through forest succession. Signals related to stand 

dynamics are difficult to separate from long-term, climate-related trends and to date few 

if any tree ring studies have made explicit attempts to separate the two. In this thesis I 

have argued that pre-emptive consideration of forest ecology and thus stand development 

in study design can circumvent this problem. Studies presented in this thesis focus on just 

two forest types, chronosequence jack pine and multi-cohort sugar maple, however, it is 

important to acknowledge that there are many forest types where disturbance regimes, 

and therefore developmental trajectories, are similar to those presented here. I strongly 

advocate for the continued exploration of forest response to climate in forest types where 

the effects of changing resource availability can be either discounted or explicitly 

accounted for (i.e. late successional, steady state forests, and early successional tree 

species where stands of different ages can be collocated, respectively) using the 

framework presented here.  

2. Persistent developmental trends in isotopic series: Only recently have 

dendrochronological studies begun to explicitly account for size- or height-related trends 

in isotopic series (Δ13C, δ18O). Consequently, almost all reported long-term trends in tree 

ring-based reconstructions of WUE are likely to be overestimated (Brienen et al. 2020). 

Indeed, vastly different conclusions would have been drawn regarding trends in WUE in 

these studies if the effect of tree size had not been accounted for.  

3. The issue of sample biases persists: There is currently no solution to the problem of 

persistent sample biases in tree ring studies. Accordingly, there is contentious debate in 

the scientific community regarding whether tree rings can serve as a reliable estimator of 

long-term growth trends in forests. Further, the role sample biases play in physiological 

reconstruction from isotopic records (i.e. WUE) is yet to be explored.  

4. Biases in international tree ring databases: Coniferous species constitute ~85% of global 

tree ring records yet only ~20% of total basal area in North America (Zhao et al. 2019). 

This biases our understanding of global forest response to climate. Indeed, the studies 

presented here are among the first isotopic studies in sugar maple and among a handful 

that examine climate sensitivity of the species across its range.  

Multiple lines of evidence will undoubtedly be required to estimate global forest response to 

climate change. That said, the data provided by tree rings series has potentially indeterminable 



 
 

110 
 

value given the spatial and temporal domains it encompasses. I advocate for the continued 

refinement of tree ring science and methodologies relevant to the issues presented here.  
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APPENDICES 

APPENDIX A - SUPPLEMENT FOR: CLIMATIC SENSITIVITY, WATER-USE EFFICIENCY, AND GROWTH 

DECLINE IN BOREAL JACK PINE (PINUS BANKSIANA) FORESTS IN NORTHERN ONTARIO 

 

 

 

 

 

 

 

 

 

 

 

APPENDIX B - SUPPLEMENT FOR: TREES DO NOT ALWAYS ACT THEIR AGE: SIZE-DETERMINISTIC TREE-
RING STANDARDIZATION FOR LONG-TERM TREND ESTIMATION IN SHADE-TOLERANT TREES 

B1 – SORTIE-ND simulation parameters 

For the sugar maple simulation, initial stand densities were estimated from an intensively 

sampled maple dominated stand in Northern Ontario (Toobee Lake, Table 1). Standard model 

parameters were used (Pacala 1996, Pacala 1993) with one exception, annual adult stochastic 

mortality was raised to 0.015 (from 0.010) as it has been suggested that old-growth maple stands 

exhibit higher adult mortality than suggested by the SORTIE model (Lorimer et al. 2001). The 

model was run for 1000 years, ensuring a stable age distribution was achieved. This suggested 

Figure A.1: Estimated communal age trend of nineteen jack pine stands of varying age in 
Northern Ontario.  Age trend is estimated by a thin plate spline with a knot assigned for each 
year of growth. See methods for information on standardization procedure.  
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minimal net change in biomass across the stand and ensured no underlying long-term growth-

trend was present in the raw tree-ring data. For the white pine simulation, the stand was 100% 

white pine, standard model parameters were used, and the simulation was run for 1000 years. All 

living trees (>5 cm dbh), (n=3657 sugar maple), (n=7362, white pine) in the final year of the 

model run were used for further analysis.  

References: 

Lorimer, C. G., Dahir, S. E., & Nordheim, E. V. (2001). Tree mortality rates and longevity in 
mature and old‐growth hemlock‐hardwood forests. Journal of Ecology, 89(6), 960-971. 

Pacala, S. W., Canham, C. D., Saponara, J., Silander, J. A., Kobe, R. K., & Ribbens, E. (1996). 
Forest models defined by field measurements: estimation, error analysis and 
dynamics. Ecological Monographs, 66(1), 1-43. 

Pacala, S. W., Canham, C. D., & Silander Jr, J. A. (1993). Forest models defined by field 
measurements: I. The design of a northeastern forest simulator. Canadian Journal of Forest 
Research, 23(10), 1980-1988. 

B2 – Evaluation of linear trend reconstruction by tree ring standardization models in 

simulated and real tree ring data 

B2.1 Parameters for linear increasing and decreasing trends 

(1)  𝑅𝑊𝑡 = 𝑅𝑊𝑟 ∗ 𝑚 

Where m=1.00552564 for increasing trend and m=-1.004524382 for decreasing trend. 

B2.2 Results in simulated tree ring data 

Table B2.1: Average spearman's rho correlation between imposed 
linear trends and chronologies produced by five standardization 
methods (Model) applied to SORTIE simulated sugar maple data across 
various minimum size thresholds.  

Trend Model 
Minimum size threshold (DBH) 

Average 
All >10 cm > 30cm > 50cm 

(+) linear BAI 0.806 0.850 0.902 0.974 0.883 
  CM 0.640 0.690 0.716 0.725 0.693 
  COMB 0.990 0.989 0.988 0.984 0.988 
  RCS 0.895 0.898 0.907 0.908 0.902 
  SDS 0.987 0.986 0.985 0.979 0.984 
  CD NA 0.557 0.536 0.678 0.590 
(-) linear BAI 0.764 0.723 0.719 0.735 0.735 
  CM 0.160 0.219 0.242 0.360 0.245 
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  COMB 0.986 0.986 0.981 0.964 0.979 
  RCS 0.874 0.863 0.833 0.701 0.818 
  SDS 0.978 0.979 0.972 0.947 0.969 
  CD NA -0.526 -0.512 -0.605 -0.548 

Table B2.2: Tukey’s honest significant differences among 
average Spearman's rank correlation coefficients presented in 
Table B3.1 
Trend Model BAI CM COMB RCS SDS CD 
(+) linear BAI - - - - - - 
  CM *** - - - - - 
  COMB *** *** - - - - 
  RCS n.s. *** *** - - - 
  SDS *** *** n.s. *** - - 
  CD *** *** *** *** *** - 
(-) linear BAI - - - - - - 
  CM *** - - - - - 
  COMB *** n.s. - - - - 
  RCS ** *** *** - - - 
  SDS *** *** *** *** - - 
  CD *** *** *** *** *** - 
(***) p<0.01, (**) p<0.05, (*) p<0.10, (n.s.) not 
significant   

 

Table B2.3: Average spearman's rho correlation between imposed 
linear trends and chronologies produced by five standardization 
methods (Model) applied to SORTIE simulated white pine data across 
various minimum size thresholds.  

Trend Model 
Minimum size threshold (DBH) 

Average 
All >10 cm > 30cm > 50cm 

(+) linear BAI 0.595 0.910 0.991 0.998 0.874 
  CM 0.946 0.965 0.959 0.970 0.960 
  COMB 0.961 0.967 0.974 0.966 0.967 
  RCS 0.921 0.956 0.965 0.937 0.945 
  SDS 0.973 0.982 0.990 0.988 0.983 
  CD NA 0.694 0.740 0.808 0.747 
(-) linear BAI 0.693 0.527 0.826 0.936 0.745 
  CM 0.492 0.550 0.751 0.869 0.666 
  COMB 0.901 0.883 0.881 0.910 0.894 
  RCS 0.820 0.623 0.619 0.760 0.706 
  SDS 0.951 0.936 0.954 0.976 0.954 
  CD NA -0.555 -0.562 -0.706 -0.608 
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Table B2.4: Tukey’s honest significant differences among 
average Spearman's rank correlation coefficients presented in 
Table B3.2 
Trend Model BAI CM COMB RCS SDS CD 
(+) linear BAI - - - - - - 
  CM *** - - - - - 
  COMB *** n.s. - - - - 
  RCS *** ** ** - - - 
  SDS *** n.s. n.s. *** - - 
  CD *** *** *** *** *** - 
(-) linear BAI - - - - - - 
  CM *** - - - - - 
  COMB *** *** - - - - 
  RCS n.s. *** *** - - - 
  SDS *** *** n.s. *** - - 
  CD *** *** *** *** *** - 
(***) p<0.01, (**) p<0.05, (*) p<0.10, (n.s.) not 
significant   
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Figure B2.1: 95% confidence intervals for standardized chronologies produced by each 
standardization method (legend right side) applied SORTIE simulated sugar maple and 
white pine tree ring data. Confidence intervals obtained via bootstrap resampling 
(rep=100) of 60 trees (>10 cm DBH) from the SORTIE simulated populations. Dotted 
lines indicate the standardized increasing (left side) or decreasing (right side) linear 
trend that was added to the raw tree ring data.  



 
 

135 
 

 

B2.3 Results in real tree ring data 

Confidence intervals surrounding chronologies produced from each of the standardization 

methods applied to the tree ring series from six sugar maple stands are provided in Figure S3a 

for both increasing and decreasing linear trends. The corresponding distributions of Spearman’s 

rank correlation coefficients are provided in Figure S4a).  with significant differences (p<0.05) 
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(+) trend 

(+) trend 
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Figure B2.2: Spearman’s correlation between chronologies produced by each of the five standardization 
methods and the imposed increasing (left column) or decreasing (right column) linear trend in SORTIE 
simulated (a) sugar maple and (b) white pine tree-ring data. Correlation distribution created by bootstrap 
resampling 60 trees (rep=100) from SORTIE simulated tree populations.  Horizontal axis denotes 
minimum tree size (DBH) thresholds for sampling from the population. Horizontal lines indicate threshold 
for significant Spearman’s rho (a=0.05) for correlation between chronologies and the imposed trend. 
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being noted by letters. Chronologies and corresponding correlation coefficients for the identical 

analysis performed on 12 red spruce stands are provided in Figure S3a and S4b, respectively.  

Regardless of trend direction RCS, COMB and SDS chronologies exhibited comparable and 

consistent results across both species (Fig. S4). In general chronologies produced by all three 

methods exhibited conservative, but reliable, estimations of the imposed trends (Fig. S3). SDS 

produced chronologies with correlations as high or higher (Fig. S4b (negative trend)) than 

traditional RCS chronologies. Notably, the BAI and CM methods produced strong positive 

correlations between chronologies and the imposed trend only when the imposed trend was 

increasing (Fig. S3, S4). BAI and CM chronologies consistently failed to reproduce negative 

trends across both species (Fig. S3). Finally, across both species, CD chronologies exhibited low 

correlations with the imposed trend regardless of direction (Fig. S3, S4).  

Table B2.5: Average spearman's rho 
correlation between imposed linear trends and 
chronologies produced by five standardization 
methods (Model) applied to sugar maple and 
red spruce tree ring data. 

Trend Model Sugar maple 
Red 

Spruce 
(+) 
linear BAI 0.933 0.984 
  CM 0.769 0.923 
  COMB 0.413 0.473 
  RCS 0.348 0.687 
  SDS 0.277 0.394 
  CD -0.002 0.105 
(-) linear BAI -0.678 -0.960 
  CM -0.048 0.085 
  COMB 0.654 0.326 
  RCS 0.730 0.129 
  SDS 0.789 0.744 
  CD 0.116 0.140 
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B3 – Sampling methods 

Stands were considered suitable for this study given that they were multi-cohort, self-replacing, 

pure maple stands (<5% composition of other species). Within stands all trees >5cm dbh were 

sampled in three 7-meter radius plots. Tree cores were collected at a height of 1.3m from all 

sampled trees; with large trees cored twice and smaller trees destroyed, and cross sections removed 

from the site (in permitting locations). This method improves accuracy of ring measurements and 

increases the likelihood of sampling the pith, and thus proper age estimation. Tree cores were 

mounted, sanded, and measured using WinDENDROTM image analysis. Cores were cross-dated 

visually and checked graphically and statistically, using the dplR program in R.  

APPENDIX C - SUPPLEMENT FOR: SITE-LEVEL SOIL MOISTURE CONTROLS WATER-USE EFFICIENCY 

IMPROVEMENT AND CLIMATE RESPONSE IN SUGAR MAPLE: A DUAL DENDROISOTOPIC STUDY 

Figure B2.4: Spearman’s correlation between chronologies produced by each of the 
five standardization methods and the imposed increasing (left column) or decreasing 
(right column) linear trend in tree ring series from (a) sugar maple and (b) red spruce 
stands. Horizontal lines indicate threshold for significant Spearman’s rho (a=0.05) 
for correlation between chronologies and the imposed trend. Letters indicate 
significant differences among samples as estimated by Tukey honest significant 
differences (a=0.05). 
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Table C.1: Variables used in structural equation models (climate-SEM and SWC-SEM) to 
determine climate-, soil water content- and size-related effects on tree ring width and isotopic 
chronologies in a mature sugar maple stand.   
Variables N mean std. dev. min.  max. Transformation 

Ring width 410 0.62 1.13 -0.03 2.82 Ring width=log (Ring width) 

δ18O  410 19.98 0.73 16.97 22.06 - 

Δ13C 410 21.62 1.78 16.76 26.42 - 

Sprtemp 410 8.73 0.57 7.17 9.63 Sprtemp=Ʃ(Aprtemp:Juntemp)/3 

Falltemp 410 1.91 0.65 0.33 3.26 Falltemp=Ʃ(Octtemp:Novtemp)/2 

Sprprec 410 75.27 7.2 62.4 87.92 Sprprec=Ʃ(Aprprec:Junprec)/3 

Sumprec 410 86.01 7.37 71.13 104.33 Sumprec=Ʃ(Julprec:Sepprec)/3 

Fallprec 410 86.34 12.56 55.7 107.3 Fallprec=Ʃ(Octprec:Novprec)/2 

Winprec 410 59.94 8.1 45.8 73.85 Winprec=Ʃ(Decprec:Marprec)/4 

SprSWC 410 9.15 9.15 41.67 76.27 SprSWC=Ʃ(AprSWC:JunSWC)/3 

SumSWC 410 15.32 15.32 3 71.36 SumSWC=Ʃ(JulSWC:SepSWC)/3 

CO2 410 33.57 2.79 29.67 38.99 CO2=CO2/10 

diamy 410 8.87 7.75 0.1 41.56 diamy=diamy 

log(diamy) - - - - - - 

diamy
2 - - - - - diamy

2=diamy
2/100 

              



 
 

140 
 

APPENDIX D - SUPPLEMENT FOR: RISING ATMOSPHERIC CO2 DOES NOT INDUCE CONSISTENT INCREASES IN WUE OR GROWTH IN SUGAR MAPLE STANDS NEAR 

THEIR NORTHERN RANGE LIMIT 

D1 - Response function analysis results 

Table D1.1: Response function analysis coefficients and significance as estimated by 1000 bootstrapped permutations of TRW chronologies from 
seven sugar maple stands and monthly climate variables.  

 

 

Site Tmin01 Tmin02 Tmin03 Tmin04 Tmin05 Tmin06 Tmin07 Tmin08 Tmin09 Tmin10 Tave01 Tave02 Tave03 Tave04 Tave05 Tave06 Tave07 Tave08 Tave09 Tave10
TB ‐0.00816 ‐0.03105 0.010972 0.040713 ‐0.01016 ‐0.00876 ‐0.02654 ‐0.01146 ‐0.01305 ‐0.01016 ‐0.00936 ‐0.02988 0.015892 0.031317 ‐0.01925 ‐0.02092 ‐0.03902 ‐0.01964 ‐0.02911 ‐0.01423
KK ‐0.06509 ‐0.0732 ‐0.05927 ‐0.06714 ‐0.13083 ‐0.11138 ‐0.10594 ‐0.13423 ‐0.08468 ‐0.08484 ‐0.05333 ‐0.0587 ‐0.05661 ‐0.04528 ‐0.10542 ‐0.06844 ‐0.06031 ‐0.08208 ‐0.04812 ‐0.06234
MT ‐0.125 ‐0.06473 ‐0.07109 ‐0.10223 ‐0.17445 ‐0.19242 ‐0.17782 ‐0.10388 ‐0.18916 ‐0.00077 ‐0.11248 ‐0.03757 ‐0.0865 ‐0.08748 ‐0.14612 ‐0.15082 ‐0.0917 ‐0.04952 ‐0.2174 0.041676
RS ‐0.08076 0.005348 ‐0.0315 ‐0.01164 ‐0.10113 ‐0.1197 ‐0.09701 ‐0.09954 ‐0.14497 ‐0.10063 ‐0.06281 0.030002 ‐0.03307 ‐0.00244 ‐0.08672 ‐0.09928 ‐0.06475 ‐0.06441 ‐0.13327 ‐0.06014
WM 0.039632 0.058668 0.0576 0.112659 0.092736 0.056065 0.072232 0.023879 0.065739 ‐0.04488 0.033613 0.05578 0.05663 0.11004 0.076074 0.034205 0.054524 0.0124 0.066281 ‐0.05109
RL ‐0.0133 0.023803 0.007493 ‐0.03946 ‐0.02335 ‐0.01554 ‐0.02741 ‐0.01771 ‐0.0673 ‐0.02041 ‐0.00783 0.031377 ‐0.00501 ‐0.02789 ‐0.01078 0.00088 ‐0.01291 0.003551 ‐0.05545 0.016767
FR ‐0.02431 ‐0.07291 ‐0.05927 ‐0.14243 ‐0.11603 ‐0.10822 ‐0.1352 ‐0.11012 ‐0.09834 ‐0.06243 ‐0.01635 ‐0.0599 ‐0.07842 ‐0.1287 ‐0.07765 ‐0.03443 ‐0.0466 ‐0.01308 ‐0.02313 0.036258
Significance (p<0.05)
TB FALSE FALSE FALSE TRUE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
KK TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE FALSE FALSE TRUE TRUE TRUE TRUE FALSE TRUE
MT TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE FALSE TRUE FALSE TRUE TRUE TRUE TRUE TRUE FALSE TRUE FALSE
RS TRUE FALSE FALSE FALSE TRUE TRUE TRUE TRUE TRUE TRUE TRUE FALSE FALSE FALSE TRUE TRUE TRUE TRUE TRUE FALSE
WM FALSE FALSE FALSE TRUE TRUE FALSE TRUE FALSE TRUE FALSE FALSE FALSE FALSE TRUE TRUE FALSE FALSE FALSE TRUE FALSE
RL FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE TRUE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE TRUE FALSE
FR FALSE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE FALSE FALSE TRUE TRUE TRUE TRUE FALSE FALSE FALSE FALSE FALSE

PPT01 PPT02 PPT03 PPT04 PPT05 PPT06 PPT07 PPT08 PPT09 PPT10 RH01 RH02 RH03 RH04 RH05 RH06 RH07 RH08 RH09 RH10
‐0.00021 0.004455 ‐0.02572 ‐0.00871 ‐0.00559 0.034762 0.011946 ‐0.00149 0.013748 ‐0.01466 0.001741 ‐0.0285 ‐0.00326 0.019919 0.031174 0.028237 0.035141 0.023293 0.040101 0.0145
‐0.05472 ‐0.00162 ‐0.02462 ‐0.05412 ‐0.01346 0.010668 0.015434 ‐0.08944 0.001857 ‐0.07659 ‐0.09571 ‐0.11185 ‐0.06376 ‐0.06794 ‐0.08022 ‐0.12498 ‐0.10273 ‐0.13905 ‐0.0942 ‐0.05187
0.025034 0.114103 0.056332 0.001212 0.039441 0.009184 ‐0.06482 ‐0.10885 0.046323 ‐0.19027 ‐0.15293 ‐0.15654 ‐0.00802 ‐0.04268 ‐0.03235 ‐0.13271 ‐0.23481 ‐0.14577 0.048783 ‐0.11906
‐0.03432 0.014074 0.028626 ‐0.03021 0.022309 0.040075 0.00553 ‐0.02686 0.044697 ‐0.04969 ‐0.11106 ‐0.07368 ‐0.01783 ‐0.0308 ‐0.03339 ‐0.0703 ‐0.08284 ‐0.10074 ‐0.03385 ‐0.09075
‐0.06413 ‐0.02329 ‐0.00894 ‐0.01083 ‐0.02664 ‐0.00773 ‐0.02279 0.005869 ‐0.03364 0.024427 0.055795 0.057569 0.047356 0.006871 0.032643 0.068028 0.043526 0.036064 ‐0.0031 0.02218
0.014587 ‐0.02064 0.05664 ‐0.02408 ‐0.00797 ‐0.05601 0.022773 ‐0.05621 ‐0.00106 ‐0.04264 ‐0.03177 ‐0.00882 0.037138 ‐0.03056 ‐0.02625 ‐0.03566 ‐0.02729 ‐0.04907 ‐0.02551 ‐0.08255
‐0.12045 ‐0.07044 ‐0.03796 ‐0.12202 ‐0.08026 ‐0.11056 ‐0.02855 ‐0.08316 ‐0.06085 ‐0.14821 ‐0.04737 ‐0.10218 0.016618 ‐0.02207 ‐0.0844 ‐0.17342 ‐0.1755 ‐0.22025 ‐0.15911 ‐0.20617

FALSE FALSE FALSE FALSE FALSE TRUE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE TRUE FALSE
FALSE FALSE FALSE FALSE FALSE FALSE FALSE TRUE FALSE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE FALSE
FALSE TRUE TRUE FALSE FALSE FALSE TRUE TRUE FALSE TRUE TRUE TRUE FALSE FALSE FALSE TRUE TRUE TRUE FALSE TRUE
FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE TRUE TRUE FALSE FALSE FALSE TRUE TRUE TRUE FALSE TRUE
FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
FALSE FALSE FALSE FALSE FALSE TRUE FALSE TRUE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE TRUE
TRUE TRUE FALSE TRUE TRUE TRUE FALSE TRUE FALSE TRUE FALSE TRUE FALSE FALSE TRUE TRUE TRUE TRUE TRUE TRUE
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Tmax01 Tmax02 Tmax03 Tmax04 Tmax05 Tmax06 Tmax07 Tmax08 Tmax09 Tmax10 Tmin04.p Tmin05.p Tmin06.p Tmin07.p Tmin08.p Tmin09.p Tmin10.p Tmin11.p Tmin12.p
‐0.01166 ‐0.02744 0.022039 0.023831 ‐0.0257 ‐0.03164 ‐0.04406 ‐0.02474 ‐0.0401 ‐0.01674 0.031181 ‐0.00602 ‐0.01609 ‐0.01185 ‐0.02456 ‐0.04275 0.005141 ‐0.01333 ‐0.03024

‐0.0372 ‐0.03573 ‐0.05031 ‐0.0274 ‐0.07705 ‐0.01144 ‐0.01572 ‐0.0196 ‐0.01254 ‐0.03764 ‐0.08454 ‐0.11811 ‐0.10937 ‐0.09506 ‐0.13208 ‐0.05856 ‐0.07347 ‐0.07575 ‐0.05409
‐0.09052 0.003977 ‐0.10069 ‐0.07255 ‐0.11814 ‐0.10354 ‐0.00984 0.000363 ‐0.2153 0.071389 ‐0.11659 ‐0.16149 ‐0.20027 ‐0.2172 ‐0.09367 ‐0.17117 ‐0.01905 ‐0.09028 ‐0.08009
‐0.03602 0.059158 ‐0.03454 0.006334 ‐0.06937 ‐0.06585 ‐0.02774 ‐0.02559 ‐0.11211 ‐0.02488 ‐0.05302 ‐0.09262 ‐0.09785 ‐0.08104 ‐0.09873 ‐0.12258 ‐0.06674 ‐0.03299 ‐0.11806
0.024281 0.047825 0.052843 0.101886 0.058879 0.006541 0.030725 0.002839 0.058389 ‐0.04973 0.070016 0.074577 0.048944 0.010359 0.008493 0.069152 0.002546 0.059763 0.026313
0.000887 0.039291 ‐0.01953 ‐0.01816 ‐0.002 0.01249 ‐0.00082 0.023514 ‐0.03552 0.040582 ‐0.05091 ‐0.04649 ‐0.025 ‐0.06201 ‐0.0131 ‐0.05412 ‐0.04166 ‐0.01806 ‐0.01844
‐0.00649 ‐0.0409 ‐0.09908 ‐0.11263 ‐0.04254 0.038577 0.02949 0.078581 0.041558 0.101018 ‐0.10861 ‐0.09283 ‐0.1533 ‐0.14367 ‐0.12655 ‐0.11048 ‐0.09646 ‐0.04999 ‐0.06404

FALSE FALSE FALSE FALSE FALSE FALSE TRUE FALSE TRUE FALSE FALSE FALSE FALSE FALSE FALSE TRUE FALSE FALSE FALSE
FALSE FALSE FALSE FALSE TRUE FALSE FALSE FALSE FALSE FALSE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE
TRUE FALSE TRUE TRUE TRUE TRUE FALSE FALSE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE FALSE TRUE TRUE
FALSE TRUE FALSE FALSE TRUE TRUE FALSE FALSE TRUE FALSE FALSE TRUE TRUE TRUE TRUE TRUE TRUE FALSE TRUE
FALSE FALSE FALSE TRUE FALSE FALSE FALSE FALSE FALSE FALSE TRUE TRUE FALSE FALSE FALSE TRUE FALSE FALSE FALSE
FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE TRUE FALSE FALSE FALSE FALSE FALSE
FALSE FALSE TRUE TRUE FALSE FALSE FALSE TRUE FALSE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE FALSE TRUE

Tave04.p Tave05.p Tave06.p Tave07.p Tave08.p Tave09.p Tave10.p Tave11.p Tave12.p PPT04.p PPT05.p PPT06.p PPT07.p PPT08.p PPT09.p PPT10.p PPT11.p PPT12.p
0.032604 ‐0.01905 ‐0.03015 ‐0.02076 ‐0.04411 ‐0.04947 0.005912 ‐0.01782 ‐0.02694 ‐0.02487 ‐0.00216 0.01002 0.018798 0.032465 0.010768 ‐0.04663 ‐0.02435 ‐0.01126
‐0.06792 ‐0.08897 ‐0.05298 ‐0.0433 ‐0.0823 ‐0.02405 ‐0.04264 ‐0.07693 ‐0.04672 ‐0.03234 ‐0.01733 ‐0.02947 0.013225 ‐0.04735 ‐0.0057 ‐0.09337 ‐0.02059 ‐0.04963

‐0.1133 ‐0.13679 ‐0.16674 ‐0.12786 ‐0.044 ‐0.20855 0.02018 ‐0.08244 ‐0.06903 0.015028 0.045976 0.031013 ‐0.10104 ‐0.11968 0.079695 ‐0.18028 ‐0.08404 0.001727
‐0.03334 ‐0.06077 ‐0.06903 ‐0.05124 ‐0.05863 ‐0.11726 ‐0.02195 ‐0.03998 ‐0.10309 ‐0.02818 ‐0.02067 0.058774 0.009907 0.001944 0.02637 ‐0.07397 ‐0.02975 ‐0.01173
0.07925 0.067881 0.018124 ‐0.02043 ‐0.01786 0.055172 0.003578 0.053035 0.024953 ‐0.03783 ‐0.031 0.007874 0.055362 0.017388 ‐0.0167 ‐1.19E‐05 ‐0.01844 ‐0.00248

‐0.03965 ‐0.03754 ‐0.018 ‐0.03504 0.014733 ‐0.04018 0.001354 ‐0.01365 ‐0.00605 ‐0.06532 ‐0.01826 ‐0.05267 ‐0.01385 ‐0.04286 ‐0.00273 ‐0.06075 0.01947 ‐0.03254
‐0.09205 ‐0.05806 ‐0.07979 ‐0.05619 ‐0.03472 ‐0.0345 0.011178 ‐0.03389 ‐0.05396 ‐0.12091 ‐0.05993 ‐0.11472 ‐0.02749 ‐0.07183 ‐0.06834 ‐0.14407 ‐0.13747 ‐0.13513

FALSE FALSE FALSE FALSE TRUE TRUE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE TRUE FALSE FALSE
TRUE TRUE FALSE FALSE TRUE FALSE FALSE TRUE FALSE FALSE FALSE FALSE FALSE FALSE FALSE TRUE FALSE FALSE
TRUE TRUE TRUE TRUE FALSE TRUE FALSE TRUE TRUE FALSE FALSE FALSE TRUE TRUE TRUE TRUE TRUE FALSE
FALSE TRUE TRUE FALSE FALSE TRUE FALSE FALSE TRUE FALSE FALSE FALSE FALSE FALSE FALSE TRUE FALSE FALSE
TRUE TRUE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE TRUE FALSE TRUE FALSE FALSE FALSE TRUE FALSE FALSE
TRUE FALSE TRUE FALSE FALSE FALSE FALSE FALSE FALSE TRUE TRUE TRUE FALSE TRUE TRUE TRUE TRUE TRUE
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Table D1.2: Response function analysis coefficients and significance as estimated by 1000 bootstrapped permutations of WUE chronologies from 
seven sugar maple stands and monthly climate variables pooled in 5-year windows.  

 

 

RH04.p RH05.p RH06.p RH07.p RH08.p RH09.p RH10.p RH11.p RH12.p Tmax04.p Tmax05.p Tmax06.p Tmax07.p Tmax08.p Tmax09.p Tmax10.p Tmax11.p Tmax12.p
‐0.00294 0.039609 0.030529 0.025006 0.049141 0.011931 ‐0.00084 0.005055 ‐0.02337 0.030961 ‐0.02766 ‐0.03952 ‐0.02578 ‐0.05763 ‐0.05069 0.004557 ‐0.02325 ‐0.02009
‐0.04849 ‐0.08697 ‐0.1538 ‐0.11453 ‐0.13272 ‐0.08354 ‐0.07688 ‐0.03319 ‐0.03739 ‐0.05148 ‐0.05996 0.014454 0.003657 ‐0.02266 0.006933 ‐0.01307 ‐0.07638 ‐0.03773

‐0.003 ‐0.02461 ‐0.09966 ‐0.22961 ‐0.13294 0.075616 ‐0.10756 ‐0.0816 ‐0.08822 ‐0.10402 ‐0.11237 ‐0.12692 ‐0.04145 0.001533 ‐0.21608 0.050271 ‐0.06353 ‐0.05246
‐0.06177 ‐0.08802 ‐0.08088 ‐0.07566 ‐0.10662 ‐0.01405 ‐0.10822 ‐8.30E‐05 ‐0.13327 ‐0.01682 ‐0.03131 ‐0.03141 ‐0.01741 ‐0.01837 ‐0.10457 0.013425 ‐0.04521 ‐0.07822
‐0.02419 0.002774 0.083145 0.07717 0.07154 0.034841 0.000595 0.06201 0.006602 0.080374 0.060107 ‐0.01593 ‐0.04325 ‐0.03764 0.03534 0.003558 0.040638 0.023571
‐0.02847 ‐0.01624 ‐0.02384 ‐0.05154 ‐0.05991 ‐0.02417 ‐0.09165 ‐0.02095 ‐0.04522 ‐0.02923 ‐0.02844 ‐0.0076 ‐0.01112 0.03754 ‐0.02278 0.031792 ‐0.00688 0.010459
‐0.03531 ‐0.07671 ‐0.18241 ‐0.17418 ‐0.21615 ‐0.15824 ‐0.22248 ‐0.07681 ‐0.06389 ‐0.07505 ‐0.02932 0.002158 0.020874 0.053427 0.030722 0.083573 ‐0.0126 ‐0.0391

FALSE TRUE FALSE FALSE TRUE FALSE FALSE FALSE FALSE FALSE FALSE TRUE FALSE TRUE TRUE FALSE FALSE FALSE
FALSE TRUE TRUE TRUE TRUE TRUE TRUE FALSE FALSE FALSE TRUE FALSE FALSE FALSE FALSE FALSE TRUE FALSE
FALSE FALSE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE FALSE FALSE TRUE FALSE TRUE FALSE
TRUE TRUE TRUE TRUE TRUE FALSE TRUE FALSE TRUE FALSE FALSE FALSE FALSE FALSE TRUE FALSE FALSE TRUE
FALSE FALSE TRUE TRUE TRUE FALSE FALSE FALSE FALSE TRUE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
FALSE FALSE FALSE FALSE TRUE FALSE TRUE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
FALSE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE TRUE FALSE FALSE FALSE FALSE FALSE TRUE FALSE FALSE

Tmax12 Tmax11 Tmax10 Tmax09 Tmax08 Tmax07 Tmax06 Tmax05 Tmax04 Tmax03 Tmax02 Tmax01 RH12 RH11 RH10 RH09 RH08 RH07 RH06 RH05 RH04 RH03 RH02 RH01
TB 0.016971 ‐0.02452 ‐0.07559 0.044052 0.007011 ‐0.02271 0.01652 ‐0.03827 0.051154 ‐0.04348 ‐0.00883 0.000749 ‐0.00424 0.03129 0.012698 ‐0.01483 ‐0.02793 0.008538 ‐0.0435 0.015719 0.00589 0.008379 ‐0.02268 ‐0.00218
KK 0.04016 0.085896 ‐0.00089 ‐0.02816 0.03819 ‐0.01511 ‐0.02224 0.071408 0.018874 0.102401 0.116277 0.042782 0.105346 0.027311 0.07901 0.083187 0.07609 0.118679 0.134862 0.066922 0.078655 0.13327 0.146874 0.11276
MT ‐0.1826 ‐0.139 ‐0.11519 ‐0.32424 ‐0.06779 0.015991 ‐0.26377 ‐0.01211 ‐0.00078 ‐0.17328 0.020055 ‐0.27715 ‐0.19896 ‐0.10522 ‐0.07269 0.280583 ‐0.0678 ‐0.23533 ‐0.30818 ‐0.17044 ‐0.0138 0.003063 ‐0.24017 ‐0.36084
RS ‐0.12621 0.123133 0.186018 ‐0.12542 0.04401 ‐0.02948 ‐0.19938 ‐0.02925 0.008854 ‐0.00161 0.112989 ‐0.08711 ‐0.0723 0.00262 ‐0.13809 0.000833 ‐0.0169 ‐0.04519 0.03351 ‐0.04145 0.04404 0.114358 0.107683 ‐0.05162
WM 0.153875 0.09722 ‐0.03802 0.145691 0.094233 ‐0.01698 0.086589 0.024157 0.024911 0.176428 0.149087 0.10257 0.215664 0.089631 0.135602 0.056731 0.130622 0.202659 0.198721 0.16429 0.209731 0.198792 0.238222 0.206433
RL ‐0.05691 0.034606 ‐0.00088 0.009847 0.071846 ‐0.07103 ‐0.04881 ‐0.10503 ‐0.10744 ‐0.04307 ‐0.0335 ‐0.04489 ‐0.06545 ‐0.00802 ‐0.03721 ‐0.0524 ‐0.03481 ‐0.01046 ‐0.00301 0.00446 ‐0.05927 0.066002 ‐0.05017 ‐0.07999
FR 0.024373 ‐0.05832 0.177829 0.111738 0.148989 0.023174 0.123948 ‐0.0807 ‐0.15052 ‐0.12804 ‐0.06656 0.139907 ‐0.06425 ‐0.08071 ‐0.22092 ‐0.28098 ‐0.27261 ‐0.19334 ‐0.20586 ‐0.21756 ‐0.04039 0.025629 ‐0.11574 ‐0.00484
Significance (p<0.05)
TB FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
KK FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
MT TRUE FALSE FALSE TRUE FALSE FALSE TRUE FALSE FALSE FALSE FALSE TRUE TRUE FALSE FALSE TRUE FALSE TRUE TRUE FALSE FALSE FALSE TRUE TRUE
RS FALSE FALSE TRUE FALSE FALSE FALSE TRUE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
WM FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE TRUE FALSE
RL FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
FR FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE TRUE TRUE TRUE TRUE FALSE TRUE FALSE FALSE FALSE FALSE

PPT12 PPT11 PPT10 PPT09 PPT08 PPT07 PPT06 PPT05 PPT04 PPT03 PPT02 PPT01 Tave12 Tave11 Tave10 Tave09 Tave08 Tave07 Tave06 Tave05 Tave04 Tave03 Tave02 Tave01
0.089334 ‐0.02368 0.035799 ‐0.06999 ‐0.03727 0.037942 ‐0.07601 0.022391 ‐0.05815 0.025463 0.005285 ‐0.03541 0.00944 ‐0.01404 ‐0.08528 0.048647 ‐0.00181 ‐0.02447 2.36E‐05 ‐0.03532 0.050825 ‐0.03365 ‐0.0144 ‐0.00011
‐0.01062 ‐0.00027 0.09102 0.054838 0.069808 0.037751 0.114446 0.001059 0.091283 ‐0.02728 ‐0.05859 0.069083 0.071033 0.085557 0.03666 0.010934 0.09418 0.059546 0.054557 0.093281 0.046135 0.126221 0.140717 0.069434
0.181009 ‐0.08838 ‐0.22138 0.029271 ‐0.064 ‐0.09523 ‐0.04979 0.108515 ‐0.12291 0.209448 0.086336 0.113715 ‐0.23062 ‐0.17257 ‐0.16716 ‐0.28297 ‐0.10169 ‐0.1245 ‐0.30793 ‐0.05675 0.000602 ‐0.16226 ‐0.0664 ‐0.33602
0.155019 0.020794 ‐0.03673 0.120631 0.115936 ‐0.12369 0.270806 ‐0.14775 0.065418 0.085136 0.012373 ‐0.03374 ‐0.1227 0.113208 0.163376 ‐0.13659 0.038512 ‐0.06159 ‐0.17264 ‐0.04687 0.025989 0.030264 0.134097 ‐0.09819
0.020026 0.037178 0.204417 ‐0.01935 0.132088 0.054366 0.031569 0.016828 0.150647 ‐0.06618 ‐0.08642 0.003275 0.18186 0.116569 0.014819 0.18026 0.157168 0.107234 0.150291 0.069211 0.099907 0.210669 0.193899 0.14694
0.027175 ‐0.03839 ‐0.06005 ‐0.07184 ‐0.03242 0.024246 0.083526 ‐0.04891 ‐0.06263 0.015761 0.033339 ‐0.10018 ‐0.04607 0.030402 ‐0.02276 ‐0.01617 0.04818 ‐0.09402 ‐0.04537 ‐0.11123 ‐0.11494 ‐0.02113 ‐0.03987 ‐0.05652
‐0.19797 ‐0.17214 ‐0.15014 ‐0.12724 ‐0.14328 ‐0.01175 ‐0.10842 ‐0.20808 ‐0.12517 ‐0.1051 ‐0.1093 ‐0.04917 0.012163 ‐0.09554 0.100344 ‐0.0144 ‐0.02183 ‐0.09347 0.031571 ‐0.15142 ‐0.15896 ‐0.11995 ‐0.0846 0.109868

FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
FALSE FALSE TRUE FALSE FALSE FALSE FALSE FALSE FALSE TRUE FALSE FALSE TRUE FALSE FALSE TRUE FALSE FALSE TRUE FALSE FALSE FALSE FALSE TRUE
FALSE FALSE FALSE FALSE FALSE FALSE TRUE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
FALSE TRUE FALSE FALSE FALSE FALSE FALSE TRUE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE



 
 

143 
 

 

 

 

 

 

Table D1.3: Response function analysis coefficients and significance as estimated by 1000 bootstrapped permutations of δ18O chronologies from 
seven sugar maple stands and monthly climate variables pooled in 5-year windows.  

 

Tmin12 Tmin11 Tmin10 Tmin09 Tmin08 Tmin07 Tmin06 Tmin05 Tmin04 Tmin03 Tmin02 Tmin01
0.005474 ‐0.00502 ‐0.08266 0.045924 ‐0.01044 ‐0.01538 ‐0.01256 ‐0.03283 0.046448 ‐0.02022 ‐0.01639 ‐0.00144

0.08879 0.079674 0.079626 0.051356 0.110796 0.114441 0.103454 0.107382 0.069794 0.136184 0.145964 0.086594
‐0.26378 ‐0.18018 ‐0.2097 ‐0.2007 ‐0.11835 ‐0.24004 ‐0.33701 ‐0.11297 ‐0.0105 ‐0.13717 ‐0.11097 ‐0.36004
‐0.11699 0.091289 0.082241 ‐0.14192 0.019222 ‐0.08341 ‐0.1213 ‐0.06018 0.02559 0.054974 0.135124 ‐0.09418
0.191176 0.119294 0.093743 0.201746 0.188014 0.215166 0.183985 0.117663 0.164938 0.226313 0.211864 0.16823
‐0.03812 0.022995 ‐0.04695 ‐0.0443 0.01601 ‐0.08299 ‐0.03588 ‐0.10169 ‐0.11593 ‐0.00062 ‐0.0435 ‐0.0651
0.001309 ‐0.1246 ‐0.05418 ‐0.1728 ‐0.15984 ‐0.19636 ‐0.06316 ‐0.21364 ‐0.15337 ‐0.10006 ‐0.09506 0.087419

FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
TRUE FALSE TRUE FALSE FALSE TRUE TRUE FALSE FALSE FALSE FALSE TRUE
FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE TRUE TRUE FALSE
FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE

Tmax12 Tmax11 Tmax10 Tmax09 Tmax08 Tmax07 Tmax06 Tmax05 Tmax04 Tmax03 Tmax02 Tmax01 RH12 RH11 RH10 RH09 RH08 RH07 RH06 RH05 RH04 RH03 RH02 RH01
TB ‐0.00135 ‐0.0799 ‐0.04413 0.035399 ‐0.03902 ‐0.00858 ‐0.01482 ‐0.04517 ‐0.04434 ‐0.08146 ‐0.0344 ‐0.02553 0.01954 0.055058 ‐0.04474 ‐0.03069 ‐0.0664 ‐0.05621 ‐0.10056 ‐0.00787 ‐0.0562 ‐0.03066 ‐0.08585 ‐0.05118
KK ‐0.06706 ‐0.02466 0.096371 ‐0.07434 ‐0.05845 ‐0.00609 ‐0.05651 ‐0.03114 ‐0.07024 s ‐0.08317 ‐0.0726 ‐0.13831 ‐0.02125 ‐0.14577 ‐0.09122 ‐0.1287 ‐0.1658 ‐0.20184 ‐0.15429 ‐0.08552 ‐0.17023 ‐0.21453 ‐0.18809
MT ‐0.05543 ‐0.0566 ‐0.03466 ‐0.23223 ‐0.05757 ‐0.00165 ‐0.20362 ‐0.04234 ‐0.08976 ‐0.12286 0.031367 ‐0.18969 ‐0.09358 ‐0.07602 ‐0.0579 0.174744 ‐0.04956 ‐0.16418 ‐0.15424 ‐0.10874 0.025235 0.086603 ‐0.12735 ‐0.22345
RS ‐0.04942 0.000782 0.039298 ‐0.14442 0.096479 ‐0.09746 ‐0.21147 ‐0.03556 0.021748 0.027892 0.147498 ‐0.15118 ‐0.12394 0.046252 ‐0.08785 0.01358 ‐0.05166 0.000863 0.045482 ‐0.04806 ‐0.06206 0.153178 ‐0.04464 ‐0.11632
WM ‐0.19506 ‐0.22459 ‐0.01048 ‐0.21883 ‐0.14627 ‐0.04955 ‐0.18335 ‐0.14913 ‐0.17488 ‐0.18975 ‐0.13655 ‐0.2419 ‐0.13295 ‐0.13534 ‐0.14944 0.012508 ‐0.20933 ‐0.23159 ‐0.26511 ‐0.1695 ‐0.15384 ‐0.18077 ‐0.28475 ‐0.28825
RL ‐0.01483 0.056152 0.056983 0.072252 0.127262 ‐0.03706 0.079854 ‐0.0447 ‐0.13328 ‐0.08241 0.009492 0.036063 ‐0.12499 ‐0.1619 ‐0.12286 ‐0.0873 ‐0.12733 ‐0.057 ‐0.14475 ‐0.08424 0.001136 0.041661 ‐0.10842 0.010821
FR ‐0.0343 ‐0.13447 ‐0.04378 0.069194 0.144246 0.143366 0.0899 ‐0.01543 ‐0.16979 ‐0.12932 ‐0.04223 0.132764 ‐0.02206 ‐0.24066 ‐0.12697 ‐0.18052 ‐0.25903 ‐0.26981 ‐0.23132 ‐0.18211 ‐0.01952 0.143082 ‐0.00549 0.029506
Significance (p<0.05)
TB FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
KK FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
MT FALSE FALSE FALSE TRUE FALSE FALSE TRUE FALSE FALSE FALSE FALSE TRUE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE TRUE
RS FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
WM TRUE TRUE FALSE TRUE FALSE FALSE TRUE FALSE FALSE FALSE FALSE TRUE FALSE FALSE FALSE FALSE FALSE TRUE FALSE FALSE FALSE FALSE TRUE TRUE
RL FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
FR FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE TRUE FALSE FALSE TRUE TRUE TRUE FALSE FALSE FALSE FALSE FALSE

Table A.3. Response function analysis coefficients and significance, as estimated by 1000 bootstraped permutations of  δ O  chronologies from seven sugar maple stands and monthly climate variables. 
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PPT12 PPT11 PPT10 PPT09 PPT08 PPT07 PPT06 PPT05 PPT04 PPT03 PPT02 PPT01 Tave12 Tave11 Tave10 Tave09 Tave08 Tave07 Tave06 Tave05 Tave04 Tave03 Tave02 Tave01
0.003246 0.016667 ‐0.03794 ‐0.06056 ‐0.04713 ‐0.00508 ‐0.04248 0.081637 ‐0.07777 0.141263 0.128638 0.03741 ‐0.00826 ‐0.05635 ‐0.07447 0.029289 ‐0.06553 ‐0.04532 ‐0.04788 ‐0.05423 ‐0.06439 ‐0.08022 ‐0.05621 ‐0.03461
‐0.09341 ‐0.03 ‐0.13749 0.099302 ‐0.07111 ‐0.10035 ‐0.0065 0.078361 ‐0.12643 ‐0.05062 ‐0.02328 ‐0.0363 ‐0.12224 ‐0.02891 0.04417 ‐0.13098 ‐0.15487 ‐0.12454 ‐0.16978 ‐0.08847 ‐0.10214 ‐0.14232 ‐0.14298 ‐0.12069
0.060816 ‐0.07265 ‐0.168 0.094745 ‐0.06253 ‐0.11481 0.100175 0.065835 ‐0.0295 0.128787 0.134847 0.158018 ‐0.08435 ‐0.07952 ‐0.06923 ‐0.20982 ‐0.07646 ‐0.09811 ‐0.21757 ‐0.06966 ‐0.08835 ‐0.09529 ‐0.02157 ‐0.22195
0.121662 0.042789 ‐0.07498 0.069966 ‐0.02438 ‐0.02549 0.267466 0.042747 ‐0.02531 0.203531 0.032635 0.031695 ‐0.08742 0.016823 ‐3.67E‐05 ‐0.1528 0.075563 ‐0.10787 ‐0.17422 ‐0.05094 ‐0.00416 0.076339 0.100594 ‐0.1782

‐0.016 ‐0.04797 ‐0.2077 0.045251 ‐0.13624 ‐0.12918 ‐0.03862 0.064028 ‐0.12809 0.17213 0.169227 0.131341 ‐0.21786 ‐0.24383 ‐0.07151 ‐0.24559 ‐0.2474 ‐0.20499 ‐0.2546 ‐0.20985 ‐0.21917 ‐0.22232 ‐0.19958 ‐0.27739
‐0.08809 ‐0.11244 ‐0.10657 ‐0.04818 ‐0.17253 0.067707 ‐0.05522 ‐0.06973 ‐0.06991 ‐0.0882 ‐0.06759 ‐0.05953 ‐0.03888 0.000818 ‐0.00216 0.038782 0.04143 ‐0.0711 0.018059 ‐0.07145 ‐0.1187 ‐0.06698 ‐0.02734 0.033477
‐0.23522 ‐0.19311 ‐0.07763 ‐0.02242 ‐0.14407 0.016041 ‐0.14718 ‐0.13625 ‐0.11781 0.070628 ‐0.19316 ‐0.04797 ‐0.02706 ‐0.23213 ‐0.14213 ‐0.01473 ‐0.03129 0.005516 ‐0.01774 ‐0.07158 ‐0.1711 ‐0.09034 ‐0.03114 0.113553

FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE TRUE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE TRUE FALSE FALSE TRUE FALSE FALSE FALSE FALSE TRUE
FALSE FALSE FALSE FALSE FALSE FALSE TRUE FALSE FALSE TRUE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE TRUE TRUE FALSE TRUE TRUE FALSE TRUE FALSE TRUE FALSE FALSE TRUE
FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
TRUE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE TRUE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE

Tmin12 Tmin11 Tmin10 Tmin09 Tmin08 Tmin07 Tmin06 Tmin05 Tmin04 Tmin03 Tmin02 Tmin01
‐0.01422 ‐0.03145 ‐0.09739 0.018487 ‐0.08175 ‐0.0717 ‐0.06744 ‐0.05776 ‐0.07682 ‐0.0726 ‐0.06579 ‐0.0412
‐0.15706 ‐0.02993 ‐0.03507 ‐0.15855 ‐0.18091 ‐0.19513 ‐0.22175 ‐0.1321 ‐0.11497 ‐0.16036 ‐0.17268 ‐0.14624
‐0.10524 ‐0.09286 ‐0.09638 ‐0.16349 ‐0.08433 ‐0.17741 ‐0.22397 ‐0.10728 ‐0.0758 ‐0.06013 ‐0.04675 ‐0.23151
‐0.10778 0.030742 ‐0.04465 ‐0.14674 0.037938 ‐0.08154 ‐0.11092 ‐0.061 ‐0.02695 0.109875 0.063898 ‐0.17333
‐0.22147 ‐0.24035 ‐0.14253 ‐0.24205 ‐0.29634 ‐0.31642 ‐0.28576 ‐0.26163 ‐0.23647 ‐0.23394 ‐0.2303 ‐0.29076
‐0.05173 ‐0.06286 ‐0.08558 ‐0.01194 ‐0.03816 ‐0.09213 ‐0.04666 ‐0.09556 ‐0.09455 ‐0.04623 ‐0.04933 0.029322
‐0.02598 ‐0.31895 ‐0.23138 ‐0.12524 ‐0.16206 ‐0.14198 ‐0.1079 ‐0.12389 ‐0.15271 ‐0.0376 ‐0.02391 0.096143

FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
FALSE FALSE FALSE FALSE FALSE FALSE TRUE FALSE FALSE FALSE FALSE FALSE
FALSE FALSE FALSE FALSE FALSE FALSE TRUE FALSE FALSE FALSE FALSE TRUE
FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
TRUE TRUE FALSE TRUE TRUE TRUE TRUE TRUE TRUE FALSE TRUE TRUE
FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
FALSE TRUE TRUE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE FALSE
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D2 - Bayesian Structural equation model path coefficients 

Table D2.1 Path coefficients for Bayesian SEM fit to tree from each stand. 

Freezy Lake stand (FR)     Wolf Mountain stand (WM)     

y‐var x‐var Median 
Upper 
bound 

Lower 
Bound y‐var x‐var Median 

Upper 
bound 

Lower 
Bound 

TRW WUE ‐0.010 ‐0.158 0.145 TRW WUE 0.093 ‐0.172 0.347 
δ18O 0.093 ‐0.063 0.248 δ18O 0.139 ‐0.060 0.336 
Ca ‐0.447 ‐0.690 ‐0.206 Ca 0.065 ‐0.287 0.438 
TminE ‐0.144 ‐0.513 0.241 TminE 0.528 ‐0.431 1.453 
pTminE ‐0.529 ‐1.091 0.050 pTminE 0.577 ‐0.015 1.153 
pTminL 0.008 ‐0.178 0.191 pTminL ‐0.304 ‐0.638 0.025 
TaveE 0.040 ‐0.426 0.496 TaveE ‐0.357 ‐1.283 0.620 
pTaveE 0.439 0.024 0.849 pTaveE ‐0.360 ‐0.909 0.190 
pRHL 0.188 0.009 0.361 pRHL ‐0.026 ‐0.224 0.168 

WUE δ18O 0.177 0.013 0.346 WUE δ18O 0.429 0.271 0.580 
Ca ‐0.167 ‐0.340 0.010 Ca 0.460 0.295 0.631 

δ18O Ca ‐0.169 ‐0.370 0.033 δ18O Ca ‐0.316 ‐0.531 ‐0.096 
TminE ‐0.050 ‐0.241 0.142 TminE ‐0.136 ‐0.347 0.073 

TminE Ca 0.566 0.413 0.722 TminE Ca 0.704 0.580 0.827 
pTminL Ca 0.442 0.289 0.595 pTminL Ca 0.322 0.207 0.443 
pTminE Ca 0.263 0.156 0.373 pTminE Ca 0.330 0.195 0.470 
pRHL Ca 0.706 0.556 0.857 pRHL Ca 0.505 0.330 0.672 
TaveE Ca 0.458 0.317 0.594 TaveE Ca 0.663 0.531 0.803 
pTaveE Ca 0.153 0.007 0.292 pTaveE Ca 0.198 0.053 0.337 
AR   0.520 0.350 0.680 AR   0.508 0.345 0.674 
Kakakise Lake stand (KK) Toobee Lake stand (TB) 

y‐var x‐var Median 
Upper 
bound 

Lower 
Bound y‐var x‐var Median 

Upper 
bound 

Lower 
Bound 

TRW WUE 0.166 ‐0.053 0.394 TRW WUE 0.135 0.036 0.234 
δ18O 0.070 ‐0.111 0.252 δ18O 0.066 ‐0.025 0.151 
Ca ‐0.317 ‐0.678 0.046 Ca 0.145 ‐0.019 0.306 
TminE 0.089 ‐1.168 1.357 TminE 0.929 0.485 1.378 
pTminE ‐0.534 ‐1.237 0.164 pTminE ‐0.355 ‐0.642 ‐0.070 
pTminL 0.012 ‐0.288 0.302 pTminL ‐0.225 ‐0.368 ‐0.090 
TaveE ‐0.276 ‐1.473 0.925 TaveE ‐0.867 ‐1.289 ‐0.455 
pTaveE 0.496 ‐0.064 1.078 pTaveE 0.398 0.137 0.663 
pRHL 0.299 0.077 0.519 pRHL 0.054 ‐0.022 0.131 

WUE δ18O 0.440 0.282 0.602 WUE δ18O 0.179 0.082 0.277 
Ca 0.265 0.102 0.429 Ca 0.039 ‐0.065 0.150 
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δ18O Ca ‐0.173 ‐0.412 0.061 δ18O Ca 0.062 ‐0.086 0.209 
TminE ‐0.090 ‐0.322 0.133 TminE ‐0.195 ‐0.328 ‐0.062 

TminE Ca 0.685 0.554 0.820 TminE Ca 0.714 0.639 0.788 
pTminL Ca 0.513 0.373 0.654 pTminL Ca 0.350 0.276 0.424 
pTminE Ca 0.372 0.250 0.500 pTminE Ca 0.331 0.249 0.413 
pRHL Ca 0.766 0.624 0.909 pRHL Ca 0.489 0.386 0.593 
TaveE Ca 0.525 0.383 0.666 TaveE Ca 0.678 0.599 0.757 
pTaveE Ca 0.147 ‐0.003 0.298 pTaveE Ca 0.203 0.113 0.292 
AR   0.502 0.337 0.668 AR   0.555 0.466 0.644 
Mt. Zion stand (MT) Roosevelt Rd. stand (RS) 

y‐var x‐var Median 
Upper 
bound 

Lower 
Bound y‐var x‐var Median 

Upper 
bound 

Lower 
Bound 

TRW WUE 0.361 0.140 0.570 TRW WUE 0.272 0.098 0.446 
δ18O 0.031 ‐0.173 0.237 δ18O ‐0.029 ‐0.189 0.129 
Ca ‐0.461 ‐0.751 ‐0.180 Ca ‐0.223 ‐0.497 0.047 
TminE ‐0.845 ‐1.713 0.076 TminE ‐1.277 ‐1.969 ‐0.593 
pTminE 0.538 ‐0.036 1.108 pTminE 0.360 ‐0.124 0.847 
pTminL 0.050 ‐0.266 0.353 pTminL 0.193 ‐0.080 0.459 
TaveE 0.813 ‐0.065 1.628 TaveE 1.059 0.337 1.773 
pTaveE ‐0.560 ‐1.107 ‐0.009 pTaveE ‐0.314 ‐0.745 0.123 
pRHL 0.219 0.037 0.399 pRHL 0.137 ‐0.036 0.306 

WUE δ18O 0.643 0.510 0.772 WUE δ18O 0.376 0.214 0.534 
Ca ‐0.126 ‐0.276 0.026 Ca ‐0.062 ‐0.224 0.103 

δ18O Ca ‐0.098 ‐0.359 0.163 δ18O Ca 0.172 ‐0.035 0.384 
TminE ‐0.136 ‐0.389 0.112 TminE ‐0.288 ‐0.482 ‐0.102 

TminE Ca 0.702 0.564 0.838 TminE Ca 0.624 0.476 0.772 
pTminL Ca 0.176 0.042 0.304 pTminL Ca 0.502 0.399 0.605 
pTminE Ca 0.261 0.106 0.411 pTminE Ca 0.352 0.240 0.465 
pRHL Ca 0.334 0.131 0.537 pRHL Ca 0.748 0.586 0.907 
TaveE Ca 0.696 0.546 0.844 TaveE Ca 0.521 0.382 0.665 
pTaveE Ca 0.161 0.002 0.318 pTaveE Ca 0.170 0.035 0.308 
AR   0.323 0.126 0.517 AR   0.362 0.194 0.531 
Raven Lake stand (RL)           

y‐var x‐var Median 
Upper 
bound 

Lower 
Bound           

TRW WUE 0.109 ‐0.112 0.327           
δ18O 0.221 0.040 0.406           
Ca 0.212 ‐0.095 0.531           
TminE ‐0.143 ‐0.715 0.440           
pTminE ‐0.264 ‐1.100 0.547           
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pTminL ‐0.066 ‐0.334 0.193           
TaveE 0.097 ‐0.589 0.774           
pTaveE 0.155 ‐0.444 0.759           
pRHL ‐0.115 ‐0.352 0.131           

WUE δ18O 0.294 0.150 0.443           
Ca ‐0.075 ‐0.243 0.090           

δ18O Ca ‐0.156 ‐0.360 0.045           
TminE 0.121 ‐0.084 0.320           

TminE Ca 0.566 0.427 0.706           
pTminL Ca 0.522 0.376 0.667           
pTminE Ca 0.322 0.216 0.428           
pRHL Ca 0.726 0.580 0.874           
TaveE Ca 0.445 0.309 0.582           
pTaveE Ca 0.204 0.060 0.349           
AR   0.409 0.235 0.589           

 

D3 - Redundancy analysis of low- and high-frequency response to climate and atmospheric CO2 levels. 

Table D3.1: RDA of TRW response function analysis coefficients with mean annual temperature and total 
precipitation, mean maximum soil water content of plots within the sites, and latitude and longitude of sites.  

 
Partitioning of variance: 
              Inertia Proportion 
Total         0.35711    1.00000 
Constrained   0.33798    0.94643 
Unconstrained 0.01913    0.05357 
 
 
Importance of components: 
                        RDA1    RDA2    RDA3     RDA4     RDA5     PC1 
Eigenvalue            0.2352 0.06553 0.02153 0.009592 0.006152 0.01913 
Proportion Explained  0.6586 0.18351 0.06028 0.026861 0.017227 0.05357 
Cumulative Proportion 0.6586 0.84207 0.90235 0.929207 0.946434 1.00000 
 
ANOVA permutation test for significance of components: 
 
         Df Variance       F Pr(>F) 
RDA1      1 0.235177 12.2944  0.110 
RDA2      1 0.065532  3.4258  0.483 
RDA3      1 0.021527  1.1254  0.835 
RDA4      1 0.009592  0.5015  0.921 
RDA5      1 0.006152  0.3216  0.767 
Residual  1 0.019129        

 

Table D3.2: RDA of WUE response function analysis coefficients with mean annual temperature and total 
precipitation, mean maximum soil water content of plots within the sites, and latitude and longitude of sites.  

 
Partitioning of variance: 
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              Inertia Proportion 
Total         0.89664    1.00000 
Constrained   0.80782    0.90095 
Unconstrained 0.08882    0.09905 
 
 
Importance of components: 
                        RDA1   RDA2    RDA3    RDA4     RDA5     PC1 
Eigenvalue            0.5014 0.2020 0.07790 0.01804 0.008510 0.08882 
Proportion Explained  0.5592 0.2253 0.08688 0.02011 0.009491 0.09905 
Cumulative Proportion 0.5592 0.7845 0.87134 0.89146 0.900947 1.00000 

 

ANOVA permutation test for significance of components: 
         Df Variance       F Pr(>F) 
RDA1      1  0.50136 5.6450  0.363 
RDA2      1  0.20202 2.2746  0.610 
RDA3      1  0.07790 0.8771  0.883 
RDA4      1  0.01804 0.2031  0.947 
RDA5      1  0.00851 0.0958  0.874 
Residual  1  0.08882            
 

Table D3.3: RDA of δ18O response function analysis coefficients with mean annual temperature and total 
precipitation, mean maximum soil water content of plots within the sites, and latitude and longitude of sites.  

 
Partitioning of variance: 
              Inertia Proportion 
Total          0.5343     1.0000 
Constrained    0.4012     0.7508 
Unconstrained  0.1332     0.2492 
 
Importance of components: 
                        RDA1   RDA2    RDA3    RDA4    RDA5    PC1 
Eigenvalue            0.2105 0.1200 0.03952 0.01743 0.01370 0.1332 
Proportion Explained  0.3940 0.2246 0.07395 0.03261 0.02564 0.2492 
Cumulative Proportion 0.3940 0.6186 0.69256 0.72517 0.75081 1.0000 
 
ANOVA permutation test for significance of components: 
 
         Df Variance      F Pr(>F) 
RDA1      1 0.210526 1.5811  0.795 
RDA2      1 0.120024 0.9014  0.907 
RDA3      1 0.039515 0.2968  0.975 
RDA4      1 0.017426 0.1309  0.971 
RDA5      1 0.013702 0.1029  0.889 
Residual  1 0.133151        

 

Table D3.4: RDA of Medians of posterior distributions for the total effects of Ca on TRW, WUE and δ18O as 
moderated through its concurrent effects on other physiological variables excluding the indirect effects that are 
moderated through its effect on annual climate variation (see Fig. 2) with mean annual temperature and total 
precipitation, mean maximum soil water content of plots within the sites, and latitude and longitude of sites.  

 
Partitioning of variance: 
              Inertia Proportion 
Total         0.15829     1.0000 
Constrained   0.13404     0.8468 
Unconstrained 0.02425     0.1532 
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Importance of components: 
                         RDA1    RDA2    RDA3     RDA4     PC1 
Eigenvalue            0.09375 0.02375 0.01419 0.002356 0.02425 
Proportion Explained  0.59225 0.15003 0.08963 0.014884 0.15320 
Cumulative Proportion 0.59225 0.74229 0.83192 0.846799 1.00000 
 
ANOVA permutation test for significance of components: 
 
         Df Variance      F Pr(>F) 
RDA1      1 0.093749 7.7317  0.449 
RDA2      1 0.023749 1.9587  0.916 
RDA3      1 0.014187 1.1701  0.919 
RDA4      1 0.002356 0.1943  0.981 
Residual  2 0.024250           
 

D3-Generalized additive mixed model (GAMM) fits for the effects of tree diameter (in the year of ring 

formation) on TRW, 𝜟13C and δ18O series.  

Table D3.1: GAMM fits for the non-linear effect of tree diameter on TRW series.  

Random effects: 
 Groups   Name        Variance Std.Dev. 
 ID       (Intercept) 0.1271   0.3566   
 Xr       s(diam)     2.3665   1.5384   
 Residual             0.4242   0.6513   
Number of obs: 20230, groups:  ID, 227; Xr, 8 
 
Parametric coefficients: 
            Estimate Std. Error t value Pr(>|t|)     
(Intercept) -0.45068    0.02437  -18.49   <2e-16 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Approximate significance of smooth terms: 
          edf Ref.df     F p-value     
s(diam) 8.071  8.071 171.7  <2e-16 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
R-sq.(adj) =  0.129    
lmer.REML =  40815  Scale est. = 0.42419   n = 20230 

 

Table D3.2: GAMM fits for the non-linear effect of tree diameter on Δ13C series.  

Random effects: 
 Groups   Name        Variance Std.Dev. 
 ID       (Intercept) 2.314    1.521    
 Xr       s(diam)     4.019    2.005    
 Residual             1.016    1.008    
Number of obs: 1442, groups:  ID, 84; Xr, 8 
 
Parametric coefficients: 
            Estimate Std. Error t value Pr(>|t|)     
(Intercept)  20.6265     0.1686   122.4   <2e-16 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Approximate significance of smooth terms: 
          edf Ref.df     F p-value     
s(diam) 4.977  4.977 23.82  <2e-16 *** 
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--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
R-sq.(adj) =   0.15    
lmer.REML =   4433  Scale est. = 1.0165    n = 1442 

 

Table D3.3: GAMM fits for the non-linear effect of tree diameter on δ18O series.  

Random effects: 
 Groups   Name        Variance Std.Dev. 
 ID       (Intercept) 0.2730   0.5225   
 Xr       s(diam)     6.9676   2.6396   
 Residual             0.2698   0.5194   
Number of obs: 1383, groups:  ID, 84; Xr, 8 
 
Parametric coefficients: 
            Estimate Std. Error t value Pr(>|t|)     
(Intercept) 20.24623    0.05912   342.5   <2e-16 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Approximate significance of smooth terms: 
         edf Ref.df     F p-value     
s(diam) 7.13   7.13 20.71  <2e-16 *** 
--- 
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
R-sq.(adj) =  0.0766    
lmer.REML = 2373.7  Scale est. = 0.26981   n = 1383 

 

 


