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ABSTRACT
Global environmental change caused by anthropogenic emissions of greenhouse gasses is a
major threat to forest ecosystems globally. Before we can begin to adequately mitigate these
threats, we first must understand how these systems are being affected. The purpose of this
dissertation is to provide an understanding of how best to estimate these effects, investigate
possible mechanisms of mitigation, and provide the first ground-based global estimate of
changes in forest productivity in response to global environmental change.
In my first study, I examined how the use of size-thresholds can bias estimates of forest
biomass gain, loss, and net change. Permanent sample plot networks are intensively sampled,
spatially extensive, and as a result often quite costly. In an effort to reduce costs of these
networks, tree size-thresholds are often used which leads to measurement of solely large trees.
However, it is unclear whether these size-thresholds bias estimates of the effects of global
environmental change on stand biomass gain, loss, and net change. Using a network of 141
permanent sample plots from Manitoba, Canada, with all trees of >1.3 m in height repeatedly
measured, I constructed three distinct data sets: using a 10 cm, 5 cm, and no diameter at breast
height threshold. These three data sets were then used to demonstrate that stand biomass gain and
loss were increasingly underestimated as thresholds increased. This underestimation was
particularly noticeable in the relationship between biomass gain and age: the peak productivity
was estimated to be 20 years later when using a 10 cm threshold in comparison to no threshold.
Despite bias in estimates of stand biomass gain and loss as stands aged, there was little evidence
for any bias in estimates of global environmental change effects on forest biomass gain, loss, or
net change. These results suggest that, if not properly controlled for, the use of tree size
thresholds can significantly bias estimates of forest biomass gain, loss, and net change.
In my second study, I examined how tree longevity has responded to global
environmental change. In particular, acceleration in tree life cycles (i.e., reduced longevity in
trees with faster lifetime growth rates) has been hypothesized as a cause of increased tree
mortality in response to global environmental change. However, this link has never been
explicitly tested. In light of this, I defined two testable hypotheses: (i) the probability of ageing
driven tree mortality increases with global change and (ii) the mortality probability associated
with global change is higher for faster-growing trees. To test these hypotheses, I examined the
temporal changes of tree mortality probability in 539 permanent sample plots monitored from
1960 to 2009, with ages greater than 100 years at initial censuses, across the boreal region of
Alberta, Canada. I demonstrated that tree longevity has been reduced as a result of global
environmental change. Further, I demonstrated that this reduction in longevity was strongest for
those trees with the fastest lifetime growth rates. These reduced longevities were linked to
increasing atmospheric carbon dioxide and reduced water availability, indicating that the
reductions in longevity will likely continue with future global environmental change.
In my third study, I examined the potential of enhancing niche complementarity as a way
to mitigate the negative effects, or enhance the positive effects, of global change on individual
tree productivity. Specifically, I hypothesized that individual trees with functionally and
phylogenetically dissimilar neighbours would grow more quickly and experience less
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competition under global environmental change than those with functionally and
phylogenetically similar neighbours. Our results showed that while competition intensity was
increasing over the study period, the beneficial effects of niche complementarity were increasing
more rapidly. This demonstrated that trees with functionally and phylogenetically diverse
neighbourhoods were able to respond more favourably (i.e., have less reduced growth or
increased growth depending on their competitive position) to global environmental change than
those with functionally and phylogenetically similar neighbourhoods.
Finally, my fourth study integrated data from a global plot network with an average
measurement period of 46 years per biome to estimate that forest productivity has significantly
declined with ongoing global environmental change. The decline was equivalent to about 0.21%
per year across the network, or about 0.06% per year when weighting for the land area
represented by each plot. My results indicated that, despite some regional variability, increasing
temperature was a net negative to forest productivity. Across the globe, changes in water
availability were found to be a major driver of forest productivity and declines in water
availability were associated with declines in forest productivity. Increasing nitrogen deposition
was unable to offset the negative effects of increases in temperature and changes in water
availability. Our results highlight that while forest ecosystems are still an important sink, their
capacity to retain carbon is being threatened by global environmental change.
This dissertation has provided a robust investigation into how we measure global change
effects on forest ecosystem dynamics and provided evidence for best practises. Further, it
demonstrates direct evidence of decreased longevity in faster-growing trees. This dissertation
also provides a potential avenue for mitigation of global environmental change effects on
individual tree productivity: maintenance or promotion of functional and phylogenetic diversity.
Finally, the dissertation provides the first ground-based estimate of the response of global forest
productivity to global environmental change.
Keywords: boreal forest; climate change; competition; forest productivity; global change; global
environmental change; niche complementarity; phylogenetic diversity; sampling bias; size
threshold; stand development; tree growth; tree longevity; tree mortality
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CHAPTER 1: GENERAL INRODUCTION
Anthropogenic climate change (here meant to represent increases in atmospheric carbon dioxide,
increases in temperature, and alteration of precipitation cycles and water availability) is
threatening ecosystems across the globe (Hoegh-Guldberg et al. 2018). The major driver of
anthropogenic climate change is emissions of greenhouse gasses from the burning of fossil fuels
(IPCC 2013) and reduction in these emissions must occur to be able to halt average global
warming at 1.5°C above pre-industrial averages (de Coninck et al. 2018). In addition to
reductions in emissions, mitigating the impact of anthropogenic climate change on forest
ecosystems is important since they are responsible for at least a quarter of the total global carbon
sink (Pan et al. 2011a). Within global forest ecosystems, the boreal forest is responsible for 49%
of carbon storage (Dixon et al. 1994). Understanding, therefore, how global environmental
change will affect forest ecosystems in general, and the boreal forest in particular, is crucial to
developing strategies to mitigate the effects of anthropogenic climate change.
The effects of anthropogenic climate change on forest ecosystems are varied: increases in
tree mortality have been observed across the globe (Allen et al. 2010; Allen et al. 2015), while
changes in productivity reported by regional studies have been both positive (Hember et al.
2012; Pretzsch et al. 2014; Brienen et al. 2015) and negative (De Dios et al. 2007; Hogg et al.
2017; Zhang et al. 2018). In the boreal forest, responses seem to be largely dependent on water
availability. In regions with lowered water availability, extensive mortality (Peng et al. 2011;
Luo & Chen 2013; Luo et al. 2019) and loss in productivity (Ma et al. 2012; Girardin et al. 2016;
Chen et al. 2018) have been reported. However, in regions without loss in water availability
increases in productivity due to increasing temperature have been reported - although these
effects may be transitory as warming exceeds thermal tolerances of the trees present
1

(D'Orangeville et al. 2018). These regions not experiencing loss of water availability have also
been reported to be experiencing increases in tree mortality due to increasing intensity of
competition (Luo & Chen 2015). These studies have been essential to shaping our understanding
of how anthropogenic climate change has affected forest ecosystem dynamics at regional scales.
However, in order to properly mitigate the effects of anthropogenic climate change on forest
ecosystems, we need to synthesize data from multiple permanent sample plot networks that
operate under different methodologies. Whether the use of different methodologies biases our
estimates of climate change effects remains untested.
In regions where global environmental change has been shown to promote stand level
productivity reduced longevity due to increased individual tree productivity has been highlighted
as a possible driver of increased biomass loss due to mortality (Brienen et al. 2015). Despite the
relationship between fast lifetime growth rates and shorter lifespans being well established across
environmental gradients for trees (Bigler & Veblen 2009; Di Filippo et al. 2015) whether or not
fast-growing trees are dying more quickly than slow growing trees in the face of global
environmental change has not been directly tested.
Given the wide range of climate outcomes for global environmental change, and
subsequent effects on forest ecosystem dynamics, the promotion or maintenance of tree diversity
has been proposed as a potential mitigation strategy for forest ecosystems (Hisano et al. 2018;
Ammer 2019). Higher tree diversity can help to buffer against the negative effects of climate
change through maintenance of functional diversity and to promote the beneficial effects of
climate change in areas without declining water availability through reduction in niche-overlap
and competition (Hisano et al. 2018; Ammer 2019). Previous work has shown that increasing
tree species richness leads to higher productivity and reduced mortality in stands in the western
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Canadian boreal forest (Hisano et al. 2019), but the underlying mechanism of reduced intensity
of competition in more diverse stands remains untested.
Regional estimates of forest productivity are essential to our understanding of how global
environmental change will impact specific forests. Additionally, these studies support hypothesis
testing of how specific global environmental change drivers will affect forest biomass dynamics.
Indeed, these regional studies support the theoretical foundation of the following three chapters
of this dissertation. While significant numbers of regional estimates of global environmental
change effects on forest productivity using ground sourced data have been published (De Dios et
al. 2007; Hember et al. 2012; Pretzsch et al. 2014; Brienen et al. 2015; Chen & Luo 2015; Chen
et al. 2016; Hogg et al. 2017; Searle & Chen 2017a; Zhang et al. 2018), there has been no global
ground-based estimate of the effect of global environmental change on forest productivity.
Previous estimates at global or near-global scales have relied on satellite-derived productivity
indices (Huang et al. 2017) or inferring changes in forest productivity from estimates of changes
in atmospheric carbon dioxide fluxes (Forkel et al. 2016). Ground-sourced estimates of forest
productivity that are able to account for endogenous processes related to stand basal area density
and recovery from disturbance (Baccini et al. 2017) are necessary to properly estimate the
impact of global environmental change on forest productivity globally. These estimates are
essential to understanding how the global forest carbon sink will respond to future global
environmental change.
The objective of this dissertation was to further our understanding of anthropogenic
climate change effects on forest dynamics with a focus on boreal forest dynamics. To accomplish
this, I first undertook an examination of whether use of size thresholds in permanent sample plot
networks biased estimates of climate change effects on forest biomass gain, loss, and net change
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estimates. Second, I examined whether the quickest growing trees in a stand were more
susceptible to climate change-related mortality than the slowest growing trees. Third, I examined
whether trees in a neighbourhood with functionally and phylogenetically dissimilar neighbours
were benefitting more from climate change than those growing in a neighbourhood with
functionally and phylogenetically similar neighbours. Finally, I examined how anthropogenic
climate change is affecting forest productivity at a global scale.
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CHAPTER 2: TREE SIZE THRESHOLDS PRODUCE BIASED
ESTIMATES OF FOREST BIOMASS DYNAMICS
2.1 Abstract
Studies that examine forest biomass dynamics often rely on long-term, spatially extensive,
repeatedly measured permanent sample plots. Due to the intensive cost of sampling all trees
within these plots, an arbitrary size threshold is typically imposed, which leads to only larger
trees being sampled. However, it remains unclear whether the sampling of only large trees is
representative of the entirety of stands of diverse sizes; the sampling of only large trees may
produce biased estimates of biomass dynamics (growth, ingrowth, and mortality). Using a
network of 141 permanent sample plots from Manitoba, Canada, with all trees of >1.3 m in
height repeatedly measured, we constructed three distinct data sets, with 10 cm, 5 cm, and no
diameter at breast height threshold, to illustrate that total productivity and mortality are
increasingly underestimated with increasingly larger diameter at breast height thresholds. This
effect is particularly significant in young stands, where productivity estimates peak at least 20
years earlier than the determined estimates under large thresholds. We highlight the need to
account for smaller trees in long-term observational studies to ensure unbiased estimates of stand
level aboveground biomass productivity and loss.
2.2 Introduction
Accurate estimates of the changes in forest demographic rates (growth of surviving trees,
recruits, and mortality) are essential toward understanding the contribution of forest biomass
changes to the global carbon cycle (Pan et al. 2011a), climate change impacts on forest biomass
(Ma et al. 2012; Brienen et al. 2015; Doughty et al. 2015; Zhang et al. 2015; Chen et al. 2016),
and the relationships between tree species diversity and productivity (Liang et al. 2016). Long5

term repeatedly measured permanent sample plots (PSPs) are not only essential in the estimation
of forest demographic rates, but also for the calibration of remote sensing data when mapping
forest biomass distribution (Avitabile et al. 2016). However, these PSPs have been generally
restricted to large trees, i.e., diameter at breast height (DBH) ≥10 cm. Accordantly, national
surveys that have been developed to meet the requirements of the Kyoto Protocol often impose
thresholds on plots to ease the sampling burden. In the United States of America, for example,
woody plants are only considered “trees” if they attain 12.7 cm in DBH (USDA Forest Service
2010). In Canada’s National Forest Inventory, only trees >9 cm in DBH are measured at the full
plot size, with all other trees being measured in considerably smaller plots (Canadian Council of
Forest Ministers 2008). These thresholds may lead to technical issues in the estimation of
demographic rates. For example, trees that attain a threshold, but die before being measured (i.e.,
“unobserved recruits”) may bias estimates (Talbot et al. 2014). Even studies that rely on
increment coring to generate growth estimates tend to core trees >10 cm in DBH (Prior &
Bowman 2014; Stephenson et al. 2014; Elliott et al. 2015). However, it remains untested whether
temporal alterations in forest demographic rates observed from large trees represent those that
include trees of all sizes.
When measuring stand productivity, an arbitrary DBH sampling threshold can lead to
five scenarios. The first occurs when a tree is already at the threshold during the initial and
second census, which is an accurate measurement of tree growth. The second is when a tree is
below the threshold during the first and second census. This leads to an underestimation of tree
growth, as the sampling procedure is “blind” to this tree. The third scenario occurs when the tree
is absent during the first census, and achieves, or exceeds, the threshold during the second
census, which is an accurate measurement of recruitment. The fourth scenario occurs when the
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tree is below the threshold during the first census and achieves or exceeds the threshold during
the second census. This would lead to an overestimation of tree recruitment, as the threshold
measurement would count the tree as recruitment, while a no DBH threshold measurement
would count the tree, properly, as growth. The final scenario occurs when a tree is absent during
the first census and transitions from seedling to sapling, but does not achieve the threshold. This
leads to an underestimation of recruitment using a threshold, as the threshold measurement is
once again “blind” to the tree.
When using a threshold, total stand growth may only be accurately measured if all trees
in a stand represent scenario one; otherwise, growth will be underestimated. Total stand
recruitment will be overestimated using a threshold if the biomass from scenario four exceeds the
biomass in scenario five; otherwise, if the biomass from trees representing scenario five exceeds
the biomass of scenario four, recruitment will be underestimated. Recruitment may only be
accurately estimated if all recruited trees represent scenario three. When measuring the biomass
lost due to mortality with a threshold, there are only two possible scenarios for a tree. The first is
that the tree meets or exceeds the threshold in the first census and is dead at the second census.
The second is that the tree is below the threshold at the first census and is dead at the second
census. If any trees in a stand align with scenario two, stand biomass lost due to mortality will be
underestimated.
These arbitrary thresholds may alter our estimates of climate change driven responses of
forest biomass. Similar to previous studies (Ma et al. 2012; Brienen et al. 2015; Doughty et al.
2015; Zhang et al. 2015; Chen et al. 2016), we consider the changes of demographic rates
associated with the calendar year to be driven by climate changes as a whole. Although larger
trees add significantly more biomass than do smaller trees, on an individual tree basis
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(Stephenson et al. 2014), they tend to have higher mortality probabilities during drought (Bennett
et al. 2015) and slower growth rates under warmer temperatures (Prior & Bowman 2014). When
aggregated to the stand level, tree mortality rates associated with climate change tend to increase
faster in younger forests than those in older forests (Luo & Chen 2013). It is important to note
that when comparing the effects of tree sizes or stand ages, several studies (Luo & Chen 2013;
Prior & Bowman 2014; Stephenson et al. 2014) have sampled trees of only >10 cm in DBH.
Previous investigations using observational data from large trees have found that biomass gain
from productivity increased at slower rates than did biomass loss from mortality, leading to an
overall net biomass loss associated with climate change over the past thirty years in boreal and
tropical forests (Brienen et al. 2015; Chen et al. 2016). If smaller trees within a stand can grow
more rapidly and be less susceptible to increased mortality (Bennett et al. 2015), then studies that
rely on solely large trees may be underestimating the biomass that is gained from growth, while
overestimating biomass loss from increased mortality rates. This may lead to an overestimate of
the negative effects of temporal trends associated with climate change on net aboveground
biomass change.
The use of DBH thresholds may also alter our predictions of how forest stands respond to
stand development. Generally, subsequent to a stand-replacing disturbance, stands are initiated
through a high level of recruits, which grow quickly (Oliver & Larson 1990; Poorter et al. 2016).
Once canopy trees attain their maximum longevity, they are replaced by understorey trees. This
gap dynamics phase is theorized as biomass gain from the growth of surviving trees and recruits
equaling biomass loss from mortality (Oliver & Larson 1990; Coomes et al. 2012). Sampling
trees >10 cm in DBH may lead to higher underestimations of growth and mortality at younger
ages. In boreal forests, for example, the majority of aboveground biomass is contained within
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small trees (<10 cm in DBH) in stands younger than 27 years old, while large trees (≥10 cm in
DBH) become the primary reservoirs of aboveground biomass quickly thereafter (Taylor et al.
2014). How DBH threshold use may bias estimates in the biomass dynamics of regenerating
stands is critical to understand, in the face of increasing stand-replacing disturbances (Westerling
et al. 2006; Millar & Stephenson 2015).
Here we used a network of 141 repeatedly measured PSPs, located throughout Manitoba,
Canada to assess how DBH thresholds may alter biomass change estimates associated with each
of the three demographic rates, and the predictions for their responses to temporal trends
associated with climate change and stand ageing processes. These plots were established in
stands that regenerated naturally following stand replacing wildfire, and underwent repeated
censuses every five years, from 1985 to 2010. During each census, all trees >1.3 m in height
were tagged and measured for DBH. The dataset included a total of 54,795 individual trees at
least 1.3m in height and an average of 3.4 recorded measurements per stem.
2.3 Materials and Methods
2.3.1 Study area and long-term repeatedly measured sample plots
We used permanent sample plots (PSPs) established throughout Manitoba, Canada, commencing
in 1985, by the Provincial Government of Manitoba (data is available upon request). The PSPs
were located in visually homogenous stands of greater than 1 ha in size, at least 100 m from any
openings to minimize edge effect impacts. We selected 141 plots for our study, using the
following selection criteria: (i) PSPs had a known origin date of stand replacing wildfire, and
were unmanaged; (ii) PSPs had all trees marked and tagged with diameter at breast height (DBH)
and species identification accurately tracked over multiple censuses; and, (iii) PSPs had to have a
minimum of three censuses with a census length of 5 years. Since the Manitoba government has
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applied its own threshold of 7.1 cm DBH for all measurements after 2011, only measurements
before 2011 were included in this study (i.e., measurements where all trees of ≥1.3 m in height
were tagged and measured). Plots ranged from 95.3° to 101.7°W in longitude, 49.0° to 56.99°N
in latitude, and from 159 to 406 m above sea level in elevation (Fig. A2-1). Plots were generally
established in forests dominated by Populus tremuloides Michx., Pinus banksiana Lamb., and
Picea mariana (Mill.) Britton, Sterns & Poggenb. Species that made up at least 1% of
aboveground biomass across all plots consisted of: Pinus banksiana (33.6%), Populus
tremuloides (23.7%), Picea mariana (21.7%), Larix laricina (Du Roi) K. Koch (5.4%), Picea
glauca (Moench) Voss (3.7%), Abies balsamea (L.) Mill. (3.3%), Fraxinus nigra Marshall
(3.0%), Betula papyrifera Marshall (2.7%), Fraxinus pennsylvanica Marshall (1.7%), and Thuja
occidentalis L. (1.0%). We examined 13 trees that grew more than 2 cm yr-1 in DBH for
measurement errors. We corrected their growth rate to the mean growth rate of the binned 10 cm
growth rate (i.e., 0-10 cm, 10-20 cm, 20-30 cm, etc).
2.3.2 Biomass component calculation
Biomass for each individual stem was calculated using species specific equations for stems of
below 3 cm in DBH (Bond-Lamberty et al. 2002), and stems above 3 cm in DBH (Lambert et al.
2005), at each census, and summed to obtain total stand biomass. Annual biomass growth was
calculated as the amount of biomass added by surviving trees between measurements, divided by
the census interval. Annual biomass added due to ingrowth was calculated as the amount of
biomass added due to recruits between measurements, divided by the census interval. Annual
productivity was the summation of annual growth and annual ingrowth. Annual biomass lost due
to mortality was calculated as the quantity of biomass lost due to trees that had died between
measurements, divided by the census interval. To derive stand-level estimates, we conducted
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three separate analyses: one using only trees of ≥10 cm in DBH (hereafter 10 cm threshold), one
using only trees of ≥5 cm in DBH (hereafter 5 cm threshold), and one using all trees of >1.3 m
in height (hereafter no DBH threshold).
2.3.3 Explanatory variables
We used mid-calendar year (i.e., average of initial and final measurements during a census
period) to represent temporal trends associated with climate change (van Mantgem et al. 2009;
Chen & Luo 2015), corresponding to each census period of each plot. This encompassed not
only the systematic increases in atmospheric CO2 concentrations and temperatures throughout
our study region (IPCC 2013), but also non-climatic drivers, such as temporal trends relating to
insect outbreaks (Michaelian et al. 2011).
We employed stand age to account for stand ageing processes, interpretable as time since
fire (years), as all selected stands originated from stand replacing wildfires. The stand age for
each PSP was determined by coring at least four dominant/co-dominant trees outside the plot at
the time of plot establishment, and using the average age of the oldest species. While stand age
and calendar year necessarily increased at the same rate, there was a wide distribution of stand
ages sampled across the study period (Fig. A2-1).
2.3.4 Data analysis
To examine whether the DBH thresholds of surveyed trees led to changes in coefficient estimates
for endogenous ageing processes and temporal trends associated with climate change, we used
the following linear mixed effects model for biomass productivity and loss due to mortality, and
changes in stems per hectare, calculated with a 5 cm and 10 cm threshold, and without a
threshold:
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AGBij =  0 + 1  Yij +  2  f ( Aij ) +  j

(1)

where AGBij is biomass growth, loss, or stem change, observed at the ith census in the jth plot; Yij
is the mid-calendar year at the ith census in the jth plot; f(Aij) is the best fit function of age,
selected by Akaike Information Criterion (AIC, Table A1-2); and πj is the random plot error
accounting for the random effects of local site conditions and initial stand characteristics,
including species composition; and the βs are coefficients to be estimated.
We conducted the mixed effect analysis using maximum likelihood with the lme4
package (Bates et al. 2016). Due to departures in normality, and to improve coefficient estimates,
we bootstrapped each model using 10000 iterations to produce 95% confidence intervals, based
on the 2.5 % and 97.5% quantiles of the bootstrapped distributions. Model coefficients from the
no DBH threshold and threshold models were assumed to be significantly different if their
confidence intervals did not overlap the other’s mean. To remove any bias from the use of
allometric equations, we also fit models using basal area demographics. The outputs were similar
(Figs. S3 & S4) and the biomass dynamics are presented in the main text for clarity. Models
were fit with the lmer function and 95% CIs were determined using the confint and bootMer
functions within lme4.
2.4 Results
Across all stand age and census intervals, the estimated annual growth was 1.7 ± 0.04 (mean ±
95% confidence intervals of the bootstrapped distribution) Mg ha-1 yr-1 using a 10 cm DBH
threshold, 2.6 ± 0.06 using a 5 cm DBH threshold, and 2.8 ± 0.06 using no DBH threshold (Fig.
2-1). Using 10 cm and 5 cm thresholds underestimated annual growth, on average, by 37% and
6%, respectively. This was due to the exclusion of approximately 4244 stems ha-1 when using a
10 cm threshold, and 2527 stems ha-1 when using a 5 cm threshold (Table 2-1). Estimated annual
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ingrowth was 1.0 ± 0.06 Mg ha-1 yr-1 using 10 cm DBH threshold, 0.3 ± 0.02 using a 5 cm DBH
threshold, and 0.1 ± 0.02 using no DBH threshold, respectively (Fig. 2-1). This indicated that the
use of 10 cm and 5 cm thresholds overestimated annual ingrowth biomass, on average, by 900%
and 200%, respectively. The estimated annual loss from mortality was 0.7 ± 0.1 Mg ha-1 yr-1
using a 10 cm DBH threshold, 1.2 ± 0.12 using a 5 cm DBH threshold, and 1.5 ± 0.12 using no
DBH threshold (Fig. 2-1). Using 10 cm and 5 cm thresholds underestimated annual loss from
mortality, on average, by 51% and 20%, respectively. These underestimations were a direct
result of the 10 cm and 5 cm thresholds, which missed approximately 705 and 506 dead stems
ha-1, respectively (Table 2-1). The major underestimations in growth were not entirely made up
by the overestimations of ingrowth when estimating stand productivity: estimated annual
productivity was 2.7 ± 0.08, 2.8 ± 0.06, and 2.9 ± 0.06 Mg ha-1 yr-1 using the 10 cm, 5 cm, and
no DBH threshold, respectively (Fig. 2-1). This represented, on average, an underestimation of
7% and 2%, by 10 cm and 5 cm thresholds.
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Figure 2-1: Bootstrapped mean and associated 95% confidence interval of each biomass
component following the removal of the mean effects of age and calendar year.
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Table 2-1: Number of stems per hectare measured and missed at each census, across all sites, years, and ages, by each DBH threshold
for stand productivity and biomass lost due to mortality. Values presented are the means and bootstrapped 95% confidence intervals in
brackets.
Scenario
Productivity
Scenario 1
Stems above threshold both
censuses
Scenario 2
Stems below threshold both
censuses
Scenario 3
Stem absent, then recruited above
threshold
Scenario 4
Stem below threshold first census,
above threshold second census
Scenario 5
Stem absent, then recruited below
threshold
Mortality
Scenario 1
Stems die above threshold
and are counted

10 cm threshold
(stems ha-1)

5 cm threshold
(stems ha-1)

No DBH threshold
(stems ha-1)

922.9
(869.8 - 975.7)

2609.3
(2489.4 - 2735.7)

5326.1
(4831.9 - 5848.1)

4243.5
(3727.1 - 4790.5)

2526.9
(2091.3 - 2996.6)

0.0
(0.0 - 0.0)

0.0
(0.0 - 0.0)

1.3
(0.7 - 2.0)

326.8
(233.8 - 442.3)

159.7
(144.9 - 175.5)

190.0
(159.2 - 223.0)

0.0
(0.0 - 0.0)

326.8
(232.3 - 438.3)

325.5
(231.5 - 435.8)

0.0
(0.0 - 0.0)

57.6
(49.0 - 66.9)

256.9
(227.2 - 290.3)

762.7
(686.2 - 843.1)
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Scenario 2
Stems die below threshold
and are missed

705.1
(628.0 - 787.7)
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505.9
(438.8 - 577.6)

0.0
(0.0 - 0.0)

Our predictions in differences between estimates of temporal trends in biomass dynamics
across the three DBH thresholds were not supported. Temporal responses of growth and
productivity to calendar year were comparable between no DBH threshold and 5 and 10 cm
threshold stand measurements, with all being significantly positive (Fig. 2-2a&c, Table A1-1).
Temporal trends in biomass gained through recruitment associated with calendar year were also
similar between no DBH threshold and 5- and 10 cm threshold stand measurements (Fig. 2-2b).
However, annual biomass loss due to mortality increased more rapidly without a threshold (Fig.
2-2d, Table A1-1), which was likely driven by significantly higher loss of smaller stems (Table
2-1), in contrast to using a threshold.
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Figure 2-2 Partial regression plots of variables included in plot level analysis of growth,
ingrowth, productivity, and mortality by threshold: Calendar year effect (a-d) Stand age effect
(e-h). Shaded lines are 95% confidence intervals.
The largest estimate discrepancies occurred in endogenous ageing processes. Our
predictions for biomass growth and ingrowth estimates were largely supported. Growth was
initially higher when no DBH threshold was imposed, compared to estimates using either
threshold, eventually tapering off and meeting 5 cm threshold estimates, as expected, but
remaining consistently higher than the 10 cm threshold estimates (Fig. 2-2e). Biomass loss was
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higher for no DBH threshold samples in younger stands; however, with the estimates converging
around 75 and 125 years, for 5 cm and 10 cm thresholds, respectively (Fig. 2-2h).
While the use of increasingly larger thresholds led to increasingly large numbers of
missed dead stems (Table 2-1), biomass loss estimates converged at older ages. As anticipated,
estimates without a threshold demonstrated a significant and consistent decline in productivity
with stand age (Fig. 2-2g), which indicated that the maximum productivity of a stand was
younger than the ages sampled.
2.5 Discussion
The mean underestimates in growth and mortality were driven by the number of stems missed by
threshold sampling (Table 2-1). While more trees were considered recruits without a threshold
than with (Table 2-1), those trees that were considered ingrowth using thresholds were much
larger and added more biomass, leading to an overall overestimation of ingrowth (i.e., the
biomass of scenario four was much higher than the biomass of scenario five).
The similar temporal trends in the responses of biomass growth or productivity at the
stand level between sampling thresholds suggests that climate change effects were similarly
positive for large and small trees. However, significantly more stems were lost at smaller
thresholds than larger thresholds (Table 2-1), leading to a slightly increased estimated rate of
biomass loss (Fig. 2-2d, Table A1-1). This may have been due to the fact that our study area had
not experienced significant droughts over the study period (Luo & Chen 2015), which has been
highlighted as a driver of large tree death (Bennett et al. 2015). A possible driver for the
increased loss of smaller trees compared to larger trees may be increased competition, which had
been shown to have increased within our study region for trees greater than 5 cm in DBH (Luo &
Chen 2015). Smaller trees have been shown to be more adversely affected by competition for
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certain resources than larger trees (Coomes & Allen 2007; Luo & Chen 2011), and as a result
may experience greater rates of climate change-induced increased competition. Future
observational studies should be cautious of estimates of the magnitude of biomass loss from
mortality due to temporal trends associated with climate change if they include only large trees.
The consistent underestimates in growth through stand development supported out initial
hypothesis. However, biomass added by ingrowth was always higher in threshold measurements,
likely because the trees that were observed as recruits were much larger. The large quantity of
early ingrowth (i.e., approximately 17 to 65 years old) was likely due to the recruitment of the
initial cohort to the threshold DBH. Our expectations for mortality were met, with initially
significantly higher estimates without a threshold, eventually converging with threshold
estimates. The convergence of mortality estimates indicates that sampling only large trees may
be a good representative of total biomass lost due to mortality only at late stages in stand
development.
Estimates of stand level productivity were significantly underestimated for approximately
the first 45 years following a stand replacing disturbance using a 10 cm threshold. This was
consistent with previous study estimates, where the majority of the biomass of young stands was
found to be stored in smaller trees (Taylor et al. 2014). The functions of productivity also
differed strongly: 5 cm and no DBH threshold productivity estimates were highest at the
youngest age sampled, while 10 cm productivity increased from approximately 17 to 38 years
before decreasing in a similar manner to the other estimates. This indicated that underestimates
of biomass growth using 10 cm thresholds were not corrected for by the overestimation of
ingrowth in young stands. Our results emphasized the importance of productivity from young
stands (Poorter et al. 2016), which may have been even higher in stands that were younger than
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our sample. In order to correct these age-related biases, studies using sites without available
small tree plots should consider developing region-specific models that provide estimated
corrections (Fig. A1-1).
2.6 Conclusion
Overall, we have provided evidence that using a DBH threshold significantly underestimates
biomass productivity and loss due to mortality, with significantly larger underestimates as the
threshold increases. Further, using a threshold may lead to underestimations in temporal
accelerations of biomass loss from mortality. Finally, we demonstrated that the use of an
artificial threshold leads to drastically different estimated relationships between stand biomass
dynamics and stand ageing – with a greater deviation when using larger thresholds and sampling
younger ages. Future studies based on PSPs should endeavour to use the smallest threshold
possible, especially when estimating biomass dynamics at younger ages. Trees smaller than the
required threshold should be accounted for through modelling biases once responses between
large trees and smaller trees are correctly determined or through extrapolations based on smaller
sampling plots.
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CHAPTER 3: TEMPORAL DECLINES IN TREE LONGEVITY
ASSOCIATED WITH FASTER LIFETIME GROWTH RATES IN BOREAL
FORESTS
3.1 Abstract
Global change has been linked to significant increases in tree mortality in the world’s forests.
Reduced tree longevity through increased growth rates has been suggested as one of the
mechanisms responsible for the temporal increases in tree mortality, but this idea has not been
directly tested. Here we explicitly defined two testable hypotheses: (i) the probability of ageing
driven tree mortality increases with global change and (ii) the mortality probability associated
with global change is higher for faster-growing trees. To test these hypotheses, we examined the
temporal changes of tree mortality probability in 539 permanent sample plots monitored from
1960 to 2009, with ages greater than 100 years at initial censuses, across the boreal region of
Alberta, Canada. As expected, we found an overall temporal increase in tree mortality
probability, indicating a loss in tree longevity with global change. We also found that trees with
faster lifetime growth rates experienced higher temporal increases in mortality probability
compared to slower growing trees. An analysis of the responses of tree mortality probability to
increasing atmospheric carbon dioxide and temperature and decreases in water availability
indicated that increasing atmospheric carbon dioxide and decreasing water availability were the
major drivers of declining longevity. Our results suggest that tree longevity may further decline
with the expected increase of atmospheric carbon dioxide and decreasing water availability in the
region.
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3.2 Introduction
Anthropogenic global change has been linked to extensive tree mortality worldwide (Allen et al.
2010; Allen et al. 2015). The major interdependent mechanisms causing this increase include
hydraulic failure and carbon starvation, often attributed to direct heat stress, lowered water
availability, pest and pathogen outbreaks, or intensified tree-to-tree competition, with their
relative importance dependent on tree species and region-specific temporal climatic trends
(McDowell et al. 2011; Peng et al. 2011; Anderegg et al. 2012; Luo & Chen 2013; Luo & Chen
2015; McDowell et al. 2015; Rowland et al. 2015; Hember et al. 2017; Chen et al. 2018).
Reduced tree longevity due to global change has been hypothesized as a mechanism for
increased biomass loss associated with global change at the stand level (Brienen et al. 2015).
While studies have shown temporally increasing tree mortality rates (van Mantgem et al. 2009;
Peng et al. 2011), the hypothesis that global change reduces tree longevity (here defined as the
lifespan of an organism) has yet to be directly tested. Examining whether mortality probability
has increased (i.e., longevity has decreased) for stems in older stands where trees are reaching
their longevity (Burns & Honkala 1990; Chen & Popadiouk 2002; Luo & Chen 2011), would
enable directly testing if global change has reduced tree longevity.
The negative relationship between lifetime tree growth rates and longevities has been
well documented. Among plant species, longevities are negatively related to lifetime growth
rates due to the investment tradeoff between defense and growth (Herms & Mattson 1992) or
smaller sizes at older ages being less susceptible to stresses (Mencuccini et al. 2005). Size tends
to have a greater impact on tree mortality probabilities than age (Mencuccini et al. 2005; Thomas
2013; Mencuccini & Munné-Bosch 2017; Schmid-Siegert et al. 2017). At larger sizes, trees are
more susceptible to hydraulic and mechanical constraints (Ryan et al. 2006) and pest and
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pathogen outbreaks (Haas et al. 2016). It is plausible that faster lifetime growth rates lead to trees
reaching larger sizes more quickly, leaving them more exposed to size-related mortality, and
reducing their longevities. This relationship holds within species across spatial gradients of
environmental conditions, where tree longevity also has been negatively associated with quicker
early (Bigler & Veblen 2009) and lifetime tree growth rates (Di Filippo et al. 2015).
Under a temporally changing climate, modelling studies suggest that global changeinduced growth stimulation leading to greater sizes more quickly may reduce tree longevity
(Bugmann & Bigler 2011; Hember & Kurz 2018). Global change events such as droughts that
coincide with bark beetle outbreaks have been shown to cause larger reductions in short-term
growth and higher mortality probabilities in larger trees compared to smaller trees (Bennett et al.
2015), although evidence of taller trees having higher mortality probabilities during droughts
without co-occurrence of bark beetle outbreaks is mixed and species-specific (Hember et al.
2017). Since trees can increase their growth rates in response to positive global change drivers
such as warming, increased atmospheric CO2, and nitrogen deposition (Pretzsch et al. 2014;
Brienen et al. 2015; Chen et al. 2016; Schulte-Uebbing & de Vries 2018) when not limited by
water availability (Jump et al. 2006; Korner 2015; Girardin et al. 2016), reduced longevity due to
increased lifetime growth rates may contribute to the observed global change-induced increases
in tree mortality. While previous studies have inferred reduced longevity from positive
relationships between stand-level productivity and mortality (Brienen et al. 2015), direct proof of
this mechanism should come from individual stem level data. We note that trees that eventually
die from long-term accumulated stresses have reduced recent growth rates prior to death
(Cailleret et al. 2017).
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The boreal forest is an ideal candidate to examine how tree longevity might have been
affected by global change since the prevalence of stand-replacing wildfires, and consistent
seasonality, allows for accurate tree age determination. In western North American boreal
forests, trees of all species are recruited simultaneously following wildfire (Gutsell & Johnson
2002). This leads to evenly-aged, though not evenly-sized, stands that can be used to exclude age
effects while analyzing growth-mortality relationships. Evidence for global change-induced
alterations in growth rates are mixed in the boreal forest with no change or declines at the
individual tree level reported in dendrochronological studies (Girardin et al. 2016; Chen et al.
2017; Hogg et al. 2017; Chen et al. 2018) and increases in young stands but no change in older
stands (i.e., 140 years and older) at the stand level (Luo & Chen 2015; Chen et al. 2016). Here,
we use data from 539 permanent sample plots established in the western boreal forest of Canada
to examine whether tree longevities have been shortened in the past 50 years. We specifically
tested whether: (i) annual mortality probabilities have increased temporally for trees in stands
older than 100 years, when boreal tree species begin to reach their longevity (Chen & Popadiouk
2002; Luo & Chen 2011); and, (ii) relatively larger trees within a stand (i.e., trees with faster
lifetime growth rates) have higher increases in global-change related mortality probabilities than
relatively smaller trees. To understand whether a specific global change driver was the cause of
differences in temporal longevity, we examined the relationships between tree mortality and
changes in atmospheric CO2, temperature, and water availability.
3.3 Datasets and methods
3.3.1 Study area and long-term repeatedly measured sample plots
The permanent sample plots (PSPs) used in this study were established throughout Alberta
starting in 1958 by the provincial government. The PSP data is available upon request to the
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forestry department of the Alberta government. The PSPs were established in visually
homogenous well-stocked stands greater than 1 ha in size, at least 100 m from any openings to
minimize the impacts of edge effects. A total of 539 PSPs were compiled from the networks for
use in our study, using the following data selection criteria: (i) PSPs with a known origin date of
stand-replacing wildfire, and unmanaged; (ii) PSPs with all trees marked and tagged with
diameter at breast height (DBH) and species identification tracked accurately over multiple
censuses (stems with any negative growth observations were removed from all analyses); (iii)
plot spatial location was available and plots were within the boreal zone as defined by Natural
Resources Canada (Brandt 2009); and, (iv) plots had a minimum of three censuses and a
minimum of two censuses with an average age greater than 100 years. These plots range in
latitude from 51.5° to 59.6° N, in longitude from 119.7° to 114.0° W, and in elevation from 291
to 1784 metres above sea level (see Fig. A2-1). Across space and time, annual temperatures
ranged from -5.74 to 11.67 °C, and annual precipitation ranged from 187 mm to 881.9 mm
between 1957 and 2009, obtained by using the BioSIM 10 software (Réginère et al. 2014).
Wildfire is the dominant forest-replacing disturbance with fire return intervals that vary
temporally and spatially, from 15 to 90 years in the study area (Weir et al. 2000). To examine
whether longevity has been reduced (through higher mortality probability in older organisms)
and to minimize the effects of competition-induced mortality, which is a driving factor for
individuals smaller than the average tree size in a stand particularly in young boreal forests
(Chen et al. 2008; Luo & Chen 2011, 2015), we selected only stands older than 100 years, when
boreal tree species begin to reach their longevity (Burns & Honkala 1990; Chen & Popadiouk
2002).
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Tree species left after selection for age included Picea glacua ((Moench) Voss.) (41.9%
of total stems), Pinus contorta (Douglas) (24.6%), Populus tremuloides (Michx.) (13.2%), Abies
balsamea ((L.) Mill) (8.2%), Picea mariana (Mill.) (7.4%), Populus balsamifera (L.) (3.0%),
and other species including Betula papyrifera (Marshall), Picea engelmannii (Parry ex Engelm),
Abies lasiocarpa ((Hooker) Nuttall), Larix laricina ((Du Roi) Koch), and Pinus banskiana
(Lamb.), accounting for a total of 1.7% of the total number of stems (Table A2-1).
3.3.2 Explanatory variables
We used the midpoint year of a census (i.e., the average of initial and final measurement years
during a census period) to represent overall climatic conditions (van Mantgem et al. 2009; Chen
& Luo 2015; Chen et al. 2016), corresponding to each census period of each plot. Using the
midpoint year as a proxy for global change encompassed not only the systematic increases in
atmospheric CO2 concentrations and temperatures and declines in water availability throughout
our study region (IPCC 2013), but also increases in other global change drivers such as insect
outbreaks (Chen et al. 2018).
We used the relative basal area of each stem to the average stem basal area in the prior
census period to quantify relative lifetime growth rates within a stand (Luo & Chen 2011). Since
all stems are recruited simultaneously following stand-replacing wildfire (Gutsell & Johnson
2002), the larger stems within a stand were also, the faster growing over their lifetime. We also
examined absolute size in the prior census period as a potential covariate.
To investigate the sensitivity of tree mortality to increases in temperature and decreases
in water availability, we examined the response to climate change drivers by using the annual
temperature anomaly (ATA), the annual standardised precipitation-evapotranspiration index
(SPEI), and atmospheric carbon dioxide (CO2) concentration averaged over the census period.
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The annual temperature anomaly was defined as the average difference between observed mean
annual temperatures over the census period and its long-term mean (1957-2013, the length of our
study period) at each plot. Similarly, we used the average annual SPEI for each census period as
a measure of water availability; SPEI is an excellent indicator of drought conditions and is
sensitive to changes in water availability due to global warming (Vicente-Serrano et al. 2010).
We calculated SPEI using the SPEI package in R (Vicente-Serrano et al. 2010) using the annual
climate moisture index as our measurement of water availability. Both mean annual temperature
and the annual climate moisture index (used to calculate SPEI) were generated using BioSIM 10
(Réginère et al. 2014) for the length of our study period. BioSIM uses historical weather data
from the nearest weather station to a location and adjusts predictions for differences in elevation,
latitude, and longitude (Réginère et al. 2014). Atmospheric CO2 concentration was derived from
the Manua Loa Earth System Research Laboratory (http://www.esrl.noaa.gov/gmd/
ccgg/trends/co2_data_mlo.html) and from the Law Dome DE08 and DE08-2 ice cores
(http://cdiac.ornl.gov/ftp/tren- ds/co2/lawdome.smoothed.yr20) for measurements before 1959.
CO2 values were the average values for each measurement period for each plot. To ensure our
use of annual climate variables was appropriate, we also examined the average growing season
(May 1st to Sept 1st) temperature anomaly and SPEI over the measurement period. Since
coefficient estimates were similar (Fig. A2-2), we retained annual variables for clarity and to
remain consistent with previous literature (van Mantgem et al. 2009; Peng et al. 2011; Luo &
Chen 2013).
3.3.3 Statistical analysis
Because our measurement intervals varied, similar to Luo and Chen (2013), we scaled the
annual mortality probability using the following function:
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pijk = 1 − (1 − pijk ,t =1 ) t

(1)

where pijk is the mortality probability of an individual stem for the ith tree during the jth census
period in the kth plot, Δt is the length of the census period in years, and pijk, t=1 is the annual
mortality probability of the ith tree of jth census period in kth plot.
We used a generalized mixed-effects logistic model (Chen et al. 2008; Hulsmann et al.
2018) to investigate whether trees with faster lifetime growth rates were more susceptible to
global change-induced mortality.

log it ( pijkl ,t =1 ) = 0 + 1  Yijkl + 2  f ( Rij −1kl ) + 3  Yijkl  Rij −1kl +  k + l +  ijkl

(2)

where: pijk,t=1 is the annual probability of mortality of the ith tree of jth census period in the kth
plot of the lth species; Yijkl is the middle calendar year of census; f(Rij-1k l) is the best fit function
(i.e., linear or logarithmic) of annual tree mortality probability to the previous relative basal area;
πk is the random effect of the kth plot; ρl is the random effect of the lth species. We determined
the best fit function for relative basal area using a general additive model and AIC selection
(Table A2-2). To ensure that our estimate of increasing mortality probabilities with increasing
relative size was robust, we also examined initial absolute size as a covariate. Since sizedependent mortality is often U-shaped (Hember et al. 2017), we determined that a linear function
for absolute size produced a better model than a quadratic function for absolute size through AIC
selection. All variables were centred and scaled prior to analysis to aid in interpretation and
convergence.
We implemented our model using the glmer function in the lme4 package (Bates et al.
2015). We fit the above model to the dataset including all trees and then by the six major species.
We then examined the response to climate change drivers by substituting Y in eqn. 2 by
atmospheric CO2, ATA, and SPEI in order to determine which climactic drivers were responsible
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for temporal trends. Because these drivers have changed concurrently during the past six decades
in the study region (Luo & Chen 2013; Chen & Luo 2015; Chen et al. 2016), we ran the analysis
with all climate variables simultaneously by the generalized mixed-effects logistic model. To
ensure that the correlation between climate drivers did not bias estimates, we also modelled
annual tree mortality probability by ridge regression using the lm.ridge function from the MASS
package and a non-parametric model using the rfit function in the Rfit package. For the ridge
regression and non-parametric model, we removed the random effects estimated by the
simultaneous model prior to model fits and bootstrapped confidence intervals from 1000
bootstrap iterations. To ensure our model specification was correct, we also examined a model
including all interactions between each climate driver and relative size (Fig. A2-3). Since this did
not affect our parameter estimates, we present the two-way interaction model in the Results.
Parameter significance for glmer models was assessed using an analysis of deviance with Type II
sum of squares through the Anova function in the car package. Alternative to the models with
global change drivers simultaneously included, we also ran models with each driver considered
separately, similar to previous analyses (van Mantgem et al. 2009; Peng et al. 2011; Luo & Chen
2013).We generated 95% confidence intervals using the Wald method of the confint function
within the lme4 package. To determine if the models properly discriminated trees that died from
trees the survived, we used the Area Under the Receiver Operating Characteristic Curve (AUC).
A value of AUC > 0.8 indicates that a model has excellent discriminatory power, and a value >
0.7 indicates good discriminatory power (Hosmer & Lemeshow 2000). The AUC was calculated
using the pROC package (Robin et al. 2011). All analyses were implemented in R statistical
software, version 3.5.0.
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3.4 Results
Across all individuals, annual mortality probability increased significantly over time (0.471 ±
0.016, scaled coefficient estimate ± 95% confidence interval, P < 0.001) but decreased on
average with increasing relative size (-0.349 ± 0.016, P < 0.001) (Table 3-1, Fig. 3-1). Temporal
increases in mortality probability increased with increasing relative basal area (0.092 ± 0.014, P
< 0.001), but this increase was not large enough to cause larger trees to have higher mortality
probabilities than smaller trees by the end of the study period (Fig. 3-1). The AUC of the model
was 0.736 indicating a good fit. Temporal trends by individual species were consistent with the
model of all trees except for A. balsamea. For A. balsamea, larger individuals on average had
higher mortality probabilities than smaller individuals, and there was no significant interaction
effect of relative size and year (Fig. A2-4). Alternative models with the diameter at breast height
as a predictor yielded similar coefficient estimates for the effects of the calendar year, relative
tree basal area and their interactions (Table 3-1).
Table 3-1: Effects of relative size, year, and absolute size on annual tree mortality probability
for two alternative models. Values are parameter estimates with 95% confidence interval in
brackets. logR is natural log transformed relative tree basal area, Y is calendar year, D is diameter
at breast height. Model is defined in eqn. 2.l
Parameter
Intercept
logR
Y

Model from eqn. 2
-3.948
(-4.24 - -3.656)
-0.349
(-0.366 - -0.333)
0.471
(0.455 - 0.486)

D

-

D2

0.092
(0.079 - 0.106)
97746.5
0.736

logR × Y
AIC
AUC

Model with D
-3.967
(-4.247 - -3.687)
-0.592
(-0.635 - -0.548)
0.448
(0.432 - 0.464)
0.320
(0.267 - 0.372)
0.086
(0.073 - 0.100)
97609.2
0.737
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Figure 3-1: Temporal trends in annual mortality probability by relative basal area. Black line
represents the response at mean relative basal area.

During the study period, atmospheric CO2 and temperature increased, while water
availability decreased (Fig. 3-2 a-c). The linear mixed effect model that included atmospheric
CO2, ATA and SPEI simultaneously as predictors showed that with rising atmospheric CO2 and
decreasing SPEI led to on average higher mortality probabilities, while increasing ATA led to on
average lower tree mortality probability (Table 3-2, Fig. 3-2d-f). Similar to the response to
calendar year, increasing atmospheric CO2 and decreasing SPEI led to higher mortality
probability in larger trees than in smaller trees, but the effect of ATA was independent of relative
tree size, indicated by the insignificant interaction of ATA and relative basal area (Table 3-2,
Fig. 3-2d-f). Ridge regression and non-parametric regression yielded similar coefficient
estimates to those of the linear mixed effect model. However, the results from the models that
tested global change drivers individually yielded a contrasting effect of ATA (Fig. 3-3). In the
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ATA model, the effect of ATA was confounded with the effect of atmospheric CO2 and SPEI
since ATA and CO2 were correlated (Spearman correlation, r = 0.297, P < 0.001) and ATA and
SPEI were also correlated (r = -0.369, P < 0.001). The model examining the response to climate
drivers was a good fit to the data by AUC (Table 3-2).
Table 3-2: Effects of relative basal area, atmospheric carbon dioxide concentration (CO2),
annual temperature anomaly (ATA) and standardized precipitation-evapotranspiration index
(SPEI) on annual tree mortality probability. Values are parameter estimates with 95% confidence
interval in brackets, Chi-square test statistic, and associate P value. logR refers to the natural
logarithm of the relative basal area.
Model terms
Intercept
CO2
ATA
SPEI
logR
logR × CO2
logR × SPEI
logR × ATA
AUC

Parameter estimate
-3.952
(-4.245 - -3.659)
0.463
(0.447 - 0.48)
-0.083
(-0.105 - -0.062)
-0.077
(-0.1 - -0.054)
-0.351
(-0.367 - -0.334)
0.076
(0.062 - 0.089)
-0.051
(-0.067 - -0.035)
-0.007
(-0.024 - 0.009)
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χ2

P

-

-

3072.7

<0.001

57.2

<0.001

30.3

<0.001

1572.7

<0.001

115.3

<0.001

39.2

<0.001

0.8

0.364
0.738

Figure 3-2: Trends in global change drivers and the response of annual mortality probabilities.
(a) Atmospheric CO2 concentration, (b) mean annual temperature anomaly (ATA), and (c) mean
standardized precipitation-evapotranspiration index (SPEI) in relation to calendar year. Dots and
error bars show the mean and their 95% bootstrapped confidence intervals. Blue line is a fitted
linear model with 95% confidence bands in grey. (d-f) Change in annual mortality probability
according to global change drivers by relative basal area: (d) atmospheric CO2, (e) ATA; and (f)
SPEI. Black line represents the response at mean relative basal area.
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Figure 3-3: Coefficient estimates of global change driver effects on annual tree mortality
probability using four modelling approaches: simultaneous modelling of all drivers using
generalised linear mixed effect model, simultaneous ridge regression of all drivers, simultaneous
non-parametric regression of all drivers, and individual modelling of drivers.
3.5 Discussion
Our results show consistent temporal increases in annual mortality probabilities (i.e., reduction in
survival probabilities) for trees older than 100 years during the past half-century in our study
region, indicating that tree longevity declined over time. We found that annual mortality
probabilities increased temporally faster for larger trees although larger trees on average had
lower annual mortality probabilities. Lower mortality probabilities for dominant trees is
consistent with previous literature in the boreal forest (Luo & Chen 2011). This suggests that
some suppression still occurs in these stands and is significant enough to outweigh increases in
mortaltiy due to faster lifetime growth rates on average. Species-level responses were similar
with the exception of A. balsamea. Large individuals of A. balsamea died more frequently than
smaller individuals of the species, and there was no difference in temporal trends between large
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and small individuals. This may be attributable to the fact that A. balsamea rarely grows to
dominate these stands (average relative basal area across all stands was 0.700 ± 0.009) and is
highly susceptible to insect outbreaks (Fleming & Volney 1995).
Our climate change driver analysis suggests that rising atmospheric CO2 and decreasing
water availability increased annual tree mortality probabilities, confirming work done by other
studies in the region (Peng et al. 2011; Luo & Chen 2013; Hember et al. 2017). Our analysis
with global change drivers individually modelled corroborated the result that warming increased
tree mortality probability (van Mantgem et al. 2009; Peng et al. 2011; Luo & Chen 2013).
However, with all three global change drivers accounted simultaneously, our mixed effect
model, non-parametric model, and ridge regression model, all of which equally split the shared
variations among correlated predictors (Legendre & Legendre 2012) showed that increasing
temperature on average decreased annual tree mortality probability. It remains unknown whether
warming by 1°C (Fig. 3-2b) during the past decades in our region has led to an effect on tree
mortality independent from rising atmospheric CO2 and decreasing water availability since our
observational data showed that changes in temperature correlated positively with atmospheric
CO2 and decreasing water availability. A study to the east of our region, using a space-for-time
methodology, shows that warming at higher than 2° C had a negative effect on trees, but
warming at a lower temperature could have a positive effect (D'Orangeville et al. 2018).
In agreement with our second hypothesis, we found that reductions in longevity due to
increasing atmospheric CO2 and decreases in water availability were stronger in trees with faster
lifetime growth rates. Reduced longevity due to increasing CO2 could be attributable to an
acceleration in tree life cycles: higher atmospheric CO2 promotes tree growth, causing trees to
grow larger, and leading them to be more susceptible to size-related mortality (Brienen et al.
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2015). On the other hand, it could be related to concurrent increases in pest and pathogen
pressures, which are expected to affect larger trees more than smaller trees (Haas et al. 2016).
Increasing mortality probabilities as water availability declines and trees grow larger could be
caused by requirements of larger investments in rebuilding xylem post-drought in bigger than in
smaller trees (Trugman et al. 2018) or due to increases in path length putting increased
hydrological pressure on larger individuals (Hember et al. 2017).
We demonstrate that decreases in tree longevity in the western boreal forests of Canada
are associated with trees that have higher lifetime growth rates. Our climate change driver
analysis suggests that rising atmospheric CO2 and reduced water availability are the major
drivers of reduced longevity for larger trees in our study area, and that tree longevity may be
further reduced with an expected on-going increase in atmospheric CO2 and decrease in water
availability in the region.
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CHAPTER 4: COMPLEMENTARITY EFFECTS ARE STRENGTHENED
BY COMPETITION INTENSITY AND GLOBAL ENVIRONMENTAL
CHANGE IN THE CENTRAL BOREAL FORESTS OF CANADA.
4.1 Abstract
Increases in niche complementarity have been hypothesized to reduce the intensity of interspecific competition within natural forests. In regions currently experiencing potentially
enhanced growth under global environmental change, niche complementarity may become even
more beneficial. However, few studies have provided direct evidence of this mechanism. Here,
we use data from 180 permanent sample plots in Manitoba, Canada, with full spatial mapping of
all stems, to show that complementarity effects on average increased with neighbourhood
competition intensity and temporally rising CO2, warming, and water availability. Importantly,
complementarity effects increased with both shade tolerance and phylogenetic dissimilarity
between the focal tree and its neighbours when modelling these effects individually and
simultaneously. Our results provide further evidence that increasing stand functional and
phylogenetic diversity can improve individual tree productivity, especially for individuals
experiencing intense competition and may offer an avenue to maintain productivity under global
environmental change.
4.2 Introduction
Competition for limited resources is a major driver of forest demographic dynamics (Oliver &
Larson 1996) and especially in the boreal forest of North America (Chen & Popadiouk 2002;
Luo & Chen 2011). With ongoing global environmental change, in areas of the North American
boreal forest where soil moisture is not limiting, competition has become more intense (Luo &
Chen 2015; Nicklen et al. 2019). Within terrestrial plant communities, the effect of plant species
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diversity on growth is likely positive (Zhang et al. 2012; Grace et al. 2016) and higher tree
species diversity can lead to reductions in competition (Forrester & Bauhus 2016). This effect of
plant diversity on growth has led to speculation that increasing diversity can promote tree
productivity under global environmental change and offset increases in tree mortality (Hisano et
al. 2018; Ammer 2019). If stands with higher tree species richness experience higher niche
complementarity, then individuals within the stand should also experience lower competition
(Ammer 2019). However, studies examining the effects of tree competition normally rely on
intraspecific versus interspecific designations or a summation of broadleaf versus conifer basal
area within a stand (Luo & Chen 2015; González de Andrés et al. 2018; Nicklen et al. 2019).
While useful to examine general trends, this methodology tends to reduce mechanistic
interpretability by neglecting variation in intensity of interspecific competition for limited
resources.
Tree-to-tree competition occurs when individuals compete with one another for a
sufficient amount of shared resources. Individuals can succeed in acquiring sufficient resources
by either gathering or using resources more quickly or by tolerating lowering levels of resource
availability than other individuals (Kunstler et al. 2016). Consequently, tree species develop
specific traits that result in a tradeoff, allowing them to maximise access to one resource while
reducing their access to another. Light is one of the most limiting resource in forests (Pacala et
al. 1996) and competition for this resource provides stark contrasts in life-history traits. For
example, lower wood density has been linked to quicker growth (and therefore more access to
light) but has also been linked to a lower ability to tolerate competitive pressures from other trees
(Kunstler et al. 2016). In forests, positive tree diversity effects on stand-level productivity occur
only when constituent species exhibit shade tolerance heterogeneity (Zhang et al. 2012),
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suggesting that increased light utilization complementarity drives overyielding in tree species
mixtures. Previous studies have demonstrated higher productivity in plots with shade tolerance
dissimilarity (Toigo et al. 2018) but direct evidence of reduced competition should come from
the individual tree level. If tree-to-tree competition is the determinant for tree growth, we would
expect that trees neighbouring individuals with contrasting shade tolerance would grow more
than those neighbouring with similar shade tolerance since they would experience less intense
competition. Furthermore, if tree growth increases with global environmental change and
intensifies the effect of competition in our study area (Luo & Chen 2015), growth rates of the
trees neighbouring individuals with contrasting shade tolerance would be expected to increase
more than those neighbouring with similar shade tolerance.
Phylogenetic dissimilarity within a tree’s neighbourhood may also provide benefits to
individual tree growth through increasing complementarity or facilitation. Within temperate and
boreal forests, many traits are phylogenetically conserved (Paquette et al. 2015), suggesting that
species with close evolutionary relatedness may occupy similar niche space. Further,
phylogenetic dissimilarity can affect tree growth through reduction in susceptibility to speciesspecific pests, pathogens, and/or predators. Originally developed to describe patterns of seedling
recruitment (Janzen 1970; Connell 1978), this theory has been extended to mature plants in the
form of the resource concentration hypothesis (Parker et al. 2015; Grossman et al. 2018). The
theory stipulates that mature plant communities with high abundances of host species are more
susceptible to specialised pest and pathogen outbreak than those with higher phylogenetic
dissimilarity. Thus, a tree with phylogenetically distant neighbours may experience less intense
competition and be better able avoid exposure to specialised pest and pathogen outbreaks and
maintain higher growth rates than a tree with phylogenetically similar neighbours.
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Here we set out to test whether: (i) focal trees with functionally and phylogenetically
diverse neighbourhoods would grow more on average than those with functionally and
phylogenetically diverse neighbourhoods; (ii) focal trees with functionally and phylogenetically
diverse neighbourhoods experienced less intensity of competition; and, (iii) focal trees with
functionally and phylogenetically diverse neighbourhoods would grow more in the face of
beneficial global environmental change (i.e., rising atmospheric CO2, temperatures, and water
availability), than trees with less functionally and phylogenetically diverse neighbourhoods. We
utilized 180 permanent sample plots established by the provincial government of Manitoba,
Canada in 1985 and remeasured every five years. These plots represent a range of forest
conditions and species mixtures. At the individual tree level, there are wide ranges of
competition intensity, shade tolerance dissimilarity, and phylogenetically dissimilarity. The
spatial location of each individual tree within the plot was recorded which enabled us to estimate
spatially explicit competition, neighbourhood shade tolerance dissimilarity and phylogenetic
dissimilarity indices.
4.3 Materials and Methods
4.3.1 Study area
Permanent sample plots (PSPs) were established across Manitoba, Canada (Fig. A3-1) starting in
1985 and were re-measured every 5 years after establishment. The PSPs are in visually
homogenous well-stocked stands greater than 1 ha in size, at least 100 m from any openings to
minimize the impacts of edge effects and were all circular in shape with a 12.6m radius or
500.34 m2 in size. Plots from the network were compiled in our study using the following data
selection criteria: (i) PSPs originating from a known stand replacing wildfire, and were
unmanaged; (ii) PSPs with all trees marked and tagged with diameter at breast height (DBH),
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position within the plot, and species identification tracked accurately over multiple censuses;
and, (iii) PSPs had a minimum of three remeasurements. Primary tree species included in the
network included: Picea mariana (Mill.) B.S.P. (40.4% of all stems measured), Pinus banksiana
Lamb. (25.7%), Populus tremuloides Michx. (19.2%), Abies balsamea (L.) Mill. (5.2%), Betula
papyrifera Marsh. (2.8%), Fraxinus nigra Marsh. (2.1%), Picea glauca (Moench) Voss (2.0%),
Larix laricina (Du Roi) K. Koch (1.4%), Thuja occidentalis L. (1.1%); and, minor species
included: Ulmus Americana L., Acer negundo L., Quercus macrocarpa Michx., and Pinus
resinosa Ait. (total approximately 0.05%).
4.3.2 Estimates of growth rates
We estimated individual tree growth as annual basal area increment (cm2 year-1). Annual basal
area increment was obtained by taking the difference between basal area at the end of the census
period and basal area at the beginning of the census period and dividing by the time between
measurements.
4.3.3 Global environmental change drivers
We used the midpoint year of a census (i.e., the average of initial and final measurement years)
to represent the overall effects of global environmental change (van Mantgem et al. 2009; Chen
et al. 2016; Searle & Chen 2017b). This corresponded to not only the increase in atmospheric
CO2 and temperature in the region (IPCC 2013) but also increases in any other global change
drivers. To investigate the sensitivity of tree growth to increases in atmospheric carbon dioxide
(CO2), temperature, and water availability, we examined the response to global environmental
change drivers by using the annual temperature anomaly (ATA), the annual standardised
precipitation-evapotranspiration index (SPEI), and CO2 averaged over the census period. The
annual temperature anomaly was defined as the average difference between observed mean
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annual temperatures over the census period and its long-term mean (1985-2011, the length of our
study period) at each plot. Similarly, we used the average annual SPEI for each census period as
a measure of water availability; SPEI is an excellent indicator of drought conditions and is
sensitive to changes in water availability due to global warming (Vicente-Serrano et al. 2010).
We calculated SPEI by using annual climate moisture index (defined as potential
evapotranspiration minus precipitation) as our measurement of water availability and the SPEI
package in R (Vicente-Serrano et al. 2010). Both annual temperature and the annual climate
moisture index were generated using BioSIM 10 (Réginère et al. 2014) for the length of our
study period. BioSIM uses historical weather data from the nearest weather station to a location
and adjusts predictions for differences in elevation, latitude, and longitude (Réginère et al. 2014).
Atmospheric CO2 concentration was derived from the Manua Loa Earth System Research
Laboratory (http://www.esrl.noaa.gov/gmd/ ccgg/trends/co2_data_mlo.html). CO2 values were
the average values for each measurement period for each plot.
4.3.4 Competition, shade tolerance dissimilarity, and phylogenetic dissimilarity indices
Because light competition is a strong determinant for tree growth, we calculated Hegyi
competition index (Hegyi 1974) based on the focal tree size, the tree sizes and distances of its
neighbours using the following equation:
 DBH njk
1
H ijk =  
*
( Distin ) jk
n  i  DBH ijk







(1)

where Hijk, is the Hegyi competition index for the ith tree, in the jth plot during the kth census;
DBHnjk, DBHijk, and (Distin)jk, were the DBH of the neighbouring trees, the DBH of the focal tree
i, and the distance between the neighbouring tree and the focal tree, respectively. We considered
all trees within 12.6 m radius as the neighbours of a focal tree (Luo & Chen 2015). For tree’s
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which neighbourhood was not completely sampled, we divided the competition index by the area
of overlap. For example, if 25% of the focal tree’s neighbourhood fell outside of the plot,
estimates of competition were divided by 0.75. We assumed that the stands were homogenous in
that size of neighbourhood would not produce significantly different estimates of competition
intensity (Luo & Chen 2015). In order to ensure our use of the full plot radius was not biasing
model estimates, we calculated the Hegyi’s index, shade tolerance dissimilarity, and
phylogenetic dissimilarity using 10, 7.5, and 5 metre radii. Model estimates for all
neighbourhood radii are presented in Fig. A3-2.
We used shade tolerance as our measure of functional niche. We adopted values of shade
tolerance from Niinemets and Valladares (2006) which assign values from approximately 1 to 5
that correspond to the minimum light availability required for an individual to grow. A level of 1
corresponds to highly shade intolerant (i.e., requires at least 50% of full sunlight) and a level of 5
corresponds to highly shade tolerant (i.e., requires less than 5% of full sunlight). We estimated
average neighbourhood shade tolerance dissimilarity between the focal tree and its neighbours
using the following equation:

Sijk =

 abs(T − T
n i

i
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n
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D

)

Bnjk
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where Sijk is the weighted mean of neighbourhood shade tolerance dissimilarity for the ith focal
tree in the jth neighbourhood at the kth census with n neighbours; and T, B, and D are the shade
tolerance, basal area, and distance to the neighbours of the focal tree. We also estimated the
phylogenetic dissimilarity for each focal tree from each surrounding neighbour. We produced a
phylogeny for our study species using the Phylomatic V3 software web client
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(http://phylodiversity.net/phylomatic/) and the cophenetic package in R statistical software,
version 3.5.2 (Swenson 2014; Parker et al. 2015). We produced a dissimilarity matrix for the
study species where maximum dissimilarity was set to 1 and maximum similarity (i.e., neighbour
of the same species as the focal tree) to 0. Similar to shade tolerance dissimilarity, we produced a
weighted neighbourhood average phylogenetic similarity by substituting phylogenetic similarity
for shade tolerance in eqn. (2) (Chen et al. 2016). If a tree’s entire neighbourhood was not
sampled, we assumed the sampled region was representative of its neighbourhood since previous
studies in the region found the stands to be largely homogenous (Luo & Chen 2015). Histograms
of all explanatory variables across the plot network are presented in Fig. A3-3 and functional and
phylogenetic similarity are presented for Pinus banksiana in Fig. A3-4.
4.3.5 Statistical analyses
We used the following maximum likelihood linear mixed effect model to assess whether
neighbourhood dissimilarity and temporal change in the environment (represented by calendar
year) interacted to improve individual tree growth rates in our study region:
ln Gijk =  0 + 1  Cij −1k +  2  Yijk +  3  Dijk +  4  Pijk +
+  5  Cij −1k  Yijk +  6  Cij −1k  Dijk +  7  Yijk  Dijk
+ 8  Cij −1k  Pijk +  9  Pijk  Yijk + 10  Dijk  Cij −1k  Yijk

(3)

+ 11  Pijk  Cij −1k  Yijk + 12  Aijk
+ k +  ( k ) i +  ( k ) l +  ijkl

where lnGijk is the natural logarithm of the growth rate for the ith tree, at the jth census, within
the kth plot; Cijk, Yijk, Dijk, Pijk, Aijk, are the competition index, calendar year, shade tolerance
dissimilarity, phylogenetic dissimilarity, and age for the ith tree, at the jth census, within the kth
plot; and, αk, α(k)i, and α(k)l, are random intercept terms representing the effects of plot, individual
tree nested within plot, and tree species nested within plot. Basal area increment was
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logarithmically transformed to conform to the assumption of normality. Since the age of the tree
can affect its growth rates (Poage & Tappeiner 2002), we included log-transformed stand age as
a covariate in the model since all individuals recruit simultaneously post-fire in boreal stands
leading to evenly-aged, though not evenly-sized, stands (Gutsell & Johnson 2002). We also
estimated species level slopes by nesting the fixed effects of eqn. (3) into tree species and
removing the random species term; however, Akaike Information Criterion (AIC) selection
identified the model with species as a random intercept effect as the most parsimonious model.
Coefficient estimates from species level modelling are presented in Fig. A3-5 for the
three major species in our study region. To ensure that any correlation between shade tolerance
dissimilarity and phylogenetic similarity did not affect model interpretation, we refit eqn. (3) by
modelling shade tolerance dissimilarity and phylogenetic similarity separately (Fig. A4-4).
Akaike Information Criterion selection identified the combined model as the most parsimonious
and variance inflation factors were less than 3 for all coefficients (Zuur et al. 2010).To
investigate individual tree growth response to increased atmospheric CO2, temperature, and
water availability, we replaced the year term in eqn (3) with the individual climate drivers. While
simultaneous modelling of the climate drivers would be preferable, variance inflation factors
were in excess of 10 when including all three drivers, which could cause spurious coefficient
estimates (Zuur et al. 2010; Dormann et al. 2013). We bootstrapped each model 1000 times to
produce coefficient estimates and 95% confidence intervals.
We assessed the effects of neighbourhood dissimilarity at a radius of 12.6 m (i.e., the
radius of all plots). All independent variables were standardised to speed convergence and aid in
interpretability. All analyses were performed in R package lme4 (Bates et al. 2015).
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4.4 Results
Competition explained the largest amount of variation in the model, followed by the interaction
between shade tolerance dissimilarity and competition, and the main effects of shade tolerance
dissimilarity and temporal trends; overall, the simultaneous model accounted for 64.5% of
variation in the data from the fixed effects and 86.9% of variation in the data from the random
effect (Table A3-1). On average, across all species, annual basal area increment increased at 0.54
± 0.03cm2 year-1 per tree (mean ± 95% bootstrapped confidence intervals). Growth decreased
strongly as competition intensity increased on average (Fig. 4-1a) and decreased throughout the
duration of the study period (Fig. 4-1b). Growth increased with increasing shade tolerance
dissimilarity (Fig. 4-1c) but did not respond on average with increasing phylogenetic
dissimilarity (Fig. 4-1d). On average, growth declined as trees aged (Fig. A3-6).
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Figure 4-1: Trends in individual focal tree growth and the effects of (a) competition, (b)
calendar year, and (c & d) neighbourhood dissimilarity. Solid black lines show average effects,
with 95% confidence bands in grey generated by coefficient estimates from simultaneous model
fit presented in Table A3-1. Background points are individual measurements of tree growth with
the effects of all other predictors removed.
The effect of competition intensity on growth became more negative over the study
period (Fig. 4-2). Increasing competition intensity enhanced complementarity effects; the
response of growth to both shade tolerance and phylogenetic dissimilarity improved as
competition intensity increased (Fig. 4-3). The improvement in the effect of shade tolerance
dissimilarity on individual tree growth was particularly strong: a tree experiencing relatively low
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intensity of competition had a negative response to increasing shade tolerance dissimilarity of
neighbours whereas a tree experiencing relatively high intensity of competition had a positive
response to increasing shade tolerance dissimilarity of its neighbours (Fig. 4-3a). Growth did not
significantly respond to increases in neighbourhood phylogenetic dissimilarity until a relatively
high intensity of competition (Fig. 4-3b). Complementarity effects also increased during the
study period with the effects of both shade tolerance dissimilarity and phylogenetic dissimilarity
increasing (Fig. 4-4). Notably, the average effect of phylogenetic dissimilarity changed
directionality from initially negative at the start of the study period to positive by the end of the
study period (Fig. 4-4b). The enhancement of the positive effect of shade tolerance dissimilarity
by increasing competition intensity was consistent across the study period (i.e., a non-significant
three-way interaction), while enhancement of the positive effect of phylogenetic dissimilarity by
increasing competition intensity was increased over the study period (i.e., a significantly positive
three-way interaction; Table A3-1).
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Figure 4-2: Year-dependent effect of competition intensity on growth. Values are mean and
bootstrapped 95% confidence intervals generated by coefficient estimates from simultaneous
model fit presented in Table A3-1; filled circles indicate mean effects for each coefficient.

Figure 4-3: Competition-dependent effect of niche complementarity on growth. Panels depict:
(a) shade tolerance dissimilarity and (b) phylogenetic dissimilarity. Values are mean and
bootstrapped 95% confidence intervals generated by coefficient estimates from simultaneous
model fit presented in Table A3-1; filled circles represent the effect of complementarity at the
average competition intensity experienced by an individual in this study.
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Figure 4-4: Year-dependent effect of niche complementarity on growth. Panels depict: (a) shade
tolerance dissimilarity and (b) phylogenetic dissimilarity. Values are mean and bootstrapped
95% confidence intervals generated by coefficient estimates from simultaneous model fit
presented in Table A3-1; filled circles represent the average effect of complementarity.
Individually modelling shade tolerance and phylogenetic dissimilarity produced similar
coefficient estimates to the simultaneous model (Table A3-1). When shade tolerance
dissimilarity was not accounted for, coefficient estimates of phylogenetic dissimilarity were
larger and accounted for more variance suggesting that the two parameters had shared variation
that was best explained by shade tolerance dissimilarity. However, there was some variation
attributable to solely phylogenetic dissimilarity, particularly in the two-way interactions, as
increasing phylogenetic dissimilarity still moderated the effect of competition, and enhanced
response to global environmental change, after accounting for shade tolerance dissimilarity
(Table A3-1).
During the study period, atmospheric CO2, temperature, and water availability increased
(Fig. 4-5 a-c). On average, similar to temporal trends, increases in both atmospheric CO2 and
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temperature led to declines in focal tree growth; however, contrary to temporal trends, increases
in water availability increased focal tree growth (Table A3-2). Increases in all three climate
drivers led to increases in the negative effect of competition on tree growth (Fig. 4-5 d-f). The
most pronounced increase in the negative effect of competition occurred with increasing
temperature, then increasing atmospheric CO2 and finally with increasing water availability. The
positive effect of shade tolerance dissimilarity was enhanced by increasing atmospheric CO2 and
water availability but reduced by increasing temperature (Fig. 4-6 a-c). The positive effect of
phylogenetic dissimilarity was enhanced by increasing atmospheric CO2 and temperature but
reduced by increasing water availability (Fig. 4-6 d-f). All three climate models explained
approximately 64% of the variation in growth from their fixed effects and 87% of the variation in
growth when including the random effects.
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Figure 4-5: Trends in climate drivers (a-c) and their effect on the response of growth to
competition (d-f). Background points in (a-c) are the climate driver for each measurement of
each tree while blue lines represent linear fits. Points and error bars in (d-f) represent the average
and associated 95% bootstrap confidence limits of the response of growth to competition,
dependent on (d) atmospheric CO2, (e) annual temperature anomaly, and (f) standardised
precipitation-evapotranspiration index generated by coefficient estimates from model fits
presented in Table A3-2. Filled circles represent the average competition intensity experienced
by a tree in this study.
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Figure 4-6: Climate driver-dependent effect of (a-c) shade tolerance dissimilarity and (d-f)
phylogenetic dissimilarity. Points and error bars represent the average and associated 95%
bootstrap confidence limits of (a&d) atmospheric CO2, (b & e) annual temperature anomaly, and
(c & f) standardised precipitation-evapotranspiration index dependent effects. Filled circles
represent mean effects of each driver. Values are generated by coefficient estimates from model
fits presented in Table A3-2.
4.5 Discussion
Our results provide evidence that the positive effect of niche complementarity on individual tree
growth increases with competition intensity. Further, the positive effects of niche
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complementarity on growth were enhanced during the study period and in response to increases
in atmospheric CO2, temperature, and water availability. For individuals experiencing relatively
high intensity of competition, promotion of neighbours with dissimilar shade tolerance and high
amount of phylogenetic resistance could help to promote growth under global environmental
change.
Unsurprisingly, we found that intensity of competition was the most important predictor
for tree growth rates (Oliver & Larson 1996). However, the interaction between competition
intensity and neighbourhood shade tolerance dissimilarity was the second most important
predictor in the full model. This interaction suggests that both the magnitude and directionality
of complementarity effects on tree growth are strongly dependent on the intensity of competition
being experienced by an individual tree. This dependency may help to explain discrepancies in
the estimates of biodiversity-productivity relationships. In fact, on average, in neighbourhoods
with low intensity of competition, trees with dissimilar neighbours grew less quickly than in
stands with similar neighbours. Previous studies have suggested that smaller trees benefit more
from increased diversity than larger trees (Jucker et al. 2014), and here we present direct
evidence that this pattern is driven by spatial distribution of shade tolerance. Mixed stands have
been shown to have higher light use efficiency (Sapijanskas et al. 2014) and crown
complementarity (Pretzsch 2014; Williams et al. 2017); however, these complementarity effects
are only important when light is limiting (Forrester & Bauhus 2016). Future studies examining
biodiversity-productivity relationships in natural forests need to ensure that they include trees
experiencing a wide-range of light availability and competitive intensities.
Complementarity effects were also strengthened during the study period providing
evidence that maintaining tree species diversity can enhance positive responses, or mitigate
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negative responses, of tree productivity to global environmental change (Hisano et al. 2018;
Ammer 2019; Hisano et al. 2019). The effects of phylogenetic dissimilarity became significantly
positive over the study period, even after accounting for differences in shade tolerance, which
could be a result of two mechanisms. First, it may reflect increasing complementarity effects
with global environmental change dependent on dispersion of functional traits not correlated
with shade tolerance dissimilarity (Paquette et al. 2015). Second, higher phylogenetic
dissimilarity may buffer tree’s against the negative effects of specialist pest and pathogen
outbreaks (Parker et al. 2015; Grossman et al. 2018). Studies have suggested that outbreaks of
pests such as spruce budworm have increased in intensity in our study region (Boucher et al.
2018) and regions previously inaccessible to the pest due to cold temperatures will become more
susceptible as the climate warms (Pureswaran et al. 2015). Further studies in areas of ongoing
pest-outbreak that integrate local neighbourhood diversity and landscape level diversity are
required to determine if the second mechanism is occurring at ecologically relevant magnitudes.
Despite increases in atmospheric CO2, temperature, and water-availability, we found an
average decrease in growth during our study period. The decline was strongest with increasing
temperature, suggesting that these forests may be experiencing heat-stress which has been
predicted to reduce growth of Picea mariana in the area (Girardin et al. 2016) and seedlings of
other boreal species (Reich et al. 2015). Despite the potential heat-stress effect, trees
experiencing more intense competition were even more disadvantaged than trees experiencing
lower rates of competition. Our average stand was less than 45 years old which is a time of
intense competition in boreal forests (Chen & Popadiouk 2002) and the majority of growth is
accounted for in smaller trees at this age in this study region (Searle & Chen 2017b). It is
possible that these smaller trees were more susceptible to global environmental change, or that
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the previously observed increases in mortality rates with higher competition (Luo & Chen 2015)
are being preceded by reduced growth rates in smaller suppressed trees (Cailleret et al. 2017),
leading to an average decline in growth rates in our sample. However, this increase in
competition intensity could be entirely offset by conservation and promotion of niche
complementarity within stands.
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CHAPTER 5: WEAKENING OF THE NATURAL FOREST CARBON SINK

5.1 Abstract
Understanding the effects of long-term global environmental change on forest productivity,
estimated as growth of live trees plus volume added by recruited trees, is essential to properly
estimate changes in the global terrestrial carbon sink. Here we use 293,580 ground-measured
observations of forest productivity, from across the globe, representing a time series of 1951 to
2018 with the best coverage from 1985, to show that forest productivity after accounting for
endogenous processes has declined by 0.016 ± 0.001 m3 ha-1 yr-2 or about a 1.9% loss per
decade. By weighting biome-level estimates by their forested area to better reflect a global
response, we identified a persistent decline of global forest productivity of -0.011 m3 ha-1 yr-2
or about 1.3% per decade. Further, we found that increases in temperature and declines in water
availability were associated with losses in global forest productivity suggesting shifts to warmer
and drier climates are at least partly responsible for our observed loss in forest productivity. Our
results highlight the threat global environmental change poses to the future ability of forest
ecosystems to sequester carbon.
5.2 Main body
Established forests are responsible for more than a quarter of the total global carbon sink (Pan et
al. 2011a) but they are being threatened by increased frequency of catastrophic events as well as
long-term stress associated with global environmental change (Trumbore et al. 2015). Until now
estimates of how long-term global environmental change affects the productivity of established
forests at near-global scales have been dependent on satellite-derived productivity indices
(Huang et al. 2017) or down-scaling from measurements of atmospheric carbon dioxide fluxes
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(Forkel et al. 2016). These studies are important in understanding overall global trends in forest
productivity and carbon sequestration. However, without ground-sourced information, these
studies are not able to incorporate endogenous processes associated with changes in forest
regrowth or structure quantitatively into modelling frameworks (Baccini et al. 2017) and thereby
tease apart whether overall trends in forest productivity are being driven by endogenous
processes or long-term environmental change. For example, younger forests are typically more
productive than older forests (Chen et al. 2016; Poorter et al. 2016) and may benefit more from
global environmental change in some regions (Chen et al. 2016). Further, site-specific
characteristics linked to total aboveground biomass, which itself is tied to time since disturbance,
have a strong control on forest productivity (Michaletz et al. 2014). Consequently, large ground
sourced networks containing plots in a variety of stages of regrowth and site conditions are
required to properly disentangle the effect of long-term global environmental change from that of
endogenous processes in natural forests. Previous reports from regional studies have observed
both increases (Hember et al. 2012; Pretzsch et al. 2014; Brienen et al. 2015) and decreases (De
Dios et al. 2007; Hogg et al. 2017; Zhang et al. 2018) in forest productivity, making global
patterns hard to infer. To address this, we sought to provide a comprehensive assessment of the
effects of global environmental change on the productivity of established forests, while
accounting for endogenous processes, to provide better information on how this critical carbon
sink is responding to long-term global environmental change.
Trends in forest response to global environmental change appear to be dependent on
spatially varying factors such as regional climates and their rate of change (Girardin et al. 2016;
Luo et al. 2019). Typically, four major drivers of long-term global environmental change (i.e.,
not catastrophic events such as drought, fire, or windstorms) are often cited as affecting forest
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biomass dynamics: increasing atmospheric CO2, increasing temperature, changes in water
availability, and nitrogen deposition. Increasing atmospheric CO2 is a global phenomena so is
unlikely to be directly driving region-dependent changes in forest productivity but has been
linked to increases in forest productivity through increases in water use efficiency (Keenan et al.
2013; Pretzsch et al. 2014). Alternatively, increases in temperature are occurring more quickly in
regions closer to the pole than the equator (Diffenbaugh & Field 2013). These increases can
improve forest productivity and lengthen growing seasons (Keenan et al. 2014); but may leave
plants more susceptible to frost (Liu et al. 2018) and cause water stress in regions where
precipitation has not increased. Changes in water availability are highly regional (Sheffield et al.
2012), but in areas where water availability is decreasing, it has often been cited as a critical
driver of increased mortality (Allen et al. 2015) and reduced growth (Girardin et al. 2016),
especially in those regions that were already water-limited (Luo et al. 2019). Similar to water
availability, nitrogen deposition is also spatially variable, with the highest rates typically
concentrated near large population centers and areas with high agricultural development.
Nitrogen deposition increases forest productivity in areas that are nitrogen limited (SchulteUebbing & de Vries 2018) and may also help alleviate water stress on plants in areas that are
drying (Ibanez et al. 2018). While regional studies of permanent sample plot networks have
focussed on examining the global change driver operating within their region, there has been no
investigation to determine which of the three regionally dependent environmental factors are
most important to forest productivity response to long-term environmental change at global
scales.
Here we used a global network of permanent sample plots to: 1) assess how long-term
global environmental change has affected forest productivity; and, 2) to better understand the
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drivers (i.e., increasing temperature, changes in water availability, and nitrogen deposition) of
divergent responses to long-term global environmental change across the globe. Our data set
consists of a total of 293,580 observations of forest productivity. The observations were recorded
between 1951 and 2018 with good coverage after 1980; total measurement period within biomes
was on average 38 years (Table A4-1 & Fig. A4-1). The longest coverage was within temperate,
boreal, and Mediterranean biomes. For each plot, all trees were tagged and repeatedly measured.
Annual forest productivity was the sum of growth in volume of all trees alive at the second
census date plus the volume added by stems that recruited during two successive censuses (i.e.,
grew larger than the measurement threshold) divided by the length of the census period. We used
a two-step modelling framework to achieve our two objectives. First, we used linear mixed
effects models to estimate the change in forest productivity within each biome over our study
period (represented by calendar year (Brienen et al. 2015)). Second, we modelled the responses
of forest productivity to both calendar year and stand basal area. We used stand basal area in our
models as a direct measure of stand density, and as a proxy for aboveground biomass, since both
stand density and aboveground biomass are positively correlated to the age of a stand and to site
quality (Michaletz et al. 2014; Liang et al. 2016). This allowed us to more accurately estimate
the response of forest productivity to long-term environmental change, rather than overall change
during the study period, by removing some of the confounding variation due to endogenous
processes associated with stand development (Chen et al. 2016). To examine whether changes in
forest productivity were related to rising temperatures, changes in water availability, and
nitrogen deposition, we substituted each climate driver for calendar year in the model.
On average, across our global plot network, forest productivity was estimated to be 8.9
m3 ha-1 yr-1. Overall, forest productivity increased significantly by 0.008 ±0.001 m3 ha-1 yr-2
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during our study period. The estimated increase in forest productivity was not consistent across
the globe: notably, temperate conifer forests (largely located on the western coast of North
America) experienced a significant decline in forest productivity over the study period (Fig. 51a). Models used to estimate the overall trend in forest productivity over the study period
explained 16% of the variation in forest productivity from the fixed effects alone, increasing to
90% when including the random effects.
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Figure 5-1: Temporal trends in annual forest productivity. The figure depicts coefficient
estimates of change in forest productivity over our study period of 1951 to 2018, with the best
coverage from 1985 onwards, for each biome: (a) without simultaneous modelling of stand basal
area (i.e., model in eqn. (1)) (b) with simultaneous modelling of stand basal area (i.e., model in
eqn. (2)). Colours represent coefficient estimates of calendar year fit by biome from linear mixed
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effects models presented in eqn. 1 & 2. Polygons are the subset of each biome that represent
ecoregions where plots were established, extracted from shapefiles provided by the Nature
Conservatory at http://maps.tnc.org/gis_data.html, based on World Wildlife Fund estimates (37).
Biome-level estimates were not visualised on forested regions where our data did not have
coverage.
This overall increase in forest productivity during our study period seems to be largely
attributable to endogenous processes. Simultaneous modelling of stand basal area and calendar
year led to an average forest productivity estimate of 8.2 m3 ha-1 yr-1 and a significant decline in
forest productivity across our plots of 0.016 ± 0.001 m3 ha-1 yr-2 or about a 1.9% loss per decade.
This decline in forest productivity after accounting for endogenous processes was largely driven
by temperate coniferous forests, temperate broadleaf and mixed forests, and boreal forests, all of
which responded negatively to global environmental change. Mediterranean forests and flooded
savannahs continued to have significant increases in forest productivity after accounting for
endogenous processes (Fig. 5-1b). Other biomes with large magnitudes of estimates in changes
in forest productivity had large uncertainty around the estimates (Fig. A4-2). Models estimating
forest productivity over the study period including both calendar year and stand basal area
explained 21% of the variation in forest productivity from the fixed effects alone, increasing to
92% when including the random effects.
To produce more robust estimates of changes in forest productivity over the forest areas
that our plots represent, rather than within the plots themselves, we weighted the biome level
estimates by their forested area. Average forest productivity when weighting by forested area
was estimated to be 9.2 m3 ha-1 yr-1 for the total forest area represented by our plot network of
1.6 *10^9 ha, and a temporal increase of forest productivity of 0.011 m3 ha-1 yr-2, or about a
1.2% gain per decade.
From the model with both calendar year and stand basal area as predictors, we estimated
that global forest productivity declined by 0.011 m3 ha-1 yr-2 or about 1.3% per decade. Once
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again this was driven by the increased importance of boreal forests which responded less
negatively than temperate conifer forests (Fig. 5-1b). Our estimates for the negative long-term
effect of global change on forest productivity were less severe when weighted by forest area
represented by each biome. The increase in the estimate of global forest productivity change over
our study period is attributable to the large forested area and more precise positive estimate of
the temporal trend in boreal forests compared to the slightly smaller forested area and large
variation around the negative estimate of the temporal trend in temperate conifer forests (Table
A4-1, Fig. 5-1a).
The opposing trends of forest productivity estimates when omitting or including stand
basal area highlight key mechanisms underpinning global changes in forest productivity.
Endogenous processes dominate patterns in forest productivity – for instance, recovery from a
stand-replacing disturbance is more important than half-century shifts in climate (Chen et al.
2016). On aggregate across our plot network, stands were continuing to regrow from major
disturbances in the past and thus would experience accelerations in forest productivity as
aboveground biomass recovered to pre-disturbance levels (Michaletz et al. 2014; Poorter et al.
2016; Pugh et al. 2019) leading to an overall increase in forest productivity over our study
period. This pattern of regrowth is likely a major driver of the reported increases of carbon
uptake in northern forests (Ciais et al. 2019), where stand-replacing disturbances are common
and the youngest stands are often the most productive (Chen et al. 2016). After accounting for
these endogenous processes, however, global forest productivity is overall in decline. This
suggests that while continued regrowth will maintain positive trends in global forest productivity
for some time, the rate is slowing. Recent estimates for an upper bound on biomass storage in
North American temperate and boreal forest ecosystems due to long-term global environmental
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change (D'Orangeville et al. 2018; Zhu et al. 2018) indicate that this may already be occurring.
Established forests are still a major carbon sink (Pan et al. 2011a) but such broad-scale
reductions in forest productivity are likely to present a threat to forest ecosystems globally, and
any decrease in their capacity to store carbon provides a negative feedback loop to ongoing
global environmental change.
The next step in our analysis involved disentangling, to the degree possible, impacts of
different global change drivers. Responses to increasing temperature were, on average,
significantly negative. Declines in forest productivity across North America, Australia, Asia, and
some tropical areas in Africa were observed (Fig. 5-2d). Whether this decline is due to increases
in heat stress as temperatures exceed physiological optima (Huang et al. 2019), indirect impacts
on soil moisture, insects, or diseases, or through simultaneous increases in other negative drivers
is unclear. The forest productivity of four biomes responded negatively to increasing annual
temperature anomaly (temperate broadleaf and mixed forests, temperate conifer forests, boreal
forests, and tropical savannas and shrublands) while only Mediterranean forests responded
significantly positively to increases in temperature. Responses in other biomes had large
magnitudes (e.g., tropical regions) but the uncertainty around these estimates was also large (Fig.
A-3). Increases in water availability, as measured by the standardised precipitationevapotranspiration index, were significantly associated with increases in forest productivity; put
another way, declines in water availability were associated with declines in forest productivity.
At the biome level, forest productivity in five biomes was positively associated with increases in
water availability (temperate conifer forests, boreal forests, tropical savannas and shrublands,
temperate savannas and shrublands, and Mediterranean forests) while only flooded savannas had
a negative relationship to increases in water availability (Fig. 5-2e). Water availability has been
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highlighted as a major driver of forest productivity in North American boreal (Girardin et al.
2016) and temperate forests (Zhang et al. 2018). Strong declines in overall water availability in
parts of these regions, particularly western North America (Fig. 5-2b), may be responsible for
our estimated declines in forest productivity over the study period. Further, droughts in tropical
areas have been linked to major losses in forest productivity (Doughty et al. 2015), suggesting
that even in these regions water availability has a tight link to forest productivity. Finally,
increases in nitrogen deposition had an overall positive effect on forest productivity but the trend
was not statistically significant (Fig. A4-3). While the forest productivity of temperate conifer
forests, boreal forests, and temperate savannas had a significantly positive response to nitrogen
deposition, tropical and subtropical moist broadleaf forests, temperate broadleaf and mixed
forests, and Mediterranean forests had declines in forest productivity associated with higher
nitrogen deposition. However, given these forests’ proximity to population centers (especially on
the eastern coast of North America and throughout Western Europe), this pattern may track more
closely to direct anthropogenic disturbance, or co-varying ozone pollution, than to nitrogen
deposition itself.
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Figure 5-2: Temporal trends in global environmental change drivers and their effects on
forest productivity. The figure depicts (a) temporal trends in annual temperature anomaly in 1°
by 1° grids from 1948 to 2018; (b) temporal trends standardized precipitation-evapotranspiration
index in 1° by 1° grids from 1954 to 2018; and, (c) annual nitrogen deposition as of 1993 in 5°
by 3.75° grids. Changes in forest productivity due to: (d) increasing annual temperature
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anomalies; (e) increases in water availability (i.e., a positive slope means decreasing forest
productivity in regions with decreasing water availability); and, (f) increases in nitrogen
deposition. Trends in annual temperature anomaly were derived from UDel_AirT_Precip data
(38) provided by the NOAA/OAR/ESRL PSD, Boulder, Colorado, USA, from their Web site at
http://www.esrl.noaa.gov/psd/ and averaged to a yearly value from 1948 to 2018. Trends in SPEI
were derived from a global dataset of 12-month average SPEI values at
http://spei.csic.es/index.html from 1954 to 2018. was extracted from an estimate of annual
nitrogen deposition in the year 1993 (41). Colours represent coefficient estimates of drivers of
global environmental change in (d-f) by biome from linear mixed effects models. All variables
were scaled prior to analysis so colour intensity is directly comparable across all global
environmental change drivers.
Our analysis reveals an overall global decline in forest productivity under long-term
global environmental change, when controlling for endogenous processes. These striking trends
alter our perception of the global forest sink under global change. First, these trends suggest that
while current forests are gaining in productivity, these gains are likely due to recovery from
disturbance and increases in stand density and not from global environmental change making
these gains unlikely to persist. Second, these trends suggest that changes in forest productivity
may in fact cause a potential negative feedback loop: declines in overall forest productivity will
reduce the ability forests to sequester carbon under global environmental change, which would
further compromise forest productivity. Finally, given the expected intensification of global
environmental change with ongoing increases in carbon emissions (IPCC 2013) our reported
declines in forest productivity may only increase in severity.

5.3 Materials and Methods
5.3.1 Forest productivity data
We compiled data from two major sources. Since data processing methodologies were
varied, we designated these two data as “Tier 1” and “Tier 2”. Tier 1 data was compiled directly
from twelve different forest surveys across Canada and the United States. Data of individual tree
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measurements were obtained from the Canadian provincial governments of British Columbia,
Alberta, Saskatchewan, Manitoba, Ontario, Nova Scotia, and Newfoundland and Labrador, as
well as from the federal government of the United States Forest Inventory Analysis program and
from the University of Alaska Fairbanks. While each forest survey had its own methodology, we
selected only plots that met the following criteria: (i) were fixed in area; (ii) had all trees tagged
and repeatedly measured with species identification and diameter at breast height recorded; and
(iii) had a minimum of two censuses so that volume productivity could be accurately estimated.
The plots in the Tier 1 data set are well distributed throughout Canada and the United States and
represent a continental spatial gradient (Fig. A4-1). Tier 1 plots were measured between 1951
and 2018 with good coverage from 1970 onwards (Fig. A4-4). Tier 1 plots had a mean interval
length of 7.3 ±3.4 (standard deviation) years, an average total monitoring length of 13.9 ±10.2
years, and a mean plot size of 0.25 ± 0.24 ha. When possible, allometric equations for gross stem
volume provided by the data provider were used; when unavailable (only the case in Canada)
national volume estimates or neighboring province estimates were used. Tier 1 data were
examined for typographical errors (e.g., misreported decimal places in DBH measurements) and
further examined for missed observations. Stems with a missed observation (e.g., present and
live in census 1 and in census 3 onwards but not present in census 2) had the missing DBH
interpolated as the average between the successive and previous census DBH. Dead trees without
measured DBHs were assigned their previous live DBH. Negative growth rates were allowed so
long as they were reasonable (i.e., within measurement error), but large negative changes were
examined for typographical errors and corrected if found. Measurement errors could have
resulted from different positions measured for DBH between censuses, and weather conditions
that affect tree bark swell due to available moisture. We considered these errors to be random,
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causing small negative or positive changes in growth estimates. Tier 1 data included 136,273
observations of annual forest productivity and 71,247 fixed plots, with over 20,750 ha and
200,000 ha years-worth of monitoring.
Tier 2 data was collected from the Global Forest Biodiversity Initiative database for
forest inventories outside of North America. This database includes estimates of stand-level
annual forest productivity (net change in standing live volume between censuses plus volume
lost due to mortality), stand basal area, and plot locations. Data for this database were obtained
from national and sub-national governments and research institutions with a variety of collection
methodologies (full details provided in (Liang et al. 2016)). We excluded estimates of forest
productivity that were not estimated by at least two census points and removed 6 observations
that occurred before 1951 (the start of our Tier 1 data set) due to the long period between
remeasurements (50 or more years in all cases). Tier 2 stands did not always have unique plot
identifications meaning that re-measurements of the same plot could not be reliably identified
within the data set. Tier 2 data represented 157,307 observations of annual forest volume
productivity with an average census period of 7.5±2.9 years. Observations in Tier 2 data began in
1970 but was best representative of 1985 onwards with most observations occurring after 2000
(Fig. A4-4). The total dataset combined (i.e., Tier 1 and Tier 2) represented 293,580 observations
of annual forest volume productivity. Number of observations, first and last year of census, and
forested area by biome for the total dataset are presented in Table S1.
5.3.2 Explanatory variables
We used the middle calendar year of a census period for each observation as a proxy to represent
global environmental change as a whole (van Mantgem et al. 2009; Peng et al. 2011; Pretzsch et
al. 2014; Brienen et al. 2015; Chen & Luo 2015; Chen et al. 2016; Searle & Chen 2017a).
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Biomes were extracted from shapefiles provided by the Nature Conservatory at
http://maps.tnc.org/gis_data.html, based on World Wildlife Fund estimates (Olson et al. 2001),
using plot spatial locations, similar to previous global forest inventory studies (Liang et al.
2016). For mapping purposes, only ecoregions that contained plots were graphed to emphasize
the spatial extent of our network (i.e., no ‘boreal biome’ presence in Eastern Russia because of
no established plots in that ecoregion).
To estimate the impact of endogenous processes related to stand density, time since
disturbance, and site quality we used stand basal area (Michaletz et al. 2014; Liang et al. 2016).
Stand basal area was calculated as the sum of the basal area of every living tree divided by the
plot area. To generate an average for the census period we averaged stand basal area at the initial
measurement with stand basal area at the second measurement. Temperature data was acquired
from UDel_AirT_Precip data (Willmott et al. 2001) provided by the NOAA/OAR/ESRL PSD,
Boulder, Colorado, USA, from their Web site at http://www.esrl.noaa.gov/psd/ and averaged to a
yearly value from 1948 to 2018. Climate anomalies allow for direct comparison of differences
from long-term climates across large spatial and climactic scales (Clark et al. 2011). The annual
temperature anomaly (ATA) was calculated as the difference between an observed annual
temperature and the mean temperature for the entirety of the study period. The ATA was then
averaged across all years of a census period for each remeasurement of each plot. It increased
across the globe over the study period (Fig. 5-2a). Monthly global standardized precipitationevapotranspiration index (SPEI) data was acquired from http://spei.csic.es/index.html and was
averaged across each year. Yearly SPEI data was then averaged across all years of a census
period for each remeasurement of each plot. SPEI is scaled to each location and sensitive to
changes in both temperature and precipitation, making it an ideal index of changes in long-term
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water availability (Vicente-Serrano et al. 2010). SPEI changes were highly regional (Fig. 5-2b).
Nitrogen deposition data was extracted from an estimate of annual nitrogen deposition in the
year 1993 (Dentener 2006). Nitrogen deposition was greatest around large population centers
(Fig. 5-2c).
5.3.3 Statistical analyses
To examine changes in global forest productivity due to global environmental change, we used
two modelling approaches. First, we examined overall temporal trends in forest productivity
without accounting for stand basal area. We accounted for effects of regional climate and forest
structures by modelling forest response within biomes (Crowther et al. 2015; Liang et al. 2016).
As we use data from multiple data sources with different thresholds, which can lead to biased
mean estimates of forest productivity (Searle & Chen 2017b), we included data provider in the
model as a fixed factor. Further, to account for local site conditions and non-independence of
remeasurements we also included plot identity as a random intercept effect. This produced the
following linear mixed effect model:
(1)

Pijklm = Bi + Bi  Y(i ) jm + Tk + Pl +  m + 

where Pijklm was the forest productivity, observed at the jth census period in the mth plot. Bi was
the biome and Y(j)jm was the mid calendar year for the jth census in the kth plot, nested in biome.
Tk was the data Tier (i.e., Tier 1 or Tier 2 data) and Pl is the data provider. πm is the random
effect of plot identity.
The second modelling approach was to examine the response of forest productivity to global
environmental change after accounting for the effect of endogenous processes represented by
stand basal area. To do this, we modified eqn. (1) to include the stand basal area per hectare
(Liang et al. 2016):
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Pijklmno = Bi + Bi  Y(i ) jm + Bi  ln(G)(i ) jm + Tk + Pl +  m + 

(2)

where all terms are identical to eqn. (1) except for the addition of ln(G)(i)jo which was the
standing basal area observed at the jth census in the oth plot. Basal area and year were
standardised by subtracting their mean and dividing by their standard deviation prior to analysis.
R2 values were determined using the r.squaredGLMM function from the package MuMIn and
methods described in Nakagawa and Schielzeth (2013).
To estimate the average temporal trend in forest productivity across our plot network we
modified eqn. (2) by removing the interaction between calendar year and biome. Since we
assumed a normal error distribution the maximum likelihood algorithm simplifies to be a leastsquares algorithm for estimating the fixed effects (Zuur et al. 2009), making the overall slope
estimate an average of all biome level responses weighted by the reciprocal of each biome
estimate’s variance (Neter et al. 1996). To produce a forest area weighted global estimate of the
temporal trend in forest productivity, we weighted the average of biome-level estimates obtained
by eqn. (1) and (2) by the forest area contained within each polygon in Fig. 5-1 for each biome
multiplied by the reciprocal of the variance of the biome estimate. Forest areas were retrieved
from a forest cover database that represents forest cover as of 2000 (Hansen et al. 2013); we
defined forest to be any area with vegetation at least 5 m high covering at least 20% of the area
(DeFries et al.). To reduce computation time we aggregated the initial rasters of 900 m2 to 1 km2.
We obtained areas of each raster cell, correcting for differences in latitude, by using the area
function in the raster package.
We also compared estimates of forest productivity by modelling both Tier 1 and Tier 2 data and
then modelling estimates of forest productivity using just Tier 1 data. Since estimates were
largely consistent (Fig. A4-5), we report on the total dataset in the main text. We also examined
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whether basal area was a good proxy for stand age in determining stand development. Following
previous studies (Luo & Chen 2013; Pretzsch et al. 2014; Chen & Luo 2015; Chen et al. 2016;
Searle & Chen 2017a) we used the natural logarithm of stand age instead of the natural logarithm
of stand basal area to account for endogenous processes. To estimate ages in Canadian data
dendrochronological ageing was used, with appropriate correction factors (Huang et al. 2009)
and stands were assigned the average age of the oldest present species. For data from the United
States, stand age was also determined by dendrochronological techniques with local correction
factors, but stands were assigned the average age of all selected ageing trees across species. For
data from the Alaskan database, North American forest age maps (Pan et al. 2011b) were used to
extract ages for each stand. Since stand age information was only available for 42,999 plots, and
using stand basal area in the models as a proxy for stand age and other endogenous processes
produced similar coefficient estimates to using stand age directly (Fig. A4-6), we present the
analysis including stand basal area in the main text. Finally, to ensure our use of allometric
equations to estimate individual tree volume did not bias our estimates of global environmental
change effects on forest productivity, we re-fit eqn. (2) using only Tier 1 data and forest
productivity determined by basal area. Since coefficient estimates between forest productivity
estimated by basal area and forest productivity estimate by volume were similar (Fig. A4-7), and
Tier 2 data did not contain estimates of forest productivity from basal area, we presented results
derived from forest productivity estimated by volume in the main text.
To further examine how global change drivers (annual temperature anomaly, standardizedprecipitation evapotranspiration index, and nitrogen deposition) were affecting forest
productivity, we replaced calendar year in eqn. (2) with each global environmental change
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driver. Since variance inflation factors were over 10 for a model with all drivers included, we
modelled each driver independently (Zuur et al. 2010).
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CHAPTER 6: GENERAL CONCLUSION
Anthropogenic global environmental is a major threat to ecosystems across the globe. While
cutting emissions of so-called greenhouse gasses is the most efficient way to curb anthropogenic
global environmental change, promoting and maintaining carbon storage in forest ecosystems is
also an important avenue for mitigation. However, before we can fully realise the carbon-storing
potential of these ecosystems, we must understand how these ecosystems have responded to past
and present anthropogenic climate change and how they are likely to respond to future
anthropogenic climate change.
By using permanent sample plot networks from across the globe, I have furthered our
understanding of how anthropogenic global environmental change has affected forest ecosystem
dynamics. I have demonstrated that using large size thresholds can bias estimates of age-related
trends in stand level biomass gain, loss, and net change but does not bias estimates of climate
change effects on biomass dynamics. Further, I have demonstrated that trees with faster lifetime
growth rates have shortened longevities due to higher mortality rates compared to trees with
slower lifetime growth rates. Moreover, I have also shown that both functional and phylogenetic
dissimilarity to neighbours can benefit individual tree growth and reduce the increasingly
negative effects of competition under global change. Finally, I have shown that global
environmental change has led to an overall decline in global forest productivity. A summary of
the key findings of each chapter of this dissertation are as follows:
1. Use of a diameter at breast height threshold significantly underestimated biomass
productivity and loss due to mortality. These underestimates are exacerbated as the
threshold size increases since surveys become “blind” to an increasing number of smaller
trees. There was some indication that use of a threshold might underestimate temporal
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increases in biomass loss due to mortality but no indication of biases in estimates of
productivity or net change. However, there was a large effect of thresholds on estimates
of age effects on biomass dynamics. Mortality was always underestimated and, notably,
the peak productivity was incorrectly estimated using a 10 cm threshold. Without a
threshold, the most productive stands were the youngest stands. Use of a 10 cm threshold
estimated peak productivity to occur at about 48-years post-fire. Future studies seeking to
estimate forest recovery need to properly account for the effects of tree-size thresholds in
their sampling designs.
2. My results show consistent temporal increases in annual mortality probabilities for trees
older than 100 years during the past half-century in Alberta indicating that tree longevity
declined over time. These reductions in tree longevity were strongest in trees with faster
lifetime growth rates suggesting that tree life cycles were accelerated. The reduced
longevity was associated with increasing atmospheric carbon dioxide concentrations and
reduced water availability. With ongoing environmental change in the region expected to
continue to increase carbon dioxide concentrations and reduce water availability the
reductions in tree longevity are expected to continue.
3. In my examination of how functional and phylogenetic dissimilarity of a focal tree to its
neighbours might affect individual tree growth, I found that both functional and
phylogenetic dissimilarity to neighbours reduced the negative effect of competition for
light on growth and the negative effect of global environmental change. Importantly, this
reduction was accomplished when modelling each measure individually and combined
suggesting functional and phylogenetic dissimilarity operate on different elements of tree
growth. These results provide a potential mechanism to explain how promoting or
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maintaining tree species richness can improve or mitigate forest response to global
environmental change. These findings also provide two dimensions on which forest
managers can maintain this diversity: both functionally and phylogenetically.
4. By using 228,545 plots from across the globe sampled from 1916 to 2018, I estimated
that forest productivity after accounting for forest regrowth has declined by -0.019 ±
0.001 m3 ha-1 yr-2 or about a 0.21% loss per year. When these estimates were weighted
by land area they represented, I estimated a decline of global forest productivity of -0.005
m3 ha-1 yr-2 or about 0.06% per year. The major drivers of this decline appear to be
increases in temperature and changes in water availability, which were both net negatives
at the global scale. These results highlight that the global terrestrial carbon sink is
weakening and that future global environmental change may be exacerbated.
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APPENDIX I: SUPPLEMENTAL INFORMATION FOR CHAPTER 2
Table A1-1: Coefficient values from fitted linear mixed effects model for each demographic rate. Values in the Table are mean values
with the lower and upper 95% quantiles from bootstrapped distributions, created using 10,000 iterations using the bootMer function in
the lme4 package, shown in brackets. Coefficients were considered significant when their 95% confidence intervals did not overlap
zero. Significant values are shown in bold.
Intercept
A
A2
A3
logA
Y
4
5
(10 )
(10 )
Productivity
2.896
-0.063
2.395
0.024
No
(2.747
3.050)
(-0.086
-0.040)
(0.807
3.950)
(0.008
- 0.040)
threshold
2.833
-0.058
2.141
0.024
5 cm
(2.682
2.989)
(-0.081
-0.034)
(0.538
3.709)
(0.008
- 0.041)
threshold
2.696
0.106
-18.843
0.794
0.026
10 cm
(2.474
2.922)
(0.024
0.186)
(-30.118
-7.510)
(0.327
1.263)
(0.005
- 0.047)
threshold
Growth
2.754
-0.051
1.781
0.024
No
(2.606
2.907)
(-0.074
-0.028)
(0.216
3.298)
(0.009
- 0.040)
threshold
2.578
0.043
-10.399
0.467
0.023
5 cm
(2.409
2.751)
(-0.018
0.104)
(-18.940
-1.825)
(0.113
0.823)
(0.007
- 0.039)
threshold
1.732
0.202
-26.690
0.987
0.020
10 cm
(1.535
1.929)
(0.144
0.259)
(-34.673
-18.723)
(0.652
1.323)
(0.005
- 0.036)
threshold
Ingrowth
0.142
-0.240
-0.000
No
(0.073
0.214)
(-0.427
-0.059)
(-0.007
- 0.007)
threshold
0.259
-0.065
7.409
-0.258
0.002
5 cm
(0.197
0.322)
(-0.090
-0.041)
(4.002
10.780)
(-0.400
-0.119)
(-0.005
- 0.008)
threshold
0.960
-0.105
9.256
-0.250
0.007
10 cm
(0.849
1.072)
(-0.154
-0.057)
(2.459
16.107)
(-0.528
0.029)
(-0.008
- 0.021)
threshold
Mortality
1.486
0.290
0.078
No
(1.278 - 1.696)
(-0.281 - 0.844)
(0.052 - 0.104)
threshold
1.189

0.818
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0.073

5 cm
threshold
10 cm
threshold

(0.986 - 1.395)

(0.260 - 1.359)

(0.048 - 0.099)

0.729

0.765

0.059

(0.558 - 0.902)

(0.295 - 1.221)

(0.037 - 0.080)
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Table A1-2: AIC values for different age functions for each demographic rate.

Function of age

Demographic rate
Productivity

Growth

Ingrowth

Mortality

Linear

1214.3

1178.1

483.3

1624.2

Quadratic

1207.1

1174.8

482.3

1625.3

Cubic

1208.5

1175.0

482.9

1626.7

Logarithmic

1211.1

1179.0

480.6

1623.7

Linear

1214.8

1196.6

444.8

1607.5

Quadratic

1209.6

1198.0

431.0

1605.0

Cubic

1210.9

1193.4

420.1

1604.8

Logarithmic

1212.2

1203.6

427.3

1604.1

Linear

1442.9

1166.7

1113.1

1455.3

Quadratic

1444.9

1152.9

1088.6

1452.9

Cubic

1436.3

1122.6

1087.6

1454.8

Logarithmic

1449.7

1160.7

1096.4

1452.7

No DBH threshold

5 cm threshold

10 cm threshold
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Figure A1-1: Models of underestimates of 10 cm threshold sampling versus 1.3m height
threshold sampling of the four biomass dynamics along age gradients. Models are AGBNo –
AGB10cm related to the inverse of stand age and a plot random effect. Background points have
plot-effects removed so may contain biologically unreasonable points (i.e., some mortality
underestimation<0). Lines are upper and lower 95% confidence bands estimated from
bootstrapping models 10,000 times.
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Figure A1-2: Spatial locations of the 141 plots across the study region.
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Figure A1-3: Histograms of stand age, binned by five year intervals over the study period.
Dashed bold line is the mean stand age for each sampling period.
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Figure A1-4: Bootstrapped mean and associated 95% confidence interval of each basal area
component following the removal of the mean effects of age and calendar year.
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Figure A1-5: Partial regression plots of variables included in plot level analysis of basal area
dynamics by threshold: (a) Calendar year effect; (b) Stand age effect. Shaded lines are 95%
confidence intervals.
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APPENDIX II: SUPPLEMENTAL INFORMATION FOR CHAPTER 3
Table A2-1. Numbers of stems, observations, plots, years measured, and ages measured of all individuals and by major species.
Age of the
Age of the
Number Number of
Number of
Year of the
Year of the
Species
first Census
last Census
of stems observations
plots
first census
last census
(years)
(years)
54680
129533
539
1960
2009
103
216
All individuals
7193
16899
302
1961
2009
103
196
P. tremuloides
1623
4013
192
1961
2009
103
206
P. balsamifera
13470
32000
291
1960
2009
103
213
P. contorta
4029
9494
179
1962
2009
103
213
P. mariana
22920
53358
481
1964
2009
103
216
P. glauca
4493
11803
171
1962
2009
105
216
A. balsamea
952
1966
185
1964
2009
103
209
All other
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Table A2-2: AIC values for models assessing whether best fit function of relative size (either
logarithmic or linear), using eqn. (2).
Fit function
Linear
Log
All species
95517.8
95143.6
P. tremuloides
15541.6
15343.1
P. balsamifera
3374.1
3369.7
P. contorta
24333.2
24158.5
P. mariana
5877.7
5875.7
P. glauca
35831.3
35635.4
A. balsamea
9656.8
9666.4
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Table A2-3: Effects of relative size, year, and absolute size on annual tree mortality probability by species. Values are parameter
estimates with 95% confidence interval in brackets. logR is natural log transformed relative tree basal area, Y is calendar year, D is
diameter at breast height. Model is defined in eqn. 2.
Populus tremuloides Populus balsamifera

Pinus contorta

Picea mariana

Picea glauca

Abies balsamea*

Intercept

-3.520
(-3.596 - -3.444)

-3.504
(-3.658 - -3.349)

-4.197
-4.339
-4.428
-3.917
(-4.276 - -4.117) (-4.504 - -4.173) (-4.511 - -4.345) (-4.054 - -3.780)

logR

-0.456
(-0.494 - -0.419)

-0.315
(-0.410 - -0.221)

-0.587
-0.127
-0.309
(-0.619 - -0.556) (-0.202 - -0.052) (-0.336 - -0.282)

Y

0.445
(0.408 - 0.482)

0.410
(0.332 - 0.489)

0.702
(0.668 - 0.735)

0.392
(0.321 - 0.463)

0.515
(0.488 - 0.543)

0.324
(0.278 - 0.371)

logR x Y

0.202
(0.169 - 0.235)

0.135
(0.060 - 0.211)

0.200
(0.174 - 0.226)

0.107
(0.042 - 0.172)

0.034
(0.011 - 0.057)

-0.026
(-0.067 - 0.015)

*Note: Relative size was linear for Abies balsamea
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0.126
(0.079 - 0.173)

Fig. A2-1: Location of the 539 plots used in the study.
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Fig. A2-2: Coefficients and 95% confidence intervals from the models using average annual and
average growing season (May 1st to Sept 1st) temperature anomaly (ATA) and standardized
precipitation-evapotranspiration index (SPEI). CO2 and R are described in Table 3-2
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Fig. A2-3: Coefficient estimates of global change driver effects on annual tree mortality
probability using five modelling approaches: simultaneous modelling of all drivers using
generalised linear mixed effect model, simultaneous modelling of all drivers and all interactions
using generalised linear mixed effect model, simultaneous ridge regression of all drivers,
simultaneous non-parametric regression of all drivers, and individual modelling of drivers.
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Fig. A2-4: Species-specific temporal trends in annual mortality probability by relative basal area.
Black lines represent the responses at mean relative basal area. Only species with at least 1000
observations were modelled. Coefficient estimates and confidence intervals are presented in
Table A2-3.
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APPENDIX III: SUPPLEMENTAL INFORMATION FOR CHAPTER 4
Table A3-1: Effect of competition (C), year (Y), shade tolerance dissimilarity (D), phylogenetic dissimilarity (P), and stand age (A) on
logarithmic basal area growth. Numbers are the mean coefficient estimate with bootstrapped 95% confidence intervals in brackets.
Marginal R2 (R2m) refers to variation explained by the fixed effects alone and conditional R2 (R2c) refers to variation explained by both
the fixed and random effects combined. Partial R2 is estimated from the marginal R2 times the relative sum of squares of fixed effects.

Source
Intercept
C
Y
D
P
C×Y
D×C
D×Y
P×C
P×Y
D×C×Y

Simultaneous model
Shade tolerance dissimilarity only
R2m = 0.645, R2c = 0.869
R2m = 0.644, R2c = 0.868
Partial Sum of
Partial Sum of
Estimate
Estimate
R2
squares
R2
squares
-0.613
-0.600
(-0.678 - -0.550)
(-0.663 - -0.538)
-1.414
-1.408
0.636 36018.8
0.623 36086.7
(-1.422 - -1.405)
(-1.417 - -1.4)
-0.018
-0.02
<0.001
4.7
<0.001
5.8
(-0.027 - -0.009)
(-0.029 - -0.009)
0.093
0.100
<0.001
35.3
<0.001
51.0
(0.074 - 0.111)
(0.084 - 0.117)
0.013
<0.001
0.7
(-0.004 - 0.031)
-0.006
-0.006
<0.001
2.6
<0.001
2.2
(-0.011 - -0.002)
(-0.010 - -0.001)
0.151
0.160
0.006
351.7
0.011
633.6
(0.141 - 0.161)
(0.153 - 0.167)
0.011
0.035
<0.001
3.6
0.001
66.2
(0.004 - 0.017)
(0.029 - 0.040)
0.011
<0.001
1.9
(0.002 - 0.020)
0.037
<0.001
46.0
(0.030 - 0.043)
-0.001
0.018
<0.001
0.1
<0.001
29.0
(-0.007 - 0.004)
(0.014 - 0.022)
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Phylogenetic dissimilarity only
R2m = 0.643, R2c = 0.874
Sum of
Estimate
Partial R2
squares
-0.541
(-0.608 - -0.475)
-1.394
0.634
35428.8
(-1.402 - -1.385)
-0.032
<0.001
16.0
(-0.042 - -0.023)
-

-

-

<0.001

0.5

<0.001

35.6

-

-

-

-

-

-

0.005

263.2

0.001

74.5

-

-

0.010
(-0.007 - 0.027)
-0.022
(-0.026 - -0.018)

0.103
(0.095 - 0.110)
0.035
(0.030 - 0.039)
-

P×C×Y
A

0.032
(0.027 - 0.038)
-0.139
(-0.164 - -0.11)

<0.001

43.3

<0.001

30.4

-

-

-0.131
<0.001
(-0.162 - -0.103)

27.1

0.026
(0.022 - 0.030)
-0.135
(-0.165 - -0.107)

<0.001

51.6

<0.001

29.3

Table A3-2: Effect of competition, climate drivers, neighbourhood diversity, and stand age on logarithmic basal area growth. Numbers
are the mean coefficient estimate with bootstrapped 95% confidence intervals in brackets.
Coefficient
Estimate
Coefficient
Estimate
Coefficient
Estimate
Intercept
-0.647
-0.597
-0.553
Intercept
Intercept
(-0.721 - -0.577)
(-0.666 - -0.529)
(-0.621 - -0.487)
C
-1.415
C
-1.421
C
-1.407
(-1.424 - -1.407)
(-1.43 - -1.412)
(-1.416 - -1.399)
CO2
-0.064
ATA
-0.048
SPEI
0.012
(-0.074 - -0.055)
(-0.053 - -0.043)
(0.007 - 0.016)
D
0.089
D
0.036
D
0.070
(0.070 - 0.108)
(0.019 - 0.055)
(0.052 - 0.087)
P
0.018
P
0.026
P
-0.015
(-0.001 - 0.036)
(0.007 - 0.045)
(-0.033 - 0.003)
C × CO2
-0.018
C × ATA
-0.037
C × SPEI
-0.006
(-0.022 - -0.013)
(-0.041 - -0.033)
(-0.01 - -0.001)
D×C
0.152
D×C
0.118
D×C
0.138
(0.142 - 0.161)
(0.109 - 0.126)
(0.129 - 0.146)
D × CO2
0.022
D × ATA
-0.007
D × SPEI
0.016
(0.015 - 0.028)
(-0.012 - -0.001)
(0.010 - 0.022)
P×C
0.012
P×C
0.027
P×C
0.001
(0.003 - 0.021)
(0.018 - 0.036)
(-0.007 - 0.010)
P × CO2
0.039
P × ATA
0.043
P × SPEI
-0.007
(0.033 - 0.045)
(0.037 - 0.048)
(-0.012 - -0.001)
D × C × CO2
-0.003
D × C × ATA
-0.013
D × C × SPEI
0.011
(-0.009 - 0.002)
(-0.018 - -0.008)
(0.005 - 0.016)
P × C × CO2
0.037
P × C × ATA
0.041
P × C × SPEI
-0.001
(0.031 - 0.042)
(0.035 - 0.046)
(-0.006 - 0.005)
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A

-0.016
(-0.044 - 0.015)

-0.109
(-0.124 - -0.093)

A
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A

-0.194
(-0.211 - -0.179)

Fig. A3-1: Spatial location for all 180 permanent sample plots used in the study.
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Fig. A3-4: Coefficient estimates and associated bootstrapped 95% confidence intervals from eqn.
(3) using four neighbourhood radii to determine explanatory variables: 5, 7.5, 10, and the full
plot radius of 12.6 metres.
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Fig. A3-3: Histograms of measured independent variables
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Fig. A3-4: Shade tolerance of each species versus phylogenetic similarity to Pinus banksiana.
Species in the bottom left are functionally (i.e., similar shade tolerance values) and
phylogenetically similar to Pinus banksiana; species in the top left are functionally similar but
phylogenetically dissimilar to Pinus banksiana; species in the top right are functionally and
phylogenetically dissimilar to Pinus banksiana; and, species in the bottom right are functionally
dissimilar but phylogenetically similar to Pinus banksiana. The horizontal dotted line denotes the
break between gymnosperms and angiosperms in the phylogeny while the vertical line is
approximately the average shade tolerance observed in the dataset.
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Fig. A3-5: Coefficient estimates and associated bootstrapped 95% confidence intervals from eqn.
(3) using three different modelling approaches: full model with both shade tolerance and
phylogenetic dissimilarity across all species, shade tolerance and phylogenetic dissimilarity
modelled separately, and estimates from a nested species level model. The three major species
(Picea mariana, Pinus banksiana, and Populus tremuloides) are shown for clarity, but models
were fit including all species.
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Fig. A3-6: Effect of stand age on individual focal tree growth. Solid black lines show average
effects, with 95% confidence bands in grey. Background points are individual measurements of
tree growth with the effects of all other predictors removed.
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APPENDIX IV: SUPPLEMENTAL INFORMATION FOR CHAPTER 5
Table A4-1: Sampling intensity by biome. Biomes are a broad classification of ecosystems and forested regions can exist within
biomes that are not designated as “forest”. Forest area is calculated as the amount of area of each polygon in Figure 1 that contains at
least 20% coverage of vegetation greater than 5m in height.
Biome
Plots Observations
First Year of
Last Year of
Forest area
Census
Census
(km2)
Tropical and Subtropical Moist Broadleaf Forests
1531
1609
1985
2016
3321310
Tropical and Subtropical Dry Broadleaf Forests
79
98
2002
2016
720
Temperate Broadleaf and Mixed Forests
147696
180448
1925
2018
3834675
Temperate Conifer Forests
25763
36512
1955
2018
2023033
Boreal Forests/Taiga
14299
35084
1951
2016
5537113
Tropical and Subtropical Grasslands, Savannas
181
228
1985
2017
851208
and Shrublands
Temperate Grasslands, Savannas and Shrublands
1862
2408
1986
2018
198615
Flooded Grasslands and Savannas
63
82
2002
2016
26916
Mediterranean Forests, Woodlands and Scrub
34024
34024
1916
2017
288511
Deserts and Xeric Shrublands
3056
3087
2000
2017
71518
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Fig. A4-1: Spatial location of all 228,554 plots included in the study. Tier 1 plots shown in black;
Tier 2 plots shown in blue
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Fig. A4-2: Standardised coefficient estimates of temporal trend in forest productivity. Estimates
are from overall temporal trend models and from models simultaneously modelling stand basal
area. Points show mean estimate and bars represent bootstrapped 95% confidence intervals.

117

Fig. A4-3: Standardised coefficient estimates of climate driver trends in forest productivity.
Response of forest productivity overall and by biome to: a) annual temperature anomaly; b)
standardised precipitation-evapotranspiration index; and, c) Nitrogen deposition. Points show
mean estimate and bars represent 95% confidence intervals determined using the Wald method
from the confint function in the lme4 package in R statistical software.
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Fig. A4-4: First year and last year of census period for each plot measurement in Tier 1 and Tier
2 data.
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Fig. A4-5 Correlation between biome level temporal trend estimates fit by using Tier 1 data and
fit with all data pooled. Background points represent estimates of temporal trends in forest
productivity for each biome. Solid line is a 1 to 1 line, with dotted lines at x=0 and y=0.
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Fig. A4-6: Correlation between biome level temporal trend estimates in forest productivity while
including stand basal area or stand age as a covariate. Background points represent estimates of
temporal trends in forest productivity for each biome. Solid line has a slope of 1 and an intercept
of 0 with dotted lines at x=0 and y=0.
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Fig. A4-7: Correlation between biome level temporal trend estimates in forest productivity
estimated by volume and by basal area, using only Tier 1 data. Background points represent
estimates of temporal trends in forest productivity for each biome estimated through use of
volume or basal area. Solid line has a slope of 1 and an intercept of 0 with dotted lines at x=0 and
y=0.
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