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Abstract

Forests store significant quantities of carbon in their aboveground biomass, and
represent the majority of the terrestrial carbon sink. Globally, increases in mor-
tality rates are driving declines in this carbon sink; however projections of future
changes are poorly constrained as we lack an understanding of the mechanisms
of change. A better understanding of the links between demographic rates, for-
est stem size distributions, and aboveground biomass is needed to predict forest
responses to changes in demographic rates. This thesis uses analysis of forest
inventory data and a simulation modelling approach to extend our understand-
ing of relationships between demographic rates and forest stand structure. In
Chapter 2, I analyse structural variation in Amazonian forests, and show that re-
lationships between demographic rates and stand structure vary with forest type,
climate, and soils. Variation in mortality rates shapes stand structure in warm,
wet forests with stable soils, but stand structure in dry and montane forests is
more strongly shaped by variation in growth rates. In Chapter 3, I develop a
novel individual-based simulation approach, using forest inventory and tree ring
data from four bioclimatic domains in Quebec. This approach demonstrates the
importance of demographic rates in determining forest structure, and provides a
methodology which is applicable to many permanent sample plot networks. In
Chapter 4, I apply this simulation approach to plot data from Amazonia, to anal-
yse forest resilience to increases in mortality rates. For a given percentage increase
in mortality rate, forests with lower baseline demographic rates show greater de-
clines in basal area and longer recovery times than forests with higher baseline
demographic rates. This thesis clarifies relationships between demographic rates

and stand structure, and provides a novel simulation method with which to better



understand how stand structure and forest biomass may respond to changes in

demographic rates.
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Chapter 1: Introduction

Globally, forests store an estimated 861 Pg of carbon, and represent the vast
majority of the terrestrial carbon sink (Pan et al., 2011). Tropical forests dominate
this sink, with evidence from plot networks across the tropics identifying that the
carbon sink in tropical forests is significant and long term (Phillips et al., 1998;
Baker et al., 2004a; Lewis et al., 2009; Gloor et al., 2012). However, the strength of
this sink, and the rate of aboveground biomass (AGB) accumulation, is decreasing
(Brienen et al., 2015; Qie et al., 2017), and it is likely that the peak of the carbon
sink has already passed (Hubau et al., 2020). Though extrapolation from current
trends suggests that, in Amazonia, the sink may decline to zero by 2035 (Hubau
et al., 2020), there is significant uncertainty in these projections, a result of poor

mechanistic understanding of the observed changes (Friend et al., 2014).

Changes in forest AGB are determined by the net balance of recruitment, growth
and mortality (Pan et al., 2013). Increases in growth promote accumulation of
AGB, while increases in mortality drive AGB losses. Long-term studies of the
Amazonian carbon sink have found that declines in the rate of AGB accumulation
across Amazonian forests are associated with increasing stem mortality across the
region (Brienen et al., 2015). Productivity has increased across Amazonia during
the same period, but has been insufficient to offset the significant rise in mortality
(Brienen et al., 2015). Linking these trends with observations of environmental
change, such as increasing temperatures and more frequent droughts, has enabled
researchers to generate projections of long term declines in AGB under climate

change (Hubau et al., 2020).

While analyses such as these offer some insight into possible future trends in forest

structure, there are significant limitations to this type of approach. Correlating
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changes in environmental conditions with trends in AGB bypasses a mechanis-
tic understanding of how these changes develop, resulting in estimates that are
not constrained or contextualised by an understanding of forest dynamics and
processes. For example, forest AGB is closely linked to the stand structure of
the forest (Baraloto et al., 2011), and in particular the relative abundance of
large stems (Lindenmayer and Laurance, 2017), which in turn is associated with
stand-level growth and mortality rates (Muller-Landau et al., 2006a). These rela-
tionships are unlikely to be linear, meaning that structural responses to changes
in stand structure may be challenging to predict from linear extrapolation. This
suggests that an improved understanding of the links between demographic rates,
stem size distributions, stand structure, and biomass, would be of great value in

improving our understanding of forest responses to changes in demographic rates.

The aim of this thesis is to gain a better mechanistic understanding of the way
that demographic rates structure stem size distributions in natural forests, and to
explore the implications of this for future forest trajectories under global change.
I focus particularly on the forests of tropical South America, using plot census

data from long-term permanent sample plots from the ForestPlots network.

In Chapter 1, I review the controls on forest structure and biomass, with a fo-
cus on the relationship between demographic rates and forest structure. I use
Amazonian forests as a case study to explore the complex relationships between
demographic rates, stand structure, species composition, and environmental vari-
ation. In Chapter 2, I use inventory data from the ForestPlots network to explore
how the stand structure of Amazonian forests is controlled by variation in de-
mographic rates, and mediated by variation in forest type, climate, and soils. In

Chapter 3, I move away from the tropics and develop an individual-based simu-
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lation of forest stand structure, using tree ring and plot inventory data from an
extensive sample plot network in Quebec. Finally, in Chapter 4, I apply this simu-
lation approach to data from 19 Amazonian forests, to compare intrinsic variation

in forest structural resilience to increases in mortality rates.

The first two sections of this literature review establish current knowledge regard-
ing the components of forest structure, their co-variation with AGB in natural
forests, and the demographic controls on forest structural parameters. In the third
section, I consider how demographic rates are changing in forests globally, and
the implications for forest carbon source-sink dynamics. In section four, I review
approaches to modelling forest stand structure and explore the potential of simu-
lation approaches to improve our understanding of forest structural responses to
changes in demographic rates. In section five, I introduce Amazonian forests as a
study system for exploring these research questions. In section six, I discuss the
key methodological approaches employed in my analyses, and finally, in section

seven, I provide an outline of the rest of the thesis.

1.1 Forest structure and aboveground biomass

Accurately predicting forest biomass responses to global change demands a de-
tailed understanding of forest dynamics and function. Here, I first describe the
components of AGB in natural forests, before considering the key processes which

shape them.

Within a forest, the majority of aboveground biomass is stored in the woody stems
of trees (Anderson-Teixeira et al., 2021). The biomass contained in an individ-
ual tree stem can be estimated using measurements of diameter at breast height

(DBH) and tree allometry equations (Chave et al., 2014), meaning that census in-
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formation on stem sizes and frequencies can offer relatively simple approximations
of the biomass storage and carbon dynamics of individual forest stands (Phillips
et al., 1998; Anderson-Teixeira et al., 2015). AGB is therefore well-explained by
the parameters describing the physical attributes of a forest, such as basal area,
stem size distributions, stem frequencies, and mean stem height (Baraloto et al.,
2011; de Paula et al., 2011; Rodig et al., 2018) (Figure 1.1). Basal area in particu-
lar is strongly positively associated with AGB (Baker et al., 2004a; Muller-Landau
et al., 2021), and has been found to explain up to 85% of variation in AGB across
large climatic gradients (Alvarez—Dévila et al., 2017), and so can be employed as

a reasonable proxy for AGB in analyses.

At an individual stem level, biomass and basal area do not scale linearly with
tree DBH, and instead increase disproportionately in the largest stems (Chave
et al., 2005), with one study of Panamanian forests finding that, despite having
low stem densities in comparison to smaller stems, stems > 50cmm DBH account
for 59% of stand AGB (Meakem et al., 2018). As a result, although large trees
make up a small proportion of the total stems in a stand, their relative abundance
is particularly important in determining stand AGB (Lindenmayer and Laurance,
2017): at the plot scale, the presence of large trees is strongly associated with
higher stand-level AGB stocks (Nascimento and Laurance, 2004). Similarly, any
loss of large trees from a stand results in a disproportionate decrease in AGB
(Poorter et al., 2017). The largest trees also dominate carbon cycling dynamics,
with stems > 50cm DBH contributing 45% of woody productivity (Fauset et al.,
2015; Meakem et al., 2018), meaning that stand structure is also closely related to
forest function, and changes in stand structure are expected to have downstream

effects on overall carbon fluxes and forest productivity.
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The non-linear relationship between biomass and tree size points to the impor-
tance of considering AGB in terms of stem size distributions. Different forests
could theoretically store similar quantities of AGB, but support distinct stem size
distributions and frequencies, meaning that they might have different rates of

AGB change under global change scenarios.

Species composition of forest stands also influences AGB, primarily through its
role in shaping patterns of wood density (Figure 1.1). Wood density is an im-
portant predictor in determining AGB, both at an individual- and a stand-level
(Baker et al., 2004b; Chave et al., 2005), as higher wood density values are associ-
ated with higher AGB. Wood density is an important functional trait, and corre-
lates negatively with growth and mortality (Chave et al., 2005), such that differ-
ent functional groups are associated with different wood densities. Fast-growing,
early-successional species tend to have lower average wood densities (Nascimento
and Laurance, 2004), while slower-growing, shade-tolerant species typically have
higher wood densities (Ter Steege et al., 2006; Camac et al., 2018). Stem allome-
tries, or the scaling relationships between stem diameter and stem height, also
vary among species (Chave et al., 2005), resulting in regional variation in biomass
stocks being driven in part by variation in height-diameter relationships between
forest communities (Feldpausch et al., 2011). Furthermore, stem allometries and
architectural properties are linked back to wood density - lower wood density is
associated with higher efficiency in attaining greater stem heights (Iida et al.,

2012).

Differences in species composition among forests can therefore result in signifi-
cant variation in community level wood density and stand allometries, affecting

AGB at the stand level and shaping regional patterns of AGB stocks (Baker
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et al., 2004b). As a result, species composition may be an important mediator
in the relationships between stand structure, demographic rates, and AGB: shifts
in species composition as a result of environmental change have the potential to
generate feedbacks to constrain or exacerbate other forest responses. For example,
this is seen on forest edges, where, following fragmentation, increases in mortality
rates are associated with the loss of canopy trees and shifts in species composi-
tion towards early-successional, fast-growing species (Laurance et al., 2006, 2018).
This compositional shift further elevates stand demographic rates (Laurance et al.,
2011), ultimately maintaining forests in an early successional state and limiting

the re-establishment of large trees (Tabarelli et al., 2008).
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Figure 1.1: A conceptual framework illustrating the links between environmental drivers, demo-
graphic rates, forest structure, forest composition, and aboveground biomass.

1.2 Demographic controls on forest structure

In natural forests, stem numbers are typically highest in the smallest size classes
and decrease with increasing size. Across large latitudinal gradients and diverse
forest types, stem size distributions are observed to be highly consistent, showing
a strong right skew, with a high frequency of small stems, and a long tail of larger

stems. As a result, a linearly scaling relationship between frequency and stem size

25



was hypothesised, as predicted by metabolic scaling theory (Enquist and Niklas,
2001) (Figure 1.2).

Scaling relationships between body mass and resource use are widely observed
across plants and animals. The ubiquity of these relationships in natural systems
suggests that they are an important factor in shaping energy flows and population
densities across ecosystems, and ultimately in structuring ecological communities
(Enquist et al., 1998; Schramski et al., 2015). In forest communities, observations
of consistent size distributions across forest indicated that size distributions were
indeed shaped by energy flows and metabolic factors universal across forest sites,
which drive consistent rates of self-thinning of stems as a result of competition for
light (Enquist and Niklas, 2001). Application of metabolic scaling theory to for-
est ecosystems predicted that stem frequency and stem size should scale linearly,
with the stem number scaling as the -2 power of stem diameter (Enquist and
Niklas, 2001). However, subsequent research has shown that stem size distribu-
tions vary among forests and species (Coomes et al., 2003; Kohyama et al., 2015).
Although stem size distributions tend to show a declining trend, the skewness of
this relationship varies, with species showing stem size distributions ranging from
exponential decline to close to unimodal (Bin et al., 2012; Lima et al., 2016). Ev-
idence from field sites shows that metabolic scaling theory tends to over-predict
the numbers of the largest and - to a lesser extent - smallest trees (Muller-Landau

et al., 2006b; Farrior et al., 2016).
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Figure 1.2: Figures to show the size distributions of stems for (a) the 16-ha tropical deciduous
forest at San Emilio, Guanacaste, Costa Rica (Enquist and Niklas, 2009); (b) the 50-ha tropical
forest at Barro Colorado Island, Panama (Farrior et al. 2016); (c) the 50-ha tropical forest
at Pasoh Forest Reserve, Malaysia (Muller-Landau et al. 2006); and (d) pooled data for 1546
temperate forest plots in New Zealand (Coomes et al. 2003). Distributions are plotted on a
log-log scale, with a line plotted to show the scaling distribution predicted by metabolic scaling
theory, with the exception of plot (d). This illustrates both the consistency of stem size distri-
butions across diverse forest types, and the consistent deviations from power-law predictions in
the smallest and largest stem size classes.

The consistency with which stem size distributions deviate from the predictions
of metabolic scaling theory is informative in understanding the controls on stem
size distributions. Generally, stems in the mid-size classes fit closely to a power-
law distribution, but deviate at the tails of the distribution (Enquist et al., 2009,

Muller-Landau et al. (2006a); Farrior et al., 2016). This is most likely because

27



of the different factors which drive mortality at different stem sizes: competi-
tion strongly structures trees in the understorey, resulting in these stems fitting
more closely to a power-law distribution (Enquist et al., 2009); however different
drivers of mortality have a stronger influence over large canopy trees. Exter-
nal mortality drivers, such as drought stress, lightning strikes, and wind throws
disproportionately affect the largest trees in a stand (Bennett et al., 2015; Gora
and Esquivel-Muelbert, 2021), resulting in lower stem numbers in these size classes
than is predicted by metabolic scaling theory. Furthermore, the mortality dynam-
ics of the largest trees structure the size distributions of trees in the understorey,
as the canopy gaps generated by large tree mortality control light availability in
the understorey, and therefore influence recruitment and growth of the smaller
size classes (Farrior et al., 2016). This implies the largest trees have important
controls over the overall stand structure, and so changes in the demographic rates
of these stems may have downstream effects on the size distribution of the entire
stand. As a result, consideration of how mortality rates and drivers vary within
stands may help to resolve the issues with metabolic scaling theory (Enquist et al.,

2009).

An alternative approach to understanding controls on stem size distributions is de-
mographic equilibrium theory (Coomes et al., 2003; Kohyama et al., 2003; Muller-
Landau et al., 2006b; Kohyama et al., 2015), which suggests that size distribu-
tions are the result of the variation between and balance of growth and mortality
within a stand. This is intuitive, as rates of recruitment, growth and mortality
will determine how stems enter, move through, and leave the stand, shaping stem
numbers and size distributions. Stem mortality rates appear to have a particularly
strong influence on stand structure, with lower stem mortality rates associated

with higher stand AGB (van der Sande et al., 2017; Johnson et al., 2016). Lower
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mortality rates mean that stems survive longer, and so, broadly speaking, are
more likely to survive to larger sizes, resulting in a higher proportion of large
trees within a stand (Malhi et al., 2015). In contrast, high mortality rates reduce
stem survivorship, resulting in a stand structure with a higher relative frequency

of small stems.

Demographic equilibrium theory suggests an important role of size-dependency
of demographic rates in shaping stand structure (Muller-Landau et al., 2006a;
Kohyama et al., 2015). Typically, demographic rates are not uniform across size
classes; mortality and relative growth rates are usually highest in the smallest
stem size classes, and decrease with increasing stem size (Coomes et al., 2003;
Riiger et al., 2011; Iida et al., 2014a; Johnson et al., 2018). Demographic rates
in natural forests do not scale linearly with size (Coomes et al., 2003; Muller-
Landau et al., 2006b; Coomes and Allen, 2007). Instead, demographic functions
tend towards non-linearity, with individuals showing differences in demographic
rates at different sizes, in response to changes in environmental and competitive
pressures experienced across different size classes (Riiger et al., 2011; Anderson-
Teixeira et al., 2015). This indicates that demographic rate functions are not
inherent to a species, but are also determined by context; for example, small trees
may show high mortality as a result of competitive suppression by larger trees,
rather than as an intrinsic result of small size (Coomes et al., 2003). Demographic
functions vary among species at a given site (Kohyama et al., 2015), and between
sites (Muller-Landau et al., 2006a), a result of differences in environmental and
climatic conditions modifying mortality and growth rates (Coomes et al., 2003;
Stephenson et al., 2011; Lima et al., 2016), which will act to generate variation in

stand structure among sites.
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Size-dependent variation in demographic rates may also be important in shaping
stand structure under environmental change. Large trees tend to have low back-
ground mortality rates in comparison to smaller individuals (Stephenson et al.,
2011; Thomas et al., 2013), and so may be disproportionately vulnerable to in-
creases in mortality rates. The relative influence of different drivers of mortality
also varies across stem size: mortality in smaller trees is dominated by biotic fac-
tors, such as competition, herbivory, and disease, while mortality in larger trees
is dominated by abiotic factors, including drought stress, lightning strikes, and
wind throws (Bennett et al., 2015; Gora and Esquivel-Muelbert, 2021). As a re-
sult, larger trees may be more vulnerable to increases in mortality as a result of
extrinsic drivers of environmental change than small trees. Because large tree fre-
quencies exert important controls on understory stem frequencies (Farrior et al.,
2016), increases in the mortality rates of canopy trees could potentially resulting

in large cascading changes to stand structure.

Demographic rates also vary with life-history traits. Traits associated with shade-
tolerance and longer lifespans, such as high wood density and higher seed vol-
umes, are associated with lower growth and mortality rates (Poorter et al., 2008;
Riiger et al., 2012), leading to divergence in demographic rates across functional
groups (Riiger et al., 2020). Growth rates also show variation with adult stature,
with species with higher maximum stem height showing higher growth rates than
smaller species (Poorter et al., 2008; Riiger et al., 2012). Interestingly, these asso-
ciations show size-dependency. For example, the effect of wood density appears to
vary with stem size; species with low wood density show fast growth rates which
decline at large stem sizes, while species with higher wood density grow slowly,
but show increasing growth rates with size (Riiger et al., 2012). Similarly, the as-

sociation between demographic rates and architectural traits, such as maximum
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stem size, are strongest at small stem diameters and in the understorey (Ilida
et al., 2014b). This suggests an important effect of community composition in
determining demographic rates, such that stand structure is interdependent with

stand composition.

1.3 Demographic rate change in tropical forests

Global climate change is currently exposing forests worldwide to unprecedented
environmental stressors, which are already driving directional changes in forest dy-
namics and functioning (Hubau et al., 2020). In old-growth, intact forests, which
have not experienced any direct anthropogenic disturbances (e.g. timber extrac-
tion or stand clearance), the primary drivers of change are a result of increases
in atmospheric CO2, and include rising temperatures, declines in precipitation,
increased frequencies of drought, and COy fertilisation (Malhi et al., 2014), with
the combination of drought and high temperatures being of particular significance
(Allen et al., 2015; Millar and Stephenson, 2015). These drivers are altering de-
mographic rates globally; increases in mortality rates have been recorded across
a range of forest ecosystems (Van Mantgem et al., 2009; Peng et al., 2011; Allen
et al., 2015), with significant implications for forest productivity, biomass stocks,

and carbon sink dynamics at a global level (Millar and Stephenson, 2015).

Across a number of regions, there is increasing evidence of declines in the carbon
sink capacity of intact forests (Qie et al., 2017; Hubau et al., 2020). Disentangling
the demographic drivers of this is complex. Increasing frequency and severity
of drought events have driven declines in forest productivity and growth rates,
coupled with increases in mortality (Phillips et al., 2009; Zhao and Running,

2010; Feldpausch et al., 2016). These impacts can last for several years following
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the peak of the drought (Phillips et al., 2010; Doughty et al., 2015), suggesting
that frequent repeated droughts could drive directional change in forest dynamics.
Declines in growth have also been linked to increases in temperature (Hubau et al.,
2020), which are likely to increase tree stress and exacerbate the effects of water

limitation.

The effect of COq fertilisation has been theorised to counteract the negative im-
pacts of water and heat stress, as elevated COs levels increase growth rates and
forest biomass (Terrer et al., 2019). There is evidence that there have been pos-
itive effects of COg on productivity across large areas of forests (Hubau et al.,
2020); however, the implications of this for forest structure and biomass are not
straightforward. COs fertilisation has been associated with a global increase in
stem turnover rates in forests, as demographic rate feedbacks mean that increases
in growth lead to subsequent increases in mortality rates (Yu et al., 2019; Brienen
et al., 2020). This link may offset the benefits of any increase in growth or produc-
tivity, and reduce the carbon sink capacity of old-growth forests (Brienen et al.,
2015, 2020; Hubau et al., 2020). There is already evidence for this from across
the tropics, where increases in productivity over the past few decades have been
lagged by increases in mortality, resulting in steady declines in the tropical forest
carbon sink; ultimately the carbon sink of these forests is projected to decline to
zero as these changes propagate through the forests (Brienen et al., 2015; Hubau
et al., 2020).

The complexity of demographic rate change in response to this range of envi-
ronmental drivers makes projecting forest trajectories into the future challenging.
While it is relatively straightforward to extrapolate correlative associations be-

tween demographic rate change and biomass change, generating predictions based
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solely on extrapolation of historic trends is of limited utility in complex systems,
where there are likely to be non-linear responses and feedback effects at play.
Here, an approach based on understanding the mechanisms of change - i.e. based
on knowledge of how demographic rates influence stand structure and biomass -
will allow greater accuracy and flexibility in predicting forest responses under a

range of future change scenarios.

1.4 Approaches to simulating forest structure

While observational data are of great value for understanding current forest struc-
ture, dynamics and composition, and describing historic responses to change, there
are limitations to this type of analysis. Descriptive studies of relationships be-
tween forest structure and demographic rates can help to provide insights into
controls on natural forests, but without a mechanistic understanding of the rela-
tionships, these approaches are limited in their ability to extrapolate relationships
to accurately predict forest structure under demographic rate change (Muller-
Landau et al., 2006b). Here, simulation approaches are of great value. Models
can be calibrated and validated with observational data from field studies, and
then used to test theories and make predictions, allowing consideration of forest
dynamics over much longer time-scales than is possible from observational studies

alone.

The first models of forest dynamics were developed for forest management in or-
der to better estimate timber yields and generate increased timber production
(Shifley et al., 2017; Shugart et al., 2018). As a result, models of growth and
productivity were important, and so early modelling approaches were focussed

on understanding overall stand growth and stand structure (e.g. Moser and Hall,
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1969; Burkhart, 1971; Bailey and Dell, 1972; Vanclay, 1989). As the availability of
forest inventory data increased, so too did the complexity of models, incorporat-
ing information on recruitment and mortality, and moving away from modelling
managed forestry systems to simulation of dynamics in natural old-growth forests,
where structural complexity and species richness is much higher (Shifley et al.,
2017). The inclusion of a wider range of demographic processes led to the develop-
ment of individual-based approaches, where the growth and survival of individual
trees within a stand were modelled (e.g. Newnham, 1964; Lieberman et al., 1985),
and scaled up to model stand-level dynamics (Botkin et al., 2010; Pacala et al.,

1993, 1996).

Many subsequent models were based on core assumptions of forest dynamics
which are used to determine how the model functions, with the most common
being gap formation and succession (Pacala et al., 1996; Maréchaux and Chave,
2017). Forests are assumed to consist of multiple of small patches experienc-
ing patch clearance and succession, and individual trees within these patches are
modelled, with varying degrees of complexity included (Bugmann, 2001; Shugart
et al., 2018). This allows recruitment, growth, and mortality of trees to be simu-
lated in a spatially explicit way, such that model results can be validated against
observed forest stands in order to test hypotheses about controls on forest dynam-
ics and structure (e.g. Busing, 1991; Kohyama, 1992). Increased complexity can
be incorporated by including information on plant physiology and representation
of processes such as photosynthetic production and resource allocation (Fauset

et al., 2019).

Within these modelling approaches, there are a range of different methods to

model mortality and recruitment processes. FEarly forestry-driven approaches
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typically used “thinning” approaches, which predicted a rate at which trees were
thinned through competition (Shugart et al., 2018). However, as models increased
in complexity, so too did approaches to understanding demographic rates, leading
to development of species-specific mortality and recruitment sub-models within
the larger stand-level models (Pacala et al., 1996). Increasingly, functions were
used to reflect the dependency of mortality, seed production, and recruitment on
factors such as species life-history traits, previous stem growth, and stem size
(Pacala et al., 1996; Maréchaux and Chave, 2017; Shugart et al., 2018). Where
models are spatially explicit, the influence of light availability and stem density
can be incorporated into mortality functions, and extrinsic mortality through
random stand disturbances included at a constant rate (Shifley et al., 2017). Sim-
ilarly, recruitment can be modelled as spatially explicit, with elevated recruitment

rates occuring in response to gap-creating mortality (Bugmann, 2001).

While initially forest models were largely applied in temperate regions, individual-
based modelling approaches are increasingly being developed for application to
tropical forests (e.g. Chave, 1999; Fischer et al., 2016; Maréchaux and Chave,
2017). There are inherent challenges to this due to the high species diversity and
structural complexity of tropical forests (Fischer et al., 2016). Despite this, models
are increasingly able to accurately simulate forest dynamics, structural parame-
ters, and biomass (Rodig et al., 2017; Riiger et al., 2020), in part due to the rapid
advances in computing power which have enabled development of sophisticated
modelling approaches. This has quickly established the utility of individual-based
modelling approaches in developing and testing ecological theory (e.g. Kohyama,
1993; Morin et al., 2011; Farrior et al., 2016), and suggest huge potential for simu-
lations to be used to explore potential impacts on stand structure under different

types of environmental change. Already, studies have used individual-based mod-
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els to project the long-term impacts of different logging strategies on forest struc-
ture and community composition (Kohler and Huth, 2004; Riiger et al., 2008).
In addition, dynamic global vegetation models (DGVMs), which are widely used
to simulate large-scale vegetation responses to climate change, are increasingly
recognising the importance of incorporating an individual-based approach within

the broader modelling framework (e.g. Moorcroft et al., 2001; Sato et al., 2007)

Individual-based models can be highly data-intensive, and often demand specific
data inputs, such as data on plant functional traits (Riiger et al., 2020), resource
use and competition (Chave, 1999), crown position (Farrior et al., 2016), or pho-
tosynthetic rate (Fauset et al., 2019), which may not be readily available for all
sites. This can make scaling up these models across wider regions a challenge,
with studies relying on extrapolation of data from a limited number of sites or
broad ecological assumptions to generate summary parameters (e.g. Rodig et al.,
2017). In addition, inclusion of a range of complex processes can make models less
well-suited to testing how simple demographic processes affect long-term forest

structure and biomass.

Simpler individual-based approaches, which are less heavily process-driven, could
bypass these limitations to enable models to be applied across a wide range of sites
with less reliance on parameter generalisations and assumptions. By putting a
greater focus on demographic processes, this type of approach could also facilitate
mechanistic analysis of the relationship between demographic rates and forest
structure. One example of this is in the development of simple stochastic growth
simulations, which generate simulated trajectories of individual stem growth by
repeated random sampling of annual growth steps from forest inventory growth

increment data (Lieberman and Lieberman, 1985; Lieberman et al., 1985). This
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approach has been subsequently adapted to estimate tree ages in mixed-age and
multi-species stands (Baker, 2003), and to use growth increments estimated from
tree cores as input data (Brienen et al., 2006). This type of approach is simple,
requires minimal data input, and uses observed growth data, and so offer a strong
foundation for developing a widely-applicable individual-based model to explore

links between demographic rates and forest structure.

1.5 Forests in Amazonia and Quebec

1.5.1 Describing spatial variation in Amazonian forest characteristics

The tropical forests of the Amazon Basin constitute one of the most significant
areas of intact forest globally: 75% of the Brazilian Amazon is over 1km from a
forest edge, compared with a global average of 30% (Haddad et al., 2015). Ama-
zonia contributes significantly to global ecosystem production (Zhao and Run-
ning, 2010) and as a result represents a significant carbon sink (Pan et al., 2011;
Phillips et al., 2017). However, the region is also undergoing rapid change, with
increasing threats from drought, fire, deforestation, and rising temperatures com-
pounding to drive significant shifts in forest composition and function (Malhi
et al., 2014; Aragao et al., 2014). As a result, understanding outcomes for Ama-
zonian forests under environmental change is of critical importance (Aragao et al.,
2014). In addition to being a globally significant ecosystem, Amazonian forests
are highly structurally, functionally, and compositionally diverse, making them a
useful study system within which to explore links between demographic rates and

stand structure.

Across the Amazon Basin, forest dynamics and structure vary in a broad east-

west gradient. Forest biomass stocks and measures of stand basal area are highest
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in the north-eastern Amazon (Malhi et al., 2006; Quesada et al., 2012), which is
at least partially a result of higher frequencies of large, tall trees in these forests
(Feldpausch et al., 2012). This is associated with a gradient in forest dynamics,
with stem turnover rates lowest in the the north-east and increasing towards the
south-west of the basin (Quesada et al., 2012); the reverse trend is seen in woody
residence times (Galbraith et al., 2013). As such, there are negative correlations at
both local and regional scales between forest dynamism (e.g. stand demographic
rates and rates of turnover), and stand biomass (Johnson et al., 2016; Vilanova
et al., 2018). Functional trait composition also varies across this gradient. Species
with lower wood densities are more abundant in the western Amazon than in the
eastern Amazon (Baker et al., 2004a; Keeling and Phillips, 2007). As wood density
is negatively correlated with both mortality and growth rate (Poorter et al., 2008;
Chave et al., 2009; Fauset et al., 2019), there are likely to be feedback effects
between forest demographic rates and species composition, which may act to

constrain forest traits across this gradient.

Some of the intrinsic variation in Amazonian forests may be explained by vari-
ation in climate and soils. Soil physical condition is associated with variation
in turnover rates and wood density; lower soil stability, shallower soil depth and
steeper topography are all related to faster turnover times, as structural insta-
bility increases vulnerability to disturbance and reduces tree lifespans (Quesada
et al., 2012). This in turn favours species with lower wood densities and faster
growth (Poorter et al., 2008), creating feedback effects in stand dynamics. Water
availability also has an influence on forest structure and dynamics. Lower water
availability is associated with higher rates of turnover and lower biomass (Que-
sada et al., 2012; Vilanova et al., 2018), and has also been shown to decrease

tree height relative to DBH (Feldpausch et al., 2011), with implications for forest

38



structure.

1.5.2 Environmental change in Amazonian forests

Environmental change is driving shifts in forest dynamics across Amazonia, which
are consistent with the changes observed across tropical regions more broadly.
Demographic rates are increasing across the Amazon (Brienen et al., 2015), with
increases in productivity and growth linked to COq fertilisation effects, and in-
creases in mortality rates linked to rising temperatures and an increase in the
frequency and severity of droughts (Hubau et al., 2020). This suggests a combi-
nation of long-term chronic increases in demographic rates coupled with transient
climate events driving short-term pulses of elevated mortality (Phillips et al.,
2009; Jiménez-Muiioz et al., 2016). There is already evidence that these changes
are altering the composition of Amazonian forests (Chave et al., 2008; Esquivel-

Muelbert et al., 2019); associated impacts on forest structure are expected.

The spatial heterogeneity in forest dynamics, structure, and composition across
Amazonia, as well as the associated environmental variation in climate and soils,
may result in potentially significant differences in forest responses and resilience
to environmental change and demographic rate increases. Forests on the south-
western edge of the Amazon Basin may be closer to their environmental limits
and so vulnerable to increases in drought; however the higher dynamism of these
forests may help their recovery from perturbations. Similarly, forests in the north-
east may be more buffered from environmental impacts, but vulnerable to signif-
icant declines in biomass if mortality rates of large trees increase. An improved
understanding of the current links between demographic rates and stand structure

in the context of these forests will enable better predictions of forest responses
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and resilience to future environmental change.

1.5.3 Forests of Quebec

Forests in Quebec stretch across a huge latitudinal range, from temperate forests
dominated by a mix of hardwood deciduous species, to low-diversity boreal forests
at the highest latitudes, with the majority of the forest ecosystem located within
the boreal region (Ministére des Ressources naturelles et des Foréts (MRNF),
2022). These forests have been comprehensively classified, according to a system
based on vegetation communities and climate which broadly classifies ecological
domains along a latitudinal gradient from south-to-north (Grondin et al., 2023).
This classification system forms the basis for guiding forest management; while
classifications are based on the characteristics of natural old-growth forests, the
majority of Quebec’s forests are managed for resource extraction, with around 1%
of the total area of managed forests harvested annually (, MFFP). As a result,
many landscapes in Quebec are dominated by relatively young forest stands, with

implications for stand structure and composition (Boucher et al., 2009).

Environmental change is driving significant shifts in the structure and functioning
of Quebec’s forests (Duchesne and Ouimet, 2008). In addition to the impact of
logging, there are increasing effects from climate change, forest fires, and insect
outbreaks (Duchesne and Ouimet, 2008). Climate projections indicate increased
temperatures and elevated risk of forest fires in Quebec (van Bellen et al., 2010;
Ameray et al., 2023). As fire regimes are important in shaping stand structure
and composition (Bergeron, 2000), changes in the frequency and intensity of fires
is likely to drive shifts in ecosystem function and composition (van Bellen et al.,

2010). These changes are likely to be exacerbated by shifts in species’ distribu-
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tions, leading to novel distributions of forest ecosystems (Ameray et al., 2023).
Finally, insect outbreaks are an important control on boreal forest ecosystems.
Cycles of insect outbreaks occur naturally across the forests of Quebec, driving
significant defoliation, mortality, and reductions in growth rate of surviving trees
(Cooke and Lorenzetti, 2006; Navarro et al., 2018), with long-term implications
for forest structure and function. It is unclear how these dynamics will inter-
act with climate change and changing mortality regimes to shape the future of

Quebec’s forests.

1.6 Methodological approach

My thesis aims to improve our understanding of the links between demographic
rates and forest structure in old-growth forests both under current conditions,
and under conditions which may drive changes in demographic rates. The focus
of this study is on Amazonian forests because of their unique global importance.
Because the objective of this thesis is to consider the mechanisms by which forest
stands are structured, an individual-based approach is used, which examines the
individual dynamics of stems comprising forest stands. As such, this research
is centred around forest census data, which contains both detailed stand-level
information as well as information on individual stem recruitment, growth, and

mortality.

Data generated from the establishment and ongoing monitoring of long-term forest
permanent sample plots (PSPs) are fundamental for studying forest ecosystems.
Plot networks first started to be developed in the 1970s and have expanded rapidly
since; PSP databases now contain decades of data on forest structure, function,

and composition across local, national, and international scales (ForestPlots.net
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et al., 2021). Exact methodologies for forest plot censuses vary according to the
objectives of the network. Typically census protocols aim to generate a repre-
sentative census of the stems composing a forest stand by mapping and tagging
stems within the plot area. Diameter at breast height (DBH) measurements of
the stems are recorded, and the stems are identified to species level if possible. For
an individual census, this provides information on the stand structure, size distri-
bution, aboveground biomass stocks, and species composition of the plot, while
over multiple censuses it becomes possible to calculate stand demographic rates,
biomass productivity, and structural and compositional change. These datasets
serve many purposes, including providing a baseline measure of forest dynamics,
enabling the testing of ecological theory, and capturing changes in forests through

time.

Observational analyses can only progress our understanding so far, especially when
considering the decadal-scale time-frames over which forest structure develops and
responds to environmental change. I therefore also make use of individual-based
modelling approaches, in order to extend our understanding of structural dynam-
ics over longer time periods, and enable testing of forest responses to change.
Forest inventory data is well-suited to use in the development and validation of
modelling approaches (e.g. Farrior et al., 2016; Riiger et al., 2020), and, as plot
networks expand spatially, increasingly offer the opportunity to apply these sim-

ulations over larger scales (e.g. Rodig et al., 2017).

When building and calibrating simulations, validation of outputs across multiple
data streams is important to ensure robustness (Fischer et al., 2019), meaning
that, to employ this approach in my thesis, additional data beyond plot inven-

tory data is necessary. This data could come from a range of sources, including
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remote sensing data (Fischer et al., 2019), data from functional trait databases
(Maréchaux and Chave, 2017), or tree ring data (Brienen et al., 2020). Of these,
tree ring data are best suited to application in an individual-based approach, as
they provide measurements of the annual growth of individual stems over the
lifetime of the tree (Babst et al., 2014). In addition, they complement forest in-
ventory datasets, by providing growth measurements over much longer periods
than are available from forest census data, with tree ring growth sequences often
extending over several centuries (Babst et al., 2014). As a result, it is possible to
derive novel information on stem and stand age, growth trajectories of individual
trees, and historic variation in growth rates (Baker, 2003; Brienen et al., 2006),

offering a different temporal dimension to plot data.

However, tree ring data are not available for all species or forest ecosystems.
Well-defined tree rings are formed in seasonal environments, where intra-annual
variation in growth rates results in temporal variability in the formation of woody
cell structures, leading to the formation of tree rings (Babst et al., 2014). Because
of this, tree ring data from the tropics is limited. Some tropical species in regions
with a degree of seasonality (for example, tropical forests with distinct wet and
dry seasons) have been shown to form annual growth rings (Brienen and Zuidema,
2006), but for most of Amazonia, there is a lack of readily available tree ring data,
making acquisition of long-term data on the growth trajectories of Amazonian
trees a challenge (Vieira et al., 2005). Further, as tropical tree ring data is not
available for all species, any datasets which do exist are not representative of the
complete community, and so are of limited utility in combination with inventory

data.
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1.6.1 Assessment of the datasets used

My thesis makes use of two large-scale, long-term datasets: firstly, the South
American RAINFOR plot network; and secondly the Quebec provincial forest
inventory. In this section I introduce these datasets and their role in my thesis,

and assess their strengths and limitations.

The RAINFOR database, managed within the larger pan-tropical ForestPlots
database (Malhi et al., 2002; ForestPlots.net et al., 2021), represents hundreds of
plots across tropical South America, and forms the primary data source for my
thesis. It was initiated as a network in 2000, and now contains census data for
593 plots, 427 of which have had multiple censuses conducted (ForestPlots.net
et al., 2021). Most plots are ~1ha in size. The sites in the RAINFOR database
encompass a broad range of environmental conditions across Amazonia. Lowland
Amazonian rainforest can be classified into four biogeographic regions based on
the soil substrate: the Guiana Shield, the East-Central Amazon, the Western
Amazon, and the Brazilian Shield (Feldpausch et al., 2011). There are mean-
ingful differences between the forests of these regions, with significant regional
variation in species composition, AGB stocks, and demographic rates, making
them useful classifications in analyses of Amazonian forests (Ter Steege et al.,
2006; Feldpausch et al., 2012; Johnson et al., 2016). The forests of the Guiana
Shield are particularly distinct, showing high biomass stocks and high frequencies
of large tall trees (Feldpausch et al., 2012; Johnson et al., 2016). All four regions
are well-represented in the RAINFOR database. Forest types outside of lowland
moist tropical forest are also increasingly well-represented, including dry forests
(Moonlight et al., 2020), and montane forest (Malhi et al., 2017). The diversity of

plots in the database therefore allows for rigorous testing of relationships across
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environmental gradients, enabling analyses of the ways in which climate, soils,

and forest type mediate forest structure.

Censuses of plots within the RAINFOR network follow a standardised measuring
protocol (Phillips et al., 2021). All stems > 10cm DBH (measured at 1.3m height)
are given a unique tag number. Stem DBH and species identity are recorded for
each stem, and additional information regarding stem condition (e.g. broken stem,
fallen stem etc), stem status (alive or dead), point of measurement (if other than
1.3m height), whether the stem is part of a multi-stemmed individual, and mode
of mortality (if applicable) is recorded via codes where relevant (Phillips et al.,
2021). Plots are typically re-censused every 1 - 10 years, with most sites aiming

for re-census every 5 years.

As tree ring data is unavailable for the RAINFOR dataset, I chose to additionally
incorporate forest data from temperate and boreal regions. The PSP network
of the Quebec provincial forest inventory program (Ministere des Foréts, 2016;
Ministere des Ressources naturelles et des Foréts (MRNF'), 2022) contains forest
census data and randomly sampled tree ring data surveyed from the across the
same set of plots, offering a detailed perspective in both time and space. The
plot network extends over a broad bioclimatic gradient, representing six distinct
forest types: (1) sugar maple-bitternut hickory; (2) sugar-maple-basswood; (3)
sugar maple-yellow birch; (4) balsam fir-yellow birch; (5) balsam fir-white birch;
(6) spruce-moss (Duchesne et al., 2019). This makes the dataset a strong comple-
ment to the RAINFOR data, as both encompass broad gradients in forest dynam-
ics, structure, and composition, but in very different abiotic environments. The
network was established in the 1970s, and contains ~100000 circular plots, with

a radius of 11m (Duchesne et al., 2019). All stems > 91mm DBH are uniquely
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tagged, and their stem DBH and species identity are recorded (Ministére des
Foréts, 2016). Of these, I used a subset of 10518 plots selected based on their

disturbance history. Plots are re-censused approximately every 10 years.

There are challenges and limitations to working with forest inventory data. Data
is vulnerable to human error, particularly as field teams are likely to be differ-
ent at each census, and so it is harder to maintain long-term consistency. As
a result, quality control is important to ensure consistency of diameter measure-
ments between censuses: measurement errors can be corrected by comparing mul-
tiple measurements of the same tree over time, and interpolating to correct ex-
tremely anomalous measurements (Phillips et al., 1998). Additionally, information
recorded about measurement technique, anomalies in tree structure, and post-field
data management of anomalous measurements can all be used to minimise use
of erroneous measurements in data analysis (Phillips et al., 2014; Ministére des

Foréts, 2016).

Enabling robust analyses across such large-scale and diverse datasets is challeng-
ing. Plots may have experienced a wide range of conditions that could influence
their structure and composition, including variation in disturbance history. Infor-
mation in the dataset on stand age and/or forest maturity (where known), and
the magnitude of recent disturbances - which may range from small natural dis-
turbances up to much more significant stand-clearing disturbance, such as logging
or burning - allows this to be accounted for in analyses. This is a particularly
important consideration in working with the Quebec provincial forest inventory
dataset, as many of the forests in Quebec are managed and have been subject to
stand clearance or logging (Ministere des Foréts, 2016). In the case of this thesis,

I focus on old-growth forests and select stands with minimal disturbance history,
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in order to remove the effects of external disturbance on stand structure from my

analyses. As a result, the final dataset consisted of 10518 plots.

Sample size is an important consideration, both spatially and temporally. Sam-
pling errors are higher in smaller plots and across shorter or fewer census intervals
(Baker et al., 2004a). In addition, smaller plots fail to fully capture large-scale dis-
turbances, and so may underestimate mortality rates, and overestimate biomass
accumulation rates (Chambers et al., 2013). Therefore, ensuring sample size suf-
ficiency is important in designing robust analyses. The average plot size in both
inventory datasets is small (< 1ha); however, this is compensated for by the num-
ber of plots sampled, particularly in the Quebec forest inventory database, where
my analyses aggregate data across bioclimatic regions. As a result, the plots rep-
resent a large area of forest sampled: a total of 477ha in Quebec, and 312ha in
Amazonia. In using the RAINFOR data, I choose to exclude plots < 0.8ha, unless
they are being aggregated as part of a wider plot cluster. Additionally, analyti-
cal robustness may be improved by weighting plots within the analysis by census
interval length and plot area, thus giving more weight to the more representative

larger plots and longer sampling frames (Baker et al., 2004a).

In addition to the forest inventory data, tree core samples were used from a
selection of the inventory plots in Quebec, with 5 trees randomly sampled within
each selected plot (Duchesne et al., 2019). This provides a multi-species dataset
of tree ring data, overlapping with the forest inventory data described above.
Tree cores in this dataset were processed by first identifying rings using binocular
magnification, and then measuring rings using the WinDendro image analysis
system (Duchesne et al., 2019). As with plot data, quality control of tree ring

data is important, as cores may be incomplete or inaccurately measured. In this
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dataset, tree ring growth trajectories were summed to calculate a tree diameter
estimate. These estimates were compared against the DBH of the stem measured
in the field at the time of coring. Because bark thickness is variable, and not
included in tree ring trajectories, direct comparison of the values is not possible,
and so anomalous values were determined by setting confidence intervals around

the trend line between the two values for each species (Caldwell, 2018).

1.6.2 Estimating demographic rates for analyses

There are a range of approaches used for estimating demographic rates from forest
inventory data, each of which have advantages and disadvantages. As mortality
rate estimates are central to my analytical approach, I outline the main approaches
I use for mortality rate calculation here. Since my thesis takes an individual-based
approach with a focus on stem size distributions, I use measures of the annual
probability of stem mortality and annual stem increment growth, allowing me to
directly relate these rates to the dynamics and frequencies of individual stems

within the stand.

The simplest measure of mortality I use is a constant stand-level stem mortality
rate, measured as the percentage of stems dying each year. This is calculated as

the exponential mortality coefficient p,

= In(ng) — l?(no —ng) « 100

where ng is the number of stems at the start of the census interval, ng is the
number of stems that die in the census interval, and t is the census interval
length (Lewis et al., 2004a). Mortality rate estimates are influenced by the census

interval length, as within each census interval there are some trees which recruit
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and die without being measured in either census. As a result, as census interval
lengths increase, the mortality calculation will increasingly underestimate the true
mortality rate (Lewis et al., 2004b). This effect can be corrected for quite simply,
by using a correction of

e t0'08

, where p is the rate estimate, and ¢ is the census interval length (Lewis et al.,

2004b). T apply this correction to all mortality rate estimates in this thesis.

Although stand-level mortality estimates are simple to calculate and provide a
useful measure of the overall dynamics of the plot, in reality mortality rates are
unlikely to be constant across individuals. Here, use of probability functions which
describe within-stand variation in mortality are valuable. Site-specific mortality
functions can be estimated from plot data using maximum likelihood methods
(Kohyama et al., 2015; Camac et al., 2018), and the function then used to gener-
ate annual mortality probabilities for individual trees, dependent on their specific
characteristics. In this thesis, I focus on two mortality probability functions: a
function to describe size-dependent mortality, and a function to describe growth-
dependent mortality. Size-dependent mortality has been widely observed in nat-
ural forests (Coomes et al., 2003; Muller-Landau et al., 2006b), a result of differ-
ences in mortality risk factors across size classes (Gora and Esquivel-Muelbert,
2021). Patterns of size-dependent mortality are known to vary between species,
and can varying between declining, increasing, or a U-shaped pattern with in-
creasing stem size (lida et al., 2014a). Any size-dependent mortality function

therefore needs to reflect this variability. I use the equation

M (z) = aexp’® z°
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where M (z) is the instantaneous mortality rate (year—!),  is the individual stem
DBH, and a, b and c are plot-specific parameters (Iida et al., 2014a; Kohyama
et al., 2015).

In addition, mortality may show growth-dependency, whereby low stem growth
rates in previous years are associated with higher mortality risks (Kobe, 1996;
Camac et al., 2018). Growth-dependent mortality has been observed to typically
follow an exponential decline where the risk of mortality does not completely

decline to zero (Kobe, 1996; Wyckoff and Clark, 2000). Here, I use the equation

M (z) = aexp @ +¢

where M (z) is the instantaneous mortality rate (year—!), x is the previous year’s

growth rate, and a, b and ¢ are plot-specific parameters (Camac et al., 2018).

1.7 Thesis outline

In this thesis I use forest inventory data from two major plot networks to analyse
relationships between demographic rates and stand structure in natural forests,

and to assess the implications for forest responses to global change scenarios.

In Chapter 2, I use RAINFOR inventory data from across six major forest types
across the Amazon to (1) characterise variation in forest structure across major
environmental gradients; (2) test for relationships between demographic rates and
forest structure; (3) analyse how these relationships are mediated by variation in
climate, soils, and forest type. This provides a rigorous observational framework
of relationships between forest structure and demographic dynamics across the

Amazon.
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In Chapter 3, I develop a novel individual-based simulation approach, using de-
mographic data from the Quebec provincial forest inventory program. I use forest
inventory data to build the simulation, and validate it with tree ring data from
the same plot network. The simulation approach developed illustrates the im-
portance of demographic rate control on forest stand structure, and provides a

methodology which is widely applicable to permanent sample plot networks.

Finally, in Chapter 4, I apply the simulation approach developed in Chapter 3 to
19 Amagzonian plot clusters, in order to analyse how forest structure in Amazonian
forests may respond to mortality rate change. I calculate a set of response and
recovery metrics to assess how forest response and recovery vary with baseline
mortality rate, and determine the importance of intrinsic demographic rates in

shaping forest responses to change.
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Chapter 2: Climate-mediated variation in stem size dis-
tribution and demography across South American trop-

ical forests

2.1 Abstract

Understanding how stem size distributions (SSDs) of forests are controlled by
variation in growth and mortality rates is essential to predict future forest re-
sponses to global change. Here, I test how variation in SSDs is associated with
stem demographic rates - specifically stem growth and mortality rates - across
242 permanent sample plots (PSPs), encompassing the full range of environmen-
tal conditions found in tropical South American forests. I show that the primary
axis of variation in stand structure is related to the evenness of SSDs, from lower
stand evenness (stands with a particularly high proportion of small trees), to
higher stand evenness (stands with a greater proportion of mid- and large-sized
trees). Across the whole dataset, I find a negative relationship between forest
stand evenness and stem mortality rate, but also find that the relationships be-
tween SSDs and demographic rates vary with forest type, climate, and soil physical
structure. Lower demographic rates are associated with higher stand evenness in
the less dynamic forests of the Guiana Shield and East-Central Amazon, and in
warm, wet forests with a stable soil structure. This pattern likely reflects the im-
portance of variation in mortality rates in determining variation in SSDs in these
high biomass, tall stature forests. However, this pattern is reversed in dry and
montane forests, and forests on the Brazilian Shield, where higher demographic
rates are associated with higher stand evenness, and a higher proportion of large

stems. This suggests that variation in growth rates determines forest structure in
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forests growing in more marginal environmental conditions, such as under drier
and colder conditions, or on less stable soils. Our results highlight that the re-
sponses of forest structure to changes in growth and mortality rates as a result of

global change will vary among tropical South American forests.

2.2 Introduction

Within a forest, the majority of aboveground biomass is stored in the woody
stems of trees (Anderson-Teixeira et al., 2021). As such, parameters describing
forest structure, such as basal area, stem size distributions, stem frequencies,
and mean stem height (Baraloto et al., 2011; de Paula et al., 2011; Rodig et al.,
2018) are strongly associated with stand AGB. Stem size distributions (SSDs)
of forests, which describe the number of individual trees of different sizes, rep-
resent a key parameter linking variation in demographic rates with variation in
aboveground biomass (AGB). SSDs are shaped by stem demographic rates - re-
cruitment, growth, and mortality - which determine the rates at which stems
are recruited into, move through, and are lost from the population (Lima et al.,
2016). In turn, SSDs are closely linked to stand AGB, as a result of the key role
of tree size in determining AGB stocks (Baraloto et al., 2011; Bastin et al., 2015).
Understanding the controls on SSDs is therefore important as they mediate the
link between demographic rates and stand AGB. It is well-documented that spa-
tial variation in AGB in tropical South American forests is linked to variation in
tree mortality rates (Johnson et al., 2016), and that there are close associations
between changes in growth and mortality rates and changes in forest AGB (see
e.g. Brienen et al., 2015; Hubau et al., 2020); however, we need to understand how

variation in demographic rates drives variation in forest SSDs in order to predict
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the potentially non-linear responses of forest structure to changing growth and

mortality rates.

SSDs quantified using frequency distribution fits - most commonly the power-law
and the Weibull distributions (Muller-Landau et al., 2006b; Coomes et al., 2003;
Lima et al., 2016; Moore et al., 2020) - have a number of advantages for examining
structural variation among forests. Firstly, they quantify structural variation over
the full range of stem sizes, and so show greater sensitivity to structural variation
than simple summary statistics, such as stem number and basal area. Secondly,
these fits are linked to theoretical explanations of forest structure. For example,
Enquist and Niklas (2001) proposed that SSDs are shaped by allometric scaling
relations governing resource flows, such that stem frequencies scale closely with
stem diameter in a power-law relationship (Enquist and Niklas, 2001). Indeed,
the theory predicts that SSDs are so tightly governed by allometric scaling, that
the power-law exponent («) in steady state old growth forests will approximately
equal -2 (Enquist and Niklas, 2001; Enquist et al., 2009). Subsequent studies have
failed to find support for a universally close fit to a power-law, instead highlighting
variation both in the slope of the size distribution, and in how well size distribu-
tions fit to a power-law, with the power-law consistently over-predicting numbers
of large stems (Muller-Landau et al., 2006b; Coomes et al., 2003; Farrior et al.,
2016). Instead, the Weibull distribution offers a better overall fit, in particular at
large stem sizes, where the largest proportion of biomass is held (Muller-Landau

et al., 2006b; Lima et al., 2016; Moore et al., 2020).

Stand structure - and ultimately biomass stocks - is in large part determined by
stem demographic rates - specifically stem recruitment, growth, and mortality

rates - which shape how stems enter, move through, and leave the population.
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Our current understanding is that the strongest demographic influence on tropical
forest stand structure is stem mortality rates, which are negatively associated with
stand biomass (Johnson et al., 2016; van der Sande et al., 2017). High rates of
mortality reduce survivorship and woody residence time and increase gap fractions
(Dalagnol et al., 2021), reducing the numbers of large trees, and weighting stem
size distributions towards smaller stems. In contrast, lower mortality rates and
longer woody residence times are associated with a higher proportion of large
trees and greater stand AGB, as stems survive through to the largest size classes

(Malhi et al., 2015; Rodig et al., 2017).

However, it is unclear whether mortality would remain the primary control on
stand structure under different environmental conditions. For example, there is
evidence that both growth and mortality rates correlate with size distribution pa-
rameters across a small range of sites (Muller-Landau et al., 2006b). In addition,
in early successional forests, growth is the most important factor shaping struc-
tural change, as growth is important in pushing individuals towards larger stem
size classes (Rozendaal and Chazdon, 2015). We might therefore expect growth
rates to be important in shaping stand structure in mature forests in marginal
conditions where environmental factors such as low water availability or poor soil
structure place constraints on the ability of individuals to reach the largest stem
size classes. Here, fewer large stems may reduce light competition at smaller sizes,

resulting in growth becoming a strong driver of stand structure.

Currently, studies of SSDs have tended to focus on only one or a few sites (Muller-
Landau et al., 2006a,b; Farrior et al., 2016), or have not tested how stand struc-
ture varies between forest types and along environmental gradients (Moore et al.,

2020). We therefore lack a comprehensive understanding of how stand structure
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varies over large spatial scales. Amazonian forests encompass a wide range of en-
vironmental, structural, and demographic variation (see e.g. Baker et al., 2004a;
Feldpausch et al., 2011; Quesada et al., 2012), including a wide range of varia-
tion in water availability - from moist through to seasonally dry tropical forests -
and temperature - from lowland to high montane forests. As a result, they offer
an ideal study system through which to explore variation in and demographic

controls on stand structure.

Here, I use data from permanent sample plots (PSPs) across the ForestPlots
network (Lopez-Gonzalez et al., 2009, 2011) to analyse variation in structural
parameters and SSDs across a diversity of South American forests. I expand the
focus of previous studies on single biomes (see e.g. Lima et al., 2016; Moore et al.,
2020; Moonlight et al., 2020; Duque et al., 2021) to the full range of Amazonian
and Andean forests, identifying six forest categories: moist lowland forest across
four distinct biogeographic regions (Feldpausch et al., 2011), (1) the Brazilian
Shield; (2) the Western Amazon, (3) the East-Central Amazon, (4) the Guiana
Shield, alongside (5) montane forest and (6) dry forest. I first clarify and describe
patterns of variation in SSDs across these forests, before analysing a) how this
variation relates to variation in demographic rates across all forest plots; and b)
how relationships between forest structure and demographic rates vary by forest

classification, and with climate (temperature and precipitation) and soils.

2.3 Methods

All data was obtained from the ForestPlots database (Lopez-Gonzalez et al., 2009,

2011), and all analyses were conducted in R version 3.5.1 (R Core Team, 2020).
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2.3.1 Plot selection and descriptive parameters

This analysis is focused on data from across the full environmental gradient of
South American tropical forests, encompassing a wide range of climatic, struc-
tural and compositional variation. To simplify this variation,I classify forests into
six South American forest categories: moist lowland forest across four distinct
biogeographic regions, (1) the Brazilian Shield; (2) the Western Amazon, (3) the
East-Central Amazon, (4) the Guiana Shield, defined according to Feldpausch et
al. (2011), alongside (5) montane forest, defined as forest > 1500m in elevation;
and (6) dry forest, defined as forest with a dry season > 5 months in length and
mean annual precipitation < 1500mm, following the classification by ForestPlots
(Lopez-Gonzalez et al., 2009, 2011). Classification of lowland Amazonian forests
by biogeographic region is well-supported, with the different regions showing suf-
ficiently different dynamics to justify analysis in this way (Feldpausch et al., 2011;

Johnson et al., 2016).

Only plots following the standard ForestPlots measurement protocol (all stems >
10cm DBH recorded and measured at 1.3m) were included. Where stems <10cm
DBH had been recorded, these stems were excluded from analysis. Plots were only
included if they were identified as old-growth forest with no recent anthropogenic
disturbance from burning, grazing, or logging. Plots which have experienced
natural disturbances, such as drought or windthrow, were not excluded. Mixed
forest and mono-dominant forest were included, but savannah, and palm-, liana-,
and bamboo-dominated plots were excluded. Plots were included in this analysis
if they were > 0.8ha in size. Only plots with > 2 censuses over a total minimum
census interval of 3 years were included, in order to allow robust estimates of

demographic rates to be calculated; in calculating structural parameters only
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data from the most recent census of each plot was used. Plot locations are shown

in Figure 2.1.
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Figure 2.1: Clockwise plots show: a) Locations of plots (n = 241) used in analysis. Plots are
coloured according to forest type, with outlines of biogeographic regions, as defined in Feldpausch
et al. (2011) shown in black. Plot locations are offset slightly to improve visualisation of plots
which are located close to each other. b) Histogram of mean annual precipitation values of
plots included in analysis. ¢) Histogram of mean annual temperature values of plots included in
analysis. Climate data is taken from WorldClim 2.1.

2.3.2 Calculating structural parameters and describing stem size dis-

tributions

Stem size distributions were fit to power-law and Weibull distributions. The
power-law fit followed the equation f(z) = x~%, where « is the exponent pa-
rameter, and describes the slope of the power-law fit. Higher alpha parameter
values suggest a steeper slope and a more skewed distribution (Figure 2.2). I set
Tmin €qual to 100mm across all plots, such that the power-law was fit across the

available size distribution for all plots. The transition point (mm) is used as an
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estimate of the point at which the power-law fit begins to over-predict the number
of large stems (see Farrior et al., 2016), and is calculated here as the size class at
which the deviations of the observed fit from the expected power-law fit become

negative.

A two-parameter Weibull distribution was used to fit to SSDs, with the equation

-3 o (2) 2o

where -y is the shape parameter, and (3 is the scale parameter. The scale parameter
controls the evenness of the distribution, and so higher scale parameters indicate
higher stand evenness, and a relatively higher proportion of large stems (Figure
2.2). The shape parameter controls the slope of the distribution, and is sensitive
to the extremes of the distribution: lower shape parameters indicate a higher

frequency of small stems, but also a larger maximum stem size.

59



o
S
e Low scale, high alpha; less even SSDs
©
o
8
o
©
2 8
2 o
[
a
<
o
8
(=}
~ High scale, low alpha; more even SSDs
S -
S
o
S
8
e | | | | | |
0 200 400 600 800 1000
DBH (mm)

Figure 2.2: Illustration of the effect of variation in scale and alpha parameters on theoretical
stem size density distributions, where each line shows a frequency distribution with different
calculated scale and alpha parameters. In these simulations, shape parameter is constant at
0.95. For the black line, the scale parameter is 97 and the alpha parameter 2.7, giving a SSD
with lower stand evenness skewed more heavily towards smaller stem sizes. For the red line, the
scale parameter is 123, and the alpha parameter 2.4, giving a SSD with higher stand evenness,
with a relatively higher proportion of large stems.
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Figure 2.3: Examples of variation in estimated stem size distribution parameters in relation to
observed variation in stem size distributions.

Uncertainty of the size distribution parameters was assessed by evaluating stan-
dard errors of the parameters. These were extracted for each plot following max-
imum likelihood fitting of the Weibull distribution to the SSDs, using the fitdis-
trplus package in R. Standard error values were standardised to a percentage of

each parameter, for comparison across the dataset.

Additionally, a range of descriptive structural parameters were calculated for each
plot as follows: mean, median and maximum DBH values; the 25% and 75%
quantiles; number of stems >10cm DBH per hectare; and basal area per hectare.
Total basal area (BA) is calculated as BA = Y7 7(DBH/2)? and standardised

by plot area.
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2.3.3 Calculating demographic rates

Mean stem mortality rates were calculated as the exponential mortality coefficient

f,

= In(ng) — l?(no —ng) « 100

where ng is the number of stems at the start of the census interval, ng is the
number of stems that die in the census interval, and ¢ is the census interval length.
Mean growth rate was calculated as the mean DBH change per stem per year. For
each plot, both mean stem mortality and mean growth rate were calculated for
each census interval, and an average was taken across census intervals, weighted by
census interval length. A census interval correction was applied with the formula
p *t9.08 where y is the rate estimate, and ¢ is the census interval length (Lewis

et al., 2004b).

2.3.4 Soil and climate data

Additional environmental data layers describing mean annual precipitation
(MAP) and mean annual temperature (MAT) were downloaded from the
WorldClim database at a 1km? resolution (Fick and Hijmans, 2017). An estimate
of each parameter for each site was extracted from the layers, based on the
geographic co-ordinates for each site. There is a wide range of temperature and
precipitation represented by these plots (Figure 2.1). Broadly, lower MAP values
are seen in the dry plots and the plots of the Brazilian Shield, while lower MAT

values are seen in the montane forest plots.

Site-specific soil data is available for 43 of the sites from the database collected

by Quesada et al. (2010). Only sites from the East-Central Amazon, the Western
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Amazon, and the Brazilian Shield are represented in this dataset. Soil fertility
parameters extracted from the database were: cation exchange capacity, soil water
pH, nitrogen content, organic phosphorus content, and the carbon:nitrogen ratio.
In addition, a number of structural indices were extracted: a soil structure index,
a soil depth index, a soil topography index, and a summary index, calculated as
the sum of the three indices. Methods for calculating these indices are detailed in

Quesada et al. (2010).

2.3.5 Analyses

A principal component analysis (PCA) was conducted first to explore variation
in structural parameters across the full range of plots. Parameters included in
the PCA were: scale parameter; shape parameter; number of stems per hectare;
median, mean, and maximum stem DBH; basal area; the 25% quantile (Q1); and
the 75% quantile (Q3). Parameters calculated from the power-law distribution

fits were excluded, due to the poor fit of the power-law distribution to the SSDs.

To assess variation in structure between forest types, for each of the four stem
size distribution (SSD) parameters, the mean for each forest type was calculated,
with plots weighted according to the square root of plot area multiplied by census
interval length. Significant differences between forest types were identified using

a one-way ANOVA, with a Tukey’s test.

To test for relationships between forest structure, demographic rates and envi-
ronmental variables, I used a combination of weighted least squares regression
models and generalised least squares regression models. In building each model,
I first used a weighted least squares approach, and then used a Moran’s I test

to assess spatial autocorrelation of the residuals. Where this identified signifi-
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cant spatial autocorrelation, I used a generalised least squares model with a term
specifying a spatial autocorrelation structure. The best spatial autocorrelation
structure was selected on a case-by-case basis using AIC scores. Where spatial
autocorrelation was not found to be significant, weighted least squares regression
models were used. Within each model, plots were weighted by the square root of
plot area multiplied by census interval length (Lewis et al., 2009; Brienen et al.,
2015). This weighting helps to account for the influence of stochasticity on plot
dynamics, which has the greatest effect on small plots and plots with shorter total
monitoring periods. All models were run using the scale parameter and the shape

parameter individually as response variables.

I first tested the effect of demographic rates on forest structure across the whole
dataset. I then tested how these relationships varied with environmental vari-
ables. I tested for a significant interaction between demographic rates and forest
type. To then explore these interactions more mechanistically, I tested for sig-
nificant interactions between demographic rates and two key climate variables,
mean annual temperature (MAT) and mean annual precipitation (MAP). I iden-
tified the best combination of explanatory variables using AIC scores. Finally, for
the subset of data for which I had soil data, I tested for significant interactions
between demographic rates and soil parameters, and identified the best combi-
nation of explanatory variables using AIC scores. As the subset of soil data was
only available for a limited range of sites, and represented a very narrow range of

climate parameters, I chose to analyse the effects of climate and soils separately.

I estimated the slope and significance for individual relationships within the mod-
els using the emmeans package in R (Lenth, 2021), and estimated a pseudo-R

squared value for each model using the rsquared function in the piecewiseSEM
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packages (Lefcheck et al., 2020). Multicollinearity between predictor variables was
checked in all models using the VIF function within the MASS package (Ripley,

2021), and was shown to be negligible.

Finally, in order to visualise variation between forest types, I generated approxi-
mations of an average 10ha SSD for each forest type, using mean values for the
shape parameter, scale parameter and number of stems per hectare to carry out

repeated sampling (n = 100) of fitted Weibull distributions.

2.4 Results

In total, data from 242 plots were included in the analysis, including 37 plots
from the Guiana Shield, 43 from the East-Central Amazon, 89 from the Western
Amazon, 29 from the Brazilian Shield, 13 dry forest plots, and 31 montane forest
plots. Among lowland moist forests there is spatial variation in biomass, basal area
(BA), mean stand DBH, and stem mortality and growth rates (Table 2.1). This
occurs along a broadly east-to-west gradient, with biomass and BA decreasing,
and demographic rates increasing from east to west. Demographic rates in dry
and montane forest fall broadly in the middle to upper part of the range of rates
observed in lowland moist forest, though, by comparison, basal area in dry and

montane forest is relatively low, particularly in dry forest (Table 2.1).

2.4.1 Variation in stand structure across tropical South American

forests

Of the two distributions, the Weibull distribution proved the better fit, showing
a significant fit across 90% of plots (p < 0.05), compared with a significant fit

across just 4% of plots (p < 0.05, Kolmogorov-Smirnoff test) for the power-law
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Table 2.1: Mean values for stem demographic rates and basal area across forest types. Means
are calculated from plot level values from the full dataset used in analysis, and weighted by the
square root of plot area multiplied by census interval length, as specified in the methods.

Forest biogeographic type Stem mortality Stem growth rate Stem recruitment Basal area (m?

rate (% year 1) (mm year—!)  rate (% year™1) ha~1)
Guiana Shield 1.45 1.74 1.38 26.17
East-Central Amazon 1.44 1.57 1.45 27.38
Western Amazon 2.58 2.33 2.49 23.18
Brazilian Shield 3.17 2.09 2.26 22.35
Dry 2.28 1.83 2.23 18.85
Montane 2.69 1.94 2.41 23.72

fit. This result demonstrates the utility of the Weibull distribution for accurately
describing size distributions of old-growth forest plots down to 0.8 ha in size, and
in capturing variation in forest structure at continent-wide scales. Examples of
the Weibull and powerlaw distribution fits to the observed plot census data are
presented in the appendix (Figures A2.1 and A2.2). Because of the poor fit of the

power-law parameters, they are not used in further analyses.

Standard errors of the Weibull distribution parameters were found to be small.
The mean standard error across all plots for the scale parameter was 4.98, equiv-
alent to a percentage error of 4.68% (range: 1.00 - 7.50%). The mean standard
error across all plots for the shape parameter was 0.03, equivalent to a percentage
error of 3.16% (range: 0.67 - 4.97%). Relative to the effect size in model outputs,
this error is negligible, and so is not expected to have a significant impact on

model results.

I find significant variation in SSD parameter values across the full dataset (Table
2.2). Plot-level values of the weibull distribution parameters vary between 49.4 -
182.0 for the scale parameter, and 0.71 - 1.21 for the shape parameter. I find no

significant correlation between the shape and scale parameters.

The first two axes of the PCA analysis captured 75.2% of variation in the struc-
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Table 2.2: Mean values for the Weibull distribution parameters across forest types, weighted by
the square root of plot area multiplied by census interval length. Bootstrapped 95% confidence
intervals shown in brackets.

Forest type Scale Shape

Guiana Shield 127.6 (121.9, 133.1) 0.91 (0.89, 0.93)
East-Central Amazon 113.1 (108.7, 117.3) 0.92 (0.90, 0.93)
Western Amazon 106.0 (104.2, 109.7) 0.92 (0.91, 0.94)
Brazilian Shield 93.2 (89.6, 97.0) 0.92 (0.90, 0.95)
Dry 112.1 (94.7, 129.3)  0.93 (0.89, 0.96)
Montane 97.8 (91.4, 104.2) 1.02 (0.99 1.06)

tural data (Figure 2.4; 55.7% and 19.5% respectively). PCI1 is defined most
strongly by the scale parameter and the 75% quantile, with the mean and median
stem DBH also being important variables. This suggests that the primary axis of
variation is shaped by stand evenness, with more even stands showing a higher
proportion of large stems relative to small stems. PC2 is most strongly deter-
mined by the shape parameter, indicating that the second axis reflects variation
in the tail of the distribution and maximum stem DBH. In comparison to the SSD
parameters, other structural parameters, such as basal area, number of stems per
hectare, and maximum stem size, are of secondary importance in defining PC1
and PC2, suggesting that application of SSDs in describing forest structure may
offer a more parsimonious approach to summarizing forest structure than using

large numbers of descriptive parameters.

Results from the PCA analysis suggest continuous variation in forest structure
across Neotropical forests, suggesting high variation within, as well as among
forest types. In particular, the results reveal that across the lowland moist forests

the primary axis of variation in stand structure among forest categories is in stand
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evenness: forests show low regional variation along PC2, indicating similarities in
maximum stem size across these regions, but show much higher variation along
PC1. There is lower variation between forest types along PC2, with the exception
of montane forest, which shows a relatively distinct cluster defined by a lower

maximum stem size than the other forest types (Figure 2.4).

-3 4

PC1 (55.7%)

Guyana Shield Western Amazon IZI Dry
Forest type B )
|Z| East-Central Amazon E' Brazilian Shield D Montane

Figure 2.4: Primary axes of structural variation across the full plot dataset. Arrows show loadings
of different structural variables on the first two PCA axes. Points show locations of individual
plots along these axes, coloured by forest type. Ellipses show 95% confidence for each forest

type.
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Variation between forest types along the PCA axes is supported by the results of
the ANOVA and TukeyHSD analysis, which reveal a number of significant differ-
ences in SSD parameters between forest types (Table A2.2). The scale parameter
shows the highest number of significant differences among forest types (p < 0.05,
TukeyHSD), with clear variation in these parameters between forest types. Scale
parameter values are highest in the Guiana Shield, East-Central Amazon, and
lowest in montane forest and the Brazilian Shield, suggesting that stand evenness
is higher in the Guiana Shield and East-Central Amazon, and lower in montane

forest and the Brazilian Shield.

Variation between forest types in the shape parameter shows fewer significant
differences, though I still find significant differences between montane forest and
all other forest types (p < 0.05, TukeyHSD), reflecting the differences seen along
the second PCA axis, and suggesting a lower maximum DBH in montane forest

compared to other forest types.

2.4.2 Variation of stem size distributions with demographic rates

As with structural parameters, I find significant variation in demographic rates
across forest types. Demographic rates are lowest in the northern and eastern
lowland forests of the Guiana Shield and East-Central Amazon, and increase

towards the south-west of the basin (Table 2.1).

Across all plots, I find a significant negative association between stand structure
and stem mortality (p < 0.0001, R? = 0.08), suggesting that plots with lower stem
mortality rates have SSDs with higher evenness. I find no significant relationship
between stem mortality rates and the shape parameter. I find no significant effect

of stem growth on any of the SSD parameters at this scale.
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2.4.3 Effect of forest type on demographic control of stem size distri-

butions

Relationships between SSD parameters and demographic rates vary strongly
across forest types. When modelling the scale parameter, I find a significant
interaction between stem mortality rate and forest type (p < 0.0001, R? = 0.47),
and stem growth rate and forest type (p < 0.0001, R? = 0.43). When modelling
the shape parameter, I find a significant interaction between stem growth rate

and forest type (p < 0.003, R? = 0.20).

Individual forest types have significant relationships between structural param-
eters and demographic rates but these relationships differ in their strength and
directionality. In the Guiana Shield, East-Central Amazon and Western Amazon,
stand structure is more even where mortality rates are lower, shown by the strong
negative correlations between stem mortality and the scale parameter (GS p <
0.0001, slope = -17.2; EC p < 0.01, slope = -9.7; W p < 0.05, slope = -3.9; Fig-
ure 2.5 and A2.5). I also find a significant negative correlation between the scale
parameter and stem growth rate within the Guiana Shield (p < 0.0001, slope =
-18.5).

In contrast, within dry and montane forests and the Brazilian Shield, the scale
parameter correlates positively with stem growth rates (BS p < 0.05, slope =
11.1; Dry p < 0.01, slope = 31.6; Montane p < 0.001, slope = 15.3; Figure 2.5
and A2.5), showing that stand structure is more even where stem growth rates
are higher. I find a significant positive correlation between the scale parameter
and stem mortality rate within dry forest (p < 0.0001, slope = 16.9). In montane
forest, there is a significant negative correlation between the shape parameter and

stem growth rate (p < 0.001, slope = -0.08), indicating that higher stem growth
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rates are associated with a higher maximum stem size.
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Figure 2.5: Relationships between the scale parameter and stem demographic rates broken down by forest type, visualising interaction effects
between stem demographic rates and forest type. Lines are plotted to show significant relationships (p < 0.05) by forest type.
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2.4.4 Effect of soils and climate on demographic control of stem size

distributions

I find that a number of climate and soil parameters are important in mediating

relationships between stem demographic rates and stand structure.

For the scale parameter, I find a significant interaction effect between stem mor-
tality rate and MAP (p < 0.0001) and stem growth rate and MAT (p < 0.01),
and a marginally significant interaction effect between stem mortality rate and
MAT (p = 0.057; total model R? = 0.23). Stem mortality rates show a very
weak positive correlation with the scale parameter in forests with low MAP, but a
strong negative correlation in forests with high MAP. Stem mortality rates show
a negative correlation with the scale parameter across all temperatures, but the
relationship is stronger in forests with low MAT. In contrast, stem growth rates
show a very weak positive correlation with the scale parameter in forests with

high MAT, but a strong positive correlation in forests with low MAT.

For the shape parameter, I find a significant interaction effect between stem
growth rate and MAT (p < 0.0001; total model R? = 0.19). Stem growth rates
correlate negatively with the shape parameter in forests with low MAT, but show

a slight positive correlation in forests with high MAT.
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Figure 2.6: Relationships between the scale parameter and stem mortality rate, visualising sig-
nificant interaction effects between stem mortality rate and (a) MAP and (b) MAT. To visualise
interactions, data points are grouped into bins, and lines of best fit models are plotted for the

mid-point values of each bin, detailed in the legend.

For the scale parameter, I find a significant interaction effect between stem mortal-

ity rate and the soil structure summary index (p < 0.05; total model R? = 0.35).

Stem mortality rates correlate positively with the scale parameter in forests with

poorer, less stable soil structure, and correlate negatively in forests with more

stable soil structure.



I find no significant interaction effects between stem demographic rates and any
of the soil fertility parameters for the scale parameter. For the shape parameter,
I find no significant interaction effects between stem demographic rates and any

of the soil parameters.
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Figure 2.7: Relationships between the scale parameter and stem mortality rate, visualising sig-
nificant interaction effects between stem mortality rate and (left) soil summary index; (right)
soil structure index. Lower index values indicate a higher soil stability and/or a higher quality
soil structure. To visualise interactions, data points are grouped into bins, and lines of best fit
models are plotted for the mid-point values of each bin, detailed in the legend.
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2.5 Discussion

My results show that there is significant variation in SSDs among forest types,
and that this variation relates in different ways to variation in stem demographic
rates. Across Neotropical forests, I find variation in SSDs both between and within
forest types is high, suggesting that forest structure is shaped by continuous vari-
ation in demographic rates, climate, and soils (see also de Castilho et al., 2006;
Quesada et al., 2012), rather than clustering into distinct structural types. Fur-
thermore, across the full dataset the shape of size distributions appears relatively
constrained (Figure 2.8), with low variation in the shape parameter, suggesting
some universal constraints on the structure of old-growth forests across environ-
mental gradients. However, my results do show a broadly east-to-west gradient of
increasing stand evenness across lowland moist Amazonian forests, with highest
evenness in the northern and eastern regions, declining to the south and west.
This is consistent with previously documented gradients in basal area and mean
stand DBH (Baker et al., 2004a; Baraloto et al., 2011; Quesada et al., 2012), and
suggests that increases in AGB along this gradient are partly shaped by increases

in the proportion of large stems.

Previous research has shown that stand structure is strongly contingent on the
proportion of the largest stems (Bastin et al., 2015; Lutz et al., 2018; Araujo
et al., 2020; Alves et al., 2010), findings which help to explain the variation in
SSDs across different forest types. Light availability in the understorey is limited
by frequencies of the largest, canopy-reaching, stems, such that frequencies of the
smaller, understorey, stems are structured by competition for light (Farrior et al.,
2016; Araujo et al., 2020). Therefore higher relative frequencies and larger average

size of canopy trees act to constrain numbers of smaller stems (see e.g. Araujo
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et al., 2020, comparisons with BCI size distributions; also Segura et al., 2002, in
dry forests; Baker et al., 2016): the higher relative frequency of large canopy stems
in the Guiana Shield and East Central Amazon appears to limit frequencies at the
smallest stem sizes, as well as reducing overall stem numbers. Across the lowland
moist forests my results indicate a broadly south-west to north-east gradient of
increasing dominance of large canopy trees, which shapes the frequencies of smaller

stems through competition for light.

Stand structure in montane and dry forest is more distinctive, as expected from
previous studies of these forest types. Montane forest has a lower maximum DBH
value, a very strong skew towards the smallest stem sizes - reflected in the on-
average significantly lower shape value - and a high density of small stems. This
result supports previous studies which find montane forests are characterised by
lower AGB, basal area, and canopy height than lowland moist forest (Homeier
et al., 2010; Spracklen and Righelato, 2014). Size distributions in dry forest are
highly variable, particularly in terms of stand evenness. Overall, dry forests have
lower stem numbers and lower maximum DBH than moist forests, suggesting a
more open canopy. This is consistent with previous studies suggesting that dry
forests show lower basal area, lower biomass, and a smaller stature than lowland

moist forest (Murphy and Lugo, 1986; Malhi et al., 2006; Pennington et al., 2009).
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Figure 2.8: Histograms to visualise typical SSDs for 10ha stands of each forest type. Stem
frequencies are calculated based on mean values for the scale parameter, shape parameter, and
number of stems for each forest type, resampled (n = 100) from the corresponding Weibull
distribution. Vertical lines show mean values for the 25% quantile, median DBH, the 75%
quantile, and maximum DBH respectively.

While light availability appears to be structuring SSDs in lowland moist forests,
my results suggest that different mechanisms may be occurring in dry and mon-
tane forests. The shapes of SSDs are similar across all forest types, however dry
and montane forest stands are more open compared to the lowland moist forests:
both forests, but particularly montane forest, show a low maximum stem size, sug-
gesting a low frequency of canopy-dominating large stems, and dry forest supports
a much lower stem density than other forests. This points to a more open canopy
in both of these forest types, suggesting that, while these forests are perhaps less
light-limited than lowland moist forest (Brienen et al., 2010; Lebrija-Trejos et al.,
2011), stems are limited in their ability to attain large sizes. In dry forests, water

availability is likely to place limits on maximum stem size (Segura et al., 2002;
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Becknell et al., 2012), while in montane forests frequent physical disturbances
such as landslides may reduce the frequencies of large stems (Dislich and Huth,
2012; Freund et al., 2021), with implications that these forests may not be at

structural equilibrium.

The finding that higher stem mortality rates are associated with a less even stand
structure and relatively fewer large stems, suggests that high rates of mortality
limit survivorship of stems to the largest sizes, and thereby maintain a distribution
skewed towards small stems. This corroborates previous findings that AGB stocks
are structured by mortality rates, particularly stem mortality rates, and that AGB
stocks are highest where mortality rates are low (Johnson et al., 2016; Rodig et al.,

2017).

Forests in the Guiana Shield and East Central Amazon typify this pattern and
show declines in stand evenness in response to increases in mortality and growth
rates, such that the forests with the highest proportions of large trees occur where
demographic rates are lowest. This indicates the importance of stem mortality
in shaping the size structure of these forests (Johnson et al., 2016); where stem
mortality rates are low, survivorship of stems to the largest sizes is higher, and
so stands are able to support a high proportion of large stems (e.g. Nascimento
et al., 2005). It is likely that the sensitivity of these forests to variation in mortal-
ity rates is a result of both the relatively low background mortality rates, and the
relatively high proportion of large stems. Forests with this combination of char-
acteristics may be disproportionately vulnerable to small increases in mortality,
as losing a small number of the largest stems would disproportionately open up
the canopy, stimulating growth of smaller stems, and further skewing the distri-

bution (Laurance et al., 2006; de Paula et al., 2011). This points to the unique
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importance of large canopy trees in structuring the forest (Farrior et al., 2016;
Bastin et al., 2015), and I suggest that the demographic rates of the largest trees
may be most important in determining forest structure in ‘typical’ lowland moist

forest (Muller-Landau et al., 2006a; Malhi et al., 2015).

In contrast, stand structure in dry forests, montane forests, and the forests of the
Brazilian Shield shows a very different relationship with demographic rates, with
higher stand evenness associated with higher growth rates. These relationships
suggest that these forests are structured by quite different mechanisms. Dry
forests, montane forests, and forests on the south-eastern edge of the Amazon are
more dynamic than the lowland forests of the Guiana Shield and central Amazon,
and exhibit a high frequency of gap-creating disturbance events (Dislich and Huth,
2012; Marimon et al., 2014; Dalagnol et al., 2021; Freund et al., 2021). Here, it
seems that variation in stand structure in these forests may be more strongly
determined by variation in growth rates among sites, which controls the speed at
which recovery from disturbance occurs (Dislich and Huth, 2012; Freund et al.,
2021); the relative proportion of large stems in these forests is therefore positively

associated with variation in growth rates.

These patterns are corroborated by my results illustrating that relationships be-
tween forest structure and demographic rates are mediated by a number of en-
vironmental variables. In warmer, wetter forests, typical of lowland Amazonia,
higher stand evenness is associated with lower mortality and growth rates. In
constrast, in forests with low MAP, stem mortality rates have a much smaller
effect on stand evenness. In cooler forests - represented in this dataset by mon-
tane forests - stem mortality still has a negative effect on stand evenness, however

growth appears to be a stronger control, with higher stand evenness and higher

80



maximum stand DBH strongly associated with higher growth rates. These forests
are closer to environmental limits to growth than lowland moist forests - limited
by water availability (Lebrija-Trejos et al., 2011) or temperature (Homeier and
Leuschner, 2021) - resulting in growth limitation within stands, which may re-
duce the effect of stem mortality, but exacerbate the effect of growth on stand

structure.

I also find evidence of interactions between soil physical structure and demo-
graphic rates in shaping forest stand structure. In forests on more stable soils,
higher stand evenness is associated with lower mortality rates, while in forests on
less stable soils, this association disappears or is reversed. Structurally poor soils
are primarily concentrated in the Western Amazon, with soils of higher structural
quality situated in the East-Central Amazon (Quesada et al., 2010, 2012), so this
finding is consistent with the variation observed across forest types. Poorer soil
structures are hypothesised leave forest stands more vulnerable to instability and
structural damage, driving higher rates of stand turnover (Quesada et al., 2010):
it is therefore likely that stand structure in forests on less stable soils would be
shaped more strongly by stand growth rates, and the ability to recover more
rapidly from perturbations to stand structure. The available soil data was lim-
ited to lowland Amazonian forests, and did not represent the full range of forest
types considered in this paper; however it is expected that this relationship would
be maintained or even strengthened by the inclusion of soil data from a wider
range of sites. Montane forests in particular are located on unstable soils, with
frequent disturbances and landslips creating a stand structure characterised by a
higher frequency of canopy gaps (Asner et al., 2014) and fewer large, tall stems
than moist, lowland forests (Murphy and Lugo, 1986; Becknell et al., 2012). As a

result, a strong relationship between stand structure, growth rates and soil insta-
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bility in these forests would be expected, with high growth rates being associated

with greater stand evenness for the forests on highly unstable soils.

These results indicate that we might expect significantly different responses and
resilience to environmental change across Neotropical forests. Most research to
date has focused on understanding mortality as the primary driver of forest change
(e.g. Johnson et al., 2016; Gora and Esquivel-Muelbert, 2021). Based on these
results, it is likely that forests in the north-eastern Amazon Basin will be partic-
ularly sensitive to increases in mortality rates, with increases in mortality rates
in these regions expected to result in a change in stand structure characterised
by a loss of large stems (Esquivel-Muelbert et al., 2020) and, as a result, a loss of
biomass potentially disproportionate to the observed increase in mortality. Low
growth rates in these forests are also likely to result in slower recovery from dis-
turbance than in more dynamic forests (Chave et al., 2020). The forests of the
Guiana Shield and East-Central Amazon hold some of the largest biomass stocks
in the Neotropics (Rodig et al., 2017), and so reductions in biomass in these forests

will have significant implications for carbon storage in Amazonia.

However, my results also highlight the importance of understanding growth re-
sponses. Growth responses are relatively understudied; indeed the results show
that when trends are considered at a regional scale, the strength of growth con-
trols on forest stands are masked, and so appear secondary to mortality controls.
However, for certain forest types, understanding growth controls will be essential
for accurately parameterising forest responses to change. Dry forests, montane
forests, and the forests of southern Amazonia appear to be more resilient to in-
creases in mortality rates, but may be sensitive to declines in growth rates, such

as due to increasing temperatures (Feeley et al., 2007; Battipaglia et al., 2015;
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Sullivan et al., 2020). Equally, these forests would be expected to respond quickly
to any increases in growth rate, as might be expected from carbon fertilisation
effects (Cox et al., 2013; Hofhansl et al., 2016). These forests are significant, but
often undervalued, components of the tropical carbon sink (Duque et al., 2021;
Becknell et al., 2012): understanding their diverse responses to global change will

be essential for the future of the South American carbon sink.
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Chapter 3: Using forest census data to simulate forest

structure

3.1 Abstract

Individual-based modelling approaches are very useful in modelling forest dy-
namics, with strong potential to provide insights into controls on forest structure
and function, and to generate accurate predictions of forest responses to global
change. Monitoring data from permanent sample plots (PSPs) represent an im-
portant dataset on forest dynamics which is long-term and global in nature, but

under-utilised in broad-scale modelling approaches.

Previous work has used annual growth data from tree rings to accurately simu-
late individual tree growth trajectories within a single species. Here, I extend this
approach to use multi-species data from the PSP network of the Quebec provin-
cial forest inventory program. I use growth rate data from repeated plot census

measurements to build individual tree growth trajectories.

I test these trajectories in combination with four different mortality functions -
fit using the census data - to simulate stand structure of mature forest stands. I
compare and validate the simulation outputs from different mortality functions

using observed tree ring growth trajectories.

I find that this approach is able to accurately simulate a number of key stand
structural parameters. In particular, I show that these simulations successfully
capture variation in structural parameters among forest types and across different
bioclimatic domains, suggesting that this approach will be of use in understanding

global variation in forest responses to change.
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My results also highlight the importance of mortality in shaping stand struc-
ture. The accuracy of the simulation outputs varies among mortality functions,

suggesting high sensitivity of stand structure to variation in mortality rates.

The methods I develop in this chapter will be broadly applicable to typical PSP
datasets with > 3 censuses, and so I anticipate that this method will have a wide
range of applications in exploring the links between demographic rates, stand
structure and biomass stocks across forests globally, and by extension in under-

standing and predicting forest responses to global change.

3.2 Introduction

Forests hold a large proportion of terrestrial biomass and as such are a key compo-
nent of global carbon stocks and flows (Pan et al., 2011; Anderson-Teixeira et al.,
2016). Understanding forest responses to environmental change is a key research
priority; in particular, improving our knowledge of the effects of environmental
drivers on forest stand structure and dynamics is essential to constrain future

projections of forest trajectories.

Forest stand structure, or the frequency distribution of stems across different size
classes, is a key determinant of aboveground biomass (AGB), and, by extension,
an important component in predicting biomass responses to global change (Bar-
aloto et al., 2011). Stand structure is ultimately shaped by demographic rates:
recruitment, growth, and mortality (Coomes and Allen, 2007; Caspersen et al.,
2011). Demographic rates are determined by a complex range of factors, both
intrinsic (species identity and life history traits) and extrinsic (climate, soils, and
environmental disturbances); however at a fundamental level the magnitude, both

absolute and relative, of these demographic rates is likely to shape stand structure
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in predictable ways. As a result, there is high value in developing a mechanistic
understanding of the influence of demographic rates on stand structure in order
to improve our understanding of the impacts of global environmental change on
forest biomass. In particular, a mechanistic approach is likely to highlight poten-
tial non-linearities between changes in demographic rates and changes in forest
structure and biomass, which are challenging to detect in correlative approaches

(Fauset et al., 2019).

Individual-based modelling approaches are well-suited to explore these relation-
ships; they model stems individually, and so are able to link information on de-
mographic rates, species traits and responses to disturbance with whole-forest
outcomes (Pacala et al., 1996; Fischer et al., 2016; Rodig et al., 2017). Models are
typically built around core assumptions of forest dynamics which are used to drive
the model function, including gap formation (Pacala et al., 1996; Fischer et al.,
2016), forest succession (Maréchaux and Chave, 2017), and competition for light
(Chave, 1999). More complex approaches may integrate information on plant
physiology and include representation of photosynthetic production and resource

allocation (e.g. Fauset et al., 2019).

Because of the range of ecosystem processes included in most modelling ap-
proaches, specific data inputs are often required to calibrate and parameterise
models, including data on plant functional traits (Riiger et al., 2020), crown posi-
tion (Farrior et al., 2016), resource use (Pacala et al., 1996; Chave, 1999), or pho-
tosynthetic rate (Fauset et al., 2019). Data for model calibration can be sourced
from forest inventories (Farrior et al., 2016; Riiger et al., 2020), functional trait
databases (Maréchaux and Chave, 2017) and remote sensing (Fischer et al., 2019).

Although the use of this data can result in accurate simulations of stand structure
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for individual sites, it is often intensive to gather and may not be readily available
beyond the site studied. As a result, scaling up these models to simulate forest
dynamics across wider regions may rely on extrapolation of data from a limited
number of sites or broad ecological assumptions to generate summary parameters
(e.g. Rodig et al., 2017). Furthermore, models which are driven by processes such
as tree physiology or resource use dynamics, are less well-suited to testing how

simple demographic processes affect long-term forest structure and biomass.

Instead, simpler approaches will enable mechanistic analysis of the effect of demo-
graphic rates on forest structure, and allow models to be applied to a wider range
of sites without relying on generalised assumptions. One approach is through use
of simple stochastic growth simulations, which randomly sample growth increment
data to generate simulated trajectories of individual stem growth (Lieberman and
Lieberman, 1985; Lieberman et al., 1985). Initial development of these simula-
tions used growth rate estimates derived from forest inventory data (Lieberman
and Lieberman, 1985; Lieberman et al., 1985); the approach has been subsequently
adapted to use growth increments measured from tree rings as input data (Brienen
et al., 2006). In addition, autocorrelated growth was incorporated by sampling
based on the previous years growth rate and DBH of the stem; this produced a
realistic spread of trajectories when validated against the tree ring data (Brienen

et al., 2006).

These models are simple, require minimal data input, and use observed growth
data, meaning that they offer a foundation for building a widely-applicable
individual-based model to explore links between demographic rates and forest
structure. Because of the small range of input parameters required, a model could

be parameterised using forest inventory data generated from long-term forest
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permanent sample plots. Worldwide, strategic networks of PSPs have collected
decades of data on forest structure, function, and composition, and represent
a huge diversity of data across local, national, and international scales, with
monitoring efforts continuing to develop and expand rapidly (ForestPlots.net
et al., 2021). Studies range in size from intensive monitoring of individual plots,
through national inventory networks (Bechtold and Patterson, 2005; Gray et al.,
2012), up to significant international collaborations, such as the ForestPlots and
Forest GEO initiatives (ForestPlots.net et al., 2021; Lopez-Gonzalez et al., 2011;
Anderson-Teixeira et al., 2015). The consistency in monitoring methodologies
among and within networks mean that there is comprehensive data available on
stem DBH, growth, and mortality across large spatial scales, and so a simulation

approach using inventory data would be transferable across plot networks.

The accuracy of using growth increment data to simulate individual tree tra-
jectories has not yet been validated using independent datasets, and, while the
approach has been applied to a number of species individually, the it has not been
tested with data from multi-species forest stands. Validation of a simulation using
forest inventory input data could be achieved using tree ring data, using a simi-
lar method as that of Brienen et al. (2006), but ensuring independence between
the datasets. Tree ring measurements provide annual estimates of individual tree
growth over long time periods, with growth sequences potentially extending over
several centuries (Babst et al., 2014). Because tree ring data can provide estimates
of stem and stand age, lifetime growth dynamics, and historic stand growth rates
(Baker, 2003; Brienen and Zuidema, 2006), tree ring data be used to validate
growth trajectories and stand age distributions simulated from inventory data,
and ultimately determine whether short-term growth measurements can be used

simulate long-term growth trends.
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This approach requires spatially overlapping datasets of forest inventory data and
tree ring data. To be able to fully validate a simulation, tree ring data needs to
be representative of the forest stand, and so available for the majority of species
present, and randomly sampled across species and size classes. This is uncommon,
as tree ring data is often sampled opportunistically or non-randomly. Additionally,
many sites are dominated by species that don’t set down tree rings, and so any
available data is unrepresentative of the species composition of the site. The
PSP network of the Quebec provincial forest inventory program (Ministere des
Foréts, 2016; Ministere des Ressources naturelles et des Foréts (MRNF), 2022)
contains forest census data and randomly sampled tree ring data surveyed from
across the same set of plots, providing a unique dataset of forest structure and
dynamics across a broad bioclimatic gradient with which to build and validate an

individual-based simulation.

Here, I integrate forest inventory data and tree ring data from the PSP network of
the Quebec provincial forest inventory program to extend the methods developed
by Brienen et al. (2006), and build and validate a full individual-based simula-
tion of forest stand structure. This scales up the approach from simulation of
single-species growth trajectories, to simulate growth trajectories within diverse
multi-species stands, allowing ultimately for stand-level stem size distribution es-
timates to be generated. In developing the approach, I test application of growth
trajectories in combination with four different mortality functions, parameterised
using the census data, to explore the influence of mortality on stand structure.
Using a combination of forest inventory and tree ring data, I validate the sim-
ulation across axes of space and time, including validation of stand structure,
lifetime stand growth rates, and stand age across four diverse ecological regions. I

show that stand structural parameters, and variation in stand structure across a
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significant environmental gradient, can be accurately simulated using basic forest
inventory data on stem DBH, annual stem growth rates, species wood densities,

and stand-level estimates of mortality rates.

3.3 Methods
3.3.1 Quebec provincial forest inventory program

I used data from the “BAS1” basic permanent sample plot network of the Quebec
provincial forest inventory program (Ministere des Foréts, 2016; Ministere des
Ressources naturelles et des Foréts (MRNF), 2022), across bioclimatic domains 3
- 6, defined based on climate and vegetation composition (Figure 3.1). There are
two temperate domains, which are situated between 45°N and 48°N: domain 3,
which is deciduous forest dominated in composition by maple and yellow birch,
and domain 4, which is mixed forest, dominated by balsam fir and yellow birch.
Domain 3 has a mean annual temperature (MAT) of 3°C, and domain 4 has MAT
of 2°C. Domains 5 and 6 are both closed-canopy boreal forest domains, situated
between 48°N and 52°N. Domain 5 is dominated by balsam fir and white birch,
with MAT of 0.8°C and domain 6 is dominated by spruce with MAT of -1°C. A
network of ~12000 permanent sampling plots was established in the early 1970s

at varying sampling intensities across these domains:

« One plot per 26km? in the bioclimatic domain 3
« One plot per 103km ? in the bioclimatic domains 4 and 5

« One plot per 259km? in bioclimatic domain 6

All plots are circular, with a radius of 11m (Duchesne et al., 2019). Plots have been

repeatedly resampled since the 1970s, with data from up to 6 censuses available
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across all bioclimatic domains. At each census, all trees with diameter at breast
height (DBH) >91mm in the plot are measured and their species identity, DBH,

and status (e.g. recruit, alive, or dead) recorded.

Plots were excluded from use in this analysis if they showed:

o Evidence of disturbance that had removed >75% of the canopy (e.g. as a

result of fire, clear cutting, severe insect outbreaks etc.)
o Evidence of disturbance that had affected >25% of the canopy (e.g. as a

result of partial clearance or stand thinning interventions, partial burning,

partial dieback etc.)
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3.3.2 Data processing

For growth trajectory simulations, only stems recorded as “alive” or “recruits”
were selected from the plot dataset. For mortality rate calculations, dead stems
were additionally included. Individual stem measurements were removed if mea-
surement inconsistencies were recorded in the database (e.g. as a result of errors

in species identification, DBH inconsistencies, or duplication of records).

Annual growth rates for each census interval were calculated by dividing census
interval growth by census interval length. Annual growth rate measurements of
< -2mm were removed, and annual growth rate measurements between -2mm
and Omm were set to Omm for the purpose of the growth trajectory simulations.
Previous growth rates were calculated for each census interval where applicable:
for the simulations and growth-dependent mortality calculations, measurements
without previous growth rates were excluded. Within each dataset, recruits were
pre-identified by a code, and a subset of annual growth data for new recruits was

compiled.

All stems for species with an unknown wood density were removed.

3.3.3 Model specification

3.3.3.1 Growth trajectories I use an approach similar to that applied by
Brienen et al. (2006; 2012) to build growth trajectories for individual stems. In
this approach, trajectories are built incrementally by repeated sampling of growth

rates from a set of observed growth rate data.

The starting diameter at breast height (DBH) for each simulated tree was obtained

by randomly sampling a stem from the subset of recruits. The initial growth
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increments were then generated by adding the measured annual growth rates of
the sampled recruit to the starting DBH. I used an initial growth window of 10
years, corresponding approximately to the average census interval length in the

dataset.

Further growth increments were then generated by sampling annual growth rates
from the full dataset. Growth increments tend to increase with stem diameter,
such that small stems grow more slowly than large stems, and within-stem growth
increases as stem diameter increases (Brienen et al., 2006). Growth increments
are also dependent on previous stem growth rates; stems with higher previous
growth rates will tend to have higher growth at the next growth step than stems
with lower previous growth rates (Kohyama et al., 2005; Brienen et al., 2006).
Accounting for this autocorrelation of growth is essential in generating a realistic
spread of growth rates, and to prevent all growth trajectories from converging
on a similar mean growth rate. This can be done by sampling stems based on
the stem’s current diameter and previous year’s growth increment, in order to

generate autocorrelation within the simulation (Brienen et al., 2006).

Work by Brienen et al. (2006) only considered growth trajectories of individual
species, whereas here I aim to adapt this work to generate growth trajectories
for complete forests, including multiple species. Therefore, 1 also consider the
effect of creating a sampling frame based on the wood density of the initial stem,
to approximate species identity. Wood density also correlates negatively with
growth rate, and so is expected to further increase the autocorrelation of trajectory

growth.

I tested five different approaches to build individual growth trajectories, such

that the next growth increment was sampled from stems with parameters falling
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within:

1. The full stem dataset; or a subset of the dataset based on:

2. A diameter window, set as the current DBH of the simulated stem +/- 1%;

3. A growth rate window, set as the mean annual growth rate of the simulated
stem over the preceding 10 years +/- 0.25; or

4. A wood density window, set as the exact wood density of the initial sampled
stem

5. The combined effect of the above approaches, sampling according to growth

rate, wood density, and diameter (Figure 3.2)

Once an annual growth increment was sampled, annual growth steps were added
to the trajectory according to the length of the census interval from which the
sampled growth increment was calculated. This was repeated until a total of 300
growth steps had been generated, giving each trajectory a length of 300 years. A
unique diameter window and growth rate window were calculated for each sample,
based on the DBH at the most recent growth step and the mean annual growth

rate over the previous 10 years (Figure 3.2).

I tested the simulation approaches by simulating growth trajectories and compar-
ing the spread of individual trajectories to observed tree ring trajectories. This
was done for each bioclimatic domain, with domain-specific growth-dependent
mortality equations applied to the trajectories, as detailed below, to ensure com-
parability with the observed tree ring trajectories. To compare trajectory spreads,
I assessed the ability of each approach to accurately simulate the spread of ages
across stems of set sizes, and the spread of sizes across stems of set ages, by com-

paring histograms of size and age distributions between simulated trajectories

95



and observed tree ring trajectories. I used Kolmogorov-Smirnov tests to test for
significant differences in the distributions of simulated and observed age and size
distributions. I tested size distributions at 16 ages, and age distributions at 16
DBH values across all 4 bioclimatic domains, to give a total of 128 tests. Where
the distributions were significantly different from each other, I used the D statistic
as a measure of difference to determine which approach generated the simulations

with the greatest similarity to the observed data.

Selection process at each growth step

An individual randomly selected from the dataset of
recruits, and 10 years of growth data is used to seed  (d--------
the trajectory

Wood density calculated here,
according to wood density of recruit

h 4
To generate the next growth
increment, begin with the full

sample of annual growth <
increments from the full dataset

G, previous growth rate, calculated here

. ) € -~ -1 as mean annual growth rate over the
Growth window selects only entries where previous 10 years

G+-05G,

If no entries fall within Wood density_win‘dow selects only
window, return to entries where

sample generated af WD = WD,
earlier step

P— DBHp, previous DBH, calculated here as
4, DEH at the most recent growth step

DBH window selects only
entries where

DEH +/- DBH,"0.01

I

From available sample of growth
increments, one is randomly selected, and
n annual growth increments added, where

n is number of years in the observed dataset
census interval

Figure 3.2: Schematic to show method for building trajectories

3.3.3.2 Mortality models To simulate full forest dynamics, at each annual

growth step from the starting DBH a model of the mortality probability distri-
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bution was applied to calculate a unique annual probability of mortality for each
stem. Each trajectory, at each growth step, would have a chance of being killed
according to this probability. Trajectories were allowed to continue growing until

stems were killed by the mortality function.

For each bioclimatic domain, I estimated the stand-level mortality from the census
data across all census intervals and plots. Data for each stem at each census
interval was included as a separate entry, and the stem was identified as either
alive or dead at the end of the census interval. Mortality was then estimated using

a sample of 2000 stems from the full dataset of stem mortality.

Mortality was modelled in four different ways:

1. A constant stem mortality rate, calculated as the exponential mortality

coeflicient p,
In(ng) — In(ng — ng)
t

* 100

H:

where ng is the number of stems at the start of the census interval, ng is the
number of stems that die in the census interval, and t is the mean census

interval length (Lewis et al. 2004).

2. A size-dependent stem mortality function, using the equation
M (z) = aexp’™® z°

where M (z) is the instantaneous mortality rate (year~!), and a, b and c are

plot-specific parameters (Kohyama et al. 2015) (Figure A3.1).
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3. A growth-dependent stem mortality function, using the equation
M(z) = aexp @ +¢

where M (z) is the instantaneous mortality rate (year—!), and a, b and c are

plot-specific parameters (Camac et al. 2018) (Figure A3.2).

4. A combination of a growth-dependent mortality function and a
size-dependent mortality function, where, at each annual growth step,

the higher mortality rate of equations 2. and 3. was selected.

Mortality rate estimates are influenced by the census interval length, as within
each census interval there are some trees which recruit and die without being mea-
sured in either census. As a result, as census interval lengths increase, the mor-
tality calculation will increasingly underestimate the true mortality rate (Lewis

et al., 2004b). This effect can be corrected for by using a correction of
w*t°.08

where p is the rate estimate, and ¢ is the census interval length (Lewis et al.,
2004b). I apply this correction to all mortality rate calculations used in this
chapter, using the mean census interval length for each bioclimatic domain or

species dataset.

Mortality is applied at each annual growth step in each trajectory, and the trajec-
tory either ends (the stem is killed) or continues to the next growth step (the stem
survives) according to the probability of mortality. Where the constant mortal-

ity rate is used, the probability of mortality does not vary within the simulation.
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However, where mortality is modelled as growth- or size-dependent, a unique prob-
ability of mortality is calculated for each annual growth step in each trajectory,
based either on the previous years growth rate (growth-dependent mortality), or

the current DBH of the stem (size-dependent mortality).

Sets of 5000 trajectories, with each trajectory representing the growth of an in-
dividual stem from 91mm to death, were generated for each bioclimatic domain

and each mortality function.

3.3.3.3 Stand structure simulations To simulate stand structure from the
simulated growth trajectories, I randomly sampled each year a cohort of 100
growth trajectories from the full set of trajectories, and “recruited” them into the
stand (Figure A3.3). This was repeated each year for 300 years, to ensure that
all of the stems initially recruited in year 1 had died and the stand was “mature”
(i.e. had reached an equilibrium). The DBH of all stems alive at year 300 were
sampled to provide a simulated stand structure and stem size distribution. I tested
the sensitivity of the simulation to recruitment and time to maturity by running
the simulation with a range of sample sizes of recruits and different lengths of
time to maturity, and compared parameter estimates across the ranges. I found
that parameter estimates are robust to variation in recruitment sample size and

time to maturity (Figure A3.1).

3.3.4 Quebec tree ring data

To validate the simulation approach (see next section) I used tree-ring measure-
ment data compiled by the Quebec provincial forest inventory program. Between

1996 and 2012, tree cores were sampled from permanent sample plots. In each
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plot, 5 trees >91mm DBH were selected randomly and sampled at a height of 1m

above ground level.

Cores were processed following standard procedure (dried, glued to a wooden
tray, and sanded), so that ring boundaries could be detected under magnification
and measured using the WinDendro image analysis system to an accuracy of
0.001lmm. Tree growth trajectories were then compiled from annual growth steps.
Quality control on core data was conducted to remove incomplete cores and to
remove cores where significant differences between measured field DBH and DBH
calculated from tree rings were recorded. Following the quality control method
used by Caldwell (2018), for each species a linear model was fit to the relationship
between DBH as measured at sampling and DBH as calculated from tree growth
rings. If the DBH as calculated from the tree growth rings fell outside + /- 25% of
the expected value for the measured DBH of that individual, the individual was

discarded.

For the tree ring data to be suitable for validating the simulations, it is impor-
tant that it is representative of the forest stand, and aligns with the parameters
observed in the forest inventory data. Not all species are represented in the tree
ring dataset. Conifer species are fully represented, along with several deciduous
species, however a number of deciduous species are missing. This is particularly
significant in the most southerly bioclimatic domains, where there are a greater
proportion of deciduous species. In contrast, in bioclimatic domains 5 and 6 - the
most northerly domains - the vast majority of species are represented in the tree

ring sample.

Despite the discrepancies in species composition between the datasets, the size

structure of the tree ring sample is broadly representative of the size structure
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observed from the plot data (Fig. 3.3, Table 3.1). The largest deviations are
seen, as expected, in bioclimatic domains 3 and 4, while the tree ring sample from
bioclimatic domain 6 is highly representative of the plot census stand structure
in this domain. The tree ring sample does fail to capture the maximum DBH
recorded in the stand, which is expected as very large stems are rare in natural
forests and the tree ring sample is significantly smaller than the plot census sample.

Table 3.1: Comparisons of stand structure summary statistics between plot census data and the
tree ring sample, calculated for each bioclimatic domain. All values are in mm.

Q1 DBH Mean DBH Median DBH Q3 DBH Maximum DBH

Plot data 112 178 145 200 880
Bioclimatic domain 3 “r 0 "o jata 112 170 148 204 567
Plot data 110 161 137 185 1089
Bioclimatic domain 4 = " ata 114 166 149 201 583
Plot data 107 146 129 166 740
Bioclimatic domain 5 “y 0 "o data 109 149 135 174 496
Plot data 106 138 127 158 583
Bioclimatic domain 6~ o " ata 107 138 127 158 505
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Figure 3.3: Stem size distributions for plot census stand structure vs. stem size distributions in
the tree ring sample

3.3.5 Stand structure validation

The outputs of the simulation were validated against observed plot census data
and tree ring data, to assess the ability of the simulation to accurately model
stem growth dynamics and stand structure across multiple parameters. I assessed
parameters describing the immediate stand structure, as well as parameters re-

lating to stand dynamics, such as mean growth rate and stand age, to assess the
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accuracy of the simulation.

Stand structures generated from the simulated trajectories for each bioclimatic
domain were compared against observed plot census data and tree ring data to
validate the simulation approach. I simulated two different sets of stands for
these comparisons: 1) for comparisons of simulated and observed size structures,
I simulated stands using all data from all species and plots for each bioclimatic
domain; 2) for comparisons of stand age structures and growth rates obtained from
tree ring data, I simulated stands including only data from the species represented

within the tree ring dataset.

For comparison 1), within each bioclimatic domain I compared the outputs of all
four mortality functions against the stand structures observed in the plot data,
including the most recent census of each plot recorded between 2009 and 2018. If
no censuses were available for the plot within these dates, the plot was excluded.
I compared mean, median, the 75% quantile, and maximum DBH, and the shape

and scale parameter of the distribution based on a Weibull distribution fit.

For comparison 2), I used only the growth-dependent mortality function to simu-
late stand structure, as this function performed best at simulating stand structure
when assessed against observed plot data using the above parameters (comparison
1). I compared mean and median DBH and the shape and scale parameter of the
distributions based on a Weibull fit between the simulated distributions and the
tree ring sample. I compared mean stand age of the simulated stand with that
of the tree ring sample, where mean stand age was calculated as the mean of all
individual ages since 91mm. I also compared the distribution of annual growth
rates, calculating the mean of all the annual growth rates of the stems throughout

their lives for the simulated stand and the tree ring sample.
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3.4 Results

3.4.1 Simulating trajectories

I find that carrying out simulations without diameter-dependent growth, growth
autocorrelation, or wood density-dependent growth generated a poor simulation of
the range of trajectories observed in the tree ring data across bioclimatic domains.
The simulated trajectories tend to converge on a similar mean growth rate, and
so fail to cover the spread of growth rates seen in natural forests. This approach
is poor at simulating accurate age and DBH distributions across the full range of
trajectories considered, and 70% of the age and DBH distributions tested were

found to be significantly different from the observed distributions.

I find that the best method for simulating an accurate spread of trajectories, as
well as accurate distributions of ages and sizes, is to include growth autocorrela-
tion, diameter-dependent growth, and wood density-dependent growth. Inclusion
of all of these factors generates trajectories with a spread similar to that observed
in the tree ring data, as well as generating age and size distributions that realis-
tically simulate observed age and size distributions across the full range of ages
and sizes considered (Figures 3.4 - 3.7; Table A3.1 - A3.2). I found no significant
differences between observed and simulated age and DBH distributions in 88% of

tests.

Use of growth autocorrelation alone is nearly as effective at simulating the spread
of trajectories, and I found no significant differences between observed and
simulated age and DBH distributions in 87% of tests. However, I find that, where
distributions are significantly different, inclusion of growth autocorrelation,

diameter-dependent growth, and wood density-dependent growth, generates
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simulated distributions which are more similar based on the D statistic to
the observed distributions than use of growth autocorrelation alone. This was
observed in 10% of total tests, and occurs in particular in accurately simulating
the age distributions of the largest stems. As a result, going forward I use a
simulation approach which includes growth autocorrelation, diameter-dependent

growth, and wood density-dependent growth.

I find that, on its own, the effect of including diameter-dependent growth using
DBH windows is relatively small, and I found no significant differences between
observed and simulated age and DBH distributions in only 34% of tests. The effect
of including wood density-dependent growth on its own is larger, and I found no
significant differences between observed and simulated age and DBH distributions
in 41% of tests. Both the use of diameter-dependent growth and wood density-
dependent growth alone are able to generate accurate DBH distributions up to
around 15 years of age, and accurate age distributions up to around 160mm DBH,

but decline in accuracy beyond this.
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Figure 3.4: Trajectory outputs under different sampling frames for (left to right) bioclimatic domains 3 and 4. From light to dark, shaded grey
areas show the 75%, 90% and 95% quantiles of simulated trajectories, while black lines show a sample of 300 observed tree ring trajectories.
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Figure 3.5: Trajectory outputs under different sampling frames for (left to right) bioclimatic domains 5 and 6. From light to dark, shaded grey
areas show the 75%, 90% and 95% quantiles of simulated trajectories, while black lines show a sample of 300 observed tree ring trajectories
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3.4.2 Stand simulations

Stand structure, stem growth rates, and stem mortality rates vary between bio-
climatic domains in Quebec (Table 3.2). Mean and median stand DBH and the
scale parameter are highest in bioclimatic domain 3, and decrease towards biocli-
matic domain 6. The scale parameter describes the evenness of the stand, where
a higher scale parameter value is associated with a greater relative frequency of
large stems. Mean stem growth rates are also highest in bioclimatic domain 3, and
lowest in bioclimatic domain 6. Age also varies across bioclimatic domains, with
the lowest mean stand age recorded in bioclimatic domain 5, and the highest mean
stand age recorded in bioclimatic domain 6. Estimates of stem mortality rates
are highest in bioclimatic domain 3, and decrease towards bioclimatic domain 6,
mirroring the trends observed in stem growth rates. The variation in mortality
rates across bioclimatic domains is consistent regardless of which mortality model
is applied.

Table 3.2: Stand structure summary statistics for each bioclimatic domain based on observed
plot data, observed tree ring samples, and modelled mortality rates from plot census data

Bioclimatic  Bioclimatic Bioclimatic Bioclimatic

domain 3 domain 4 domain 5 domain 6
Mean stem size (mm) 183.00 165.0 148.00 139.00
Median stem size (mm) 149.00 140.0 132.00 127.00
Shape parameter 0.95 1.0 1.06 1.14
Scale parameter 91.00 75.0 60.00 51.00
Age 33.00 31.0 26.00 42.00
Growth rate (mm/yr) 2.90 2.5 2.20 1.00
Constant mortality rate (%) 4.70 4.0 4.00 3.00
Mortality rate at annual growth 16.60 16.9 15.20 8.60
Omm/yr (%)
Mortality rate at annual growth 4.00 4.8 5.40 2.10
Imm/yr (%)
Mortality rate at annual growth 2.60 2.6 2.60 1.80

10mm/yr (%)
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Fitting of mortality functions to the census data indicates that mortality is
strongly growth-dependent across all bioclimatic domains, with very high proba-
bility of mortality (8.6 - 16.9% annual mortality) observed for annual stem growth
rates of Omm yr—1 (Figure A3.2). Probability of mortality declines rapidly as
annual stem growth rates increase, and levels off at annual stem growth rates of
approximately Imm yr~1. I find much less variation in mortality rates across
stem sizes, suggesting a smaller effect of size-dependency on mortality rates.
Patterns of size-dependent mortality are also less consistent across bioclimatic
domains, though broadly I see a trend of highest probability of mortality at mid

to large stem sizes (Figure A3.1).

3.4.2.1 Comparison 1 - Comparisons with plot data All simulated stand
structure outputs show variation across bioclimatic domains, broadly consistent
with the variation in observed stand structure. I find that the accuracy of the
simulations is strongly dependent on the mortality function used, and that use of
the growth-dependent mortality function best simulates observed stand structure.
Across all four bioclimatic domains, simulations using the growth-dependent mor-
tality function estimate 22 out of 24 stand structure parameters to within 10%
of observed parameters, and all parameters to within 20% (Table 3.3). Of the
parameters tested, the growth-dependent mortality function is most accurate in
simulating mean, median, and Q3 DBH across all bioclimatic domains. The
growth-dependent mortality function performs least well in bioclimatic domain
5, where it overestimates the scale parameter and basal area by over 10% (Table

3.3), suggesting that it underestimates mortality rates at the largest stem sizes.

In contrast, I find that outputs from simulations using the other mortality func-

tions are much less accurate in comparisons with observed structural parameters,
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with simulations using these mortality calculations generating some significant
errors in parameter estimation (Table 3.3). Application of these functions con-
sistently results in underestimates of parameter values. In particular, all three
mortality functions significantly underestimate the maximum DBH, the scale pa-
rameter, and the basal area, with estimation errors of over 20% (Table 3.3). This
suggests that the functions are overestimating the mortality of the largest stems

and as a result failing to accurately simulate large stem frequencies.
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Table 3.3: Percentage differences between simulated stand structure parameters from observed tree ring data and simulated stand structure
parameters from simulated trajectories. Cells are coloured to indicate the percentage difference between each simulated parameter and the
observed parameter, where green cells show simulations within 10% of the observed parameter, yellow cells between 10 and 20% of the
observed parameter, and orange cells over 20% difference from the observed parameter.

Mean  Median Q3 DBH Maximum Shape Scale Basal
DBH DBH DBH parame- parame- area
ter ter

Bioclimatic domain 3
Growth dependent mortality
Size dependent mortality
Growth and size dependent mortality
Constant mortality

Bioclimatic domain 4
Growth dependent mortality
Size dependent mortality
Growth and size dependent mortality
Constant mortality

Bioclimatic domain 5
Growth dependent mortality
Size dependent mortality
Growth and size dependent mortality
Constant mortality

Bioclimatic domain 6
Growth dependent mortality
Size dependent mortality
Growth and size dependent mortality
Constant mortality




With application of the growth-dependent mortality function, stand structure
simulations are accurate when compared to observed plot data (Figure 3.7). The
simulations capture the size distributions observed within individual bioclimatic
domains well across multiple size distribution parameters, indicating that the
observed and simulated distributions are very similar (Table 3.3). Furthermore,
the simulations capture the differences in size distributions among the bioclimatic
domains, and accurately model the decline in the frequency of large stems from

bioclimatic domains 3 to 6.
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Figure 3.8: Comparisons of example stem size distributions between stands generated from sim-
ulated stem growth trajectories using the growth-dependent mortality function (black hatched)
and observed stand structure from plot census data.

3.4.2.2 Comparison 2 - Comparisons with tree ring data Results of the
simulations are similarly accurate when compared against the tree ring data.

Mortality functions and stand structure parameters generated from the subset of
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species sampled in the tree ring data are very similar to those generated from the
full dataset, as expected. With the exception of the shape parameter, all stand
structural parameters are estimated to within 10% of the tree ring data (Table
3.4).

Table 3.4: Comparisons of stand structure summary statistics between simulated data and the
tree ring sample, calculated for each bioclimatic domain.

Mean  Median Shape Scale Mean Mean

DBH DBH parame- parame- annual stand

ter ter growth age

rate

Bioclimatic zone Simulated data 166 140 0.96 73 2.72 27
3 Tree ring data 170 148 1.01 79 2.77 29
Bioclimatic zone Simulated data 168 141 0.94 74 2.52 30
4 Tree ring data 166 149 1.06 7 2.61 29
Bioclimatic zone Simulated data 157 134 0.94 64 2.12 31
5 Tree ring data 149 135 1.07 60 2.14 27
Bioclimatic zone Simulated data 139 120 0.91 46 1.12 43
6 Tree ring data 138 127 1.10 49 1.10 43

Simulating estimates of stand-level mean annual growth rates and mean stand
age offer an additional dimension with which to evaluate the accuracy of the
simulations. Simulated estimates of mean stand annual growth rate, based on
the lifetime annual growth rates of all surviving trees in the stand, are found to
be within +/- 3% of the mean annual growth rate calculated from the tree ring
sample. The distributions of annual growth rates are also very similar in shape
between the simulated data and tree ring data (Figure 3.8), though I note that
the distribution of simulated growth rates tends to underestimate the frequency
of low growth rates, and slightly overestimate the frequency of growth rates in

the middle of the range.

Simulated estimates of stand age are accurate to within 10% of the tree ring data

for bioclimatic domains 3, 4, and 6, and to within 20% for domain 5, and also
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show similar overall distributions to each other (Figure 3.9).
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Comparisons of example growth rate distributions between stands generated

from simulated stem growth trajectories using the growth-dependent mortality function (black

hatched) and observed stand structure from plot census data.

Figure 3.9:
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Figure 3.10: Comparisons of example age distributions between stands generated from simulated
stem growth trajectories using the growth-dependent mortality function (black hatched) and
observed stand structure from plot census data.

3.5 Discussion

The results presented here show that stem growth trajectories can be modelled
using repeated sampling of annual growth rates derived from plot inventory data.
This is the first time that this approach to simulating growth trajectories has been
validated using independent datasets to build and validate the trajectories (but see
Brienen et al. (2006) for validation with a non-independent dataset). I find that
inclusion of growth autocorrelation in the approach greatly improves the spread
of trajectories, while inclusion of diameter-dependent growth and wood density-
dependent growth have a smaller effect. As wood density correlates negatively

with growth rate (Chave et al., 2005), inclusion of growth autocorrelation may
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already account for much of the wood density-dependent variation in growth,
reducing the effect of including wood density. These results suggest that, where
wood density data is unavailable, growth autocorrelation alone may be sufficient
to simulate trajectories to a reasonable accuracy, though this approach is less
accurate at larger stem sizes. As well as their application in larger stand-level
modelling approaches, simulated growth trajectories will be a valuable tool in
estimating stand and species age distributions. This approach will be particularly
useful in the tropics, where ring formation is rare, and estimation of species ages

and longevities is challenging (Vieira et al., 2005; Brienen et al., 2016).

At a stand level, the simulation approach accurately models a number of key stand
structure parameters, alongside stand growth rate and stand age. The approach is
strongly data-driven, but uses only data which are typically recorded in, or derived
from, PSP census datasets, namely stem DBH, annual stem growth rates, wood
densities, and stand-level estimates of mortality rates. Many individual-based
models are built on core assumptions about individual responses to gap forma-
tion, light availability, and resource use, and the role of plant functional traits
in mediating these responses (e.g. see FORMIND, Fischer et al., 2016; TROLL,
Maréchaux and Chave, 2017). However, my approach models stand structure
without the need for these assumptions. Even using only basic field data for
parameterisation, the approach is sensitive to the variation among bioclimatic
domains observed in the dataset, accurately capturing variation in structural pa-

rameters across diverse forest types.

The simplicity of this simulation highlights the importance of demographic rates
in determining stand structure: across the four bioclimatic domains assessed here,

variation in stand structure can be described almost entirely through simple data
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on growth and mortality. Importantly, very limited information on species iden-
tity is required for accurate simulation; outside of demographic rate information,
only data on wood density is necessary. The success of this approach is probably
a result of (1) the close association between wood density and growth rates, such
that sampling frames based around wood density drive stronger autocorrelation
of growth rates, and increase the spread of trajectories; and (2) the importance
of demographic rates as a species functional trait in themselves. Demographic
rates like growth and mortality are one of the most important plant functional
traits, which clearly differentiate species along a spectrum of fast to slow traits
(Reich, 2014; Riiger et al., 2020). As a result, information on species traits and
composition is inherent in the sample of demographic rates measured in PSP
datasets, regardless of whether species identity is explicitly recorded. By employ-
ing autocorrelation of growth as a central component of building realistic growth
trajectories, this approach captures the variation in growth dynamics seen in nat-
ural forests, without requiring detailed analysis of plant functional traits. Riiger
et al. (2020), showed that grouping species into 5 plant functional clusters across
two axes of variation (a growth-survival trade-off and a stature-recruitment trade-
off) was sufficient to accurately model stand structure in a tropical forest; this
result suggests that, at least for certain forests, even simpler approaches may be

sufficient.

The results also point to the importance of mortality in determining stand struc-
ture, and the key role that accurate parameterisation of mortality rates plays in
simulation development. I find that simulation outputs vary strongly according
to the mortality function used, particularly when considering parameters beyond
mean and median stem size, such as stand age, scale parameter, growth rate, and

basal area. Stand evenness, basal area, and biomass are disproportionately influ-
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enced by the relative frequency of large stems (Lindenmayer and Laurance, 2017;
Poorter et al., 2017) and so the ability of a simulation to accurately model the
abundance of the largest size classes is of particular importance when outputs are
extrapolated to basal area and biomass estimates. The results clearly illustrate
that mis-estimates of large stem numbers are not necessarily reflected by mean
and median DBH values. In the simulation results presented here, the models us-
ing size-dependent mortality and constant mortality consistently underestimate
basal area, the 75% quantile, and the scale parameter, pointing to a general un-
derestimate in large stem numbers not indicated by the mean and median DBH
estimates, and highlighting the importance of assessing model performance across

a diversity of parameters.

Stand-level generalisations of mortality rate are likely to be sufficient to model
stand structure, but this approach should be used with care: it is important to
correctly identify the mechanisms of mortality. Forests in Quebec showed very
strong growth-dependency in fitted mortality functions, but much weaker size
dependency (Figures A3.1 and A3.2). The strikingly high mortality rates of in-
dividuals with low growth rates (up to ~20% annual mortality for stems which
showed no growth in the previous year) indicate that this is the dominant mech-
anism shaping mortality in these forests. A strong influence of growth-dependent
mortality in shaping forest stand dynamics, structure, and composition has been
observed in other temperate and high-latitude forests (Kobe et al., 1995; Kobe,
1996; Cailleret et al., 2016). However, a growth-dependent mortality function
may not be applicable across all modelling scenarios, as the relative influence of
different modes of mortality is known to vary strongly with forest type and age,
with important implications for stand development and forest structure (Larson

et al., 2015; Cailleret et al., 2020). Previous research has identified pre-mortality
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declines in growth as much greater in gymnosperms than angiosperms (Cailleret
et al., 2016), so other mortality functions may be more applicable to broadleaf
forests. For example, strong size-dependency of mortality has previously been
identified in tropical forests, where it is expected to be important in structuring
carbon cycling and biomass (Gora and Esquivel-Muelbert, 2021). As a result,
determination of an appropriate mortality function on an individual basis is likely

to be important in wider application of this approach.

The divergence in outputs generated from different mortality functions is likely to
become even more pronounced if this approach is used to project forest structure
under different future change scenarios. Previous studies have found that differ-
ent approximations of mortality which may generate reasonable simulations of
forest stands under current conditions can produce highly divergent predictions
under scenarios of future change (Bircher et al., 2015; Bugmann et al., 2019);
the observed sensitivity in these simulations could therefore propagate into sig-
nificant differences when projected forward. This would likely be exacerbated
when considering the influence of size- or growth-dependent mortality functions,
as variation in mortality rate change across different size or growth rate classes is

likely to have strong impacts on stand structure.

While this model is simple, it offers an exciting foundation for more detailed
parameterisation and modelling of stand dynamics, with the potential to be eas-
ily applied to forest inventory sites worldwide. This could enable both detailed
studies of stand dynamics and stand age estimates at individual sites, alongside
comparisons of stand dynamics, demographic controls on stand structure, and
sensitivities to variation in demographic rates across regional and global gradi-

ents. Further, the model could be applied to project forest structural responses
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under different scenarios of demographic change. Demographic trends can now
be derived from many plot networks (e.g. Brienen et al., 2015); coupling this ap-
proach with regional projections should produce more accurate predictions than

an approach based on simple extrapolation of trends.

In considering future applications, I identify two key areas for further develop-
ment; firstly, the inclusion of site-specific recruitment data would allow for spa-
tially explicit modelling of forest stands, and could be calibrated based on forest
inventory data. Secondly, while a stand-level mortality function performs suffi-
ciently well to model stand structure, there is also the potential to develop more
detailed parameterisation of mortality rates to allow for more detailed analysis
of mortality controls on forest stands. For example, different size- or growth-
dependent mortality functions could be parameterised across different wood den-
sity classes, or across different plant functional groups. Differentiating mortality
functions within forests stands has been shown to improve model predictions
(Johnson et al., 2018), and could be particularly important in applying the ap-
proach to tropical forests, where high species and life history diversity may mask

any strong size- or growth-dependencies in mortality at the stand level.
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Chapter 4: Intrinsic variation in the resilience of South

American forests to increases in mortality rate

4.1 Abstract

Increasing tree mortality rates across Amazonian forests, driven by environmental
change, are expected to drive declines in forest biomass stocks, through declines
in basal area and shifts in stem size distributions. However, the likely trajectory,
magnitude, and variability of these declines across forests is poorly understood. In
particular, studies typically assume that responses will be uniform across forests,
follow linear trends based on past trajectories, or use spatial variation in environ-
mental factors and stand-level biomass stocks to estimate the sensitivity of forests
to change. These approaches do not account for the wide variation in baseline de-
mographic rates, stand structure, and biomass among Amazonian forests, nor the
strongly skewed stem size distributions of old-growth forests, where the majority

of biomass is found in a small number of large stems.

Here, I use an individual-based modelling approach, parameterised with forest
inventory data from South American RAINFOR plot network, to simulate forest
stand structure for 19 forest sites across the Amazon, representing a wide range
of forest structures and demographic properties. I show that the approach accu-
rately simulates stand structural properties and captures key structural differences
among tropical forests. I then apply the simulation approach across the forests
to test (1) the sensitivity of stand basal area and mean stand DBH to variation
in mortality rates at steady state; (2) forest structural responses to a 50 year
increase in mortality rates to a new stable state; (3) forest structural responses to

a 50 year period of repeated cycles of high mortality rates, followed by recovery.

123



The results show that forest structural parameters show an approximately expo-
nential decline with increasing mortality rates, and that current baseline mortality
rates are therefore an important factor shaping forest sensitivity to mortality rate
change. The forests of the north-eastern Amazon, which have low background
mortality rates, show greater sensitivity to increases in mortality rate than the
more dynamic forests of the south-western Amazon. For a given percentage in-
crease in mortality rate, the low mortality forests of the Guiana Shield and East-
Central Amazon show greater absolute declines in basal area and take longer to
recover stand stand structural parameters than the higher mortality forests in
the Brazilian Shield and Western Amazon. This suggests strong spatial variation
in intrinsic responses to mortality rate change, with low mortality, high biomass
forests showing high vulnerability and low resilience to increases in mortality rate.
Both observational and modelling studies need to account for this variability in
forest response to accurately assess the impacts of increasing mortality on forest

function and carbon stocks.

4.2 Introduction

Recent decades have seen a marked increase in mortality rates across Amazonian
forests, leading to a decline in the carbon sink of intact forests. (Brienen et al.,
2015). Linear extrapolation of this trend suggests that intact Amazonian forests
will become a net carbon source by 2035 (Hubau et al., 2020). However, these
regional-scale trends may mask very different local responses to mortality regime
change. Amazonian forests show high heterogeneity in functional characteristics,
including demographic rates (Johnson et al., 2016), stand structure (Quesada

et al., 2012) and species composition (Esquivel-Muelbert et al., 2019); as well as
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encompassing large gradients in climate and soils (Quesada et al., 2012). As a
result, responses to environmental change will be mediated by a wide range of
parameters, resulting in potentially diverse outcomes across the basin. In ad-
dition, mortality impacts are expected to vary significantly across Amazonian
forests, with mortality rates increasing non-uniformly across the basin (Esquivel-
Muelbert, in prep). Similarly, the impacts of historic drought events have varied
spatially and temporally across Amazonia (Aragao et al., 2007; Feldpausch et al.,
2016; Jiménez-Munoz et al., 2016). This spatial heterogeneity in mortality im-
pacts means that it is important to calibrate forest responses over local scales in

order to accurately predict patterns of forest change.

Understanding these responses requires an understanding of how the resilience
of Amazonian forests varies across the basin. There are two key components to
resilience: resistance, or the ability of the system to resist change and maintain
function; and recovery, or the ability of a system to return to its original state
following disturbance (Oliver et al., 2015). Observational studies of Amazonian
forest responses to environmental change or disturbance indicate high variation in
resilience. For example, studies have estimated that recovery times following dis-
turbance range from a few decades (Rutishauser et al., 2015) to several centuries
(Cole et al., 2014). Even under comparable disturbance scenarios responses vary
greatly: for example, secondary forest biomass recovery following land clearance
was shown to vary up to 11-fold across Amazonian forests (Poorter et al., 2016).
This variation in resilience is driven by a variety of intrinsic and extrinsic factors.
Extrinsic factors include the type and magnitude of disturbance, and the envi-
ronmental context, including soil structure, soil nutrients and water availability.
Factors such as water stress or poor soil structure may increase forest vulnerabil-

ity to disturbance (Xu et al., 2018); on the other hand, higher water availability
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and increased soil fertility may elevate rates of forest recovery from disturbance

(Poorter et al., 2016).

Equally important are characteristics intrinsic to forest functioning, such as demo-
graphic rates and species composition, which are important in determining stable
state variation in forest dynamics and structure, and so will also mediate forest
responses to change. For example, variation in mortality rates is known to be a
key parameter shaping stand structure and biomass across Amazonia (Johnson
et al., 2016); while these relationships are mediated by environmental factors, the
strength of the associations suggests that intrinsic variation in forest dynamics
and function is important for determining forest structure at steady state. This
is corroborated by studies of stand dynamics, which show that stem size distri-
butions in natural forests are structured by the balance of growth and mortality
(Muller-Landau et al., 2006b), with the gap-creating mortality rates of large trees
being particularly important in determining forest structure at steady state (Far-
rior et al., 2016). These findings suggest that under scenarios of environmental
change, forests with high demographic rates may respond rapidly and show lower
resistance to environmental change, as changes propagate more rapidly through
the stand structure, but may also recover more quickly from disturbance due to

high growth rates.

The range of intrinsic and extrinsic factors which may generate spatial variation in
how forests respond to increasing mortality rates make comprehensive predictions
of future forest trajectories challenging. Firstly, forest responses are strongly con-
tingent on the type and magnitude of disturbance (e.g. Rutishauser et al., 2015;
de Avila et al., 2018, Kalamandeen et al. (2020)), meaning that comparisons

across different disturbance types may not match future responses under differ-
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ent scenarios. Furthermore, even where disturbance events are widespread, they
rarely impact forests in a spatially consistent way, meaning disentangling the in-
fluence of the disturbance magnitude from intrinsic variation in forest sensitivities
is challenging, even where monitoring is extensive (e.g. Phillips et al., 2010). Fi-
nally, the influence of intrinsic variation in forest function is poorly understood;
as a simplification uniform responses are often assumed across forests, but this

overlooks potentially significant divergence in response dynamics.

Most studies of forest responses to mortality impacts are based on monitoring
approaches; while this offers detailed site-level data, observational studies have
limited temporal scope. Even the longest studies typically only span 25-30 years,
while the impacts of disturbance may last for centuries. This is particularly true
for recovery to old-growth status; while initial recovery may be rapid, studies
suggest that recovery rates are saturating (Poorter et al., 2016), as full recovery is
likely to be limited by the growth rates and re-establishment of the largest stems
(Silva et al., 2018). Recovery of stand structure at the largest stem sizes may lag
recovery of the rest of the forest by many years and, even where biomass appears
to have recovered, significant perturbations may persist in the frequencies of the
largest trees (West et al., 2014; Vidal et al., 2016). As a result, observational
studies which extrapolate rates of recovery from short-term studies may tend to
under-estimate recovery times, and fail to accurately capture the dynamics present

at later stages of recovery.

Integrating field data gathered from forest monitoring into individual-based mod-
elling approaches offers a way for predictive methods to move away from a simple
correlative approach towards better prediction of non-linear forest responses to

change (Fischer et al., 2016; Fauset et al., 2019). These models simulate stems
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individually, and so are well-placed for exploring linkages between demographic
rates, stand structure, and disturbance events (Fischer et al., 2016; Rodig et al.,
2017). Furthermore, it is straightforward to calibrate them to different forests
using data from forest inventories (Rodig et al., 2017), meaning they can be em-
ployed to explore variation in forests across large environmental and functional
gradients. Modelling approaches complement forest monitoring studies; while
monitoring is effective in characterising past changes in forest structure and func-
tion, modelling allows us to look forward and better predict forest change over
longer timescales than could be readily achieved by extrapolating from monitoring

alone.

Here, I therefore use an individual-based modelling approach to simulate forest
stand structure. By taking a simulation approach with standardised disturbance
events, it is possible to remove the influence of extrinsic disturbance dynamics,
and explore the importance of intrinsic dynamics in shaping forest responses to
mortality rate change. I simulate stand structure of 19 Amazonian plot clusters
across the ForestPlots network (Lopez-Gonzalez et al., 2011, 2012), representing
a wide range of forest structures and demographic properties. I show that the
approach, previously tested on temperate and boreal forests, can accurately sim-
ulate stand structural properties and capture key structural differences for tropical
forests. I then apply three different scenarios of mortality rate change to test the
sensitivity, response, and recovery of stand structure to changes in mortality rate,

and analyse variation in forest responses with respect to baseline mortality rates.
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4.3 Methods

4.3.1 Plot selection

All data was obtained from the ForestPlots database (Lopez-Gonzalez et al., 2009,
2011; ForestPlots.net et al., 2021), and all analyses were conducted in R version

3.5.1 (R Core Team, 2020).

I selected 19 clusters of plots from the South American RAINFOR database, man-
aged within the ForestPlots database (Figure 4.1). From the full South American
ForestPlots database, I selected all plots meeting the following criteria: plots fol-
lowing the standard ForestPlots measurement protocol (all stems > 10cm DBH
recorded and measured at 1.3m); plots over 0.25ha in size with >3 censuses; plots
classified as old-growth forest, with no recent disturbance from burning, grazing,
or logging; plots classified as mixed or mono-dominant forest. From this selec-
tion, plots were grouped into clusters based on a distance matrix of 50km, such
that all plots within a cluster fell within 50km of each other. 19 clusters were
selected based on the total number of stems sampled, and the total number of
recruits sampled. Clusters were also chosen to create a spatially representative
sample, with plots representing all four biogeographic regions of lowland Ama-
zonian forests (Feldpausch et al., 2011), and a broad range of structural and

demographic parameters (Table 4.1).
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Plot Locations

Figure 4.1: Map of plot cluster locations
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Table 4.1: Summary statistics for the 19 plot clusters included in the analysis

Plot cluster code  Number of Total Total Mean Total Mean stand Mean stand  Mean stem Mean stand
plots in combined  monitoring census number of DBH (mm) basal area number mortality

cluster plot area period interval ~ stem mea- (m? ha=1) (stems rate (%

(ha) (years) length  surements ha=!) year—1)

(years)

TAN 10 8.0 20 2.3 9558 185.0 17.2 503 3.6
HCC 4 4.0 20 2.7 5779 193.0 23.7 589 3.5
PNY 15 14.2 15 2.9 9659 195.0 22.2 558 3.2
TRU 8 8.3 14 3.3 12206 194.0 26.8 760 3.1
CUZ 3 3.0 28 3.3 6266 198.0 21.2 482 2.9
MNU 7 13.8 28 4.6 16178 206.0 22.0 463 2.5
TAM 7 6.5 38 2.9 18888 205.0 23.9 540 24
JAS 4 4.0 32 3.7 7588 200.0 26.6 648 2.7
MTG 8 2.0 8 2.6 1259 212.0 27.0 566 2.0
RET 4 4.0 24 24 12169 203.0 21.6 472 2.0
ALP 9 14.7 29 2.6 22262 205.0 27.6 650 2.3
NPI 6 6.0 14 3.0 17927 200.0 34.0 798 1.8
NOU 22 22.0 21 5.2 12275 216.0 23.8 454 1.7
BDF 13 28.0 29 5.5 45780 206.0 26.9 595 1.5
JAC 2 10.0 15 1.9 26181 209.0 25.4 570 1.6
PAB 2 31.3 35 1.9 181665 224.0 31.1 549 1.5
TEC 9 9.0 25 2.0 23259 236.0 30.0 467 1.2
TEM 11 11.0 25 1.0 48462 209.0 28.0 621 1.1
WO 10 10.0 24 4.1 7624 241.7 29.7 461 0.6




4.3.2 Simulation approach

I used the simulation approach set out in Chapter 3. This approach first simu-
lates growth trajectories of individual trees, by repeated sampling of growth rates
from a set of observed growth rate data to incrementally build a lifetime growth
trajectory. At each sampling step, a unique sampling frame is generated, to create
growth rate autocorrelation as the trajectories are built. At each growth step, the

next growth increment was sampled from a subset of the dataset, defined by:

1. A diameter window, set as the current DBH of the simulated stem + /- 5%;

2. A growth rate window, set as the mean annual growth rate of the simulated
stem over the preceding 10 years +/- 0.5mm/year; and

3. A wood density window, set as the wood density of the initial sampled stem

+/-01

Once an annual growth rate was sampled from the sampling frame, annual growth
steps were added to the trajectory according to the length of the census interval

from which the sampled growth rate was calculated.

At each annual growth step, a mortality function was applied to calculate a unique
annual probability of mortality for the stem. Trajectories were continued until the
stem was killed by the mortality function. I modelled stand-level mortality sepa-
rately for each cluster, using stem mortality data from across all census intervals
and plots. Data for each stem at each census interval was included as a separate
entry, and the stem was identified as either alive or dead at the end of the census
interval. Mortality was then estimated using a sample of 2000 stems from the full
dataset of stem mortality. For all clusters, I tested the use of (1) a size-dependent

function and (2) a growth-dependent function. For the size-dependent mortality
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function, I used the equation

M(z) = aexp’™® z¢

where x represents the DBH of the stem, M (z) is the instantaneous mortality
rate (year—!), and a, b and c are plot-specific parameters (Kohyama et al., 2015).

For the growth-dependent mortality function, I used the equation

M(z) = aexp @ +¢

where M (z) is the instantaneous mortality rate (year—!), and a, b and c are
plot-specific parameters (Camac et al. 2018). The growth-dependent mortality
function to the plot data failed to converge when fit to the plot data for 8 out of
the 19 plot clusters, and so only the size-dependent function was used for the full

simulation approach.

Simulated stand structures were generated from the growth trajectory outputs.
Each year, 100 growth trajectories were randomly sampled from the full set of
trajectories and “recruited” into the stand. Trajectories were recruited for 600
years, to ensure that all of the stems initially recruited in year 1 had died, i.e.,
the stand was “mature”. The DBH of all stems alive at year 600 were sampled to

give a simulated stand structure and stem size distribution.

4.3.3 Validation of simulations

For the simulation of each plot cluster at steady state I calculated mean and
median DBH, and the scale parameter of the distribution based on a Weibull fit

(Muller-Landau et al., 2006b). The scale parameter describes the evenness of the
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stand, where a higher scale parameter value is associated with a greater relative
frequency of large stems. I also calculated an estimate of basal area per hectare.
As recruitment is constant each year in all simulations, the simulations are not
spatially explicit. To estimate basal area, I calculated the mean number of stems
per hectare for each plot cluster, based on the observed plot data. From this, I
estimated the number of hectares simulated in each simulation output, based on
the number of stems simulated at year 600. I calculated total basal area at year
600, and divided it by the estimate of number of hectares simulated, to gain an

estimate of basal area per hectare.

4.3.4 Testing plot sensitivity to variation in mortality rate

Simulation 1: Variation in forest stand structure across different mor-
tality rates at steady state To test the effect of different steady-state mortal-
ity rates on structural parameters I first determined a mean stand-level mortality
rate. Individual probability of mortality based on DBH was calculated for all
stems in each plot cluster using the cluster-specific size-dependent mortality func-
tion, and the mean of these probabilities calculated. This value was taken as
the baseline mortality rate for each plot cluster. From this baseline, I ran the
simulations for each plot cluster, each time increasing or decreasing mortality by
set increments. For each simulation, the mortality probability of each stem was
calculated according to the size dependent mortality function, and then modified
with the incremental mortality change, to increase or decrease probability of mor-
tality. The full set of increments used were: +5, +4.5, +4, +3.5, +3, +2.5, +2,
+1.5, +1, +0.75, +0.5, +0.25, +0.1, -0.1, -0.25, -0.5, -0.75, -1, -1.5, -2, -3, -4, -5,

where the units are annual probability of mortality (%). For each simulation, I
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calculated mean DBH and mean basal area.

4.3.5 Simulating structural responses to variation in mortality regimes

Simulation 2: A 50 year increase in mortality rates To assess variation
in the response of forest structure to a long-term increase in mortality rates, I
simulated a 50-year increase in mortality rates. The full simulation was run for a
period of 1000 years; the first 600 years were to allow the stand to ‘mature’, as
in the steady-state simulations. Once the stand was mature, mortality rates were
maintained at the baseline rate for a further 50 years, to give a baseline period
of stand structure. Following this, each year for 50 years, mortality rates were
increased by 1% of the previous years mortality rate. After the 50 year period,
mortality rates were maintained at the new, higher mortality rate, allowing a new
steady state stand structure to be reached. The simulations were run for a further
300 years to allow the full response of the stand to occur and assess the time to

equilibrium.

In addition to simulating a percentage-based mortality rate increase, I also simu-
lated a mortality rate increase based on absolute rates. Each year for 50 years, the
mortality rate was increased by an absolute value of 0.025, giving a total absolute

increase of 1.25. Results for these simulations are presented in the appendix.

Simulation 3: Recovery from a period of elevated mortality rates As
with the previous simulation, stands were allowed to ‘mature’ for 600 years, fol-
lowed by a baseline period of 50 years. Over the following 50 year period, every
five years for a period of two years, mortality rates were increased by 75% on

the baseline mortality rate. This gave a total of 10 periods of elevated mortality
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rates. After the 50 year period, mortality rates returned to the original baseline
mortality rate, allowing the stand to recover. Again, the simulations were run for

a further 300 years to allow the stands time to recover.

In addition to simulating a percentage-based mortality rate increase, I also simu-
lated a mortality rate increase based on absolute rates. Over the 50 year period
of varying mortality rates, every five years for a period of two years, mortality
rates were increased by an absolute value of 1.25. Results for these simulations

are presented in the appendix.

4.3.6 Parameterising forest responses to variation in mortality regimes

To parameterise the variation in simulated forest responses to variation in mor-
tality rates, I first fit splines to all response curves, to reduce interannual noise
in the simulation and capture the primary response trends. Splines were fit with
20 knots in order to account for the complexity of the response curves, and were
observed to fit well to the response data. Using the splines, I identified a number
of key parameters that describe the response of mean stand DBH and mean basal

area per hectare to variation in mortality rates.

1. For simulation 1, the 50 year increase in mortality rates I calculated:
a. Length of the response period: calculated as the time period (years)
between the onset of mortality rate increases at 50 years and the stabilisation
of the structural parameter, estimated to be the first inflection point of the
fitted spline
b. Percentage change in mean DBH and basal area per hectare: calculated
as the percentage difference between the mean parameter value in years 1-50

and the mean parameter value in years 351-400
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c. Absolute change in mean DBH and basal area per hectare: calculated as
the absolute difference between the mean parameter value in years 1-50 and

the mean parameter value in years 351-400

2. For simulation 2, recovery from a period of elevated mortality rates
a. Length of the recovery period: calculated as the time period (years)
between the minimum value of the fitted spline and the first year of recovery,
defined as the first year that the fitted spline falls within the range of values
recorded in the baseline period
b. Length of the perturbation period: calculated as the time period (years)
in which the spline falls outside the range of values recorded in the baseline

period

4.4 Results
4.4.1 Accuracy of simulation approach

Simulations using a size-dependent mortality function predict current stand struc-
ture parameters well (Figure 4.2). Predicted parameter values correlate strongly
with mean observed parameter values (mean DBH: p-value < 0.0001, R? = 0.94;
median DBH: p-value < 0.0001, R? = 0.69; scale parameter: p-value < 0.0001,
R? = 0.90; basal area: p-value < 0.0001, R = 0.79). In contrast to my findings
in Chapter 3, the growth-dependent mortality function fails to fit to data from 8
out of the 19 plot clusters, highlighting the importance of identifying a suitable
plot-specific mortality function when applying this simulation approach to new

datasets.
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Figure 4.2: Simulated stand structure parameters plotted against mean observed stand structure
parameters, where dotted line shows x = y. Structural parameters (clockwise) are: mean, median,
basal area, scale parameter.

4.4.2 Testing plot sensitivity to variation in mortality rates

Mean stand DBH and mean basal area per hectare both show an approximately
exponential decline in response to increasing mortality rates (see SI for relation-
ships plotted on log-log axes), with the most rapid declines occurring as mortality
rates increase from the lowest values (Figure 4.3 and 4.4). The rate and magnitude
of declines are much more extreme for basal area estimates than for estimates of
mean stand DBH, suggesting much stronger sensitivity of basal area than stand
DBH to variation in mortality rates. The simulated relationships between mean

annual mortality rate and stand structural parameters are much steeper than the
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observed spatial relationship across plot clusters, suggesting that spatial patterns
of variation between mortality and stand structure are strongly distinct from the
instantaneous within-cluster variation. Paired comparisons between sites, where
stand structure of selected clusters is simulated at the observed mortality rates of
paired clusters, and structural parameters are compared, show that stand struc-
tural parameters show much greater declines than would be predicted by spatial

comparisons across the mortality gradient (Table A4.1).
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Figure 4.3: Mean DBH responses of stands to variation in mortality rates. Lines show mean DBH
of simulated stands across a range of mean annual mortality rates. Points show approximations
of the current status of plot clusters, based on the simulation outputs. The black line shows the
line of best fit across current variation in mean stand DBH, i.e. the spatial variation in mean
stand DBH.
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Figure 4.4: Basal area responses of stands to variation in mortality rates. Lines show basal
area per hectare of simulated stands across a range of mean annual mortality rates. Points show
approximations of the current status of plot clusters, based on the simulation outputs. The black

line shows the line of best fit across current variation in basal area, i.e. the spatial variation in
basal area.

4.4.3 Responses to a 50 year increase in mortality rates

All plots show a similar shaped response to a 50 year increase in mortality rates,
with stand structure parameter values beginning to decline within the 50 year
period of mortality rate increase, and continuing to decline for up to 350 years
after the onset of mortality rate increase. The majority, though not all, of plots
reach a new structural equilibrium at the new elevated mortality rate (Figure 4.5,
4.6 and A4.1). All plots show significant declines in stand structural parameter

values during this period, with mean stand DBH values showing a mean decline
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of 18.5% (SD = 2.1), mean BA declining by an average of 63.0% (SD = 3.6), and

mean stem numbers per hectare declining by an average of 39% (SD = 2.8).

I find positive relationships between the baseline mortality rate and the decline
in mean stand DBH, both in percentage (p < 0.05, R? = 0.21), and absolute (p
< 0.01, R? = 0.45) terms, with the plots with the lowest baseline mortality rates
showing the greatest declines in mean stand DBH. I find a positive relationship
between the baseline mortality rate and the absolute decline in mean BA per
hectare (p < 0.01, R? = 0.29), but no significant relationship between baseline
mortality and the percentage decline in mean BA per hectare, indicating lower
resilience to absolute basal area decline in the lower mortality plots (Figure A4.3

and A4.4).
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I find a strong negative relationship between the baseline mortality rate and the
length of the response period taken reach a new stable state for mean stand DBH
(p < 0.001, R? = 0.53) and mean BA per hectare (p-value < 0.001; R? = 0.47).
Response times to estimated new stable states from the onset of mortality im-
pacts range from 118 to >350 years (where clusters do not reach a new stable
state within the time-frame of the simulations), with plots with lower initial mor-
tality rates showing a much longer response period than plots with higher initial

mortality rates.

4.4.4 Recovery from a period of elevated mortality rates

Again, there are similar patterns of response to the 50 year period of elevated
mortality rates across all plot clusters. Stand structure parameter values begin
to decline quickly in response to elevated mortality rates, and reach a minimum
value before beginning to recover following the return of mortality rates to baseline
levels (Figure 4.7, 4.8 and A4.2). The recovery curves are broadly saturating, with
the fastest rates of recovery occurring immediately after mortality impacts cease.

Recovery rates decline with time since mortality impacts.
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As with the previous simulations, I find a negative relationship between the base-
line mortality rate and the length of the response period for mean stand DBH
(p < 0.01, R? = 0.34). There is no significant relationship between the baseline
mortality rate and the length of the response period for mean BA per hectare.
For both mean stand DBH and mean BA per hectare, I find a strong negative
relationship between the baseline mortality rate and the length of the recovery
period (DBH: p-value < 0.01, R? = 0.39; BA: p-value < 0.001, R? = 0.57; Figure
4.9 and A4.3). T also find a strong negative relationship between baseline mor-
tality rate and the length of the perturbation period for both mean stand DBH
(p-value < 0.0001, R? = 0.55) and mean BA per hectare (p-value < 0.001, R? =

0.57; Figure 4.9 and A4.5).

The length of the recovery and perturbation periods vary according to which
stand structural parameter is measured: I find that the recovery and perturbation
periods are significantly longer for mean BA than for mean stand DBH (recovery:
p-value < 0.0001; perturbation: p-value < 0.0001), with mean BA taking on

average 37 years longer to recover than mean stand DBH.
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Figure 4.9: Relationships between perturbations in mean basal area and baseline mortality rate in
response to 50 years of elevated mortality impacts. Left: length of total period from maximum

perturbation to recovery of mean basal area, plotted against baseline mortality rate; Right:
length of total perturbation period for mean basal area, plotted against baseline mortality rate.

4.5 Discussion

The simulations indicate significant variation in the intrinsic responses of Ama-
zonian forests to increases in mortality rate. Variation in response time, recovery
time, and the magnitude of perturbation are all found to be associated with vari-
ation in the baseline mortality rate, suggesting that demographic rates are an

important parameter mediating forest responses to change.

Although all plot clusters show an approximately exponential decline in mean
stand DBH and mean BA as mortality rates increase, the point on each curve at
which the cluster is currently located according to its observed baseline mortality
rate varies greatly. Plots with lower observed mortality rates fall on a much steeper
part of their curve than plots with lower observed mortality rates, suggesting that

for a given (absolute) increase in mortality rate, the effect on stand structure
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will be much more significant for lower mortality plots. This is consistent with
previous observations that relationships between stand structure parameters and
stem mortality rates are steepest, and strongest, in regions of Amazonia with lower
mortality rates (Johnson et al., 2016). This is particularly significant, as these
are the forests which contain the highest levels of biomass (Feldpausch et al.,
2012; Quesada et al., 2012), and so rapid changes in stand structure in these
forests may have significant implications for the carbon source-sink dynamics of
these forests. In contrast, for plots with high baseline mortality rates, increases
in mortality rate appear to have comparatively small effects on stand structure.
At the highest mortality rates simulated, the results suggest that the differences
in stand structure between the clusters are primarily influenced by variation in
growth rate between the clusters. This corresponds with findings from Chapter 1
of this thesis, which show a greater influence of growth rate in stand structure in
higher mortality regions. Similarly, Johnson et al. (2016) show a much shallower
relationship between AGB and stem mortality rates for plots in higher mortality

regions of Amazonia.

Across the Amazon Basin, mortality and stand structure co-vary spatially, with
south-western forests generally having higher mortality rates and lower basal ar-
eas, and north-eastern forests having lower mortality rates and higher basal areas
(Johnson et al., 2016) (Figure 4.2). I find that, across the range of mortality
rates tested, the variation in instantaneous stand structure does not correspond
with the spatial patterns (Figure 4.3 and 4.4), but instead shows a much steeper
negative relationship between stand structural parameters and mortality rates.
These results highlight the limitations of space-for-time substitutions: extrapo-
lation of spatial associations between mortality rates and stand structure would

significantly underestimate structural change, particularly in the lowest mortality
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forests. This is probably because of the co-variation in growth and mortality across
Amazonian forests. The low mortality forests of the north-eastern Amazon have
much lower growth rates than the higher mortality forests in the south-western
Amazon, and so are much more strongly impacted by increases in mortality than
spatial extrapolation would predict. Although growth and mortality are closely
linked, and so increases in growth rate are often concurrent with increases in
mortality rate (Brienen et al., 2020), variation in species composition and associ-
ated functional traits is likely to constrain the growth response of these forests,
at least in the short term. Therefore, although increases in mortality rates may
drive long-term shifts in community composition resulting in adaptive changes in
forest function, in the short-term my results indicate dramatic changes beyond

what would be expected from observed spatial variation.

In addition to the intrinsic variation observed in the magnitude of mortality im-
pacts, I find consistent variation among plot clusters in the length of the response
and recovery periods. The time period from the onset of mortality rate increases
to establishment of a new stable stand structure is longer in plots with lower base-
line mortality rates, as is the time period taken for recovery from the maximum
structural perturbation back to the original stand structure. Overall, this results
in significantly longer overall perturbation periods in stands with lower baseline
mortality rates. I suggest that this variation is due to the intrinsic dynamics
of these plots: turnover rates in plots with higher baseline demographic rates are
much higher (Phillips et al., 2004; Quesada et al., 2012), and so mortality impacts
pass through the plot rapidly, translating into rapid structural change. However,
when mortality rates return to baseline levels, the high growth rates in these plots
drive rapid recovery of stand structure; as a result these forests may actually have

relatively high resilience to mortality rate change.
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I find that there are large differences in the responses of different stand structural
parameters to mortality rate changes. For a given mortality rate increase, mean
BA values show a much steeper rate of decline than mean stand DBH in the first
analysis, and a much larger percentage decline in the second analysis. This sug-
gests a very high sensitivity of mean BA to changes in mortality rates compared
with mean stand DBH. There are two explanations for this: firstly, while mean
stand DBH is relatively unaffected by declines in stem number (provided the over-
all size distribution does not change), mean BA declines rapidly as stems are lost.
Secondly, large stems are disproportionately important in determining mean BA
(and, by extension, biomass) (Lutz et al., 2018), but have a smaller effect on mean
stand DBH; here, the shift in size distributions towards a stand structure defined
by higher frequencies of small stems results in a rapid decline in mean stand BA.
Similarly, I find that the BA recovery takes much longer than recovery of mean
DBH and mean stem number. This is in part a result of the bigger percentage
declines in BA, but is also related to the slow recovery of large stems, which are so
important in shaping overall stand BA. This relationship is exacerbated spatially,
as the lowest mortality forests in the Guiana Shield and East-Central Amazon
also support the highest frequency of large stems (Feldpausch et al., 2011); the
loss of these stems results in a larger relative decline in BA, but also takes longer

to recover from, as a result of the inherently low growth rates of these forests.

My findings suggest that forest responses to mortality impacts could be heavily
influenced by within-stand variation in mortality. Many mortality drivers show
strong size-dependency in their impacts (Gora and Esquivel-Muelbert, 2021): for
example, previous observational studies of drought impacts observed much higher
mortality increases in the largest size classes (Nepstad et al., 2007; da Costa et al.,

2010). The strength of size-dependent impacts may also vary spatially: currently
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across Amazonia, there is observed spatial variation in mortality risk factors,
with larger trees experiencing greater relative hazard in the East-Central Ama-
zon, while smaller trees experience greater relative risk in the Western Amazon
(Esquivel-Muelbert et al., 2020). Previous studies have found that the rate of for-
est recovery from disturbance is positively associated with the percentage of basal
area retained (de Avila et al., 2018), suggesting that relatively higher mortality in
the largest size classes could further exacerbate the trends and recovery times cap-
tured here. Further consideration of the influence of growth-dependent mortality
may also be worthwhile. The influence of growth rates on mortality probabilities
varies among tropical species, with the strongest effect of growth-dependent mor-
tality being observed in light-demanding species at small stem sizes (Camac et al.,
2018). This may explain why a growth-dependent mortality function failed to fit
to stand-level data, and indicates that a more detailed approach which parame-
terises mortality functions by according to life-history traits or functional group
may be valuable in offering further insights into the role of growth-dependent
mortality in shaping forest stand structure. Exploring the potential influence of
size- and growth-dependent mortality on forest responses and recovery should be
a priority for research. The approach used here offers a suitable and novel way to
explore this further, as mortality functions could easily be parameterised to ex-
plore the effects of size- and growth- dependent variation in mortality, and could
be further extended, for example to explore the outcomes of observed variation in

mortality impacts across functional groups (Aleixo et al., 2019).

There are a huge range of factors that may mediate forest responses to change.
In this simulation I chose to focus on intrinsic responses to mortality rate change,
assuming no growth response or shift in species composition. In reality, an in-

crease in mortality rates, and, in particular, the loss of large canopy trees, would
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be expected to drive some level of growth rate and/or recruitment rate increase
as the canopy opens up and light availability increases (Numata et al., 2006;
Muscolo et al., 2014). We might also expect to see a compositional response,
whether towards ‘pioneer’ functional groups with faster life histories (Laurance
et al., 2018), or towards species groups better adapted to the specific mortal-
ity drivers (Esquivel-Muelbert et al., 2019). As a result, the parameters of the
response trajectories presented here are not anticipated to be accurate future
predictions, and it is likely that observed structural responses to mortality rate
increase will be less severe than these trajectories. However, the spatial patterns
of intrinsic variation in responses identified here may actually be further exac-
erbated by growth responses: in lower mortality forests, most species have high
wood densities, slow life histories, and low growth rates (Baker et al., 2004b; Que-
sada et al., 2012; Johnson et al., 2016), meaning that they may exhibit weaker

initial growth responses than more dynamic forests (Riiger et al., 2012).

These results have important implications for long-term monitoring of tropical
forests. My findings indicate that structural responses to increases in mortality
rates are most likely to be detected first in forests with higher baseline demo-
graphic rates, which could initially imply lower resilience of these forests to mor-
tality increases. However, these simulations suggest that responses are likely to
be equally, if not more, severe in forests with lower baseline demographic rates,
as, despite showing fewer immediate structural changes, perturbations to these
plots may persist over much longer periods, resulting in overall greater structural
change. Long-term extrapolation from observed short-term forest responses may
simultaneously over-estimate the vulnerability of the more dynamic forests of the
south-western Amazon, and under-estimate the vulnerability of the less dynamic

forests of the north-eastern Amazon, highlighting the importance of maintaining
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forest monitoring approaches over long time-scales.

My findings here show a significant influence of intrinsic forest dynamics on forest
resilience to environmental change. Predictive approaches based only on identi-
fying areas of high mortality rate change may fail to identify the regions with
the highest vulnerability to functional change and ecosystem collapse, as forest
vulnerability to mortality rate change is seen to vary independently of the magni-
tude of the mortality increases. In these simulations, although absolute mortality
increases are highest in the forests of the Brazilian Shield and Western Amazon,
impacts on forest function and biomass are greatest in the Guiana Shield and
East-Central Amazonian forests, because of their intrinsic vulnerability. Forests
in the Guiana Shield and East-Central Amazon are some of the highest biomass
forests in Amazonia (Johnson et al., 2016), and so large shifts in forest stand
structure and declines in basal area in these forests will have significant implica-
tions for the pan-Amazonian carbon sink. Better integration of spatially explicit
variation in forest dynamics into future modelling studies will be important in
accurately capturing spatial and temporal variation in forest responses to change,

and in improving forecasting of future carbon sink dynamics.
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Chapter 5: Synthesis and Conclusions

This thesis investigated the relationship between demographic rates and forest
stand structure, with a focus on understanding controls on forest structure across

the full range of Amazonian forests.

Chapter 2 of my thesis used forest inventory data from the RAINFOR plot network
to describe variation in forest structure across the Amazon, and relate this to
variation in demographic rates. Chapter 3 used a forest inventory and tree ring
dataset from Quebec to build a simulation method that could accurately simulate
current stand structure across a large bioclimatic gradient. Finally, Chapter 4
employed this method to test how resilience of Amazonian forests to changes in

mortality rate is influenced by variation in baseline demographic rates.

Overall, the results presented in this thesis clarify the relationships between stem
demographic rates and forest structure, as well as exploring what this means for
forest responses to increases in mortality rates. Here, I first summarise the key

findings of my thesis, before discussing their broader implications.

5.1 Research synthesis and key findings

5.1.1 Variation in stand structure is well-described by Weibull function

size distribution parameters

In Chapter 2, I show that the primary axis of variation in stand structure across
Amazonian forests is related to the evenness of the stem size distribution, or the
relative proportion of small and large stems. Stand evenness is well-described by
the scale parameter of the Weibull distribution, which appears as a better descrip-

tor of structural variation than simple metrics such as mean, median, or maximum
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DBH. I suggest that the scale parameter is a valuable metric for describing stand
structure, in particular because its sensitivity to the relative frequency of large
stems means that it relates closely to variation in forest biomass. The value of
describing stand structure through Weibull distribution parameters is further il-
lustrated in Chapter 3, where the scale parameter shows great utility in validating
the accuracy of simulations of stand structure, because it shows greater sensitivity

than other metrics to small differences in the frequencies of large stems.

5.1.2 Variation in stand structure is closely related to variation in mor-

tality rates

Each chapter of my thesis clearly demonstrates a strong relationship between
stand structure and demographic rates. In Chapter 2, I find a negative relationship
between stem mortality rates and stand evenness across all Amazonian forests,
but show that this relationship varies with climate, soil structure and by forest
type. In addition, the simulations I develop in Chapter 3 illustrate that variation
in stand structure across a major bioclimatic gradient can be simulated using only
information on demographic rates and wood density, further illustrating the close
links between demographic rates and forest structure. These results also highlight
the importance of mortality rates in shaping stand structure, as stand structure is
sensitive to size- and growth-dependent variation in mortality. Finally, in Chapter
4, my analyses further clarify the relationship between mortality rates and stand

structure, with basal area declining exponentially with increasing mortality rates.
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5.1.3 The influence of demographic rates on stand structure is mediated

by environmental variation

Across the Amazon Basin, I find that the relationship between demographic rates
and stand structure varies with climate, soils, and forest type. In the moist,
lowland forests of the Guiana Shield and East-Central Amazon, which have high
precipitation and deep stable soils, higher demographic rates are associated with
a less even stand structure. However, in drier and cooler forests, and forests with
less stable shallower soils, such as in the Brazilian Shield, higher demographic

rates are associated with a more even stand structure.

5.1.4 Stand structure can be accurately modelled across diverse forest
types using forest inventory data on demographic rates, stem DBH,

and wood density

In Chapter 3, I develop an individual-based simulation to model stand structure of
mature forests, using demographic rate, stem DBH, and wood density data from
the Quebec provincial forest inventory program. Using tree ring data to validate
the simulation outputs, I show that this approach accurately simulates a range
of stand structural parameters across a large bioclimatic gradient. Importantly,
this approach avoids the need for parameterisation of complex ecophysiological
processes or disturbance dynamics, making the model simple to apply to new
datasets. In Chapter 4, I apply this approach to Amazonian forests, and show
that it is also able to accurately simulate stand structure in species-rich tropical
forests. This suggests that the simulation approach should be widely applicable
to mature forests across boreal, temperate and tropical regions, and highlights

the universal importance of demographic rates in shaping stem size distributions
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in forests globally.

5.1.5 Intrinsic variation in demographic rates mediates forest responses

to increases in mortality rate

In Chapter 4, I show that current baseline mortality rates shape forest sensitivity
to increases in mortality rates. In response to a given percentage increase in mor-
tality rate, forests with lower baseline mortality rates exhibit greater declines in
basal area and have longer recovery times than forests with higher baseline mor-
tality rates. This suggests that the intrinsic dynamics of forests are important
in determining forest resilience to environmental change. These findings are con-
sistent with the results I present in Chapter 2, which show that there are strong
negative correlations between stem mortality rate and stand evenness in the re-
gions of Amazonia with the lowest mortality rates, indicating strong sensitivity

to variation in mortality rate in these regions.

5.2 Research implications

5.2.1 Future applications of the simulation approach

The simulation approach developed in Chapter 3 shows great potential to be
applied more widely in future research. The method uses data which is readily
available in the majority of forest inventory datasets, meaning that the simulation
can be applied to other forest inventory networks across a range of forest types and
bioclimatic domains. Examples of networks which could make use of the approach
include the broader ForestPlots network, including sites in tropical Africa and Asia

(ForestPlots.net et al., 2021), or across other national forest inventory networks
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(Bechtold and Patterson, 2005; Gray et al., 2012). In particular, it would be
valuable to apply this approach to plots from the Forest GEO network (Anderson-
Teixeira et al., 2015). ForestGEO plots are typically much larger than the plots
in RAINFOR and the Quebec provincial forest inventory network (up to 50ha in
size), are located across both tropical and temperate regions, and census all stems
> lecm DBH (Anderson-Teixeira et al., 2015). This dataset would therefore offer
an opportunity to test the application of the simulation across a more complete
stem size distribution, with the potential to clarify variation in size distribution

controls across different stem sizes and functional types.

Currently, estimates of basal area can be derived from the simulation outputs,
however it would be ideal to develop the simulation further to produce spatially-
explicit biomass estimates. Two additional model components would be necessary
for this: firstly, inclusion of site-specific recruitment, and secondly, incorporation
of allometric equations for biomass estimation. In its current iteration, the model
assumes a constant recruitment rate, whereby a fixed number of new stems (typ-
ically 100 individuals) are recruited into the stand annually to generate a stem
size density distribution. Per-hectare estimates of stand-level parameters can be
derived from this distribution, but the outputs are not spatially-explicit per se. As
recruitment data are available from forest inventory datasets, it would be possible
to calculate a site-specific recruitment rate (e.g Lewis et al., 2004b) to replace
the constant rate. This would enable the simulation to directly produce spatially-
explicit estimates of forest basal area, which could be used as the basis for biomass
estimation. The simulation approach already assigns a wood density value to each
simulated stem, and so the biomass of each stem could be estimated by combin-
ing this with application of site-specific height/diameter allometries (Chave et al.,

2005; Feldpausch et al., 2011), to generate estimates of stand-level biomass.
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Chapter 4 illustrates how the approach can be successfully applied to test the
sensitivity of forest structure - and by extension, forest biomass - to variation in
mortality rates, with the results of this analysis clearly showing the role of intrinsic
demographic rates in shaping forest responses to change. There is great potential
to further extend this type of analysis to test the sensitivity of forest responses
to a range of scenarios. For example, increases in growth rates and productivity
have been observed across forest ecosystems, as a result of carbon fertilisation
(Terrer et al., 2019); by varying growth rates within this simulation, it would be
possible to test the outcomes of enhanced growth on forest structure and biomass.
Concurrent increases in growth and mortality rates have been observed across
tropical regions, though mortality is appearing to lag growth (Brienen et al., 2015;
Hubau et al., 2020). Analyses of growth rate increases could therefore be combined
with simulated increases in mortality, such as those applied in Chapter 4, to assess
the combined impact of increases in growth and mortality rates, and the effect
of different time lags between growth increases and mortality increases on carbon
sink dynamics. Outputs could be compared with observed changes in stem size
distributions to explain current trajectories, and scenarios then extended into the
future. This type of analysis would be much better able to capture non-linear
responses of stand structure and biomass than simple correlative approaches, and

so could offer valuable insights into the future of the carbon sink.

Because the simulation is an individual-based approach, there is also potential
to use this method to test for the impacts of size-dependent variation in growth
and mortality. Mortality drivers vary in their relative impact across size distribu-
tions (Gora and Esquivel-Muelbert, 2021); for example, drought has been found
to have a disproportionate impact on larger trees (Phillips et al., 2010; Bennett

et al., 2015). By varying the mortality function used in the simulation approach,
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or by applying variable demographic rate increases according to size, it will be
possible to explore how size-dependency of demographic rate change influences
stand structure and biomass stocks. A similar approach could be taken with re-
gards to functional traits, in order to explore the relationship between species
composition and forest resilience. Trees with low wood densities have been found
to be more vulnerable to drought impacts than trees with higher wood densities
(Phillips et al., 2010); similarly variation in hydraulic traits is related to variation
in growth and mortality and may mediate biomass responses to environmental
change (Tavares et al., 2023). Where functional trait information is available,
traits could be associated with specific mortality responses within the simulation,
in order to explore the implications of variation in species composition for forest
responses to changes in mortality rates. Overall, incorporating greater detail of
individual stem responses to mortality drivers could result in more accurate pre-

dictions of forest responses to specific mortality drivers or environmental impacts.

The simulations presented in this thesis assume no growth response to mortality
impacts. In reality, increased mortality, particularly of canopy trees, is likely to
reduce competition for light and generate a competitive release, resulting in in-
creases in growth and recruitment (Yamamoto, 2000). Increases in growth and re-
cruitment may be particularly marked in small understorey and early-successional
trees, as these benefit the most from creation of canopy gaps (Yamamoto, 2000;
Laurance et al., 2006), which could lead to shifts in size distributions. Growth
responses are likely to be constrained by community composition; stems with
lower wood densities tend to have faster growth (Chave et al., 2005). As a result,
stands dominated by low wood density species may show on average faster di-
ameter growth responses than stands dominated by higher wood density species,

leading to spatially heterogeneous responses. The growth responses of forests
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will therefore be important in shaping their resilience to increases in mortality
rates, so incorporating this into the simulation would be very valuable in more
accurately quantifying future trajectories of the carbon sink in these forests. Ac-
curately parameterising growth responses is challenging, and will require detailed
observational data collected across a range of sites and stem characteristics. Cal-
ibrating the simulation based on accurate real-world data would be ideal, and
could be done using forest inventory data to determine how growth rates respond
following canopy mortality (e.g. Baker et al., 2016). However, in the absence of
empirical data, the simulation could still be used to test how theoretical growth

and recruitment responses influence forest responses and resilience.

Developing the simulation approach further in regards to forest growth responses
would greatly increase the applicability of the approach in guiding forest manage-
ment. For example, accurate parameterisation of mortality, growth, and recruit-
ment would enable high quality predictions of forest recovery following disturbance
events. This has applications in guiding forest conservation in secondary and re-
covering forests - for example by providing realistic timeframes for conservation
planning - but could also be used in the development of management plans for
sustainable logging. Because the approach models stems individually, it would
be possible to assess the impacts of removal of individual stems on biomass and
stand structure, facilitating development of selective logging strategies. Further,
the approach enables detailed assessment of stand structure across the full range
of stem sizes. As even reduced-impact logging has significant impacts on the fre-
quencies of the largest trees (West et al., 2014; Vidal et al., 2016), being able to
compare recovery metrics across stem size classes would be valuable in identifying

sustainble levels of harvest of the largest stems.
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5.2.2 Perspectives on integrating data across diverse forest types and

biomes

Previous research investigating spatial patterns in forest function, structure, and
composition across Amazonia has typically focussed on lowland moist forests
(e.g. Quesada et al., 2012; Johnson et al., 2016; Esquivel-Muelbert et al., 2019).
In Chapter 2, in order to fully assess the relationship between demographic rates
and forest structure in Amazonian forests, I extended my analysis beyond lowland
Amazonian forests to include data from dry and montane forests. This proved
extremely valuable, as incorporating data from a wider range of biomes enabled
my analysis to capture the way that forest type, climate, and soil structure in-
teract with demographic rates to shape stand structure. Including data from dry
and montane forests not only highlighted the unique nature of structural controls
in these forest types, but also helped to clarify the dynamics of lowland forests,
by providing contrasting datasets against which their dynamics could be com-
pared. Previous studies have highlighted mortality rates as the key control on
forest biomass (e.g. Johnson et al., 2016; van der Sande et al., 2017). However,
by broadening the range of biomes considered, my results showed that, in some
forest types, forest structure is more sensitive to variation in growth rate than in
mortality rate. This provides a more nuanced understanding of how the influence
of growth and mortality rates on forest structure may vary across environmental

gradients.

Similarly, in Chapter 3, I used data from across a large environmental gradient in
Quebec, extending over four distinct bioclimatic domains. Across this latitudinal
gradient, there is significant variation in forest structure and dynamics, which

enabled me to carry out a robust validation of the simulation approach across
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distinct forest types. Often models are built, calibrated, and validated using
data which is limited in extent; for example many tropical models are developed
using forest inventory data from a single, intensively sampled, site (Kohler and
Huth, 1998; Chave, 1999; Farrior et al., 2016). While this can be useful in accu-
rately parameterising a model for a specific context, it can make it challenging
to validate application of the model beyond the original site. By developing my
simulation using data from forests with distinct characteristics across a range of
bioclimatic domains, I was able to confirm the robustness of the simulation ap-
proach across different forest ecosystems. Furthermore, this approach highlighted
the close relationship between forest demographic dynamics and stand structure
in sites across the gradient, supporting the application of the simulation approach

to forest systems beyond Quebec.

While the focus of my thesis was on the forests of tropical South America, the an-
alytical approaches I used extended beyond the tropics to make use of data from
temperate and boreal forests in Quebec. By integrating data from the Quebec
provincial forest inventory program into my analyses I was able to overcome the
lack of tree ring data available in the RAINFOR dataset, and additionally ensure
model robustness across multiple forest ecosystems. Application of the simulation
model across multiple biomes has been informative in highlighting both similar-
ities and differences in forest dynamics between biomes and forest types. For
example, my results from Chapters 3 and 4 demonstrate that, despite the much
higher diversity and complexity of tropical forests, stand structure can be simu-
lated using the same input data used in simulating much simpler boreal stands.
This highlights the key role of growth and mortality in shaping stand structure

in forests globally.
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However, I also note interesting differences between biomes, particularly in the
simulation of stand-level mortality. In simulating forest stand structure in Que-
bec, I found that application of a growth-dependent mortality function was best
able to reproduce stand dynamics, with strong evidence that mortality rates
were highest in stems that had shown low growth rates in the previous year.
In contrast, in the tropics, the best results were gained through use of a size-
dependent mortality function. In tropical forests, I detected no strong stand-level
growth-dependent mortality, and typically only weak patterns of stand-level size-
dependent mortality, suggesting that in tropical forests high species diversity and
the associated interspecific variation in mortality rates masks any strong stand-
level trends. Modelling mortality at the stand-level may be sufficient to capture
a large proportion of the variation in mortality in forests where species diversity
is low or a small number of species are dominant, however in more diverse forests
it could be informative to model mortality by functional group, or at a species-
or genus- level where possible (Johnson et al., 2018; Riiger et al., 2020). In the
case of my simulation approach, it would be possible to define functional groups
based on species wood density, and to test whether modelling size- or growth-
dependent mortality for individual functional groups improves model fit across
different biomes. Because of the universality of the simulation approach, there is
great potential to apply it in future cross-biome comparative analyses of forest

dynamics and structural controls.

Finally, I suggest that this type of cross-biome approach can be valuable in ad-
dressing certain data limitations. Tree ring data was used to validate the simu-
lation stand age estimates in Chapter 3, and indicated that simulated estimates
of both the length of individual growth trajectories, and of the overall distribu-

tion of ages within the stand, are accurate for the Quebec dataset. In tropical
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forests, lack of tree ring data means that there is limited data available on tree
ages (e.g. Vieira et al., 2005), and so applying the simulation approach to these
forests to generate estimates on tree and stand age could be of value. Beyond
providing simple estimates of forest age, this could offer important insights into
forest dynamics. For example, there is evidence that, following disturbance, the
numbers of large trees take longer to recover than the numbers of smaller trees,
suggesting that biomass recovery may be limited by the growth rate and estab-
lishment time of the largest trees (West et al., 2014; Vidal et al., 2016). As a
result, recovery rates may be saturating, as observed in the simulation outputs in
Chapter 4, making predictions of recovery times challenging to extrapolate from
short-term data describing early recovery trajectories. Estimates of the growth
trajectories and ages of the largest trees, generated from the simulation approach,
would be useful in more accurately constraining predictions of forest recovery

times, and helping to explain stand-level recovery dynamics.

5.2.3 Implications for future forest monitoring projects

My findings, particularly those presented in Chapter 4 of my thesis, will be of
use in informing future forest monitoring approaches. The results from the sim-
ulated increases in mortality rates highlight the long timescales associated with
forest responses to demographic rate change. Simulated response times to reach
a new steady structure range between 118 and >350 years following the onset
of increases in mortality rates, with longer response times associated with lower
baseline demographic rates. There are long time-lags between the onset of in-
creases in mortality rates and the effects of this on forest stand structure being

fully realised: even in the fastest responding forests, it takes nearly 70 years af-
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ter mortality rates stabilise for forest structure to equilibrate. Furthermore, for
the slower-responding plot clusters, simulations suggest that it could take several
years after the onset of increases in mortality rates for there to be a clear signal of
declines in basal area or mean DBH. These results are corroborated by experience
from long-term field studies; for example, Laurance et al. (2018) highlight that,
following fragmentation, it took at least two decades for the full impacts on large
tree abundance to become clear. Similarly, modelling of biomass changes within
recent, forest fragments suggest that it can take 50-100 years for a new biomass

equilibrium to be reached follow disturbance (Piitz et al., 2011).

These findings highlight the importance of monitoring forests over sufficient time
periods. Accurately capturing and characterising the chronic structural changes
indicated in the simulation outputs will require plots to be monitored over many
decades. This may be particularly important in fully capturing forest responses
to more transient disturbances, such as periods of drought. Previous studies of
forest responses to short-term perturbations, such as those associated with El Nino
events, have often focussed on a monitoring period of approximately 2 years post-
perturbation (e.g. Phillips et al., 2009; Bennett et al., 2021). However, if, as in
the simulation outputs, structural responses are delayed or it takes time to detect
them, short-term studies may fail to capture the full extent of forest responses,
and underestimate the eventual impacts of disturbances. My results also suggest
that understanding the intrinsic dynamics of the forest will be important in fully
informing monitoring approaches. Changes may take longer to materialise in less
dynamic forests, making a long-term view particularly crucial for fully capturing
how these forests respond to change: finding no immediate evidence of directional
change in these forests may simply be because they have not yet been monitored

for sufficient periods. Extrapolation from short-term trends in these forests should
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be done with great caution, as they are particularly unlikely to be representative

of the long-term trajectory of the forests.

My thesis also highlights the value of forest monitoring approaches which integrate
forest inventory data with tree ring data. Forest inventory data and tree ring data
provide distinct, but complementary, information on tree growth dynamics: tree
rings offer a longer term perspective on historical tree growth trajectories, while
forest inventories provide data on a finer scale across a forest stand, and can gen-
erate data on current forest dynamics, including growth responses to disturbance
or environmental change. This complementarity was valuable in validating the
simulation approach in Chapter 3, in particular because use of the tree ring data
enabled validation both of the individual growth trajectories, and of the stand-
level outputs, including growth rates. This gave a useful insight into the accuracy
of forest inventory data in capturing tree growth dynamics, as it showed that the
annual growth estimates generated from forest censuses - even conducted at 10
year intervals - are consistent over long time periods with growth rates observed
in the tree ring data. I suggest that there is potential to further integrate these
data sources and extend this type of comparative approach. For example, there
are sampling biases present in estimating demographic rates from tree ring and
inventory data (e.g. Talbot et al., 2014; Duchesne et al., 2019); comparing esti-
mates across two datasets from the same plot network could offer a new dimension

to better understand these biases.
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5.3.4 Implications for conservation and management of Amazonian

forests

Amazonian forests face threats that extend well beyond the climate-driven demo-
graphic rate increases considered within this thesis, and include direct impacts
from forest clearance, logging, fragmentation, and fire, which often have much
more dramatic and rapid impacts on forests (Malhi et al., 2014). Conservation
and management of Amazonian forests is therefore complex and challenging, as

many interacting factors have to be considered.

The findings presented in my thesis have applications in informing conservation
and management priorities across different Amazonian regions. My results indi-
cate that the forests which are most vulnerable to increases in mortality rates are
the less dynamic forests of the Guiana Shield and East-Central Amazon. These
forests are strongly structured by variation in mortality rates (Chapter 2), and so
show dramatic declines in basal area and the relative abundance of large stems
in response to increases in mortality rates (Chapter 4). As these forests hold the
highest biomass in the Amazon Basin, and support some of the largest tallest trees
(Feldpausch et al., 2011), their high vulnerability has important implications for
the carbon sink capacity of the Amazon as a whole; basal area declines in these
regions are likely to lead to disproportionate absolute losses of biomass and carbon
stocks (Chapter 4). As a result, protecting these forests from additional impacts
should be a management priority. Although there is little that can be done on a
local scale to reduce increases in mortality rates driven by global climate change,
if forests can be buffered from more localised impacts, such as logging, fire, and
fragmentation, mortality rate increases may be minimised, and forest resilience

will be better maintained.
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My results also suggest that the structural response of these forests to mortality
rate increases may be slow compared to other forests across Amazonia (Chapter
4). Over short timescales, changes may be harder to detect compared with forests
elsewhere in the Basin; however my results indicate that over longer timescales
these forests are vulnerable to chronic declines in basal area (Chapter 4). Further-
more, these forests have intrinsically low growth rates, and so have long recovery
times (Chapter 4), making them even more vulnerable to perturbations. This
highlights the need for proactive approaches to forest conservation in these re-
gions, as once impacts are detected forests may already be committed to much

greater losses.

My findings also indicate that the more dynamic forests of the Western Amazon
and Brazilian Shield have a high intrinsic potential for quick recovery times (Chap-
ter 4). Because of their rapid, and potentially dramatic, structural responses to
change, these forests may appear to have lost significant conservation and carbon
storage value following disturbances, which may leave them vulnerable to further
human impacts. Evidence from many countries worldwide shows that salvage log-
ging or stand clearance is a common management practice in forests altered by
natural disturbance, even where the ecosystem was previously protected (Linden-
mayer and Laurance, 2017; Thorn et al., 2018). The simulation outputs presented
in Chapter 4 predict short recovery times for these forests, suggesting that even
highly disturbed forests in these regions may quickly recover biomass stocks. As

a result, protection of these areas should still be prioritised.
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5.2.5 Predicting the future of the tropical carbon sink

This thesis makes an important contribution to the literature surrounding our
understanding of carbon sink dynamics in tropical forests. Our current under-
standing is that the carbon sink is declining as a result of increases in mortality
rates (Brienen et al., 2015; Hubau et al., 2020). However, projections of future
trajectories of the carbon sink are poorly constrained, with significant divergence
among different model outputs (Padrén et al., 2022), and between model predic-
tions and observed trends (Koch et al., 2021). The results presented in Chapter 4
suggest that declines in forest basal area are expected as a response to increases in
mortality rates. This is expected to result in concurrent declines in forest biomass
and a weakening of the carbon sink across Amazonian forests. Importantly, the
simulated response of basal area and stand DBH to mortality increases show sig-
nificant non-linearity, with the relationship between stand structural parameters
and mortality rate approximately fitting an exponential decline function. This
suggests that predictive approaches which apply linear extrapolations to observed
trends (e.g. see Hubau et al., 2020), are unlikely to generate accurate estimates

of future carbon sink dynamics.

Similarly, the results presented in Chapter 4 highlight the limitations of space-for-
time approaches. Space-for-time substitutions are used to predict future ecological
responses to climate change from current spatial patterns, and as such are offer a
way to generate predictions where time-series data are unavailable (Lovell et al.,
2023). While there is evidence that space-for-time approaches can be used to
accurately infer future ecological change (Blois et al., 2013), my results illustrate
the need for caution in drawing conclusions from these approaches. In Chapter 4,

the results of the simulations show much greater declines in forest basal area for

171



a given increase in mortality rate than would be expected from observed spatial
patterns. Here, extrapolation of spatial associations between mortality rates and
stand structure would significantly underestimate structural change, particularly
in the lowest mortality forests. This suggests that integration of observational
data, experimental data or simulation and modelling outputs across both space
and time could be highly beneficial (see Damgaard, 2019), in order to validate

models spatially and temporally.

Previous projections of the carbon sink have aggregated trends at continental
scales in order to extrapolate declines (e.g. Hubau et al., 2020). However, my
results indicate that there is large spatial variation in the magnitude and speed
of responses, which will be important to consider in projecting the future of the
carbon sink. My results suggest that forests in the north-east of the Amazon
basin are the most sensitive to increases in mortality rates, with these forests
showing the greatest absolute declines in basal area for a given percentage increase
in mortality rate. As these forests also have the highest biomass stocks in the
basin (Johnson et al., 2016), declines in their capacity to hold biomass, and the
associated losses of carbon stocks, could have a disproportionate effect on the

carbon balance of Amazonian forests.

Furthermore, I find that forests in the Guiana Shield and East-Central Amazon
are also slower to respond to increases in mortality rates. Although previous
research has recognised that timelags between growth and mortality increases
may be important in shaping the balance of the carbon sink (Brienen et al.,
2020; Koch et al., 2021), studies have not yet incorporated spatial variation in
temporal responses. This variation may be significant where extrapolations are

made from current observations, as it suggests that declines in biomass may occur
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non-linearly. The simulation results presented in Chapter 4 indicate that long-
term declines would be detected more rapidly in areas of the southern and western
Amazon; however, absolute declines in biomass are lower in these regions than
elsewhere. These regions are unlikely to be representative of dynamics across the
rest of Amazonia: if trends for the entire Amazon are projected from short-term

changes in these regions, it could result in underestimates of carbon sink decline.

An additional factor to consider is the role of variation in growth rates. The po-
tential impact of increasing growth rates in response to CO» fertilisation is poorly
understood; while they may counteract the negative effects of mortality increases
by increasing forest biomass accumulation (Terrer et al., 2019), the associated
increases in overall stand turnover rates may prevent biomass accumulation and
negate any carbon sink benefits (Brienen et al., 2020). In Chapter 2, I show
that the relationship between stand growth rate and structural evenness varies
according to forest type, with higher growth and mortality rates being associ-
ated with a more even stand structure and a higher proportion of large stems in
dry forest, montane forest, and in the Brazilian Shield. In contrast, the opposite
relationship is observed in the Guiana Shield and East-Central Amazon. This
suggests that, while increases in stand turnover rates may have a negative effect
on forest biomass in much of moist lowland Amazonia, there is the potential for
a different response in dry forest, montane forests, and in the Brazilian Shield.
Here, increases in growth rates may be more likely to drive increases in stand
evenness, the frequency of large trees, and - by extension - stand biomass. The
simulation approach I employed in Chapter 4 didn’t incorporate any increases in
growth rate, so I was unable to test for any variation in sensitivity to increases in
growth rate within that analysis, however future work using this approach could

be well placed to clarify spatial variation in increases in growth rates.
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Finally, the results presented in this thesis highlight the importance of under-
standing the intrinsic resilience of forests as a key component of their responses
to global change. To date, a lot of research has been focussed on understanding
the impact of different environmental drivers on forest productivity and mortality;
for example, quantifying the mortality impacts of drought (Phillips et al., 2010).
While this is essential for accurately predicting forest responses, it is only part of
the full picture. My findings show that forests may have very different intrinsic
resilience to comparable mortality rate increases, such that similar drivers of mor-
tality may have very different outcomes for biomass and forest carbon if forests
have different underlying dynamics. As a result, accurate projections of changes
in the carbon sink of tropical forests will rely both on accurate characterisation
of drivers of change and their impacts on mortality rates, and on spatial data

describing the intrinsic demographic dynamics of the forest system.

5.3 Final remarks

In this thesis, I have shown how demographic rates influence forest stand structure,
using Amazonian forests as a case study. I showed that, across Amazonian forests,
stand structure varies with growth and mortality rates, mediated by variation in
climate, soils, and forest type. This suggests the potential for strong spatial vari-
ation in forest structural responses to projected increases in demographic rates.
Using a simulation modelling approach, I showed that variation in mortality rates
across Amazonia is associated with variation in the intrinsic resilience of forests,
with significant implications for biomass stocks across the Amazon Basin. Future
research needs to account for this variation in forest responses in order to better

predict outcomes for the Amazonian carbon sink. The simulation approach has
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great potential to be used in future research across biomes, and to be developed
further to answer important questions about forest dynamics and responses to

future environmental change.
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