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Abstract
Understanding drivers of variation in plant mortality rates is a central challenge for global
change biology. Metabolic scaling theory (MST) hypothesizes that mortality rates will scale as
the -2/3rd power of stem diameter but doesn’t account for other potential drivers of variation in
mortality rates, such as climate and functional traits. For example, it is hypothesized that the
temperature-dependence of mortality rates will reflect the activation energy of photosynthesis (E
= 0.58 eV), and that shifts in functional traits will maximize growth rates and buffer mortality
rates across climate gradients. However, these hypotheses have been neither formalized nor
assessed within a common mathematical framework. In this thesis, my objectives are to: 1) build
on MST and ecological stoichiometry theory to develop new theory that formalizes prominent
hypotheses for global variation in plant mortality rates, and 2) test my theory using long-term
data from nine forest sites that are arrayed across global climate gradients. As hypothesized by
theory, mortality rates generally exhibited diameter-scaling exponents that were statistically
indistinguishable from -2/3. The temperature-dependence of mortality rates followed an
activation energy of E = 0.61 eV, with 95% confidence intervals (0.39 to 0.84) that included the
value of 0.58 eV hypothesized for photosynthesis. Plant functional traits all varied significantly
with climate and did influence mortality as hypothesized in the theory, though this signal was
lower than that of size and temperature. Thus, for the hypotheses tested here, global variation in
plant mortality rates appears to be driven primarily by size and temperature, as well as plant
functional traits to a lesser degree.
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Lay Summary
Forests constitute the majority of the world’s terrestrial carbon storage, act as critical
environments for the conservation of biodiversity, and provide important ecosystem services.
Thus, it is vital to understand the controls on forest demographic rates, particularly mortality
rates, which are suggested to be increasing in response to climate change. Metabolic scaling
theory (MST) for forest structure and dynamics provides general hypotheses for plant mortality
rates. It hypothesizes that mortality rates are determined primarily by plant size, but it does not
consider other factors thought to influence mortality rates, such as climate and plant traits. Here I
extend and test MST using a large dataset from several forest sites that span a broad latitudinal
climate gradient. As hypothesized by theory, I find that mortality rates vary primarily with size
and temperature, with some influence from plant functional traits.
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a long-term collaboration between S.T. Michaletz and B.J. Enquist, though I and many others,
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General Introduction
Overview
Unravelling the drivers of variation in plant mortality rates is critical for advancing our
understanding of global change biology. Plants act as a major terrestrial carbon sink, create
habitats for ecological diversity, and provide many ecosystem services. The structure and
dynamics of plant communities are expected to change with a rapidly warming climate,
potentially having wide-scale ramifications for climate system models (Anderegg et al. 2013).
Thus, understanding the drivers of change in forest ecosystems is critical. One of the most
important components of plant demography is mortality, or the rate at which plants die. While
there has been much work examining the external factors that influence plant mortality, less
focus has been given to understanding the intrinsic drivers that underlie baseline rates in
undisturbed forest ecosystems (McDowell et al. 2008 & 2011; Anderegg et al. 2013). A general
model that incorporates these factors would be invaluable for understanding how plant mortality
rates will be affected by climate change in the coming decades.
One existing framework for such a general model is metabolic scaling theory (MST),
which takes concepts from physics, chemistry, and biology to create a single quantitative
framework for explaining variation in biological rates in organisms at all scales of life (West et
al. 1997; Brown et al. 2004). This theory hypothesizes that metabolism is the key factor that
determines all biological rates (West et al. 1997; Brown et al. 2004). Specifically, for plants,
body size is hypothesized to influence productivity and growth. A forest stand in steady state,
with constant resource availability, can only sustain a certain number of individual plants of a
given size-frequency distribution. As individuals grow into larger size classes, some must die to
maintain this structure. Thus, from the perspective of MST, mortality is an inevitable outcome of
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the growth of individuals within a plant community. This is formalized in an extension of MST
for forest structure and dynamics (Enquist et al. 2009, West et al. 2009), which predicts that
plant mortality rates will decrease as the -2/3 power of stem diameter.
However, there are other hypothesized drivers of growth which are not currently
accounted for in MST. If these factors influence growth rates, then they should also influence the
mortality rates that are driven by growth. Two additional key drivers of plant growth are
temperature, which affects the rates at which metabolic reactions occur throughout the plant, and
plant functional traits, which are indicators of growth strategies as plants compete for limited
resources (Gillooly et al. 2001; Wright et al. 2004; Reich 2014). Metabolic scaling theory
provides hypotheses for how growth should vary with temperature and traits, so it is possible to
include these influences in an elaborated MST for plant mortality. These variables can then be
compiled into a single, more nuanced model that accounts for multiple drivers of plant growth
and mortality. If this model does well at explaining variation in mortality rates, it will increase
our understanding of this critical process and will inform predictions of changes to those rates in
the face of a changing climate.

Objectives
This thesis mathematically formalizes the above hypotheses using MST. Specifically,
there are two objectives: 1) formalize hypotheses for the effects of size, temperature, and traits
on mortality rates into a common mathematical framework of MST, and 2) empirically test these
hypotheses using data from the global-scale Forest MacroSystems (FMS) network.
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Introduction
Forest ecosystems cover roughly 30% of the planet’s land surface and are the largest
terrestrial carbon sink, storing up to 45% of carbon found in terrestrial ecosystems (Anderegg et
al. 2013). Forests also provide important ecosystem services and critical habitats for terrestrial
biodiversity. Predicting and quantifying the drivers of global variation in plant mortality rates are
therefore critically important for understanding Earth surface-atmosphere interactions and
ecosystem processes, as well as informing conservation. Studies show that species composition
is changing with climate, particularly in tropical forests (Feeley et al. 2011, 2012). Yet the rates
of these shifts may not match the pace of temperature change, causing forest composition to
become out of equilibrium with the surrounding environment (Davis & Shaw 2001; Ackerly
2003; Svenning & Sandel 2013). Much work has been done to examine the role of disturbance in
forest mortality, yet few studies have examined baseline mortality rates and their drivers by
confronting mechanistic theory with data at a global scale (Anderegg et al. 2013). At this large
scale, a general theory could explain differences in forest structure and dynamics across latitudes
and climatic gradients, and provide insights into how terrestrial ecosystem and atmospheric
interactions may change in the future (Phillips et al. 1998; Clark et al. 2001; Muller-Landau et
al. 2006).
One such theory is metabolic scaling theory (MST), which combines principles of
physics, chemistry, and biology in a common mathematical framework to understand and explain
variation in biological rates across levels of organization, from cells to the biosphere (West et al.
1997; Brown et al. 2004). The theory is based on the hypothesis that metabolism ultimately sets
the pace of life. It determines the magnitude of all biological rates, constrains how resources are
taken up, and controls how those resources are distributed within organisms and among
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individuals. It was first developed by West, Brown, and Enquist (WBE; (West et al. 1997)) and
examined the relationship between metabolic rates and body mass, by assuming that natural
selection has optimized the efficiency of resource distribution through fractal-like vascular
networks in three-dimensional bodies. Later, the WBE network theory was extended to a broader
MST that accounted for additional drivers of metabolic rate such as temperature (Brown et al.
2004). This theory has also been extended to plant growth and mortality (Enquist et al. 1999;
West et al. 1999), and ultimately to forest structure and dynamics (West et al. 2009, Enquist et
al. 2009). By examining variations in metabolic attributes in different environments, MST can be
used to explore various biological rates for populations, communities, and ecosystems as
variation between these systems is largely explained by the composition of metabolisms
contained therein. Thus, metabolic rates influence many factors including forest structure,
ecological stoichiometry, nutrient fluxes, and diversity among species (Brown et al. 2004).
Body size distributions are of particular interest in understanding patterns of variation
across populations and ecosystems, with the relationship between size and abundance being
regarded as particularly important (West et al. 2009). In terms of forest structure, the theory
hypothesizes there is a specific distribution of tree sizes within the canopy, provided that certain
assumptions are met (West et al. 2009). The major assumptions are as follows: 1) there is no
limit on recruitment within the stand and the dynamics of growth and mortality determine the
size distribution; 2) the stand is in demographic and resource steady state, i.e. where rates of
birth equal rates of death and there are no changes in the distributions of ages and sizes of
individuals; and 3) the stand is composed of “allometrically ideal” plants that obey the idealized
assumptions of the WBE network theory. Given these assumptions, a plant community will
generally contain many small individuals and fewer large individuals, and this relationship is
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constrained by growth as individuals compete to fill space. Since the environment can only
support a given number of individuals of varying sizes, as these individuals grow into larger size
classes, some must die to maintain the steady state size-frequency distribution. Metabolic scaling
theory formalizes this relationship in the following equation, wherein plant mortality rates scale
with stem diameter, such that
(1)
where µ (mo-1) is mortality rate, g (mo-1cm-θ) is a growth normalization constant, d (cm) is stem
diameter, and θ (dimensionless) is a diameter-scaling exponent predicted to equal -2/3 (Enquist
et al. 2009; West et al. 2009). Importantly, g mechanistically links variation in plant mortality
rates to variation in plant growth rates (West et al. 2009, Enquist et al. 2009), and therefore
implicitly accounts for the influence of additional drivers of plant growth and mortality rates that
are not explicitly included in Eq. (1).
Many plant communities demonstrate an inverse relationship between size and number of
individuals (Enquist et al. 2009; West et al. 2009). While earlier studies have shown that
mortality rates may depend on exogenous factors like climatic events, disease, and herbivory
(Zimmerman et al. 1994; Ickes et al. 2005; Sukumar et al. 2005; McDowell et al. 2010;
Anderegg et al. 2013), MST proposes that mortality rates may also be viewed through a different
lens. Specifically, it proposes that we can understand and explain variation in mortality rates by
examining the size-frequency distribution that emerges from space filling to optimally extract
and flux resources with the environment. Stem diameter is a function of growth and reflects the
stability of a plant and how resources move within its systems (West et al. 2009). It also has a
relationship with age of an individual, so the size distribution could be linked to the age range of
the broader stand (West et al. 2009). Previous studies have shown that mortality rates decrease
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with increasing tree size in a range of forests, however no study has yet examined a complete
range of the temperate to tropical forests representing most climate spaces in which plants grow
(Weller 1987; Enquist et al. 2009).
Temperature is another critical driver of growth rates. All biological rates, from
molecules to the biosphere, are temperature dependent. A central hypothesis of MST is that all
biological rates are ultimately determined by the biochemical reaction rates of metabolism
(Gillooly et al. 2001, 2002). Of particular importance is photosynthesis, during which plants
harvest light energy from sun and store it in the chemical bonds of simple sugars produced from
atmospheric CO2. These simple sugars are then used to fuel plant metabolism or are stored as
plant biomass during growth. Temperature increases the rates of biochemical reactions
underlying photosynthesis, and thus growth rates (Grace 1987; Niu et al. 2008; Prior & Bowman
2014). This relationship can be characterized by the Arrhenius function, which gives the
exponential temperature-dependence of growth g as
(2)
where g0 is another growth normalization constant (mo-1cmθ), E (eV) is an apparent activation
energy (Gillooly et al. 2001; Brown et al. 2004), k (8.617 x 10-5 eV K-1) is the Boltzmann
constant, and T (K) is temperature. Importantly, the activation energy E characterizes the
temperature-dependence of growth. Given that growth rates are expected to be linked to
mortality rates, MST hypothesizes that the activation energy for growth will equal that for
photosynthesis (Brown et al. 2004). Estimates of E for photosynthesis have varied, from an early
estimate of E = 0.32 eV (Allen et al. 2005) to a more recent estimate of E = 0.58 eV (Michaletz
et al., in prep).
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Plant functional traits are also important drivers of plant growth rates. Functional traits
are characteristics that combine to impact the performance and fitness of an individual plant.
Therefore these factors influence its ability to survive, grow, and eventually die (Wright et al.
2004; Enquist et al. 2007; Reich 2014). These traits are based on individual responses to climate
variation, thus in a changing world it is critical to understand how processes such as mortality are
impacted not just by climatic changes but also by these plant traits (Enquist et al. 2017). Earlier
extensions of MST have linked plant growth rates to plant functional traits (Enquist et al. 2007,
2017) that are arrayed across the ‘fast-slow’ plant economics spectrum (Wright et al. 2004;
Reich 2014). At the fast end of the spectrum are species that build their structure quickly to
maximize their ability to compete for resources such as light, while at the slower end are species
which take time to invest in stronger infrastructure. Metabolic scaling theory and the leaf
economic spectrum then hypothesize that ‘fast’ species grow at higher rates than slow species, as
each species’ growth strategy is a function of metabolism. Therefore, these life strategies dictate
how fast plants grow, which, building on the theory of Eq. (1) and Eq. (2) determines how fast
they move into new size classes and eventually die (Reich 2014). Combining insights from MST
(Enquist et al. 2007, 2017) and ecological stoichiometry (Sterner & Elser 2002), we can develop
an expanded theory showing how plant growth rates are hypothesized to scale with certain plant
traits (See Theory section, below), such that
(3)
where g1 [mo-1cm-θ(g cm-3)-θr (g cm-2) -θLMA] is another growth normalization constant, rw (g cm-3)
is wood density, θρ (dimensionless) is a density-scaling exponent for mortality that is
hypothesized to equal -3/4, LMA (g cm-2) is leaf mass per area, θLMA (dimensionless) is a LMAscaling exponent for mortality that is hypothesized to equal -1, P/N (dimensionless) is the ratio of
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leaf phosphorous to nitrogen content, and θP:N (dimensionless) is a P:N-scaling exponent for
mortality that is hypothesized to equal 1.
We can combine Eq. (1-3) to further build on the theory by showing how mortality rates
vary with plant size, temperature, and functional traits. Specifically, we can substitute Eq. (2)
and Eq. (3) into Eq. (1) to “unpack” the normalization constant g, and reveal the combined
influences of size, temperature, and traits, yielding
(4)
The derivation of the above theory is elaborated in the Theory section below.
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Theory
Quantification of mortality decay rates and derivation of mortality equation
To estimate mortality rates, we assume that the number of individual plants in the
original group of stems in a forest stand decreases due to mortality at a rate proportional to the
number of individuals, such that

dN
= -µ N
dt

(5)

where dN/dt (time-1) is the stand mortality rate, N (individuals) is the number of individual
plants, t (time) is time, and μ (individual-1 time-1) is the per capita or instantaneous mortality rate
(Sheil et al. 1995, Gotelli 2008). Eq. (5) can be integrated to solve for Nt, the number of
individuals surviving to time t

N t = N 0 − e−µ⋅t

(6)

where N0 (individuals) is the number of individuals at t = 0. Eq. (6) can then be rearranged to
give the instantaneous mortality rate as

µ=

ln ( N 0 − N t )
t

(7)

where again we are looking at the change in number of living stems between time t = 0 and time
t. This can be used to calculate mortality rates across censuses.

Derivation of scaling relationship between mortality rates with size
Size-frequency distributions are determined through the process of space filling - as
plants grow from one size class to another some must die due to competition to accommodate
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this growth in a given area with constant resource availability. Metabolic scaling theory provides
a hypothesis for such distributions, from which we can derive an equation for mortality. Enquist
(2009) gives this equation as

⎡ d ln f (r) ⎤ ⎡ dr ⎤
µ = −⎢
⎥⎢ ⎥
⎣ dr ⎦ ⎣ dt ⎦

(8)

where μ is again mortality rate (yr-1), f(r) is the size-frequency distribution of stems with radius r
(cm) and dr/dt is the change in radius over time (cm yr-1). Metabolic scaling theory hypothesizes
that frequency of stems is proportional to stem radius, such that !(#) ∝ # !" ; we can rewrite this
as ln !(#) ∝ −2 ln # and substitute into the previous equation to give the following:

⎡ d ⋅ −2ln r ⎤ ⎡ dr ⎤
µ = −⎢
⎥⎢ ⎥
⎣ dr ⎦ ⎣ dt ⎦

(9)

⎡ 2d ln r ⎤ ⎡ dr ⎤
µ=⎢
⎥⎢ ⎥
⎣ dr ⎦ ⎣ dt ⎦

(10)

This can then be simplified to

The equation for radial growth dr/dt is given by the equation
(11)
where µ0 is a normalization constant and r is the stem radius (cm) to the 1/3 power. This can be
substituted into the simplified mortality equation to give
(12)
This can be rewritten as + = 2 # !# +$ ##/& and simplified, with the constant 2 repacked into the
normalization constant, to give the following:
(13)
Thus, MST hypothesizes that mortality rates scale exponentially with plant size such that
10

where g is a growth normalization constant (yr-1 cm-θ), r is stem radius (cm), and - is a scaling
exponent for size-dependent mortality, which MST hypothesizes is about -2/3 (Enquist et al.
2009). Knowing that the data is measured in diameter, we can use r = d/2 to convert, then repack
the constant back into the growth normalization to give the final form as
(14)

Derivation of scaling relationship between mortality rates and temperature
Metabolic scaling theory hypothesizes that the growth normalization constant g will be
influenced by temperature, thus following the Arrhenius temperature dependence
(15)
where g0 (yr-1) is a growth normalization constant, E (eV) is an activation energy representing
the kinetics of mortality rates, kb is the Boltzmann constant (8.617 x 10-5 eV K-1) and T (K) is
temperature (Gillooly et al. 2001; Brown et al. 2004).

Derivation of scaling relationship between mortality rates and plant functional traits
Plant growth and function is dependent on the ratios of nutrients present in their tissues.
Sterner & Elser (2002) provide a framework for linking nutrient content to plant growth rates
through the following equation:
mc φ
=
mx µ g

(16)

where mc is the mass of carbon, mx is the mass of a nutrient x, such as nitrogen (N) or
phosphorous (P), φ is the photosynthetic nutrient use efficiency of using mx to create mc, and µ g
11

is mass-specific growth rate (dm/mdt). This equation assumes that rates of change in
stoichiometry are constant, such that dmc/mcdt = dmx/mxdt = dm/mdt, and it can be rearranged in
⎛m ⎞
terms of mass-specific growth rate as µ g = φ ⎜ x ⎟ . This equation assumes that the availability of
⎝ mc ⎠

nutrient mx determines the limit for growth rate.
The most important nutrients for plant growth are carbon (C), nitrogen (N) and
phosphorous (P) (Sterner & Elser 2002). Their concentrations relative to each other in plant
tissue are reflective of their ecological niche and structural processes (Kerkhoff et al. 2005; Elser
et al. 2008). According to Sterner & Elser (2002), carbon composes a relatively constant fraction
of plant biomass, so the growth rate hypothesis allows for the substitution of the mass
concentration of phosphorous (mp) and nitrogen (mn) for mc/mx in Eq. (16). Combining this with
the equations combining body size (West et al. 1997) and temperature (Gillooly et al. 2001;
Brown et al. 2004) We get the following equation which relates plant growth rates to nutrient
ratio, and whole plant mass (m):
(17)
Thus, it is hypothesized that relative growth rate µ g will increase as the mass of phosphorous
increases relative to nitrogen.
Metabolic scaling theory hypothesizes that whole-plant mass growth rate dm/dt is directly
proportional to total leaf mass ML such that
dm
= B0 m3/4 ∝ ALM M L
dt

(18)

where B0 is a normalization constant for metabolic growth, m is plant mass, and ALM is net leaf
photosynthetic rate per unit leaf mass (in brackets to represent an abundance weighted average)
12

(Enquist et al. 1999; West et al. 1999; Enquist & Niklas 2001). ALM can be broken down into two
other leaf traits,

aL
, or leaf area aL divided by leaf mass mL (this is equivalent to specific leaf
mL

mass, or SLA) and ALA , which is photosynthetic rate per unit leaf area. This is given by the
equation
⎛
a ⎞
ALM ≡ ⎜ ALA ⋅ L ⎟
mL ⎠
⎝

(19)

Variation in the area-based photosynthetic rate can then be linked to those two traits, so that
a
dm
∝ ALA ⋅ L M L
dt
mL

(20)

Other traits can be added to this equation using a function for leaf nitrogen concentration FLN as
it relates to whole-plant production rates (Kerkhoff et al. 2005). By dividing by total leaf mass
ML we can relate the leaf-mass specific photosynthetic production rate µ L to this function and
the photosynthetic nutrient use efficiency (PNUE) φ L we get the relationship

dm / M L dt = µ L ∝ φ LM FLN = φ LA

aL N
F
mL L

(21)

This PNUE can change with nutrient content (Field et al. 1983; Reich et al. 1997b) so that

φ LM = µ L / FLN into which we can substitute for production rate to get φ LM = ALA ⋅

aL
/ FLN .
mL

Another key factor in plant physiology is plant size. Whole-plant growth rate dm/dt (kg s1

), with m representing whole-plant mass (g), can be related to whole-plant respiration rate R (kg

! (kg s-1), xylem flow rate Q! (L s-1), and the
s-1), whole-plant gross carbon assimilation rate A

total number of leaves nL (Enquist et al. 2017), so that dm / dt ∝ R! ∝ A! ∝ Q! ∝ nL ∝ mθ . Also,
13

total leaf mass ML scales with whole-plant mass m as M L ∝ nL and M L ∝ β L m3/4 where β L is
leaf mass fraction that represents variation in allocation to leaf biomass, and θ is the allometric
scaling exponent for mass (Enquist et al. 2017). Growth is hypothesized then to scale with whole
plant mass to the 3/4 power as hypothesized by metabolic scaling theory (West et al. 1997, 1999;
Gillooly et al. 2001).
After substitution and rearranging, we can see the growth model based on both
stoichiometry and traits as dm / dt ∝ φ LM FLN M L ∝ ALA ⋅

aL
F N / FLN ⋅ β L m3/4 . Simplifying, this
mL L

becomes
dm / dt ∝ φ LM FLN M L ∝ ALA ⋅

aL
⋅ β L m3/4
mL

(22)

This equation can then be unpacked to include mass and nutrient ratios, assuming that mass is
constant, so that
(23)
From this we can see that relative growth rate µ is influenced by plant size m, temperature T,
tissue nutrient ratio mx:mc, nutrient use efficiency, and metabolic constant B0 (Enquist et al.
2017).
Taking the equation that combines temperature and mass µ ∝ β0 e− E/kT m3/4 , we can
unpack the normalization constant to include all the previously derived relationships for plant
traits and tissue stoichiometry. Thus, we get the following:
(24)
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where h is a constant constrained by carbon use efficiency of plant growth and carbon fraction of
plant tissue (Enquist et al. 2007). After substituting for φ LM the equation becomes
(25)
Finally, we can repack the normalization constant m1 to give a simplified equation relating
growth rate to SLA, mP/mN, temperature, and mass:
(26)
Wood density is another important functional trait that can reveal plant life history
strategies (Reich et al. 1997a) The previously derived theory can be expanded to include
hypotheses for how it will affect growth rates and mortality (Enquist et al. 2007). First, we must
go back to the simple mass-based growth equation that incorporates traits:
dm
= µm = β A M L
dt

(27)

where µm is again mass-based growth rate, β A is a normalization constant that contains traits and
will be unpacked later, and M L is total leaf mass. Total leaf mass is a function of the leaf mass
fraction that represents variation in allocation to leaf biomass, β L , and mass m to a scaling
exponent θ such that

M L = β L mθ

(28)

We can substitute this equation for M L into Eq. (27) to get

µ m = β Aβ L mθ

(29)
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Eq. (28) can be rearranged in terms of β L so that β L = M L / mθ or β L = M L m−θ . This can then be
substituted into Eq. (29) so that

µm = β A M L m−θ mθ

(30)

Instead of cancelling the mass terms, we can substitute for m in terms of density and volume, as
m = ρV . This can be substituted into Eq. (5.14) to give

µm = β A M L ( ρV )−θ mθ

(31)

Photosynthetic nutrient use efficiency φ L is a function of total leaf mass and volume such that

φ L = M L / V θ . This can then be substituted into Eq. (4.15) to get the final form of the model that
incorporates wood density:

µm = β Aφ L ρ −θ mθ

(32)

where β A is again a normalization constant that can be unpacked to include other functional
traits. Here we can also re-pack traits that are not the focus, such as φ L , to finally give the
following equation that incorporates multiple traits into a single model:
(33)

Converting from mass-based growth to radial growth rates
Each of the previous trait-based models have been derived in terms of mass, so these
need to be converted into radial growth. This can be done by starting with the simplified form of
the traits-based growth equation
dm
= m0 mθ
dt

(34)
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with mass-based growth rate dm / dt equal to m0 (into which we can re-pack traits for simplicity),
and again mass m. To convert to radius, we need to substitute in the relationship between radius
and mass, which is

rk ∝ mk 3/8

(35)

m = (r / cm )8/3

(36)

This can be rearranged as

and then substituted into Eq. (34) to give
⎛ r ⎞
d⎜ ⎟
⎝ cm ⎠
dt

8/3

⎛ ⎛ r ⎞ 8/3 ⎞
= r0 ⎜ ⎜ ⎟ ⎟
⎜⎝ ⎝ cm ⎠ ⎟⎠

θ

(37)

This can be rewritten and simplified as

8 ⎛ r⎞
⋅
3 ⎜⎝ cm ⎟⎠

8/3−1

⎛ ⎛ r ⎞ 8/3 ⎞
1 dr
⋅ ⋅ = r0 ⎜ ⎜ ⎟ ⎟
cm dt
⎜⎝ ⎝ cm ⎠ ⎟⎠

θ

(38)

For most mature plants, the scaling exponent θ is expected to be approximately -3/4 (Enquist et
al. 2007), so we can substitute this value into Eq. (38) to give

8⎛ r ⎞
3 ⎜⎝ cm ⎟⎠

8/3−1

⎛ ⎛ r ⎞ 8/3 ⎞
1 dr
⋅ ⋅ = r0 ⎜ ⎜ ⎟ ⎟
cm dt
⎜⎝ ⎝ cm ⎠ ⎟⎠

3/4

(39)

which can then be rearranged in terms of dr/dt as
2
3⎡ ⎛ r ⎞ ⎤
⎢ r0 ⎜ ⎟ ⎥
dr 8 ⎢⎣ ⎝ cm ⎠ ⎥⎦
=
dt ⎛ r ⎞ 8/3−1 1
⋅
⎜⎝ c ⎟⎠
c
m

(40)

m

This can then be simplified as
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dr 3 1/3 2/3
= r r cm
dt 8 0

(41)

Equation 3 from Enquist et al. (2009) gives a function for mortality rate µ in terms of radial
growth:

⎡ d ln f (r) ⎤ dr
µ = −⎢
⎥
⎣ dr ⎦ dt

(42)

Because f (r) ∝ r −2 , we can rearrange so that ln f (r) ∝ −2 ln r . This can be substituted into the
above equation to give

⎡ −2d ln r ⎤ dr
µ = −⎢
⎥
⎣ dr ⎦ dt

(43)

which can be simplified to

µ=2

d ln r dr
dr dt

(44)

Finally, we can substitute Eq. (41) for radial growth into Eq. (44) to get
µ=

2d ln r 3
⋅ ⋅ r r 1/3cm 2/3
dr 8 0

(45)

µ=

3 d ln r
⋅
⋅ r0 r 1/3cm 2/3
4 dr

(46)

3 1
⋅ ⋅ r0 r 1/3cm 2/3
4 r

(47)

This can then be simplified as

and further rearranged as
µ=

The constants 3/4 and cm2/3 can be repacked into the normalization constant so that the final
equation is given as

µ = r1 ⋅ r −2/3

(48)
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Where mortality rate μ is equal to a normalization constant r1 (which can be unpacked again to
include traits), and stem radius to the -2/3 power. Because our parameter of interest is diameter,
d, we can use r = d/2 to convert and then repack the constant back into the growth normalization
to give the equation as
(49)

Converting from radial growth to mortality rate
The hypotheses for trait based metabolic scaling theory in Enquist et al. (2007, 2017) are
given in terms of radial growth rates, whereas we are interested in mortality rates. Therefore, it is
necessary to convert the previous traits-based equations. Enquist et al. (2009) gives radial growth
as
dr
= r r 1/3
dt 0

(50)

which can be substituted into Eq. (44) so that

µ=2

d ln r 1/3
rr
dr 0

(51)

This can be simplified so that µ = 2(1/ r)r0 r 1/3 = 2r −1r0 r 1/3 , then we can further simplify and
repack the normalization constant to give

µ = r1r −2/3

(52)

where r1 is any trait-based radial growth normalization constant. Again, because we are interested
in diameter, we can use r = d/2 to convert, then repack the constant back into the growth
normalization to give the final form as
(53)
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Unpacking the trait-based radial growth normalization constant to reveal the influences of
traits and temperature
Now that the trait-based models have been converted from mass- to radial growth-based
and from growth to mortality rates, the radial growth normalization can be unpacked into a
comprehensive form that includes both temperature and traits. We can do this to combine Eq.
(14), Eq. (15) and Eq. (33) to give the following:
(54)
where mortality rate μ scales with another normalization constant g1, stem diameter, an
Arrhenius function for temperature, r or wood density, mL/aL or LMA and mP/mN or P:N ratio.
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Methods
Field sites
I used data from the Forest MacroSystems (FMS) network, which was established in 2011 to
examine drivers of global variation in plant diversity, demography, and dynamics. The FMS
network currently comprises nine sites arrayed across latitude so that the sites fill the climate
space where forests occur (Fig. 1). Six sites were established in 2011-2012, and additional sites
were added in 2014, 2018, and 2019. The sites include H.J. Andrews Experimental Forest Long
Term Ecological Research (LTER) site, Oregon (AND), Barro Colorado Island, Panamá (BCI),
Capilano Watershed, British Columbia (CAP), Coweeta LTER, North Carolina (CWT), Harvard
Forest LTER, Massachusetts (HFR), Luquillo, Puerto Rico (LUQ), Mount Bigelow, Arizona
(MTB), Niwot Ridge LTER, Colorado (NWT), and Parque Santa Rosa, Costa Rica (PSR). FMS
network sites have been censused approximately annually for the duration of the project.
In contrast to many global studies based on compilation of data collected by different
authors for different purposes using different methods, the FMS network uses a consistent
methodology across sites. At each site in the FMS network there are five Gentry plots located
within a 500 by 500-meter square, with a plot in each corner and one in the center. Each of the
plots are divided into ten 50x2 meter belt transects. Transects are paired to form a 100-meter
line, and the resulting 5 lines are separated by 10 meters. During each survey, the diameter of
every stem with a diameter at ground height (DGH) greater than 1 centimeter is measured. All
measured plants are tagged, with recruits in subsequent years added to the census with new tags.
While smaller plants only allow for a DGH measurement, the diameter at breast height (DBH,
measured 130 centimeters above ground level), is taken instead when plants are large enough (>1
centimeter at DBH). For trees with irregular stems at 130 cm, the measurement is taken at the
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a

b

Figure 1: The Forest MacroSystems (FMS) network. (a) Map showing locations of the FMS network sites. (b) The FMS
network sites plotted in Whitaker’s climate space, showing that the sites span the entire global climate space where forests
exist. Biome definitions from Whittaker (1970). 1, tropical rainforest; 2, temperate rainforest; 3, tropical seasonal forest; 4,
temperate forest; 5, taiga; 6, savanna; 7, woodland/shrubland; 8, tundra; 9, desert. Colors correspond to mean annual
temperature, with warmer sites in red and colder sites in blue.
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nearest area with a regular stem and the distance from the ground to the point-of-measurement
(POM) is recorded.

Temperature data
Temperature data were measured at site weather stations. The longest possible time span
of data was compiled from each site, with the earliest start date in 1983 (BCI, CWT) and the
latest in 2019 (CAP). I used the historical climate data from the closest available sensor to each
site, most of which were accessed through the LTER network, though some sites (CAP, MTB)
had plot level data that was averaged to obtain a site level mean. PSR climate data were provided
by the Tropical Dry Forest Research Center at the Guanacaste Conservation Area in Costa Rica.
Mean growing season length was determined from published data (Schowalter et al. 1991; Vose
and Swank 1994; Greenland 1989). I calculated the mean temperature at each site between the
start and end dates of the growing season over the entire length of site climate history. Mean
growing season temperature (MGST) was used over mean annual temperature (MAT) as
mortality is expected to be constrained by growth, which occurs during the growing season
outside of exogenous events.

Plant functional traits
Functional traits including leaf mass per area (LMA), wood density, and leaf P and N content
were measured at each site. Sampling was conducted on the five most abundant species in each
plot by basal area, with a focus on selecting canopy species when possible. Five leaf samples
were taken from five individuals of each species per plot. Trait measurements followed protocols
from Pérez-Harguindeguy et al. (2013) and are described in Buzzard et al. (2019) for seven of
the sites. For these seven sites, leaf P content was analyzed at the University of Arizona using
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acid digestion protocols based on APHA (1992) and Markow et al. (1999). Leaf traits for PSR
were collected as described in Hulshof & Swenson (2010). Leaf traits at CAP were measured in
summer of 2021, following Pérez-Harguindeguy et al. (2013) and are described in Buzzard et al.
(2019) with minor adjustments. In brief, LMA was calculated by dividing the mass (g) of dried
leaves by their corresponding fresh leaf area (cm2). Leaf area was determined using a scanner
(Cannon LIDE 400) and ImageJ processing software. Wood density was calculated by dividing
the dry mass (g) of a branch segment by its volume(cm3). Volume was measured using the water
displacement method. For leaf N content, leaf samples were ground using Spex SamplePrep
8000M grinding machine, weighed, and packed into tins, and shipped to the University of British
Columbia Stable Isotope Facility for processing. CAP P samples were sent to Agvise
Laboratories for acid digestion (Havlin & Soltanpour 1980; Jones & Case 2018).
Multiple leaf samples per individual plant were averaged so that each one had only one
trait value per variable. Community weighted means for each trait were computed at the site
level using the traitstrap package in R (Maitner et al. 2021).

Scaling of mortality rates with stem diameter, temperature, and plant functional traits
All mortality rates were calculated using Eq. (7) for both DGH and DBH measured
stems. Every stem present in each starting census were treated as one group which was followed
through subsequent censuses, for example mortality rates were calculated between census 1 and
census 2, census 2 and census 3, etc. Thus, I was able to consider all individuals present at a
given time point and examine how many died over various census intervals. New recruits were
added to the group with each new census and tracked along with the original stems. To
determine specific mortality rates for stem size classes using Eq. (7), it was necessary to first bin
the data by DBH. This allows for a measurement of the number of stems of a given size at each
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census, thus allowing for calculation of a size-dependent rate. The bin size with the most reliable
estimate of size scaling exponents was found to be one centimeter, thus bins of 1-2, 2-3, 3-4, etc.
centimeters were used. I examined how varying bin sizes affected estimated scaling exponents
(Fig. S1) and determined that increasing bin size generally resulted in greater variation in these
exponents, with larger bin sizes having substantially higher confidence intervals. DGH
measurements were binned together and defined as 0.5 centimeters as their DBH was less than 1
centimeter. Bins with fewer than five individuals were removed (meaning the bin was excluded
from the analysis) to reduce outlier mortality rates; this particularly affects the larger size classes
which had fewer stems and so were much more sensitive to single individuals dying. Mortality
rates were calculated between each census, then averaged across the censuses to express a sitespecific value. Bivariate regressions were completed on log-transformed data using model II
reduced major axis (RMA) models using R package lmodel2 to estimate the scaling exponents
for diameter at each site. This regression method is better for determining scaling exponents as it
minimizes residual variation in both the x- and y-dimensions. However, for the bivariate
analyses of stem diameter at each individual site, standard major axis (SMA) was used instead,
following the recommendations of Legendre (Model II Regression User’s Guide, R Edition). In
general, SMA is less sensitive to outliers than RMA, and despite the minimum sample size in
each bin there were outliers among mortality rates. In this case the estimated scaling exponents
between RMA and SMA were quite similar, but RMA in some instances produced a
substantially wider 95% confidence interval than SMA, thus SMA was chosen as it better
accounted for outliers and thus provided a more precise estimate of variation among these
exponents.
To assess size-dependent variation in traits, trait values were calculated for different size
classes by calculating the abundance and trait distribution in each size bin. Because I was testing
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hypotheses for specific trait scaling exponents, bivariate RMA models were again used for LMA,
wood density, and leaf P:N content versus mortality rates, as well as for examining trait variation
by temperature and stem diameter. Finally, I used a multiple regression with stem diameter,
temperature, wood density, leaf mass per area, and P:N ratio as covariates to examine how each
variable influenced mortality rates after controlling for covariation between size, temperature and
traits (Eq. 4). This regression method allowed for a more robust overall test of the hypotheses as
it tested each variable while holding the others constant, which better accounted for covariation
between the components of the extended model.
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Results
Size was a significant predictor of plant mortality rates. Seven out of nine sites had
diameter-scaling exponents that were statistically indistinguishable from the value of -2/3
hypothesized by MST (Fig. 2). The average estimated scaling exponent across all sites was -0.59
(95% confidence interval (CI) = -0.80 to -0.40, p = 2.98 x 10-8, r2 = 0.18), which again is
statistically indistinguishable from the MST hypothesis of -2/3. Two sites, BCI and PSR, had
estimated scaling exponents that were significantly different than the hypothesis, though the
direction and order of magnitude of both estimates still agreed with the MST hypothesis.
To determine if the stem diameter growth normalization constant is affected by
temperature and traits as hypothesized by Eq. (2) and Eq (3), this constant was compared to
temperature and plant traits, respectively (Fig. S4). Fitted normalization constants varied
significantly with MAT (p = 3.67 x 10-8, r2 = 0.16), wood density (p = 1.14 x 10-6, r2 = 0.12), and
P:N (p = 1.77 x 10-14, r2 = 0.31) but not LMA (p = 0.14, r2 = 0.01).
Mortality rates scaled with temperature across sites (Fig. 3). The estimated activation
energy E of mortality was 0.61 eV (95% CI = 0.39 to 0.84, p = 2.32 x 10-7, r2 = 0.16). Therefore,
as temperature increases mortality rates increase exponentially, and the activation energy for
mortality was statistically indistinguishable from the hypothesized value of 0.58 eV.
Mortality rates only scaled significantly with LMA. The estimated scaling exponent of
wood density was 3.79 (95% CI = -0.27 to 8.57, p = 0.08, r2 = 0.02), for LMA the estimated
scaling exponent was -0.78 (95% CI = -1.25 to -0.37, p = 4.6 x 10-4, r2 = 0.08), and for P:N the
estimated scaling exponent was -1.09 (95% CI = -3.83 to 0.64, p = 0.23, r2 = 0.01) (Fig. 4). Thus,
only LMA had any appreciable effect on mortality rates of the three traits that were tested. Traits
also varied with temperature and stem diameter. Wood density had a positive relationship with
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a

p = 0.01, r2 = 0.41

p = 2.9 x 10-4, r2 = 0.71

p = 1.4 x 10-3, r2 = 0.41

p = 6.2 x 10-4, r2 = 0.51

p = 0.16, r2 = 0.07

p = 2.8 x 10-4, r2 = 0.60

p = 0.08, r2 = 0.23

p = 0.32, r2 = 0.46

p = 0.25, r2 = 0.06

Figure 2: (a) Plots of size and mortality rates for each site in the FMS network. Each point is an average across all censuses
(from 2 to 8 per site) for each size class, and error bars represent the 95% confidence interval. For sites with a significant
relationship (p < 0.05) between DBH and mortality, the regression line and associated 95% confidence interval are plotted. (b)
Diameter-scaling exponents of mortality rates for nine FMS sites arrayed across global climate gradients. Scaling exponents
were estimated from Model II Standardized Major Axis regression of mortality against stem diameter. Points represent
annual means calculated across available censuses for each site (from 2 to 8 censuses depending on site) and error bars
represent 95% confidence intervals. The dotted black line indicates a diameter-scaling exponent of -2/3 hypothesized by MST.
The average estimated scaling exponent across all sites was -0.59 (CI = -0.80 to -0.40, p = 2.98 x 10-8, r2 = 0.18). Colors
correspond to mean annual temperature, with warmer sites in red and colder sites in blue.
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p = 2.32 x 10-7, r2 = 0.16

Figure 3: Plot of mean growing season air temperature against mortality rates at each site.
Each point represents a size class, with bins of one centimeter. k is the Boltzmann constant
(8.617 x 10-5 eV K-1) and T is temperature in K. Colors correspond to mean annual
temperature, with warmer sites in red and colder sites in blue.
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p = 0.08, r2 = 0.02

p = 4.6 x 10-4, r2 = 0.08

p = 0.23, r2 = 0.01

Figure 4: Plots of various plant traits against mortality rates (a) wood density (g cm-3); (b) leaf mass per area (g cm-2); (c)
and leaf P:N ratio. Colors correspond to mean annual temperature, with warmer sites in red and colder sites in blue. For
sites with a significant relationship (p < 0.05) between a given trait and mortality, the regression line and associated 95%
confidence interval are plotted.

30

MAT (p = 4.5 x 10-12, r2 = 0.23), while LMA (p = 3.97 x 10-7, r2 = 0.13) and P:N (p =3.37
x 10-13, r2 = 0.29) had a negative relationship with MAT. So, all traits varied significantly
with temperature. However, for the most part they did not vary significantly with size.
Wood density had a marginally significant negative relationship with stem diameter (p =
0.01, r2 = 0.04), while LMA (p = 0.84, r2 = 0.00) and leaf P:N (p = 0.05, r2 = 0.02) did not
vary significantly with stem diameter.
The multivariate regression accounted for covariation among the covariates of the
model and improved the estimates of scaling exponents for the three trait variables (Table
1, Fig. 5). Size was still the most important driver of mortality, though the effect was
somewhat lower compared to the bivariate model, with an estimated scaling exponent of 0.37 (95% CI = -0.49 to -0.25, p = 9.35 x 10-9, partial r2 = 0.17). Temperature was the
next most important driver of mortality rates and did not vary from the bivariate model,
with an activation energy E of 0.65 eV (95% CI = 0.42 to 0.88, p = 1.23 x 10-7, partial r2
= 0.14). The relationships for traits changed the most from bivariate regressions to the
multivariate analyses, with both wood density and P:N reversing their trend to become
more in line with the hypothesized mortality scaling exponents from MST. Wood density
had a significant negative relationship with mortality, with an estimated scaling exponent
of -2.56 (95% CI = -4.64 to -0.48, p = 0.02, partial r2 = 0.03); LMA also had a negative
but slightly weaker relationship, with an estimated scaling exponent of -0.35 (95% CI = 0.62 to -0.08, p = 0.01, partial r2 = 0.03); and P:N had a positive relationship with an
estimated scaling exponent of 0.60 (CI 0.09 to 1.12, p = 0.02, partial r2 = 0.02). Thus,
after accounting for covariation among the components of my unified model, three of
them were not significantly different than the hypothesized scaling exponents from my
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Table 1: Hypothesized and fitted scaling exponents as estimated by RMA bivariate regression, multiple regression. Includes
95% confidence intervals (CI), P-values, and partial r2. Fitted exponents that are not significantly different than hypothesized
are shown in bold.
Parameter

Hypothesized

d
E
!!
LMA
P:N

-0.67
0.58
-0.75
-1
1

d
E
!!
LMA
P:N

-0.67
0.58
-0.75
-1
1

Fitted
95% CI
Bivariate regression:
-0.59
-0.80 to -0.40
0.61
0.39 to 0.84
3.79
-0.27 to 8.57
-0.78
-1.25 to -0.37
-1.09
-3.83 to 0.64
Multiple regression
-0.37
-0.49 to -0.25
0.65
0.42 to 0.88
-2.56
-4.64 to -0.48
-0.35
-0.62 to -0.08
0.60
0.09 to 1.12

p-value

r2

2.98 x 10-8
2.32 x 10-7
0.08
4.61 x 10-4
0.23

0.18
0.16
0.02
0.08
0.01

9.35 x 10-9
1.23 x 10-7
0.02
0.01
0.02

0.17
0.14
0.03
0.03
0.02
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p = 9.4 x 10-9, partial r2 = 0.17

p = 1.2 x 10-7, partial r2 = 0.14

p = 0.02, partial r2 = 0.03

p = 0.02, partial r2 = 0.02

p = 0.01, partial r2 = 0.03

Figure 5: Partial regression plots showing the relationships between mortality rate and the five drivers of mortality formalized in
Eq. (3). (a) adjusted size (cm); (b) adjusted mean growing season temperature (eV-1); (c) wood density (g cm-3); (d) leaf mass per area
(g cm-2); and (e) leaf P:N ratio. Colors correspond to mean annual temperature, with warmer sites in red and colder sites in blue.
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extended theory, and all generally trended in the expected direction.
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Conclusion
The objectives of this thesis were twofold: 1) extend MST to formalize hypotheses for the
effects of size, temperature, and traits on mortality rates within a common mathematical
framework, and 2) empirically test these hypotheses using data from nine forest sites spanning a
broad latitudinal climate gradient. I synthesized insights from MST and ecological stoichiometry
theory to develop new theory that formalizes major hypotheses for global variation in mortality
rates. I tested these hypotheses by fitting the theory to data for plant mortality rates, plant size,
temperature, and plant traits at nine forest sites. In general, I found broad agreement with the
theory. Mortality rates scaled inversely with stem diameter as hypothesized. They also scaled
with temperature, with an estimated activation energy that supported recent findings for
photosynthesis-based processes. Functional traits did influence of mortality, though less than size
or temperature, which supports the theory that traits shift across climates to maximize growth.
Additionally, size, temperature, and functional traits do covary with each other and a model that
controls for this covariation provides the best test of the extended theory and associated
hypotheses.
Most sites (seven out of nine) had estimated diameter-scaling exponents that were not
significantly different than the hypothesized -2/3 for the relationship between diameter and
mortality. However, the two sites that don’t match this hypothesis are still in the correct direction
and of the same order of magnitude, meaning that as stem diameters increase, mortality rates
decrease. These sites are both tropical, and it has been previously been suggested that tropical
forests may deviate from MST predictions due to light limitation in complex tropical canopies
that are not currently accounted for in MST (Muller-Landau et al. 2006). These sites have the
most complex canopies, so they could have the most unequal distribution of resources compared
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to other sites. Such limitations would violate an assumption on which these MST hypotheses are
based, namely that all individuals have equal access to a constant resource supply rate (West et
al. 2009). Other potential causes for deviation from the hypothesized scaling exponent are
exogenous events such as hurricane, drought, selective herbivory, or fire (Muller-Landau et al.
2006). Interestingly, BCI experienced a severe drought in 2015 and PSR was impacted by a
hurricane in 2017, just before the site was established. So, there are some potential mortality
events that could have influenced forest dynamics at those sites, which may have resulted in a
violation of the assumptions of MST. However, it is important to note that even the sites that
differ significantly from the hypothesized scaling exponent still exhibit a negative relationship
between size and mortality. Despite all the variation in structure, density of individuals, total
stems, and climate across these sites, there is a remarkably constant scaling of diameter.
Therefore, these results are consistent with the MST hypothesis, suggesting there is a
fundamental rule regarding the way forests are structured. The size-dependent patterns of
mortality are similar from tropical to temperature to subalpine sites, thus forest dynamics across
this large scale appear to be operating in the same ways.
The estimated activation energy of mortality was estimated as E = 0.61 eV (95% CI =
0.39 to 0.84), which excludes the earlier hypothesized value of 0.32 eV (Allen et al. 2005) but is
consistent with a more recent value of E = 0.58 eV for photosynthesis Prior & Bowman 2014;
Michaletz 2018; Hamilton et al. 2020, Michaletz et al. in prep (Michaletz et al. in prep). As
expected, warmer sites have higher rates of mortality and colder sites have lower rates, with
some minor variation among the sites. This conforms to the MST hypothesis, as higher
temperatures cause faster metabolic reactions and thus higher growth (and mortality) rates
(Gillooly et al. 2001; Brown et al. 2004). Mortality is a function of growth and therefore
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temperature, so it follows that it would share a similar activation energy as other processes based
on photosynthesis. The activation energy I find for mortality rates is remarkably in line with
recent studies for this process, as well as others like NPP and growth (Allen et al. 2005, Prior &
Bowman 2014; Michaletz 2018; Hamilton et al. 2020, Michaletz et al. in prep).
Traits had the smallest effect on mortality rates of the hypothesized drivers. The
estimated scaling exponents for each trait were generally significantly different than their
corresponding MST hypothesis in bivariate analyses. Wood density had an estimated scaling
exponent that was opposite the hypothesis of -3/4, having a positive relationship with mortality.
This contradicts both the theory and previous results (Enquist et al. 2007; Kraft et al. 2010).
However, at least one study has noted lower wood densities among canopy (larger) species than
understory (smaller) species in an old-growth forest (Schmitt et al. 2021). It is then possible that
this relationship between size and wood density could affect that between mortality and wood
density. Nonetheless, this pattern I observe among a diverse sample of forests on a global scale is
far from expected, which merits further investigation. LMA was closer to its expected scaling
exponent of -1, though the relationship was generally shallower than hypothesized, varied
depending on the model used, and differed significantly from the theory. However, the results
were in line with the hypothesis that mortality rates decrease as leaf mass per area decreases.
This is likely due to plants on the ‘slower’ end of the ’fast-slow’ plant economic spectrum
investing in longer lasting leaf infrastructure that has higher probability of survival and thus
lower mortality rates (Wright et al. 2004; Alvarez-Clare & Kitajima 2007; Poorter et al. 2009,
Reich 2014). This spectrum is thus reflected in differences in growth rates, which MST
hypothesizes are linked to mortality rates (Enquist et al. 2009). P:N was not significant and had
no relationship with mortality. This ratio, like other traits, is linked to the leaf economic
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spectrum, with high P:N ratios indicating high nutrient availability (with high rates of turnover)
and low P:N ratios showing low nutrient availability (with low rates of turnover) (Buzzard et al.
2019). Yet across the FMS sites I see no change in P:N ratio despite large differences in climate
and plant community composition.
Plant functional traits shift across climate gradients to maximize growth and productivity,
which might explain the relatively limited effect of traits on mortality that I observed (Enquist et
al. 2007, 2017). This has been shown to result in a relative invariance of growth and production
across climates, so the combination of these traits being relatively invariant with mortality is
consistent with that theory. Here it is also important to note that there are other key traits from
the extended theory in Eq. (4), including carbon use efficiency, photosynthetic nutrient use
efficiency, and the fraction of leaf mass to total plant biomass [see Eq. (25) and Eq. (32)], for
which I did not have adequate data and thus repacked back into the growth normalization
constant. Analyzing these traits as well could better explain how plant mortality rates vary with
traits. My study is just a preliminary exploration of this expanded theory and further testing is
needed.
Controlling for the covariation between the covariates of the extended theory provided
estimates of scaling exponents that were closer to their hypothesized values than those of the
bivariate regressions. This suggests that there is some covariation among these variables, which
is confirmed by analyzing them against each other (Fig. S5, S6). Stem diameter is the best
predictor of mortality, though its signal is slightly lower in the multivariate model. Here
temperature remains a strong predictor of mortality as well, with an estimated activation energy
still higher than hypothesized by earlier theory (Allen et al. 2005) and statistically
indistinguishable from more recent estimates (Michaletz et al. in prep). In the multivariate model
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functional traits are significant but still explain much less variation in mortality rates than size or
temperature. Estimated trait scaling exponents do mostly match the hypothesized relationships in
the expanded theory, but none of them explain much of the variation in mortality rates. As
mentioned previously, this could be due to traits shifting across climates to maximize growth,
though the analysis could be improved by including other traits from the original theory which
are also expected to impact mortality (Enquist et al. 2007, 2017).
In conclusion, I found that stem diameter is a key predictor of plant mortality rates as
hypothesized by MST. However, by extending the theory I found that another critical driver of
growth, temperature, also has a strong influence on mortality and supports estimates for the
activation energy for photosynthesis-based processes (Michaletz et al. in prep). Plant functional
traits also influenced mortality, though less than size and temperature, perhaps due to trait
communities shifting across latitudes to maximize growth or because of missing trait variables in
the model (Enquist et al. 2007, 2017). Ideal next steps will be to obtain data on these trait
variables and to further test this theory with more census and trait data. Expanding the network
to include sites outside of North America would also further support the ‘global’ reach of this
study. However, the results here show that plant mortality rates conform to fundamental
constraints which govern how plants fill space and take up resources in a given environment.
They provide support for MST hypotheses and for extensions of the theory, which has major
implications for our understanding of forest dynamics on a global scale. A general model which
can better explain variation in plant mortality rates is critical for modelling terrestrial-atmosphere
interactions, as well as informing conservation of biodiversity and ecosystem services in a
changing world.
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Appendices
Supplementary Materials

Figure S1. Relationship between diameter-scaling exponents θd and bin size used for stem
size classes. Diameter-scaling exponents were estimated using SMA regression of mortality
rate versus stem diameter. This was repeated for bin sizes from one to ten centimeters to
determine the sensitivity of scaling exponent estimates to bin size. Colors correspond to
mean annual temperature, with warmer sites in red and colder sites in blue. The dashed
line is the expected -2/3 scaling exponent from MST. Note that there was only enough data
for CAP in the 1cm size bin, for other bins it was not statistically possible to obtain an
estimate of diameter scaling exponent at that site so it is omitted from larger size bins.
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Figure S2. Number of dead stems over time (months) at each site, following the original
cohort in the first census. Colors correspond to mean annual temperature, with warmer
sites in red and colder sites in blue.
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p = 0.03, partial r2 = 0.53

Figure S3. Plant mortality rates across a global temperature gradient. Mean ± SEM
mortality rates versus mean growing season temperature. Means were calculated across all
available censuses for each site (from 2 to 8 censuses per site). Fitted activation energy E
was 0.57 eV (95% CI = 0.17 to -1.29). Colors correspond to mean annual temperature, with
warmer sites in red and colder sites in blue.
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p = 1.1 x 10-6, r2 = 0.12

Fitted elevation

p = 3.7 x 10-8, r2 = 0.16

p = 1.8 x 10-14, r2 = 0.31

Fitted elevation

p = 0.14, r2 = 0.01

Figure S4. Plots of temperature and traits against the estimated elevation (mean y-value
from model II SMA regression) from the fitted slopes of each mortality versus diameter
regression. This value represents the normalization constant for the model including (a)
temperature in the form of a Boltzmann-Arrhenius function where k is the Boltzmann
constant (8.617 X 10-5 eV K-1) and T is temperature in ˚K; (b) wood density (g cm-3); (c) leaf
mass per area (g cm-2), and (d) P:N ratio. Colors correspond to mean annual temperature,
with warmer sites in red and colder sites in blue. For sites with a significant relationship (p
< 0.05) between a given trait and mortality, the regression line and associated 95%
confidence interval are plotted.
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p = 4.5 x 10-12, r2 = 0.23

p = 4.0 x 10-7, r2 = 0.13

p = 3.4 x 10-13, r2 = 0.29

Figure S5. Plots of mean annual temperature against various plant traits. (a) wood density (g cm-3); (b) leaf mass per area (g
cm-2); and (c) leaf P:N ratio. Colors correspond to mean annual temperature, with warmer sites in red and colder sites in blue.
For sites with a significant relationship (p < 0.05) between a given trait and mortality, the regression line and associated 95%
confidence interval are plotted.
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Figure S6. Plots of DBH (cm) against various plant traits. (a) wood density (g cm-3); (b) leaf mass per area (g cm-2); and (c) leaf
P:N ratio. Colors correspond to mean annual temperature, with warmer sites in red and colder sites in blue.
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