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Abstract

Aim: Dynamic range models are proposed to investigate species distributions and to
project range shifts under climate change. They are based upon the Hutchinsonian
niche theory, specifying that the occurrence of a species in an environmental space
should be limited to positions where the intrinsic growth rate is positive. Evaluating
population growth rate is, however, difficult for physiologically structured popula-
tions, such as forest stands, owing to size-induced individual variation in performance.
Therefore, we still have a limited understanding of which aspect of tree demography
contributes the most to their geographical range limit. We develop an index of demo-
graphic performance for size-structured populations and study its variation across
a climatic gradient. We then investigate the relationship between the demographic
performance index and species distribution.

Location: North America (57-124° W, 26-52° N).

Time period: 1963-2010.

Major taxa studied: Fourteen tree species.

Methods: We represent forest dynamics with a size-structured population model
and neighbourhood competition with the perfect plasticity approximation. We then
derive the lifetime reproduction per individual, Ry, in the absence of density depend-
ence. Using forest inventory data, we assess how tree demography for each species
varies with climate. We test the model by comparing Ry and the probability of occur-
rence within species ranges.

Results: We find that both growth and mortality rates vary across species distribu-
tions, but climate explains little of the observed variation. Individual size and neigh-
bourhood competition are the primary explanatory variables of tree demography.
Finally, we find that R, relates weakly to the probability of occurrence, with no sys-
tematic decline in population growth rates towards the range limits.

Main conclusions: Spatial and size-induced variation in tree growth and mortality do
not explain range limits and are insufficient to enable an understanding of tree dy-
namics. We propose that phenomena perceived mostly at the metapopulation scale

should also be considered.
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1 | INTRODUCTION

A common, but rarely tested, assumption in ecology is that a species is
more likely to be found in a location where it performs the best. Indeed,
the probability of occurrence across a species range should be cor-
related positively with its per capita intrinsic growth rate (McGill, 2012).
Hutchinsonian niche theory (Hutchinson, 1957; Maguire, 1973) posits
that species are limited to locations where environmental conditions
(i.e., properties external to the organism) allow a population to persist.
This hypothesis is at the core of species distribution models and can be
used to identify climatic variables constraining species ranges, whilst
their projection into the future can forecast potential range shifts.

The most concise formulation of this niche theory relates popula-
tion growth rate, r, to the species niche: the hypervolume formed by
the environmental factors space is the set, such that r > 0 (Holt, 2009;
Godsoe et al., 2017). Formally, letr; (E, R) be the growth rate of a focal
species, i, when rare, viz. the intrinsic growth rate for a given environ-
ment, E, and quantity of resources, R. The equation r; (E, R) >0 speci-
fies that the fundamental niche corresponds to locations where E and
R allow positive growth. An equivalent representation is the lifetime
number of recruits per individual, which is traditionally denoted by Ry;
(de Roos, 1997; Pulliam, 2000), where i is still the species index. A sus-
tainable population requires that Ry; (E, R)> 1, whereby an individual
must at least replace itself over its life span. This definition of niche
allows species i to influence the rates of other species within the com-
munity, while responding to feedbacks on its own demographic rates.
Hereafter, we drop index i, but it is important to remember thatR; is a
species-specific rate related to species i.

Difficulties in testing niche theory are rooted, in part, in the
challenge of measuring population growth rates (McGill, 2012),
especially for physiologically structured populations (Diekmann
et al., 1990). For instance, the age or size of an individual influ-
ences its reproduction success, feeding behaviour and probability
of death. When combined with density dependences and environ-
mental influences, these age and size structures might blur the re-
lationship between the occurrence of a species and its variations in
Ry along an environmental gradient. Nevertheless, individual-based
structured-population models can bring insight to addressing the
complexity of population dynamics. Such models, however, are de-
manding in terms of their parameterisation, and they are difficult to
analyse. Good examples are forest trees, which can be modelled by
spatially explicit simulators that account for single-tree development
and the availability of light to an individual (e.g., Pacala et al.., 1993).
These forest simulators focus upon the individual level, which is
the scale relevant for studying competition and climate responses.
Nonetheless, interesting questions typically relating to biogeogra-
phy (including tree species distributions) lie at the population level,

that is to say, with R,.

The relationship between tree species ranges and population
growth has recently come under scrutiny, both in Europe (Thuiller
et al,, 2014) and in north-eastern North America (McGill, 2012).
Little correspondence has been found between r and tree species
distributions owing to uncertainty that is associated with demo-
graphic parameters (Thuiller et al., 2014). Even negative correla-
tions were found, which challenges the common assumption that a
species is most abundant in its optimal environment (McGill, 2012).
The inclusive niche was proposed as an alternative explanation to
these negative correlations. Here, weak competitors have their fun-
damental niche reduced to a smaller realised space, in a trade-off
between competitive ability and environmental tolerance (Serrano
et al,, 2015). Therefore, weak competitors can be more abundant in
suboptimal environments.

Dynamic range models (DRMs) have been developed recently to
get closer to individual demographic rates, while scaling up to the
population level (Pagel & Schurr, 2012). Dynamic range models are
hierarchical statistical models that relate species abundances to en-
vironmental data using two latent variables: population growth rate
(r) and dispersal. These models can also track uncertainties in the
data that arise at the demographic level, biogeographical level and
observer level.

Currently, no standard method exists that would derive a single
performance index from demographic rates (Purves, 2009). Thus, all
studies linking species distributions to individual performance lie in
the midst of “uncharted territory”. Indeed, McGill (2012), Pagel and
Schurr (2012) and Thuiller et al. (2014) have explored very different
ways of linking distributions to population performance. Yet, they
have all agreed that combining the three vital rates, namely, indi-
vidual growth, mortality and fecundity, into r is difficult and that r
itself cannot be derived easily from censuses. Building upon these
papers, we derive r from a forest dynamics model that uses the three
vital rates. In this paper, we focus exclusively on radial growth and
mortality and make them life-stage dependent, which is of primary
importance in propagating uncertainties up to r (Clark, 2003; X in
his article).

Our main objective in this study is to investigate whether the
distribution of North American tree species is driven by the ef-
fect of climate and light competition on individual demography.
The abundant-centre hypothesis postulates that demographic
performance should decline towards range margins (Sagarin &
Gaines, 2002). We therefore investigate two predictions: (i) that
per capita growth rate should vary with climate; and, as a result, (ii)
that per capita growth rate should decline at range margins where
occurrence probabilities tend to zero. We represent forest stand
dynamics by relating tree demography to evolving cohorts, thereby
accounting for neighbourhood competition and ontogenetic varia-

tion in demography. This model relies on McKendrick-von Foerster
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equations that link demography to cohort dynamics and is coupled
with the perfect plasticity approximation (PPA) to describe neigh-
bourhood competition (Strigul et al., 2008). We derive a formula
from the McKendrick-von Foerster equations to combine indi-
vidual tree growth, mortality and fecundity rates into Ry, which
is the per capita growth rate. We then evaluate how components
of tree demography (individual growth and mortality) respond to
climate, individual size and competition. We expect an optimal cli-
mate for each species within the middle of its range, with better
performance in light than shaded conditions. Thereafter, we test
whether Ry is positively correlated with the probability of occur-
rence and whether it declines towards range limits. The analysis is
performed for the 14 most abundant tree species that are native
to eastern North America.

2 | THE MODEL
2.1 | Model structure

We model forest dynamics using a physiologically structured popu-
lation model (PSPM), which we have made spatially explicit, based on
the study by Strigul et al. (2008). A physiologically structured model
distinguishes individuals that are at different stages of development.
We first provide general definitions that are related to PSPMs and
then describe our own. PSPMs are based upon individual states
(hereafter, i-states). The i-states are collections of variables exhibit-
ing the following two properties (de Roos, 1997, for an overview of
PSPMs):

1. The i-states completely determine the growth rate, death rate
and birth rate of individuals at any given time (possibly together
with the present environmental state), and its influence on the
environment.

2. Future values of i-states are completely determined by their pre-
sent values, together with the intervening environmental history
as encountered by the individual of concern.

The environment is accounted for by the environmental state
(hereafter, e-state). Formally, an e-state is a collection of biotic and
abiotic factors that characterise the environment in which an indi-
vidual lives and that affect individual performance. In this paper, we
consider two kinds of e-states: (i) feedback loops, which both influ-
ence and are influenced by individuals of all species; and (ii) external
forcing factors, which are imposed on the population. By definition,
the former requires a dynamic description. We ignore random varia-
tion among individuals that are in the same i-state and which experi-
ence the same e-state. The model subsequently represents cohorts
rather than individual trees.

Cohort dynamics of species j and diameter s and that are located
in x are modelled by a spatially explicit version of the von Foerster-
perfect plasticity approximation model (Strigul et al., 2008; hereaf-

ter, von Foerster-PPA):
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where N; is the number of trees of species j per unit size per unit
space (it is a density, and only [[ Ndsdx can be considered as a number
of individuals); G is the growth rate of individuals, p is the mortality
rate, and F is the effective fecundity function (for a list of notations,
definitions and units for each variable and parameter, see Table 1).
Although we developed the model with a dispersal kernel, we decided
to use a §-Dirac distribution in this paper to maintain model tractabil-
ity. Therefore, dispersion is localised to patch x and does not appear
in Equation (2). The three demographic rates are affected by a size
threshold, S*, which is a feedback loop that is defined formally below.
External factors (at a location x) influence only G and p. Equation (1)
describes cohort demography, whereas Equation (2) describes recruit-
ment. Together, Equations (1) and (2) represent the structured-pop-
ulation dynamics of trees. We use tree diameter at breast height
(d.b.h.) as a single i-state, and we use allometric functions from Purves
et al. (2007) to compute tree height and crown diameter.

Recent studies have extended the von Foerster-PPA model to
include either nitrogen or water competition (Dybzinski et al., 2011;
Farrior et al., 2013). Although plants are likely to experience co-lim-
itation of resources (e.g., light, moisture, nitrogen) both intra-annually
and across their life spans, leaf and root growth rates can be dom-
inated by limitation of one particular resource at any given point in
time. Yet, the identity of the limiting resource is dynamic and will shift
throughout the growing season and throughout the development of
an individual plant within a forest stand (Farrior et al., 2013). Thus,
modelling water and nutrient dynamics remains a challenge, as would
be the case for parameterisation of demographic rates. We limit the
feedback loop solely to competition for light, which is the major driver
of forest dynamics in north-eastern North American forests, especially
for saplings (Kobe, 2006; Pacala et al., 1996; Purves et al., 2007). To
compensate for the lack of moisture competition, we base the e-states
on precipitation variables and temperature, which affects metabolic
rates (Brown et al., 2004) and, therefore, water demand. Nutrients
are not explicitly considered as e-states, but their effects upon radial
growth and mortality are captured, in part, by random effects.

Competition for light is represented by a critical height that par-
titions the forest into the understorey and the overstorey (Figure 1).
The vertical position of trees determines growth and mortality
thereafter. The equation describing the feedback loop between co-

hort dynamics and light availability is:

J,00 N; (s, %, t) (535" (%, t)) ds @)

where o/ denotes the cross-sectional area of the crown of an in-

dividual of size s (Figure 1). Equation (3) defines a size threshold, s*,
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TABLE 1 Notations used in this paper (sorted alphabetically using roman equivalents of the greek letters)

Symbol Definition Unit
o Area of the cross-section of the crown a
Agepmax Maximum age from Burns (1990a, 1990b) T
dbhj,ax Maximum dbh from Burns (1990a, 1990b) 4

F Number of seeds per tree's crown area per time a- 11!
F Effective fecundity function, i.e., number of germinating seeds T1
Fpurves Effective fecundity function (Purves et al., 2008) T1
G Growth of individuals T
u Mortality rate, u=—log (1—p), where p is the annual probability of mortality 7!
N “Density” of trees ¢ lgt
7 Vector field of pg Oy, 0y
Q Landscape or expert map, Q C R? a

@ Ratio of AAIC, for models with VIF <20 =

Ry Net population growth rate -

Po Net population growth rate using Fp,yes and s¥ =

Do Standardised p, -

s Size of individuals (either d.b.h. or height) I3

s* Size threshold that separates the forest into two strata 4

s Constant size threshold, value set to O m or 10 m for the maps 4
Shax Maximal d.b.h. that a tree would have at location x without competition ¢

S5 Integral's upper bound in p, formula 3

t Time T

X Space variable, xe Q -

Note: T stands for time unit, ¢ is individual tree length unit, and a is the spatial unit which is a length if the forest is one-dimensional, and an area, if it
is a two-dimensional forest.

Height

O B2 7 0%
Light Plot area Light
(Beer’s law) (s%)

FIGURE 1 Traditionally, light availability is assumed to decrease progressively from the top of the canopy to the forest floor, obeying
Beer’s law (left arrow). Here, we assume that there is a threshold, s*, that partitions the forest into two strata, thereby defining two light
levels (right arrow): L, and L, for understorey and overstorey light, respectively. Therefore, light is a stepwise function of canopy height. The
threshold, s* is the maximum height at which the canopy is closed; at this particular height, the sum of all the cross-sections equals the plot
area. & (s, 6) is the crown cross-sectional area at height o for an individual of height s

which differentiates the behaviour of individuals that are above s* with a height below s* are fully shaded, whereas trees above s* are in
from those that are below; hence, s*is such that the sum of the area of the overstorey and receive direct sunlight. When the canopy is open,

individual crowns equals the area of the plot being considered. Trees a positive value of s* cannot be attained and therefore s* is set to zero.
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When the size variable is the height of trees, s* is independent of the
species. However, when the d.b.h. is the size variable, s* becomes
species specific (owing to species specificity of the allometric func-
tions relating height to d.b.h.). It is noteworthy that the dynamics of
s* depend upon all species dynamics; therefore, s* includes both intra-
and interspecific competition. Equation (3) is adapted from Strigul
et al. (2008) and therefore obeys the PPA assumption: the canopy is
a collection of small crowns that can be reorganised such that the
area occupied is maximised. Despite this optimisation of sun exposure
being considered theoretical, combining PPA with von Foerster equa-
tions can accurately reproduce forest dynamics at stand scales, within
a relatively homogeneous physical environment (Purves et al., 2008;
Strigul et al., 2008). The set of three equations (Equations 1-3) forms
a tractable PSPM, which allows us to derive Ry analytically.

2.2 | NetreproductionrateR,

Henceforth, the height s* that separates shaded trees from sun-ex-
posed trees is referred to as “competition”. We used the method of
characteristics (Olver, 2014) to calculate the net reproduction rate at a
location, x, within a landscape, Q, as a function of a constant competi-
tion s%. This mathematical technique is used to solve certain partial-
differential equations, as commonly used in transport equations. For
example, Equation (1) describes the advection (bulk motion) of trees
growing at a non-constant speed, G, along the size axis (which is ei-
ther height or diameter). Characteristics allow us to follow individu-
als throughout their life span (i.e., they represent the trajectories of
individuals in the time-size plane; for an example, see Supporting
Information Appendix S1, Figure S1.1). The derivation of R, is detailed
in the Supporting Information (Appendix S1). Three underlying as-
sumptions are made for this calculation: (i) s* is considered fixed and
known at a value s; (i) only trees larger than si can reproduce (Strigul
et al., 2008); and (iii) dispersal is limited to the patch, as stated by
Equation (2). Subsequently, the net reproduction rate in a patch, x, is

consequently:

(s, st [ Flss *u (ot
Ro (x, s7) =exp —J #(55%) ds XJ (s exp —J Mdc ds.
0 G(ssux) ] ) G(sstx) st G (o, 57, %)

(4)

Equation (4) can be divided into two biological processes:

1. exp [ j; ‘(‘;25 2 )ds] is the proportion of individuals that survive
up to the canopy of height s} in plot x, and

2. j: G'EES:?() exp [ jz g((zz ’3 dc] ds is the expected production of
offspring for an individual that is located in x, during its life span.

It has two subterms:

2.1, Gi(:;:?‘) is the number of offspring per unit time for individuals

that grow at speed G, and
5 p(o, 5%, )
2.2. exp [ % G(osin)

that p and G are both positive functions, survivorship is a de-

dc] is the survivorship of trees of size s. Given

creasing function of s.
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From Equation (4), we understand that the reproduction rate, Ry,

can be increased by reducing the competition, s*, by accelerating the

) Se
average understorey growth, G(s<s?), by diminishing the average
mortality rate, p, or by enhancing the fecundity, F. The mathematical
proofs for these three mechanisms are provided in the Supporting
Information (Appendix S1). Equation (4) is a generalisation of the R,
that was derived by Purves but was limited to open canopies and
stepwise demographic functions. We expressed R, for any individual
growth, mortality or overstorey fecundity functions and for any can-
opy height. The same three assertions can be drawn from his study
(Supporting Information Appendix S1); however, contrary to Purves,
we cannot assert that a faster average overstorey growth rate leads
to an increase in Ry (owing to the complexity of the computations).
For the same reason, we cannot calculate the value of s} for a pop-
ulation at equilibrium (i.e., when Ry=1), except when the demo-
graphic rates are easier to compute, as step functions (Purves, 2009,
Supporting Information Appendix S1 for the proof).

The R, represents the number of individuals produced by a spe-
cies when rare and that does not affect a community at equilibrium.
A species can invade a forest stand with a steady canopy height,
si, whenever Ry > 1. It is, by definition, computed on the linearised
problem, which does not consider density dependences (Diekmann
et al., 1990).

2.3 | Data

We parameterised the demographic functions G (individual
growth) and p (mortality) using data that were obtained from per-
manent sample plots of the Forest Inventory and Analysis (FIA,
US Department of Agrigulture Forest Service), the Ministére
des Foréts, de la Faune et des Parcs du Québec, the Ministry of
Natural Resources and Forestry of Ontario, the Ministry of Natural
Resources of New Brunswick, and the forest products com-
pany Domtar (for a map of the data, see Supporting Information
Appendix S2, Figure S2.2). After removal of plots that experienced
fire or logging, there were 7,704,442 individual measurements (106
species distributed among 132,240 plots). A record consists of
the tree identity, the species, the year in which the individual was
measured, the d.b.h., the latitude and longitude of the plot, and
the status of tree (alive or dead). Measurements occurred between
1963 and 2010, and frequencies of measurement range from once
a year to once every 40 years (with 96% of the data between once
every three and once every 15 years). Both radial growth and mor-
tality are highly variable across the distributions of the individuals
(Supporting Information Appendix S2).

Climate data were extracted for each plot using ANUSPLIN soft-
ware (McKenney et al., 2011) based upon the latitudinal and longi-
tudinal coordinates of the permanent plots. Note that for privacy
reasons, the FIA offsets plot locations <1.6 km (Gray et al., 2012),
which might result in mismatches between the real climate of the
plot and the climate that we assigned. We selected 19 climatic vari-

ables (Supporting Information Appendix S2) covering the period
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1958-2010 with a spatial resolution of 60 arc s (c. 2 km?). To account
for climate variability before each tree measurement, we averaged

and Biogeography e

each temperature and precipitation variable over a 5-year period
using a moving average (5 years is the most frequent interval among
measurements that are included in the database, with 38.8% of
observations).

We calculated individual tree height and crown area from al-
lometric functions and parameters that are provided by Purves
et al. (2007). We considered the d.b.h. of all trees, although most
Canadian inventories start with individuals having diameters
>100 mm, whereas USA inventories start at 127 mm (5 inches).
Some trees have been recorded as dead and then alive; we con-
sidered the last living state to be true and ignored “resurrection”
events in estimation of mortality. By definition, growth and mor-
tality rates require at least two measurements from an individual
tree. After calculating the threshold, s* in each plot (for the algo-
rithm, see Supporting Information Appendix S2; and for the R code,
see the Data Availability Statement), trees measured once were
discarded. For the growth analysis, we eliminated dead trees and
individuals that had either a non-positive d.b.h. increment or ra-
dial growth >25 mm/year. We parameterised the model for the 14
most abundant species in north-eastern North America (Supporting
Information Appendix S2), but we considered all 106 species in the
database for the computation of s*. The 14-species dataset that is
used in this paper contains 69,954 plots (75% in the USA and 25%
in Canada), for a total of 3,816,854 individual measurements. Abies
balsamea is the most frequently measured species, with 822,265
individual measurements, whereas Tsuga canadentsis is the least fre-
quently measured, with 66,008 individual measurements. The cli-
matic and geographical ranges of each species can be found in the
Supporting Information (Appendix S2).

2.4 | Parameterisation of demographic
rate functions

We used linear mixed models to parameterise the individual growth
(G) and mortality () rates as a function of climate, canopy status (un-
derstorey, if below s* overstorey, if otherwise) and size (d.b.h.). For
the fecundity, we used the functions and values from the study by
Purves et al. (2008). We tested linear and quadratic functional forms
for the temperature, precipitation and d.b.h. effects, which were all
standardised using normal scores. To obtain an optimal climate in the
quadratic case, it was necessary to have a negative (positive) slope
preceding the squared climate variables for the growth (mortality).
Constraining the parameters would force the optimal climate to
be contained within the data that were used for parameterisation;
therefore, we did not set any constraints. The 19 variables for tem-
perature and precipitation allowed us to try different combinations;
however, we preselected certain climatic assemblages based upon
the interpretability of the models and the literature (Supporting
Information Appendix S3). Each set of species-specific demo-

graphic parameters was estimated separately. We based the model

comparison on information criteria and R? (both marginal and condi-
tional R? were estimated with the package MuMiIn; Barton, 2019). We
ranked the models for each species and selected the model that, on
average, fitted the best according to information criteria. This model
was then imposed on the 14 species. R scripts that were used to for-
mat the data and to estimate demographic parameters are available
on Github (see Data Availability Statement).

241 | Growth

For the individual growth rate, we assumed a lognormal distribution;
thus, log(G) is normally distributed. We normalised the logarithm of
growth as:

_log(G)-E [log (G)]
) [log (G)]

and implemented the following generic model:
| _ pO)
E [WG] “Uienli]
+ (Bj@ + b}z)canopy status) T+ ([3;3) + b}@)canopy status) T2
+ (5;4) +b;4)canopy status) P+ (ﬁ;s) +bj?5)can0py status) P> (5)
+ (B0 -+ DT+ T+ 6P+ b P2 ) d.b.h.
(7) (7,1) (7,2)12 (7,3) (7,4) p2 2
+ (B +B7 P T+b72 T2+ b7P+b7P? ) d.b.h.

+ ﬁ}i)canopy status

where E [YG] is the expected value of the normalised logarithm of
growth, and T and P are the associated explanatory temperature and
precipitation, respectively. Canopy status is Boolean (true for the
canopy trees, and false otherwise). The indices i and j denote the
individual and species, respectively, and (x,t) [l] index denotes the
group effects (plot x and year t of the ith individual). Random effects
(with a maximum of three effects: spatial, temporal and plot-specific

temporal, respectively) are normally distributed as:

ﬁ}O,X): (0, 6)g(rowth)

(O). growth
B (0, oF )

(Oxt), growth
B (0, 65"

Mixed models allow us to group individuals by plots and the
years of the second measurement, allowing us to consider spatial
and temporal structures. The plot effect incorporates variation
that is driven by local factors, such as soil conditions and distur-
bance history, whereas the year (within plot identity) represents
temporal variation that is not included in climate. The values of §
are the regression coefficients, and the values of b correspond to
different variable interactions. Climate interacts with the crowding
effect (canopy status) to account for climate response variation to

the neighbourhood of the individual. Lastly, as bigger trees might be
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favoured or disadvantaged by climate, d.b.h. interacts with climatic
variables T and P.

We used the package Ime4 (Bates et al., 2015) to estimate
the parameters (values of f and b). We tested sub-models of
Equation (5) to evaluate the effects of competition and climate on
G. We used a top-down strategy to select first the random effect
structure and, second, the fixed structure. We compared models
with the corrected Akaike information criterion (AIC,), but retained
models with a maximum variance inflation factor (VIF) that was
<20 to avoid correlations between variables (Zuur et al., 2010).
We chose a VIF of 20 because of one model for growth that has
reasonable maximum VIFs (<6) for 11 species, and three species
where VIF>6, with 19 as a maximum for Fagus grandifolia. We
judged that a VIF of >20 implies too much collinearity (F. Guillaume
Blanchet, personal communication, December 2018). We denote
AAIC, as the difference between a model i and the model having
the smallest AIC:

AAIC, =AICY —AIC™™

The best model has the lowest AIC. or, equivalently, AAIC,=0.
Calculation of AAIC, was unconstrained with respect to the best
model; yet, owing to the VIF constraint, the selected model is not
the model with AAIC, =0. We exclusively used models satisfying the
constraint VIF < 20, from which we computed the common logarithm
of the ratio between the AAIC_ of each model and the minimum
AAIC:

AAIC,
? =lo810 [min (AAICC)] ©

This ratio represents, within the subset of models satisfying
the constraint VIF < 20, how many times (to a power of 10) the best
model compares to the other models. The common logarithm pro-
vides a convenient scale for comparing the models. The best con-

strained model has ¢ =log;, (1)=0.

2.4.2 | Mortality

For the mortality rate, the response variable, Y, is a Boolean describ-
ing the transition state between two records (true, if there is a tran-
sition from alive to dead; false, if the individual remains alive). The
observation of a mortality event depends on the survey interval, At
(Lines et al., 2010). To survive from t, to t; =t,+ At, an individual, i,

must survive each year, according to:
P [survival i: ty - t;] =1—(1-P [annual mortality i )**

where P stands for probability. Thus, the probability of observing

a mortality event within a span, At, is:

P [mortality i: ty — t;] = 1—(1—P [annual mortality i] )A¢
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We assumed that Y follows a binomial distribution and used the
complementary log-log link function, g, to account for the time be-
tween two surveys (offset on the intercept; for a short description
of the complementary log-log function, see Supporting Information
Appendix S3):

(e [1]) -t {-tn (11

We worked with the following model:

38 (E [Y’p’] ) = ﬁ]@ + ﬁ]fi)canopy status+offset [log (At;)]
+ ([3}52) + b}z’canopy status) T+ ([3}?3) + bj@canopy status) T2
+ ([3}4) + b]@canopy status) P+ ([3;5) + b]@canopy status) p?

+3¥d.b.h.+B’d.b.h2

7)

where the same notations as the growth model are used. We
did not include any group effect, given that some plots have only
one record for certain years and species, whereas other plots have
recorded no dead trees, which was a problem that was also faced by
Kunstler et al. (2020). To minimise the uncertainty of death events
and to have enough measures per species per time interval, we lim-
ited the dataset to measurements with At € [5, 11](74.9% of the mor-
tality database). Given that the probability of transition from dead to
dead is one, we kept records up to the first death event only (or all
measurements, if there were no death events).

For mortality, none of the Generalised Linear Mixed Models
(GLMMs) from the package Ime4 converged on a solution. We sus-
pect that despite the amount of data, there is little information
owing to the rarity of tree mortality. We therefore used the pack-
age rstanarm (Goodrich et al., 2018), which examines GLMMs in a
Bayesian framework, and removed the climate-d.b.h. interactions.
We used four Markov chains and 3,000 iterations for each chain. We
retained the default priors of rstanarm, which are Gaussian distri-
butions for the regression coefficients (B), and exponential distribu-
tions for the standard deviations. Parameter values that were used
later in the analysis are the medians of the posterior distributions.
We used the widely applicable information criterion (WAIC; Hooten
& Hobbs, 2015, and references therein) to select the best model.
The WAIC is based upon the posterior predictive distribution (the
distribution to predict new data) and is valid for hierarchical mod-
els. However, it assumes that the data are independent given a set
of parameters, which could be problematic for our spatial data. As
was the case for radial growth, we compared WAICs on a common

logarithmic scale:

y=log;q (AWAIC+1) (8)

The best model has AWAIC =0, which implies that y is also null
for the best model. Although there are R? estimates for Bayesian re-
gression models, they cannot be compared; the explained variance
can only be interpreted in the context of a single model (Gelman

et al., 2018). Hence, we based our choice exclusively on the WAIC.
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rameters and species with the Gelman-Rubin statistic (Gelman &
Rubin, 1992, R-hat diagnostic). Typically, a chain with an R-hat of
>1.05 is considered non-convergent; at convergence, R-hat should

be one.

2.4.3 | Fecundity

The forest inventory data have few records of trees with a
d.b.h. < 10 cm; thus, we could not parameterise the fecundity func-
tion, F(s,s*). Instead, we used the fecundity function that was de-
fined by Purves et al. (2008) and parameterised as:

Fpurves (5, $*)=F x4 (5, s*), with% = 0.0071 9)

where & is the number of seeds produced per sun-exposed tree
crown area per unit time (Table 1). In this case, we defined a new
quantity, po, as the net reproduction rate, Ry, with the reproduction
function, Fp e The notation Ry is strictly reserved for the general
case, where the fecundity function is not restricted to the function
of Purves.

By definition, py corresponds to the net reproduction rate when
the fecundity function is independent of climate (i.e., spatially con-
stant). Once py is calculated across the landscape, Q (using Equation
12 defined below), we can estimate a convenient normalised quan-
tity as:

po (X, $*)—min,q [po (X, 5]

MaX,eq [Po (%, $)] —Minyeq [po (%, %)

(10)

Po (X, $")=

This cancels the value of %, which was a difficult parameter to
estimate in the study by Purves et al. (2008), and bounds 5, between
zero and one.

2.5 | Occurrence probability

We evaluated the correlation for each species between py and the
probability of occurrence, P, ., which is derived from a random forest
model (Liaw & Wiener, 2002, R package). This is a way of transform-
ing discrete presence and absence data into probabilities, which are
continuous data. It has been shown that random forests perform well
in terms of predicting tree species distributions (Prasad et al., 2006).
Using a continuous probability rather than presence-absence data
can be useful in the case where climatic conditions are favourable
but species are absent because of stochasticity and, alternatively,
where species are present but should not occur.

We trained the algorithm with coordinates from the sample plot
dataset, where at least one species was recorded. We assigned zero
to each coordinates-species couple where there were no records
for that species in (x,y) after 1996, and one otherwise. We set the

random forest with 2,000 trees, and 12 predictors over 19 to be

selected at each tree node. More trees add precision and bound the
generalisation error (i.e., the true error of the population as opposed
to the training error only), without overfitting the data (Prasad et al.,
2006). The explanatory variables set contained 19 bioclimatic vari-
ables (for the variables, see Supporting Information Appendix S2; for
the equation see Supporting Information Appendix Sé). The perfor-
mance of the random forest was evaluated with the R? from Tjur

(2009), and later denoted as R%ur.

2.6 | Species performance maps

We downloaded an expert range map, Q; (Little, 1971; Prasad &
Iverson, 2003), for each species, j, and calculated p, for each lo-
cation within Q; for a climate averaged over 5 years (from 2006 to
2010) and a canopy height s* of either 0 m (no competition) or 10 m
(the average for the distribution of s* across the database is 9.6 m).
Hereafter, we drop the index j and use only Q, although the expert
range maps are species specific.

We investigated, within the box that bounds our data (map in
Supporting Information Appendix S2, Figure 52.2), how p, relates to
the orthodromic distance from the closest edge of the distribution
that was defined by Little (1971), and mapped the variations in pg.
In order to avoid spatial extrapolations of the demographic rates,
we decided to limit our study to the region of parameterisation (e.g.,
Betula papyrifera extends to Alaska). To evaluate the direction in
which pg increases, we computed its vector field, V g, on Q using the
algorithm of Ritter (1987). The vector field, V 5, provides at any loca-
tion, xe Q, the gradient of p,, which is its local direction of increase.
We then separated Q into two regions, north and south with respect
to the centroid of Q, and we averaged the gradients for each region.
If po decreases towards range limits, then both gradients should
point towards the centre of the distribution. Thus, the gradient of
the northern region should point southwards, and the gradient of
the southern region should point northwards.

We must integrate upwards to infinity to compute p, (see
Equations 10 and 11), but we found numerically that the integral
s G (5)=0 and

pu>0). To be closer to the real maximum d.b.h. and height of trees

beyond a height of 45 m is negligible (because lim

for a given location, x€ Q (rather than arbitrarily setting a maximum
height of 45 m), we determined the upper boundary s*_ of the integral
of pg in three steps:

1. We obtained the species-specific maximal age (age,,,,) and maxi-
mal d.b.h. (d.b.h.,,,) from Burns and Honkala (1990a, 1990b). The
data are in the Supporting Information (Appendix S2).

2. We computed the d.b.h. that a tree would have at the location x
with the associated climate, clim,, if it were spending its entire life
in the overstorey up to the maximal age (using the solver ODE45
from Matlab):

A8Cmax
s =J Gloverstrey [s(t), clim,] dt.
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3. We set the local “infinite d.b.h.”:

s =min (d.b.h.pge S50y ) (12)
and replaced oo in Equation (4) with s¥. If s <% which happens
when trees cannot reach the canopy before reaching their maximum
ages, we set R, to zero.
Therefore, Equation (4) combines Equations (4), (9) and (11) to

measure species performance:

[ (o50%)
P [_J G (o, s X) dc} ds.
(12)

from which we can derive p, (using Equation 10). Equation (12) ac-
counts for spatial differences in the maximum d.b.h. that are not
included in the radial growth model. Its major difference from
Equation (4) is the upper boundary of the expected production of
offspring (the second integral), which makes Equation (12) specific
to the present study, whereas Equation (4) is a generalisation of
Purves (2009).

2.7 | Roadmap

We first parameterised individual growth and mortality as functions
of climate and competition for 14 northern North American trees.
Competition refers to the canopy status (in either the understorey
or the overstorey) and was calculated using allometric functions and
Equation (3). We then computed the population growth rates, pg,
within each species range, Q, to test the abundant-centre hypothe-

sis, together with correlations between pg and species performance.

3 | RESULTS

3.1 | Competition and climate effects on individual
growth and mortality

We found that individual growth and mortality were weakly related
to climate, and that individual tree size and competition were the
predominant drivers of their variation (Figure 3).

Individual tree growth was, regardless of species, best explained
by annual mean temperature (T,) and annual precipitation (P,), to-

gether with the plot random effect, and year within plot. The con-

ditional Rf was much higher than the marginal ern, indicating that
the random structure and, more specifically, that local conditions
dominated explanatory variables. According to the calculated ratio,
¢ (Equation 6), and R? climate explained little variation in individ-
ual tree growth compared with tree d.b.h. (Figure 3; Supporting

Information Appendix S3).
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Our analysis revealed that growth was higher in the overstorey
for all species (Figure 2a). Moreover, we found that the response to
overstorey competition corresponded to the shade tolerance: indi-
vidual growth of shade-tolerant species was less responsive to can-
opy gaps than that of shade-intolerant species (Figure 2b; Supporting
Information Appendix S3, Table S3.6).

For mortality, the best model for all the species included the
lowest annual temperature (T,) and the three contiguous driest
months (P,). Diameter at breast height, competition and climate
best explained tree mortality when combined, but were equivalent
when taken separately, which differed from growth (Figure 3). All
the Markov chains converged, regardless of parameters and species
(R-hat histogram in Supporting Information Appendix S4).

Mortality was greater in the understorey for all species, except
for Tsuga canadensis and Fagus grandifolia. Low shade-tolerant spe-
cies responded more negatively to competition than did highly toler-
ant species (Figure 2c,d).

There was considerable uncertainty in parameter estimates for
both rates (Supporting Information Appendix S3). More specifi-
cally, the mortality functions of Abies balsamea, Betula papyrifera,
Fagus grandifolia, Picea rubens, Pinus strobus and Populus tremuloi-
des were bell shaped or flat curves, but they could be U-shaped
responses (which is more likely to be expected; Lines et al., 2010)
according to the posterior distributions of their regression co-
efficients. Abies balsamea and Populus tremuloides were the two
exceptions, given that they compensated for their negative mor-
tality response to d.b.h.?, with steep slopes related to d.b.h. The
effect of competition was significant for most species and inter-
acted with temperature, whereas interactions between competi-
tion and precipitation were mostly non-significant for both vital
rates (Supporting Information Appendix S4, and csv files online).
Thus, the advantage of having greater access to water resources
for large trees might be compensated by their higher moisture

demands.

3.2 | Relationship of demography and competition
to tree distribution

The p, in Equation (12) relates species-specific demographic func-
tions, which were estimated in the previous section 3.1, to population
performance. Demographic performance, pq, varied significantly, but
there was no systematic relationship across ranges (Figure 4; maps in
Supporting Information Appendix S5).

If the abundant-centre hypothesis is to be confirmed, the vector
fields, V p, (white and red arrows on the maps and Figure 4), should
point towards species centroids. On the one hand, p, of six species
(Acer saccharum, Acer rubrum, Picea glauca, Pinus strobus, Thuja occi-
dentalis and Tsuga canadensis) increased from south-east to north-
west (Figure 5). On the other hand, it increased towards the south
for five species (Abies balsamea, Betula papyrifera, Picea mariana,
Picea rubens and Populus tremuloides). Except for Picea mariana, note

that the four other species had a negative slope associated with
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FIGURE 2 (a,c) Overstorey versus understorey growth and mortality of the 14 parameterised species for an averaged individual (i.e., all
the explanatory variables of Equations (5) and (7) are set to their average values). The line is the identity function. (b,d) Response of species-
specific radial growth, G, and mortality, , to light, grouped by three levels of shade tolerance: low (L), medium (M) and high (H). Growth of
species reaching the canopy increases much more rapidly for shade-intolerant species than for tolerant ones, and the mortality decreases
much more strongly for shade-intolerant species than for tolerant ones. For the parameters, see the Supporting Information (Appendix S3)

the quadratic d.b.h. term in the mortality model (parameter ﬂl@ in
Equation 7). The three remaining species (Betula alleghaniensis, Fagus
grandifolia and Picea banksiana) did no exhibit a clear direction within
their respective distribution, Q. Correlations between p, and the or-
thodromic distance to the closest edge of Q were negative for most
species (Supporting Information Appendix Sé), which corroborated
that gy was not highest in the centre of species distributions, thereby
challenging the abundant-centre hypothesis (Figure 5).

The lifetime number of recruits per individual, p, aggre-
gates the three vital rates into a species-specific performance
measure. We computed correlations between occurrence prob-
abilities, P, and individual growth and mortality to disentan-
gle their effects upon py (Supporting Information Appendix Sé).
Overall, we found no rule relating occurrence probabilities with

demography. When P, was positively correlated with individual

growth and negatively correlated with mortality, the correlation
of P, with 5y was also positive (e.g., Betula papyrifera; Supporting
Information Appendix Sé). In this case, correlations of P, with
po Were consistently higher than correlations of P, with demog-
raphy (Supporting Information Appendix S6, subsection S$6.3).
However, when P,.. was (counter-intuitively) positively correlated
with mortality rates, the correlation of P, with py dropped or even
became negative (e.g., Fagus grandifolia; Supporting Information
Appendix S6). These results demonstrate that there might be com-
pensatory strategies (such as a higher recruitment rather than our
constant fecundity function), which could explain why P,.. was
positively correlated with mortality.

The correlation between py and the probability of occurrence,
P,.., did not show any trend in the absence of competition (varying

from -0.49 to 0.60), nor was there a trend with a canopy height of
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FIGURE 3 Performance, ¢ (growth, filled circles; Equation 6) and y (mortality, filled triangles; Equation 8), for four models (the closer
to zero, the better). The black symbols represent the 14 species, and the coloured symbols are the average for each model. The model
“climate” is the second-order polynomial containing T, and P, (growth) or T_ and P, (mortality). The model “competition” includes only
canopy status (cs) as a predictor, and the model “d.b.h.” is the second-order polynomial containing d.b.h. The best model (written in an
R-language style) for growth is growth~ 1+ (1|x)+(1[t) +(1]|x: t)+ (cs+d.b.h. +d.b.h2 ) #(T, +T§ +P, +P§ . Mortality is best explained by
mortality ~ 1 + offset [Iog (At)] +CS*$Tm+TZﬂ +Py +P§ +d.b.h. +d.b.h.2. All the tested models can be found in the Supporting Information

(Appendix S3; Equations G2 and M

are the best models for growth and mortality, respectively). All species have the same best model; thus,

the black dots are hidden by the two coloured dots for the last column of this figure

10 m (ranges within =0.51 and 0.47). The correlation decreased with
competition for most boreal species (Betula papyrifera, Picea glauca,
Picea mariana, Picea rubens, Pinus banksiana and Thuja occidentalis,
but not Abies balsamea). For the shade-intolerant Populus tremuloi-
des, accounting for competition increased the correlation between
Po and P, whereas the correlations for the non-boreal shade-tol-
erant species (Acer rubrum, Acer saccharum, Betula alleghaniensis,
Fagus grandifolia, Pinus strobus and Tsuga canadensis) were similar
with and without competition (Figure 6). Species distribution models
that were based on random forests accurately described occurrence

probabilities for all species (R? ranging from 0.74 to 0.85).

Tjur

4 | DISCUSSION

We developed a model to investigate how climate and competition
determine continental-scale variation in tree demography. We mod-
elled variation in radial growth and mortality and, when combined
with values for the effective fecundity from the literature, we de-
rived the population growth rate, Ry, for size-structured populations.
We redescribed Ry as p, when using the fecundity function of Purves

et al. (2008) and scaled it accordingly (i.e., po) to emphasise spatial

variation in demography under constant fecundity. We then corre-
lated py with occurrence probabilities where competition was absent
or present and found marked variation among species and compe-
tition levels, which ranged from negative to positive. Our method
advances previous analyses of ontogenic growth (McGill, 2012;
Thuiller et al., 2014) by including explicit representations of the com-
plex history of forest stands (i.e., tree cohorts), the abiotic environ-
ment and species interactions. These three mechanisms commonly
shape species responses to climate change, together with dispersal,
evolution and physiology (Urban et al., 2016). Nonetheless, adding
demography, environment and species interactions for size-struc-
tured population models comes with trade-offs: more detailed mod-
els are data intensive and might require specific information, while
increasing the complexity of parameter estimations. Our approach
was computationally challenging, given that it combined 3,816,854
tree measurements with climate data and competition (computed
using 7,704,442 measurements). Finally, we tested whether species
performance declines towards species range limits, while accounting
for competition and found no support for this hypothesis for most
species. Overall, our results demonstrate an extreme variability in
growth and mortality rates and the difficulties that relate tree de-

mography to species distributions.
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Cor(po, Pocc) = —0.5

Po increasing directions

/ Mortality fi € [0, 1]

A High

Growth, mortality, pg

Low

Population growth rate g, € [0, 1]

FIGURE 4 Example results for Acer rubrum, with a canopy height s¥ =10 m, and with 2006-2010 climate data. Population growth rate, pg,
results from G, p (averaged on the maps) and constant fecundity. For many species, including Acer rubrum, p, does not increase towards the
centre of the distribution (green square). If the abundant-centre hypothesis were validated, then the red arrows on the map (or equivalently,
the blue and orange arrows on the left-hand side) would point towards the green square. These two arrows are the respective northern

and southern averages of the vector field, V p,, that is depicted by the white arrows on the map of p,. The correlation between p and the
probability of occurrence, P, is 0.5, which is the smallest correlation for all species. Overall, we found no rule relating probabilities of
occurrence to demography (see Figure 6). The green line delimits the range of Acer rubrum (see Supporting Information Appendix S5, Table

S5.3)

4.1 | From climate to occurrence
through demography

4.1.1 | Effect of climate on radial
growth and mortality

Both individual growth and mortality were highly variable along
the broad investigated climatic gradient. There is a long tradition in

dendrochonological studies (e.g., Aussenac et al., 2017) of relating

variation in the annual growth of individual trees to interannual
variation in climate. Yet, it appears that the effect of climate on
demography is more difficult to detect when comparing the aver-
age performance of individual trees across a large biogeographical
area, especially when we integrate growth and mortality over the
entire life cycle of a forest stand. Many other factors might condition
forest dynamics beyond the effect of climate (Zhang et al., 2015).
Tree demography is likely to be a high-dimensional process (Clark,

et al., 2011) that is affected by several individual level constraints,
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such as genetics, soil properties, microtopography, forest composi-
tion, pests, and tree and stand history. Tree mortality is also a slow
and cumulative process that might be difficult to represent with
discrete information, such as stem diameter, average climate and
neighbourhood composition. Models such as the ones that we inves-

tigated could not properly account for external causes of death, such
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FIGURE 5 Species-specific averaged
direction of increase in population growth
rate, pg, for the northern region (blue
arrows) and southern region (orange
arrows). The black square represents

the species-specific centroid of the
distribution, Q, and is the reference

point that defines the northern region
(everything north of the centroid) and

the southern region. If population
performances were higher in the centre
of the distribution, then the arrows
would point towards the centroid.

The number within parentheses is the
correlation between pq (s* = 10 m) and
the random forest. See Figure 6 and the
Supporting Information Appendix Sé

for the correlations, and the Supporting
Information Appendix S5, Figure S5.33 for
the azimuths

FIGURE 6 Species-specific
correlations of population growth rate,

Po- and the species distribution model
without competition (filled triangles) or
with competition (canopy height s* =10 m,
filled circles). The species' codes can

be found in Supporting Information
Appendix S2, Table S2.1. The three
colours correspond to the shade tolerance
level (the darker the colour, the more
shade tolerant). The values can be found
in Supporting Information (Appendix Sé).
In this figure, we sorted the data by
increasing order of correlation with
competition (filled circles) rather than
alphabetical order

as physical damage (Larson & Franklin, 2010, uprooting, stem break-
age, crushing by other falling trees) or dieback. Our observations
that plot random effects are large relative to the effects of climatic
variables is good evidence that this individual/site level variation
is driving much of the uncertainty in tree demography across the

climatic gradient. Including all these extra variables in growth and
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mortality models (provided we have proper information and func-
tions to represent their effects) would certainly aid in reducing the
uncertainty in the functions that relate demography to climate. That
being said, individual conditions, such as past history and micro-
site properties, are highly variable and unpredictable in nature. This
means that even though we could improve further growth and mor-
tality models by trimming residual variation, the uncertainty in some
of the conditioning variables would propagate and still make demog-
raphy highly variable across climatic gradients. In other words, the
stochastic variation in individual conditions is simply overwhelming
the deterministic effect that climate alone exerts on growth and
mortality, thereby precluding any significant effect of demography
on species distributions.

4.1.2 | Effect of competition on radial
growth and mortality

Despite the substantial variability that we observed, we found that
radial growth and mortality are strongly influenced by asymmetrical
competition for light. We have found a relationship between shade
tolerance and the effect of light competition for both growth (G)
and mortality (p). It suggests that not only understorey tree survival,
but also understorey tree growth could help to quantify tree species
competitive ability, although this analysis should be approached with
caution (Feng et al., 2018). Notwithstanding that the response of
growth to climate is mediated by the canopy status, we did not ex-
plore further the interaction between climate and light competition for
our 14 species. We already know that the growth response of these
species to adverse climate conditions is buffered by neighbourhood
interspecific competition (Aussenac et al., 2019). Understanding the
effect that light competition plays in tree demography is, therefore,
of primary importance and requires dedicated studies, given that light
and water availability act nonlinearly on plant performance (Holmgren
et al., 2012). The dominance of size and competition effects over cli-
mate in our models demonstrates the importance of considering pop-
ulation structure in forest dynamics. Our derivation of an integrated
measure of performance across the life cycle is needed to investigate
the variation in demography across large areas properly.

Our two-state canopy model cannot compare with a 10-layer
model as proposed by Lischke et al. (1998), which might explain
why competition had little effect on correlations between probabil-
ities of occurrence and species performance. However, two layers
were sufficient to detect a joint effect of climate and competition
for light on species distributions. In the absence of competition, we
found that every species exhibited positive population growth rates
across most of their ranges (Supporting Information Appendix S5,
Table S5.3). When adding competition (canopy height s =10 m), bo-
real species showed a substantial reduction in the proportion of the
range with positive growth, from 0.01% (Thuja occidentalis) to 99%
(Pinus banksiana). It is possible that we underestimated 5, in north-

ern locations because we had set a standard canopy height of 10 m

across regions, and we did not consider variation in the allometric
relationships that we used. Among the other species, Populus tremu-
loides lost 66% of suitable locations within its range, Q, with the ad-
dition of competition, whereas Acer rubrum lost 28% (see Supporting
Information Appendix S5). Populus tremuloides is classified as very
shade intolerant (Burns & Honkala, 1990b); thus, declines in its
growth owing to competition could be expected, because recruit-
ment does not occur continuously in the understorey. We did not
include disturbances in our model, but these might play a major
role in maintaining this pioneer species in Eastern Canada (Nlungu-
Kweta et al., 2017). Population growth rates were positive for all the
other species within their distributions, regardless of the presence
or absence of competition. This response supports previous studies
showing that the geographical distributions (Q) of species are within
their ecological niches (Lee-Yaw et al., 2016; Csergo et al., 2017).

4.1.3 | Relationship between demography and
distribution

The net reproduction rate, py (and equivalently, py), is a heuristic
tool to summarise how individual growth, mortality and seed pro-
duction, which collectively define species persistence. We found
four drivers that we can alter to change py: the competition, the
average understorey growth, the average mortality rate and the
fecundity function. The combination of these four drivers can rep-
resent the growth-survival trade-off (e.g., the ratio of mortality
over radial growth pG appearing in Equation 12) and the stature-
recruitment trade-off (which distinguishes long-lived pioneers
from short-lived breeders). These two trade-offs are important
for understanding forest dynamics (Riiger et al., 2020, for tropical
forest).

We found little support for the hypothesis that tree species
should be distributed where they perform the best. There were
very low positive correlations between p, and occurrence prob-
abilities. We compared the effects of using random forests rather

than presence/absence data, but found no difference in the trends
2

Tjur’
not attribute the lack of correlation to the random forest algorithm

(Supporting Information Appendix Sé). Given the high RZ. , we can-
used to smooth the occurrence probabilities for the different tree
species across their distributions. Our study adds to a growing body
of literature on this subject (Holt, 2020, and references therein). For
instance, a similar lack of correlation has been found for European
trees (Csergo et al., 2017, using matrix projection models) and for
western North American species along moisture gradients (Bohner &
Diez, 2019). Local interactions are hypothesised to preclude species
distribution models from predicting population growth rates when
fitted to macroclimate data (Csergo et al., 2017). Although competi-
tion for light is important, our results show that there might be other
mechanisms underlying abundance or population growth rates. For
example, certain species have undergone negative density depen-

dence (Yenni et al., 2012, for rare species), whereas certain common
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species are limited by plant-soil feedbacks (Solarik et al., 2020, Acer
saccharum).

Competition influenced correlations of the population growth
rate, po, with the probability of occurrence (P, ) and with distance to
the closest edge (Figure 6; Supporting Information Appendix Sé). For
all the boreal species, except for Abies balsamea, competition atten-
uated the signal between P___and p, by reducing the correlation to a
value closer to zero. As previously discussed, a canopy height of 10 m
might be too great in comparison to what is generally found beyond
a certain latitude. For the same reason, the correlations between 3,
and the distance to the closest edge might have been masked by
competition. For Betula papyrifera, Picea mariana and Thuja occiden-
talis, for example, we found support for declining performance to-
wards species range edges, but exclusively in open canopies. Thus,
competition might have an important role at the northern border
of certain species through its influence on demography. The effects
of competition at range edges have recently been investigated for
European trees, with a different outcome: competition was a strong
determinant of vital rates, but its effect was not stronger at the edge
than at the centre of the distribution (Kunstler et al., 2020). Despite
this response, the authors also found a weak support for declining
performance at the range edge (the abundant-centre hypothesis).
For most species, we found that py increased monotonically towards
their northern or southern boundaries but not towards their centres
(Figure 5; Supporting Information Appendix S5, Figure 5$5.33).

4.2 | Tree demography beyond
growth and mortality

421 | Fecundity

It is difficult to cover the full range of the life cycle of a tree and
study its specific relationships with climate. Our model does not ac-
count for spatial variability in seed production, seed survival or ger-
mination, for which very little is known and documented. We used
Po instead of pg to tease apart the fecundity term. This measure can
be compared directly between species to observe trends in popula-
tion performance within a landscape when species fecundities are
kept constant. Although the threshold value allowing species per-
sistence is always one when using the unscaled population growth
rate, pg, it becomes species specific when using pg. Our study also
overlooked seedling growth and survival because no data are avail-
able for individual trees below a certain diameter. The ensemble of
processes, from seed to seedling survival, describes the recruitment
niche, which defines the requirements that allow a seed to germinate
and establish (Valdez et al., 2019). Different studies that focus upon
a single species (Solarik et al., 2016, Acer saccharum), or along either
a longitudinal gradient (Clark et al., 2011) or a latitudinal gradient
(Boisvert-Marsh et al., 2019), provide good evidence of the role that
climate plays in shaping the recruitment niche. More specifically,
seed production, rather than tree growth and mortality, was found to

be the most responsive to spring temperature and summer drought
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(Clark et al., 2011, sites in the Appalachians and Piedmont of North
Carolina). Soil properties and pathogens were found to constrain the
regeneration of trees even more strongly than did climate (Brown &
Vellend, 2014, Mont Mégantic, Québec). These studies corroborate
the plethora of mechanisms underlying population growth rates and
underscore our need for more data on the juvenile stage, at least
to avoid extrapolating demographic rates that have been estimated
mostly from adult trees (d.b.h. 2 100 mm) to saplings. A sensitivity
analysis of py with respect to the three vital rates is necessary to
make further progress and to distinguish which demographic param-
eter is the most important in the context of climate change, and for

which species, at which stage and in which part of the range.

4.2.2 | Dispersal

We posed the hypothesis of local dispersal, using a Dirac distribu-
tion (i.e., the dispersion does not appear in our equation) for the sake
of tractability. Therefore, pj is a quantity derived only from demo-
graphic processes, neglecting potential effects of source and sink
dynamics on distribution. The role of dispersal in tree distribution is
controversial. Certain studies have reported that long-distance dis-
persal determines the migration rate of trees and can explain some
species shifts (Nathan et al., 2002, and references therein), whereas
other studies have argued that microrefugia (small patches beyond
the main distribution) play a major role in colonisation (Feurdean
et al., 2013, and references therein). These hypotheses could be in-
vestigated numerically with our model by developing an algorithm
adapted to transport equations, such as Equation 1. However, re-
trieving analytical results would require simpler radial growth and
mortality functions.

4.3 | Looking forward

Although p, has useful theoretical properties (Supporting
Information Appendix S1), it is too early to use it in assisted migra-
tion debates and forest management. Nevertheless, we note that
some species exhibited low values of py in the southern portion of
their distribution, but increased moving northwards, which might be
a sign of future mismatches between their niches and their distribu-
tions. This is particularly true for Acer rubrum, which is projected to
have extinction debts in the south (Talluto et al., 2017). Species that
are poorly dispersed and highly persistent might be more subject
to niche-distribution mismatches (Pagel et al., 2020, on shrubs, not
trees, in the family Proteaceae in South Africa). It is, therefore, im-
portant to discern which scale is the best to understand how tree
distributions emerge from forest dynamics.

Tree demography is a multidimensional process resulting from
the characteristics of individual (e.g., genetics, history, size) and from
local conditions that are entangled with regional processes. One
way to acknowledge our incomplete understanding or the high de-

gree of variability in demography is to use stochasticity in modelling
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processes, at the cost of losing the analytical population growth
rate. Integral projection models (IPMs) are stage- or size-structured
models, like ours, and are promising tools to model forest dynam-
ics (Kunstler et al., 2020; Merow et al., 2014; Vindenes et al., 2012).
IPMs can integrate stochasticity into demography, which is a major
feature, because chance plays a significant role in lifetime reproduc-
tive success variance and, by extension, in the variance of R, (Snyder
& Ellner, 2016, 2018).

4.4 | Conclusion

Our study stresses that using climate through demographic
rates is not enough to explain species distributions, although
we accounted for forest structure and competition for light via
a simplified method. Therefore, climatic niche should be used in
circumspect manner, because the underlying processes of species
occurrence remain unclear. We demonstrated that climate plays
either a minor role or an unpredictable role in tree demography.
Hence, other factors, such as stochastic extinction, dispersal limi-
tation, sink populations or Allee effects (Holt & Keitt, 2005, and
references therein), should be investigated to understand tree
range dynamics. We also showed that individual processes (ac-
cording to the manner in which we estimated them) contributed
very little to tree distributions. Therefore, tree dynamics cannot
rely exclusively upon demographic rates that are determined by
local spatial processes; they should also include phenomena that
can be perceived mostly at the meta-population scale, such as fire
dynamics. Our study underlines the need to mix scales and to use

integrated population modelling (Isaac et al., 2020).
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