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A B S T R A C T

Improving our understanding of the dynamic links between demographic rates and forest structure is essential for 
accurately modelling forest responses to global change. Although individual-based modelling approaches offer a 
valuable means of gaining insights into the effects of growth and mortality on forest size and age structures, most 
require detailed physiological data that are not readily available. Here, building on previously developed sto
chastic growth simulations for single species, we simulate multi-species forest age and stem diameter distribu
tions using stem diameter growth and mortality data from the Quebec provincial forest inventory program. The 
simulator accurately reproduces forest size and age structures derived from forest inventory and tree ring data 
and successfully replicates the variation in forest structure among different forest types and across latitudes. In 
contrast to most individual-based models, this approach does not require complex parameterization of growth 
functions. We anticipate that this method will have a wide range of applications in exploring the links between 
demographic rates, forest size and age structure, stem turnover rates, and biomass across forests globally, and by 
extension improve our understanding of forest dynamics in a changing world.

1. Introduction

Forests hold a large proportion of terrestrial biomass and are an 
important component of the global carbon cycle (Friedlingstein et al., 
2022; Pan et al., 2024). Understanding forest responses to environ
mental change is thus a high research priority. In particular, improving 
our knowledge of how demographic rates affect forest structure and 
dynamics is essential for predicting forest responses to global atmo
spheric and climatic changes. Forest stand structure, the frequency 
distribution of stems across size classes, is important in determining 
aboveground biomass (Baraloto et al., 2011) and is shaped by variation 
in recruitment, growth, and mortality (Caspersen et al., 2011; Coomes 
and Allen, 2007; Muller-Landau et al., 2006).

Individual-based models link information on demographic rates, 
species traits, and responses to disturbance and environmental variables 
with whole-forest outcomes, and therefore offer a way to explore re
lationships between demography and stand structure (Fortin et al., 
2009; Fortin and Langevin, 2012; Fischer et al., 2016; Hember and Kurz, 

2018; Pacala et al., 1996). These models are typically built around 
processes of forest dynamics, including gap formation (Fischer et al., 
2016; Pacala et al., 1996) and competition (Chave, 1999), which are 
determined by tree physiology or resource use (Rammer et al., 2024). 
Although these models can generate accurate projections of forest dy
namics, they are often data-intensive to parameterize, which limits their 
application in testing how simple demographic processes affect forest 
structure.

Simple phenomenological approaches, such as stochastic growth 
simulations (Lieberman et al., 1985; Lieberman and Lieberman, 1985; 
Cruz et al., 2020) may enable more direct analysis of the effect of de
mographic rates on forest structure. Stochastic growth simulations 
sample diameter growth increment data from forest inventory data to 
generate trajectories of individual stem growth (Lieberman et al., 1985; 
Lieberman and Lieberman, 1985). The original approach randomly 
sampled growth data from trees of similar diameter and was subse
quently extended to sample single-species tree ring data (Brienen et al., 
2006). However, this approach could also be applied to multi-year forest 
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inventory data from natural forest stands (e.g., Anderson-Teixeira et al., 
2015; ForestPlots.net et al., 2021; Gray et al., 2012). Because the effects 
of stem size and previous growth rate are accounted for in the sampling 
approach, rather than by development of specific growth functions, this 
approach has great potential to be developed into a flexible, data-driven 
approach to simulating stand and age structures that can be applied 
across datasets and forest ecosystems.

Here, we integrate forest inventory and tree ring data from the 
permanent sample plots network of the Quebec provincial forest in
ventory program (Ministère des Forêts, de la Faune et des Parcs MFFP, 
2016; Ministère des Ressources naturelles et des Forêts MRNF, 2022) to 
extend the methods developed by Brienen et al. (2006) for simulating 
individual tree growth trajectories, and build (using short-term growth 
and mortality data from forest inventories) and validate (using size and 
age data from tree rings and inventories) a full individual-based simu
lation of forest structure. The simulation approach provides a “null” 
model of forest dynamics, which can be used to explore how changes in 
growth and mortality influence forest size and age structures, and to 
extend our understanding of forest structural responses to changes in 
demographic rates.

The Quebec provincial forest inventory program is a unique dataset, 
containing both forest census data and randomly sampled tree ring data 
surveyed from across the same set of inventory plots. This enables us to 
scale up the approach from simulation of single-species growth trajec
tories, to simulate and validate trajectories for multi-species forests and 
estimate stem diameter and age distributions. First, we test methods of 
simulating diameter growth trajectories by repeated sampling of growth 
increment data, and use tree ring data to validate that the method 
accurately simulates trajectories for multi-species forest stands. Second, 
we use simulated trajectories as a basis for modelling full stand structure 
and explore the influence of different approaches to estimating mortality 
on simulation outputs. We validate the simulated stem diameter distri
butions, lifetime growth rates, and stem age distributions across four 
ecological regions using a combination of forest inventory and tree ring 
data. Our results show that the method can accurately simulate variation 
in forest size and age structure across a large environmental gradient 
using forest inventory data on stem diameter, annual stem diameter 
growth rates, species wood densities, and regional-level estimates of 
mortality rates.

2. Methods

2.1. Quebec provincial forest inventory program datasets

We used data from the permanent sample plot network of the Quebec 
provincial forest inventory program (Ministère des Forêts, de la Faune et 
des Parcs MFFP, 2014, 2016; Ministère des Ressources naturelles et des 
Forêts MRNF, 2022), which covers four bioclimatic domains, defined 

based on climate and vegetation composition (Table 1; Figure S1). There 
are two temperate domains: the sugar maple-yellow birch domain, 
which consists mainly of deciduous forests dominated by sugar maple 
(Acer saccharum Marsh.), and the balsam fir-yellow birch domain, which 
is mainly mixed forests dominated by balsam fir (Abies balsamea (L.) 
Mill.). There are two closed-canopy boreal forest domains: the balsam 
fir-white birch domain, which is dominated by balsam fir; and the 
spruce-moss domain, which is dominated by black spruce (Picea mariana 
(Mill.) B. S. P.). The network comprises ~12000 permanent sampling 
plots at varying sampling intensities. All plots are circular with a radius 
of 11.28 m (0.04 ha in size), and have been resampled approximately 
every decade since the 1970s, with data from up to 6 censuses available. 
At each census, all trees with diameter at breast height (DBH) > 91 mm 
in the plot are measured and their species identity, DBH, and status (e.g. 
recruit, alive, or dead) is recorded. Mean census interval length is 11.8 
years (range 3–35 years). Plots were excluded if they showed evidence of 
disturbance that had affected > 25% of the canopy (e.g. as a result of 
fire, clear cutting, severe insect outbreaks, or stand thinning 
interventions).

2.1.1. Inventory data processing
We used only forest inventory data to simulate growth trajectories 

and forest stand structure. For diameter growth trajectory simulations, 
only entries with stems alive in the census interval were selected from 
the plot dataset. Annual growth rates for each census interval were 
calculated by dividing census interval growth by census interval length. 
Due to measurement error, some growth increments were negative. We 
assumed errors of up to 10 mm between census measurements were 
reasonable but removed measurements where the measured DBH had 
declined by > 10 mm between censuses. Remaining negative growth 
increments were corrected to annual growth rates of 0 mm yr− 1. As this 
may introduce bias, we also ran simulations without correcting negative 
growth increments (Appendix A). Annual growth rates for the previous 
census interval were calculated for each stem at each census interval, 
and measurements without previous growth rates were excluded. We 
compiled a subset of annual growth data for recruits identified within 
the inventory dataset. All stems were assigned a species-specific wood 
density value extracted from the Global Wood Density Database (Chave 
et al., 2009), except for 1.7% of entries with unknown density which 
were removed.

2.1.2. Tree ring data processing
To validate the simulations, we used tree ring data compiled by the 

Quebec provincial forest inventory program. Since 1995, tree cores were 
sampled from permanent sample plots. In each plot, five randomly 
selected trees with a DBH > 91 mm were cored at 1 m above ground 
level. Cores were processed following standard procedure (dried, glued 
to a wooden tray, and sanded), so that ring boundaries could be detected 

Table 1 
Summary information for each bioclimatic domain, based on observed plot data, observed tree ring samples, and modelled mortality rates from plot census data.

Bioclimatic 
domain

Number 
of plots

Mean annual 
temperature 
(◦C)

Number of 
species 
recorded in 
plots

Key species Mean 
stem 
density 
(ha− 1)

Mean basal 
area 
(m2ha− 1)

Mean 
stem 
DBH 
(mm)

Mean 
stem age 
(years)

Mean stem 
growth rate 
(mmyr− 1)

Mean stem 
mortality rate 
(%yr− 1)

Sugar maple- 
yellow 
birch

2674 3 33 Abies balsamea, 
Acer saccharum, 
Betula 
alleghaniensis

795 26.2 183 33 2.9 4.7

Balsam fir- 
yellow 
birch

2923 2 24 Abies balsamea, 
Betula 
alleghaniensis

948 23.6 165 31 2.5 4.0

Balsam fir- 
white birch

2403 0.8 16 Abies balsamea, 
Picea mariana, 
Betula papyrifera

1079 20.7 148 26 2.2 4.0

Spruce-moss 2518 -1 10 Picea mariana, 
Abies balsamea

881 14.7 139 42 1.0 3.0
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under magnification and measured using the WinDendro image analysis 
system to an accuracy of 0.01 mm. Tree growth trajectories were then 
compiled from annual growth steps. Quality control on core data was 
conducted to remove incomplete cores and to remove cores where sig
nificant differences between field-measured DBH and DBH calculated 
from tree rings were recorded.

While complete tree ring data are available for all 13 of the conifer 
species and the two most abundant shade-intolerant broadleaf species 
(Betula papyrifera Marsh. and Populus sp), data for other broadleaf spe
cies are missing. Tree ring data are available for species representing 
59% of stems in the sugar maple-yellow birch domain; 85% of stems in 
the balsam fir-yellow birch domain; 99% of stems in the balsam fir-white 
birch domain; and all stems in the spruce-moss domain. Despite the 
discrepancies in species composition between the datasets, the stem 
diameter distributions of the tree ring samples are broadly representa
tive of the stem diameter distributions observed from the plot data 
(Table S1, Figure S5).

2.2. Simulation specification

The simulation approach we develop here has two key components: 
1) simulation of individual tree growth trajectories, and 2) repeated 
sampling of individual trajectories to simulate forest structure. All an
alyses were conducted by bioclimatic domain: inventory and tree ring 
data were aggregated at the domain level for building and validating the 
simulations, and we simulate domain-level parameters.

2.2.1. Growth trajectories
We used an approach similar to that in Brienen et al. (2006); (2012)

to build age-diameter trajectories for individual stems. Trajectories were 
built by repeated sampling of growth rates from the inventory growth 
rate data (Fig. 1). We simulated a set of trajectories for each bioclimatic 
domain, using only inventory data for that domain. The starting DBH for 
each simulated tree was randomly sampled from the subset of recruits, 
and the trajectory initiated with the first 10 years of growth increments 
from the sampled stem.

Subsequent growth increments were generated by sampling annual 
growth rates from the full dataset. Growth increments vary over a stem’s 
lifespan and may increase or decrease with increasing stem diameter 
(Anderson-Teixeira et al., 2022). Growth rates also vary among in
dividuals and are generally positively correlated with previous stem 
growth rates (Brienen et al., 2006; Kohyama et al., 2005) and negatively 
with stem wood density (Chave et al., 2009). Accounting for both the 
size-dependency and autocorrelation in growth is essential to generate a 
realistic spread of growth rates within and between trajectories (Brienen 
et al., 2006). Here, autocorrelation includes both within-tree autocor
relation (i.e. temporal correlation of growth within single trees' growth 
series) as well as among-tree autocorrelation (i.e., persistent growth 
differences between trees, as per Brienen et al., 2006).

We tested five different approaches for building growth trajectories, 
in which the next growth increment was sampled according to different 
levels of autocorrelation. Growth increments were sampled from a 
subset of the database based on whether the characteristics of the stem 
fell within the following criteria:: 

1. The full stem dataset (the “basic” trajectories); or a subset of the 
dataset based on:

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

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

4. A wood density window, set as the exact species-level wood density 
of the initial sampled stem; or

5. The combined effect of the above approaches, sampling according to 
growth rate, wood density, and diameter (Fig. 1)

Annual growth increment steps were added to the trajectory ac
cording to the length of the census interval in which the sampled growth 
increment was measured. This was repeated to generate a maximum of 
300 growth steps (i.e. 300 years) for each simulated tree.

2.2.2. Mortality models
For each bioclimatic domain, we estimated mortality rates from the 

census data across all plots and censuses. Data for each stem at each 
census interval was included as a separate entry, and the stem was 
identified as either alive or dead at the end of the census interval.

Mortality was modelled in four ways: 

1. A size- and growth-independent stem mortality rate, where all 
stems have equal probability of mortality: 

M =
ln(n0) − ln(n0 − nd)

t
[1] 

where M is the mortality rate (year− 1), n0 is the number of stems at 
the start of the census interval, nd is the number of stems that die in 
the census interval, and t is the mean census interval length (Lewis 
et al. 2004).

2. A size-dependent stem mortality function: 

M(D) = aeb(D)Dc [2] 

where M(D) is the mortality rate (year− 1), D is the last recorded DBH 
of the stem, and a, b and c are plot-specific parameters fitted using 
maximum likelihood method (Kohyama et al. 2015) (Figure S2). The 
shape of this function is variable and allows mortality to vary with 
stem DBH in different ways.

3. A growth-dependent stem mortality function: 

M(g) =

⎡

⎢
⎢
⎢
⎢
⎣

aexp− b(g) + c if g in (0,1)mm yr− 1

ln(n0) − ln(n0 − nd)

t
if g > 1 mm yr− 1

[3] 

where M(g) is the mortality rate (year− 1), g is the mean annual 
growth rate of the stem in the previous census, and a, b and c are plot- 
specific parameters fitted using maximum likelihood methods 
(Camac et al., 2018) (Figure S3). Mortality probability is highest 
where g approaches zero, and declines exponentially as g increases. 
We fit this function for stems with annual growth rates 0–1 mm/yr, 
and fit a constant stem mortality rate (Eq. 1) for stems with annual 
growth rates > 1 mm/yr.

4. A combination of a growth-dependent mortality function and a 
size-dependent mortality function, where, at each annual growth 
step, the higher mortality rate estimated using Eq. 2. and 3. was 
selected.

Within each census interval there are some trees which recruit and 
die without being measured in either census, meaning that some mor
tality is not recorded. This is more significant in longer census intervals, 
and as census interval lengths increase, the true mortality rate will 
increasingly be underestimated (Lewis et al., 2004; Kohyama et al., 
2018). We account for this by using an empirically derived correction of 
Mt0.08 where M is the mortality rate estimate, and t is the mean census 
interval length (Lewis et al., 2004). This correction is not specific to our 
dataset, however it offers an approximation to account for the biases in 
mortality estimates introduced by the long census intervals within our 
dataset (Kohyama et al. 2018). We apply this correction to all mortality 
rate estimates, using the mean census interval length for each biocli
matic domain.

Mortality is applied at each growth step in each trajectory, and the 
trajectory either ends (the stem is killed) or continues to the next growth 
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Fig. 1. Schematic to show method for building trajectories.
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step (the stem survives) according to the probability of mortality. Tra
jectories continued until stems were killed by the mortality function. 
Sets of 5000 trajectories, with each trajectory representing the growth of 
an individual stem from 91 mm DBH to death, were generated for each 
bioclimatic domain and each mortality function.

2.2.3. Forest structure simulations
We simulated the structure of a typical stand for each bioclimatic 

domain, by randomly sampling a cohort of 100 simulated trajectories 
(with mortality already applied) from the full set each year, and 
“recruiting” them into the stand (Figure S4). As our aim is to simulate 
size and age structures for stands at equilibrium, recruitment is constant 
and not spatially explicit. Sampling of trajectories was repeated each 
year for 300 years to ensure that all of the stems initially recruited in 
year 1 had died and the stand had reached steady state.

We calculated the following structural metrics from the DBH of all 
stems alive at year 300: mean, median, 75% quantile, and maximum 
DBH, as well as the shape and scale parameters of the distribution based 
on a Weibull distribution fit. Higher scale parameters indicate a rela
tively higher proportion of large stems; the shape parameter describes 
the skewness of the distribution, and lower shape parameters indicate an 
increasingly right-skewed distribution. We also estimated simulated 
basal area (BA) per hectare. Because the simulation is not spatially 
explicit, we estimated the number of hectares represented by each 
simulation, based on the ratio of the number of stems at year 300 in our 
simulation and the mean number of stems per hectare for each biocli
matic region in the inventory data. Total BA at year 300 was then 
divided by this estimate of the number of hectares simulated, to estimate 
BA per hectare.

We also calculated metrics that summarise the age and growth rate 
distributions of the stand. We calculated the age of each stem as the 
number of years since the trajectory was initialized and calculated the 
mean, maximum, 75% and 90% quantiles of the age distribution of the 
simulated stand. Finally, we calculated the mean of the distribution of 
the lifetime annual growth rates of the simulated stand. Each stand-level 
simulation was run 100 times to estimate 95% confidence intervals of 
the mean for all metrics.

2.3. Validations of individual growth trajectories and simulated stand 
structure

2.3.1. Validation of stem diameter growth trajectories
To determine the best method for simulating multi-species growth 

trajectories, for each bioclimatic domain we compared the ability of 
each sampling approach to simulate the spread of observed tree ring 
trajectories. Domain-specific growth-dependent mortality models were 
applied to the trajectories, as detailed in Section 2.2.2, to ensure 
comparability with the observed tree ring trajectories. We assessed the 
ability of each sampling approach to simulate the distribution of ages 
across stems of set sizes and the distribution of sizes across stems of set 
ages. We used Kolmogorov-Smirnov tests to assess any significant dif
ferences between the simulated and observed size distributions at 16 
different ages, and age distributions at 16 different DBH values, for each 
bioclimatic domain, and ranked the approaches based on the number of 
distributions with no significant differences between observed and 
simulated data. Where the distributions were significantly different, we 
used the Kolmogorov-Smirnov test statistic as a measure of difference to 
determine which approach generated the simulations with the greatest 
similarity to the observed data.

2.3.2. Validation of simulated stand structure
To assess the ability of the full simulation to model stand and age 

structure, we validated simulation outputs against observed plot census 
and tree ring data. We used two different simulations to compare 
simulated and observed data. Firstly, to compare simulated and 
observed stand structure, we conducted simulations using all data from 

all species and plots for each bioclimatic domain. For this simulation, we 
compared different methods of modelling mortality to determine which 
method produced simulations with the greatest similarity to the 
observed data. We compared simulated structural metrics for each 
bioclimatic domain with aggregated plot inventory data, selecting the 
most recent census of each plot between 2009 and 2018. If no censuses 
were available for the plot within these dates, the plot was excluded.

Secondly, to compare simulated and observed forest age structures 
and growth rates obtained from tree ring data, we carried out simula
tions using only data from the species represented within the tree ring 
dataset. We used only the growth-dependent mortality function in the 
simulations, as this function performed best in simulating size struc
tures. We compared simulated age and growth rate metrics against the 
tree ring data. To ensure comparability, within the tree ring sample, we 
estimated individual tree ages as the number of years since stems 
reached 91 mm DBH, and lifetime growth rates as all annual growth 
rates since stems reached 91 mm DBH, as this was the size at which 
simulations began.

2.4. Sensitivity analyses

The Quebec provincial forest inventory dataset is an extremely well- 
sampled inventory dataset, with good coverage over large regions. 
However, many inventory datasets are sampled over smaller areas or 
shorter time periods. To provide guidance on the application of this 
approach to other inventory datasets, we ran three additional analyses. 
First, we ran the simulation with a range of sample sizes of recruits and 
different lengths of time to maturity; secondly, we ran the simulation 
using data from only 3 censuses for a range of sample areas (Appendix 
B); and thirdly, we ran the simulation for one ecological sub-region 
within each bioclimatic domain (Appendix C).

3. Results

3.1. Validation of trajectory simulations against tree ring data

The best-performing method for simulating trajectories involved 
sampling growth increments based on growth autocorrelation, 
diameter-dependent growth, and wood density-dependent growth, for 
which 88% of the simulated age and size distributions were not signif
icantly different from the observed distributions (KS-test p > 0.05; 
Figs. 2 and S8–11; Tables S2–3). Sampling based on growth autocorre
lation alone was also effective in simulating the spread of trajectories, 
again with 88% of the simulated age and size distributions. not signifi
cantly different from observed distributions (KS-test p > 0.05). How
ever, in cases where simulated distributions differed significantly from 
observed distributions, the inclusion of growth autocorrelation, 
diameter-dependent growth, and wood density-dependent growth pro
duced simulated distributions more similar to the observed distributions 
than those obtained using growth autocorrelation alone (Tables S2–3). 
As a result, we adopted a simulation approach that incorporated growth 
autocorrelation, diameter-dependent growth, and wood density- 
dependent growth.

Without diameter-dependent growth, growth autocorrelation, or 
wood density-dependent growth, the “basic” simulated trajectories 
tended to converge toward a similar mean growth rate, and only 30% of 
the simulated age and DBH distributions were similar to the observed 
distributions (Figs. 2 and S8–10; compare “basic” with the other ap
proaches). Sampling based solely on diameter-dependent growth or 
wood density-dependent growth resulted in only modest improvement 
over the basic sampling framework: 34% and 41% of the simulated 
distributions, respectively, were similar to the observed distributions.
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3.2. Validation of simulated stand size and age structures

3.2.1. Validation of simulated size structure against plot inventory data
We found that our approach to simulating stand structure, based on 

sampling individual tree growth trajectories, was able to generate size 
distributions closely matching the observed distributions, although 
performance varied strongly with the mortality function that was used. 
Simulations employing the growth-dependent mortality function pro
duced structural metrics most similar to those observed. Across all four 
bioclimatic domains, simulations using this mortality function estimated 
20 out of 24 structural metrics within 10% of observed values, and all 
metrics within 20% (Table 2). In contrast, simulations using the alter
native mortality functions significantly underestimated maximum DBH, 
the scale parameter, and BA, with estimation errors exceeding 20% 
(Table 2). These results suggest that those functions overestimated 
mortality rates of the largest stems, thereby failing to accurately simu
late large-stem frequencies.

3.2.2. Validation of simulated age structure and growth rates against tree 
ring data

This approach also generated realistic simulations of stand age and 

growth rate distributions (Fig. 3). Across all bioclimatic domains, 
simulated estimates of mean stem age and the 75% and 90% quantiles of 
the stem age distribution were comparable to those derived from the tree 
ring data (Fig. 3; Table 3). Simulated estimates of maximum stand age 
were less accurate, likely due in part to the rarity of very old stems, 
which makes this metric sensitive to the small sample size of the tree 
ring data. Simulated estimates of mean annual growth rate were within 
+ /- 8% of the mean annual growth rate calculated from the tree ring 
sample (Table 3).

3.3. Sensitivity analyses

The sensitivity analyses showed that our approach can also be 
applied to simulate stand-level metrics across smaller sample areas 
(Appendix B), and at the sub-regional level (Appendix C). We find that 
simulated size and age structures are highly variable where the area 
sampled is < 2 ha but stabilize as the sample area increases. Our results 
indicate that, at least within these bioclimatic domains, a minimum 
sample area of 10 ha is sufficient to produce stable simulations, though 
we expect that a higher sample area will be required in more diverse 
forests (Appendix B). In contrast, in less diverse regions, such as the 

Fig. 2. Illustration of the spread of simulated trajectories under different sampling methods for the sugar maple-yellow birch domain, compared against observed 
tree ring trajectories. Column headings indicate whether sampling was done based on all three criteria of previous growth rate, stem DBH, and wood density, one of 
the criteria, or none. Row 1: variation in the spread of trajectories under different sampling frames. From light to dark, shaded grey areas show the 75%, 90% and 
95% quantiles of simulated trajectories, while black lines show a sample of 300 observed tree ring trajectories. Row 2: histograms to compare the spread of simulated 
(grey) and observed (red) stem sizes across stems with age of 40 years since 91 mm. Vertical lines show the mean stem size for each distribution. Row 3: histograms to 
compare the spread of simulated (grey) and observed (red) stem ages (since 91 mm) across stems with DBH of 200 mm. Vertical lines show the mean stem age for 
each distribution. Simulations which successfully replicate tree ring trajectories should show a similar distribution across the full range of stem sizes or ages. 
Figures for the other bioclimatic domains are presented in the SI.
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balsam fir-white birch and spruce-moss domains, we generated accurate 
simulations of stand structure using only ~7 ha sample area (Appendix 
C). Estimates of stand size and age structure are robust to variation in 
recruitment sample size and time to maturity (Figures S5–6).

4. Discussion

Our results show that stem growth trajectories can be modelled using 
repeated sampling of annual growth increments taken from plot in
ventory data. This is the first time that this approach to simulating 
growth trajectories has been applied to repeat plot inventory data and 
validated using separate datasets to build (using multi-census plot data) 
and validate (using tree ring data) the trajectories (see Brienen et al. 
2006 for modelling and validation with a single dataset). We found that 
inclusion of growth autocorrelation in the approach created a realistic 
spread of trajectories, while inclusion of diameter-dependent growth 
and wood density-dependent growth had a smaller effect. These results 
suggest that, where wood density data is unavailable, growth autocor
relation alone may be sufficient to simulate trajectories with reasonable 
accuracy. As wood density correlates negatively with growth rate 
(Chave et al., 2005), inclusion of growth autocorrelation may already 
account for much of the wood density-dependent variation in growth, 

reducing the effect of including wood density. However, species di
versity in this dataset is relatively low; even in the most diverse domain 
(sugar maple-yellow birch), just 3 species account for 65% of all stems 
and there is significant overlap in the growth rate distributions among 
species (Figure S12), meaning that within-species variation in growth 
rate may be just as important in determining the spread of trajectories as 
between-species variation in growth rate. The importance of wood 
density and species identity in shaping stand-level variation in growth 
rates might increase in more diverse forests.

Simulated growth trajectories are a valuable tool to estimate stand 
and species age distributions, and the approach could be further 
developed to estimate stand tree turnover, which is an important pre
dictor of forest biomass (Körner, 2017). This would be particularly 
useful in the tropics, where ring formation is rare, and estimation of 
species ages and longevities is challenging (Baker, 2003; Brienen et al., 
2016; Vieira et al., 2005), although further validation may be required 
to assess the reliability of this approach in forests with higher species 
diversity.

Our approach to simulating full stand structure, based on repeated 
sampling of growth trajectories, accurately captured the observed lat
itudinal variation in stand structure, age, and growth rates in forests in 
Quebec. Mean DBH and the relative proportion of large stems decline 

Table 2 
Mean percentage differences between observed and simulated stand structure variables, for each bioclimatic domain and each method of modelling mortality. From 
the domain-level simulated stand structure, we calculated summary structural variables, and compared these to summary variables calculated from the plot inventory 
data, aggregated at the domain level. Cells are coloured to indicate the percentage difference between each simulated value and the observed value, where green cells 
show simulations within 10% of the observed value, yellow cells between 10% and 20% of the observed value, and orange cells over 20% difference from the observed 
value.
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Fig. 3. Histograms comparing observed stand size and age structures, and growth rate distributions with simulation outputs using the growth-dependent mortality 
function. Row 1: comparisons of stem size distributions of typical stands generated from simulated stem growth trajectories (black hatched) and observed forest 
structure from plot census data for each bioclimatic domain (red). Row 2: comparisons of age distributions of typical stands generated from simulated stem growth 
trajectories (black hatched) and observed age distributions from the tree ring data (red), for each bioclimatic domain. Row 3: comparisons of growth rate distri
butions of typical stands generated from simulated stem growth trajectories (black hatched) and observed growth rate distributions from the tree ring data, for each 
bioclimatic domain.

Table 3 
Comparisons of growth rate and age distribution statistics between simulated stands and the tree ring sample, for each bioclimatic domain. All ages are from when the 
stem first reached 91 mm DBH. The range of simulated metrics is shown in brackets.

​ ​ Mean annual growth rate 
(mmyr− 1)

Mean stem age 
(years)

75% quantile stem age 
(years)

90% quantile stem age 
(years)

Maximum stem age 
(years)

Sugar maple-yellow 
birch

Simulated 
output

2.74 
(2.66, 2.80)

25.7 
(24.6, 26.7)

35 
(33, 37)

58 
(55, 62)

222 
(164, 246)

Tree ring 
sample

2.77 29 43 60 210

Balsam fir-yellow 
birch

Simulated 
output

2.70 
(2.65, 2.77)

28.7 
(27.3, 30.3)

40 
(38, 42)

66 
(61, 69)

192 
(168, 212)

Tree ring 
sample

2.61 29 43 59 158

Balsam fir-white 
birch

Simulated 
output

2.11 
(2.04, 2.15)

29.8 
(28.8, 30.7)

41 
(40, 43)

67 
(64, 70)

198 
(173, 216)

Tree ring 
sample

2.14 27 40 55 176

Spruce-moss Simulated 
output

1.18 
(1.16, 1.21)

42.2 
(40.9, 43.3)

58 
(56, 60)

96 
(91, 101)

292 
(271, 300)

Tree ring 
sample

1.10 43 60 88 194
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with increasing latitude, which is likely associated with the higher mean 
growth rates and higher frequencies of fast-growing stems in the lower 
latitude domains (Fig. 3; Duchesne et al., 2019). In the two temperate 
domains mortality rates are higher and mean stand age is lower 
(Table 1), indicating higher stem turnover rates, while stems in the 
boreal spruce-moss domain are slow-growing but longer-lived. This 
model has strong potential to be developed further to answer questions 
about the relative importance of growth, mortality, and turnover con
trols on stand structure.

Our results also highlight the importance of demographic rates in 
determining forest structure: across the four bioclimatic domains, vari
ation in forest structure can be described almost entirely using data on 
growth and mortality. Importantly, only limited information on species 
identity, as it relates to wood density, is required for accurate simula
tion. This success is likely attributable firstly to the strong effect of 
growth autocorrelation and the close association between growth rates 
and species functional traits. Plant functional traits clearly differentiate 
species along a fast-slow trait spectrum and are strongly correlated with 
variation in demographic rates (Reich, 2014; Rüger et al., 2020), 
meaning that information on species traits and composition is inherent 
in the sample of growth increments measured in plot census data. By 
employing growth autocorrelation, the sampling approach automati
cally samples growth increments from individuals with similar func
tional traits, which may reduce the need to explicitly account for a range 
of traits. Rüger et al. (2020), showed that grouping species into 5 plant 
functional clusters across two axes of variation (a growth-survival 
trade-off and a stature-recruitment trade-off) was sufficient to accu
rately model stand structure in a tropical forest. Our results suggest that, 
at least for boreal forests, even simpler approaches may be sufficient. 
Secondly, the results likely reflect the strong association between wood 
density and growth rates, whereby sampling frames based on wood 
density induce long-term variation in growth (i.e. large divergence of 
size-age trajectories). Re-sampling growth increments based on wood 
density offers a way to sample representative growth rates in more 
diverse datasets, where there may be either insufficient growth incre
ment measurements from each species, or individuals that are identified 
only to the level of family or genus.

The results also point to the importance of mortality in determining 
forest structure. We find that simulation outputs vary strongly according 
to the mortality function that is used, particularly for estimates of stand 
age, growth rate, and BA. In Quebec, fitted mortality functions depended 
strongly on growth, and only weakly on size. The strikingly high mor
tality rates of individuals with low growth rates (up to ~20% annual 
mortality for stems showing no growth in the previous year) indicate 
that growth rate is the best predictor of mortality in these forests, and 
that drivers of mortality, such as physiological stress, are strongly 
associated with low growth rates. A strong influence of growth- 
dependent mortality in shaping forest dynamics, structure, and 
composition has been observed in other temperate and high-latitude 
forests (Cailleret et al., 2016; Kobe, 1996). However, a 
growth-dependent mortality function may not be the best fit to other 
datasets, as the relative influence of different modes of mortality varies 
strongly with forest type and age (Cailleret et al., 2020; Larson et al., 
2015; Needham et al., 2020). For example, strong size-dependency of 
mortality has previously been identified in tropical forests (Gora and 
Esquivel-Muelbert, 2021), suggesting that case-by-case determination of 
an appropriate mortality function will be important for wider applica
tion of this approach.

While our approach is simple, it offers a foundation for more detailed 
modelling of forest dynamics. Unlike many individual-based models, 
which may require trait or spatial data, the approach simulates stand 
structure using only basic forest inventory data, and so in principle has 
the potential to be applied easily to other forest inventory datasets, 
albeit with some important caveats. Here, we have assessed our 
approach within natural forests with a small range of species; however 
most other inventory datasets will be from more diverse forests, 

particularly in the tropics, which is likely to add additional complexity. 
Firstly, the range of life-history strategies and growth rates is much 
higher in tropical and sub-tropical regions (Bialic-Murphy et al., 2024; 
Needham et al., 2022), and so simulation of realistic growth trajectories 
may require growth increments to be selected based on a wider range of 
functional traits. Similarly, use of a single plot-level mortality function 
may be insufficient to accurately model mortality in stands where high 
species and life history diversity may mask any strong stand-level size- 
or growth-dependencies. Instead mortality functions may have to be 
parameterized according to functional group or canopy status (Johnson 
et al., 2018). We would advocate for local drivers of growth and mor
tality to be considered when adapting this approach to new sites, and for 
careful assessment of outputs at steady state before using the simulation 
for projections.

One further limitation of the simulation approach is that information 
on recruitment is not included, and as a result the model outputs are not 
spatially explicit. While it is possible to obtain a “per area” estimate of 
BA and AGB through comparison of the number of trees in the simula
tion (once equilibrium is reached) and the observed tree density of the 
plot data, direct inclusion of site-specific recruitment data would allow 
for the simulation of stand-level properties, and a more intuitive inter
pretation of outputs. Furthermore, the lack of recruitment means that it 
is not currently possible to model recruitment responses to, for example, 
increased mortality and disturbance. Future development of the 
approach should therefore focus on inclusion of recruitment data.

We expect that wider application of this method should enable 
studies of forest dynamics and demographic controls on forest structure 
spatially and temporally. For example, once the model is parameterized 
to simulate stands under demographic equilibrium, mortality and 
growth can be varied through time in order to simulate structure under 
non-equilibrium conditions, such as with climate- or disturbance-driven 
increases in mortality rate. Because there are no inbuilt assumptions 
about growth responses to changes in competition, resource availability, 
or climate, outputs can provide “null” baseline expectations of forest 
structural responses under different scenarios of demographic change. 
This is valuable for assessing how growth longevity trade-offs combined 
with increases in growth could explain apparent global increases in 
mortality (Brienen et al., 2020; Yu et al., 2019), or exploring how growth 
stimulation may be driving global shifts in forest size distributions 
(Marqués et al., 2023; Esquivel-Muelbert et al., 2025).
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Appendix A. Supporting information

Supplementary data associated with this article can be found in the 
online version at doi:10.1016/j.foreco.2026.123704.

Data availability

Full code, documentation and sample data needed to run the simu
lation, alongside example trajectories, are available in the Zenodo re
pository at 10.5281/zenodo.19183014. Data from the Quebec 
provincial forest inventory program permanent sample plots is publicly 
available and can be downloaded from the following site: https://www. 
donneesquebec.ca/recherche/fr/dataset/placettes-echantillons-perm 
anentes-1970-a-aujourd-hui. Tree ring data can be obtained on request 
from the Direction des inventaires forestiers of the Ministère des Ressources 
naturelles et des Forêts du Québec.
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