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ABSTRACT
Aim: Tree size distributions are an emergent feature of forest dynamics across space and time. Theory suggests that undisturbed 
forests exhibit a size-abundance distribution captured by a power-law relationship with a near-2 slope. We aimed to quantify how 
disturbances systematically and predictably cause deviations from this expected pattern.
Location: Contiguous United States.
Time Period: 2001–2023.
Major Taxa Studied: Diverse tree communities.
Methods: We analysed size-abundance distributions in over 160,000 FIA plots for both disturbed and undisturbed forests, 
examining changes in slope associated with disturbances, stand age, and maximum tree height. We used a Structural Equation 
Model (SEM) to evaluate whether disturbance effects on size-abundance slopes were indirectly mediated by changes in stand age 
or maximum height.
Results: We found that the predominant disturbances across the dataset (e.g., ground fires, animal damage) result in predictable 
flattening of size-abundance slopes, reflecting the selective removal of smaller trees. In contrast, many disturbances (e.g., wind, 
disease) did not shift the slopes predictably, indicating that they did not selectively impact any specific size class. Maximum tree 
height and stand age were also reliable predictors of size-abundance distributions, but a structural equation model demonstrated 
that the impact of disturbance on size-abundance slopes was not mediated through its indirect effects on stand age or maximum 
tree height, suggesting a direct pathway of influence.
Main Conclusions: Disturbances result in predictable changes to forest size-abundance slopes. As climate change and in-
creased disturbance frequencies produce younger and shorter forests, future size-abundance slopes are expected to be steeper 
than those in undisturbed forests. Our findings suggest a temporary flattening in the size-abundance relationship immediately 
after the predominant disturbances across the dataset (ground fires, animal damage). These findings underscore the importance 
of understanding disturbance impacts on forest size structure to improve predictions of forests across broad spatial and temporal 
scales.
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1   |   Introduction

Tree size structure influences a range of patterns and pro-
cesses in forest ecosystems, including carbon sequestration, 
habitat availability, and nutrient cycling (Piponiot et al. 2022). 
Consequently, models that predict tree size distributions are 
crucial tools for forecasting forest dynamics under increasing 
disturbances (Piponiot et al. 2022). Trees, like most organisms, 
become increasingly rare at larger sizes. Size distributions in for-
ests are shaped by demographic processes like growth, mortality 
and recruitment, and are key predictive features in mechanistic 
models of forest structure (Farrior et al. 2016; Grady et al. 2024). 
Surprisingly, these size distributions exhibit regularity across 
diverse habitats, suggesting the presence of consistent rules gov-
erning tree sizes (Enquist et al. 2009; Farrior et al. 2016; Zhou 
et al. 2021; Grady et al. 2024).

Tree size distributions in forests typically follow a power law, 
often with a slope near-2 in a regression of tree frequency by 
stem diameter (Enquist et al. 2009; Zhou et al. 2021). The specific 
mechanism at work is still debated, but empirical tests indicate 
that, on average, the predicted scaling values do appear across 
sites (Belgrano et al. 2002; West et al. 2009; Zhang et al. 2015; 
Perkins et  al.  2019; Zhou et  al.  2021). West et  al.  (2009) pro-
posed that-2 scaling represents a ‘zeroth-orde’ expectation for 
undisturbed forests at demographic equilibrium, where tree 
competition for space and mortality balances growth. However, 
disturbances may lead to deviation from this-2 slope expecta-
tion until the forest recovers (Figure 1). For example, fires may 
remove small trees from the forest, leading to shallower slopes 
before establishment of new saplings. Alternatively, windthrow 
events that remove large overstory trees and open up light in the 
understory may lead to a profusion of saplings and subsequently 
steeper slopes. Frequent disturbance has been argued to lead to 
systemic deviations from predicted-2 scaling for slopes (Coomes 

et al.  2003; Muller-Landau et al.  2006), although models have 
shown that small gap generation with associated light penetra-
tion may be essential to generating power law scaling of size dis-
tributions (Farrior et al. 2016).

Enquist et al. (2009) observed that stand-clearing disturbances 
may temporarily lead to a steeper size-abundance slope, with 
the virtual disappearance of large trees and an abundance of 
small trees released from competition for light. This pattern 
seems to hold across a large scale, as Duncanson et al.  (2015) 
found that forests with shorter tree heights across the United 
States exhibited a substantially more negative deviation from 
the expected −2 slope, even after controlling for various envi-
ronmental factors. Given the allometric relationship between 
tree height and size (taller trees generally have larger diame-
ters), this suggests that forests dominated by smaller/shorter 
trees after a stand clearing disturbance in general tend to have 
size distributions that deviate more strongly from the theoretical 
equilibrium. Therefore, disturbances that alter the age structure 
and maximum height of a forest should predictably influence 
its size-abundance slope indirectly via these variables. While 
disturbances range in scale and frequency, from frequent small 
gaps to rarer stand-clearing events (Kellner and Asner  2009), 
the prevalence of high-intensity disturbances has increased due 
to shifts in forest management, land use change and climate 
change (Seidl et al. 2017). Given that disturbance is a consistent 
and increasingly important feature of forests globally, under-
standing its role in shaping forest size distributions is critical 
for elucidating the foundations of forest assembly, structure and 
dynamics (McDowell et al. 2020).

Here we examine the role of disturbances on the size-abundance 
scaling relationship of forests across the conterminous United 
States, controlling for the effect of forest treatments, using data 
gathered from the Forest Inventory and Analysis Program (FIA). 

FIGURE 1    |    Hypothetical impact of different disturbance types on the size-abundance relationship in forests. (a) Slopes of this relationship 
(with both axes log scaled) are considered to converge on −2 when the forest is in demographic equilibrium and is at a mature stand age (Enquist 
et al. 2009). (b) For disturbances that do not kill all trees but are more likely to destroy smaller trees, such as ground/surface fires or animal grazing, 
we expect the slope to flatten due to relative stability in the larger size classes. (c) For disturbances that do not kill all trees but are more likely to 
destroy taller trees, such as wind from microbursts, we expect the slope to steepen due to the relative stability in the smaller size classes. Finally, we 
expect high wind from storms and tornadoes to flatten slopes by destroying trees indiscriminately. In a, b and c solid lines represent −2 scaling ex-
pected for no disturbance, whereas in b and c dotted lines indicate size-abundance relationship with disturbance. While only one species is depicted 
in the conceptual diagram, actual size-abundance relationships in empirical data include all species present in a plot.
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The FIA Program conducts the Nationwide Forest Inventory 
that systematically collects data on forest conditions, species 
composition, and changes over time across the United States, 
allowing for in-depth investigations of forests across broad tem-
poral and spatial swaths. We explore the relationship between 
a variety of disturbance-related and environmental predictors 
and the size-abundance slopes of forest plots. We use structural 
equation models (SEMs) to disentangle the roles of disturbance 
and intrinsic forest characteristics (i.e., height and stand age) 
on the diameter size distributions of forests across the United 
States. We posit that disturbance will indirectly influence size-
abundance slopes via stand age and maximum height. Finally, 
we hypothesise that disturbances primarily affecting smaller 
trees will result in shallower size-abundance slopes compared to 
undisturbed plots, whereas disturbances that reduce the abun-
dance of trees of all sizes equally are unlikely to cause signifi-
cant differences in slope (Figure 1).

2   |   Materials and Methods

2.1   |   FIA Overview

The FIA Program collects, publishes, and analyses data de-
scribing the extent, condition, volume, growth, and use of trees 
from all land ownerships in the nation (Smith 2002; Tinkham 
et al. 2018; Stanke et al. 2020). The FIA Program transitioned 
to the current ‘annual’ inventory in 1999, when FIA established 
a semi-systematic sample of ~350,000 plots across the contigu-
ous U.S., AK, HI, and the U.S. Territories and Affiliated Islands. 
About 140,000 of these plots occur on forested land. Generally, 
1/10 of plots are measured each year in the western U.S. and 1/7 
or 1/5 of plots are measured each year in the eastern U.S., leading 
to a 10-year or 5–7-year remeasurement period in the west and 
east, respectively. In total, the FIA database includes ~16.8 mil-
lion tree records from ~483,000 measurements of forested plots. 
Additionally, forest conditions (areas of the plot that are homo-
geneous with respect to parameters such as forest type and dis-
turbance category, among others) are delineated by field crews, 
with ~726,000 condition records in the FIA database. FIA data 
have been widely utilised in macroscale forest ecology research 
(e.g., Fei et al. 2018; Tinkham et al. 2018; Knott et al. 2020) and 
a variety of national and international reports on the status and 
trends of forests across the U.S. (Oswalt et al. 2019; e.g., Domke 
et al. 2023). The FIA Program uses a nationally consistent plot 
design with four 7.31-m radius subplots (168 m2), recording trees 
with diameter at breast height (DBH) ≥ 12.7 cm. Nested within 
each subplot are 2.07-m radius microplots (13.5 m2), measuring 
trees with DBH < 12.7 cm (hereafter ‘saplings’). Optional 17.9-m 
radius macroplots (1013 m2) centred on the subplots are reserved 
for large trees (DBH generally > 50.8 cm) and are only used in 
the Pacific Northwest region.

2.2   |   Size-Abundance Slopes

Abundance mapped by a power law typically extends from 
small saplings to canopy giants, but data on the smallest trees 
are not always available. In our case, microplots cover smaller 
areas, which means that abundance measurements of saplings 
are not directly comparable to trees measured in subplots. To 

account for this, we standardised abundance to a per-unit-area 
basis using the FIA-assigned trees per acre (TPA) expansion fac-
tor, which scales individual tree counts to an estimated num-
ber of trees per acre based on the ratio of sampling area to one 
acre of land (Bechtold and Patterson 2005). This factor, which 
FIA assigns individually to each tree, adjusts the individual 
tree counts from each plot to estimate the number of trees per 
acre, accounting for the specific size of the sampling areas used 
for each size class. By doing so, we ensure that the abundance 
of saplings, measured in smaller microplots, is comparable to 
that of larger trees, which are measured in the larger subplots. 
Without this adjustment, some disturbed forests with low tree 
densities might contain too few recorded individuals to robustly 
estimate size–abundance distributions.

Disturbance categories for plots were based on the classifica-
tions from the FIA condition-level data. FIA field crews delin-
eate conditions on plots based on evidence of disturbance and 
a variety of other factors (e.g., forest edges, forest types and evi-
dence of silvicultural treatments, among others). Based on these 
conditions, a plot is considered to be in a disturbed state if the 
area affected by the disturbance is ≥ 1 acre (0.4 ha) in size, with 
mortality or damage to ≥ 25% of the trees. Recorded disturbances 
must have occurred since the previous measurement (5–10 years 
depending on remeasurement period) or within 5 years of the 
initial plot installation (Burrill et al. 2021). We used disturbance 
codes from the FIA database to classify plots into the following 
categories: no disturbance, insect damage, human-caused dam-
age (any significant threshold of human-caused damage not in-
cluded in other disturbance or silvicultural categories. Logging 
is classified as an alternate silvicultural category), disease dam-
age, fire (including both crown and ground fire), ground fire 
only, animal damage or grazing, and wind. FIA does not con-
sider management and harvest events such as tree cutting, slash 
and burn, or clearing to be disturbances per se and instead clas-
sifies them as treatments. Such treatments are considered dif-
ferent from the ‘human-caused damage’ disturbance category. 
These classifications follow the FIA definitions and represent 
various natural and anthropogenic disturbances recorded in 
the database. We therefore removed plots that underwent treat-
ments from our data to minimise the effect of confounding vari-
ables (10,774 plots).

Stand age and maximum tree height for a plot can significantly 
impact size-abundance slopes (Duncanson et  al.  2015). In the 
FIA database, age estimates for each condition class in a plot are 
determined by calculating the average age of a subset of trees 
that have not been overtopped, selected from the size class that 
comprises the majority of trees in the forest canopy (Stevens 
et  al.  2016; US Forest Service  2022). It is possible for a single 
plot to contain multiple conditions of different stand ages, so we 
computed the weighted mean of measured stand ages across the 
plot based on the condition proportion of each stand age within 
the plot. Maximum height was calculated by selecting the height 
of the largest live tree in the plot as measured by field crews with 
some form of instrument (e.g., clinometer, relascope, tape).

To determine the effect of disturbance on size-abundance 
slopes, we first needed to estimate the slope relating abundance 
to size (i.e., DBH) and its uncertainty for each plot. The slopes 
were estimated for each plot, irrespective of the species present. 
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Size-abundance distributions were modelled using a power 
law, which is commonly used to describe tree size distributions 
(Grady et al. 2024). This approach differs from traditional log–
log regression in that it explicitly estimates the shape parameter 
(α) of the distribution rather than assuming a linear relation-
ship in log-transformed data. We can then calculate log–log 
size-abundance slopes as equal to −(α + 1) (Grady et al. 2024). 
We fit power-law distributions to the TPA-corrected data, using 
xmin = 3 cm and removing measurements of trees with DBH 
< 3 cm and > 50 cm (Grady et al. 2024).

2.3   |   Disturbance Effect: Bayesian Model

We then fit a Bayesian linear mixed-effects model to the cor-
rected data from both the microplot and the subplot with the 
brms package in R (Bürkner 2017) using rstan as the back-end 
(Stan Development Team 2023) to examine the effect of distur-
bance type on slope, including stand age and maximum height 
as predictors. The model was estimated using Hamiltonian 
Markov Chain Monte Carlo (MCMC) sampling, with 9000 it-
erations, including a 6000-iteration warmup, and four chains. 
Prior distributions were defined for the model parameters, 
including normal distributions with a mean of zero and a 
standard deviation of five for population-level effects (b), and 
a mean of zero and a standard deviation of two for the param-
eter σ (i.e., residual error term). These are weakly informative 
priors that help to stabilise the sampling algorithm but do not 
add any information regarding the expected directionality 
of the relationship. We also included a random effect in the 
model to account for spatial variability using a conditional au-
toregressive (CAR) correlation structure. This random effect 
utilises 67 terrestrial ecoregions of The Nature Conservancy 
(2024), which allows the model to capture similarities between 
neighbouring ecoregions and adjust for spatial autocorrelation 
(Read et  al.  2020). Draws were sampled using a No-U-Turn 
Sampler (NUTS, R v4.3.0, STAN v2.26.1). In our model, slope 
estimates are also associated with a degree of uncertainty, 
which we explicitly incorporate as measurement error into 
the model fitting process using the mi() function (following 
Kurz  (2023)). This allows the model to more accurately re-
flect the variability and potential imprecision in the observed 
data, ensuring that our conclusions are robust to these uncer-
tainties. The Bayesian model followed a Gaussian likelihood 
distribution with an identity link function. Most parameters 
demonstrated strong convergence diagnostics (R-hat ≈1.00, 
large ESS values), with the exception of the intercept, which 
exhibited a slightly elevated R-hat (1.04) and lower effective 
sample sizes (bulk-ESS = 203, tail-ESS = 128). Visual inspec-
tion of trace plots confirmed proper chain mixing for other 
parameters, while the intercept's behaviour suggests some 
additional uncertainty (Table S2, Figure S1). Prior sensitivity 
analysis, conducted using priorsense (Kallioinen et al. 2024), 
indicated that the posterior distribution was not sensitive to 
the chosen priors, further supporting that the results were 
primarily driven by the data (Table S3, Figure S2). The brms 
formula used to make this table is included in Table S2.

We first assessed the presence of an effect by calculating the 
probability that a parameter is strictly positive or negative, 
termed probability of direction (pd) (Makowski et  al.  2019). 

Unlike frequentist p-values, pd is derived from Bayesian poste-
rior estimates and provides a direct measure representing the 
certainty with which an effect goes in a particular direction; 
however, it is strongly correlated with the frequentist p-value. 
This metric focuses on the probability of observing a nonzero 
effect in the posterior distribution but does not account for 
whether that effect is practically meaningful. To assess prac-
tical significance, we then assessed the effects of disturbances 
on the response variable by calculating the proportion of the 
posterior distribution that falls within the Region of Practical 
Equivalence (prope) for each fixed-effect parameter, using the 
‘No Disturbance’ category as the baseline for comparison. The 
prope defines an interval around a null effect, typically set at 
±0.1 times the standard deviation of the response variable 
(SDy), following Kruschke (2018). This threshold corresponds 
to a ‘small effect’ as described in the Bayesian framework and 
is roughly analogous to Cohen's d = 0.1. A high proportion 
of the posterior (close to 100%) within the prope suggests that 
the estimated effect is practically negligible, akin to failing 
to reject the null hypothesis in traditional hypothesis testing. 
Conversely, if little to none of the posterior falls within the 
prope, it indicates strong evidence for a meaningful effect of 
disturbance. By comparing each disturbance category against 
the ‘No Disturbance’ baseline, we can determine whether the 
estimated effects are credibly different from the undisturbed 
condition.

To explore this expectation further, we conducted a post hoc 
Bayesian mixed-effects analysis, focusing on plots affected by 
animal grazing or ground fires (the two disturbances with a 
significant effect on slope; see Results). Rather than limiting 
our data to the most recent surveys, we incorporated all avail-
able observations from 2001 to 2023 to better capture long-
term trends. Our model estimates size-abundance slopes as 
a function of time since disturbance, stand age, disturbance 
type, and maximum height, while accounting for plot-level 
variability. This approach allows us to directly assess how 
size-abundance slopes evolve following disturbance events 
while controlling for stand characteristics and site-level vari-
ation. The Bayesian model followed a Gaussian likelihood 
distribution with an identity link function, and convergence 
diagnostics (Rhat = 1.00 for all parameters) confirmed the ad-
equacy of the model fit. All parameters demonstrated strong 
convergence diagnostics (R-hat ≈1.00, large ESS values), and 
visual inspection of trace plots confirmed proper chain mix-
ing (Table S4, Figure S3). Prior sensitivity analysis indicated 
that the posterior distribution was not sensitive to the chosen 
priors (Table S5, Figure S4). The brms formula used to make 
this table is included in Table S4.

2.4   |   Disturbance Effect: Structural 
Equation Model

Finally, we fit a structural equation model (SEM) with the 
lavaan R package (Rosseel 2012) to decompose the effects of 
disturbance on the size–abundance slopes of forest stands, 
focusing specifically on the disturbance types identified as 
significant in our Bayesian model. SEMs extend multiple re-
gression by allowing us to evaluate both direct and indirect 
effects among variables, which helps in understanding the 
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pathways through which disturbances affect forest structure. 
In our model, disturbance was included as a binary categor-
ical variable with presence or absence, but only disturbance 
types that showed significant effects in the Bayesian analysis 
were retained. Because these disturbances primarily affected 
smaller trees, we assumed their overall effects on stand struc-
ture followed similar pathways. Specifically, we estimated 
direct effects of disturbance on stand age, maximum height, 
and slope, along with direct effects of stand age on both max-
imum height and slope. Indirect effects were modelled to cap-
ture how disturbances influence slope through their effect on 
stand age and maximum height.

The full model structure can be expressed by the following set of 
equations where letters represent parameters estimated:

The total effects were calculated to account for both direct and 
indirect pathways. The total effect of disturbance on slope was 
computed as:

Total impact of disturbance on slope ≔ d + (a × e) + (c × f ) + (c × b × e) 
Similarly, the total effect of stand age on slope was captured by:

This model allowed us to disentangle the direct and indirect ef-
fects of disturbance and stand age on size-abundance slope, pro-
viding a more comprehensive view of how these factors shape 
forest structure.

3   |   Results

The raw data used in our analysis included 4,539,963 individ-
ual trees of 409 species spread across 184,947 individual plots 
(Figure  2). Species richness varied across plots, with values 
ranging from 1 to 21 species per plot. The median species 
richness was 5, with an interquartile range of 3–7 species. 
The mean species richness was 5.35 (SD = 3.13). Plots repre-
sented 31 different forest types (note that 6% of the 163,588 
plots used in the analysis did not have forest type classifica-
tions provided by FIA; Table  S1). The most common forest 
types were oak/hickory (41,698 plots), pinyon/juniper (13,708 
plots), and maple/beech/birch (12,705 plots). Stand age across 
the plots ranged from 1 to 860 years, with a median of 70 years, 
a mean of 78.73 years (SD = 53.68), and an interquartile range 
of 47–93 years. These data reflect a broad range of forest types 
and successional stages, from early succession to mature 
stands.

The majority of these plots experienced no disturbance 
(161,309), whereas the remaining plots were subject to various 
types of disturbances, including animal damage/grazing (4987 
plots), disease damage (5288 plots), crown and ground fire (969 
plots), ground-only fire (4166 plots), human-caused damage 
(1038 plots), insect damage (5215 plots), and wind (1975 plots) 
(Table 1). After applying the FIA TPA expansion factor to trees 
in both microplots and subplots, the analysis reflected a total of 
113,710,359 trees and saplings (Figure 3).

In our Bayesian model of disturbance type (Bayesian R2 = 0.20, 
Figure 4, Table 2), forests impacted by disturbances like ani-
mal damage, grazing, and ground fires, which predominantly 
remove smaller trees, exhibited shallower size-abundance 
slopes compared to undisturbed forests (Animal Damage/
Grazing: β = 0.13, 95% CI: 0.12 to 0.14, pd = 100%; Ground 
Fire: β = 0.15, 95% CI: 0.13 to 0.16, pd = 100%; prope = 0%). 
These disturbances create conditions where smaller trees are 
disproportionately negatively impacted, leading to a shift in 
forest structure. In contrast, disturbances such as disease 
damage, crown and ground fires, human-caused damage, 

Max height ∼ a × disturbance + b × stand age

Stand age ∼ c × disturbance

Slope ∼ d × disturbance + e ×max height + f × stand age

Disturbance via stand age (Indirect) ≔ c × f

Disturbance via max height (Indirect) ≔ a × e

Stand age via max height (Indirect) ≔ b × e

Total impact of stand age on slope ≔ f + (b × e)

FIGURE 2    |    Map of FIA survey points used in the analysis of this paper. The most recent survey for each plot was selected for analysis with the 
rFIA package. FIA sampling and data processing varies regionally, resulting in state-by-state differences in the most recent measurement year. This 
analysis included all available FIA plots, including intensified sampling plots in the western US from the early 2000s that are no longer sampled.
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insect damage and wind showed no significant effects on the 
slope (prope = 100%), suggesting these events may not substan-
tially alter size distributions. The effects of disease damage 
and human-caused damage were present under the less con-
servative pd estimate (pd = 99.99%). However, the effect size 
of disease damage was minimal, with a comparatively larger 
effect of human-caused damage (Table  2). Moreover, forests 
with older stand ages and taller maximum heights exhibited 
steeper slopes closer to −2, indicating that as forests age, 

they tend to develop structures closer to theoretical expec-
tations (Stand Age: β = 0.51, 95% CI: 0.50 to 0.52, pd = 100%; 
Maximum Height: β = 0.58, 95% CI: 0.57 to 0.60, pd = 100%). 
Strong spatial autocorrelation was evident across the plots 
(CAR estimate = 0.92, 95% CI: 0.75 to 1.00).

For the model examining the effect of disturbance over time 
(Figure 5), the linear term for time since disturbance revealed 
a weak negative relationship with size-abundance slopes 
(estimate = −0.01). This suggested that as time since distur-
bance increased, size-abundance slopes became progressively 
steeper—consistent with an initial lack of small trees followed 
by regeneration. Given that time since disturbance ranges from 
0 to 20 years and size-abundance slopes are generally between 0 
and 5, a small estimate is not unexpected. A 10-year increase in 
time since disturbance would correspond to a 0.1-unit change 
in slope, which is more meaningful in this context. However, 
this effect remains subtle, as indicated by the narrow credible 
interval (95% CI: −0.01 to −0.004), and the estimate fell en-
tirely within the Region of Practical Equivalence (prope = 100%), 
suggesting the effect is not practically significant despite the 
Probability of Direction (pd = 100%).

Stand age (log10-transformed) was included in the model as 
a control variable, but conditional effects plots (Figure 5) sug-
gest that the influence of time since disturbance also depends 
on stand age. Size-abundance slopes are steeper overall in 

FIGURE 3    |    Visual representation of tree size and abundance (number of stems) TPA-corrected FIA data, where abundance is calculated accord-
ing to a logarithmic binning procedure (White et al. 2008). The figure includes all trees across the entire dataset, pooled from all plots that fall into 
the ‘No Disturbance’ category. The data are binned into 15 intervals based on the log-transformed tree diameter (DBH), with abundance calculated 
from the number of trees in each bin, corrected using the FIA TPA method. Raw tree data are counted multiple times by the FIA TPA correction to 
place abundance data from the microplots and the subplots on the same scale.

TABLE 1    |    The number of plots per disturbance type that fit our 
criteria in the FIA database.

Disturbance type Number of plots

No disturbance 161,309

Animal damage/Grazing 4987

Disease damage 5288

Fire (Crown and ground) 969

Ground fire 4166

Human-caused damage 1038

Insect damage 5215

Wind 1975

Note: Plots that were not disturbed were the most prevalent in the dataset.
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younger stands compared to older stands, with both increasing 
in steepness at similar rates as time since disturbance increases 
(Figure 5). This suggests that younger stands may have initially 
had a steeper size-abundance slope—possibly reflecting a size 
structure dominated by smaller trees—while older stands ex-
hibit a flatter slope at any given point in time since disturbance. 
The parallel increase in slope across stand ages suggests that 
post-disturbance recruitment and growth patterns are compa-
rable, but younger stands maintain a consistently steeper size 
distribution.

Importantly, the inclusion of spatial autocorrelation in the up-
dated model (CAR structure) accounted for spatial dependen-
cies in the data. The CAR parameter estimate was 0.62 (95% 
CI: 0.06 to 0.97), indicating moderate spatial autocorrelation 
across plot-level intercepts. This suggests that the variation in 
size-abundance slopes is not entirely independent across plots 
and that neighbouring plots tend to share similar characteris-
tics. The standard deviation for the CAR structure (sdcar) was 
estimated at 0.17 (95% CI: 0.13 to 0.23), further confirming the 
presence of spatial variability in the model's residuals. Plot-level 
variability remained modest, with the standard deviation of 
plot-level intercepts estimated at 0.23 (95% CI: 0.22 to 0.24). This 
corresponds to an Intraclass Correlation Coefficient (ICC) of 
approximately 0.26, indicating that 26% of the total variance in 

size-abundance slopes can be attributed to differences between 
plots, with the remaining 74% reflecting within-plot variation.

The results from the SEM (Figure 6, Table 3) support and build 
upon the findings of the size-abundance multiple regression 
model. The SEM is fully saturated (i.e., has zero degrees of free-
dom), meaning it exactly reproduces the observed covariance 
structure. As a result, traditional SEM fit indices (e.g., CFI, TLI, 
RMSEA, SRMR) are not informative. Instead, we assess the 
model based on parameter estimates and their associated un-
certainty (Table 3). The direct effect of disturbance on the size-
abundance slope (specifically the disturbance types with large 
effects from the Bayesian models, that is, Animal Damage/
Grazing and Ground Fire) was significant, with a standardised 
coefficient (β) of 0.07 (95% CI: 0.06 to 0.08, p < 0.001) indicating 
that increased disturbance is associated with a shallower (i.e., 
less negative) slope. The direct effect of maximum height also 
demonstrated a significant positive effect on the slope (β = 0.11, 
95% CI: 0.07 to 0.15, p < 0.001), as did the direct effect of stand 
age, which had a strong positive effect (β = 0.36, 95% CI: 0.31 to 
0.41, p < 0.001). The indirect effects revealed that the path from 
disturbance through maximum height on slope was negligible 
(β = 0.00, 95% CI: 0.00 to 0.00, p = 0.45), as was the path from 
disturbance through stand age (β = −0.01, 95% CI: −0.01 to 0.00, 
p = 0.22). There was no direct effect of disturbance on maximum 

FIGURE 4    |    Visualised conditional effects output from Bayesian model fit to both microplot and subplot data. Error bars are the posterior median 
and 95% credible interval, and the y-axis is split to magnify the error bars (Xu et al. 2021). Despite the wide range in possible size-abundance slopes, 
we found that animal grazing/damage and ground fires resulted in shallower slopes. Disturbance types classified as different from plots with no 
disturbance based on the prope are highlighted with an *.
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height (β = 0.01, 95% CI: −0.02 to 0.04, p = 0.47), whereas there 
was a direct effect of stand age on maximum height (β = 0.18, 
95% CI: 0.01 to 0.35, p = 0.04). The total effect of stand age on the 
slope was substantial (β = 0.38, 95% CI: 0.35 to 0.41, p < 0.001), 
indicating a strong influence of stand age on the size-abundance 
relationship. Overall, these findings highlight the significant 
roles of both stand age and maximum height in shaping size-
abundance slopes, while also demonstrating a measurable effect 
of disturbance.

4   |   Discussion

Disturbance regimes play a fundamental role in shaping for-
est structure, with lasting impacts on tree size distributions 
that influence long-term trajectories of forest dynamics (Seidl 
et al. 2014; Seidl and Turner 2022; Grady et al. 2024). Our study 
demonstrates that different disturbance types drive distinct 
changes in size-abundance relationships, with size classes re-
sponding predictably based on disturbance severity and selec-
tivity. Disturbances that are known to disproportionately affect 
smaller trees, such as ground fires and animal grazing, were 
associated with shallower size-abundance slopes. This is con-
sistent with our hypothesis that disturbances will cause predict-
able deviations from the theoretical equilibrium slope, even for 

older forests. As the forest recovers, recruitment and growth of 
new small trees should drive the slope back towards the theoret-
ical equilibrium (Enquist et al. 2009; Zhou et al. 2021). However, 
increasing disturbance regimes are pushing many forests to-
wards shorter-statured and younger stands, suggesting that a 
true equilibrium may be less commonly achieved in many of the 
world's recovering forests (McDowell et  al.  2020). This aligns 
with a growing understanding that disturbed forests may not 
simply ecoverto historical conditions but rather undergo a pro-
cess of eorganisation (Seidl and Turner 2022) leading to novel 
ecosystem states that diverge from pre-disturbance conditions 
(Swanson et al. 2011).

In contrast to disturbances that selectively remove smaller trees, 
we found that disturbances impacting trees more uniformly across 
size classes exhibited limited effects on slope. This suggests that 
the size selectivity of disturbance is a key determinant of forest re-
covery trajectories. Disturbances that may not remove trees from 
the landscape (e.g., insect or disease damage) have a lag effect not 
immediately visible (e.g., insect or disease damage) or impact trees 
of all sizes (e.g., crown and ground fires together) had no or lim-
ited effect on slope in comparison to plots with no disturbance. 
The only disturbance type that appeared to violate this trend was 
wind. As shown in Figure 1, we expected wind to have a signifi-
cant effect on slope compared to undisturbed plots. However, our 
analysis found no difference between wind-disturbed plots and 
those without disturbance. This may reflect limitations in the FIA 
disturbance classification, which groups diverse wind events—
ranging from localised windthrow to large-scale storms—under 
a single category (Fitts et  al.  2022). These differing effects may 
offset one another, masking any clear relationship between wind 
disturbance and size-abundance slope.

This pattern of predictable shifts in size-abundance slopes fol-
lowing disturbance connects to a broader body of work exam-
ining the scaling relationships of tree size distributions. The 
search for general scaling patterns in ecology has a long history, 
with several proposed interacting mechanisms such as volume 
packing constraints (De Liocourt  1898; Yoda et  al.  1963), sto-
chastic packing theory (Taubert et al. 2015), growth-mortality 
trade-offs (Muller-Landau et  al.  2006), energy availability 
(Damuth 1981; West et al. 2009), and light limitation in canopy 
gaps (Farrior et al. 2016). The mechanisms behind scaling theory 
are still debated (Enquist et al. 2009; Farrior et al. 2016; Muller-
Landau et al. 2006; West et al. 2009). Disturbance history in par-
ticular is cited as a large reason for why forests may not adhere 
to size-abundance equilibria predictions (Coomes et  al.  2003; 
Coomes and Allen 2007), to the point where modern-day dis-
equilibrium in forests may reflect legacies of past disturbance 
events (Coomes and Allen 2007). We demonstrate that these 
perturbations still have a predictable directionality on how they 
impact size-abundance distribution slopes, with disturbances 
that selectively remove smaller trees leading to shallower slopes, 
whereas those that impact all size classes more uniformly have 
less of an effect on theslope.

Regardless of the disturbance type, stand age and maximum 
tree height were consistent predictors of size-abundance slopes, 
aligning with Duncanson et  al.  (2015). Our models indicate 
that younger forests with smaller trees tend to exhibit steeper 
slopes, whereas older forests with larger trees show shallower 

TABLE 2    |    Output of the Bayesian model fit to corrected subplot and 
microplot data.

Predictors Estimates CI (95%) prope pd

Intercept −3.87 −4.03 to 
−3.69

0.00% 100%

Stand age 
(log10)

0.51 0.50 to 
0.52

0.00% 100%

Max height 
(log10)

0.58 0.57 to 
0.60

0.00% 100%

Animal 
damage/
Grazing

0.13 0.12 to 
0.14

0.00% 100%

Disease 
damage

−0.03 −0.04 to 
−0.01

100.00% 99.99%

Fire (Crown 
and ground)

0.02 -0.01 to 
0.05

100.00% 90.33%

Ground fire 0.15 0.13 to 
0.16

0.00% 100%

Human-
caused 
damage

0.05 0.02 to 
0.08

100.00% 99.99%

Insect 
damage

0.01 −0.00 
to 0.03

100.00% 97.00%

Wind 0.00 −0.02 
to 0.02

100.00% 53.72%

Observations 184,947

Note: The percent of the posterior within the pROPE provides a more conservative 
estimate of effect prevalence compared to the probability of direction pd.
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slopes. Furthermore, the SEM reveals that the relative effects 
of stand age and maximum tree height are more critical for pre-
dicting size-abundance slopes than disturbance types. Although 
we might expect this to be because of disturbance impacting 
slope indirectly through stand age and maximum height, there 
were no direct effects of disturbance on stand age or maximum 
height. However, although the strength of disturbance on size-
abundance slopes is relatively lower than stand age and maxi-
mum tree height, it nonetheless results in shallower slopes for 
animal grazing and ground fires. This suggests that while forest 
development plays a dominant role in shaping size structure, 
disturbance can still exert a significant influence, particularly 
when it selectively targets smaller trees.

Our focus on size-abundance distributions, rather than looking 
at changes in average tree size over time, allows us to capture 
the full complexity of how disturbance reshapes forest struc-
ture. While average tree size can provide a general indication 
of growth or mortality trends, it obscures the critical shifts in 
the relative proportions of different size classes within the pop-
ulation. For instance, a change in average tree size could result 
from the loss of small trees, the growth of large trees, or a combi-
nation of both—outcomes that have very different implications 
for forest dynamics and carbon storage. In contrast, shifts in the 
size-abundance slope directly reflect the underlying processes 

FIGURE 5    |    Size-abundance scaling slopes fit with a Bayesian smoothing term (brms uses generalised additive models) to show the influence of 
time since disturbance in years on slopes. Plots are included as a random effect. The shading indicates the 95% CI.

FIGURE 6    |    Diagram of the structural equation model. Indirect 
effects and net effects (indirect + direct) are not included in the dia-
gram, but are provided in Table 3. Significance values are displayed as 
*p < 0.05; ***p < 0.001. Exact p-values for each relationship are also pro-
vided in Table 3. Disturbance is abbreviated as ‘Distrb.’ Red indicates 
negative relationships, whereas blue indicates positive relationships. 
Arrow thickness indicates the strength of the relationship, represented 
numerically by the numbered label.
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of recruitment, mortality, and changes in demographic struc-
ture driven by disturbance or competition (Grady et al. 2024). 
As illustrated by our analysis of ground fire effects (Figure 5), 
examining the scaling slope reveals a surge in recruitment and/
or enhanced growth of smaller individuals, a pattern that would 
be difficult to discern from changes in average tree size alone. 
This detailed understanding of how disturbance reshapes forest 
structure is crucial because many key forest ecosystem proper-
ties, including resilience and carbon cycling, emerge from the 
complex and reciprocal interactions between forest structure 
and disturbance (Mitchell et al. 2023).

The lack of effect of disturbance on maximum height is likely 
because the disturbances examined in the SEM predominantly 
affect smaller trees, resulting in shallower slopes without im-
pacting the largest trees. The lack of effect of disturbance on 
stand age, on the other hand, may stem from the way stand 
age is measured by the FIA programme rather than reflecting 
a true ecological pattern (Stevens et  al.  2016). The FIA pro-
gramme estimates stand age based on the average age of a subset 
of non-overtopped trees selected from the DBH size class that 
represents the plurality of dominant and co-dominant trees in 
the forest overstory (US Forest Service  2022). Consequently, 
FIA stand age does not necessarily account for the oldest trees 
(Stevens et al. 2016). If stand age included these individuals, we 
would expect disturbances that impact smaller trees (and lead to 
shallower size-abundance slopes) to increase the average stand 
age due to the loss of younger trees while older trees remain. 
However, since the FIA methodology excludes the abundance 
of older trees and the complex age structure within plots and 
surrounding stands, any potential disturbance effects on stand 
age are likely obscured (Stevens et al. 2016).

Similarly, constraints in capturing variation in time since dis-
turbance likely influence observed changes in size-abundance 
slopes over time. Our results suggest that size-abundance slopes 

steepen in the decades following a disturbance, reflecting the 
recruitment and growth of smaller trees into the gaps created 
by the disturbance. To clarify, a severe disturbance can initially 
flatten the slope, even to near zero, if many trees are removed. 
As succession proceeds and new trees establish, the slope then 
progressively steepens towards an equilibrium state. This post-
disturbance recovery, characterised by the establishment and 
growth of new individuals, is often facilitated by disturbance 
legacies (e.g., surviving trees) which play a critical role in in-
creasing the resilience of forest ecosystem structure and func-
tion (Seidl et al. 2014). The steepening, however, is a subtle effect 
in the analysis, with the estimated relationship between time 
since disturbance and slope being weakly negative and the cred-
ible interval including zero, indicating substantial uncertainty. 
This variability likely arises from the limited number of plots 
with longer time since disturbance; only 2.04% of disturbed plots 
in our analysis were recorded as being more than 15 years post-
disturbance. This is likely a limitation of the FIA data, as remea-
surements tend to cover a maximum of 10–20 years. Notably, all 
western U.S. plots have only one 10-year remeasurement, with 
an additional 5 years of prior disturbance included in the first 
measurement, resulting in a total of 15 years at maximum. In 
contrast, some eastern U.S. plots may have four or more remea-
surements (e.g., 2000, 2007, 2014, 2021), plus 5 years of prior 
disturbance, yielding a total of 26 years at maximum. Our re-
sults also suggest that the effect of time since disturbance is not 
uniform across all conditions but may depend on stand age at 
the time of disturbance. Conditional effects plots indicate that 
younger stands exhibit steeper size-abundance slopes overall 
compared to older stands, and this pattern is maintained across 
time since disturbance. Both younger and older stands appear 
to steepen in slope at similar rates following disturbance, sug-
gesting that post-disturbance recruitment and growth patterns 
are comparable across age classes, but younger stands consis-
tently reflect a size structure dominated by smaller trees. Future 
analyses could benefit from examining the effect of time since 

TABLE 3    |    Standardised regression coefficients for the direct and indirect effects of disturbance, stand age and maximum height on size-
abundance slope from the structural equation model.

Predictor Effect

Standardised

β 95% CI SE z p sig

Disturbance Indirect on slope via maximum height 0.00 0.00 to 0.00 0 0.75 0.45

Disturbance Indirect on slope via stand age −0.01 −0.01 to 0.00 0.01 −1.24 0.22

Disturbance Direct on maximum height 0.01 −0.02 to 0.04 0.03 0.72 0.47

Stand age Direct on maximum height 0.18 0.01 to 0.35 0.07 2.11 0.04 *

Disturbance Direct on stand age −0.01 −0.04 to 0.01 0.01 −1.27 0.20

Stand age Indirect on slope via maximum height 0.02 0.00 to 0.04 0.01 1.68 0.09

Disturbance Direct on slope 0.07 0.06 to 0.08 0.01 10.49 < 0.001 ***

Maximum height Direct on slope 0.11 0.07 to 0.15 0.03 4.84 < 0.001 ***

Stand age Direct on slope 0.36 0.31 to 0.41 0.02 14.87 < 0.001 ***

Disturbance (Net Effect) Direct on slope 0.06 0.05 to 0.08 0.01 7.87 < 0.001 ***

Stand age (Net Effect) Direct on slope 0.38 0.35 to 0.41 0.02 23.75 0.00 ***

Note: Indirect effects are mediated through either stand age or maximum height, with 95% confidence intervals (CI), standard errors (SE), z-values, and p-values 
reported. Significant effects are indicated with asterisks: *p < 0.05, **p < 0.01, ***p < 0.001. Net effects represent the total impact of disturbance and stand age on the 
slope, combining direct and indirect pathways.
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disturbance separately by disturbance type, as different distur-
bance agents (e.g., fire, wind, harvesting) likely produce differ-
ent initial conditions and rates of recovery. Additionally, as the 
FIA program continues to remeasure plots over longer time pe-
riods, we anticipate that the uncertainty surrounding this effect 
will decrease, allowing for more robust detection of temporal 
changes in size-abundance relationships.

In addition to constraints surrounding time since disturbance in 
the observed data, there is also a bias towards moderate distur-
bances. FIA measures disturbances at the condition level, which 
requires over 25% of trees to be damaged or dead within an area 
larger than one acre. While this threshold is practical for field 
crews to identify large-scale disturbances, such as fires or torna-
does, it likely misses more minor disturbances (Fitts et al. 2022). 
Similarly, our methods required a minimum number of trees 
to be present after disturbance to estimate a size-abundance 
slope, so some large-scale, stand-clearing disturbances were not 
included in our analysis. Our focus on moderate disturbances 
may limit our ability to detect the subtler impacts of smaller-
scale events on forest structure. Future studies should explore 
the effects of these smaller disturbances, perhaps by integrating 
more sensitive detection methods.

It is important to recognise that the dynamics of large tree loss 
may be underestimated in this study. The large sample size of the 
FIA programme, which spans multiple forest types and owner-
ships, offers a robust representation of general forest trends, but 
our focus on sub- and microplot trees, excluding larger trees, may 
miss significant aspects of the large tree loss narrative often dis-
cussed in the literature. However, this does not undermine the 
broader relevance of our findings, as they align with established 
patterns in forest size structure (Enquist et  al.  2009; Farrior 
et al. 2016; Zhou et al. 2021; Grady et al. 2024). Furthermore, re-
search on forest structure and disturbance has increasingly em-
phasised the importance of considering the interactions between 
disturbance type, severity and the pre-disturbance forest struc-
ture in shaping post-disturbance trajectories (Seidl et  al.  2014; 
Haber et al.  2020). Our findings contribute to this understand-
ing by demonstrating how the size selectivity of disturbance, in 
conjunction with stand age and maximum height, influences the 
directionality of shifts in size-abundance relationships.

5   |   Conclusions

Our findings suggest that a flattening in the size-abundance re-
lationship is common following targeted disturbances such as 
ground fire and animal damage, indicating that widespread dis-
turbances may disproportionately impact smaller trees across 
the contiguous U.S. Slopes in areas with targeted disturbances 
potentially steepen over time due to regrowth. While a shal-
lower slope could theoretically result if the largest trees continue 
growing while the abundance of small trees remains the same, 
such a pattern is ecologically unlikely. In contrast, disturbances 
that do not selectively target tree sizes produce less predictable 
changes in slope patterns. These shifts in forest structure and de-
mographics affect successional stages and carbon trajectories. As 
disturbance frequency and intensity rise due to changes in forest 
management, land use, and climate, understanding these dy-
namics becomes increasingly critical. Further research into how 

disturbances interact with environmental gradients will be essen-
tial for developing effective forest carbon management strategies.
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