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a b s t r a c t
Forest landscape models (FLMs) are important tools for testing basic ecological theory and for exploring
forest changes at landscape and regional scales. However, the ability of these models to accurately predict changes in tree species’ distributions and their spatial pattern may be signiﬁcantly affected by the
formulation of site-scale processes that simulate gap-level succession including seedling establishment,
tree growth, competition, and mortality. Thus, the objective of this study is to evaluate the effects of
site-scale processes on landscape-scale predictions of tree species’ distributions and spatial patterns.
We compared the deviations and similarity in species distribution (quantiﬁed by species’ percent cover)
as well as its spatial pattern derived from two FLMs: (1) an age cohort model with simpliﬁed site-scale
processes based on the presence or absence of age cohorts (a representative version: LANDIS 6.0), and
(2) a stand density model with detailed site-scale processes based on stand density (a representative
version: LANDIS PRO 7.0), which have the same framework but different site-scale process formulations.
We found that site-scale processes affected the simulated species’ percent cover and spatial pattern.
The importance of site-scale processes to individual species’ predictions depended on species’ ecological traits such as shade tolerance, growth rate, seed dispersal, and other factors. For early-successional
species, simulated distributions were insensitive to the formulation of site-scale processes. Conversely,
for shade-tolerant, middle-to late-successional species simulated distributions were highly sensitive to
the formulation of site-scale processes. Species’ shade tolerance may accentuate this simulation sensitivity. In addition, because the stand density model incorporated additional quantitative information, their
simulation results had a higher year-to-year variation than those from the age cohort model. The degree
of spatial aggregation of species’ distributions was insensitive to the formulation of site-scale processes,
whereas patch size and arrangement (landscape composition) for the species distribution were sensitive. Results from this study revealed the differences in simulation results between these two models
with different site-scale process formulations, which may help narrow down prediction uncertainties
and point to areas where representations of site-scale processes need to be enhanced in the future.
© 2015 Elsevier B.V. All rights reserved.

1. Introduction
Forest landscape models (FLMs) are important tools for testing
basic ecological theory and for exploring forest changes at landscape and regional scales. They simulate forest change including
site-scale and forest landscape-scale processes (He, 2008; Keane
et al., 2004; Perry and Enright, 2006; Scheller and Mladenoff,
2007; Taylor et al., 2009). Site-scale processes include growth,
mortality, and competition, which are represented in FLMs to be
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non-spatial and occur at each individual site (cell), whereas forest
landscape-scale processes include seed dispersal and forest disturbance, which are spatial and stochastic (He, 2008). Both types
of processes affect forest change at landscape to regional scales
(Araújo and Luoto, 2007; Dawson et al., 2011; Gustafson et al.,
2010).
Because of their spatially explicit and interactive nature, computational loads for FLMs may be intractable when the site-scale
processes simulated become too complex. Thus, FLMs typically
simplify these processes in order to simulate relatively large landscapes (Mladenoff, 2004). Information tracked at each site in early
FLMs is either aggregated as the presence or absence of species’
age cohorts (e.g., in LANDIS) (Mladenoff and He, 1999) or forest
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type (e.g., in LANDSUM and SIMMPPLE) (Chew et al., 2004; Keane
et al., 2002). Consequently, tree growth in these FLMs is simpliﬁed
as age increment (Li and Barclay, 2001; Mladenoff and He, 1999)
rather than DBH and crown increment as simulated in forest stand
models (e.g., Pacala et al., 1996). Resource competition at site scales
is either simpliﬁed by comparing species shade tolerance classes
so that shade-tolerant species successionally replace shade intolerant species (e.g. in LANDIS) or simpliﬁed by using successional
pathways so that late-successional forest types replace early- and
middle- successional types determined by predeﬁned transition
probabilities (Chew et al., 2004; Keane et al., 2004; Roberts, 1996).
Stand structure in these FLMs is also greatly simpliﬁed as the presence or absence of deﬁned age cohorts or simply forest types (He,
2008). The simpliﬁed formulations of vegetation dynamics in early
FLMs may be sufﬁcient for landscapes where forest landscape-scale
processes such as ﬁre or harvest can override site-scale processes
(Schumacher et al., 2004; Turner, 2010). However, the FLMs with
simpliﬁed site-scale processes omit tree density and size metrics
that are key mechanisms determining site-scale resource competition (Bohlman and Pacala, 2012; Moorcroft et al., 2001; Wang
et al., 2013). Thus, the FLMs with simpliﬁed site-scale processes
may not produce realistic predictions for forest landscapes where
effects of disturbance do not predominate and where site-scale processes largely drive forest landscape change (Schumacher et al.,
2004; Wang et al., 2013).
Recent FLMs have improved the formulation of site-scale processes by adding quantitative information (e.g. tree numbers and
biomass) at each site. For example, LANDIS II adds biomass to each
species’ age cohort and uses a ratio of actual biomass to potential biomass to quantify resource availability at each site, assuming
age-cohort biomass by species implicitly incorporates tree density
information (Scheller et al., 2007, 2011). LANDCLIM also replaces
the presence/absence of species’ cohorts in the LANDIS model
with species’ biomass dynamics, which tracks numbers of trees
and biomass by species’ age cohort. Site-scale resource competition is determined by growth- and density-dependent mortality
driven by maximum stand biomass (Schumacher et al., 2004). In
TreeMig, reproduction is modeled in a detailed way, including seed
production by adult trees, seed dispersal, seed bank dynamics, germination, and sapling development. Moreover, TreeMig accounts
for within-cell structure in terms of horizontal and vertical heterogeneity within the forest stand (Lischke et al., 2006). In addition,
LANDMOD is scaled up from a gap model to accelerate the computation efﬁciency (Garman, 2004), where growth and mortality
functions and bioclimatic values are ﬁtted by meta-modeling to
model gap simulations (Urban et al., 1999).
Studies have shown that simulated forest change is highly
sensitive to the formulation of site-scale processes (Araújo and
Luoto, 2007; Dawson et al., 2011; Elkin et al., 2012; McMahon
et al., 2011; Purves and Pacala, 2008; Tylianakis et al., 2008). For
example, different formulations of tree growth rates at the sitescale lead to different FLMs simulation results when more detailed
response variables are considered, such as species compositional
changes associated with elevation. In contrast, such effects are not
accounted for when results are assessed at larger spatial (landscape) scales and when coarse-scale response variables (e.g., total
forest biomass) are considered (Elkin et al., 2012; Liang et al.,
2013). Other studies also have shown that different formulations
of site-scale processes in FLMs affect the mechanisms used to simulate inter-speciﬁc competition, which consequently can lead to
conﬂicting simulation results (Kellomäki et al., 2008; Spittlehouse
and Stewart, 2004). For example, LANDCLIM includes only the
presence or absence of seeds and does not link seed numbers to
adult tree density and maturity. Applying LANDCLIM thus may
result in the domination of long lived, shade tolerant species in
the long run (Schumacher et al., 2004). In addition, some FLMs

limit seed numbers of shade intolerant species (Pennanen and
Kuuluvainen, 2002). This limitation is modeled by rules that force
these species to establish only in open gaps (Pennanen et al., 2004),
leading to biased estimation of the distribution of shade-intolerant
species.
Despite many attempts, it remains a challenge to determine
the effects of site-scale processes on predicting forest landscape
change. This is because differences in FLMs design and formulation
make it difﬁcult to identify and separate the effects of site-level
processes. Comparing models with the same framework but different site-scale process formulations thus might overcome some of
these problems.
In our study, we chose two FLMs, variants from the LANDIS
model family: (1) a model with simpliﬁed site-scale processes
based on the presence or absence of age cohorts (the age cohort
model) (He et al., 2005; Mladenoff and He, 1999; Yang et al.,
2011), and (2) a model with detailed site-scale processes based
on stand density (the stand density model) that includes consideration of gap level succession (Wang et al., 2013) for evaluating
effects of site-scale processes on landscape-scale predictions of tree
species distribution and spatial pattern. Speciﬁcally, we examined
(1) the deviations in species distribution (quantiﬁed by species relative abundance) as well as spatial pattern derived from the two
models; (2) the similarity of overall and year-to-year variation in
species distribution and pattern derived from the two models; and
(3) whether the response of spatial pattern predictions to sitescale processes was similar to predictions of species distribution.
Our study also examined how the drivers of site-scale dynamics,
species’ ecological traits such as shade tolerance, growth rate, and
seed dispersal, inﬂuenced individual species’ predictions.

2. Methods
2.1. Case study landscape
Our study area (4.1 × 105 ha) was located in the Changbai Mountain National Natural Reserve (CMNNR) and the 8 km surrounding
area at 41◦ 62 –42◦ 49 N, 127◦ 59 –128◦ 38 E. CMNNR lies within the
highest mountain range in northeastern China and protects one
of the largest natural temperate forests in the world (Shao, 1996;
Stone, 2006). There are four vertical vegetation/elevation zones
ranging from 740 m at the lowest elevation to 2691 m at the summit of the Changbai Mountains. Elevations from 740 to 1100 m are
predominantly a mixed Korean pine-hardwood forest zone, including Korean pine (Pinus koraiensis Siebold & Zucc.), basswood (Tilia
amuresis Rupr), Asian white birch (Betula platyphylla Suk), aspen
(Poplus davidiana Dode), ash (Fraxinus mandshurica), Mongolian oak
(Quercus mongolica [Fisch] Ledeb.), maple (Acer mono Maxim) and
elm (Ulmus propingua). From 1100 to 1700 m lies the evergreen
coniferous forest zone dominated by jezo spruce (Picea jezoensis
Siebold & Zucc.) and Manchurian ﬁr (Abies nephrolepis [Trautv.]
Maxim), with characteristics typical of boreal forests. From 1700 to
2000 m lies the subalpine forest zone dominated by mountain birch
(Betula ermanii Cham) and Olga Bay larch (Larix olgensis A. Henry).
Elevations above 2000 m include tundra, bare rock and a volcanic
lake (Shao, 1996). Hardwood forests extend 8 km outside the nature
reserve (lower than 750 m elevation) where human activities have
transformed the pine–hardwood forests into those mainly comprising hardwoods. The Changbai Mountains is also comprised
of azonal vegetation types and other types such as larch forests,
aspen-birch forests, alpine meadows, sparse forests, windthrow
areas, abandoned forests, as well as cut-over sites and other areas
subject to human use. Along with the zonal vegetation types, there
are 20 land cover types distributed mainly along elevational gradients.
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Fig. 1. Comparison of the age cohort model and the stand density models. Comparison of site-scale processes for the age cohort model and the stand density models, including
species- and stand-scale competitive succession and dispersal.

2.2. Model description
LANDIS is a spatially explicit, raster-based stochastic FLM
that has evolved over the past two decades (He and Mladenoff,
1999a,b; He et al., 1999; Mladenoff, 2004; Mladenoff and He, 1999;
Mladenoff et al., 1996). In the original LANDIS model, simpliﬁed
site-scale processes were implemented based on only presence or
absence of deﬁned species’ age cohorts, and succession was simulated as a competitive process driven by species vital attributes (e.g.,
longevity, maturity, and shade tolerance). Over the years, incremental improvements were made to simulate wind, ﬁre, harvest,
fuel management and biological disturbance agent (BDA) in later
versions of the model (versions 1.0–6.0) (Gustafson et al., 2000; He
and Mladenoff, 1999a; Mladenoff and He, 1999; Sturtevant et al.,
2004; Yang et al., 2004). However, the model’s core structure of
using age cohort succession remained unchanged.

2.2.1. The model with simpliﬁed site-scale processes (the age
cohort model)
In the age cohort LANDIS model (a representative version: LANDIS 6.0, download link: http://landis.missouri.edu/
landis60dlform.php), succession is driven by species vital attributes
including longevity, age of sexual maturity, shade tolerance class,
minimum age of vegetative reproduction, and seed dispersal distance. Tree birth, sprouting, growth, and mortality processes act on
species age cohorts by generating the birth of the youngest age
cohort, increasing the age of existing cohorts (through growth),
and removing existing age cohorts (through mortality). Stand
level processes, such as competition, are simpliﬁed by comparing
species shade tolerances so that species of a lower shade-tolerance

cannot establish on a site where more shade tolerant and mature
species are present (Mladenoff and He, 1999). On the other hand,
the occupancy of the most shade-tolerant species on an open site is
delayed until a speciﬁed period of occupancy by intolerant species
has been met. Species with age cohorts younger than the minimum
seed-producing age are ignored in this shade-checking algorithm,
which serves as a surrogate for crown closure. Without disturbance,
shade-tolerant species will tend to dominate the landscape when
other attributes are not limiting.
Seed dispersal is modeled as a function of species effective and
maximum seeding distances (He and Mladenoff, 1999b). A site
within the effective seeding distance of a species has a higher probability (e.g., p > 0.95) of establishing a new age cohort than one lying
beyond that distance (He and Mladenoff, 1999b). The maximum
seed-dispersal distance is that distance beyond which a seed has
near zero probability (e.g., p < 0.001) of reaching. Seed-dispersal
probability (p) between the effective (ED) and maximum seeding
distance (MD) follows a negative exponential distribution:
p = e−b(x/MD)

(1)

where x is a given distance from the seed source (MD > x > ED) and
b is an adjustable coefﬁcient (b > 0) (b = 1 in the current version of
LANDIS), which can change the shape of the exponential curve corresponding to various seed-dispersal patterns when information is
available.
When a seed successfully arrives at a site, the shade tolerance
rule described above is used to determine elegibility for seedling
establishment (Fig. 1a). Once a seed is determined elegible, environmental suitability for the seed is checked by comparing the species’
establishment probability (SEP) with a uniformly drawn random
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Fig. 2. Stand initiation and stem exclusion stages in the stand density model. Seedling establishment scenarios during stand initiation and stem exclusion stages in relation
to species’ shade tolerance and growing space occupied (GSO) for the stand density model. There are four deﬁned ranges of GSO within the stand initiation stage. Once
stands exceed Maximum GSO, they thereby attain the stem exclusion stage. At that point, self-thinning is initiated and continues to subsequent understory reinitiation and
old-growth stages, respectively.

number (0–1). This procedure captures the stochasticity of species
establishment and ensures that species with high SEPs have higher
probabilities of establishment (Mladenoff and He, 1999) (Fig. 1a).
2.2.2. The model with detailed site-scale processes (the stand
density model)
The stand density LANDIS model (a representative version: LANDIS PRO 7.0, download link: http://landis.missouri.edu/
landis70dlform.php) adds number of trees and diameter at breast
height (DBH) for each species’ age cohort and implements a tree
density-based successional module (Wang et al., 2013). Successional models based on tree density are executed in addition to
age-based succession, which thus facilitates comparing the two
types of models. In the stand density model, new attributes (maximum DBH, maximum stand density index, and potential annual
number of viable seeds) are added to improve representation of
stand-scale processes, which include stand density and tree size
factors that regulate self-thinning and seedling establishment. Tree
growth is simulated as both DBH and age increment, which is executed as species growth rate (a curve of DBH increment with age
by species). Stand-scale competition is regulated by the amount of
growing space occupied (GSO) (Oliver and Larson, 1996). GSO, in
turn, is derived from stand density index, which is a relative measure of stand density by species based on the relation between tree
density and average tree diameter (Wang et al., 2013).
Stand development patterns are governed by GSO and simulated to follow the well documented stand development stages:
stand initiation, stem exclusion, understory reinitiation, and

old-growth stages (Wang et al., 2013). At stand initiation and stem
exclusion stages, four threshold classes of GSO are used to regulate seedling establishment (Fig. 2): (1) open grown (0–GSO1 ), (2)
partially occupied (GSO1 –GSO2 ), (3) crown closure (GSO2 –GSO3 ),
and (4) fully occupied (GSO3 –MGSO) (Fig. 2). MGSO represents the
maximum growing space that can be occupied. When GSO becomes
fully occupied, stands enter the stem exclusion stage of development. Trees that are small, shade intolerant, or approaching their
species’ longevity limits are typically those that ﬁrst succumb to
self-thinning (Coomes and Allen, 2007; Reynolds and Ford, 2005).
After that, stand development continues on to the understory reinitiation and old-growth stages, respectively (Wang et al., 2013).
Similar to the age cohort model, seed dispersal is modeled using
a negative exponential decay function but with counting of numbers of seeds. The total number of seeds of each species reaching
a given site is accumulated from all available mature trees within
the dispersal kernel, which is the product of dispersal probability
and potential annual number of viable seeds. Unlike the age cohort
model, seedling establishment in the stand density model is regulated by potential annual number of viable seeds, GSO, species
shade tolerance, and SEP (Fig. 1b).
2.3. Model initiation
The age cohort and stand density models share two spatial data
layers (raster maps of land type and forest composition) in addition to other non-spatial parameters (e.g., species’ vital attributes,
SEPs). In LANDIS, a heterogeneous landscape can be differentiated
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Species parameters for vital attributes used in the LANDIS forest landscape model.

Simulation results for the stand density model include species
composition, stand density, basal area, stocking, and importance
value by species for each cell. They can be directly compared with
forest inventory data, which makes full utilization of such data
possible to construct initial forest conditions and calibrate model
parameters. Thus, in this study, we ﬁrst parameterized and calibrated the stand density model using forest inventory data, and
then parameterized the age cohort model based on the calibrated
parameters of the stand density model since the age cohort model
shares some parameters with the stand density model, which
required additional model parameters. This treatment ensured that
the shared sets of model parameters were identical for the two
models and different modeling outcomes were attributable to different model designs.
We initialized the stand density model using forest inventory
data from year 2000, simulated the model to 2010 at ﬁve year
time step, and then compared the simulated data with the 2010
inventory data. To ensure the initialized landscape matched forest
inventory data from the year 2000, we iteratively adjusted species
growth rates (DBH-age relationship) until the initialized species
basal area derived from the stand density model matched the summarized forest inventory data from the year 2000 at the landscape
scale. We then used the year 2000 initial landscape as the starting point and simulated forest succession without disturbance to
2010 to calibrate potential annual number of viable seeds per parent tree. Potential annual number of viable seeds was calibrated
iteratively until the simulated number of trees and basal area by
species closely matched the observed changes in forest inventory
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into various land types based on characterizations of environmental heterogeneity. The land type map in our study was derived from
elevation zones and Landsat imagery (Shao, 1996), which classiﬁed
the study area into 20 major land cover types. The forest composition map contains age cohort information by species for each raster
cell, which was derived by integrating classiﬁed remote sensing
imagery and the stand map including forest composition information (Shao, 1996). Species’ vital attributes (Table 1) and SEPs for
each land type were compiled from previous studies (He et al.,
2005; Liang et al., 2011a,b).
Besides the above parameters, the stand density model adds
some new parameters, such as number of trees by species age
cohort in each cell, GSO thresholds for each land type, and additional species’ vital attributes (such as maximum DBH, maximum
stand density index and potential annual number of viable seeds,
Table 1). We calculated the number of trees by species age cohort
for the cell size based on National Forest Inventory data, which
recorded total numbers of trees, stand age and species composition
in various forest stands, and previous studies (Liang et al., 2011a,
2012; Hao et al., 2002; Wang et al., 2009, 2011). We estimate GSO
by summing the total minimum growing space required to support all trees within each raster cell. The minimum growing space
required for each tree at a given species and size is derived from
the Reineke stand density index and maximum stand density index.
Reineke’s stand density index (Reineke, 1933) is a widely acknowledged stand density index, which is representative of the degree of
competition in the stand. Maximum stand density index is deﬁned
as the maximum number of 10-in. diameter trees per hectare, and
has already been reported for many species (Long, 1985; Reineke,
1933). Potential annual number of viable seeds, which is derived
from Burns and Honkala (1990) and other empirical studies, can be
calibrated to ensure the predicted density and basal area match the
Forest Inventory data (Burns and Honkala, 1990). In addition, Maximum DBH and species growth rates were derived from the forest
inventory data.
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for the same time period (Wang et al., 2013). The adjustment process was analogues to sensitivity analysis because the adjustments
were incremental. To establish the credibility of model predictions,
we compared the predicted forest succession trajectories with the
old-growth forests in our study area, because, in absence of disturbance, our model is meant to predict potential natural succession.
2.5. Model simulation
We used the age cohort and stand density models to simulate
the 12 most common tree species (Korean pine, spruce, ﬁr, mountain birch, white birch, larch, oak, ash, maple, aspen, basswood, and
elm) from years 2000 to 2200 using ﬁve-year steps. All spatial data
were initialized at a resolution of 100 × 100 m, which is compatible with previous simulation studies; this yielded 960 rows and
647 columns (He et al., 2005; Liang et al., 2013). Disturbances such
as forest harvesting, ﬁre, and wind were not simulated because
our objective was to evaluate natural successional trajectories of
the most abundant dominant species in relation to different sitescale processes. Simulations for all scenarios were replicated ﬁve
times. The model replications started with the same input parameters with the exception of the randomly generated seed numbers
used to simulate stochastic processes such as seed dispersal and
seedling establishment.
LandStat, an ancillary program of LANDIS, was used to process simulation results. These results were summarized as species’
percent cover (the number of pixels in which a species occurred
divided by the total number of pixels). To quantify species’ spatial patterns, largest patch index (LPI), aggregation index (AI), and
interspersion and juxtaposition index (IJI) were calculated by using
the landscape statistical software, FRAGSTATS (McGarigal et al.,
2012). These indices were calculated based on maps of species presence/absence at different age cohorts, since these maps were the
common outputs of both models. For an age cohort map, a pixel was
classiﬁed as “0” if the species was absent in this pixel; a pixel was
classiﬁed as “1” if the age of the species was within 0–5 years; a pixel
was classiﬁed as “2” if the age of the species was between 6 and 10
years, and so forth. LPI measures percentage of the landscape composed of the largest patch. Larger LPIs indicate more large patches.
AI measures the share of possible edges of corresponding patch
type, which provided an indicator of connections among patches
of the same type (He et al., 2000). Larger AIs indicate higher levels
of aggregation. IJI was used to assess the arrangement of species’
distribution patches in the landscape (landscape composition). IJI
approaches 0 when the distribution of adjacencies among patch
types becomes increasingly uneven (heterogeneous); it equals 100
when all patch types are equally adjacent to all other patch types.
2.6. Data analysis
Comparisons of simulation results (species’ percent cover and
spatial pattern) between the age cohort model and the stand density model were based on trajectories of species’ percent cover and
spatial pattern index across the simulation period (2000–2200).
For each model, the simulation result in a given simulation year
was mean of ﬁve model replicates in the given simulation year. We
ﬁrst assess the oscillation of trajectories of species’ percent cover
and spatial pattern index across the simulation period for each
model and calculate average deviations of trajectories of simulation
results during the entire simulation period (2000–2200) between
the two models. We then calculated the raw and detrended
correlation coefﬁcients to examine the similarity of overall and
year-to-year variation of two trajectories simulated by the two
models.
The oscillation of a time series can be assessed by the combination of mean, variance and ﬁrst order autocorrelation (Box and

Jenkins, 1976; Strackee and Jansma, 1992). Thus, we calculated
means (standard errors), variation, and the ﬁrst order autocorrelation coefﬁcients of trajectories of species relative abundance as
well as spatial pattern index for each of these two models, and
compared their differences between the two models. Mean and
variation are the average value and variation range of the trajectory
across the simulation period for each model. Standard error is the
standard error of ﬁve model replicates for each model. First order
autocorrelation coefﬁcient, calculated based on trajectory across
the simulation period for each model, is symmetric on [−1, +1],
where larger absolute values indicate higher autocorrelation.
The average deviation of trajectories of simulation results during the entire simulation period (2000–2200) between the two
models was calculated using the following formula (Vanclay and
Skovsgaard, 1997).
AD =

n


(Di − Ai ) /n

(2)

i=1

where AD is average deviation, Di is the simulation result (mean
of ﬁve model replicates) for year i derived from the stand density
model, Ai is the simulation result for year i derived from the age
cohort model, and n is the number of years within the simulation
period. The t-test for paired simulation results (mean of ﬁve replicates) from the two models was used to test whether AD differs
from zero.
The raw correlation coefﬁcients were used to show overall
similarity of two trajectories simulated by the two models. The
detrended correlation coefﬁcients were calculated to compare
trajectories simulated by the two models only in respect of its
year-to-year variation, which were based on trajectories of the
detrended index across the simulation period. The detrended correlation coefﬁcients were calculated based on the following four
steps. We ﬁrst evaluated trends in the simulated trajectories for
each model using linear regression with the simulation result as
dependent and the year as independent variable. The trajectory
was considered to be trended if the slope of the regression relation signiﬁcantly differed from zero. We then calculated linearly
detrended simulations by time step, which were determined by
the regression relation. Speciﬁcally, linearly detrended simulation
result in a given simulation year was calculated by the regression
relation with the given simulation year as independent variable. At
the third step, we calculated the detrended index for each year i
within the simulation period for each model using the formula:
Ii =

SIi
SDJi

(3)

where Ii is the detrended index, SIi is the simulation result for
year i and SDJi is the linearly detrended simulation result for year
i. At the fourth step, we calculated the correlation coefﬁcient of
the detrended index between the two models. Both the raw and
detrended correlation coefﬁcients were investigated directly by
Pearson product-moment correlation coefﬁcients.
All of the above statistical tests were carried out for both
species’ percent cover and spatial pattern index. Besides that, we
did Cohen’s Kappa statistic (Congalton and Green, 1999) to directly
measure the agreement in spatial patterns simulated by these two
models in the simulated short term (the year 2050), medium term
(the year 2100) and long term (the year 2200) period. Overall Kappa
coefﬁcient (k) derived from Cohen’s Kappa statistic was symmetric
on [0,1]: 0≤ k <0.2 implies slight agreement; 0.2 ≤ k < 0.4 implies fair
agreement; 0.4 ≤ k < 0.6 implies moderate agreement; 0.6 ≤ k < 0.8
implies substantial agreement, and 0.8 ≤ k < 1 implies almost perfect agreement (Landis and Koch, 1997).
We used the language and environment R (R Development
Core Team, 2011) for all of the above statistical tests. After
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Fig. 3. The trajectory of species relative abundance. The trajectory of species relative abundance simulated by the age cohort model and the stand density model across the
simulation period.

completing these analyses, we found that six species (ﬁr, basswood,
spruce, Korean pine, mountain birch and white birch) captured the
response patterns of all 12 species. Thus, we present below only
the results of those six species.

for the age cohort model were larger than those for the stand
density model (Fig. 4), suggesting higher autocorrelations simulated by the age cohort model than those simulated by the stand
density model.

3. Results

3.2. Spatial pattern

3.1. Relative abundance

For most species (ﬁr, basswood, spruce, Korean pine and mountain birch), LPI’s derived from the age cohort model were larger
than those from the stand density model (Fig. 5). For example, LPI
of ﬁr derived from the age cohort model was 43.69 ± 1.52, which
was larger than that from the stand density model (39.32 ± 0.14).
In addition, for basswood, spruce, Korean pine and mountain birch,
IJI’s derived from the age cohort model were larger than those from
the stand density model; larger values of IJI for the stand density
model were attained only by ﬁr and white birch (Fig. 5). In contrast, the AI’s from the age cohort model for basswood, spruce and
Korean pine were larger than those from the stand density model,
whereas the AI’s of ﬁr, mountain birch and white birch from the
stand density model were larger than those from the age cohort
model (Fig. 5). For almost all species, absolute values of ﬁrst order
autocorrelation coefﬁcient of trajectories for LPI, AI and IJI derived
from the age cohort model were larger than those from the stand
density model (Fig. 6).
Most of our results for deviation and correlation in spatial
pattern were similar to those we observed for species relative abundance. However, there were some spatial pattern results that did
not follow this trend. For example, a signiﬁcant correlation between
the age cohort and stand density models occurred in LPI for all
species (p ≤ 0.001), whereas in IJI there were no signiﬁcant correlations for these species (Table 4). For AI, a signiﬁcant correlation
occurred only in spruce and Korean pine. In addition, signiﬁcant
correlations in detrended trajectories of LPI occurred in basswood,

Our results showed that the mean relative abundance of ﬁr
across the simulation period simulated by the stand density model
were larger than those simulated by the age cohort model, whereas
for basswood, spruce and Korean pine, the mean relative abundance
simulated by the stand density model were smaller (Fig. 3, Table 2).
The average deviation in relative abundance of ﬁr, basswood,
spruce and Korean pine between the two models signiﬁcantly
differed from zero (p ≤ 0.001, Table 3). For example, relative abundance of spruce simulated by the age cohort model increased
slightly from 61.6 to 62.4%, whereas relative abundance of spruce
in the stand density model did not show a similar trend (Fig. 3).
The relative abundance of ﬁr in the stand density model ﬂuctuated
only slightly during the simulation period. In the age cohort model,
ﬁr abundance was similar to the stand density model until 2140,
after which it signiﬁcantly decreased (Fig. 3). In contrast, the relative abundance of both mountain birch and white birch between
the age cohort and stand density models did not differ signiﬁcantly
(Fig. 3, Table 3). Moreover, for both species the two models showed
signiﬁcantly positive correlations in relative abundance trajectories
(p ≤ 0.001, Table 3). Similarly, the detrended trajectories of mountain birch and white birch for the two models were also positively
correlated (p ≤ 0.001, Table 3).
For most species (ﬁr, basswood, spruce, Korean pine and mountain birch), absolute values of ﬁrst order autocorrelation coefﬁcient
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Table 2
Mean and variation of the relative abundance trajectories for the entire simulation period (2000–2200) for the age cohort and stand density models.
Mean (%) ± standard errors
of model replicates

Variation of abundance trajectories
across the simulation period

Fir

The age cohort model
The stand density model

48.149 ± 0.012
59.817 ± 0.016

21.854
1.018

Basswood

The age cohort model
The stand density model

76.368 ± 0.008
56.886 ± 0.027

0.245
9.507

Spruce

The age cohort model
The stand density model

62.270 ± 0.005
59.495 ± 0.020

0.592
1.022

Korean pine

The age cohort model
The stand density model

66.530 ± 0.007
66.087 ± 0.006

0.166
0.592

Mountain birch

The age cohort model
The stand density model

18.977 ± 0.014
19.900 ± 0.015

11.177
9.956

White birch

The age cohort model
The stand density model

27.451 ± 0.007
28.690 ± 0.006

19.237
17.907

Table 3
Statistical comparisons by species for differences and correlations between the age cohort and stand density models. The average deviation and correlation coefﬁcient (raw)
refer to the relative abundance trajectories shown in Fig. 3. The correlation coefﬁcient (detrended) refers to the detrended index trajectories. The p-values given for the
average deviation and the correlation coefﬁcients represent type-I errors for the null hypothesis that the two models do not differ based on t-tests.

Fir
Basswood
Spruce
Korean pine
Mountain birch
White birch

Average deviation

Correlation coefﬁcient (raw)

Correlation coefﬁcient (detrended)

11.668**
−19.482***
−2.852***
−0.443***
0.923ns
1.239ns

−0.137ns
−0.973***
−0.559***
0.672***
0.956***
0.963***

0.007ns
−0.760***
0.205ns
−0.620***
0.549***
0.836***

p ≤ 0.001.
p ≤ 0.01.
*
p ≤ 0.05.
ns
non-signiﬁcant.
***
**

spruce, Korean pine, mountain birch and white birch (p ≤ 0.001),
whereas a signiﬁcant correlation in IJI was observed only in Korean
pine and mountain birch. For detrended trajectories of AI, signiﬁcant correlations occurred only in Korean pine and mountain birch
(Table 4).
For all of the simulated species, k value decreased with the simulation period (Fig. 7), which was illustrated by a lower k value in
the simulated long term than those in the early and medium terms.
In addition, for basswood, spruce and Korean pine in the simulated
short, medium and long terms, as well as ﬁr in the simulated short
and medium terms, k values were larger than 0.6, which illustrated
substantial agreement between these two models.

4. Discussion
Our results showed that site-scale processes such as tree growth,
stand density, and tree size-related resource competition impacts
species percent cover and its spatial distribution pattern modeled
with FLMs. This is consistent with results from a previous study on
the sensitivity of FLMs to small-grain processes. When assessing
forest state on a species-speciﬁc basis, different formulations of tree
growth had a strong impact on simulation results (Elkin et al., 2012).
Furthermore, we found that the relative importance of site-scale
processes on species distribution prediction is likely to depend on
species’ ecological traits.

Fig. 4. Differences in ﬁrst order autocorrelation coefﬁcients of species relative abundance trajectories between the age cohort model and the stand density model. Box plot presents
the upper, estimated, and lower value, respectively.
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Fig. 5. The mean values and standard errors of spatial pattern index. The mean values and standard errors of largest patch index (LPI), aggregation index (AI) and
interspersion and juxtaposition index (IJI).

Shade-tolerant, middle- to late-successional species was highly
sensitive to the formulation of site-scale processes. Moreover,
species’ shade tolerance may accentuate this sensitivity as suggested by our study. For example, the moderately shade tolerant
spruce and the highly shade tolerant ﬁr both displayed signiﬁcant deviations in their distribution trajectories between the age
cohort and stand density models; concomitantly, there was no
signiﬁcant positive correlation in raw and year-to-year variation.
Moreover, the larger deviation in ﬁr compared to spruce may have
been related to differences in their relative competitiveness, which
in turn leads to a consideration of the formulation of site-scale processes such as those regulating stand density and growing space
occupied (GSO).
In this study, seedling establishment modeled with the detailed
site-scale processes was largely determined by species’ shade
tolerance (reﬂecting early-, middle- or late-successional species)
and GSO. Moreover, thresholds of GSO at various stand development stages affect the establishment of early-, middle- and
late-successional species differently. For example, the stand initiation stage (GSO1 ) is characterized by widespread establishment of
primarily shade-intolerant early-successional species; as the stand
is progressively ﬁlled and occupied (GSO2 and GSO3 ), only seedlings
of shade-tolerant middle- to late-successional species can become
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established; when the growing space becomes fully occupied
through a combination of tree establishment and growth, the stand
is considered fully stocked (GSO4 ), thereby, only late-successional
species with the highest shade tolerance class can establish. Other
studies have similarly found that formulating site-scale processes
in more details can inﬂuence the relative competitive ability of
species including their seed production and dispersal. In turn,
those factors may importantly inﬂuence the distribution of shadetolerant species (Gross, 1984; Howe et al., 1985; Paz et al., 1999;
Tripathi and Khan, 1990; Turnbull et al., 1999). We accordingly
suggest that model applications aimed at evaluating species’ interactions or simulating the distribution of shade-tolerant species
should consider site-scale processes (Fekedulegn et al., 1999; He
et al., 2011). In future research, we can relax the GSO threshold of
crown closure stage (GSO4 ) by essentially making it converge to
the GSO thresholds of open growth (GSO1 ) and partially occupied
stand development stages (GSO2 and GSO3 ). This would essentially
simplify the stand development processes. By doing so, we can test
whether the simpliﬁed site-scale processes can achieve the similar
outcome for the middle- and late-successional species as those simulated under the original design. The results can help us simplify
model parameterization.
Conversely, early successional species was insensitive to the formulation of site-scale processes. This results from the relatively fast
growth and high seed dispersal rates of early successional species
that preferentially confer to them an advantage of resource utilization. Those traits thus may override low establishment probabilities
by allowing those species to establish in less suitable areas (He and
Mladenoff, 1999b). Thus, for early successional species, simulated
distribution is robust with respect to different site-scale processes
such as resource competition. In our study, this phenomenon is
reﬂected in species such as white birch, an early successional and
expanding species (He et al., 2005). Other observational studies
also found no apparent effects of site-scale processes such as seed
mass on the growth and distribution of early successional species
(Dalling and Hubbell, 2002).
Our results also showed that for some species the mean abundance simulated by the stand density model was generally larger
than that simulated by the age cohort model. The stand density
model incorporated quantitative details at stand scale including
tree density and size related resource competition as well as numbers of seed. Seedlings accumulate from the seed dispersal of all
available parent trees within the dispersal kernel (Wang et al.,
2013). Increasing seed numbers (compared to presence or absence
of seed in the age cohort model) increases the chance of a viable
seed successfully arriving at a site and developing into a seedling.
Thus, species distribution simulated by the stand density model
should, at least theoretically, always is larger than that simulated by the age cohort model. Studies using other FLMs, such as
TreeMig, produced similar ﬁndings (Lischke et al., 2006). Continuously increasing seed supply therefore depends on numbers of
seed-producing parent trees sufﬁcient to produce a positive feedback loop of “more seeds-more seed producers-more seeds.” This
feedback process continues as long as the numbers of seeds produced remain below some maximum carrying capacity of seedlings
(Lischke and Lofﬂer, 2006).
In the stand density model, a larger distribution of the most
shade-tolerant species may have a negative effect on the distribution of moderately shade-tolerant species. Thus, for the stand
density model as applied in our study, the distribution of moderately shade tolerant species was smaller than that for the age
cohort model. For example, the stand density model for ﬁr revealed
a larger relative abundance than the age cohort model, whereas
that relation was reversed for spruce. The relative abandance of
ﬁr decreased dramatically in the age cohort model after simulated 140 years. This is because the age cohort model does not
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Fig. 6. Differences in ﬁrst order autocorrelation coefﬁcients of pattern index (LPI, AI and IJI) between the age cohort model and the stand density model. Box plot presents the upper,
estimated, and lower value, respectively.

incorporate number of seeds, which reduces the chance of a
viable seed successfully arriving at a site and developing into a
seedling, and consequently may affect the regeneration of the most
shade tolerance species. Thus, ﬁr decreased signiﬁcantly when they
approach their maximum lifespan. In the stand density model,
ﬁr did not decrease in relative abundance as it did in the age
cohort model, but rather maintained its abundance with only
slight ﬂuctuations. This self-maintenance of ﬁr thereby produced
a decrease in spruce abundance associated with its lower shade

Fig. 7. The agreement in spatial patterns simulated by these two models. Overall Kappa
coefﬁcient (k) in the simulated short term (the year 2050), medium term (the year
2100) and long term (the year 2200) period.

tolerance than ﬁr. This outcome also was conﬁrmed by a threedecade forest inventory of late-successional hemlock-hardwood
forests in Michigan, USA. There, very shade-tolerant species such
as hemlock (Tsuga Canadensis) increased or ﬂuctuated in abundance, whereas moderately shade-tolerant species such as spruce
over time greatly declined in abundance albeit sporadically (Wood,
2000).
As expected, when more site-scale processes are incorporated in
the stand density model, simulation results of species distribution
and its spatial pattern have a lower autocorrelation of year-to-year
variation (generally exhibit a higher year-to-year variation) than
that in the age cohort model. This is because succession in the stand
density model was affected by formulations of various processes,
including site-scale processes (e.g., tree growth, stand density, and
tree size-related resource competition) and landscape processes
(e.g., seed dispersal). In contrast, the age cohort models neither
explicitly simulate tree growth nor account for inter-speciﬁc competition effects during stand development. Instead, they reﬂect
the assumption that establishment probabilities were determined
by factors affecting species’ performance during succession. Once
established, trees died only because of large-scale disturbances, or
when they approach their maximum lifespan (He and Mladenoff,
1999a). Thus, the autocorrelation of year-to-year variations in age
cohort models are often high except when trees experience disturbance and death.
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Table 4
Statistics comparing spatial patterns simulated by the age cohort model versus the stand density model. Average deviation and the correlation coefﬁcient (raw) refer to the
spatial pattern index shown in Fig. 5. The correlation coefﬁcient (detrended) refers to the detrended index of spatial pattern. The p-values given for the average deviation
and the correlation coefﬁcients represent type-I errors for the null hypothesis that the two models do not differ based on t-tests.
Indexa

Average deviation

Fir

LPI
AI
IJI

−4.372**
2.028*
7.251*

Basswood

LPI
AI
IJI

Spruce

Correlation coefﬁcient (raw)

Correlation coefﬁcient (detrended)

0.974***
0.030ns
0.015ns

−0.006ns
−0.091ns
−0.241ns

−14.089***
−5.246***
−23.934***

−0.974***
0.103ns
0.028ns

−0.871***
0.013ns
0.199ns

LPI
AI
IJI

−2.074***
−0.495***
−5.089***

−0.945***
−0.568***
0.022ns

−0.412**
−0.167ns
−0.062ns

Korean pine

LPI
AI
IJI

−1.072***
−0.255***
−3.574***

−0.997***
−0.963***
0.012ns

−0.584***
−0.796***
−0.761***

Mountain birch

LPI
AI
IJI

−1.167ns
0.117ns
−8.092***

0.962***
−0.043ns
0.268ns

0.924***
0.711***
0.734***

White birch

LPI
AI
IJI

0.006ns
1.108ns
3.241ns

−0.603***
−0.009ns
0.040ns

0.966***
0.196ns
0.139ns

ns

non-signiﬁcant.
p ≤ 0.001.
**
p ≤ 0.01.
*
p ≤ 0.05.
a
LPI: largest patch index; AI: aggregation index; IJI: interspersion and juxtaposition index.

***

Our results showed that for all simulated species, the agreements in spatial patterns from the two models in the simulated
short and medium terms were higher than that in the simulated
long term. In addition, our results showed that the degree of spatial aggregation of species’ distributions (as quantiﬁed by AI) was
insensitive to the formulation of site-scale processes, but were
related with species’ percent cover. Larger species’ percent cover
corresponded to more aggregated distributions. In contrast, patch
size and arrangement (landscape composition) for the species distribution across the landscape (as quantiﬁed by LPI and IJI) were
sensitive to the formulation of site-scale processes. LPI and IJI

values for the stand density model also were smaller than for the
age cohort model. These relations thus substantiate that the stand
density model is capable of creating relatively small patches and
simulating high forest heterogeneity. The simulations with high
heterogeneity are especially important where steep environmental
gradients prevail such as in mountainous landscapes where microscale conditions control tree species establishment and growth
(Ott et al., 1997). Such landscapes are generally characterized by
complex spatial vegetation patterns. Spatial patterns of species’
distributions simulated by the stand density model therefore
may better approximate distributional patterns in mountainous

Fig. 8. Comparison of spruce distribution patterns derived from the age cohort model and the stand density model for the study area. The green part of the map represents the
spruce distribution simulated by the two models at year 2200. Spruce distributions at lower and higher elevations in the age cohort model are larger than in the stand density
model.
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landscapes. This further suggests that site-scale processes also may
be important in shaping distributional patterns through their effect
on interspeciﬁc competition. For example, spruce is not normally
very competitive with ﬁr at lower and higher elevations, which is
supported by our stand density model (Fig. 8).
Disturbances have the potential to substantially alter landscape properties and inﬂuence forest dynamics (Schumacher and
Bugmann, 2006; Reyes and Kneeshaw, 2008), which may mediate the sensitivity of site-scale processes. In boreal and western
coniferous forests where stand replacing ﬁre and clearcut have
overwhelming effects on forest succession, disturbances can overshadow site-scale processes and make site-scale processes less
sensitive in these systems. Previous studies also conﬁrmed that
the sensitivity of simulation results to site-scale processes was
not substantially increased or decreased by disturbances (Elkin
et al., 2012). Therefore, the age cohort model would be adequate
in capturing forest landscape dynamics. In deciduous and mixed
deciduous and coniferous forests where large-scale disturbances
(e.g., stand-replacing ﬁre and clearcut) are rare, site-scale processes
become more sensitive in these system. Therefore the stand density
model would be adequate.
5. Conclusion
The age cohort model incorporated only presence/absence data
of tree age cohorts, and thus provided little quantitative details
about stand composition or stand structure at the scale of the
individual raster cell, whereas the stand density model incorporated quantitative details at stand scale including tree density and
size related resource competition as well as numbers of seed. For
middle- or late-successional species, both species percent cover
and its spatial distribution pattern simulated by the age cohort
and stand density models were different because during stand
development these successional states were sensitive to site-scale
processes such as competition. Conversely, for early successional
species, the simulation results from these two models were similar because these species were insensitive to the formulation of
site-scale processes. We accordingly suggest that model applications aimed at evaluating species’ interactions or simulating the
distribution of shade-tolerant species should consider site-scale
processes. In addition, due to incorporating additional quantitative information, the simulation results from the stand density
model had a lower autocorrelation of year-to-year variation than
that from the age cohort model. The degree of spatial aggregation of species’ distributions was insensitive to the formulation of
site-scale processes, whereas patch size and arrangement (landscape composition) for the species distribution were sensitive. This
study did not aim to verify whether the detailed site-scale processes enhanced model predictive ability. However, results from
this study revealed the differences in simulation results between
these two models with different site-scale process formulations,
which may help narrow down prediction uncertainties and point
to areas where representations of site-scale processes need to be
enhanced in the future.
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