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Most predictions of tree species' distributions at broad spatial scales are based only on one possible
characterization of environmental heterogeneity. Evaluating the effects of multiple heterogeneities on
predictions may help in quantifying prediction uncertaintie. In this study we investigated the effects of
three levels of environmental heterogeneity on landscape-scale predictions. In addition, we analyzed
how seed dispersal and interspecies competition contributes to prediction uncertainty. We used a
coupled ecosystem and landscape modeling approach to predict tree species' abundance at the landscape
scale. We designed multiple-species and single-species scenarios, each with the three levels of environmental heterogeneity. Our results showed the importance of considering environmental heterogeneity when predictioning tree species' abundance. For early-successional species landscape-scale
predictions differed signiﬁcantly among heterogeneity levels. For late-successional species, prediction
uncertainties based on different heterogeneity levels were comparatively low. Seed dispersal may be a
source of variation in predictions, whereas interspecies competition may reduce such variation.
© 2014 Elsevier Ltd. All rights reserved.
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1. Introduction
Most predictions of vegetation dynamics at broad spatial scales
are based on data from experimental or observational plots (Huber
et al., 2013; Iverson et al., 1999; Jansen and Bredemeier, 2004). Such
data are then used to derive mathematical relations between biotic
response variables (e.g., growth rate, net primary production,
biomass and carbon accumulation) and environmental variables
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(e.g., climate, soil, and terrain) for individual plots. The derived
relations then are applied to the spatial datasets of these environmental variables through bioclimatic envelope models or process
models, and consequently extrapolate plot-scale results to broader
heterogenous landscapes (Currie and Aber, 1997; Fan et al., 1998;
Hamann and Wang, 2006; Jenkins et al., 1999). In the process of
extrapolation, environmental heterogeneity as reﬂected by environmental variables is important because it determines the spatial
extent to which these relations are represented and extrapolated
(Anderson et al., 2009; Williams et al., 2002). Thus, deﬁning environmental heterogeneity is fundamental in broad-scale studies
such as estimating regional biomass and carbon storage (Williams
et al., 2002), NPP (Baeza et al., 2010; Jenkins et al., 2001), and
biodiversity conservation (Fahrig et al., 2011; Hermy and Verheyen,
2007; Zeleny et al., 2010).
Environmental heterogeneity is comprised of both structural
and functional variables. Structural heterogeneity is the observed
and measured heterogeneity. This heterogeneity is often deﬁned
arbitrarily (Kolasa and Rollo, 1991), including satellite imagery
wherein different cover types are identiﬁed (Asner et al., 1998). In
contrast, functional heterogeneity is the environmental heterogeneity with respect to ecological entities (e.g., individual, population,
multispecies) and is based on known functional responses of those
entities (Fahrig et al., 2011; Kolasa and Rollo, 1991; Li and Reynolds,
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1995). Functional responses, which can be characterized by system
properties with reference to ecological processes (e.g., competition
and seed dispersal), reﬂect actual perceptions of ecological entities
in relation to environment (Kolasa and Rollo, 1991). It has been
shown that functional heterogeneity among species with different
functional traits can differ (He et al., 2010; Kolasa and Rollo, 1991).
Because functional heterogeneities for multiple species are
difﬁcult to include in one prediction, most broad-scale predictions
of tree species' distributions are based solely on one characterization of environmental heterogeneity (Aber et al., 2002; Fang et al.,
2001; Jenkins et al., 2001; Pan et al., 2011). Generally, for species
sensitive to environment, their functional heterogeneities are
relatively ﬁne. For those species, a coarse-level classiﬁcation of
environmental heterogeneity thus may lead to uncertainties in
prediction. For example, a land unit lying within a coarse-level of
heterogeneity may contain multiple smaller land units when
characterized by functional heterogeneity. Moreover, species in
these smaller functional land units may differ in response to
climate warming. Under the coarse-level heterogeneity, those responses thus are likely to be homogenized (i.e., obscured by averaging). Consequently, the positive response that leads to the
persistence or increase in abundance in the smaller land unit may
not be correctly captured. Thus, using one characterization of
environmental heterogeneity may result in uncertainties in prediction of the species response for a given land unit. In this way,
predictive uncertainty can multiply across the landscape.
How species respond to different characterizations of environmental heterogeneity also can be related to species' functional
traits such as their competitive ability and capacity for seed
dispersal. A generalist may be insensitive to environmental heterogeneity classiﬁcation whereas a specialist may be highly sensitive (Fahrig et al., 2011). Studies have shown that species
competition and dispersal, which occur at local scales, are critical in
shaping species range predictions at regional scales (Araújo and
Luoto, 2007; Tylianakis et al., 2008). Thus, assessing the effects of
multiple environmental heterogeneities (from ﬁne to coarse) on
landscape-scale predictions for multiple species with different
functional traits is important in quantifying the range of prediction
uncertainties.
The objective of this study was to investigate the effects of
multiple characterizations of environmental heterogeneity on tree
species' distributions predicted under climate warming and how
species' functional traits such as seed dispersal and interspecies
competition account for such effects. Speciﬁcally, we investigated
whether the predictions of tree species' distributions (quantiﬁed by
species relative abundance) differ based on three classiﬁcations
(ﬁne-, intermediate-, and coarse-level) of environmental heterogeneity. We then quantiﬁed the uncertainty range of predictions
derived from the different environmental heterogeneities. We also
analyzed how seed dispersal and interspecies competition
contribute to observed discrepancies in simulated species' relative
abundance.
2. Material and methods
2.1. Characterizations of environmental heterogeneities
Our study area (4.1  105 ha) was in the Changbai Mountain National Natural
Reserve (CMNNR) in China and the 8 km surrounding area at 41620 e42 490 N,
127 590 e128 380 E. The area lies within the highest mountain in northeastern China,
ranging from 613 m at the lowest elevation to 2691 m at the summit of Changbai
Mountain. The area represents one of the largest temperate forests in the world
(Shao et al., 1994; Stone, 2006). To study the effects of environmental heterogeneity
on predictions of tree species' abundance, the study area was divided into three
environmental heterogeneity classes: coarse, intermediate and ﬁne, which were
deﬁned by their associated elevation, aspect, and vegetation. Elevation is an
important physical factor governing elevational forest distribution within the study
area (Han and Wang, 2002). We thus used elevational/vegetation zones to represent
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the coarse-level of heterogeneity comprising four vegetation zones as follows
(Fig. 1). The hardwood vegetation zone (below 750 m), which is primarily composed
of Asian white birch (Betula platyphylla Suk.), Korean aspen (Populus davidiana
Dode.), maple (Acer mono Maxim.), and elm (Ulmus propingua Koidz.). The mixed
Korean pine hardwood vegetation zone (750e1100 m), which includes Korean pine
(Pinus koraiensis Siebold & Zucc.), Mongolian oak (Quercus mongolica [Fisch] Ledeb.),
basswood (Tilia amurensis Rupr.), Manchurian ash (Fraxinus mandshurica Rupr.),
maple, and elm. The spruceeﬁr vegetation zone (1000e1700 m) composed of jezo
spruce (Picea jezoensis Siebold & Zucc.) and Manchurian ﬁr (Abies nephrolepis
[Trautv.] Maxim.), with characteristics typical of boreal forests. The subalpine
vegetation zone (1700e2000 m) dominated by mountain birch (Betula ermanii
Cham.) and Olga Bay larch (Larix olgensis A. Henry).
Each coarse-level zone was further subdivided into intermediate levels of classiﬁcation based on forest type using Landsat imagery with 30 m spatial resolution
(Shao et al., 1996). We deﬁned 19 forest types (plus tundra and water) based on the
predominant species present and associated species. Each of the four vegetation
zones comprised from 3 to 8 forest types as follows. The hardwood vegetation zone
included mixed hardwood, aspenewhite birch, white birchemaple, and oakewhite
birch types. The mixed Korean pineehardwood vegetation zone included Korean pine
hardwood, Korean pineeoak, and Korean pineelarch types. The spruceeﬁr vegetation zone included eight forest types where the dominant species were spruce and
larch associated with different combinations of ﬁr, mountain birch, and Korean pine.
The subalpine vegetation zone included mountain birch, mountain birchelarch,
mountain birchespruce, and mountain bircheﬁr types.
Within each forest type, aspect also has a great effect on vegetation because it
governs ﬁne-scale species composition by redistributing humidity and temperature
(Shao et al., 2003). Thus, we overlaid aspect (north, south, west, and east) generated
from Digital Elevation Model (DEM) on forest type maps to represent the ﬁne-level
classiﬁcation of environmental heterogeneity (Fig. 1).
From coarse to ﬁne levels of environmental heterogeneity, the area of an individual land unit decreases whereas the number of land units increases. For example,
the coarse-level classes of environmental heterogeneity comprised four land units
(four vegetation zones); the intermediate-level classes comprised 19 land units (19
forest types); and the ﬁne-level classes comprised 76 land units (19 forest
types  four aspects).
2.2. Field and climate data
We established 2 to 4 plots in each land unit at the ﬁne level of environmental
heterogeneity, which totaled 227 plots across the study area (Fig. 2). In each plot,
forest and soil data were collected. Forest data included numbers of trees, age, and
DBH by species. Soil data included soil organic matter, total carbon (C), soil nitrogen
(total N), and soil moisture (wilting point and ﬁeld water capacity) all measured by
conventional methods (Zielinski et al., 1994). For a land unit of the ﬁne level of
heterogeneity, model input parameters for vegetation and soil were derived from
the means of 2e4 plots within a land unit; for a land unit of the intermediate level
heterogeneity, input parameters were derived from the mean of 6e16 plots within a
forest type; and for a land unit of the coarse level of heterogeneity, input parameters
were derived from the mean of 26e96 plots within a vegetation zone. Model results
using only data from several plots did not differ from those using all plots indicating
that the sampling was relatively robust.
Current climate data were based on 30-year (1960e1990) data records at four
weather stations. Values for between-station plots derived by Universal Kriging
Interpolation (http://cdc.cma.gov.cn/home.do). Weather data included 12 monthly
temperatures and precipitations and their standard deviations. Data for climate
warming were derived from the second version of the Canadian Global Coupled
Model (CGCM3) (Flato and Boer, 2001). The average annual temperature predicted
by CGCM3 increases by 4.6  C over the next 100 years (1990e2090). Monthly
temperature differences between the warming and current climate were calculated
to derive the warmed monthly temperature grids using the method described in He
et al. (2005). The predicted results of temperature change between 1990 and 2090
were linear, suggesting that warming is expected to occur gradually over the next
100 years, which also has been indicated by previous studies (Flato and Boer, 2001);
the warmed climate remained constant after 2090.
2.3. Coupled modeling approach to predicting forest landscape change
The predictions of tree species' responses to climate warming at landscape
scales (for the entire study area) were derived by using a coupled modeling
approach that links the ecosystem process model LINKAGES (Post and Pastor, 1996)
with a forest landscape model LANDIS (Mladenoff and He, 1999) (Fig. 3). This
coupled modeling approach has been used to predict the responses of major forests
to current and warming climate in our study area (He et al., 2002, 2005; Liang et al.,
2012). The uncertainty analysis on model parameterization has been previously
described for the study area (Xu et al., 2004, 2005).
2.3.1. Ecosystem process model (LINKAGES)
LINKAGES, a derivative of the JABOWA/FORET class of gap models, was used to
simulate tree species' responses to climate warming within each land unit of environmental heterogeneity. Input data for LINKAGES included climate parameters (12-
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Fig. 1. Maps of the three levels of environmental heterogeneity. The vegetation zone map, the forest type map, and the map derived by spatial overlay of forest types and aspects
represent environmental heterogeneities at coarse, intermediate, and ﬁne levels, respectively. Four vegetation zones and 19 forest types are named in the legend. The names of the
76 units within the ﬁne-level of environmental heterogeneity are too numerous to display.

month mean temperature and precipitation, and their standard deviations),
growing season degree-days, soil attributes (soil organic matter, total C, soil nitrogen
(as total N), and soil moisture, including wilting point and ﬁeld water capacity), sitelevel tree data (number, age and DBH of tree stems by species), and species' vital
attributes (including longevity, shade tolerance, and drought tolerance). Soil and
vegetation data were compiled from a forest inventory of 227 ﬁeld plots within each
land unit of environmental heterogeneity and from previous studies in the area (Hao
et al., 2001; Wang et al., 1980; Yan and Zhao, 1996).
Species' biomass (output from LINKAGES) was used to quantify species' responses to environment under climate warming. Because a larger species' biomass
represents greater species' suitability to a given environment (e.g., a land unit of
deﬁned heterogeneity), a species' biomass within a land unit can be used to quantify
a species' establishment probability (SEP) within that land unit using the following
equation (He et al., 1999).
ﬃ rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ

rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
Xn
Xn
SEPij ¼ b0ij max
bij;
b0 ij
(1)
j¼1
j¼1
where bij and b0 ij are the biomass of species i on land unit j under current and
warming climate, respectively. SEPs derived from biomass in this way thus were
used as one of the input parameters of LANDIS to simulate the abundance of tree
species at the landscape scale and also landscape processes (e.g., species' dispersal
and competition) (He et al., 2005). SEPs range from 0 to 1 (Mladenoff and He, 1999).
For a given species, this value was coincident with each homogenous land unit of
environmental heterogeneity and thus could vary from one land unit to another (He
and Mladenoff, 1999; He et al., 1999).

From a sampling perspective, the number of plots for a land unit within the ﬁne
level classiﬁcation of environmental heterogeneity is determined by the area of the
land unit. Larger areas tend to include more plots. Thus, the mean of plot data for a
land unit under the coarse heterogeneity level corresponded to the area-weighted
mean of plot data under the ﬁne heterogeneity level. Accordingly, SEPs under the
coarse heterogeneity level also corresponded to the area-weighted SEPs under the
ﬁne heterogeneity level.
2.3.2. Forest landscape model (LANDIS)
LANDIS is a spatially explicit landscape model designed to simulate forest
landscape change over large spatial and temporal scales (Mladenoff and He,
1999). In this study, we used LANDSI 6.0 (www.missouri.edu/~landis.htm), an
expanded version of LANDIS 4.0 (He et al., 2005). The parameters of LANDIS that
we used included input maps for land type (one of three classiﬁcations of
environmental heterogeneity) and forest composition. The forest composition
map contains individual specieseage class distributions for the study area.
Parameter values (species' vital attributes, Table 1) and SEPs were derived from
output of LINKAGES and previous studies (He et al., 2005; Liang et al., 2011a,b). In
LANDIS, succession and dispersal are driven by species' vital attributes. These
attributes include longevity, age of sexual maturity, shade tolerance class, ﬁre
tolerance class, minimum age of vegetative reproduction (sprouting), sprouting
probability, and effective and maximum seeding distance. LANDIS tracks the
presence and absence of species' age cohorts. Therefore, succession dynamics is
simpliﬁed and simulated as birth, growth, and death processes acting on species'
age cohorts.
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Table 1
Longevity, shade tolerance, effective and maximum seeding distances for the species
simulated.
Species

Longevity Shade tolerance Effective seeding Max seeding
(years)
(class)a
distance (m)
distance (m)

Korean pine
Spruce
Mountain birch
White birch

300
300
200
150

a

Fig. 2. The layout of ﬁeld plots (227 total). Each unit of ﬁne-level environmental
heterogeneity is based on data from 2 to 3 plots.

4
4
1
1

50
50
100
200

200
150
300
4000

Shade tolerance value (1e5): 1 ¼ least tolerant; 5 ¼ most tolerant.

Seed dispersal is modeled as a function of species effective and maximum
seeding distances. The effective seed-dispersal for a given species is the distance at
which its seed has a high probability (e.g., P > 0.95) of reaching a site. The maximum
seed-dispersal distance is that distance beyond which a seed has near zero probability (e.g., P < 0.001) of reaching a site. Seed-dispersal probability (P) between the
effective (ED) and maximum seeding distance (MD) follows a negative exponential
distribution as described in He and Mladenoff (1999). If a given distance from the
seed source is >ED, we set P ¼ 0.95, indicating that the probability of a seed
dispersing within its own effective seeding distance is very high; conversely, if a
given dispersal distance from the seed source is >MD, we set P ¼ 0.001, indicating
that the probability of seed dispersing beyond its maximum seeding distance is very
low (Mladenoff and He, 1999).
A species' competitive ability is determined from simple logical rules using a
combination of species' life history attributes and land type suitability (Mladenoff
and He, 1999). Shade-intolerant species (i.e. species of lower shade-tolerance classes) cannot establish on a site where more shade tolerant and mature species are
present. On the other hand, the most shade-tolerant species are usually delayed in
their occupancy of an open site until a speciﬁed number of years of shade creation
has been met. A shade-checking algorithm was used to detect the required level of
shading by the presence of the most shade-tolerant species cohort that is also
sexually mature. Species cohorts younger than the minimum seed-producing age

Fig. 3. Schematic diagram of the coupled-modeling approach that links LINKAGES with LANDIS. Responses of tree species to climate warming within a land unit of environmental
heterogeneity (quantiﬁed by biomass) were derived by LINKAGES. Biomass outputs at different environmental heterogeneity levels were used to parameterize LANDIS. Responses of
species to climate warming at the landscape scale based on different environmental heterogeneity levels were derived by LANDIS.
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are ignored in this shade-checking algorithm. This was implemented as a surrogate
for crown closure. Without disturbance, shade-tolerant species will tend to dominate the landscape if other attributes are not highly limiting and land units (reﬂected
as SEP) are generally suitable.
2.3.3. Design of simulation scenarios
To investigate the effects of different characterizations of environmental heterogeneity on landscape-scale predictions and to analyze the effects of seed
dispersal and interspecies competition, our simulation scenarios included multiplespecies and single-species scenarios. Both the multiple-species and single-species
scenarios included ﬁne, intermediate, and coarse levels of environmental heterogeneity. These scenarios started from the same initialized LANDIS forest composition map to keep the same starting conditions (species location and age). The
multiple-species scenario simulated all species at a time and incorporated seed
dispersal and interspecies competition, whereas the single-species scenario simulated only one species at a time to eliminate interspecies competition.
2.3.4. Model simulation
To derive establishment probabilities of each species for each land unit of
environmental heterogeneity under all three levels for a warming climate, we
simulated one species at a time in LINKAGES. We simulated the 12 most common
tree species (Korean pine, spruce, ﬁr, mountain birch, white birch, larch, oak, ash,
maple, aspen, basswood, and elm). For ﬁne-level heterogeneity, an individual
simulation was made using LINKAGES for each of the 12 species  76 ﬁne-level land
units  50 model replications of LINKAGES. For intermediate-level heterogeneity,
we ran simulations for all of the 12 species  19 forest types  50 replications. For
coarse-level heterogeneity, we made individual runs for each of the 12 species  4
vegetation zones  50 replications.
We used LANDIS to simulate changes in species' distributions across the study
area from 1990 to 2190 at 5-year time steps. All spatial data were at the resolution of
100  100 m (consistent with previous simulation studies), which yielded 960 rows
and 647 columns of data. Disturbances such as timber harvesting, ﬁre, and wind
were not simulated because our objective was to examine the natural successional
trajectories of the predominant species. Simulations for each environmental heterogeneity level of both the multiple-species and single-species scenarios in LANDIS
were replicated ﬁve times. The model replications started with the same input parameters with the exception of random seed numbers, which were used to account
for the effects of stochastic components such as seed dispersal and seedling establishment. For all scenarios, the response variable (species' relative abundance), was
derived from LANDIS simulations.
2.3.5. Result validation
We used the direct value comparison methods (Bennett et al., 2013) to validate
the prediction results. The forests simulated would success to the old-growth stage
in the absence of disturbance in the region. Thus, we compared predicted species'
relative abundance at the year 2190 under the current climate against the measured
values of old-growth forests in this region (Chen and Bradshaw, 1999; Hao et al.,
2008; Wang et al., 2009; Yu et al., 2004; Zhao et al., 2004). There were small differences between predicted and investigated values (P ¼ 0.685), indicating a
reasonable level of model performance.
Although predicted species' abundances under warming climate over the next
200 years cannot be validated by actually observed data, simulated trends for all
species have been generally conﬁrmed by results from similar studies (Shao et al.,
2001; Yan and Zhao, 1996; Zhao et al., 1998).
2.4. Data analysis
LandStat 6.0, an ancillary program of LANDIS 6.0, was used to process the
simulation results. These results were summarized as species' relative abundance
(the number of pixels in which a species occurred divided by the total number of
pixels).
For both the multiple-species and single-species scenarios, one-way ANOVA in
SPSS 18.0 was used to test for species' differences in relative abundance among the
three environmental heterogeneity levels. The Least Signiﬁcant Difference (LSD) test
was used to make multiple comparisons of statistical differences among species
relative abundances. The within-group (ﬁve replicate) variance was caused by the
stochastic components in LANDIS, whereas the between-group variance was associated with differences among the three heterogeneity levels. After ANOVA, we
compared mean abundance across the entire simulation period for the three levels
of each scenario. Variation in relative abundance among the three heterogeneity
levels was expressed as the difference between maximum and minimum value
divided by minimum value, which was used to quantify the prediction uncertainty.
We interpreted signiﬁcant differences in species relative abundance among the
multiple-species scenario as evidence that characterization of environmental heterogeneity affects landscape-scale predictions of tree species' relative abundance.
When only single species were simulated, differences among three levels of heterogeneity of the single-species scenario revealed that prediction variation was
mainly caused by seed dispersal. Variation in predictions caused by interspecies
competition can be derived by subtracting the mean abundance of each

heterogeneity level in the single-species scenario from the corresponding level in
the multiple-species scenario for each species. A positive value under a given heterogeneity level indicates that interspecies competition increases variation in
abundance, whereas a negative value indicates a reduction (inhibition) in variation.
A lower variation in the multiple-species scenario than in the single-species scenario suggests that interspecies competition reduces the uncertainty in the predictions based on different environmental heterogeneities.
After completing these analyses, we found that four species (Korean pine,
spruce, mountain birch, and white birch) captured the response patterns of all 12
species. Thus, we present below only the results of those four species.

3. Results
3.1. Effects of environmental heterogeneity on species relative
abundance
Korean pine and spruce increased in relative abundance
throughout the simulation year (1990e2190) under ﬁne, intermediate, and coarse level of environmental heterogeneity for the
multiple-species scenario (Fig. 4(a) and (b)). In contrast, the relative
abundance of mountain birch and white birch decreased in ﬂuctuation under the three heterogeneity levels for the multiplespecies scenario. This decrease was especially prominent in
mountain birch, which disappeared by the end of the simulation
period under the coarse heterogeneity level (Fig. 4(c) and (d)).
The results of ANOVA showed that signiﬁcant differences
(P < 0.001) in relative abundance occurred among the three heterogeneity levels for the multiple-species scenario. Mean relative
abundance of Korean pine and spruce over the simulation years was
8.936 and 19.026%, respectively, for the ﬁne heterogeneity level
which was signiﬁcantly greater than those under the intermediate
heterogeneity level (8.685 and 14.640%, P < 0.001) and the coarse
heterogeneity level (8.505 and 15.019%, P < 0.001) (Table 2). Similarly, mean relative abundance for mountain birch under the ﬁne
and intermediate heterogeneity levels were 6.086 and 6.195%,
respectively, which were signiﬁcantly greater than that under the
coarse heterogeneity level (4.739%, P < 0.001) (Table 2). In contrast,
mean relative abundance of white birch under the coarse heterogeneity level (16.081%) was signiﬁcantly greater than that under
the ﬁne heterogeneity level (10.737%, P < 0.001) and the intermediate heterogeneity (5.191%, P < 0.001) (Table 2).
Variation in relative abundance among the three heterogeneity
levels for the multiple-species scenario also showed that variation
in white birch (210%) exceeded that of Korean pine, spruce and
mountain birch (5, 30 and 31%, respectively) (Table 2).
3.2. Effects of seed dispersal and interspecies competition
Differences in mean relative abundance among the three heterogeneity levels in the single-species scenario closely conformed
to those in the multiple species scenario (Table 3, Fig. 5). For most
species, mean relative abundance in the single-species scenario (i.e.
no interspecies competition) was higher than in the multiplespecies scenario. However, for some species, mean relative abundance in the single species scenario was lower than those in the
multiple-species scenario (Table 3). For example, for Korean pine
and spruce, mean relative abundance under the intermediate and
coarse heterogeneity levels of the single-species scenario were
lower than those under the corresponding heterogeneity levels of
the multiple-species scenario. Compared to Korean pine and
spruce, mean relative abundance of white birch under the ﬁne
heterogeneity level of the single-species scenario was smaller than
that under the ﬁne heterogeneity level of the multiple-species
scenario.
Similar to the multiple-species scenario, variation in relative
abundance of white birch among the three heterogeneity levels of
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Fig. 4. Trajectories of 1990e2190 simulations of the relative abundance of tree species for ﬁne-, intermediate-, and coarse-level environmental heterogeneity for the multiplespecies scenario: (a) Korean pine; (b) spruce; (c) mountain birch; (d) white birch.

Table 2
Species' mean abundance for ﬁne-, intermediate- and coarse-level environmental
heterogeneity for the multiple-species scenario and associated variation in abundance among the three heterogeneity levels.
Species

Mean abundance and standard error (%)
under the multiple-species scenario
Fine-level
heterogeneity

Intermediate-level Coarse-level
heterogeneity
heterogeneity

Korean
8.936 ± 0.015 8.685 ± 0.012
pine
Spruce
19.026 ± 0.018 14.640 ± 0.023
Mountain 6.086 ± 0.015 6.195 ± 0.016
birch
White
10.737 ± 0.018 5.191 ± 0.006
birch

Variation in
abundance
among the
three
heterogeneity
levels for the
multiplespecies
scenario

8.505 ± 0.014

5

15.019 ± 0.039
4.739 ± 0.003

30
31

the single-species scenario (269%) was also greater than those for
Korean pine, spruce and mountain birch (28, 143 and 94%, respectively) (Table 3). However, for all simulated species, variation in
relative abundance in the single-species scenario (Table 3) was
greater than that in the multiple-species scenario (Table 2).
4. Discussion
Our results showed that simulated species' relative abundance
differed signiﬁcantly among ﬁne, intermediate, and coarse levels of
environmental heterogeneity. This emphasizes the importance of
considering environmental heterogeneity when predictioning tree
species' abundance. Studies in agricultural landscapes similarly
have shown how environmental heterogeneity can affect biodiversity estimation (Bailey et al., 2007; Fahrig et al., 2011). For
example, Bailey et al. (2007) found that heterogeneity at intermediate levels of classiﬁcation (for 14 cover types) provided a better
monitoring of biodiversity than did ﬁner (47 cover types) or coarser
levels of heterogeneity (2 or 3 cover types).
The effect of considering classes of environmental heterogeneity
from ﬁne to coarse on predicted species' distributions was similar

16.081 ± 0.012 210

Table 3
Species' mean abundance for ﬁne-, intermediate- and coarse-level environmental heterogeneity for the single-species scenario and their variation, and the difference of mean
abundance between the multiple- and single-species scenarios.
Species

Associated with seed dispersal

Associated with interspecies competition

Mean abundance and standard error (%)
under the single-species scenario

Korean pine
Spruce
Mountain
birch
White birch

Coarse-level
heterogeneity

Variation in abundance
among the three
heterogeneity
levels for the
single-species scenario

The difference of mean abundance (%) between the
multiple-species and
single-species scenarios
Fine-level
heterogeneity

Intermediate-level
heterogeneity

Fine-level
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Intermediate-level
heterogeneity

Coarse-level
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9.553 ± 0.007
21.215 ± 0.017
8.875 ± 0.013

7.723 ± 0.007
11.453 ± 0.010
9.326 ± 0.006

7.475 ± 0.009
8.718 ± 0.012
4.815 ± 0.005

28
143
94

0.617
2.189
2.788

0.962
3.187
3.131

1.030
6.302
0.076

7.757 ± 0.009

9.207 ± 0.008

28.621 ± 0.006

269

2.979

4.016

12.540
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Fig. 5. Trajectories of 1990e2190 simulations of the relative abundance of tree species for ﬁne-, intermediate-, and coarse-level environmental heterogeneity for the single-species
scenario: (a) Korean pine; (b) spruce; (c) mountain birch; (d) white birch.

to the effect of changing spatial scales (grain size), but was more
complicated. As grain size changed from ﬁne to coarse, dominant
species (i.e. those with high relative abundance) increased whereas
rare species (i.e., those with low relative abundance) decreased and
even disappeared from the landscape (Turner et al., 1989;
Wickhamm and Riitters, 1995). In contrast, as the level of classiﬁcation of environmental heterogeneity changed from ﬁne to coarse,
species responses to climate warming (based on species establishment probabilities in this study) were homogenized (averaged)
in the aggregation process. For the coarse environmental heterogeneity level, land units with high and low species establishment
probabilities under the ﬁne heterogeneity level were combined
into one larger land unit, and species establishment probability of
the larger unit was the average of the species establishment
probabilities of the smaller land units using an area-weighted,
linear relationship. Theoretically, predicted species distributions
for these two environmental heterogeneity levels should be the
same. However, heterogeneity and related scaling relations are
often modiﬁed by ecological processes such as seed dispersal and
interspecies competition (Clark et al., 1998; Xu et al., 2012), which
are nonlinear (He and Mladenoff, 1999; Higgins and Richardson,
1999).
Qualitatively, for most late successional species with moderate
dispersal distance (e.g., >50 m) and moderate establishment
probabilities (e.g., >0.4), the ﬁne level of environmental heterogeneity is likely to include morel and units with high species establishment probabilities than are intermediate and coarse levels of
heterogeneity. Fine levels therefore are more likely to include
established seedlings, which are likely to mature to produce seed in
a few decades. Such spatial multiplication of seed dispersal is a
process of exponential increase (He and Mladenoff, 1999; Liang
et al., 2013), which in turn alters the linear aggregation process
from ﬁne to coarse environmental heterogeneity. Thus, ﬁne-level
heterogeneity tends to produce a higher relative abundance of
tree species than do intermediate and coarse levels. In our study,
this phenomenon was captured in the simulated relative abundance of Korean pine and spruce. For example, spruce's moderately

effective seeding distance (50 m) and relatively abundant seed
sources resulted in a predicted relative abundance of spruce that
increased exponentially under the ﬁne heterogeneity of land units
having high species establishment probabilities. This also resulted
in a higher predicted relative abundance of spruce under the ﬁne
heterogeneity level than under a coarser level.
When seed source is not limited and dispersal distance is long
(e.g., >200 m), a species may establish in relatively less suitable
land units similar to that in more suitable units by overcoming low
establishment barriers (He and Mladenoff, 1999). This phenomenon was usually observed for early successional species like white
birch, which have been characterized by an expanding relative
abundance (He et al., 2005; Liang et al., 2013). In this case, a land
unit within the coarse-level heterogeneity, despite its relative low
species establishment probabilities (resulting from averaging), may
receive more seed than land units with high or low establishment
probabilities under a ﬁner level of environmental heterogeneity;
this in turn results in a high predicted relative abundance. Thus the
high abundance of white birch in our study was attributed to its
long seed dispersal distance and widely distributed seed sources.
In contrast, the predicted abundance of species with limited
seed sources and low establishment probabilities (e.g., <0.2) usually greatly decreases or disappears under coarse levels of heterogeneity. For example, mountain birch is a dominant species in the
subalpine vegetation zone and an associated species in the spruceeﬁr vegetation zone (Liu, 1997). Species establishment probabilities for mountain birch in some land units within the coarse
heterogeneity level were very low due to area-weighted averaging.
In the real world, this would result in seeds arriving at a site with
little chance of establishment. For the coarse level of heterogeneity,
an insufﬁcient number of seedings maturing to disperse seed
would over time eventually result in decreased abundance of
mountain birch.
In addition, we found that predictions of the abundance of most
species' in the absence of interspecies competition were higher
than those with competition. This has been conﬁrmed by many
studies (Araújo and Luoto, 2007; Austin, 2002). However, for some
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simulations based on classiﬁcation of environmental heterogeneity
are complicated by interspecies competition, which itself may be
affected by characterizations of environmental heterogeneity. For
example, simulations of late successional species with moderate
dispersal distance (e.g. Korean pine and spruce) and in the absence
of interspecies competition produced higher abundances than
those with competition (for ﬁne-level heterogeneity). In contrast,
predictions without interspecies competition under the intermediate and coarse heterogeneity levels produced low abundances. In
the absence of competition and under coarser heterogeneity levels,
predictions for late successional species generally spread not inward but outward from their current distribution. This occurs
because intraspecies competition within the distribution are a results in competitive exclusion (Hurtt and Pacala, 1995). In contrast,
when interspecies competition occurs, the spatial pattern of multiple species may indeﬁnitely delay competitive exclusion. When
that happens, late successional species can more effectively
compete with other species and thereby spread both inward and
outward from the current distribution causing a high species
abundance. However, that was not the case for the ﬁne heterogeneity level because species that spread inward or outward from the
current distribution have little effect on abundance predictions in a
more heterogenous landscape.
Our results also showed that uncertainty in landscape-scale
predictions of tree species' abundance was greater for the less
competitive (e.g. low shade tolerant) species when seed source was
abundant and seed dispersal distance was long. For example, the
rapid early expansion and high dispersal rates of white birch
coupled with its shade intolerance, may have produced the high
variation (>200%) in landscape predictions of relative abundance in
relation to our deﬁned classes of environmental heterogeneity. In
contrast, shade-tolerant species (e.g., late-successional species)
such as Korean pine and spruce, showed relatively low (<30%)
uncertainties in abundance predictions across environmental heterogeneities. Late-successional species are more shade tolerant and
competitive than other species. Accordingly, they are less affected
by the presence of early- and mid-successional species and to
variation in environmental heterogeneity. Thus, the prediction
uncertainty for these species is low. In addition, variation in species
abundance among the three heterogeneity levels in the absence of
interspecies competition (and incorporating only seed dispersal)
was signiﬁcantly higher than where competition occurred. This
suggests that seed dispersal may be a source of variation in predictions, whereas including interspecies competition in the model
reduces prediction uncertainty.
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5. Conclusions
Landscape-scale predictions of tree species' abundance under
climate warming differed among deﬁned classes of environmental
heterogeneity. This emphasizes the importance of considering
environmental heterogeneity when predictioning tree species'
abundance. For late-successional species, prediction uncertainties
were comparatively low among heterogeneity classes. In contrast,
landscape-scale predictions for early-successional species (especially those with abundant seed sources and long-distance seed
dispersal), differed signiﬁcantly among classes of environmental
heterogeneity. Seed dispersal is an apparent source of prediction
uncertainty, whereas interspecies competition reduces such
uncertainty.
The current study thus provides new insight into uncertainties
associated with broad-scale predictions based on environmental
heterogeneity. Moreover, it provides a basis for further study on
how different classiﬁcations of environmental heterogeneity
correspond to actual species' distributions.

A.1. The distributions of tree species for ﬁne-, intermediate-, and coarse-level environmental heterogeneity for the multiple-species scenario at year 2190: (a) Korean
pine; (b) spruce; (c) mountain birch; (d) white birch.
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A.2. The distributions of tree species for ﬁne-, intermediate-, and coarse-level environmental heterogeneity for the single-species scenario at year 2190: (a) Korean pine;
(b) spruce; (c) mountain birch; (d) white birch.
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