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ABSTRACT

Despite recent advances in resolving the scale issue,
it remains problematic that so many ecological field
studies are still conducted only at small scales be-
cause of the constraints imposed by limited re-
sources. To maximize the use of these data, it would
be helpful if the researchers could provide guide-
lines for the appropriate range and scale for the
extrapolation of the data and identify the new
information that would be needed to extend the
scope of their extrapolation. In this paper, we
present a method that can be used to detect scale
thresholds for the extrapolation of field data
through spatial analyses of the physical landscape,
using the Fushan Forest, Taiwan, as an example.
First, the relationship between the vegetation and
the physical landscape was inferred from sample-
plot data; this information was in turn used to
extrapolate the data over the whole forest area. We
then compared the environmental variables in the
sample plots versus those in the whole forest area

via principal component analysis, landscape classi-
fication, and spatial autocorrelation analysis.
Analyses of the entire Fushan Forest area showed
that there are at least three major spatial scales at
which physical gradients are expressed: elevation at
the scale of the full forest extent (more than 3,000
m), topographic position at 550 m, and aspect at
250 m. Analyses of the sample plots showed that
the plots captured only two of these gradi-
ents—topographic position and aspect, but not
elevation. Therefore, information from the current
field data can only be extrapolated to within 550 m
from the sample plots; further information derived
from cross-elevation samples is needed to extrapo-
late beyond that range.

Key words: landscape analysis; spatial autocor-
relation; gradient analysis; subtropical rain forest;
principal components analysis; landscape classifi-
cation.

INTRODUCTION

In recent years, the issue of scale in ecology has
been the subject of much discussion because,
whereas important environmental concerns are
manifested over large areas, most ecological studies
are conducted in relatively small areas over short
time periods. For example, questions pertaining to
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habitat fragmentation, the conservation of biodi-
versity, and climate change require information
and knowledge of ecological processes at local,
landscape, regional, and global scales. However,
most ecological studies are comparatively limited in
space and time. Indeed, a survey of the ecological
experiments published between 1980 and 1987 in
the journal Ecology found that 50% of them were
conducted on plots less than 1 m in diameter
(Kareiva and Anderson 1986); and another such
survey found that only 7% of the sampled
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ecological experiments had a time horizon of more
than 5 years (Tilman 1989). As a result, ecologists
often find it difficult to extrapolate the information
and knowledge obtained at fine scales to infer
consequences that may occur at broad scales.
Through decades of pioneering and scrutinizing,
ecologists have become more sophisticated about
the scale issue (see, for example, Ehleringer and
Field 1993). Growth and maturation in this field
has included the advancement of knowledge in the
area of three fundamental sets of problems
(Marceau 1999): (a) the detection of scale domains
and thresholds, within which patterns do not
change or change monotonically with changes in
scale (Meentemeyer 1989; Wiens 1989); (b) the
evaluation of the effects of scale change on the
explanatory power of different variables (Wiens
1989); and (c) the determination of scaling laws,
which addresses the transfer of information across
spatial scales (Turner and others 1989).
Physiological-based models of biogeochemical
responses to environmental change have pro-
gressed a long way from “big-leaf”” models that
assume the scaling from leaf to canopy to be linear
(for example, Farquhar and others 1980; Farquhar
and von Caemmerer 1982) to the understanding of
scale-specific responses—for example, that the
regulatory factors of transpiration change from
stomatal mechanisms at the scale of individual leaf
surfaces to climate at the scale of vegetation (Jarvis
and McNaughton 1986)—and therefore to complex
models that deal with specific problems in scaling,
such as transient dynamics and feedbacks (for
example, Betts and others 1997; Schimel and
others 2000). Potential vegetation models have also
evolved from the basic modeling of vegetation as a
function of climate (for example, Holdridge 1947)
to complicated models that account for competi-
tion, various combinations of plant functional
types, and physiological and ecological constraints
on vegetation distributions (for example,
Woodward 1987; Prentice and others 1992; Rey-
nolds and others 2001). Scale as an issue and po-
tential solutions to the scale problem have also
been addressed specifically in the literature (for
example, Jarvis 1995; King 1991; Levin 1992;
Rastetter and others 1992; Marceau and Hay 1999;
Wu 1999), such that concepts and general guide-
lines that help to deal with the scale issue, such as
hierarchy theory (O’Neill and others 1986) and the
hierarchical patch dynamics paradigm (HPDP) [Wu
and Loucks 1995; Wu and Levin 1997], are
increasingly available. Also, more field surveys are
now implemented at larger temporal and spatial
scales, so that ecologists now have the evidence to

show that it may not be valid to extrapolate trends
obtained from a few local field studies to a larger
spatial scale (for example, BOhning-Gaese and
others 1994; Taper and others 1995).

Evidence that undercuts the validity of extrapo-
lating results obtained from a few small-scale field
studies to larger spatial scales, even as it confirms
our doubts, is not particularly helpful when it
comes to making individual decisions about the
appropriate use of field data. Unlike ecological
studies based on remotely sensed data, which pro-
vide complete data across the scope of interest and
whose major problems center on the sensitivity of
analytical results to the definition of data collection
units (Marceau and Hay 1999), such as the modi-
fiable areal unit problem (MAUP) (for example,
Hay and others 2001) and the ambiguity in object
identification among data sets of different resolu-
tions (for example, Hall and others 2004), ecolog-
ical studies based on field data suffer more from the
problem of filling a map when the available data
pertain to only a small percent of the area of
interest. Although it is now understood that cross-
scale measurements or surveys must be made to
adequately address the scale issue, current ecolog-
ical field surveys and experiments that are still
conducted only at small temporal and spatial scales,
and thus are far inferior to their remote-sensing-
based counterparts, are usually not the result of
deliberate choice, but a difficult and sad compro-
mise given the paucity of available resources. As a
result, despite the awareness of scale domains as a
concept, managers and other users of ecological
information are often unsure about what can and
cannot be implied from field data, and at what
scales. It would be more constructive and useful if,
in addition to general guidelines that serve more or
less as cautioning, field researchers could provide
specific and clear rules for the extrapolation of their
data, equivalent to those available for remotely-
sensed data (for example, Marceau and Hay 1999).

Spatial autocorrelation analysis is one method
commonly used in solving the scale problem. Spatial
autocorrelation occurs when the same variable
measured at two different locations of distance
d apart are positively or negatively correlated.
Techniques such as spatial autocorrelation (for
example, Ripley 1981) and autocovariation (for
example, Rossi and others 1992; Legendre 1993) are
used to analyze spatially explicit data collected at
various specific locations across the landscape, so
that their scale domains (also termed ‘“characteristic
scales”’) and their separating thresholds can be
identified. Once the scale domains and thresholds
have been identified, researchers are able to infer
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and propose hypotheses on causal relationships and
then perform scientific experiments to establish
causality. In hydrology, for example, variograms are
often used to detect the dominant spatial hydrolog-
ical processes affecting soil moisture (Entin and
others 2000; Mohanty and others 2000; Western and
others 2002, 2004). In ecology, variograms have also
been used successfully to determine the dominant
scale of variability in environmental variables
(Meisel and Turner 1998) and to identify the scale
domains of various physical variables that drive
water balance, resulting in a hierarchical framework
for the drivers of water balance in montane land-
scapes (Urban and others 2000). Once the scale do-
mains of different variables are detected, the
concurrence in scales of variability of different eco-
logical factors, such as plants and soil nutrients
(Greig-Smith 1979) or seabirds and their prey
(Schneider and Piatt 1986), can then be used to
facilitate the search for underlying patterns and
mechanisms.

Landscape classification is another technique in
which classification techniques are applied to di-
vide the landscape into several classes of relatively
homogeneous units. The division of a landscape
can then be used as a basis for stratified sampling.
In this way, the samples will better reflect the
variability within a site, and locations with unique
characteristics are less likely to be missed in the
sampling process (Barnes and others 1982; Cherrill
and Lane 1995; Bunce and others 1996). The par-
tition of landscape units can also be used in applied
ecology as a basis for spatial prediction models
(Cherrill and others 1995; Mladenoff and others
1995) and for monitoring and management pro-
grams (Wright and others 1994; Merrill and others
1995). This technique has also been used as an
analytical tool to assess the appropriateness of
geographical frameworks such as ecoregions
(Wright and others 1998).

The objective of this paper was to demonstrate the
use of spatial analyses—in this case, spatial auto-
correlation analysis and landscape classification—as
a means for detecting the scale threshold within
which it would be appropriate to extrapolate field
data obtained from several small sample plots to
larger spatial scales and for identifying the type of
new information needed to extend that threshold. In
a companion paper (Chang and others 2004), veg-
etation data from field study plots in the Fushan
Experimental Forest, Taiwan, were used to predict
the vegetation across the full extent of the forest.
Because remotely sensed data did not provide suffi-
cient information to separate the Fushan Forest
landscape into convincing segments, we did this

prediction by first inferring the relationship be-
tween vegetation and their environments with
classification methods and gradient analyses, then
using these relationships and geographic informa-
tion systems, extrapolated the information obtained
from the samples over the full extent of the forest.

This paper originated from our attempts to devise
a method to examine whether such an extrapola-
tion was valid. In this paper, the vegetation plots
and the entire forest area were examined sepa-
rately for major environmental gradients at differ-
ent scales using spatial analysis. We believe that the
scales at which the vegetation plots accurately
capture the spatial structure of the intended area of
extrapolation can be wused to determine the
threshold that defines the scale domain of valid
extrapolation, whereas the scales and variables in
which the vegetation plots fail to do so suggests the
scale and location of the new samples and the types
of new variables that would be needed to extend
this scale threshold.

METHODS
Study Area

Fushan Experimental Forest (Figure 1) is an
International Long-Term Ecological Research
(ILTER) site located 40 km southeast of Taipei in
northeastern Taiwan (N24°46°, E121°43"). The
forest is approximately 6 km long and 4 km across,
and it covers 1,097.9 ha of mountainous terrain. It
is dissected from north to south by a branch of the
Snow Mountain Range. To the east and west of this
ridge are two rivers: Tsu-Keng Creek to the
southeast and Ha-Pen Creek to the west (Chang
and others 1986).

The climate is warm and moist, with an annual
average temperature of 18.3°C. Mean annual pre-
cipitation is 4,067 mm, and average humidity is
96%. Typhoons are frequent during the summer,
with maximum wind gusts over 35 m/s~' (Mabery
and others 1998).

The soil is strongly acidic (pH 3.8-5.0), with a
moderate quantity of organic matter in the sub-
layer (2-5%). Yellow soil is found on ridges and
stable slopes, colluvial soil is found on midhills and
foothills, and Lithosols are found on very steep
slopes or in streambeds (Lin and others 1996).

Previous studies of the vegetation in the area have
classified it as a subtropical rain forest, transitioning
to warm temperate rain forests 1,000 m above sea
level. Dominant tree species are mostly broadleaf,
belonging to the families Fagaceae, Lauraceae,
Theaceae, Ebenaceae, and Juglandaceae. Chinkapin
(Castanopsis carlesii) is the most dominant species.
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Figure 1. Location of Fushan
Experimental Forest and the
island of Taiwan. The two rivers
in the area are Tsu-Keng Creek
flowing towards the southeast,
and Ha-Pen Creek flowing
towards the west.
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Table 1. List of Environmental Variables Used in the Analysis

Abbreviation Definition Units
ELEV Elevation m

MDR Mean Annual Direct Radiation cal cm™2 d7!
MTR Mean Annual Total Radiation cal cm™ d™!
RVD Distance to River m

SDDR Standard Deviation in Annual Direct Radiation

SDTR Standard Deviation in Annual Total Radiation

SLP Slope degree (°)
SOC Soil Group—Colluvial Soil

SOL Soil Group—Lithosol

SOY Soil Group—Yellow Soil

SPHA Soil Parent Material—Shale

SPLA Soil Parent Material—Slate

STH Southness 0-180

TMX Location in the East-West Direction mE

™Y Location In The North—South Direction mN

TOPO Topographic Position -ltol
WEST Westness 0-180

WLS Whole Light Sky Space %

Other common tree species include Machilus
thunbergii, Engelhardia roxburghiana, Litsea acumi-
nata, and Machilus zuihoensis. The understory is
composed of dense shrubs such as Blastus cochin-
chinensis and tree ferns such as Cyathea podophylia.
The ground layer is covered with ferns, and Diplaz-
ium dilatatum is the most dominant species (Chang
1998; Kuo 1994; Lin and others 1996; Lin 1997).

Environmental Data

A total of 18 spatially explicit environmental
variables (Table 1) were used in this study. These

variables were derived from existing 1:5,000 maps
of terrain, streams, and soil interpolated onto
12.5 x 12.5 m grid maps. The 12.5 x 12.5 m grid
size was chosen earlier to fit the SPOT earth
observation satellites images obtained from Tai-
wan’s SPOT distributor. The spatial location of
each grid cell was recorded using the transverse
Mercator projection coordinate system (mE and
mN). When analyzing the entire Fushan Forest
landscape (the intended area of extrapolation),
we used environmental variables from all of the
grid cells within the Fushan Forest boundary. For
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analysis of the vegetation sample plots, environ-
mental variables from only the grid cells that
corresponded to the sample plots were used.

Topographic information, including slope (°),
aspect (°), and topographic location, were de-
rived from a digital terrain model (DTM) based
on a 1:5,000 isoclines map of the area and using
Arc/Info  [Environmental Systems Research
Institute, Redlands, CA, USA (ESRI 1997)]. Be-
cause aspect is a circular variable, it was trans-
formed into two derived variables, southness and
westness, where:

Southness = 180 — | aspect — 180 |
such that south would be 180 and north 0, and:
Westness = | 180 — | aspect — 270 ||

such that west would be 180 and east 0. Topo-
graphic location is expressed as an index:

Distance from valley — Distance from ridge
Distance from valley + Distance from ridge

This index has values between —1 and +1, with
higher values indicating upper slope areas closer to
ridges (+1), and lower values indicating areas closer
to valleys (—1).

Whole light sky space is defined as the pro-
portion of sky space not obstructed by surround-
ing terrain (Hsia and Wang 1985). We used 16
viewing aspects, and the points with the largest
blocked angle along each viewing aspect were
used to define a polygon representing the sky
space area not obstructed by surrounding terrain.
The remaining solar radiation variables (in cal
cm ™2 d7!) were calculated with Solarlmg (Harmon
and Marks 1995), a program developed for the
H.J. Andrews Experimental Forest in Oregon,
USA. This program estimates solar radiation input
to a site based on the site’s latitude, elevation,
aspect, slope, and cloud cover, following the
methods of Bonan (1989) and Nikolov and Zeller
(1992).

Streams data was digitized using a 1:5,000
streams map of the area. Distance to streams (m) is
defined as the minimum Euclidean distance of a
site to streams.

Soil survey maps from a previous study (Lin
and others 1996) were used to create digital maps
containing information on soil types as suggested
by the authors (yellow soil, colluvial soils, and
Lithosols), parent material (shale or slate), and
soil taxonomic order (Ultisol, Inceptisol, and
Entisol).

Vegetation Data and Vegetation Analysis

In an earlier study (Lin and others 1995), the trees
of the Fushan Experimental Forest were surveyed.
Because photographs taken from the air did not
provide sufficient disparity for the stratification of
the landscape, field ecologists set out into the forest
on foot, located relatively homogeneous areas
within the forest based on site observations, and
laid a 50 X 10 m sample plot in the proximity of the
center of each of these relatively homogeneous
patches. The centers of the resulting 53 sample
plots were then defined and mapped. Within each
plot, all trees taller than 1.3 m were counted and
identified; their diameter at breast height (dbh) was
then measured and the basal area was calculated.

Because the exact direction and location of the
50 X 10 m plots can no longer be identified, we
evaluated the potential error for two alternatives:
(a) using the grid cell corresponding to the mapped
center of the plots, and (b) using the minimum area
that will cover all possible plot coverage. The first
alternative resulted in a 12.5 x 12.5 m grid cell,
omitting approximately 75% of the original plot
(error of omission). The second alternative resulted
in a 62.5 X 62.5 m area, including 87.2% outside
the original plot (error of inclusion). We therefore
chose to use the first method, in which the envi-
ronmental variables for the vegetation sample plots
were retrieved from the grid cells corresponding to
their mapped center.

Two types of information are generally inferred
from vegetation data: whether the locations of tree
species reflect certain environmental gradients in
the landscape (that is, the variation in environ-
mental factors across the landscape), thereby sug-
gesting the major environmental gradients that
determine tree species distribution; and if the tree
species form distinct groups or classes, and how
these classes distribute across the landscape. To
determine if the locations of tree species reflect
environmental gradients, detrended correspon-
dence analysis (DCA), [Hill and Gauch 1980] was
used to detect the gradient in tree species compo-
sition, using the PC-ORD program [MjM Software
Design, Gleneden Beach, OR, USA (McCune and
Mefford 1999)]; and the relationship between
vegetation gradients and environmental variables
was determined through stepwise regression, using
S-plus 6 for Windows (Insightful 2001, Seattle,
WA, USA). To determine if the vegetation formed
classes, the species were clustered into different
types with two-way indicator species analysis
(TWINSPAN), also using PC-ORD, and the rela-
tionship between vegetation classes and environ-
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mental variables was determined through discri-
minant analysis using SAS software [SAS Institute,
Cary, NC, USA (SAS 1994)]. To minimize the
influence of local species, species that were present
in less than 5% of the sample sites were removed
from the vegetation analysis. The vegetation data
from the sample plots were then extrapolated
across the Fushan Forest landscape using these
relationships, the environmental data maps, and
Arc/Info, producing maps that predicted vegetation
classes and vegetation gradients (Chang and others
2004).

Analysis of Environmental Gradients

Environmental data from all grid cells within the
Fushan Forest were analyzed for their major envi-
ronmental gradients in the whole study area with
principal components analysis (PCA) using the
correlation matrix and PC-ORD, such that the
dimensions with the most variation within the n-
dimensional environmental factor space could be
detected. A similar analysis was performed on the
environmental variables of the sample plots, and
the results were compared with those from the
whole forest area.

Landscape Classification

Using the major PCA axes, which accumulate 90%
variance as input variables, classification of the
Fushan Forest landscape was done using cluster
analysis with the average linkage algorithm and the
SAS statistical package (SAS Institute 1994).

Spatial Autocorrelation Analysis of the
Physical Landscape

Spatial autocorrelation was used to detect and
compare the spatial structure of the environmental
variables of the vegetation sample plots versus
those of the whole Fushan Forest area. Of the
many methods available for the analysis of spatial
structure, semivariance was our preferred initial
choice because the ranges (distance at which the
saturation of variance occurs) from resulting
semivariograms can be used to infer the charac-
teristic patch sizes in the various environmental
gradients.
Semivariance is estimated by:

1 &

y(d) = Z—ndz (zi+a — 7)°

i

where v (d) is the semivariance at lag distance class
d, n,is the number of sample pairs in lag class 4, z; is

the variable measured at location i and z,,, is the
variable measured at location i+d, which in turn is
a location at lag class 4 from location i.

The semivariograms from the vegetation sample
plots, however, were undecipherable, because a
sample size of 53 plots was too small and yielded
substantial noise, so that a sill and corresponding
range cannot be satisfactorily detected. As a result,
spatial autocorrelation (a mirror image of the
semivariogram) with Moran’s I (Sokal and Oden
1978) was used, because this index can be per-
mutated for expected values and variances, and a
significance test can be performed for small sample
sizes.

Moran’s I is calculated as:

I(d) = nZ wii(z —2)(z — 2)/WZ (@ —2)?
Yy i=1

where I(d) is the Moran’s I at lag distance class d, n
is number of samples, w;; is the weight given to the
sample pair i—j such that only pairs with a distance
of lag class d will be included in the summation,
z; and z; is the variable measured at location 7 and j,
and W is the sum of the matrix of weights exclud-
ing the diagonals. Moran’s I values range from —1
to +1, with +1 indicating perfect positive autocor-
relation and —1 indicating perfect negative auto-
correlation at lag distance class 4. A Moran’s I value
of 0 indicates that data pairs at lag class d apart are
not correlated to each other. The expected values
and variances were calculated with 1,000 permu-
tations under assumption of sampling without
replacement, using the methods of Sokal and Oden
(1978).

REsuLTs
Vegetation Analysis

Here we provide a generalized, short description of
the relationship between the vegetation and the
environmental variables established via the vege-
tation analysis, so that the reader will be able to
follow the discussion. More detailed information
on both the vegetation analysis and vegetation
extrapolation models can be found in Chang and
others (2004).

Vegetation classification using TWINSPAN re-
sults in a dendrogram (Figure 2) in which the
sample plots are separated into two groups at a time
according to their similarity and dissimilarity in
vegetation. The first-level division (Division I)
separated the valley sites from the upland sites. In
the second-level division, the upland sites were
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17, 53, 11, 20, 36, 38, 40,
42, 43,52

Ridge
Sites
13, 15, 19, 23, 32, 34, 35, J

51,6,7,10, 16, 8,9, 27, 33

Upland
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44, 46, 12, 25, 26, 48, 37,
39, 47,49, 4, 41
Slope
11I-1 Sites
_ Division | L—12,21,22,29,1,3,5,24
|
14, 18, 30, 50, 28, 45
Division Valley
11-2 Sites
31

Figure 2. Dendrogram from TWINSPAN results. The
numbers shown in the boxes are site numbers. Indicator
species for division I are Machilus kusanoi 1(+) and Ore-
ocnide pedunculata 2(+); for division II-1, Myrsine sequinii
1(=) and Elaeocarpus japonicus 5(—), for division II-2,
Callicarpa formosana 1(+).

divided into ridge sites and mid-slope sites (Division
I1-1), but in the valley group, one site (site 31) was
singled out based on the presence of Callicarpa for-
mosana (Division II-2), a division we determined to
be ineffectual and thus defined the valley group
terminal. The third-level divisions in the upland
sector (Divisions II-1, 2) further separated the
ridge and slope groups into subgroups that cannot
be clearly identified. We therefore chose to define
the vegetation into three groups that can be
explained by topography: ridge sites, slope sites,
and valley sites.

Of the three vegetation types (Table 2), the valley
community is the most distinct and is characterized
by the dominance of mesic species (for example,
Machilus kusanoi), the relative abundance of gap
species (for example, Lagerstroemia subcostata), and
the absence of xeric species (for example, Meliosma
squamulata). The ridge and mid-slope communities
are quite similar in their species composition, but
the ridge community differs from the slope com-
munity by the presence of some xeric species (for
example, Myrsine sequinii) and the absence of some
mesic species (for example, Oreocnide pedunculata)
and gap species (for example, Lagerstroemia
subcostata).

The DCA results also separate the samples and
species using species affiliation. The first DCA axis,
which identifies the samples in which the vegetation
are most dissimilar, separated the samples (Figure 3)
and species (not shown) occurring on ridges from

those in valleys, whereas axis 2 separated part of the
slope sites from the rest. When plot DCA scores were
compared to their environmental variables
(Table 3), the first DCA axis was strongly related to
topographic position and soil types, the second axis
was most related to elevation and factors related to
total annual solar radiation input, such as whole
light sky space and mean annual direct and mean
annual total solar radiation, and the third axis was
most related with southness, slope, and the variance
in total annual solar radiation.

Characteristics of Environmental
Variables in the Vegetation Plots versus
Those of the Whole Fushan Forest Area

Although the vegetation sample plots have an
average elevation (774 m) similar to that of the all
the grid cells in the Fushan Forest (770 m), they
span only 36.6% of Fushan’s full range (Table 4).
The average slope of the wvegetation plots is
approximately 10° less than the average of the
whole study area, and the average whole light sky
space is approximately 10% more than the average
for the whole study area. The vegetation plots had
average direct and total solar radiation values
similar to those of the whole study area at 237.9
and 421.9 (cal/cm™2 d™') respectively, but they also
covered a smaller range.

Principal Components Analysis

A PCA of the environmental variables from all the
grid cells of the Fushan Forest showed that 95% of
the variance can be captured by the first five axes
(Table 5). The first PCA axis is most associated with
elevation, mean direct radiation, and mean total
radiation; the second is most associated with
southness and the variance in total radiation; the
third is most associated with whole light sky space
and slope; and the fourth and fifth axes are both
associated with westness and slope.

A PCA of the environmental variables from the
vegetation plots showed that only 65% of the var-
iance can be captured by the first five axes, indi-
cating that variance in the sample plots is spread
into more dimensions than in the whole forest. The
first PCA axis is most associated with variables re-
lated to the topographic location of the site, such as
elevation, topographic position, distance to streams,
the various representations of solar radiation, and
the highly topography-related Lithosol. The second,
third, and sixth PCA axes are most associated with
soil types. The second axis is associated with soils
originating from slate; the third axis is associated
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Table 2.

Analysis of Vegetation in Different TWINSPAN Community Types

All Sites Ridge-type

Mid-slope

Valley-type

Total No. of Species
Average No. of Species/Plot

92 (100%)
26 (28.3%)

75 (81.5%)
31.5 (34.2%)

No. of Species Shared 28 (30.4%)
With Mid-slopes — 53 (57.6%)
With Valley-types — 28 (30.4%)
No. of Unique Species® — 22 (23.9%)
No. of Uniquely Absent Species® — 8 (8.7%)

Most Dominant SpeciesCl

1 Castanopsis carlesii Castanopsis carlesii
Machilus thunbergii ~ Machilus thunbergii
3 Litsea acuminata Meliosma squamulata

64 (69.6%)
22 (23.9%)

36 (39.1%)
3% (3.3%)
0

Castanopsis carlesii
Machilus thunbergii
Litsea acuminata

42 (45.7%)
18 (19.6%)

6 (6.5%)
25 (27.2%)

Machilus kusanoi
Phoebe formosana
Machilus zuihoensis

“Number of species found only in the specific community type.

b All species unique to the mid-slope community type occurred in only one site.
‘Number of species that are absent only in the specific community type.
Species are listed in order of dominance.

1
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A + Slope Sites
| | . ¥ ValleySites
DCA Axis 1

Figure 3. Vegetation plots graphed in DCA axis 1 and
axis 2 space, displayed by their topographic position in-
dex (TPI). Sites with TPI values between —1 and —0.34
are marked as valley sites; sites with values between
—0.33 and 0.33 are marked as mid-slope sites; and sites
with values between 0.34 and 1 are marked as ridge sites.

with soils originating from shale; and the sixth axis
is associated with yellow soils. The fourth and fifth
axes are most associated with aspect, with the
fourth axis associated with southness and the vari-
ance in annual total solar radiation and the fifth axis
associated with westness.

Landscape Classification

The first split from the landscape classification re-
sults separates the northern part and the southern
tip of the forest, where the elevation is higher than
the rest of the landscape (1-1, Figures 4, 5) from the
remainder of the forest (1-2). The second split sep-
arates the medium- to lower-elevation types (1-2)
into valleys (2-2) and uplands (2-1). The third,
fourth, and fifth splits separate the above three

classes each into two types: The high-elevation
group (1-1) is further separated by elevation, with
the highest-elevation areas closest to Mount Ah-yu
(3-1, Highest) being separated from the rest (3-2,
High); the valley group (2-2) is further separated by
aspect, with one group consisting of predominantly
north-facing slopes (4-1, North-facing Valley) and
the other consisting of predominantly south-facing
slopes (4-2, South-facing Valley); and the mid-ele-
vation upland group (2-1) is also separated by as-
pect, with one group consisting of predominantly
north-facing slopes (5-1, North-facing Upland) and
the other consisting of predominantly south-facing
slopes (5-2, South-facing Upland).

Analysis of the distribution of the vegetation
plots among the landscape classes (Figure 5B)
showed that the vegetation plots were mostly dis-
tributed in the mid-elevational uplands of the
landscape (50.9% north-facing and 26.4% south-
facing), with some distributed in the north-facing
valley types (13.2%), a few in the high sites (5.7%)
and in the south-facing valley types (3.8%), and
none in the highest sites (0%).

Spatial Structure of the Physical
Environment

The environmental variables from the whole Fushan
Forest landscape are spatially autocorrelated at dif-
ferent scales (selectively shown in Figure 6). Eleva-
tion (Figure 6A) shows a decrease in autocorrelation
as distance increases, indicating a gradient in eleva-
tion across the landscape. Topographic position
(Figure 6B), distance to river, slope, westness, and
whole light sky space show positive autocorrelation
at closer ranges, with decreasing spatial autocorre-
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Table 3. Results from the Gradient Analysis
DCA
Axis 1 Axis 2 Axis 3
Eigenvalue 0.702 0.247 0.181
Correlations with Selected Variables®
Elevation -0.591 -0.435 0.011
Slope -0.230 0.269 —-0.242
Distance to River -0.483 -0.240 -0.047
Topographic Position -0.768 —-0.402 0.040
Southness -0.021 -0.240 0.273
Westness 0.158 0.007 0.186
Yellow Soil -0.233 -0.074 -0.163
Colluvial Soil -0.566 -0.233 -0.126
Lithosols 0.623 0.264 0.098
Total Solar Radiation -0.580 —0.440 0.041
Variance in Total Solar Radiation -0.256 -0.089 -0.215

DCA, detrended correspondence analysis.

“Correlations are DCA:Pearson correlations. Correlation values greater than 0.5 are highlighted in boldface.

Table 4. Comparison between Environmental Variables in the Vegetation Plots and the Fushan Forest

Landscape

Variable

Fushan Forest Vegetation Plots

Elevation (m)

Slope (°)

Topographic Position

Distance from Rivers (m)

Whole Light Sky Space (%)

Direct Solar Radiation (cal cm™ d™')
Total Solar Radiation (cal cm™2 d™')

The values shown are averages; the ranges are given in brackets.

770 (386-1,451)
28.8 (0.01-68.9)
0.21 (-1.0- + 1.0)

( 774 (611-1,001)
(
(
183.6 (0-873.0)
(
(
(

(
18.5 (0.7-45.4)
0.43 (-1.0- + 1.0)
217.9 (0-556.3)
69.2 (24.3-100) (
237.7 (214.2-279.2) (
421.7 (403.7-452.0) (

78.8 (49.6-98.5)
237.9 (227.8-251.8)
421.9 (414.2-432.2)

lation until 1,200 m for slope, 550 m for topographic
position, distance to river, and whole light sky space,
and 450 m for westness. Southness (Figure 6C),
mean direct radiation, and mean total radiation also
showed a pattern of having a gradient across the
landscape, but with sites within 250 m having posi-
tive autocorrelation in southness. The standard
deviation (SD) in total radiation (Figure 6D) and SD
in direct radiation showed a gradient response until
approximately 2,000 m, with sites within 250 m
having positive autocorrelation in the SD in total
radiation. The soil variables are positively autocor-
related at closer ranges but also decrease in auto-
correlation with distances beyond 1,500-2,000 m.
Because of the small sample size, the autocorre-
lation patterns in the vegetation plots (also selec-
tively shown in Figure 7 to correspond to Figure 6)

were less clean, with significant excursions outside
of the 95% confidence intervals beyond 750 m.
Despite such ‘“‘noisiness”” in the autocorrelation
pattern, the vegetation plots still captured the major
patterns in spatial structure of the whole study area.
For example, the spatial autocorrelation structure
for topographic position in the vegetation plots
(Figure 7B) showed positive spatial autocorrelation
at close distances until negative autocorrelation
appears at 550 m. Southness (Figure 7C) and the SD
in total radiation (Figure 7D) also showed positive
spatial autocorrelation at distances within approxi-
mately 250 m. Elevation (Figure 7A), when com-
pared to other variables, seemed to become “‘noisy”’
at a smaller scale, or to show a higher spatial auto-
correlation at 450 m than at 250 m, a pattern dif-
ferent from the whole study area.
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Table 5.

Vegetation Plots

Fushan Forest

PCA2 PCA3 PCA4 PCA5 PCAl PCA2 PCA3 PCA4 PCA5

PCA1l

Axis

2.51
6.98

65.18

3.60
9.99
58.20

3.91
10.87

48.21

4.91
13.62
37.34

8.54
23.72
23.72

0.92

1.04
9.46

86.57

1.65
15.03

77.10

2.15
19.55
62.07

4.68
42.52

Eigenvalue

40

94.97

Variance (%)

42.52

Cummulative

Variance (%)

Loadings (in Order

of Importance)
Variable 1

SPHA 0.342 STH 0.458 WEST 0.375

SPLA 0.405

STH 0.617 WLS 0.450 WEST -0.596 WEST 0.780 SOL 0.302
SLP 0.595

ELEV 0.425

SDTR -0.430 SLP —0.231

TOPO -0.277 MTR -0.216 TMX -0.311

SLP 0.529

SDTR -0.542 SLP —-0.415

MDR -0.412

Variable 2

SDDR -0.337 SOC -0.208

TMY 0.242

ELEV -0.256 MDR -0.215 SOY -0.242

TOPO 0.189 MDR -0.249 ELEV -0.209 RVD 0.241

WLS -0.159 MTR —-.246

RVD 0.207

RVD 0.376
TOPO 0.344 TOPO 0.292
MTR 0.313

SDDR -0.380 RVD 0.371

MTR -0.407

Variable 3

WLS 0.200

SDDR 0.3775 WLS 0.231

TOPO 0.261

Variable 4

MTR 0.191

SLP 0.131

WEST 0.209 WLS 0.209

MTR 0.128

TOPO 0.201

Variable 5

The abbreviation for the variables follow those shown in Table 1.

Distance
1.4 1.2 1.0 0.8 0.6 0.4 0.2 0
1 1

4{ 3-1 Highest
_|

3-2 High

1-1

—| 5-1 North-Facing Upland

—{ 5-2 South-Facing Upland

L

4-1 North-Facing Valleys

1-2

4-2 South-Facing Valleys

Figure 4. Classification tree of the Fushan Forest land-
scape. The tree is pruned slightly below where we
determined that the classes were explainable. The first
split separates the high elevation sites (1-1) from the
mid- to lower-elevation sites (1-2). The second split
separates the mid- to lower-elevation sites into upland
sites (2-1) and valley sites (2-2). The third split separates
the high-elevation sites into the highest areas to the
north (3-1) and remaining high sites (3-2). The fourth
and fifth splits separate the upland and valley groups
each into predominantly north-facing slopes and pre-
dominantly south-facing slopes. Dashed lines in the tree
represent omitted branches.

Discussion

Environmental Characteristics of the
Fushan Landscape

The Fushan Forest is characterized by mountainous
terrains and the two creeks that cut across the
landscape. Spatial autocorrelation results showed
that there are at least three scales at which spatial
patterns are apparent in the Fushan landscape. One
scale is that of the whole Fushan Forest area
(>3,000 m) and is dominated by the elevational
gradient from the high areas in the north to the low
areas toward the low valleys in the southeast and
southwest. Another is approximately 550 m, and
reflects the topography of alternating ridges and
valleys predominantly along the east-west direc-
tion carved out by the creeks. A third scale is
approximately 250 m and separates the topography
in the north-south direction by aspect into north-
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A DTM (m)
<358
427
495
563
632
700
768
836
905
973
1041
1110
1178
1246
1314
1383
1451

Landscape class

I Highest-elevation sites
I High elevation sites

[ North-facing upland sites
B South-facing upland sites
[ North-facing valley sites
Bl South-facing valley sites

Figure 5. Terrain of the Fushan Forest (A) and its six
landscape classes (B). The terrain (DTM) is shown in color
shading with red indicating high elevations and blue
indicating low elevations. Locations of the vegetation
sample plots are indicated with yellow dots.

and south-facing slopes with different variances in
total radiation. Other dominant scales may be
present in the landscape, but our findings are lim-
ited by the resolution of our data.

The landscape classification results also capture
the previously mentioned three important gradi-
ents in the landscape by classifying the landscape
first according to elevational difference (separation
of higher areas), then by topographic position
(upland and valley areas), then by aspect (north-
facing and south-facing slopes).

The PCA results from the whole study area, on
the other hand, capture elevation and mean
radiation in the first axis and southness in the
second axis, but they fail to find topographic po-
sition to be important because of its high corre-
lation with elevation (0.647). This finding
suggests that although linear methods without
separation of scales can pick up major gradients at
the scale of the whole study area, they may fail to
detect important gradients at finer scales. There-
fore, in terms of capturing the important envi-
ronmental gradients at different scales, linear
methods such as PCA are not as useful as spatial
analyses such as spatial autocorrelation and
landscape classification.

Environmental Characteristics of the
Vegetation Plots Compared to Those of
the Whole Fushan Forest Area

Although the vegetation sample plots provided
mean values of elevation, direct solar radiation, and
total solar radiation that were close to those of the
whole study area, with only 53 sites, the vegetation
plots had a much more limited representation of
data ranges. More important, the plots were biased
toward the mid-elevation and flatter portions
nearer the center and south of the landscape. For
example, 77% of the vegetation sample plots were
in the mid-elevation uplands, less than 6% were
from the high-elevation class, and none were from
the highest sites. As a result, they covered only
37% of the full elevational range and were on
average less steep and more open (less sky space
blocked) than the whole study area. All of these
findings indicate a flaw in the experimental design,
such that the steeper and the less open areas in the
northern part of landscape (Figure 5) were less
represented.

Because the vegetation samples were more
representative of the medium- to low-elevation
sites of the Fushan Forest, the strong elevational
gradient seen in the whole study area (Figure 6A)
was not as distinct in the vegetation plots (Fig-
ure 7A). The PCA results from the vegetation plots
also differed from those of the whole study area in
that topographic position replaced elevation as the
most dominant gradient in the physical environ-
ment (Table 5). In other words, because of the
limited scope of the vegetation plots, they cap-
tured the second and third gradients in the land-
scape (topographic position and aspect) but could
not detect the first gradient (elevation) as an
independently important gradient in the land-
scape.
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Implications of the Gradient Analysis
Results

Results from both the gradient analysis and vege-
tation classification found that topographic position
was the most important gradient contributing to

Distance (m)

Figure 6. Spatial autocorrelation
of selected environmental
variables in Fushan Forest (1,098
ha). Elevation (A), topographic
position (B), southness (C), and
standard deviation in total
radiation (D). The solid lines are
the calculated Moran’s I; the dark
lines inseparable near the zero
line represent 95% confidence
limits.

Figure 7. Spatial autocorrelation
of the environmental variables in
the 53 vegetation plots. Elevation
(A), topographic position (B),
southness (C), and standard
deviation in total radiation (D).
The solid lines are the calculated
Moran’s I; the dashed lines
represent the permutated 95%
confidence limits.

the differences in vegetation across the landscape
and that variation (SD) in direct radiation second in
importance. Because the SD in direct radiation is
correlated with southness (correlation coefficient =
suggests that the vegetation is
responding to aspect. In an independent study in a

-0.530),

this
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1.4-ha permanent plot in the Fushan Forest, Wang
and others (2000) also found topographic position
to be the major factor determining vegetation
composition in this area, thus confirming our
results.

It would thus seem reasonable to suggest that
topographic position is the most important envi-
ronmental factor affecting the vegetation of the
Fushan Forest. Considering the results from the
spatial analysis of the whole Fushan landscape, it
may seem strange that the vegetation of the Fu-
shan Forest is responding only to the lesser two of
the three major gradients in the landscape, topo-
graphic position and aspect, but not to the larger-
scale gradient, elevation, which is usually an
important determining factor of vegetation.
Through analysis of environmental variables in the
vegetation plots, however, we were able to recog-
nize that the conclusions from the vegetation
analyses are highly subjective to the biases of the
vegetation plots, which were not sufficiently
extensive in coverage, and were therefore inade-
quate to capture the elevational gradient across the
landscape. A review of the Methods section in the
Wang and others (2000) paper confirms that their
plot was set in the 690-820—m elevation zone and
is therefore equally limited in terms of spatial
coverage.

As a consequence, inferences derived from the
vegetation analyses in this study are applicable to
within 550 m of the samples, that is, the mid- to
lower-elevation zones toward the southern two-
thirds of the Fushan Forest. To make inferences
about vegetation dynamics in the higher zones or
vegetation changes in response to temperature
changes, however, one would need more infor-
mation on the vegetation in the higher-elevation
zones (the Highest and High zones in Figure 5B)
and their environmental responses. By identifying
the regions in which vegetation data are limited,
guidelines for future sampling designs can be
established. Anecdotal observations by C.-M. Kuo
(in Chang 1998) suggest that the vegetation in the
Fushan Forest is greatly influenced by elevation,
especially in that the vegetation in the higher
parts toward the north is very different from that
in the remainder of the forest. We therefore be-
lieve that additional information from the north-
ern and higher parts of the forest will show that
all three major gradients—elevation, topographic
position, and aspect—are important factors influ-
encing vegetation composition in the Fushan
Forest.

Thanks to the extensive development of geo-
graphical information databases worldwide, spa-

tially explicit information concerning environment
variables such as those used in this study are
increasingly available. Also, in addition to spatial
autocorrelation analysis and landscape classifica-
tion, many other spatial analysis tools are avail-
able, such as spectral analysis, fractals, multiscale
ordination, Fourier transformation, Quadtrees,
wavelets, and scale-space (Turner and others
1991; Marceau 1999; Fortin 1999; Hay and others
2002).

We suggest three ways in which spatial analyses
may be used to develop guidelines for appropriate
ranges and scales for the extrapolation of small-
scale field study data and for the identification of
new information needed to extend the scope of
extrapolation. First, spatial analyses can be used to
add supplementary information to earlier field
studies, so that the scale thresholds for the
extrapolation of results may be acquired. Second,
in cases where the resources are available, addi-
tional survey plots may be added according to the
results of spatial analysis, so that the extrapolation
of the combined old and new data can be extended
to a wider scope with more confidence. Finally,
spatial analysis may be used to aid in the planning
and revision of field survey designs prior to their
implementation, making it possible to obtain suf-
ficient and properly located samples that will cap-
ture the important gradients of the landscape(s)
upon which the survey results will be extrapolated.
With such efforts, valuable and hard-earned field
data can then be used to make more contributions
to our understanding of scale in ecology.
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