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SPATIAL SCALE AND PATTERNS OF SPECIES-ENVIRONMENT
RELATIONSHIPS IN HARDWOOD FOREST OF THE
NORTH CAROLINA PIEDMONT

M.W. Palmer, Department of Botany, Duke University, Durham NC 27706 USA
Current address: Department of Botany and Microbiology, Oklahoma State University, Stillwater OK 74078-0289 USA

Keywords: Canonical correspondence analysis, Environmental variability, Geostatistics, Gradient analysis, Self-similarity, Spatial scale

Abstract. Plant-environment relationships in the Duke Forest, Durham and Orange Counties, North Caro-
lina USA were examined within and among tenth hectare plots. Soil samples collected from subplots were
analyzed for phosphorus, potassium, calcium, sodium, weight/volume, pH, buffered acidity, cation exchange
capacity, manganese, copper, and humic acids. Canopy openness was estimated with a spherical densio-
meter. Canonical correspondence analysis reveals that the species composition of 0.1 ha plots is strongly
related to soil calcium. All of the environmental variables demonstrate some spatial dependence within
plots, indicating that within-plot gradient analysis must be interpreted cautiously. Species composition of
2 m? subplots is weakly related to soil calcium. Species positions along the calcium gradient within plots
are weakly correlated with their positions along the among-plot calcium gradient.

Introduction

Direct gradient analysis, or the study of the relation-
ship between plant community composition and envi-
ronmental variation, is one of the cornerstones of
quantitative plant community ecology. Direct gradient
analysis contrasts with indirect gradient analysis, which
includes most ordination techniques. Ter Braak and
Prentice (1988), in their classification of the most wi-
dely used gradient analysis techniques, stated the main
distinction between direct and indirect techniques (p.
304): ‘“‘Direct gradient analysis allows one to study the
part (large or small) of the variation in community com-
position that can be explained by a particular set of en-
vironmental variables. In indirect analysis the attention
is first focused on the major pattern of variation in com-
munity composition; the environmental basis of this
pattern is to be established later.”” Recently, methodo-
logy for direct gradient analysis has greatly advanced
with the development of Canonical Correspondence
Analysis, or CCA (ter Braak 1986), which is an exten-
sion of Correspondence Analysis, a commonly used in-
direct gradient analysis.

Despite the importance of direct gradient analysis,
little attention has been paid to dependence of plant-
environment relationships on spatial scale. If there is
an important, identifiable environmental gradient in-
fluencing species composition at one spatial scale, can
an ecologist make reasonable predictions about this gra-
dient at other scales? If the same patterns are obser-
ved on all spatial scales, then the system can be
considered self-similar, or statistically self-similar. Ideas
concerning self-similarity are closely related to fractal
geometry (Mandelbrot 1983, Phillips 1985, Palmer
1988); strictly defined, a self-similar object has a con-

stant fractal dimension. However, a less formal defini-
tion of self-similarity is perhaps of more interest to eco-
logists: a system is self-similar if important patterns and
processes are observed and are dominant across spa-
tial scales.

There are several factors which should be taken in-
to account when considering spatial scale in the con-
text of direct gradient analysis. Ecologists often assume
that the environment is homogeneous at the scale of
a plot. However, the scale dependence of homogenei-
ty is rarely evaluated. For comparisons between spe cies
composition and environment to be statistically valid,
plots must be spatially independent replicates. Again,
an evaluation of spatial independence is rarely perfor-
med. Direct gradient analysis is impossible if environ-
mental variation within plots equals environmental
variation among plots. This also is seldom tested.

Fortunately, scale dependence of homogeneity, spa-
tial independence, and comparisons of within- and
among-plot environmental variability can all be evalua-
ted by inspecting the form of the semivariogram, a dia-
gram which is essential to the discipline of geostatistics
(Journel and Huijbregts 1978, Clark 1979, Webster
1985).

In this paper, I perform geostatistical analyses on en-
vironmental variables within 0.1 ha plots in hardwood
stands of the Duke Forest. I also report direct gradient
analyses on plant community variation among and wi-
thin 0.1 ha plots, and contrast the results of large-scale *
(among-plot) plant-environment relationships to small-
scale (within-plot) plant-environment relationships.

Methods

Vegetation. 1 estimated the percent cover of plant
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species in each of forty 2 m? subplots in each of thirty
0.1 ha plots in hardwood forest stands of the Duke Fo-
rest, Durham and Orange Counties, North Carolina, as
described in the previous paper (Palmer 1990). As in
Palmer (1990), the ‘‘floristic’’ data set is comprised of
species presence and absence; the ‘‘vegetation’’ data
set is comprised of species cover estimates.

Soil. In the summer of 1986, I collected soil samples
from each subplot in each plot. Each sample consisted
of four combined cores from the top 10 cm of the soil
profile and was collected with a stainless steel soil au-
ger. The four cores were located 50 cm from the cen-
ter of each subplot, with one core in each of the four
major compass directions. The soil samples were sifted
and analyzed by the Soil Testing Service of the North
Carolina Department of Agriculture for phosphorus (P),
potassium (K), calcium (Ca), magnesium (Mg), sodium
(Na), weight to volume ratio (W/V), pH, buffered aci-
dity (BA), cation exchange capacity (CEC), manganese
(Mn), copper (Cu), and humic acid (HA). P, K, Ca, Mg,
Na, Mn and Cu were extracted by the Mehlich III me-
thod (Mehlich 1984a). Humic acid was extracted accor-
ding to Mehlich (1984b). Soil pH and buffered acidity
were measured in aqueous solution. Chemical conce-
trations are in parts per million, and weight/volume is
in grams per cubic centimeter. Percent canopy open-
ness (CO) was estimated with a hand-held spherical den-
siometer (Lemmon 1956).

In order to assess the variation of soil parameters on
a very small scale (<1 m), I randomly selected five of
the tenth hectare plots for more intensive sampling. One
soil sample (consisting of two adjacent cores) was ta-
ken from the geometric center of each of the five plots.
From this center, four 1 m transects were established;
two were in opposite directions and parallel to the long
axis of the plots, and two were in opposite directions
and perpendicular to the long axis of the plots. A soil
sample consisting of two adjacent cores was taken at
every 10 cm interval along these transects.

The frequency distributions of several variables (P,
K, Ca, Mg, CEC, Mn, Cu, HA) were found to be extre-
mely right-skewed; these variables were therefore log-
transformed before subsequent analysis. Sodium occur-
red as identical trace quantities within several plots;
there was thus no recorded variance in Na in these
plots. The sodium data were omitted because gradient
analysis is impossible when the environmental value
does not vary.

Geostatistics. Recently, ecologists have turned to geo-
statistics to describe spatial variation (Phillips 1985, Ro-
bertson 1987, Palmer 1988). The central concept of
geostatistics is the semivariance, which describes the
variation in a variable of interest (the ‘‘regionalized va-
riable’’) as a function of spatial scale. The semivarian-
ce (y) at a given distance h is defined as:

Semivariance
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where z (i) is the value of the regionalized variable for
location i, z (i+h) is the value of the regionalized va-
riable in a location separated from location i by distan-
ce h, and Ny, is the number of pairs of locations
separated by distance h. A semivariogram is a plot of
semivariance versus h. Although semivariograms are of-
ten used to display patterns in data from plots placed
systematically along a transect (e.g., Palmer 1988) they
can be used for any sample of plots with known spatial
coordinates (Webster 1985).

In this study, an overall semivariogram for each of
the environmental variables was calculated by avera-
ging the corresponding semivariograms of all 30 plots
(i.e., for each lag distance h, the sum of the semivarian-
ces of all plots was divided by thirty to produce an ave-
rage). Smaller-scale semivariograms were calculated by
averaging the semivariograms of the five plots randomly
selected for the small-scale survey. One major drawback
of averaging (and all other forms of data summary) is
that some detail may be lost. For example, differences
among plots will not be visible. However, averaging was
deemed necessary here for two reasons: 1) 40 subplots
per plot do not yield a large enough sample of pairs of
points to adequately calculate semivariance, and 2) be-
cause I am interested in summarizing the general small-
scale patterns, not emphasizing the particular patterns.
Since there are roughly equal numbers of pairs of points
per lag distance in all plots, the average semivariogram
should be extremely close to a single semivariogram cal-
culated by Eq. 1 using data from all plots (see Webster
1985, p. 12).
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Fig. 1. An idealized semivariogram. S is the sill, N is the
nugget, and R is the range.



The semivariogram can reveal whether there is spa-
tial dependence in environmental variables. This is im-
portant because the existence of spatial dependence
violates the standard statistical assumption that repli-
cates are independent. Spatial dependence is one ma-
nifestation of pseudoreplication (Hurlbert 1984).
Although statistical methods which account for spatial
dependence have been developed (Fingleton 1986,
Cook and Pocock 1983, Legendre et al. 1987, Wilkin-
son et al. 1983), these are not directly applicable to gra-
dient analysis.

In the idealized semivariogram (Fig. 1), the semiva-
riance increases as a function of distance until a sill is
reached. If locations are separated by a distance less
than the distance at which the sill is reached (the ran-
ge), they cannot be considered statistically independent
replicates.

The range of the semivariogram (Fig. 2) indicates the
spatial scale above which the environment can be con-
sidered homogeneous. If the range is smaller than the
dimensions of the plot, then the plot is homogeneous
with respect to the environmental variable in question.
Note that this concept of homogeneity does not mean
lacking variability. In this case, homogeneity means
lacking overall spatial trends. For example, a checker-
board is homogeneous with respect to color because one
side has as much red and black as the opposite side. Ho-
wever, a section of the checkerboard consisting of two
adjacent squares would not be homogeneous because
it is entirely red on one side and entirely black on the
other.

Analysis of the relationship between species compo-
sition and environmental variables within a plot is on-
ly possible if variability among subplots is greater than
variability within subplots. For within-plot gradient
analysis in this study, the semivariance at 1.60 m (the
diameter of the subplots) should be substantially lower
than the semivariance at 50 m (the length of the plot).
If the semivariogram is completely horizontal, then sub-
plots of any size would contain the same environmen-
tal variance as the entire plot and would be
inappropriate for discerning intraplot plant-
environment relations. ‘

Gradient analysis. Direct gradient analysis is the
process of comparing the species composition of ecolo-
gical communities to characteristics of the environment.
The measured environmental variables need not be di-
rect causal agents of species composition. For example,
the best known examples of gradient analysis involve
species distributions along elevational gradients (e.g.,
Whittaker 1956). It is unlikely that plant species are di-
rectly affected by elevation; indirect consequences of
elevation such as temperature, moisture, and soil type
are more likely to determine species distributions. Just
as linear regression does not require an explanatory va-
riable to explain most of the variance of a dependent
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Fig. 2. Semivariograms for twelve environmental varia-
bles. Dashed lines are calculated from environmental da-
ta from subplots, and solid lines are calculated from the
very small scale soil survey (not calculated for canopy
openness). The horizontal dotted lines represent half the
variance of 30 replicate laboratory analyses on the same
soil sample. The minimum values on the semivariograms
are zero; the maximum values are as follows: Phosphorus
(P), 0.2; Potassium (K), 0.25; Calcium (Ca), 0.9; Magnesium
(Mg), 0.3; Weight/Volume (WV), 0.011; pH, 0.33; Buffered
acidity (BA), 1.25; Cation exchange capacity (CEC), 0.11;
Manganese (Mn), 1.2; Copper (Cu), 0.065; Humic acid (HA),
0.042; Canopy openness (CO), 42.

variable, gradient analysis does not require that the
most important environmental variables are included.
For example, nitrogen availability may be an important
determinant of understory species composition in the
Duke Forest. However, excluding nitrogen from this
study does not invalidate gradient analysis; it merely
limits the number of environmental gradients we can
expect to find.

Canonical correspondence analysis (CCA, ter Braak
1986, 1987a, b, c) is a new technique for multivariate
direct gradient analysis. CCA is derived from the mul-
tivariate indirect gradient analysis (ordination) techni-
que known as Correspondence Analysis (CA, Hill 1974).
Both CA and CCA derive a set of ordination axis scores
for species as well as sites. For the first ordination axis,
species scores and site scores are assigned such that the
correlation between the two is maximum. For subse-
quent axes, the site and species scores are also maxi-
mally correlated, but constrained to be uncorrelated to
site scores and species scores along previous ordination
axes. In CCA, the site scores are also constrained to be
simple functions (.e., linear combinations) of the input-
ted environmental variables. The ordination diagram
for CCA includes not only the species and site scores,
but vectors representing environmental variables. From
this diagram, one can determine which environmental
variables explain the dispersion of species along the ma-
jor ordination axes. The significance of the relationship
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Fig. 3. DCCA biplot based on presence/absence (floristic) data (A) and percentage cover (vegetation) data (B). The ar-
rows projecting from the origin represent environmental variables as described in text. Abbreviations are as in the

caption to Fig. 2. Plots are represented by circles.

between species composition and the environmental
CCA axes is determined by a Monte Carlo permutation
test (ter Braak 1987a, b).

The relative contributions of different environmen-
tal variables to the CCA ordination can be displayed
with a biplot (ter Braak 1987c). A biplot is a graph of
plots (represented by points) and environmental varia-
bles (represented as vectors) on the same ordination dia-
gram (see Fig. 3). The coordinates of the environmental
vectors are calculated from the CCA eigenvalues and
the correlations between the environmental variables
and the CCA eigenvalues. The strength of the relation-
ship between an environmental variable and an ordi-
nation axis is proportional to length of the
perpendicular projection of the environmental vector
on the axis. The relative importance of the environmen-
tal variables (that is, the degree to which they corre-
spond with species composition) is proportional to the
relative lengths of the vectors.

In this study, I employ a modification of CCA known
as detrended canonical correspondence analysis (DCCA)
which corrects for distortions along ordination axes
other than the first. While the utility of detrending has
been debated (Wartenberg et al. 1987), it has been
shown to be necessary and robust by others (Peet et al.
1987). However, most of the discussion here will focus
on the first ordination axis, so the interpretation of
DCCA is practically identical to that of CCA (the first
axis of DCCA always has the same eigenvalue as that
of CCA).

The eigenvalue is a measure of the strength or im-
portance of a CCA or DCCA axis, and is equivalent to
the squared correlation coefficient (rz) between species
scores and plot scores. The eigenvalue must be between
zero and one. If the dominant gradient in plant species
composition is largely related to the measured environ-
mental variables, then the first eigenvalue will be clo-

se to the first eigenvalue of a detrended correspondence
analysis (DCA) ordination (Hill and Gauch 1980, see Pal-
mer 1990). In a DCA ordination, plot scores are not con-
strained to be simple functions of the environmental
variables. If the dominant gradient in species composi-
tion is not reflected in the measured environmental va-
riables, the DCCA eigenvalues will be much less than
the DCA eigenvalues. Thus, comparison of DCA and
DCCA eigenvalues can suggest whether important va-
riables are being ‘‘left out’’ of the gradient analysis (ter
Braak 1986).

The computer program CANOCO allows the user to
‘“factor out’’ the effects of particular environmental va-
riables by designating them as co-variables. This capa-
bility is used in two ways in this paper. The first use
of covariables is to determine whether there are any
significant residual relationships between species and
the environment after the dominant, most influential
environmental variable(s) is (are) accounted for. The
second use of covariables is for examining within-plot
species-environment relationships. In this case, each co-
variable corresponds to a particular plot. The covaria-
ble is known as a ‘‘dummy variable”’, and has the value
0 when a subplot is not in the corresponding plot, and
the value 1 if it is in the plot. The net effect of using
dummy variables in such an analysis is to eliminate the
influence of among-plot variation when searching for
within-plot patterns.

As in Palmer (1990), separate gradient analyses we-
re done for floristic (presence/absence) and vegetation
(species percent cover) data. For the large-scale (among
plot) gradient analysis, plot means were used as DCCA
input for each of the environmental variables. Species
data were not transformed. Plot #23 was ordinated
passively for the reasons described in Palmer (1990).

For the small-scale (within plot) gradient analysis, the
thirty plots were divided into three groups (of ten plots



each) based on the rank position of mean calcium con-
centration (Ca was found to be strongly related to
among plot floristic and vegetation patterns, see Results
section). The low Ca plots had mean Ca concentrations
less than 150 ppm, intermediate Ca plots had mean con-
centrations between 150 and 380 ppm, and high Ca plots
had mean concentrations greater than 380.ppm. Dum-
my variables were used as covariables to factor out the
effects of among-plot variation on the DCCA results.
DCCA was performed on the low Ca, intermediate Ca,
and high Ca groups of plots in order to determine which
of the environmental variables were most strongly re-
lated to within-plot species composition in low, inter-
mediate, and high Ca conditions.

Detrended canonical correspondence analysis was al-

so performed on all data sets (flora and vegetation,
among-plot and within-plot) using calcium as the sin-
gle inputted environmental variable. The resultant
DCCA first axis species scores estimates the order of
modal positions of each species along the calcium gra-
dient (see ter Braak 1987a, c¢). The species scores for
the among-plot comparisons were compared to the
within-plot comparisons with linear regression in order
to determine whether plant species are distributed
along the calcium gradient in the same way within plots
as they are among plots.

Results

Semivariograms. The semivariograms of the twel-
ve measured environmental variables are given in Fi-
gure 2. The small irregularities in the semivariograms
are probably due to statistical uncertainty, and the de-
clines to the right of some semivariograms (e.g., those
of P, HA, and CO) are probably due an artifact of spu-

Table 1. Eigenvalues and correlation coefficients between
environmental variables and DCCA scores of plots.

floristic data vegetation data
Axis 1 Axis 2 Axis 1 Axis 2
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rious periodicity known as the ‘‘hole effect’’ (Journel
and Huijbregts 1978, Phillips 1985) caused by fewer re-
plicates at greater distances. All of the variables exhi-
bit some degree of spatial dependence (the
semivariogram has some region with a positive slope).
All of the environmental variables (except Mn and per-
haps pH) have semivariograms with sills (horizontal
asymptotes). The presence of a sill means that the plots,
on average, are homogeneous with respect to the mea-
sured environmental variables.

The small-scale semivariograms (Fig. 2) reveal that
for most of the variables, environmental variability on
the scale of subplots is substantially smaller than envi-
ronmental variability on the scale of the entire plot. The

Table 2. Eigenvalues and correlation coefficients between
environmental variables and DCCA scores of subplots wi-
thin plots.

Low Calcium

floristic data vegetation data
Axis 1 Axis 2 Axis 1 Axis 2

DCCA Eigenvalue 0.12 0.09 0.13 0.09
DCA Eigenvalue 0.36 0.33 0.68 0.57
Correlation coefficients:

Phosphorus 0.202 0.165 0.2565 0.133
Potassium 0.267 0.122 0.264 0.089
Calcium 0.417 —0.018 0.387 —0.096
Magnesium 0.037 —0.048 0.080 0.025
Weight/Volume —0.248 —0.297 —0.205 —0.166
pH 0.422 —0.100 0.331 —0.011
Buffered acidity —0.066 0.087 0.036 0.097
CEC 0.354 0.061 0.342 0.012
Manganese 0.293 —0.120 0.248 —0.175
Copper 0.244 —0.086 0.161 —0.093
Humic acid 0.210 —0.146 0.277 —0.009
Canopy openness —0.042 0.104 —0.008 —0.041

Intermediate Calcium

floristic data vegetation data
Axis 1 Axis 2 Axis 1 Axis 2

DCCA Eigenvalue 0.30 0.14 0.43 0.24
DCA Eigenvalue 0.34 0.19 0.50 0.27
Correlation coefficients:

Phosphorus 0.261 —0.141 0.210 —0.137
Potassium —0.101 —0.689 —0.147 —0.331
Calcium —0.861 —0.247 —0.856 —0.042
Magnesium —0.880 —0.249 —0.873 —0.082
Weight/Volume —0.550 0.250 —0.493 0.088
pH —0.837 —~0.234 —0.812 —0.163
Buffered acidity 0.684 0.137 0.697 0.062
CEC —0.745 —0.274 —0.742 —0.087
Manganese —0.656 ~0.457 —0.699 —0.300
Copper —0.641 —0.478 —0.628 —0.209
Humic acid 0.093 —0.317 0.099 0.072
Canopy openness 0.0565 —0.146 0.192  0.302

DCCA Eigenvalue 0.14 0.09 0.24 0.15
DCA Eigenvalue 0.38 0.31 0.63 0.58
Correlation coefficients:

Phosphorus —0.056 —0.004 0.031 —0.084
Potassium 0.030 —0.005 —0.028 —0.233
Calcium 0.265 0.353 —0.201 0.054
Magnesium 0.442 0.159 —0.317 —0.077
Weight/Volume —0.037 0.075 0.177 0.226
pH 0.250 0.556 —0.208 0.435
Buffered acidity —(0.164 —0.190 0.363 —0.431
CEC 0.2556 0.241 0.014 —0.158
Manganese —0.022 0.322 —0.145 0.088
Copper 0.645 0.073 —0.316 —0.211
Humic acid 0.281 —0.004 —0.224 —0.342

Canopy openness —0.139 0.086 0.068 —0.216
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Table 2 (continued)

High Calcium

floristic data vegetation data
Axis 1 Axis 2 Axis 1 Axis 2

DCCA Eigenvalue 0.07 0.05 0.11 0.10
DCA Eigenvalue 0.21 0.19 0.50 0.27
Correlation coefficients:

Phosphorus 0.132  0.115  0.250 —0.112
Potassium —0.080 —0.234 —0.057 —0.056
Calcium 0.100 —0.544 —0.146 —0.116
Magnesium 0.030 0.006 0.1563 0.012
Weight/Volume —0.044 —0.072 —0.205 0.124
pH —0.006 —0.644 —0.193 —0.033
Buffered acidity —0.144 0506 0.261 0.076
CEC 0.0560 —0.524 —0,117 —0.100
Manganese —0.184 —0.438 —0.340 0.159
Copper 0.150 —0.203 —0.099 —0.142
Humic acid 0.021 0.145 —0.025 —0.054

Canopy openness 0.512 —0.062 —0.195 —0.434

number of soil samples used for determining these se-
mivariograms is low, so the patterns within the semi-
variograms are irregular and not easily interpreted.
However, it is clear that with the exception of phospho-
rus, the overall heights of the small-scale semivario-
grams are much lower than the overall heights of the
larger-scale semivariograms. .

Among-plot detrended canonical correspondence
analysis. The first DCCA axis is strongly related to Ca
and its correlates (Mg, pH, BA, CEC) for both the flori-
stic and the vegetation comparisons (Fig. 3, Table 1).
Monte Carlo permutation tests reveal that the eigen-
value of the first axis is significantly larger than the null
expectation (that which we expect if the relationship
between plant and environment is random) for both the
floristic (p <0.01) and the vegetation (p <0.01) compa-
risons. Once Ca is ‘‘factored out’’ as a covariable, how-
ever, the first axis eigenvalue is neither significant for
flora (p=0.25) nor vegetation (p=0.17). The first two
DCCA eigenvalues are very close to the first two DCA
eigenvalues for both vegetation and flora (Table 1), in-
dicating that the dominant gradient in species compo-
sition is indeed related to the measured environmental
variables (calcium and its correlates in particular), and
not to some important but unmeasured factor.

Within-plot detrended canonical correspondence
analysis. Table 2 displays the correlations between the
environmental variables and the first two DCCA axes
for the within-plot floristic and vegetation data sets.
In all cases, the plant-environment relationship along
the first axis is ‘‘significant’’ at p<0.05. ‘‘Significant’’
is in quotes because of the problem of spatial de-
pendence.

Ca and some of its correlates (pH and CEC but not
Mg and BA) are the environmental variables with the

Table 3. Eigenvalues of DCCA using calcium as only input-
ted environmental variables. All of the eigenvalues are sig-
nificantly greater than the null expectation at p<0.01.

floristic data vegetation data

Among-plot ordination 0.26 0.37
Within-plot ordination
low calcium 0.08 0.09
intermediate calcium 0.07 0.07
high calcium 0.04 0.06

highest correlations with the first DCCA axis for the low
calcium group. This holds for both the floristic and the
vegetation comparison. Weight/Volume is most strong-
ly related to the second floristic DCCA axis, and Man-
ganese is most strongly related to the second vegeta-
tion DCCA axis. For the floristic comparison of the
intermediate Ca group, copper is most strongly corre-
lated with the first axis, and pH is most strongly rela-
ted to the second axis. In the vegetation comparison,
BA and Mg (but not Ca, pH, or CEC) is highly related
to the first axis, and BA and pH are related to the se-
cond axis. Canopy openness is strongly related to the
first axis and calcium (and its correlates except Mg) are
most strongly related to the second axis for the flori-
stic comparison of the high calcium group. For the ve-
getation comparison, manganese is most strongly
related to the first axis, and canopy openness is most
strongly related to the second axis.

Species distributions along the calcium gradient..
The eigenvalues for the DCCA ordinations with calcium
as the only environmental variable are given in Table
3. All of the ordinations were ‘‘significant’’ at p<0.01,
suggestiné that calcium or a related factor determines
species composition to some degree. For the among-plot
ordinations, the DCCA eigenvalues are reasonably clo-

Table 4. The correlation coefficient (r) between species
positions along the among-plot calcium gradient and spe-
cies positions along the within-plot calcium gradient.
Abundant species include all species present in at least
10 subplots for the floristic data, and have a cover of at
least 0.1 m”~ for the abundance data. The number of spe-
cies used in each comparison is in parentheses.

floristic data vegetation data

All species

low calcium 0.037 (104) 0.000 (104)

intermediate calcium 0.169 (183)* 0.148 (183)*

high calcium 0.124 (223) 0.100 (223)
Abundant species

low calcium 0.278 ( 38) 0.120 ( 30)

intermediate calcium 0.397 ( 63)** 0.248 ( 62)*

high calcium 0.263 (106)** 0.240 ( 94)*

* p<0.05
** p<0.01



se to the DCA first axis eigenvalues (Table 1), implying
that calcium is related to a dominant gradient in spe-
cies composition. For the within-plot ordinations, how-
ever, the DCCA eigenvalues are substantially less than
the DCA first eigenvalues (Table 2), implying that cal-
cium is not strongly related to the dominant gradient(s)
determining species composition.

The correlations between the species positions on the
calcium gradient within and among plots are shown in
Table 4. Some of these correlations are statistically si-
gnificant. The significance and the strength of the cor-
relations increase somewhat when one only considers
the most abundant species.

Note, however, that all of the correlations in Table
4 are quite low (r <0.4). The percentage variance in the
within-plot data explained by the among-plot data (100
r2) is always less than 16%. These low correlations do
not occur as a result of lack of variation in calcium con-
centration within a plot: calcium concentrations typi-
cally vary three-fold to five-fold within plots. The low
calcium group is the only group which does not exhibit
any significant relationships between the among-plot
and within-plot distributions of species. However, it
must be noted that this may be due in part to the lo-
wer sample size (number of species) in the group. The
low calcium group was also the only group which had
calcium as the environmental variable most strongly re-
lated to the first DCCA axis.

Discussion

Spatial dependence is a property of most of the en-
vironmental variables studied, as indicated by their se-
mivariograms (Fig. 2). This implies that statistical
analyses involving these variables are not entirely va-
lid, because the assumption of independent replication
is violated. Therefore, statistical inference regarding the
within-plot gradient analyses must be considered ine-
xact. It is likely that the relationships with manganese
and copper (which are seldom implicated as causes of
species distributions, but see Lieth 1980 for Mn) result
from their strong patterns of spatial dependence
(Fig. 2).

Spatial dependence is not likely to be a major pro-
blem for most variables because the slopes are gene-
rally very shallow, indicating that the spatial
dependence which exists is weak. This is consistent
with the results of Burrough (1981), who found that ma-
ny kinds of environmental data have weak spatial de-
pendence. The problem of spatial dependence is also
ameliorated by the grouping of plots. This is because
the species-environment relationship in a given plot is
almost undoubtedly independent of the species-
environment relationships in all other plots.

The horizontal sill on most of the semivariograms in-
dicates that the plots, on the average, are homogeneous
with respect to the environment. This is reassuring be-
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cause plots were selected, in part, on the basis of an
appearance of topographic and vegetational homo-
geneity.

The smaller-scale semivariograms in Fig. 2, while ve-
ry noisy, are clearly much lower than the larger-scale
semivariograms (with the exception of phosphorus).
This lower variability on the scale of subplots greatly
facilitates gradient analysis because it means that sub-
plots are distinct from each other with respect to the
environment. If subplots were not distinct, it would be
impossible to examine plant-environment relationships
within a plot.

Subplots are not distinct from each other with re-
spect to Phosphorus. The small-scale (< 1.6 m) semiva-
riance of this variable is close to the large scale (> 10
m) semivariance. Within-plot gradient analyses with
phosphorus may therefore be uninformative and any
‘‘significant’’ results may be spurious.

It appears that Ca or something related to Ca (per-
haps unmeasured) is responsible for all of the detecta-
ble plant-environment relationships among plots (Table
1). The fact that the DCCA eigenvalue is very close to
the DCA eigenvalue implies that the major gradient in
species gradient is related to the measured environmen-
tal variables. In addition, there is no significant varia-
tion in species composition once calcium is factored out.
Although a number of factors highly correlated with Ca
(i.e., Mg, pH, BA, CEC) appear to relate to species com-
position of 0.1 ha plots equally well, I concentrate on
Ca here. This is because calcium has been widely used
in the literature as an important environmental gradient
(e.g., Beals and Cope 1964, Monk 1967, Christensen and
Peet 1984). However, patterns in plant communities
correlated with calcium described here (and elsewhe-
re) are not necessarily directly or indirectly caused by
calcium. Another correlated parameter, measured or
not, may be the determinant of the observed patterns.

For the small scale comparisons (Table 2), it is inte-
resting that calcium has a strong relationship to the first
DCCA axis only in the low calcium group. This implies
that calcium (or a correlated resource) most strongly de-
termines species composition where it is most limiting.
In the intermediate and high calcium groups, this re-
source is less limiting, and other variables may become
more important in determining species distributions. Al-
ternatively, the scarcity of calcium or a correlate may
limit the availability of another nutrient (e.g., nitrogen)
which influences species composition. For example, soil
pH can control the availability (as well as the toxicity)
of a number of elements (Etherington 1982).

In all cases, the within-plot DCCA eigenvalues were
substantially lower than the corresponding DCA eigen-
values (Table 2, 3). Recall that in the among-plot com-
parisons, DCCA eigenvalues were close to DCA
eigenvalues (Table 1). This indicates that the dominant
gradients in species composition within plots are not
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strongly related to the inputted environmental varia-
bles. This agrees with the results of Palmer (1990), in
which within-plot species compositional patterns we-
re shown to be only weakly related to among-plot spe-
cies compositional patterns. Even though the
within-plot relationships between plants and the envi-
ronment described here are ‘‘significant’’, they are not
necessarily dominant or important. Thus, species-
environment relationships are not strictly self-similar.

The high ‘‘nugget’’ variance (or y-intercept) of the
semivariograms of the environmental variables (Fig. 2)
may partially explain the low DCCA eigenvalues. Much
of the variance in the environment is therefore within
subplots. The extremely fine-scaled (within-subplot)
plant-environment relationships will be hidden in the
comparison among subplots. Reducing the size of the
subplot will not substantially reduce this problem; the
variance in the environment is not near zero when plot
size is extremely small.

The general results for the vegetation DCCA ordina-
tions are similar to the floristic DCCA ordinations. This
contrasts with the indirect gradient analysis in Palmer
(1990), in which the floristic data exhibit more promi-
nent patterns than the vegetation data. The similarity
of the results in this paper implies that direct gradient
analysis is more robust to variations in the form of the
data (4.e., presence/absence vs. untransformed species
abundances) than is indirect gradient analysis.

Species composition is related to calcium both among
(Table 1, Fig. 3) and within (Table 3) plots, but this does
not necessarily mean that the same species are beha-
ving in similar manners at the two drastically different
scales. The significant correlations in Table 4 indicate
that there is indeed a barely detectable similarity of the
small-scale distribution of species along the calcium gra-
dient to the large-scale distribution of species along the
calcium gradient. However, the weakness of the cor-
relations suggests that small-scale species distributions
along the calcium gradient differ to a great degree from
large-scale distributions. For example, a species which
is restricted to low calcium areas may be specialized to
high calcium microsites. In other words, species distri-
butions along gradients can potentiailly be scale-
dependent. The calcium gradient cannot be considered
self-similar.

Summary

Soil chemical characteristics and canopy openness
demonstrate weak spatial dependence at scales smal-
ler than one tenth hectare. This implies that statistical
inference concerning gradient analysis on a small sca-
le may not be entirely valid. Most environmental va-
riables are homogeneous at the scale of one tenth
hectare. Most variables also have considerably lower
variance at the scale of subplots (1.6 m) than they do
at the scale of plots (50 m). This means that subplots

are distinct from each other with respect to the envi-
ronment; gradient analysis is therefore possible (even
if statistical inference is not).

Both the vegetation and floristic ordinations of plots
display a significant relationship between soil calcium
concentration and species composition. However, cal-
cium was not the variable with the highest correlation
with species composition among subplots, except wi-
thin plots with low calcium. The low DCCA eigenva-
lues (compared to DCA eigenvalues) imply that some
unmeasured gradient(s) may be important in determi-
ning within-plot compositional patterns. When only cal-
cium was used in the DCCA ordination, calcium was
‘‘significantly’’ (but not strongly) related to species com-
position for both the vegetation and the floristic ordi-
nations for the low, intermediate, and high calcium
groups.

The order of plant species along the calcium gradient
is somewhat different among plots and within plots. Al-
though there is a significant correlation between spe-
cies order within plots and species order among plots
(for plots with intermediate and high calcium), the cor-
relations are weak. This implies that the species are si-
tuated along environmental gradients in different ways
at different spatial scales.
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