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Abstract. Hardwood forests in the Duke Forest, Durham and Orange Counties, North Carolina, USA, we-
re studied in order to determine whether plant community patterns on the landscape scale were also pre-
sent on a scale less than 0.1 hectare. I randomly located forty 2m” subplots in each of thirty 0.1 hectare
hardwood forest plots, and estimated the percent cover of species under 1 m tall in each subplot. 1 evalua-
ted the similarity of small-scale {(within-plot) patterns to large-scale (among-plot) patterns with a Monte
Carlo test for correspondence analysis eigenvalues. Similarities were much stronger for floristic (presence-
absence} data than for abundance data. Although the similarities are statistically significant, within-plot
patterns are not miniature versions of among-plot patterns. Species richness of 0.1 ha plots is strongly rela-
ted to soil cations. Within-plot variation in species richness is only weakly related to cations, implying that
large scale determinants of richness are detectable but unimportant on the small scale.

Introduction

Interpretable patterns in the composition of plant
communities occur at all spatial scales. All plant spe-
cies have distributions which can be described with re-
spect to microsites, stands, habitat types, landscapes,
biogeographical provinces, and continents. However,
species distributions do not necessarily have the same
determinants at each spatial scale (Shmida and Wilson
1985, Levin 1987). Thus, when we examine the results
of an ecological study based on a single scale of obser-
vation, we cannot know the applicability of these re-
sults to other scales. The generality of a study will
depend on the degree to which plant communities are
self-similar, that is, the degree to which patterns are
observed across spatial scales,

Clearly, there is no single “correct” scale at which
to study plant communities. The size of plots in forest
communities have generally ranged from points (Brat-
ton 1976) to several square decimeters (Rogers 1983)
to square meters (Beals and Cope 1964) to hundredths
of hectares (Davison and Forman 1982) to tenth hecta-
res{Peet and Christensen 1980) to hectares (Hubbell and
Foster 1986). The aims of ecological studies differ, and
ecologists can be expected to construct sampling designs
which correspond to a priori notions of scales at which
the processes under investigation are important. It is
of interest, however, to determine whether these pro-
cesses operate across a range of spatial scales.

Species diversity, as well as species composition, can
have scale-dependent patterns. Whittaker (1965} intro-
duced the concepts of alpha, beta, and gamma diversi-
ty in order to distinguish patterns of diversity operating
on different spatial scales. Alpha diversity refers to the

species diversity within a given habitat (or quadrat). Be-
ta diversity refers to the change in species composition
as one moves from one location in the landscape (or po-
sition along an environmental gradient) to another.
Gamma diversity refers to the species diversity of the
entire landscape. The most straightforward measure for
alpha and gamma diversity is species richness, or the
number of species in a defined area. Beta diversity is
measured in terms of rates of change, half changes, or-
dination axis lengths, or gleasons {(Bratton 1975, Wil-
son and Mohler 1983, Christensen and Peet 1984).

This distinction of three levels of diversity is at first
glance intuitively pleasing. Upon further consideration,
however, the distinction between alpha and gamma di-
versity breaks down. This is because there is no uni-
versally applicable concept of what constitutes a
“‘habitat’’ and a ‘‘landscape’. For example, alpha di-
versity can be defined as the average number of spe-
cies in a square meter quadrat and gamma diversity as
the total number of species in a one-hectare forest
stand. An equally legitimate definition is for alpha di-
versity to refer to the species in one hectare plots and
for gamma diversity to refer to all the species in the
bioregion. At all scales, there is heterogeneity (¢.e., be-
ta diversity) within plots as well as among plots. The
arbitrariness of the scale of “‘alpha’” and “gamma’” di-
versity means that we cannot expect to deduce a sin-
gle explanation for variability in either, even if we
restrict ourselves to a particular group of species in a
particular system,

In this study, I compare patterns of community va-
riation and species richness within tenth hectare plots
to variation among these plots and demonstrate that at



80

least some determinants of species composition and spe-
cies richness on the landscape scale also exist on a sca-
le less than a tenth hectare.

Methods

Vegetation survey. In the autumn of 1985, I establi-
shed thirty 20 m x50 m (0.1 hectare) plots in the Duke
Forest (Durham and Orange Counties, North Carolina,
USA). These plots were located to represent the major
compositional gradients in hardwood forest types pre-
viously described from the North Carolina piedmont
(Peet and Christensen 1980) and to avoid obvious signs
of major human disturbance. None of the plots inclu-
ded pine trees, which are indicators of secondary suc-
cession in the North Carolina picdmont (Oosting 1942).
Forty circular 2 m” subplots were randomly located
(with the constraint that they be non-overlapping) in
each plot. The percent cover of vertical projections of
each bryophyte and tracheophyte species under 1 m tall
and rooted in each subplot was -visually estimated to
the nearest 5%. This vegetation survey was done with
random plot sequence between April 27 and May 18,
1986. During this period, leaves of scedlings, shrubs,
and fall-blooming herbs werc fully expanded but the
spring ephemerals had not vet disappeared. All plots
were visited several times between September 1985 and
November 1987 in order to obtain complete species lists
(for species of all sizes) for all plots. Voucher specimens
were deposited in the Duke University Herbarium for
all species common enough to warrant collecting. Twoen-
ty species (out of 311 total) were not collected in order
that their sparse populations not be (urther decimated.

Ordination of plots. Two data sets were generated
from the plant composition data: 1) the ‘floristic’ data
set, in which species are recorded as present or absent
(this includes species which were not in any of the for-
Ly subplots), and 2) the ‘vegetation” data set, in which
the mean cover of each species in cach plot was esti-
mated from the forty subplots. Both of these data sets
were ordinated, without transformation, using detren-
ded correspondence analysis (DCA, Hill and Gauch
1980) with the polynomial detrending algorithm of the
computer package CANOCO (ter Braak 1985). Plot #23
was ordinated passively (ter Braak 1985) because it was
found to have plant species indicative of human distur-
bances (Glechoma hederacea, Muscari botryoides, Ra-
nunculus abortivus, and Stellaria media). The ‘‘passive
ordination’ here means that plot # 23 had no effect on
the ordination axis scores of the other plots.

Ordination of subplots. There are two properties of
weighted averaging techniques (such as DCA) which
make them useful for comparing small-scale plant com-
munity patterns with large-scale patterns, The first is
that the score wj, of plot j along axis k is the average
of the scores vy of cach species i in plot j, where the
scores arc first weighted by the abundance x; of the

spoecies:

Wik = Z} Xij Vik / ?ixn

Eq. 1

This property allows one to generate ordination scores
for new plots based on the species scores from a pre-
viously existing ordination (sce, for example, Campbell
1987). [ calculated the subplot scores on four DCA axes
for subplots within each plotin two ways: 1) the *flori-
stic” comparison, in which x;;is il species i is present
and O if absent in subplot j, and vy is obtained from
the tloristic ordination of (.1 ha plots described in the
previous section, and 2) the ‘vegetation™ comparison,
in which x;; is the percent cover of species i in subplot

J, and v, is obtained from the vegetation ordination of

0.1 ha plots. Equation 1 casures that the within-plot
species scores are striclly determined by among-plot
patterns of species composition. In other words, the
within-plot ordinations are in terms of the among-plot.
ordinations, For example, subplots with low ordination
scores on the first axis will include species which are
typical of plots with low first axis scores in the original
ordination. Unlike the axes of the plot ordinations, the
subplot ordination axes are not necessarily orthogonal.

The secaond useful property of weighted averaging
techniques is that the eigenvalue of an ordination axis
is equivalent to the squared correlation coefficient be-
tween species scores and plot scores (Pielou 1984}, On-
ce species and plot scores have been standardized to
zerg (weighted) mean and unit (weighted) standard de-
viation, the squared correlation coefficient ri is readi-
ly calculated:

5 ) 2 .
I'E - [; x1| Vik Vij E IE] xi_l} E(] 2

This coefficient is a measure of the strength or impor-
tance of an ordination axis. In cases where the plot sco-
res are calculated for a new data set (in this case, the
subplots) based on species scores from ordination of
another data set (the plots), rﬁ measures how strongly
variation in specics composition in the new data sef re-
flects variation in the other data set. If small-scale
(among subplot} variation in species composition was
quite dissimilar to large-scale (among plot} variation, rﬁ
would be clase to zero. If small-scale variation in spe-
cies composition perfectly matched large-scale varia-
tion, ri would be close to the eigenvaluc Iﬁulx of
detrended correspondence anhalysis calculated from
among-subplot species scores for each plot. rﬁmx is the
maximum possible correlation between species scores
and subplot scores, and is not influenced by among-plot
patterns.

There is no obvious way to test the significance of
the comparisons of small-scale vs. large-scale patterns
using standard parametric or nonparametric inferential
statistics. As the within-plot subplot scores are caleu-



lated from the among-plot species scores, it would be
circular to compare the two by testing the significance
of the parameters of a linear (or rank order} model. In
addition, the ordination scores and eigenvalues are com-
plex functions of random variables (plant abundances)
of unknown undertying statistical distributions. In such
confusing cases, it is advisable 1o devise randomization

{or "Monte Carlo™) tests of significance (Sokal and Roht

1981, chapter 18.3).

To test the significance of l[i [ emploved a Monte
Carlo permutation test similar to that described by ter
Braak (1985). In this study, the null hypothesis is that
there is no relationship between small-scale and large-
scale patterns. [ simulated the null model by creating
101 sets of randomized species scores, each consisting
of the species scores present in the original ordination
of plots, but in a different random order. If 1i calcula-
ted using the original species scores was greater than
the calculated Iﬁ using the randomized species scores
atl least 95% of the times, then community variation
among subplots was considered to have a significant re-
lationship to community variation among plots at
p<r.05, The “circularity’ alluded to in the previous
paragraph is cquivalent in the real and the randomized
data sets, so significance is not an artifact of calcula-
ting 1ﬁ

Species richuess. The number of species per 0.1 ha
plot was regressed against the within-plot means and
standard deviations of all the environmental variables
{see Palmer 1990 for techniques and discussion related
to the environmental variables) with stepwise regres-
sion using PROC STEPWISE (SAS Institute 1985), with
significance level for entry -~ 0.05. Stepwise regression
is a method of sclecting a subset of explanatory varia-
bles which maximally explains variation in a dependent
variable (Draper and Smith 1981, Chapier 6.4). Step-
wise regression is best used as an exploratory techni-
que rather than a hypothesis testing technique, because
it does not take muitiple comparisons into account.
However, the lack of inchusion of a variahle in the mo-
delis a good indication that it is cither unimportant or
redundant with variables already in the model (Draper
and Smith 1981).

Comparing species richness and environmental va-
riables is more complicated for the 2 m2 subplots than
for the 0.1 ha plots. Palmer {1990) demonstrates that
there is much small-scale (within plot) spatial depen-
dence in environmental variables. Spatial dependence
compromises the use of least-sguares (or any other) re-
gression techniques for statistical inference (Cliff and
Ord 1981, Palmer 1988). Although 1 calculated *'signi-
ficanece™ of correlations hetween environmental varia-
bles and species richness of subplots, these results must
be interpreted with caution. In order to overcome this
problem, I calculated the proportion (p) of plots with
pasitive correlations between subplot species richhess
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and the environmental variable of interest. Under the
null hypothesis of no correlation between species rich-
ness and environment, pis 0.5, An exact test of the dif-
ference between the observed p and 0.5 can be readily
obtained from the binomial distribution (Freedman ot
al. 1978 page 234). Such a Lest is valid even with mar-
ked spatial dependence, as long as the species/environ-
rment relationship within each plot is independent of
the speciessenvironment relationships within all other
plots.

It is often informative to test whether species rich-
ness of subplots is more variable than one would ex-
pect due to chance co-occurrences of species, If there
is no significant variation in species richness, it may not
be worthwhile to search for determinants or correla-
tes of species richness. The significance of within-plot
variation in species richness was obtained using the va-
riance test (Palmer 1987, Schiuter 1984).

Results

Learye-scale patlerns. For both the flora and vegeta-
tion data sets, species with low DCA first axis scores
are generally typical of species-rich, cation-rich forests
such as alluvial forests (e.g., Bolrychiwm virginiaraem,
Lonicera juponica, Umus rubra, Polystichum acero-
sticoides, Carpinus carolviana), swamp forests (Fra-
wlnus pernsylvanica, Avisaema triphylla), or cove
forests (Smilacinea racemosa, Vibuwrnwm acerifolium,
Fagus grandifolia, Chricifuga racemosa) (Peet and
Christensen 1980). Species with high first axis scores
are typical of species-poor, cation-poor forests such as
MulT forests (Vacciniwm stamineiwm, Vacetniwm vac-
ciluns), oligotrophic forests (Quercus veluting), mont-
morillonite forests (Hieraceum venosum), and
mondadnock forests (Vacciwiwm stamineuwm, Quercus
privus, Vaceiniwm tenellum) (Peet and Christensen
1980}. P’lot scores along the first axis are strongly rela-
ted to the logarithm of calcium concentration (r -—.815
for the foristic data set, r - —.793 for the vegetation
data set, see Palmer (1990) for methods and further dis-
cussion). The second and subsequent ordination axes
are harder Lo interpret for both data sets, The only rea-
dily discernable pattern is that mosses (Thuidiam de-
licatulum, Bryoaudersowia illecebra, Dicranum
scoparium, and Leucobryum albidum) have low second
axis scores in the floristic ordination, suggesting that
humidity, bare soil, or some other tactor which affects
bryophyte disiribution determines variation along the
foristic second axis. The only significant correlations
between the plot scores of the two data sets are for the
floristic first axis with the vegetation first axis, and the
floristic third axis with the vegetation fourth axis (rank
correlation ri=().934, p<.001 and r§=(].58(l. p<.05,
respectively, with Bonferroni correction for multiple
comparisons, Morrison 1976). Thus, for the most part,
the patterns in the two ordinations require separate in-
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Table L. The ratio ri/rim.\. is used here for comparing small-scale (within plot) vs. large-scale (among plot) community
patterns, Values close 1o one indicate that small-scale patterns are similar to large-scale patierns: those close Lo zero
indicate that small-scale patterns do not reflect large-scale patterns. Significance was tested with a Monte Carlo per-
mutation test described in the text. Numbers in parentheses are the number (out of 101) of random ry greater than
the observed ||:

Floristic Comparison

Plot Axis 1 Axis 2 Axis 3 Axis 4
1 04080 (49) 0,084 (25) 0141 (¢ It HLI01 (17}
2 087 (10) 0.364 (48) 0.642( 1) 00 ¢ 8)
3 (0.242 (21) (397 (1) +- 0376 ( T) 0383 ( 5)°
i 0250 ( oy 0221 () ~ 0143 ( 36) 0123 ( 56)
5 0,326 (1) 0367 (4 006 (0 2) 0373 ( 5)
t 0512 (1:3) G030 (21D 371 { 28) 0.231 ( 88)
n 0297 () 0141 (6} 0.038 (101) 0153 ¢ 2
S $.381 (31) 0449 ( 3y ! 0.388 ( 23) 0405 ( 17)
3} 0.375 ( 0y - DA% (0) " 0.229 ( 11) 02610 2
10 (180 (80 0361 ( 3y - 0. ) L83 12)
Il 0,237 (49) 0320 { T) 0.27 l) 0.261 ( 41)
12 0261 ( 8) 0291 (b - 0.2 1) 020920 1)
13 0.271 (1 9) (1,262 (1) (1.255 _ZJ) O381¢ 0)
[} 0.206 (19) 02318 (o) ' 0152 { 81) 0.281 ( 12)
15 0208 ( () * L1635 (17) a2l %) 0.165{ 24}
1 0171 ( 8) 0213 ) DABS (1) 132 36)
I7 01510 { 4) 0,285 (5H6) 06 3 (LS00 N S S I
18 (0.285 ( &) 005 0y 0360 (¢ 0) (1,238 ( 36)
R (1.285 (27) 0,232 (62 0375 ( 3 0277 ( 38)
20 0.367 (0) 0272 {0 0.127 { 91) 0156 ( 64)
21 0288 () 021l ¢ §) 0191 (¢ 4y 0,138 ( 24}
22 (L2098 ( 6) 0.237 (25) 0.227 { 36) 0337 (¢ 3y
230 0131 (6) 0170 { 1) 0108 ( 35) 0130 ( 1.4}
24 0.302 (32) 0.200 (KT) 0.254 ( 62) 0.261 ( 64)
25 0,200 ( (1) T (z2) 0203 ( o) I3 {
206 0177 ( 5) 0168 (&) 0171 ( 17) OLO9R { T6)
27 05333 () < 0,159 (63) 0.267 (1) 0.198 ( 36)
28 17 (13 0.191 (1:3) 0418 (¢ 0y~ 0200 H) -
24 0.262 ( 0) 0103 (66) 0.128 ( 37) 0171 ( A) -
30 032 () 0.250 (6:1) 0391 (1) 0.291 ( A7)
Vegetation Comparison
Plot Axis 1 Axis 2 Axis 3 Axis 4
] 0156 (18) 0,222 (86) 0,302 ( 76) G616 (B}
E (.106 (18) 0146 (26) 033273 0,450 ( 26)
3 0105 (64) 0572 (11} 0.367 ( 65) 0.455 ( 18)
1 0156 { 4) (.26 (H6) 0,284 ( 5H 0322 ( 39)
5 0152 (19) 0508 (9) 0,313 ( 62) 0,487 ( 17)
6 0.616 ( 5) ¢ 0.637 { 6) 0.332 ( 18) 0.513 ( 19)
n [£22 44 I G ) R 0187 (76) 0419¢ 0y 0201 ( H)
3 0.395 (68) 0.601 (1) 0.311 ( 82) 0.543 ( 18)
9 0352 (139) 0579 (4) - 0.265 { 64} 0,191 { 98)
10 0,621 (22) 048G (H7) (1437 { 86) DAST (73
11 0461 (71) 0.557 (29) 0.466 { 61) 0533 ( 52)
12 0472 (2 (.257 (76) 0396 (16) 0518 ( 17)
13 0502 (1) 0402 (24) 0345 ( 50) 0.291 (T
14 0151 (D) 0489 (67) 0.368 ( 95) 11,637 ( 30)
15 G2 (T6) 0178 (94 0,230 { 82) 0331 (30
16 02368 (16) 0217 (77) 0,286 ( 55) 0462 5)-
17 0241 (98) 0.456 (32) 0298 (1 79) (.267 { 88)
1S 0,182 (96) 05327 21) 0474 8) 0I5 0)

19 0,535 (37) 0ATL (38) 0.220 (101) 0.535 ( 48)
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Plot Axis I Axis 2 Axis 3 Axis 4
20 558 ( 7) 0.254 (50) 06220 3)* 0.2325 (16}
21 0.296 ( 2) * 0.161 (42) 0.190 ( 27) O 178 ( 24}
22 0.485 (38) 0.592 ( 8) 0.438 ( 60) 0.473 ( 44)
23" 0.200 (71) 0.298 (16) 0155 { 96) 0.156 ( 92)
24 0.305 (84) 0.232 (93) 0.449 ( 26) 0.219 (100)
25 0.183 (31 0.276 ( 3) 0128 ( 63) 0.221( )
26 (1.248 {21) 0114 (90) 0137 ( 97) 0.214 ( 40
27 0.448 (10} 0.335 (44) 0.309 ( 57) 0.310 ( 34)
28 0518 (1) *- 0.224 (83) 0.349 ( 28) 0,357 ( 28)
24 0.332 (37) 0.397 (25) 0.246 ( 82) (1282 ( 67)
30 0399 (H9) 0497 (19) 0.212 ( 98) 4595 (1)

p<Ub

“rp<.0]

*Plot 23 was not included in among-plot ordinations

terpretations,

Comparison of small-scale and large-scale patlerns,
Almost a third of the comparisons between small-scale
and large-scale floristic patterns were signiticant (Ta-
ble 1), Furthermore, only five plots did not have signi-
ficant within-plot variation along any of the among-plot
floristic ordination axes. Thus, floristic patterns obser-
ved on the landscape (among-plot) scale are here reflec-
ted in floristic patterns on a scale smaller than one tenth
hectare. In contrast, only twelve {10%) of the vegeta-
tion comparisons are significant. This does not greatly
exceed the number of erroneous significant results we
would expect {(six; that is, 5% of the total number of
comparisons) if the null hypothesis were true. The re-
sults of the vegetation comparison should therefore he
interpreted with caution, if at all.

Plots with low first axis scores have a slightly higher
tendencey to vary significantly with respect to the first
axis than plots with high first axis scores (Fig, 1a). Si-
milarly, plots with high second axis scores vary signifi-
cantly with respect to the second axis (Fig. Lb). Plots
with significant variation along the third and fourth {lo-
ristic axes did not exhibit any obvious patterns with re-
spect to position along any floristic axes. No pronounced
patterns were observed with respect to significance of
within-plot variation along any of the vegetation axes.

Species richmess, Stepwise regression revealed that
more than half of the variation in species richness of
0.1 ha plots can be explained by mean magnesium con-
centration {partial R® -0.602, p<0.0001). The residuat
variation in species richness in this study is negatively
related to mean potassium  concentration (partial
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Fig. 1. Plot scores on the first and second floristic DCA axes. A) Circled plots have significant within-plot variation
with respect to the first among-plot floristic axis. B) Circled plots have significant within-plot variation with respect
to the second among-plot floristic axis. Single circle: p < 0.05; Double circle: p<0.01. Significance is determined by

a Monte Carlo procedure for ry described in the text.
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Fig. 2. The results of the variance test for subplots, as a
function of total plot species richness. On the y - axis is
the ratio of observed variance of species richness (V) to
expected variance of species richness (Vg), calenlated as-
suming random co-ecccurrences of species. The dashed ho-
rizontal lines are critical p values of this ratio, and were
obtained from the chi squared distribution (Schluter 1984).

]{2 ~0.214, p<0.0001). No other variables met the (0,05
significance level for entry into the mode). If magne-
sium is omitted from the pool of variables, calcium
(which is strongly correlated with magnesium) is the
first variable entered (partial R®-0.514. p<0.0001).

The results of the variance test are demonstrated in
Figure 2. Species richness is significantly more varia-
ble in half of the plots than the random expectation.
In addition, the degree of departure from random ex-
pectation is positively related to total plot species rich-
ness. The significant variation in species richness
indicates that it may be fruitful to seek relationships
between environment and species richness.

The third column of Table 2 shows that species rich-
ness is negatively correlated with soil phosphorus con-
centration and positively related to soil pH more often
than expected due to chance. The numbers in this co-
lumn, as stated in methods, are valid despite spatial de-
pendence. To correct for multiple comparisons using
Bonferroni significance levels, the p values in Table 2
should be multiplied by 11, the number of comparisons.
Only pH is significantly related to species richness by
this more conservative test. As previously stated, we
must be cautions while interpreting the significance of
within-plot regressions (the numbers in parentheses in
Table 2). Therefore the word significant” is in quota-
tion marks below. When one examines the correlations

- for individual plots in Table 2, the number of plots with
Csignificant” positive correlations does not exceed six
for any environmental variable, while Lthe number of
plots with “significant™ negative correlations does not
exceed four.

Species richness of subplots was positively correla-

ted with calcium concentration in only two-thirds of the
plots. Only two of the four “significant’” correlations
were in plots in which the variance test detected signi-
ficant variation in species richness, There were even
fewer positive correlations (Usignificant’’ or not) be-
tween magnesium and subplot species richness. Thus
it appears that species richness within plots is not
strongly determined by soil cation concentrations.

Discussion

Ordination of 0.1 ha hardwood forest plots reveals
patterns that are consistent with the literature (Peet
and Christensen 1980). These patterns are visible along
the first ordination axis of both the floristic and the ve-
getation data scts, and are strongly related to soil cal-
cium and species richness. The difficulty of interpreting
ordination axes after the first is reflected in the com-
panion paper to this one (Palmer 1990), which shows
that there are no significant relationships between a
plot’s species composition and eleven measured envi-
ronmental variables once calcium concentration is fac-
tored out. Howecever, it must be stressed that
unmeasured but potentially important factors such as
nitrogen, sulfur, temperature, water, biotic factors (e.g.
predation, disease), and stochastic factors (e.g. distur-
bance, historical accidents) may contribute 1o variation
in species composition.,

Although the second through fourth {loristic ordina-
tion axes are difficult to interpret, they are not merely
results of random patterns of species occurrences, The
significant variation within plots in terms of these flo-

Table 2. The number of plots with positive and negative
correlations between environmental variables and species
richness. The values in parentheses are the number of sta-
tistically significant (p <{.05) correlations, under the fla-
wed assumption that subplots are independent replicates.
The 2-tailed p values were oblained from the binomial di-
stribution; they test whether the plots could have arisen
from a population of piots in which 50% of the correla-
tions between species richness and environment are po-
sitive, These values are valid despite spatial dependence.

# positive # negative 2-tailed

Variable correlations correlations p

Phosphorus 7(1) 23 (3) 0.005
Patassinm 17 (33) 13 (1) .584
Calcium 20 (4) 10 () 0.098
Magnesium 17 (1) 133 (2) 0.584
Weight Volume 18 (1) 12 ({0 0,361
pH 24 (1) 6 (0) 0.001
Buffered acidity 10 () 200(4) 0,098
Cation exchange capacity 14 (1) 16 (2) 0.855
Manganese 20 (1) 1O () 0,098
Coppor 18 (65) 12 (2) 0.361
Humic acid 1 (1) 19 (0) 0.200
Canopy opennoess 15 (2) 15 (1) 1.000




ristic axes demonsirates that the same paiterns obser-
ved on the large-scale are repeated on a much smaller
scale. Common patterns indicate common causes, even
in the absence of post koc rationalizations or interpre-
tations of the patterns. If species placement along f{lo-
ristic axes was random, we would not expect parallel
patterns to develop at any scale.

Small-scale patierns of floristic variation strongly de-
pend on position along major gradients. As displayed
in Table 1, the small-scale floristic patterns within ma-
ny plots arc significantly similar to large-scale floristic
patterns. Figure 1 indicates that these plots are not a
random sample of all plots. Small-scale variation along
the community gradient represented by each of the first
two axes is more likely at one end of the gradient than
the other.

Small-scale floristic variation is significantly related
to large-scale floristic variation, but it 1s not strongly
related. 96.7% of the ratios of Ii Lo 1‘ﬁmx for the flori-
stic comparison are less than (0.5, indicating that large
scale patterns generally account for less than half of
the maximum possible correlation beitween species sco-
res and subplot scores, This suggests that there are im-
portant small-scale causes of species occurrence which
are unimportant or absent on the large scale. Thus, flo-
ristic variation in piedmont hardwood forests is not
strongly self-similar (sernsu Mandelbrot 1983): small-
scale floristic variation is not a miniature version of
large-scale floristic variation.

The lack of pattern along the small-scale (subplot) ve-
getation axes suggests that variation in species cover
on the small scale is unrelated to variation on the large
scale. Small-scale variation in species cover may result
from differential growth caused by localized stochastic
events such as deposition of animal excreta, establish-
ment of ant colonies, death of individual canopy trees,
or decay of coarse woody debris. Stochastic events re-
lating to the establishment, growth and death of un-
derstory plants are most likely seen on scales not much
larger than individuals. The greater number of plants
- at larger spatial scales would tend to cancel out such
effects. Some of the variation in small-scale patterns
may be related to the interactions between individuals
or the “‘morphological pattern’ of Kershaw (1973). The
potential causes of stochastic small-scale variation in
cover are so numerous and complex that they are unli-
kely to result in casily interpretable
patterns.

consistent,

Species richness of 0.1 ha plots is strongly related to
soil ealeium and magnesium, indicating that richness is
not a result of random associations. Likewise, the va-
riance test reveals that species richness patterns among
2 m° subplots are also not results of random associa-
tions. Despite this, within-plot variation in richness is
not a miniature version of among-plot variation in rich-
ness. Calcium and magnesium are not as consistently
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related to within-plot species richness patterns as they
are to among-plot species richness patterns. These re-
sults imply that there are different determinants of spe-
cies richness at. different scales.

Surprisingly, the within-plot standard deviations of
calcium or magnesium concentrations did not signifi-
cantly explain species richness of plots. Since calcium
and its correlates are strongly related to species com-
position of plots (see above and Palmer 1990), T expec-
ted plots with variable calcium concentrations to
contain species from many parts of the caleium gra-
dient. These plots would be expected 1o have more spe-
cies than would plots with little variation in calcium.
The inability of within-plot standard deviations of en-
vironmental variables to explain plot species richness
suggests that the habitat diversity hvpothesis (Shmida
and Wilson 1985) does not account for variability in spe-
cies richness at the 0.1 ha scale in North Carolina pied-
mont hardwood forests.

Why is the strong correlation between species rich-
ness and cations among plots not reflected within plots?
One possible (partial) explanation is that calcium and
magnesium are extremely variable at a scale smaller
than subplots (Palmer 1990, Figure 2}, Approximately
one half of the within-plot variation in calcium {as well
as magnesium) is present within a subplot. Subplots are
thus not extremely distinct {from each other with re
spect to concentrations of these cations, Any relation-
ship between species richness and these cations would
be somewhat obscured at this scale. This explanation
is not complete because species richness is not consis-
tently related to the substantial variability in cations
which remains among plots.

Soil pll, which is positively related to calcium and
magnesium, has about one third of the within-plot va-
riability represented within a subplot (Palmer 1990, Fi-
gure 2). This indicates that subplots arc more distinct
with respect to pH than they are with respect to cal-
cium and magnesium. This distinctness of subplot plf
may explain why pH has more positive correlations with
species richness than do the cations. However, the re-
lationships between pH and richness are still quite
weak.

Table 2 suggests that therc tay be a negative corre-
lation between species richness and phosphorus within
plots. This is particularly interesting because there is
no suggestion of such a negative correlation among
plots. However, the observed patterns may have been
an artifact of performing multiple correlations. Inde-
pendent small-scale studies of phosphorus would be
needed to evaluate the presence of a negative relation-
ship with species richness. In any case, phosporus can-
not he considered a primary determinant of species
richness: correlations were generally weak, and only
four of the plots exhibited “significant™ patterns.
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Summary

The same patterns of presence and absence of spe-
cies among (1.1 ha plots are often observed among 2 m*
subplots within these plots. The common patterns im-
ply that species distributions have common causes at
both scales, Even though some common causes exist,
it must be noted that much variation among subplots
does not parallel large-scale patterns. This suggests that
small-scale floristic variation is not merely a “‘scaled
down™ version of large-scale floristic variation. Small-
scale variation in species abundance does not reflect
large-scale patierns, so variation in abundance must ha-
ve specific small-scale causes which are unimportant
on the large scale. Small-scale patterns of species rich-
ness are only weakly related to large-scale patterns of
species richness. We therefore must consider species
composition as well as species richness to be caused by
a multitude of factors, including some that are scale-
specific, and some that operate across a wide domain
of spatial scales.
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