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Scale of spatial pattern: four methods compared*
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Abstract

Four methods of pattern analysis were compared using simulated data. Simulated transects were of five
types: 1) equal patch-equal gap, in which gap and patch length were equal, 2) unequal but fixed patch-fixed
gap, in which patch length was approximately one sixth gap length, and transects in which 3) the length of the
patch, or 4) gap, or 5) both varied randomly. The first peak of the variance-block size graph was used to
identify patch size, instead of the more commonly used highest peak.

The random pairing method estimated patch size more accurately than hierarchical ANOVA, two-term
local variance, or spectral analysis. The average position of the first peak (calculated from eight replicate
random pairing analyses) detected correct average patch size, even when simulated patches were randomly
placed or patch size followed a uniform distribution with a range twice the mean. Hierarchical ANOVA and
two-term local variance confounded patch and gap lengths and therefore overestimated the patch size. The
highest peak of spectral analysis detected the full cycle (patch + gap) of the pattern but was unable to partition
the components of grain.

The expected variance of an independent, random pattern is suggested as a reference point for identifying
meaningful peaks and troughs in random pairing analyses of field data. The method is illustrated by analysis
of a transect through submersed aquatic vegetation.

Introduction

Spatial heterogeneity is a universal feature of
communities and a long-standing problem for plant
ecologists. Non-random patterns probably reflect
environmental patterns as well as demographic
processes of plants within the community. The
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ubiquity of spatial heterogeneity is often ignored by
community theorists (Schaffer & Leigh, 1976).
Schaffer & Leigh (1976) comment that insightful
mathematical modeling of spatial pattern is ham-
pered by lack of compact, interpretable descrip-
tions of pattern. Pielou (1981) emphasizes that ade-
quate analyses of spatial pattern require intense
empirical investigation.

Pattern has two basic components: intensity and
grain (Pielou, 1977). Intensity is the extent to which
density changes from place to place in a communi-
ty. Several indices of intensity are well established
in the literature (Pielou, 1977), and were recently
compared by Goodall & West (1979). Grain, the
scale of patch size within a community, may reflect
the underlying biological and environmental causes
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of spatial pattern. Unfortunately, it is laborious to
collect data suitable for measuring patch size. In-
vestigations are further complicated by the wide
variety of analytical methods that have been pro-
posed, which often yield conflicting results. Meth-
ods based on plant-to-plant distances attempt to
describe the neighbor relations of the average plant,
and are therefore useful for analyzing spatial rela-
tions of interacting populations (Pielou, 1962;
Fowler & Antonovics, 1981; Schellner ef al., 1982;
Galiano, 1982a). Where applicable, these methods
are very informative, but in many field situations the
neighbor methods are difficult to use because indi-
vidual plants cannot be reliably distinguished and
interplant distances cannot be measured without
disturbing the vegetation. In such cases, methods
based on quadrat or transect samples are prefera-
ble. This paper is concerned with methods for de-
tecting grain size of single-species populations us-
ing quadrat or transect samples. These methods are
broadly categorized as square wave or sine wave
models (Ripley, 1978).

Square wave methods, including hierarchical
analysis of variance and related techniques, have a
long tradition of botanical usage. Hierarchical
ANOVA has been applied to both grid and transect
data (Greig-Smith, 1952; Kershaw, 1957). The gen-
eral approach can be used with a variety of disper-
sion indices (Bouxin & Gautier, 1979, 1982). While
the method has been used successfully, four prob-
lems are generally recognized: 1) block sizes are
restricted to integral powers of two, 2) results are
affected by the starting position on the grid or
transect, 3) variances at different block sizes are not
independent, and 4) patches and gaps are con-
founded. Confounding of patches and gaps can
cause the variance peak to drift left or right of the
true block size (Usher, 1969). In random patterns,
the peak variance of hierarchical ANOVA usually
occurs at half the sum of patch and gap sizes (Er-
rington, 1973). Modifications of hierarchical
ANOVA that do not depend on starting position
were proposed by Hill (1973) and Usher (1975).
Hill’s two-term local variance method has the
added advantage of estimating variance at any inte-
gral block size. All of these methods produce non-
independent variance estimates for different block
sizes, so conventional significance tests are not val-
id. Mead (1974) devised a test for pattern that can
be applied simultaneously at several levels of a hier-

archical ANOVA. Zahl (1974) adapted Scheffé’s
test for linear contrasts to contiguous quadrat data,
producing a method that permits significance tests
and, like the two-term local variance method, can
use overlapping blocks. A major innovation in
pattern analysis was Goodall’s (1974) use of ran-
domly paired quadrats. This technique uses any
integral block size, is not affected by the starting
position, and yields independent variance estimates
at each block size.

Sine wave methods analyze spatial autocorrela-
tion functions by Fourier transformation to var-
iance spectra (Chatfield, 1980). Untransformed au-
tocorrelation functions have also been used to
study plant pattern (Gloaguin & Gautier, 1981).
Bartlett (1964) introduced spectral analysis to plant
ecology, but among ecologists oceanographers are
the most extensive users of spectral analysis (Platt
& Denman, 1975). Legendre et al. (1981) developed
a version of spectral analysis appropriate for non-
metric data. Spectral analysis estimates variance at
any block size and allows use of several statistical
tests for non-random pattern (Ripley, 1978; Chat-
field, 1980).

Several previous papers have compared two or
more of these methods (Hill, 1973; Usher, 1975;
Zahl, 1977; Ripley, 1978; Ludwig & Goodall, 1978;
Goodall & West, 1979). We are not satisfied with
existing comparisons for two reasons. First, the
random pairing method, which was praised by Pie-
lou (1977) and has fared well in tests against other
square wave methods (Ludwig & Goodall, 1978;
Goodall & West, 1979), has not been compared
with spectral analysis, which was strongly recom-
mended by Ripley (1978) and is the most popular
method in aquatic ecology (Platt & Denman, 1975).
Second, not all comparative studies have consi-
dered the abilities of the methods to detect patch
size over a range of simulated patterns from very
simple to highly stochastic. Patterns in field data
are obscured by various extraneous sources of var-
iance, so it is important to know how the methods
perform as extraneous variation increases. The ma-
jor goal of this paper is to compare the abilities of
random pairing and spectral analysis to detect
patch size. Hierarchical ANOVA and two-term lo-
cal variance methods are included because they
have been widely used. Comparisons are based on
simulated transects that range in complexity from
deterministic cycles to cycles of random length.



Methods
Pattern analysis methods

Hierarchical ANOVA (Greig-Smith, 1952), two-
term local variance (Hill, 1973), random pairing
(Goodall, 1974) and spectral analysis (Platt &
Denman, 1975) were used to compute variance at
the various block sizes. The block sizes of both the
first peak and the maximum peak were compared
to the correct patch size. Variances were rounded to
two significant figures to minimize effects of spur-
ious peaks.

Hierarchical ANOVA, two-term local variance,
and random pairing computations were performed
in double-precision arithmetic using programs
written by S.R.C. in SAS matrix language (SAS
Institute, 1979). Spectral analysis was computed by
the SPECTRA program (SAS Institute, 1979). The
autovariance function was smoothed using Tukey’s
lag window (Chatfield, 1980).

Simulated transects

Each transect consisted of 512 units with a binary
(presence/absence) data record for each unit, and
contained 10 patches (clumps of units with ‘pres-
ence’ records) with a gap (series of ‘absence’ re-
cords) of at least one unit between each patch.
Average patch size was 8 units, so that hierarchical
ANOVA yielded a variance estimate of the exact
patch size. The simulated transects followed one of
five different combinations of fixed or stochastic
patch and gap lengths. Names of transect types are
of the form ‘patch type-gap type’ (e.g. Fixed-Ran-
dom refers to a fixed patch lengths and a random
gap length).

For Equal-Equal transects (EE), both the patch
and gap length were set at 8 units. When patch and
gap sizes are equal, many of the factors that bias
positions of the peak are eliminated (Errington,
1973).

In Fixed-Fixed transects (FF), patch length was
8 units and the gap length was 43 units. In this
situation pattern analysis methods may be influ-
enced by both patch and gap length, and therefore
overestimate patch size (Usher, 1969; Errington,
1973).

Fixed-Random (FR) transects introduced a sto-
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chastic element in the gap length. Gap length was 43
* 2 units (uniform distribution) while the patch
length remained 8 units. Analysis of such transects
is complicated by the effects of the mean gap length
being more than the patch length and the variability
of the gap length.

Random-Fixed (RF) transects were complicated
by variable patch length of 8 1+ 2 units (uniform
distribution). Analyses were also affected between
the gap length and the mean patch length.

The Random-Random transects (RR) combined
uniformly distributed random variation of +2 units
in both the patch and gap length. The mean gap
length (43 units) remained larger than the mean
patch length (8 units).

The random pairing method was applied to three
additional types of transects. 1) The effects of in-
creasing variability of patch length were examined
by analyzing simulated transects on which patches
ranged in length from 0 to 16 units with mean patch
length of 8. All possible patch lengths were equally
probable. 2) The sensitivity of the random pairing
method to random independent patterns was de-
termined by analyzing simulated transects in which
the score (0 or 1) of each unit was independent. The
probability of presence was identical for each unit,
and varied between 0.1 and 0.5 for different simula-
tions. 3) The effects of irregular structure were stu-
died by analyzing transects on which patches of
various length (4, 8, 14, or 20 units) were randomly
placed.

All transects were simulated by programs written
by S.R.C. in SAS matrix language (SAS Institute,
1979). Simulated random variables were obtained
as unformly distributed pseudo-random variates
(SAS Institute, 1979).

Field data

Field data were collected from oligotrophic
Roach Lake, at the University of Notre Dame En-
vironmental Research Center (sec. 7 of T43N R8E,
Vilas Co., Wisconsin, and sec. 10 of T44N R42W,
Gogebic Co., Michigan, U.S.A.). During the
summer of 1981 line transects approximately 28 m
long were placed parallel to depth contours at
depths between | and 3 m. Using SCUBA, presence
or absence of each species was recorded for each
5 cm segment of the transects.
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Results
Methods comparison

Patch size along the simulated transects was es-
timated using both the first peak and the highest
peak calculated from the four different methods of
pattern analysis (Table 1). To account for possible
effects of starting position, average results using
eight randomly chosen starting positions were
computed. The first peak indicated patch size more
accurately than the more commonly used highest
peak.

In our preliminary studies, we found that results
of any single random pairing analysis were highly
variable and often did not correctly identify patch
sizes. In subsequent applications we averaged re-
sults of eight separate analyses because the stand-
ard error of the mean first peak position from eight
analyses was less than one unit. As the number of
analyses was increased, the averaged result tended
toward the correct patch size.

The random pairing method, as amended, cor-
rectly detected the patch size in all five of the simu-
lated patterns (Table 1). Increasing the mean gap
length and increasing the randomness of the simu-
lation models did not cause a shift in the first peak
position from the correct patch size of 8 units. The
highest peak fell at approximately one half of the
total patch and gap size in all models except EE.

Hierarchical ANOVA and two-term local var-
iance detected the correct patch size in the simplest
pattern, EE, but failed when the gap size was in-
creased (FF pattern), or if randomness was added
to either the patch or gap size or both (FR, RF and
RR patterns). Both hierarchical ANOVA and two-
term local variance peaked to the right of the cor-
rect patch size. Hierarchical ANOVA showed a
peak at the next larger patch size. The two-term
local variance method showed a peak at approxi-
mately one half of the total patch and gap size. For
both of these methods, the first peak and the highest
peak coincided.

Spectral analysis failed to detect the correct
patch size in all simulated patterns. In the FF patt-
ern it underestimated the actual patch size of 8. In
the patterns with randomness, variance spectra
peaked at patch sizes larger than the actual patch
size. In the RR pattern, the first peak indicated a
patch size one half the total patch and gap size. The
highest peak obtained from spectral analysis fell
very near the scale of a full cycle (patch + gap) in the
FF, FR, RF and RR patterns.

Random pairing method: further analysis

The accurate detection of patch size by the ran-
dom pairing method prompted us to explore its
capabilities in more detail. Despite increasing vari-
ability in the size of simulated patches, the random

Table 1. Patch size estimated by four methods of pattern analys’is for five types of simulated transects: Equal-Equal (EE), Fixed-Fixed
(FF), Fixed-Random (FR), Random-Fixed (RF), and Random-Random (RR). Positions of the first and highest peak are tabulated for
each method. The standard deviation of peak position in eight runs from randomly chosen starting points is listed in parentheses, unless

equal to zero.

Method First peak Highest peak
EE FF FR RF RR EE FF FR RF RR
Hierarchical
ANOVA 8 16 16 14.3 16 8 16 16 14.3 16
(1.0) (1.0)
Two-term
local
variance 8 22 22 22 22 8 22 22 22 22
Random
pairing 7.9 79 7.6 7.7 24.1 29.9 244 25.4 233
(0.067) (0.048) (0.279) (0.504) (0.620) 0.172) (1.67) (0.808) (0.963) (0.882)
Spectral
analysis 3.2 12.5 16.6 14.5 25.6 5.3 51.2 51.2 51.2 51.2

(0.104) (0.775)




pairing method closely approximated the true
mean patch size (Fig. 1). Both the average position
of the first peak and the position of the first peak of
the pooled variance versus block size graph were
near the true patch size.

For field applications it is desirable to compare
the variance estimated by the random pairing meth-
od with the expected variance for binary data from
a completely random, independent pattern. Sup-
pose P is the proportion of sampling units that
contain the species of interest, and Q is the propor-
tion of sampling units that do not contain the spe-
cies. Hence P+ Q = 1. Consider the variance due to
blocks of n sampling units. If all sampling units are
independent, then the binomial distribution gives
nPQ as the total variance at block size n. The total
variance at smaller block sizes is (n-1) PQ. There-
fore the variance due to block size n alone is
nPQ - (n-1)PQ = PQ.

We tested this inference using Monte Carlo simu-
lations. Transects of 100 independent sampling
units were generated for selected values of P, and
the random pairing method was used to estimate
the variance at selected block sizes. Values of P
between 0.1 and 0.5 produced values of PQ between
0.09 and 0.25, which were closely matched by the
random pairing method (Fig. 2, left). Results
shown are based on 20 transects at block size 10.
Similar results were obtained at all block sizes stu-
died (2, 4, 5, 8, 15, 16, and 20). The variance esti-
mated by the random pairing method closely ap-
proaches PQ in samples as small as 10 transects

(Fig. 2, center). Results shown were simulated with

14
12 A
10 1 0
8 1 ° +

6.
4
2 1

PATCH SIZE
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P =0.2 and variance was estimated by the random
pairing method at block size 10. Similar results
were obtained at all other block sizes studied (2, 4,
5,8, 15, 16, and 20). The averaged variance versus
block size graph for 20 transects with average PQ =
0.154 illustrates the flat variance distributions typi-
cal of independent patterns (Fig. 2, right). In sum,
the simulations support the use of PQ as the refer-
ence variance indicative of independent, random
pattern.

Random pairing results were not confounded by
irregular arrangements of patches (Fig. 3). When
patches were relatively small (4 or 8 units), the true
patch size fell within the 959% confidence limits of
the mean first peak position calculated from eight
random pairing analyses (Fig. 3, top panel). At
small patch sizes, the first variance peak was usually
larger than PQ. At the larger patch sizes (14 and 20
units), first peaks of individual random pairing ana-
lyses were usually less than PQ and underestimated
true patch size. However, the mean position of the
first peak larger than PQ accurately estimated
patch size in all simulations (Fig. 3, center panel).
When pooled variances from eight random pairing
analyses were plotted against block size, the first
peak was usually larger than PQ and provided a
good estimate of true patch size (Fig. 3, lower pan-
el).

The random pairing method was applied to field
data for Juncus pelocarpus f. submersus (Fassett)
growingat | mdepth (Fig. 4). The first peak of eight
pooled variance-block size curves lies at 40 cm. The
peak is above PQ, indicating more variance than

T

a 8 16

RANGE

Fig. 1. Patch size estimated by the random pairing method versus range of patch length in simulated transects on which patch length was
a uniformly distributed random variable with mean =8. Foreachrange, actual mean patch length (solid circle), average position of the
first peak of eight random pairing analyses (triangle), and position of the first peak in the pooled variance-block size graph (open circle)

are plotted. Vertical bars denote + S.D.
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Fig. 2. Variance estimated by the random pairing method versus PQ (left), number of trial transects (center), and block size (right).
Vertical bars show £ S.E. In the left panel, horizontal bars show + the standard error of PQ, and the diagonal line denotes variance =
PQ. In the center panel, the horizontal line is the theoretical PQ = 0.16, and open circles show actual mean PQ of the random transects.
In the right panel, the horizontal line is the average PQ = 0.154 of 20 simulated transects.
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Fig. 3. Variance estimated by the random pairing method versus
true patch size for transects with randomly placed patches of 4,
8, 14, and 20 units. Diagonal lines on each panel denote peak
position equal to true patch size. Results are shown for three
independent transects 500 units long containing ten patches
each. Vertical bars are 95% confidence limits from €ight random
pairing analyses. Upper panel: first peak position versus true
patch size. Center panel: position of the first peak larger than PQ
versus true patch size. Lower panel: peaks of the pooled variance
graph versus true patch size; solid circles denote first peaks, open
circles denote first peaks larger than PQ.

would be produced by a random, independent pat-
tern. The average position of the first peak in 8
analyses lies at 35cm. The highest peak of the
pooled variances lay at 240 cm. The average highest

o
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R R B s i o
0 50 100 150 200 250

PATCH SIZE

Fig. 4. Pooled variance of eight random pairing analyses versus
patch size (cm) for Juncus pelocarpus f. submersus. The hori-
zontal dashed line denotes PQ. Closed circles show the average
positions of the first and highest peaks in the eight analyses, and
horizontal bars show + S.D.

peak position for the eight individual analyses was
180 cm, with a rather large standard deviation of
90.2 cm.

Discussion

Our results concur with those of previous studies
showing that the random pairing method is super-
ior to the hierarchical ANOVA and two-term local
variance methods of pattern analysis. Hierarchical
ANOVA and two-term local variance analyses do
not distinguish patches from gaps (Pielou, 1977).
Therefore, peak positions lie between patch and
gap sizes. For all transects except EE, the variance
peak of hierarchical ANOVA shifted to 16 units,
consistent with results of Errington (1973). The
variance peak of the two-term local variance meth-
od shifted to 22 units for all transects except EE.



The two-term local variance results were independ-
ent of starting position on the transect, as noted by
Hill (1973). Peak positions of hierarchical ANOVA
were only weakly affected by starting positon, even
though variance at each block size depended on
starting position.

Random pairing proved superior to spectral
analysis in our comparisons. Present results do not
demonstrate the sensitivity of spectral analysis to
small-scale patterns suggested by Usher (1975). The
highest peak in spectral analysis detected full cycles
(patch plus gap), and the method is therefore useful
when an estimate of full cycle length will suffice.
However, spectral analysis, unlike random pairing,
was unable to partion the components of grain.

Five advantages of the random pairing method
emerge from our analyses. 1) The sum of patch and
gap length is indicated by twice the block size of the
highest peak of the variance-block size graph. 2)
Patch size is accurately indicated by the position of
the first peak of the variance-block size graph. 3)
The expected variance of an independent, random
pattern (PQ) provides a convenient reference point
for identifying meaningful peaks and troughs. The
first peak larger than PQisa more reliable index of
patch size than first peak, especially when patch size
is large relative to quadrat size. 4) Mean patch
length is accurately detected even when patch
length is stochastic. §5) Patch size is accurately de-
tected when patches are irregularly (randomly)
placed. Other advantages of the random pairing
method are discussed by Pielou (1977), Ludwig &
Goodall (1978), and Goodall & West (1979).

The variability of individual random pairing ana-
lyses was noted by Ludwig & Goodall (1978), who
solved this problem by calculating variances for all
possible point pairs at each spacing. This exhaus-
tive pairing analysis demands substantial computer
time for large data sets. Our approach, using inde-
pendent random samples of the set of all possible
point pairs, is less costly to compute than exhaus-
tive pairing analysis, yet yields reliable results. Con-
fidence intervals for mean position of the first var-
iance peak larger than PQ usually included the true
patch size. Such confidence intervals are especially
useful for interpretations of field data. No confi-
dence interval is available when pooled variance
from replicate analyses is plotted versus block size.
However, first peaks of pooled variance curves
were always near the true patch size.
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Some statistical objections have been raised
against the random pairing method. Zahl (1977)
and Ripley (1978) criticize Goodall’s (1974) test
statistics. Zahl (1977) showed that random pairing
was less likely to detect non-randomness, and more
susceptible to incorrect decisions about the signifi-
cance of departure from randomness, than both
hierarchical ANOVA and Zahl’s (1974) method.
Goodall & West (1979) agree that hierarchical
ANOV A has greater statistical power than random
pairing. These statistical points do not negate the
ecological usefulness of random pairing. The ubig-
uity of significantly non-random pattern is a firmly
established property of plant communities. Depar-
tures from randomness, which hardly constitute
novel observations, are readily tested for signifi-
cance by a variety of methods (Pielou, 1977).
However, mechanisms that generate and maintain
pattern are poorly understood, and accurate des-
criptions of pattern are necessary before such
mechanisms can be investigated (Schaffer & Leigh,
1976; Pielou, 1981). Random pairing is a superior
method for describing pattern.

Once the grain size of pattern is identified, sup-
plementary studies are needed to identify the under-
lying causes of pattern. For example, our field data
showed a patch size of 30 to 50 cm (Fig. 4). Nests of
pumpkinseed sunfish (Lepomis gibbosus L.) are
abundant in Roach Lake and approximately the
proper size to generate this pattern. The role of fish
nests in vegetation patterns is now being investigat-
ed by direct observations of macrophytes coloniz-
ing marked nests and experimental manipulations
of plants associated with artificial nests.

Results presented here are limited to single-spe-
cies patterns. Multi-species patterns in contiguous
quadrats have been studied by combining multivar-
iate analyses with hierarchical and local variance
approaches (e.g. Goodman, 1978; Whittaker et al.,
1979; Galiano, 1982b). Distance matrices for spe-
cies or quadrats could readily be constructed by
random pairing. Ordination of such distance matri-
ces to investigate multi-species patterns is an inter-
esting prospect for future research.
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