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Abstract

The current status of the SADIE (Spatial Analysis by Distance IndicEs) system for measuring and

testing spatial pattern in data from a single species is described.  Examples are given of the use of

SADIE for analysis and for modelling.  For ecological data in the form of counts of two species,

sampled at identical specified locations, it may be possible to detect spatial association or dissociation

between the two species.  The problem of measuring and testing for association is discussed and a

partial solution offered.  Fortran software is freely available from the author.
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Introduction

Data for invertebrates, weeds and diseases in agriculture and ecology are gathered at a variety of levels

of spatial information.  At the highest level are maps, where the location of each individual is known. 

These are less common than counts of individuals of a certain species at a particular location.  At the

lowest level are summary statistics such as the sample mean and variance of a frequency distribution. 

For counts, previous approaches considered only the relationship between variance and mean. 

However, although the set of counts of cyst-nematodes in six soil cores: 0, 1, 4, 56, 484, 4095, may be
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highly-skewed and obviously non-Poisson, their spatial arrangement may be completely random. 

Conversely, a set of counts of carabid beetles in pitfall traps: 0, 0, 1, 1, 2, 2, 2, 2, 3, 3, 5, may conform

closely to a Poisson distribution, but if sampled in that order along a line transect show an obvious linear

trend departing strongly from randomness.  To overcome such problems Perry (1995a) introduced a new

method to detect and measure spatial pattern, termed Spatial Analysis by Distance IndicEs (SADIE).

Consider the four different arrangements of 36 individuals in a 3x3 grid (Table 1).  The

observed arrangement in (b) is clearly clustered towards the top-left of the grid.  By contrast, the

randomly permuted counts of the observed arrangement, in (c), show, as expected, no evidence of

spatial pattern.  Of course, since the counts in (b) and (c) are identical, so are their sample means (m=4)

and sample variances (s2=16), so here there is no relationship at all between variance and spatial pattern.

 Variance does have some relationship with aggregation and with regularity, but variance imparts useful

spatial information only at their extremes.  For example, arrangement (a) has maximal variance, and is

as crowded as is possible; arrangement (d) has minimal variance and is as regular as is possible.  The

SADIE approach is to use these biologically intuitive extreme arrangements as baselines against which

to measure aggregation.  Specifically, the degree of aggregation may be measured by calculating the

minimum amount of effort, equated to distance moved, that the sampled individuals would need to

expend in order to achieve an extreme pattern, such as complete crowding (a), when all individuals

occur in a single sample unit, or complete regularity (d), when each unit has the same number of

individuals.  This enables discrimination between arrangements such as (b) and (c), that traditional

approaches could not separate.  The concept has also been extended to data in the form of maps (Perry,

1995b).  In summary, the two advantages of SADIE for counts are this improved intuitive basis,

compared with traditional more abstract, mathematical approaches, and its use of all the spatial

information in the sample. The purpose of this paper is to summarise progress to date in the

development of methodology and software for analysis and modelling for single populations, and to

extend the concept to the problem of spatial association between two populations.
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Methods

Analysis of spatial pattern for maps with single species data

For mapped data, the SADIE technique requires two-dimensional coordinates of each individual to be

specified, within a given rectangular area.  The movement of these observed locations to a final regular

arrangement is effected by means of an iterative algorithm (Perry, 1995b) that relocates each point

towards an arrangement in which points occupy a triangular lattice.  The algorithm operates by simple

rules based on the construction of Voronoi polygons.  The distance between the corresponding positions

of each individual in the observed and final arrangement is noted and the sum, over all the n observed

individuals gives the distance to regularity, D.  A test of randomness and an index of non-randomness

may be found as follows.

Firstly, n random points are generated independently of one another within the sample area. 

The algorithm is run as above for this set of random points, the distance to regularity computed, and this

value, Drand , is stored.  This is repeated, usually about 100 times.  The resulting set of values of Drand is

then ordered and a one-sided randomization test of complete spatial randomness is effected by

comparison of D with Drand (e.g. Perry & Hewitt 1991) against the alternative that the observed

arrangement is either aggregated or regular.  As we would expect intuitively, relatively large values of D

result from relatively aggregated patterns and relatively small values of D from regular patterns.  If the

average value of Drand over the randomizations is denoted as Ep , then an index of aggregation, Ip , is

calculated from D / Ep .  Values of Ip >1 indicate aggregation, Ip  < 1 indicates regularity and Ip  ≈ 1

suggests randomness.

It is visually useful to plot the observed location (as a numeral), linked to the final position with

a straight line, for each location, in an 'initial and final' (IAF) plot because this aids the identification of

clusters and of areas of relatively low density (Perry, 1995b).  As an example, Perry (1995b) considered

a subset of Fleming & Baker's (1936) Japanese beetle larvae, for which n = 105, Ip  = 2.32 and

Pp  = 0.0063 (Fig. 1a).  Another useful diagnostic plot is the empirical distribution function (EDF) plot,

analogous to that of Diggle (1983), in which the individual distances shown in the IAF plot are ranked
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and cumulated.  The observed data (dotted line) greatly exceeds the upper 97.5th centile (top bold line)

of the randomizations (Fig. 1b).

Analysis of spatial pattern for counts with single species data

For count data, the SADIE technique requires only the two-dimensional coordinates of each sample unit

and its associated count to be specified, but places no restriction on the arrangement of the sample units

themselves.  The distance to regularity, D, is found by means of the transportation algorithm from the

operational research literature (Perry, 1996b).  The solution found by the algorithm, that finds the

minimum total distance that individuals would need to move to achieve regularity, usually involves the

movement of a fractional number of individuals, because complete regularity implies that each unit has

a number equal to the sample mean, which is not usually itself an integer; however, this presents no

problems of interpretation.  As an example, for the observed and highly-aggregated data in Table 1(b),

D = 26.26, a relatively large value; for the randomly permuted arrangement in Table 1(c), the value of D

was only 15.49.  By contrast with mapped data, the randomizations for counts are made by permuting

the observed counts among the sample units, and not by randomly relocating the individuals.  Hence, (c)

is an example of a permutation of (b) that would be used as a single randomization.  This conditioning

on the counts allows inferences to be made about the spatial pattern of the observed arrangement,

because it allows automatically for the heterogeneity of the counts' frequency distribution.  This purely

statistical heterogeneity displays non-randomness of a non-spatial form; it implies the existence of

spatial pattern at a smaller scale than that to which the sample unit count relates, and must therefore be

ignored.  As was the case for maps, D is compared with the average value from the random

permutations, here denoted Ea , to yield an index of aggregation, Ia , formed from D / Ea , and a

randomization test of randomness based on the probability, Pa .

The distance to crowding, C, is found by direct search over all the sample units;  the permuted

randomizations yield an index, Ja  and probability, Qa , in similar fashion (Perry, 1996b).  For example,

for the arrangement in Table 1(b), C = 32.96 (counts move to the top-left unit, with count 13), while for
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that in Table 1(c), C = 25.49 (counts move to the central unit, with count 13).

Consider, as a more realistic example, counts of Heterodera avenae, the cereal cyst-nematode,

estimated from soil cores by B. Boag (Perry, 1996b), on a 15x15 grid (Fig. 2).  It is possible to construct

(Fig. 3) an equivalent plot, for counts, of the IAF plot for mapped data because the output from the

transportation algorithm gives the optimal number of individuals required to move from each of the cells

with initially more individuals than the sample mean, to cells with initially fewer, to achieve regularity. 

Such flows may be plotted, possibly, as here, excluding relatively trivial flows, to create an IAF plot

(Fig. 3).  There are clearly two large, equally-sized central clusters, one at the top and one at the foot of

the sample area, and the plot gives a good visual indication of two further smaller clusters, one each to

the right of the larger ones. The original data, for which  Ia  = 1.46 and Pa  = 0.005, confirms this visual

impression readily.  Notice that units with particularly large counts are identified by the emanation of

several lines.  Also, since the maximum flow between any two units must be equal to the sample mean,

here m = 4.15, minus the minimum count, and since the minimum count here, as in most animal

datasets, was zero, the maximum flow was also m = 4.15.  In Fig. 3, for clarity, only flows larger than

four are shown, but there is a flow identified with each sample unit. This concept will be returned to

later, in connection with the problem of association.  For the time being, note that for each sample unit

there is either an outflow or an inflow; that this flow has an overall value that is either positive (outflow)

or negative (inflow), denoted here as f; that the individual flows, either into or out of a unit, may be

summed as vectors; and that the overall vector flow for a unit has a strength, denoted here as F, and a

direction, denoted here as θ, where θ is measured clockwise from the vertical direction (y increasing). 

Of course, F is always less than or equal to f, and only equal to it if all the individual flows are in

exactly the same direction.  As an example, consider the count of 18 in the extreme lower-right corner

(x=15, y=1) of the grid (Fig. 2).  There were four flows (only two of which are shown in Fig. 3) with

values: 2.44 to (x=14, y=2); 3.12 to (x=15, y=3); 4.15 to (x=14, y=1) and 4.15 to (x=15, y=2).  The total

of these four flows, f(15,1), is 13.65, and, of course, the remainder, after deduction of these four flows

from 18, is, as required, 4.15, the sample mean.  Here, the vector strength of flow is easily calculated

from its four components as F(15,1) = 10.74, and the vector direction of the flow to be from (x=15, y=1)
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towards (x=14.35, y=2), i.e. in the direction of θ = -33.15o.

Consider now the performance of Ja , the index based on the distance to crowding, C, for the

nematode data.  Ja  cannot detect non-randomness with any power if the data contains more than a single

cluster, because C itself is not a good measure of non-randomness for multi-clustered data.  Indeed, here,

Ja  = 1.03 and Qa  = 0.265.  When  sample units form large contiguous rectangular grids, Perry (1996b)

showed how changes in the values of both Ia  and Ja  with sub-grid size may be considered

simultaneously, to yield useful information regarding cluster-size and inter-cluster distance.  For the

nematode data, sub-grids of size rxr units yielded median values of Ja  that achieved a maximum of

about 1.3 between r=5 and r=7, whilst Ia  stabilized around 1.5 for r>9.  These results implied that the

main contribution to the spatial pattern came from clusters with an approximate diameter of five to six

units, separated by a distance of about four units.  The IAF plot confirmed this conclusion.  Further

work by Ewen Bell, University of Leicester is currently addressing problems of interpretation of

distance to crowding when there are two or more clusters, using a completely different approach

outlined briefly in Perry et al. (1996).

Modelling of spatial pattern for counts with single species data

There are now many software packages that allow the simulation of discrete statistical frequency

distributions, such as the Poisson, negative binomial or beta-binomial, that are used commonly to

describe counts in agriculture and ecology.  However, the lack of a methodology to study the spatial

pattern of counts, now provided by the SADIE system, has prevented, hitherto, the development of

techniques to simulate spatial arrangements of these counts with given levels of aggregation or

regularity.  The automatic generation of such arrangements will prove useful in simulation models and

in evaluations to compare the efficiencies of different sampling plans for pest monitoring.  Perry (1996a)

described an algorithm to generate an arrangement of a given set of counts of a single population over

predefined locations, that yields the closest possible degree of aggregation to any desired specified level.

 In particular, this may be used to permute a set of observed counts between sample units, to form a

different arrangement, but one with a very similar degree of aggregation (defined through the distance to
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regularity) to the original.  Furthermore, because of the multiplicity of possible permutations, for most

sets of data it is possible to find hundreds of such different arrangements.  The algorithm works by

selecting pairs of counts at random and exchanging them if certain criteria are met, starting from a

random permutation of the counts. 

In addition to aggregation, as measured by distance to regularity, an important feature of any

observed arrangement concerns the degree to which the counts occupy units towards the 'edge' of the

sampled area.  This may be formally measured by δ, the distance from the centroid of the counts to the

centroid of the sample units.  Because the distance to regularity is inflated by relatively large values of δ,

it is important to select the new arrangement to have a very similar value of δ to that of the observed;

fortunately this restriction is relatively easy to impose.  As an example, consider counts of

Ceutorhynchus assimilis, a weevil, collected in 19 yellow-bowl water traps on 26 June 1992 in

Furzefield, a field of oil seed rape at Rothamsted Experimental Station by A.K. Murchie (Perry, 1996a),

(Fig. 4a) for which D = 716.3 and δ = 0.45.  One realization of the algorithm to produce a permutation

with a similar degree of aggregation is in Fig. 4b  (D = 716.8; δ = 0.34); note the lack of correlation

between the observed and permuted sets.  Such an algorithm will prove useful because, while sampling

is expensive and time-consuming, it allows the generation of many sets of simulated data from each

observed set, each simulated set having features very similar to the observed.  Perry (1996a) gave an

example in which data were generated to test competing sampling schemes to detect cyst-nematodes.

Modelling of spatial association for counts with data from two species

Another common source of data occurs when two populations are studied, with a count from both

populations being available at each sample unit.  The two populations may be spatially dissociated, as

for an insect host in refuge from its parasitoid attacker, where the counts are negatively correlated; or

they may be positively associated, as for the incidence of diseased plants and the plant's pathogen; or

they may occur at random with respect to one another.  Perry (1996a) described another algorithm to

generate an arrangement of a given set of counts over predefined locations, at which there are known

counts of a second set, with any desired level of association between the two.  Such an algorithm will
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prove useful in simulation models that study species interactions or in the generation of data with a

known structure to test competing indices and tests of association.  Briefly, let K1i , i = 1, ... , n, represent

those counts of set one to be assigned; K2j , j = 1 , ... , n, those (ranked) counts from set two at known

locations; and k (>0) be an association parameter with values larger than unity implying dissociation and

vice-versa, and k=1 indicating random placement of one set with respect to the other.  The algorithm

associates labels j with i, stage by stage.  Suppose that pr(2)  denotes the probability that the rth ranked

count, of those labels of set two as yet unassigned, is associated with the highest ranked unassigned

label of set one, and suppose that  ps(2)  denotes the probability that the sth ranked count, of those labels

of set two as yet unassigned, is associated with the highest ranked unassigned label of set one.  Then, at

any stage, the algorithm ensures that the probability pr(2)  is kr-s  times the probability ps(2) . 

The algorithm, in brief, follows. Step 1: rank K1i  and  K2j ; step 2: put t equal to the number of

counts yet to be assigned; step 3: draw a uniform random number on (0,1); step 4: select the minimum

integer w for which u < =1Σ kv-1(k-1)/(kt-1) for k≠1, or for which u < w/t if k=1, and associate the wth as

yet unassigned count of set two with the highest ranked yet unassigned count of set one.  Decrease t by

unity and, unless t is zero, return to step 2.  For example, we may wish to simulate rearrangements of

A.K. Murchie's n=19 counts of the parasitoid Trichomalus perfectus (set one) (Perry, 1996a): {0, 12 ,23,

3, 4, 7, 82, 102, 12, 14, 22, 24, 32, 35}, caught in the same traps as its weevil host C. assimilis (set two,

Fig. 4a), to demonstrate different degrees of association.  The algorithm generated rearrangements with

the desired degrees of association for the three values of k chosen: 0.2 (strong association), 1.0 (random

pairing), and 2.0 (moderate dissociation) (Table 2).  The algorithm is non-parametric, and non-spatial in

the sense that it does not utilise the spatial information concerning the location of the counts of set two.

Analysis of spatial association for counts with data from two species

One of several extensions planned for the SADIE system is to develop a test and index for spatial

association between two sets of counts that share the same locations.  The definition of association is not

easy, because it may not be possible to consider it in isolation from the spatial pattern of its two

component species.  For example, the presence of a parasitoid population may clearly affect the spatial
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pattern of its host, which will attempt to relocate in refuges.  This escape response by the host may then

cause an alteration in the spatial pattern of the parasitoid, which strives to seek out the new locations of

the host aggregations.  This process is dynamic, and may result in a ceaseless shifting of positions of

both species.  Then again, there may be absolutely no direct effect of one species on another, yet both

may demonstrate marked pattern in response to some third species, or environmental component that

causes a degree of spatial association.  Without further information these two cases, of direct and

indirect association, are indistinguishable in the data as defined.  Fortunately, the fact that those

dynamic interactions that are the root cause of association or dissociation cannot be disentangled does

not affect the process of testing, for the null hypothesis is one of lack of any association or dissociation,

i.e. that the location of either one species are random with respect to those of the other.  However, if this

null hypothesis is correct, and there are neither direct nor indirect effects and no association of any kind

between the species, both species may still exhibit strong spatial pattern, possibly in response to a set of

other species or environmental effects that are themselves entirely independent and differ between the

two species.  These individual patterns may in any event be described and tested in each species in

isolation from the other, and this may be done before the problem of spatial association is addressed.  It

seems sensible therefore to eliminate their effects, which may otherwise confuse the issue, by assessing

association conditional upon the observed spatial pattern, with a similar rationale to that of conditioning

on the observed counts which was described for the randomization tests above.

The following example lends support to this idea.  Consider the two sets of artificial counts of

two species in a 3x3 grid (Table 3), where the numbers in bold represent counts of species 1 and those in

italic counts of species 2.  At first sight, the spatial association appears very strongly negative. 

However, suppose we now condition on the spatial pattern exhibited by both species.  This, for both

species, is as aggregated as is possible.  Indeed, for species 1, the only other arrangements with

aggregation (measured through the value of D) comparable to that observed would be the three simple

rotations of the observed arrangement that would relocate the high-density counts in the top-right,

bottom-right and bottom-left corners, respectively.  By a similar argument, there are only four possible

arrangements with such extreme aggregation for species 2, including that observed.  Hence, if we
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condition on the observed aggregation in the arrangements of both species 1 and species 2, there are

only a total of (4 x 4 = ) 16 combinations possible, in exactly four of which the degree of association is

maximal, and in exactly four of which it is minimal (as in the observed arrangement).  With this

constrained randomization, the probability of obtaining this degree of dissociation by chance, on the null

hypothesis that there was really none acting between the species, is four in sixteen (P = 0.25), and does

not now appear at all extraordinary.  Hence we would conclude that, given the observed aggregation of

each of the two species in isolation, the observed arrangement of them together shows some evidence of

dissociation, but not significant evidence (P = 0.25).  This concept, of performing the randomization

tests after conditioning on the observed arrangements was suggested also by Harkness & Isham (1983). 

Although they had no means to find such constrained arrangements; they too considered some form of

rotation as the basis for randomization.  They sought some ideal function that would measure the

association between the nest locations of two ant species: "Ideally this function for the observed nest

processes would be compared with the same function calculated for two independent processes having

the same distributions as the Cataglyphis and Messor nests.  Since we do not know what these marginal

distributions are ...   An alternative possibility would be to perform toroidal translations of the

Cataglyphis data ... with the Messor data".

For maps, the above concept of a rotation provides an easy way to generate a randomization that

preserves the degree of aggregation of a spatial pattern identically and preserves also other important

properties such as that of δ, the distance of the centroid from the edge, described above.  Consider, for

example, some artificial data in which species 1, represented by filled circles, and species 2, represented

by open circles, are observed in a circular area (Fig. 5a).  To effect a randomization we could first hold

all the individuals of species 2 in their observed positions, then rotate the observed positions of species 1

clockwise about the centre of the circular area, by a random angle, α, where 0o< α < 360o.  Fig. 5b shows

the randomized pattern resulting for a value of α of approximately 35o.  A further source of valid

randomizations, that preserves the qualities given above, and that may be used in concert with rotations,

is a reflection of the points in a randomly chosen diameter.  Following the generation of a set of such

randomizations of species 1, the positions of species 1 could be held instead, and species 2 rotated by
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random degrees.  This yields two sets of randomizations and it is important to realise that the inferences

pertaining to each may be distinct.  For example, it is perfectly possible for every individual of species 1

to have an individual of species 2 as its nearest neighbour, but for most nearest neighbours of species 2

to be individuals of their own species.

For counts, such arguments are more problematic, as Harkness & Isham (1983) found. 

However, although it is not possible in general to use the method of rotation and reflection to provide

randomizations, this is fortunately unnecessary, because the first algorithm described above can easily

provide random rearrangements of the counts of a species with the desired degree of aggregation and 

value of δ to match the observed set.

After appropriate randomizations have been generated that preserve D and δ, some index of

association is required, to compare the observed association with those randomizations.  Previously, the

correlation coefficient (usually calculated after transformation of both sets of counts to log10(n+c)

scales) has been used often in this role.  However, the use of c = 1 is arbitrary, and the fact that the

correlation coefficient uses only the information from two parallel lists of counts, and cannot make use

of information concerning their locations, is a serious drawback.  As an example, consider the two sets

of artificial counts of two species in a 5x5 grid (Table 4), where a blank entry denotes a zero count

(Perry et al., 1996).  Once again, species 1 is denoted by bold counts and species 2 by counts in italics. 

In both sets, the same counts are used for species 1 and for species 2, and for species 1 the counts are in

identical positions.  In both sets, there is a single coincidence (row 3, column 3) of a non-zero entry for

species 1 with a non-zero entry for species 2; hence the correlation coefficient (-0.0826, log10(n+1)

scale) is identical for both sets, and non-significant.  Furthermore, the degree of aggregation for species

2 is identical for both sets, because their arrangements are identical save for a rotation about the central

cell and a reflection in the diagonal.  Sets (a) and (b) may therefore be fairly compared and have many

aspects of spatial pattern in common.  However, visually, the species counts in set (a) clearly appear

associated, and those in set (b) highly dissociated.  Although the parallel lists of species counts are

identical in the two sets, the proximity of counts of different species that are not coincident gives the

strong impression of non-random association.  Hence, methods are required that allow for this spatial
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information, from nearby but not necessarily coincident units, to be utilised fully.

One possible method is now described:  Consider the two sets of artificial counts of two species

in a 3x4 grid (Table 5), where the counts of each species comprise the integers 1 to 12 occurring once

only.  Set (a) displays strong positive, and set (b) strong negative association.  Sets (c) and (d) display

the totals for each sample unit over the two species.  (Had the two species not had identical sample

means they would have required scaling to achieve this.)  The positively associated counts of set (a)

reinforce one another in the totals for set (c), which range widely, from 3 to 23, and any aggregation in

the individual species' patterns is enhanced.  By contrast, the negatively associated counts of set (b)

compensate for each other to produce a very even set of totals for set (d), covering a much narrower

range, from 11 to 16, and disguising any aggregation present in the pattern of either species.  These

features may be isolated quantitatively by treating the totals as a single species count and analysing their

distance to regularity, as follows.  The distance to regularity of the observed totals, say T, is computed

and stored.  Permutations of the counts for species 2 are found with very similar values of D and δ to

those observed, and, for each permutation, k, the total is formed of this set and of the original counts of

species 1, as above, say Tk(1)2.  A randomization test is performed, as described above for the single

species case, from the observed T and the frequency distribution of the values of Tk(1)2.  Furthermore, an

index of association, It (1)2, may be formed from T / Et (1)2, where Et (1)2 represents the average value of

Tk(1)2 over the randomizations.  Values of It (1)2 > 1 indicate positive association, values < 1 negative

association (dissociation), and values close to unity indicate random placement of one species with

regard to the other.  The procedure is then repeated, with sets one and two reversed, for the observed

total T and the randomized values Tk(2)1.  In most cases both the test and index give very similar values

for the two sets of randomizations (1)2 and (2)1, and they may then be combined to give an average

probability, Pt , and index, It .  For example, for the 25 counts of Table 4, the value of D for the totals of

set (a) was 36.6 while for (b) it was 20.8.  For set (a) the value of It  was 1.28 (Pt  = 0.145); for set (b)

It  =  0.74 (Pt  = 0.847).  In each case the value of the index is correctly indicating the type of association,

but the test is not powerful enough to yield a significant result.  A similar randomization test, based on

the observed correlation coefficient, performed much worse, as expected, giving probabilities of 0.463
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and 0.426 for sets (a) and (b) respectively.

As a further example, but now using real data, the next section considers the association

between A.K. Murchie's counts of the host weevil C. assimilis given above (Fig. 4a), and counts of its

parasitoid Trichomalus perfectus, collected simultaneously in the same traps (Fig. 6).

Results & Discussion

Whereas C. assimilis was relatively sparse in the six traps along the centre of the field and dense

in the two diagonal rows of edge traps, the reverse was true of T. perfectus (Figs 4a and 6).  This

dissociation was shown by the highly significant value of both the simple correlation coefficient

(r = -0.57) and Spearman's rank correlation coefficient (S = -0.71). Since the mean density for

C. assimilis was about four times that of T. perfectus, the counts were first scaled to have the

same totals.  The strong negative association was detected at a significant level by the above

method of totals (It  = 0.707,  Pt  > 0.995).

The method of totals given above appears for some sets of data to have relatively low

power to detect borderline cases of association.  An alternative test and index is being

developed, that use information concerning the relative size of the counts from the two sets in

coincident units, but that attempt additionally to utilise the spatial information in those

coincident units.  Consider, for example, how the IAF plots would appear for the data analyzed

above, in Fig. 4a and in Fig. 6.  For C. assimilis, the vector direction of the flows would be from

the edge rows towards the centre row, whereas for T. perfectus the reverse would be true. 

Considering each unit individually, in the majority of the units the vector direction of the flows

for the two sets would be diametrically opposed.  The same is true for the other negatively

associated sets in Tables 3 and 5b.  By contrast, for the positively associated counts in Fig. 5a,

the flows from individual units would be very similar in strength f, vector strength F, and in
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vector direction θ, for the two species.  These ideas may be quantified, for each sample unit, into

several statistics, two of which are denoted φ and ψ.  The first, φ, is the sum of the values of f,

for each sample unit, of the two species multiplied together, after suitable scaling.  The second,

ψ, is defined through the sum for each sample unit of ω =  θC. assimilis  - θT. perfectus ; ψ = ω if

ω < 180o, but ψ =  360 - ω  if ω > 180o (note that 0o < ψ < 180o), again after suitable scaling

for each unit, this time by the product of F for each species.  Relatively small values of both φ

and ψ are expected for spatially associated data, and relatively large values of both for

dissociated data such as these C. assimilis and T. perfectus counts.

As an example, the vector directions, θ, are plotted (Fig. 7) for a small subset of the full

IAF plots for C. assimilis and T. perfectus comprising the topmost three sample units, for which

the statistics: f, F, θ, and unscaled values of φ and ψ are also computed (Table 6).  The statistics,

in general, are large and behave as expected, the only discrepancy being caused by the slightly

small count of 10 for T. perfectus.

Further work is required to define precisely how these statistics may best be combined,

firstly over the sample units and then with each other, into a single index and test.  One

possibility being investigated currently is an index derived from suitably scaled plots of 

=1Σ φj  versus  =1Σ ψj  .

Some further work is also required in the current SADIE software for counts, to allow

for edge effects on the index Ia .  Since it is relatively easy to generate randomizations with

specified values of δ, it is planned to generate a set of such randomizations constrained to have

the same value of  δ as that observed, and from them to construct an index Ka in exactly the

same way as the unconstrained index Ia is constructed currently.  Inferences based on Ka would

relate to counts that are identical in size and have a similar overall position with regard to the

edge of the sample area to those observed, but which occupy positions that are otherwise

spatially random.  A substantial difference between Ia and Ka  would imply the presence of
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significant edge effects.

Thus far, versions of the SADIE programs have been distributed as Fortran code,

developed on mainframe computers.  Over the coming months it is hoped to develop versions

for distribution as executable files, suitable for running on PCs.
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Legends to Figures

Fig. 1.  Data for 105 beetle larvae (Perry 1995b), originally described by Fleming & Baker (1936). (a)

an IAF plot. (b) an EDF plot; the dotted line relates to the observed data; the solid lines relate to the

randomizations and are, from top, the upper 97.5th centile, the mean, and the lower 2.5th centile.

Fig. 2.  Counts of cereal cyst-nematodes, Heterodera avenae, at 7.14m spacing, collected by B. Boag

(Perry, 1996b).

Fig. 3.  An IAF plot for the nematodes of Fig. 2 (Perry, 1996b), showing only those flows greater than

four.  Destination units are indicated by *.

Fig. 4.  C. assimilis counts collected by A.K. Murchie (Perry 1996a): (a) observed, (b) permutation with

similar D value.

Fig. 5.  (a) Circular area with mapped, artificial observed data, for species 1 (filled circles) and species 2

(open circles).  (b) Species 2 in observed positions; species 1 randomized to new positions using a

random rotation about the centre of the circle.

Fig. 6.  T. perfectus counts collected by A.K. Murchie (Perry 1996a), simultaneously with, and in the

same traps as the C. assimilis counts in Fig. 4(a).

Fig. 7. The vector directions of flow computed from the full IAF plots for a small subset of three

sample units: (67,54), (70,55) and (73,56) for C. assimilis (solid lines, observed data shown in Fig. 4a)

and T. perfectus (dashed lines, observed data in Fig. 6).
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Table 1.  Three arrangements of 36 individuals in a 3x3 grid (artificial data).

(a) : Crowded (b): Observed (c): Permuted (d) : Regular

36 0 0 13 7 3 3 4 1 4 4 4
0 0 0 5 4 1 1 13 5 4 4 4
0 0 0 1 1 1 1 7 1 4 4 4
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Table 2.  Three simulated arrangements of nineteen T. perfectus counts showing varying
degrees of association with observed counts of C. assimilis, in the same units (Perry, 1996a).

X-coordinate of trap 77 75 69 75 73 71 81 73 67 79 77 81 71 79 73 75 77 79 70
Y-coordinate of trap 44 46 52 54 56 50 48 48 54 50 52 52 54 42 52 50 48 46 55

C. assimilis 102 90 73 70 64 58 53 51 45 39 33 29 25 22 16 15 15 12 1

T. perfectus (k=0.2)  32 35 24 12 22 14 10 8 4 10 8 7 3 2 1 2 2 1 0
T. perfectus (k=1.0) 3 2 14 2 7 1 12 8 0 24 32 35 22 10 8 2 4 10 1
T. perfectus (k=2.0) 1 2 2 0 1 3 2 8 10 8 4 10 7 22 32 14 12 24 35
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Table 3.  Sets of aggregated counts of species 1 (bold) and species 2 (italics) in a 3x3 grid 
(artificial data).

Row 1 9 1 8 3 5 4
Row 2 7 2 6 6 2 7
Row 3 4 5 3 8 1 9

Column 1 Column 2 Column 3
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Table 4.  Two sets of counts, (a) and (b), of species 1 (bold) and species 2 (italics) in a 5x5 grid
(artificial data), demonstrating different degrees of association.  Only non-zero counts are
shown.

(a) (b)

Row 1 3 2 4 2 4
Row 2 4 2
Row 3 11 3   3 11 3
Row 4 4
Row 5 2

Col. 1 Col.2 Col.3 Col. 4 Col.5 Col. 1 Col.2 Col.3 Col. 4 Col.5
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Table 5.  Two sets of counts, (a) and (b), of species 1 (bold) and species 2 (italics) in a 3x4 grid
(artificial data).  (c) shows the total count (medium type) over the two species for each unit in
set (a); (d) shows the totals for set (b).

(a) (b)

Row 1 6  6 12 11 11 12 9   10 6  5 12 111 39   7
Row 2 7  5 8   92   35   8 7  4 8   62   10 5   8
Row 3 1  2 3   14   410 7 1  12 3   11 4   910 2

Col.1 Col.2 Col.3 Col.4 Col.1 Col.2 Col.3 Col.4

(c) (d)

Row 1 12 23 23 19 11 13 14 16
Row 2 12 17 5 13 11 14 12 13
Row 3 3 4 8 17 13 14 13 12

Col.1 Col.2 Col.3 Col.4 Col.1 Col.2 Col.3 Col.4



23

Table 6.  Flow statistics for three sample units from the sets of counts of C. assimilis and T.
perfectus, shown in Figs 4a and 6.  The vector flow directions, θ, are shown in Fig. 7.

X-coordinate of trap 67 70 73
Y-coordinate of trap 54 55 56

C. assimilis: count 45   1 64
T. perfectus: count   4 10   2

C. assimilis: scaled f       8274  -156418 79391
T. perfectus: scaled f -98373      -5691 -129267
C. assimilis: scaled F 8274    -99342 77296
T. perfectus: scaled F -98373      -5691   -129267
C. assimilis: θo 71.6         6.0     -123.3
T. perfectus: θo -90.0      -45.0        45.0

φ 106647  150727   208658
ψ 161.6       51.0      168.3



There
follows
Figures 1-7,
in that order




