67
COENOSES 12(2-3):67-76, 1997
@ C.E.T.A., Gorizia, [laly

A DYNAMICAL MODEL OF ABUNDANCES IN NATURAL
COMMUNITIES

A. K. Dewdney

Environmental Science Program & Department of Computer Science, The University of Western Ontario,
London, Ontario, Canada N6A 5B7

Keywords: Logistic distribution, Model, Species abundance.

Abstract: A simple dynamical community model mimics species interactions and produces, when it reaches equilibrium, a
distribution of species abundances that is indistinguishable from the "J-curves" regularly seen by field biologists in samples
and surveys, Analysis of the model reveals an equilibrium sclution that is inverse linear in form. The theoretical distribution
that results, here called the "logistic" distribution, is defined formally as the inverse linear function under a translation of axes
which forms its two parameters.

The initial hypothesis, that the resemblance between computer and natural abundance distributions is more than coinciden-

transformation in both axes.

tions.

phenomenon. The third hypothesis is discussed briefly.

tal, has led to a near-cottage industry of new hypotheses, the three main ones being:
1. The logistic distribution describes abundance in natural communities.
2. The sampling process transforms a community abundance distribution into a sample abundance distribution by a scale

3. In natural communities a major influence on species abundance is the random (i.e., unpredictable) fluctuation in popuia-

This report describes the computer model, analysis of the model, and a brief summary of progress toward the establishment
of Hypothesis 1. Hypothesis 2 is susceptible of mathematical proof. It abolishes the idea of a "veil-line” as a sampling

Introduction

In a study of stream benthic microbiota, the author (1996)
noticed that the 222 species sampled followed an abundance
distribution that field biologists call the "J-curve.” Although
this curve arose from a sampie and did not necessarily
represent the benthic population of microorganisms as a
whole, it led to the question of whether they might have this
abundance distribution generally.

Curiosity about the phenomenon led to a computer model
in which stream benthic microorganisms would encounter
each other at random. In the dog-eat-dog world of the stream
benthos, it seemed reasonable to designate one of the micro-
organisms as predator, the other as prey and to specify that
the ingesting organism would enjoy a reproductive boost im-
mediately following the trophic act.

An initial model that incorporated these behaviors was
defined and implemented by a computer program which was
also capable of displaying the current species/abundance his-
togram every 100 encounter cycles. Running the model with
200 species, it was something of a surprise to see the stream
abundance distribution, or something closely resembling it,
appear after a few hundred display cycles. The curve ap-
peared on every occasion.

To probe the dynamical system for its potential as a
general population model, the system was complicated by
the addition of food webs and multiple habitats (patches). It
was an even greater surprise to discover how robust the al-
gorithmic process was. Under a wide variety of complica-
tions, all leading in the direction of increased realism, it
continued to produce the "J-curve” reliably. The reason for
the robustness proved to lie not with the details of this or that
implementation, but with a more general phenomenon re-
lated to seemingly random fluctuations in component popu-
lations.

At the time of writing, some 30 biosurveys (drawn at ran-
dom from the literature) have been examined. They all show
characteristic J-curve distributions that not only resemble the
distribution of my stream benthic community, but resemble
equally the productions of the dynamical system in any of its
incarnations. These results, in spite of their preliminary na-
ture, have made it necessary to propose a new model of
species abundance in communities, joining several models
already proposed (Magurran 1988).

A multi-species dynamical model

Let a community C consist of N individuals distributed
among m species. The computer model described here is
dynamical, stochastic and individual-based. The basic
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dynamical step selects two individuals at random (the stoch-
astic element) from the general population of N individuals.

To guarantee randomness at the individual level, selec-
tions are made on a proportional basis by the interval division
technique: A procedure invoked by the main program selects
a random number between 1 and N, then counts through the
species by their abundances until it comes to the species
where the count first equals or exceeds the randomly drawn
number. In the algorithmic conventions employed here, vari-
able names are set in italics, the assignment operator is indi-
cated by a left-arrow, and pseudo-language elements are set
in bold face:

procedure Select Species

select a random number £ from [1, N]

Count < 0,5 <1}

repeat
Count «— Count + abundance of s
s s+ 1

until count > k

return s

The basic algorithm for the dynamical system is extremely
simple. Within a user-terminated loop, the procedure just
defined makes a random sclection of two individuals, returns
their species id numbers, and then alters their abundances ac-
cording to the following scheme.

repeat
Predator « Select Species
Prey < Select Species
increment abundance of Predator
decrement abundance of Prey
until key pressed

number
of species
25{ ]
20
154 7]
. . 10 ]
Figure 1. A typical output of
the basic dynamical model ]
running with 135 species.
Species frequencies for each
abundance class are aver- ]
aged from the onset of equi- 5
librium until the end of a
run, Accompanying the his-
togram is a point-plot of the
inverted frequencies.

Abundances of the m species are stored in an array called
Abundance.

Anyone with programming experience should be capable
of writing a program based on this algorithmic description,
The program was written by the author in Turbo Pascal. It
runs on a 486 computer and incorporates the basic algorithin
within a display loop of 100 iterations. It also includes a his-
togram-drawing procedure that uses text graphics to show
the number of species at each abundance value.

At the end of a run, the program also compiles the
average distribution of all abundances from the onset of equi-
librium until the user presses the termination key. It displays
average abundances in the same graphic format as the inner
display cycle does. The histogram shown in Figure 1 shows
a typical final output of averaged species numbers for this
version of the model.

The distibutions produced within individual display
cycles while the model is running are rarely this smooth, not
surprisingly, since they reflect random events directly and, if
anything, more closely resemble field samples.

Called the multi-species logistical (MSL) model, this
very simple system reliably produces the curve shown in
Figure 1 after a few hundred iterations of the basic display
cycle.

In a typical run, the program is initialized to 200 species
with, say, 20 individuals each. At first, the histogram appears
as a single large spike at abundance 20. By a few hundred
iterations, this spreads out into a binomial distribution that,
as it collapses further, produces a tail into the high end of the
abundance axis and begins to pile up at the low end. The
resulting asymmetry eventually dominates the binomial
form and ends by erasing it completely as the system nears

abundance



the equilibrium shape shown in Figure 1. The same shape
emerges if the initial populations are set to a uniform random
distribution instead of the spike distribution. In other words,
the shape in question is a genuine property of the system, and
not an artifact of the initial distribution. The model can also
be run with much larger abundances that would be more typi-
cal of the community inhabiting a particular region or patch.
But the equilibrium distribution of this community is far
more "strung out” with rarely more than one species enjoying
a particular abundance at a time. Such distributions can only
become visually accessible under an operation of high-order
grouping in which each display category spans 10 or more
abundances.

The histogram in Figure 1 uses low-order grouping to
make the display readable, but the shape is not an artifact of
grouping. It appears if one displays abundance categories 1,
2, 3, etc, instead of categories 1-3, 4-6, and so on, as was done
for Figure 1.

Complications of this simple form of the dynamical sys-
tem produce results that, at a glance, are indistinguishable
from the MSL model.

The first of these employs an abstract food web in which
species s is allowed to prey only on species s+1, s+2, . . .,
s+15, for example (Figure 2). In such a cyclic food web, the
system takes somewhat longer to reach equilibrium, but the
resulting shape is the same.

In the next version of the model (Figure 2), all species are
divided into three large categories, heterotrophs, autotrophs,
and saprobes. In this version, heterotrophs are allowed to eat
each other as well as the other two kinds of species, auto-
trophs receive energy auiomatically (sunlight), but are al-
lowed to "eat” each other (think of competitive exclusion),
and saprobes are allowed to eat either of the other two, fol-
lowing simulated death events. This food web version also
produces the same species abundance distribution as the
basic MSL model.

Additional trials of the system involved fractional
trophism in which the number of individuals did not increase
or decrease, but the biomass increased (fractionally), instead.
Again the ramp-shaped curve appeared.
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The program contains a switch that enables the user o
specify whether extinctions will be allowed or not. With no
extirpations allowed, the pile-up of species at the low abun-
dance end soon comes into equilibrium with the rest of the
distribution and the number of species in the lowest abun-
dance category stabilizes.

With the extinction switch on, species naturally disap-
pear, leaking out the low end of the distribution, so to speak.
The rate of extirpation, even at equilibrium, is surprisingly
low, This is mainly the result of such species being chosen
more and more rarely for interactions as they decline in num-
bers.

Yet another version of the basic system employs two or
three patches, each a duplicate system of the original. Each
patch begins with the same number and kind of species. As
the separate communities develop over time, occasional ran-
domly selected individuals are allowed to migrate from one
patch to another. Although the migration rates were pre-set
to quite modest levels (one per thousand predation events),
extirpations slowed by approximately 30% in a two-patch
mode] and by 40% in the three-patch model.

These variations on the basic trophic theme create the
suspicion that the basic model, in spite of its extreme
simplicity, conceals some subtle features that explain its (ap-
parent) closeness to real multi-species populations. If one
replaces classical predation by the more general idea of com-
petition for (energy) resources, the model may be re-inter-
preted without change. When one organism preys on
another, it generally ingests it. Yet one plant may "prey"” on
another too, in a sense, by stealing it’s sunlight. Energy that
would have gone to the second plant, goes instead to the first.
In the compartmentalized model of trophism, for example,
the energy awarded to one autotroph is taken by another,
causing an increase in numbers {(or biomass) for the first
species and causing a loss for the second.

The possibility remains that the seeming success of this
mode! as a predictor of community abundances lies not in its
robustness nor in its subtlety (as such), but in the fact that
each individual has an equal chance of reproducing or dying.

autetrophs

+ U+ U

heterotrophs

1)

U saprobes

!

Figure 2. The dynamical
system with cyclic (left} and

|
!

arrows indlcate direction of energy flow

compartmentalized (right)
food webs (see explanation
in the main text).
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A frequency formula for species abundance

As it happens, the frequency formula for the steady state
(average or expected) species abundances in the MSL model
is relatively easy to derive from first principles. In what fol-
lows, k will represent an abundance and f(k) will represent
the number of species in the system that currently have abun-
dance k.

The derivation assumes that the model has reached equi-
librium. Among the species of abundance k there will be
k'f(k) individuals and among the species of abundance k+1
there will be (k+1)f(k+1) individuals. The probability that
the next trophic event will involve a given individual is

p=1/N.

In other words, the probability that one of the species in the
k-class will increase in abundance is

pkfk)
By the same reasoning, the probability that one of the
species in the (k+1)-class will decrease is

pk+1yf(k+1)

The probability of being prey is, after all, the same as the
probability of being predator. Under the equilibrium assump-
tion, stability of the function f will only be guaranteed by the
equality of these two quantities. The number of species
migrating from column k 1o column k+1 must equal the num-
ber of species migrating in the opposite direction:

pkf(k) = p(k+1yf(k+1)

The general solution of this equality is c/k, where ¢ is
some constant. Thus, to within a constant factor, there is only
one integer-valued function that satisfies this recurrence rela-
tion:

fiky= 1k

One way to check this analysis is to accumulate and
average the frequencies in each abundance value at the end
of a run of the MSL system, and plot their values. The pur-
pose of inversion is to make the inverse linear component of
the curve into a straight line, while magnifying departures
from this shape at the high abundance end of the histogram.
The results are invariably a straight line over the lower half
of the range of abundances, but then the line begins a gentle,
but accelerating trend upward, albeit in increasingly ragged
fashion. In longer runs of the program, the plot remains linear
through a slightly longer portion of its range. The latter ob-
servation provides a clue that explains the upward trend in
the inverted abundances.

The inverse linear nature of the equilibrium state is a
local condition only. Globally, over the entire range of abun-
dances that prevails, a logistic factor operates. Since the
MSL preserves the total number N of individuals, as one
species becomes increasingly abundant, the others perforce
grow less so. In non-extinction mode, the extreme case ob-
tains when all but one species have abundance 1. If N = 4000
and m = 200 for example, and all but one species had abun-
dance 1, the 200th species would have abundance 3,801. This

would represent an extreme logistic limit that would have
only an infinitesimal probability of actually occurring during
any run. A more realistic logistic limit would nevertheless
have to be based on probability. For example, it might be
specified that the limit be exceeded only 5 percent of the
time. Solving the equilibrium equation with the added con-
dition that the total number of individuals must always be N,
we obtain that the maximum abundance, max, would have
the associated species frequency of 1/20, resulting in the
equation,

max = V20N
=283

Since we will not know N in practice, it will be
reasonable to build the limit into the equation as a multiplica-
tive factor, echoing the well-known logistic equation of May
(1974).

f(ky = k(1 - k8); 1 <k< A,

where A is the maximum abundance and § = /A, An
equivalent formulation that is somewhat easier to use has the
form,

f(k)=1/k-8; 1<k<A @

When this function is inverted and plotted, it looks like a
straight Tine over the lower part of its range, but then begins
to curve upward as the logistic factor comes increasingly into
play. The curve closely resembles plots of inverted MSL fre-
quencies (see Figure 1).

The MSL system is part of a new trend in ecological
modeling towards individual based systems (Judson 1994).
It may be that the extensive use of differential equations in
ecological modeling has limited progress by insisting on a
determinism that is not in fact present in nature to a degree
that would warrant the use of such models. Individual based
models are ideally suited to the portrayal of stochastic events
that undoubtedly occur routinely at all levels in natural com-
munities.

The logistic distribution

Like many distributions that have been proposed as
models of species abundance in communities, the logistic
distribution is defined as a continuous function. It has two
parameters, € and 8.

f(x)=c(l/x -8 e<x<A (ii)

The quantity A is called the logistic limit and is defined by A
= 1/8. The parameter £ will be called the inner limit. The
logistic coefficient ¢ may be obtained by integration of the
function over its domain [g, A).

c=In(Ae) - 1 (iii)
Figure 3 illustrates the relationship between the logistic
function and the inverse linear curve. In a more formal ap-

proach, the distribution could be viewed as the result of a
translation of the axes

x=X+E€
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Y Y Figure 3. Relationship beiween the
logistic function and the inverse linear
curve. The logistic distribution is ob-
tained by a translation of the axes.

[(xX)=1/x
(S, 6) X
x’
y=y +6 by the Poisson distribution which forms the basis for the

The resulting formula would then become
fx)=c((x+€)’ -8);0<x <A -,

but expression (ii) is equivalent to this formula and much
easier to use.

The formulas for both the logistic coefficient ¢ (iii) and for
the mean P (below) are close approximations obtained by
dropping vanishingly small terms during the derivation
process.

u=A2¢

A complete description of the logistic distribution and its use
in sampling milieus is beyond the scope of this paper but a
complete description of theory and practice is available in
Dewdney {1997).

A brief theory of sampling

Crucial to the application of the logistic distribution, as well
as all others, is a valid sampling theory that relates the dis-
tribution g of abundances in a community to the distribution
f of abundances in a sample. In view of the failure of current
theory to do this explicitly, it has been necessary to elaborate
the elements of such a theory already present in Pielou
(1969).

Briefly, let a random, unbiased sample of size n be taken
of the community C and let

r=n/N
be called the sampling ratio. A species of abundance j in C

will have a probability p(k) of appearing k times in the
sample, where

o) )

The expression {iv} is called the hypergeometric distribution
(Feller 1965) and forms the basis of a close approximation

theoretical work by Pielou (1969) on the theory of abundance
distributions. In fact, we may adapt the Poisson distribution
directly to a theory of sampling by writing

oo

I g(x).e *(rx)*/k! ™)
0

where g(x) is the continuous version of the community dis-
tribution g and the remainder of the integrand is the Poisson
distribution.

One could certainly write a parallel (discrete) equation
involving the hypergeometric distribution but it is somewhat
unwieldy in computations and is so closely approximated by
the Poisson for reasonably large vatues of N that the dif-
ference between the two is statistically indiscernible, In
short, apart from the usual statistical fluctuations that are nor-
mal in samples, one cannot do better than the transformation
(v). This point must be stressed because the Poisson distribution
has a great deal to say about how g is transformed into f.

The lognormal distribution

In particular, when k = 0, the Poisson distribution that
produces the null class of species (the ones that do not appear
in the sample) has a shape that bears no resemblance to the
"veil line" (Preston 1948). Preston claims that all species to
the left of the vertical line shown in Figure 4a will not appear
in the sample. The Poisson distribution, however, subtracts
species in a very different manner, namely a gradual curve
that is far from vertical (Figure 4b). When the null class of
species is subtracted from the lognormal distribution, what
remains resembles the J-curve even less than the untruncated
lognormal does.

To finish with Preston, it might also be mentioned that
when the logistic distribution is subjected to the same trans-
formation by "octaves” (essentially an exponential transfor-
mation along the abundance axis) that produces the normal
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Figure 4. The effect of sampling on the log-  umber
normal distribution. In (a) all species to the  of species
left of the veil line will not appear in the
sample, In {b) species to ihe left and above veil line
the veil curve will not appear in the
sample. a
abundance
b
\
veil curve

distribution from the lognormal, a curve that closely
resembles a fruncated normal distribution also results. If the
logistic distribution prevails in nature, this would readily ex-
plain the success of the lognormal when truncated. As we
have just shown, however, truncation may not be considered
a statistically valid operation.

The appearance of a truncated normal-looking distribu-
tion is readily explained in the presence of the logistic dis-
tribution by the cumulative effect of the subtracted 8. The
exponentially transformed formula for the logistic distribu-
tion is ¢(In2 - 2k8). A tail inevitably accompanies the ex-
ponential drop owing to the sampling process.

Given the relative tolerance of goodness-of-fit tests, ex-
ponential transformations of logistic distributions will readi-
ly pass as truncated normal distributions. If it should turn out
that the lognormal and the refated negative binomial distribu-
tion {Pielou 1969), do not have ecological relevance as dis-
tributions, it may be freely speculated that the truncation
operation, along with the coincidence just outlined, have
jointly operated to ensure the survival of these distributions
to the present day.

The log-series distribution

A third surviving candidate as a widely-used model of
abundances in natural communities is the log-series distribu-
tion of Williams (1964). This distribution is discrete and
takes the following form:

£(k) = ik,

where the series rx converges to 0 as k approaches infinity.
As early as the 1930s Williams thought he saw the inverse
linear curve in the abundances of Lepidoptera caught in light
traps near Cambridge. In the author’s opinion, he was quite
correct to do so. However, concern over the non-conver-
gence of the inverse linear function caused him to consult a
mathematical friend (Williams 1964) who suggested that the
convergent series be installed in the function to force conver-
gence. In mathematics, such a step would be called a
"kludge." In short, the form of Williams’ log-series distribu-
tion, while close to that which appears to prevail in real com-
munities (Taylor et al. 1976), suffers from unwanted baggage
in the form of a factor that was not derived from biological
considerations, but from mathematical expediency.

- From a practical point of view, the log-series distribution
is (almost) statistically indistinguishable from the logistic
distribution. The two functions look similar because they are
similar. There is, however, a great difference between their
theoretical foundations.

The biosurvey data

The same goodness-of-fil tests may be (and have been)
applied to the logistic distribution, comparing it with real
biosurvey data from reputable sources. At the time of this
writing, some 3¢ such surveys have been compared to the
logistic distribution via the chi-square test. All pass with ex-
tremely high values of o In 25 of the cases &t = 0.5 and in
two of them o = 0.75.

Here, o represents the probability that a valid hypothesis
(the empirical distribution is statistically indistinguishable



from the theoretical one) will be rejected. In rejective mode
(where the test is most useful) one wants as small an o as
possible. In acceptance mode, on the other hand, one wants
« values to be as large as possible, allowing the test every
opportunity to reject the hypothesis, in effect. In short, the 12
values (which measure the difference between the empirical
and theoretical frequencies) were exceptionally low.

The surveys examined so far span a large range of en-
vironments, scales, and taxa. They include temperate zone
freshwater benthic microbiota, tropical rain forest butterflies,
lemperate  montane birds, desert oases macrofauna,
temperate deciduous forest microfungi, temperate fresh-
water fish, temperate pine forest robber flies, tropical rain
forest birds, temperate deciduous forest vascular plants,
temperate freshwater amphibious fungi, tropical reef fish.
arctic lichen communities, temperate saline stream macroin-
vertebrates, boreal forest mayflies, temperate freshwater
benthic invertebrates, Mediterranean montane butterflies,
temperate coniferous forest birds, boreal stream macroinver-
tebrates, temperate marine coastal waterbirds, antarctic
marine benthic macroinvertebrates, temperate coniferous
forest microfungi, and others.

The fitting process may be illustrated by a data set that is
entirely typical of the biosurveys examined to date. Gutierrez
& Menendez (1995) sampled butterflies in the Iberian penin-
sula during two one-month periods in the early summer of
successive years. They recorded the occurrence of 79 species
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of butterflies as the mean number of individuals per locality
within the sampling area, but admit that another 28 species
were seen but not unidentified. (The latter are presumably
rare or unknown and would almost certainly weight the low
end of the abundance spectrum rather than the high end.)

The mean abundance | is 4.26 and the number of species
fa in the lowest abundance (= 1) category is 23. With these
two statistics in hand, the parameters of the appropriate logis-
tic distribution are readily computed, with nothing fancier
than a hand calculator, in about ten minutes. One solves the
following equation numerically:

@uT/e)n(ake) = a*e' T,

where T = R/f,, R is the richness of the sample, £, is the num-
ber of species of minimum abundance and a is the size of
interval employed in the sample histogram. In the case at
hand, the following parameter values emerge from the solu-
tion:

£=0.384

§=0.0357

It might be asked whether the variance should not be used
with the mean (instead of the number of species at the lowest
abundance) as a basis for the estimation of the epsilon and
delta parameters. Variance is, to say the least, highly variable
in distributions with the J-curve shape, with up to 50 percent
of the variance arising from the abundance of a single
species! Consequently, it gives rather unstable results.
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h distribution to butterfly
Y abundances. The  his-
10 1 * togram (data from Gutier-
3 rez & Menendez [1995))
I shows the frequency of but-
terfly species in each abun-
] dance (number of indi-
viduals) class. The curve is
23 the logistic distribution
1 .

fitted to the data.
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The butterfly community distribution has the logistic
coefficient ¢ = 0.304. Figure 5 shows the distribution that
arises from this sample with the appropriate logistic distribu-
tion superimposed on it. The chi-square statistic for the fit
has the value 1,94 and the test hypothests is accepted at the
alpha level of 0.5 which, as was pointed out earlier, is as low
as most tables go. The critical value at this level (df = 7) is
6.346.

From the delta-value, one readily derives the logistic
limit by inversion:

A=28.01

This means that, as far as the sample is concerned, no species
in a community that follows the logistic distribution should
appear more than 28 times. As it happens, one species ap-
pears 27 times in the sample and none more.

Although there are insufficient data to make any safe
assertions on this point at the moment, it certainly appears as
though the maximum abundances in survey after survey are
“piling up” toward their Jogistic limits. In other words, the
logistic limit exceeds the maximum abundance by a wide
margin in a few of the biosurveys, by a medium margin in
several of the biosurveys and by a small margin in many of
them. In only three biosurveys was the logistic limit violated.
However, in each case a) one species violated the limit, and
b) the "aberrant” species was a species of schooling fish. The
strength of the piling-up phenomenon was frankly unan-
ticipated when this parameter was named the "logistic limit."

A more complete study of extant biosurveys will be
reported in a subsequent publication.

Abundance and community dynamics

The analysis that led to expression (i) assumed only that
the individuals of each species enjoyed a constant probability
p of increasing {reproducing) or decreasing (dying) over
some fixed interval of time. All other factors in the analysis
could apply to natural communities as well as the abstract
community of the MSL model. In natural communities, for
example, the function f(k) is well defined in that, at any mo-
ment a definite number of species occupy each possible
abundance category.

One may readily conjecture that in natural communities
a simiiar rule holds. In other words, the two probabilities may
fluctuate over a pertod of days, weeks, or years depending on
the time scales of the species involved, but if they did not
have a long-term tendency to equality they would pass, rela-
tively quickly, either to extinction or to a position of super-
dominance.

Most biologists, if asked to predict how the basic MSL
model would behave, might well answer that species would
typically increase or decrease their abundance a little. The
more knowledgeable might guess that if all the species
started with the same abundance, then they would, in time,
form a normal distribution of abundances. The latter would
be right, up to a point. But few biologists, or mathematicians
for that matter, would guess that the species would arrange

themselves in a the shape of an inverse linear curve. The
same game may be played with natural communities. How
many people would guess, if told that all each individual in
a natural community had the same probability of increase as
of decrease, that the species therein would inevitably fall into
such a pattern of abundances?

What may have been lacking in community studies up to
this point is the notion of the equilibrium of the system as a
whole, instead of the equilibrium of individual species. As
we have seen, the most parsimonious assumption about
living communities, that they enjoy some kind of long term
equiprobable increase/decrease property, leads directly to
the conclusion that their abundances will tend to take the
shape of a logistic distribution.

Another way to look at the equiprobability property is to
view species abundance as 2 random walk on the abundance
axis (Dotle et al. 1984). This is not an ordinary random walk,
by any means. The transition probabilities for a given species
will depend on its current k-value or abundance.

The notion of species abundance as a random walk is not
quite as bizarre as it might at first sight seem. Most predation
events, for example, are certainly the results of random en-
counters. If the varying hare searches for food in this hum-
mock instead of the one over there, for example, the lynx
may not see it. The hare, in turn, may or may not find plant
material that is present. If the wind changes direction slight-
ly, the spore of a lignin-digesting fungus will miss a small
bruise on a tree and not infect it. There is no organism that is
not subject to this kind of random, i.c., unpredictable, event.
In other words, if there is indeed a "walk” by species along
the abundance axis in real habitats, it is assuredly not "ran-
dom," but effectively random.

There is no way to predict the outcome of environmental
events in detail. Moreover, there is no apparent overall pat-
tern in the waxing and waning of their abundances except for
after-the-fact assertions involving weather or other large-
scale disturbances. It is also important to notice that this view
of community abundances no longer depends explicitly on
the MSL model, since only the equiprobable birth/death
process has been invoked. In view of the robustness of the
logistic distribution, it is possible that the complications of
the model involving artificial food webs, as well as the im-
plicit assumption of uniform spatial distribution of species
may be red herrings, so to speak.

An amusing analogy makes the counter-intuitive dis-
tributions produced by the random walk model seem more
natural. Imagine 200 race cars traveling about a circular track
that is divided into equai-length zones with varying speed
limits. If the cars start at random times and race around the
track, always obeying the speed limits of successive zones,
the expected number of cars to be seen in each zone will be
directly proportional to the amount of time they must spend
there, that is, inversely proportional to the speed limit. The
equilibrdum condition, that as many cars enter each zone as
leave its predecessor, is trivially true.



From this point of view, species that have small popula-
tions tend to change their abundance less frequently, other
things being equal, than species with large populations. The
probabilities, after all, operate at the [evel of individuals and
not at the level of species. As a direct result, more species
tend to collect at the low end of the abundance spectrum than
at the high end. This observation explains the general shape
of the abundance distributions produced by the dynamical
model and the random walk model. It remains to be seen to
what extent it also applies to real communities.

Conclusions

To summarize, the possibility that the resemblance of the
distributions produced by the MSL system to those found in
natural communities is more than accidental has led to
several hypotheses. The main hypothesis, that the distribu-
tion of abundance in natural communities is best described
by the logistic distribution, has fostered the development of
a new theory of the sampling process from a mathematical
point of view, has necessitated the testing of a large number
of natural sample distributions and, more recently, has in-
spired a search for evidence of random fluctuations in abun-
dance of species in natural cormnmunities.

The state of the overall theory thus suggested by the MSL
system can be summarized under several points that can all
be considered hypothetical to varying degrees, some highly
so, others practically established. In what follows the word
"match” will mean passage of a goodness-of-fit test and a
“close match” will mean passage with an unusually low chi-
square statistic.

1. A dynamical model called the MSL system produces
artificial abundance distributions that closely resemble
natural ones.

a)} The MSL system produces the logistic distribu-
tion.

b) The logistic distribution closely matches the vast
majority of natural abundance distributions as
sampled.

2. When a natural abundance distribution is sampled, its
general shape is preserved by the operation. Specifically, its
formula (except for changes in parameter values) is
preserved by the sampling transformation {v).

a) The species lost to a sample are Poisson-dis-
tributed in the community and follow what might be
called a "veil curve” that has no resemblance to a
vertical line

b) No truncated distribution can be a candidate for
the distribution of species abundances in com-
munities.

¢) The lognormal and negative binomial distribu-
tions are usually truncated in order to succeed as
models of community abundances.

3. When the exponential transformation is applied to the
logistic distribution, the resulting curve closely resembles
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the truncated normal distribution, but is not the truncated
normal distribution.

a) Truncated normal distributions frequently match
samples that are subjected to the exponential trans-
formation. The exponentially transformed logistic
distribution matches samples more frequently.

4. The logistic limit A equals or exceeds the maximum
abundance in almost all biosurveys. Its ecological reality is
demonstrated by the tendency of maximum abundances to
approach but not to exceed it.

Anyone taking seriously the possibility that (almost) all
natural communities follow the logistic abundance distribu-
tion will find new avenues of research before them: First,
there may be a potential for linking the population statistics
revealed by samples with those of the community sampled
via knowledge of logistic distribution parameters.

Second, the enormous confusion that surrounds the
measurement of "biodiversity” might be to some extent
clarified if one makes a definition that recognizes the role of
a single, dominant distribution that governs virtually all
natural communities. Third, although the idea of equilibrium
of single populations may have suffered in recent years, the
logistic distribution (or one like it) might open the possibility
of studying the equilibrium of whole communities, recogniz-
ing that while some species wax and others wane, the J-curve
remains.

Finally, the theory of evolution might benefit from recog-
nition that small populations are the rule and not the excep-
tion in most natural environments, whence speciation has a
natural springboard at the low end of the species abundance
distribution.

Future publications will report on progress with the
hypotheses listed above. In particular, the results of anatysis
on an expanded list of 100 randomly selected biosurveys
should appear soon.
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