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On the stabilizationof animal numbers.Problemsof testing*
1. Power estimates and estimation errors
J. Reddingius and P.J. den Boer
Biological Station LUW, Kampsweg 27, 9418 PD Wijster,The Netherlands

Summary. It is tried to remove some misunderstandings
about the "regulation" of animal numbers by density-dependent processes. Staying between limits is called "stabilization", and only when this results from density-dependent
processesit is considered "regulation".We discuss two tests
that may be used to detect the existence of regulation: the
parametrictests of Bulmer and a nonparametric"permutation" test. The powers of these tests are compared. The
first test of Bulmer and the permutation test do not differ
very much in power, but the second test of Bulmer has
hardly any power and therefore cannot be used in cases
where densities were only estimated. The arguments from
which Bulmer'ssecond test is derivedare criticallydiscussed
and found not to be very convincing. We propose, rather
than using Bulmer'ssecond test, to correct the test statistic
of his first test for estimation error, and present a possible
solution for this. In a following paper this method will be
applied to some long series of population counts of univoltine insects, for, a basic assumption of all regulation-tests
is, that the sequence of population counts is a realization
of a piece of first-orderMarkov chain. This highly restricts
the usefulness of regulation-tests. Some other recent attempts to construct such tests are discussed within the present context
Key words:Density dependence- Regulation - Stabilization

Since the classical paper of Howard and Fiske (1911) arguments pro and contra the hypothesis of the "regulation"
of animal numbers by density-dependent processes have
dominated the literature on population dynamics (see e.g.
Pielou 1974). Even today this debate cannot yet be closed,
not in the least because some conceptual misunderstandings
have still to be removed.
For instance, Varley et al. (1973: 112) state: "Densitydependent mortality serves to regulate the population density and keeps it within limits". But this statement is far
less obvious than it may seem. To begin with, we need
a definition of "regulate".Let us assume this definition will
be something like: "the operation of negative feedback processes that balance density around some stable norm or
equilibrium value" (compare Varley etal. 1973: 19). Then
it must be noted that:
*

CommunicationNo. 261 of the Biological Station, Wijster

Offprint requests to: P.J. den Boer

(a) Density-dependentmortality alone is neither necessary,
nor sufficient for regulation to occur. See: Klomp (1966),
Varley and Gradwell (1968), Den Boer (1986, 1987, 1988).
(b) Regulation in the sense indicated is not equivalent to
"keeping density within limits", because density may remain between limits for appreciablelengths of time by mere
stochastic fluctuations (Reddingius 1971; Reddingius and
Den Boer 1970), and density might also remain between
limits without the existence of a stable equilibrium value
(e.g. limit cycles: Kolmogoroff 1936; May 1973).
Therefore,to keep the following intelligible,and to promote adequate testing, we have to make some distinctions.
The often supposed (general)tendency for population density to stay for some time between relatively narrow limits
will be called "stabilization"(Den Boer 1968). Stabilization
may, but need not, result from the influence of "governing"
(density-dependent)factors (Reddingius 1971). Only if this
is the case it shall be called "regulation".When developing
adequate tests we have therefore to distinguish two questions:
(1) Did density stay between certain (narrow)limits? In this
case it is not determinedwhetherthe restricteddensity range
(range stability) is caused by governing factors (regulation),
or results, for instance, from spreading of risk (Den Boer
1968; Reddingius and Den Boer 1970; Reddingius 1971).
(2) Is the growth rate (coefficient of net reproduction) of
the population significantly and negatively correlated with
density? In this case the limits of density are not considered.
It has often been tried to develop tests that would answer the second question. Several authors, among whom
Reddingius (1971) and Pielou (1974) proved, however, that
the simple regressiontechniques generally used to show the
occurrence of regulation are inadequate. After discussing
the objections, Reddingius (1971, Ch. 10) extensively treated
a valid parametrictest based on the idea of governing (regulation) by density-dependent proceses. Independently,
Bulmer (1975) developed a similar test.
Reddingius (1971, Ch. 11) also considered a nonparametric test suitable for answering the second question. The
test uses the rank of the log-range [LR = log(highest density)
minus log(lowest density); Reddingius and Den Boer 1970;
Den Boer 1971] of the field data within the collection of
log-ranges obtained from all possible permutations of the
coefficients of net reproduction that were derived from the
field data. The idea behind this test is, that in the case
of stabilization of density the actual sequence of net repro-
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duction values can be expected to have resulted in a better
"range stability" (a lower log-range) than in a significant
majority of the permutated series. This permutation test
was not developed further by Reddingius because, exactly
when the field data become interesting,i.e. cover a satisfactory number of generations, the test becomes unmanageable: the number of permutationsof m values, mi!,increases
rapidly with m; e.g. with mi= 8 we already have 40320 per-

mutations, and with m= 10 even 3628 800. With the present
rapid computers, however, it becomes feasible to take large
samples from all possible permutations, by which it may
be expected that the chance to accept the null hypothesis
wrongly can be sufficientlyreduced.
Note that, although "narrow limits" cannot be defined
independently of the data, the permutation test helps us
in answeringthe first question (the one concerning stabilization) by comparing the actual log-range to what might be
expected given the variation in net reproductionas it happens to occur in these data.
It is argued above that question (1) is not equivalent
to question (2). Nevertheless,"'regulation"in any acceptable
sense of the term will result in densities remaining between
limits. Therefore, if the density does not stay between reasonable limits, regulation does not occur. The permutation
test, then, may be used to investigate whether in a given
case there is a sufficient amount of evidence for limitation
to warrantan investigationfor density-dependentprocesses.
In practice, therefore, the permutation test may be used
as a nonparametric alternative for Bulmer's test, with the
restriction that we cannot exclude "range stability" over
a considerable period from other sources than strict "regulation" (Den Boer 1981),e.g. from what may be called "stochastic boundedness" (Murdoch 1979).
We will thereforecompare the powers of Bulmer'stests
and the permutation test using a first-orderautoregression
model in which the value of a certain parameterdetermines
whether or not the density, accordingto this model, is regulated. In a following paper the tests will be applied to some
published population counts, from which we may gather
an impression of the strength of the evidence supporting
the regulation thesis.

Let N1, N2, ..., N, denote population densities, or sizes, of

Y=(1

--

f-(1-)

where Et is the estimation error. Again, we will assume
that E1, E2, ..., En are independent, and have expectation
zero. Bulmer assumed the E's to have a constant variance
d2. For this case he proposed a test which we will indicate
as "Bulmer'ssecond test". Let us define
n-I

1

t-

t=1,2,...,n-1
X,+Z,

where <? 1, and Z1, Z21 .... Zn- 1 is a sequence of normally
distributed,independentrandom variableswith expectation
zero and a constant variance U2. This model has been discussed in detail by Reddingius (1971). It can be shown that
the random process (X,, t = 1, 2, ...) is stationaryin the weak

n

n

V= E (X -X)2,
n -

V*=

Z (X*

X*)2

t =1

t-1
2

W= E(Xt*+2-X*+ )(Xt*-

)

t= 1

where

X[E

a given population of a univoltine species at equidistant
times t = 1, 2, ... n. Let X = ln N,, t = l, 2, ..., n, and let
t-XI - 1-X, = in R, for t = 1, 2, ..., n-1. We wish to test
the hypothesis that Y,is independentof X, against the alternative that E(Y,jX,=x) is a decreasing function of x. We
may do this by means of either a parametrictest or a nonparametrictest.
A survey of parametric tests was given by Reddingius
(1971). If 1=E(X,) it may be postulated that
-t=f(X,-1+Z,

X* = X, + E,

=LXl

Methods

XI+
i.e.

sense if, and only if, Pf1<1. If f=1, it will be seen that
Y does not depend on X, at all, but is just a random number
Zt. So our testing problem may be put in parametricterms
thus: The null hypothesis H: f = 1 has to be tested against
the alternative A: If1j< 1. Of the tests considered, the best
appearedto be the likelihood ratio test, which on theoretical
grounds is expected to be fully efficientasymptotically anyway. However, no exact significant points were available
for this test, so these as well as estimates of its power for
various values of P were estimated by Monte Carlo simulations (Reddingius 1971). A few years later, Bulmer (1975)
proposed a test statistic which is almost equivalent to the
likelihood ratio statistic of Reddingius (1971), and for the
criticalvalues of which he was able to give accurateapproximation formulae. We therefore consider the test based on
this statistic as our best parametrictest, and in the following
we will indicate it as "Bulmer'sfirst test". Bulmerenvisaged
that 0 <13< 1; in our opinion, this restriction is not necessary for his first test; in fact, it is interesting to consider
values of ,Bsuch that - 1 <,BO as well. Bulmer also discussed the case where population densitiescannot be exactly
measured, but have to be estimated from samples. In that
case, we do not measureX, but ratherX*, with

X,ls

n,

*J:X*]/n
t t

Bulmer'sfirst test uses the statistic R= V/U. It may be seen
that the null hypothesis must be rejected for small values
of R. The null hypothesis is rejectedat the axlevel of significance whenever R<RLa,I with RL,= 0.25 + (n-2) Xa, where
x. can be taken from Table 1 of Bulmer(1975);for example,
for a 0.05 level test, x0o05=0.0366. Bulmer'ssecond test is
based on the statistic R*= W/V*. The null hypothesis is
rejectedat a level whenever R*<R*,,. Approximation formulae for R* are given by Bulmer (l.c.). For example, for
a = 0.05, we have approximately,
R*,=-1 3.7/n+ 139/n2-6113/n3.
For the nonparametric test, we take the Y-valuesjust
as they happen to occur. The null hypothesis states that
the order in which they appear is a random one, i.e. all
permutationsof the sequence of R-values would have been
equally likely.The alternativehypothesis is that the Y-values
occur in such an order that the resulting fluctuations in
the X-sequlencesare restricted.As a measurefor the amount
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of fluctuation we use the logarithmic range, LR, as before.
To illustrate the idea, suppose we have observed
X= 7.196, X2 = 7.613, X3 = 6.385, X4= 6.342, X5 = 6.409,
X6=7.196, X 7 = 7.618, X8 = 7.064, X9 =6.391, XI0=7.251.
Then LR = 7.618- 6.342 = 1.276. The corresponding Yvalues (e.g. Y1= 7.613-7.196

= 0.417, etc.). are

0.417, - 1.228, -0.043, 0.066, 0.568, 0.642, -0.554, -0.673,
0.860.
If they might have occurred in any order, we might as well
have had
0.860, 0.417, 0.066, 0,568, 0.642, -0.554, - 1.228, -0.043,
-

power
1.

8.
0\
.4

0'*

\"

0.673,

but then the resulting X-sequence would have been (e.g.
X2 = 7.196+0.860 = 8.056, etc.):
7.196, 8.056, 8.473, 8.539, 9.107, 9.749, 9.195, 7.967, 7.924,
7.251 with LR=2.553.
The question then is whether the observed LR (1.276
in this case) is significantlysmaller than might be expected
underthe hypothesis of equally likely random permutations.
As remarkedin the introduction,working out of the permutation distribution of the LR's is too formidable a task.
Thereforewe now propose the following solution: by means
of pseudo-random numbers generated by a computer one
generates a random sample of the possible permutations
of the observed Y's, compute the ensuing X-es, find their
LR's, and thus test the hypothesis that the originally observed LR is a random drawing from the same population
as the sample of LR's obtained by permutations. This is
a special case of a Mann-Whitney test where one of the
two samples to compare has size 1. Suppose we have k
permutations, resulting in k LR's. Let the observed LR be
denoted by Lo, and the first, second, ... , k + l' order statistic of the combined set of LR's be L(1), L(2), .. L(k+I)Suppose we wish a test of size a. Let the smallest integer
that is not less than (k+ 1)a be c. Then the null hypothesis
will be rejectedwhenever

0

-1

-.6

-.2

0 .2

1

3

Fig. 1. Estimated power of the permutation test for tests using 25,
50, and 100 permutationsrespectively(10 generations).500 Monte
Carlo runs
Table 1. Estmated powers of Bulmer'sfirst test for 10 generations.
These estimates were based on 1000 Monte Carlo runs except the
power for I= 1 (the null hypothesis), where 2500 runs were used
to check the adequacyof the approximationformulafor the critical
value
value
of,

Bulmer, 1975
1000 and 2500 runs

We, 1987 100 runs

0.50
0.75
0.90
1.00

0.19
0.10
0.06
0.044

0.21
0.08
0.06
0.04

Xit+1=PiXi,t+(1-f3i)?+Zt

Lo < L(c)-

.6

,

i= 1, 29..., k

t = 1, 2, ... , n-1

Another way to formulate the same is this: let r be the
then, if r/(k+1)<a,
rank of Lo in the sequence of L(O)'s;
the null hypothesis is rejected. Note that r is the number
of LR's in the sample of permutations that are not greater
than Lo.
Hence in order to perform this test, it is only necessary
to count how many times an LR is obtained which is not
greater than Lo. Also, r/(k + 1) is a P-value which may be
mentioned as a result of the test. The generation of random
permutationsis discussed in Appendix 1.

Results and discussion
The power of the three tests considered was estimated for
various values of / by performingthe test a large number
of times on random realizations of segments of the stochas-

where Z, is a pseudo-random normal number with expectation zero and a given standard deviation a; in order to
be able to compare the results without distortion by random
estimation errors, the same Z, was used for all i. The tests
then were applied to all sequences Xi,1, Xi, 2, ..., Xi,,, using
the 0.05 level of significance. This was repeated a large
number of times, and it was counted, for all i, how often
the null hypothesis , = 1 was rejected. The resulting relative
frequencies are used as estimates of the power of the tests

for , , #2,

-- ,k

With the permutation test, a first question is: how many
permutations to use? Fig. 1 shows estimated power functions for the permutation test using 25, 50, and 100 permutations. The power of the test clearly increases with increasing
number of permutations. As the program is rather timeconsuming, however, we left it at 100 permutations. For

the same reason, we never used more than 500 Monte Carlo

tic process (X,, t = 1, 2, ...), defined in the previous section.

runs for estimating powers, and usually we used only 100

For a given value of p (which is not relevant to our testing
problem), an initial value X1 was drawn at random from
a normal distribution with expectation ,u and a given standard deviation v~.Then for a given sequence of /3-values
0.8, 1.0) we com/3, f2s ...s 1k (e.g. pi~=-0.8, -0.6,..0.6,
puted simultaneously,for a given n:

runs. We think this is warranted, because our aim is to
compare powers, and not to estimate them accurately.
Bulmer estimated the powers of his tests, for P=0.50, 0.75,
0.90 using 1000 runs, and for = 1.00 using 2500 runs. His
values and ours (based on 100 runs), for the first test, are
given in Table 1 for n-=10, and in Table 2 for n =25. On
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Table 2. Estimatedpowers of Bulmer'sfirst test for 25 generations.
See furtherlegend of Table 1
value
of,

Bulmer, 1975
1000 and 2500 runs

We, 1987 500 runs

0.50
0.75
0.90
1.00

0.74
0.26
0.09
0.056

0.66*
0.28
0.08
0.06

power

0 --- 0
S

0

\ \B

.8
.6-

0*

* For comparison between Bulmer'svalue and ours using a 2 x 2
table, x2= 10.045, 1 d.f.

p
0'

power

0

I

-1

.6-

'P

*

I

1

I

.6

-.2 0 .2

-.6

1 P

Fig. 3. Comparisonof estimated powers of Bulmer'sfirst test (B 1)
and the permutationtest (P), for 25 generationsand for estimated
population densities with variancesof estimates equal to expectations

B1

.8-o

\

-0
%~~~~~~~~

.2-~~

\

power
00

.4

.2-

'X

-1

.8t

\
0

0

0o10 +\15 *25
'
O

0\x

N

.6o
-.6

-2 0 .2

.6

Fig. 2. Comparison of estimated powers of the permutation test
(P) using 100 permutations, and Bulmer's first test (B 1), for 10
generations.500 Monte Carlo runs

"o
'0

'',
1%

.2the whole, the agreement is reasonable, but unfortunately,
in one instance there is a significant differencebetween the
two, see Table 2. We have no explanation for this, but feel
no reason to be much alarmed either.
The estimated power functions of Bulmer'sfirst test and
the permutation test based on only 100 permutations, are
compared in Fig. 2 (n = 10), and in Fig. 3 (n = 25). As was

to be expected, Bulmer'stest appears to be uniformlymore
powerful than the permutation test in the case that our
preassumed model applies. It should be noted, however,
that part of this difference between the two curves is due
to the fact that the probabilityof rejectingthe null hypothesis is somewhat smaller than 0.05 in the case of the permutation test, because the test statistic has a discretedistribution,
and the requirementis that the probability of rejecting the
null hypothesis be less than or equal to 0.05. In Fig. 3 all
powers are overestimateddue to random sampling errors.
With both Bulmer'sfirst test and the permutation test,
the powers increasewith increasingn, the numberof generations. This is shown in Fig. 4 for Bulmer's first test, and
in Fig. 5 for the permutation test based on 100 permuta-

0
-1

-.6

.6

-.2 0 .2

1 3

Fig. 4. Estimated power of Bulmer'sfirst test for 10, 15, and 25
generationsrespectively.100 Monte Carlo runs

power
_1.
.8-

10

o ~

.
15 ~25
%+
%,

\0

.6.4-

0\

"l
l
'i

%

o %

tions.

In order to study the power of Bulmer's second test,
we used an approach differentfrom that of Bulmer.Bulmer
simply assumed.that var(E,) has a constant value ad, but
in the comparison of estimated powers he then assumed
this quantity to be zero. We have considered the case where

-1

-.6

-.2 0

.2

.6

1 P

Fig. 5. Estimated power of the permutation test for 10, 15, and
25 generations respectively, using 100 permutations. 100 Monte
Carlo runs
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0
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\

.2-

0%

B2

-1

_

-.6

-.2 0 .2

0

B2
~ ~~~V0

o
I

I

01

0

.4-

p
0%

*
Q

'4s

.6

%

I

1 P

-1

-.6

-.2 0 .2

.6

1 p

Fig. 6. Comparison of estimated powers of Bulmer's second test
(B2) and the permutation test (P) using 100 permutations,for 10
generations,and for estimated population densities with variances
of estimates equal to expectations

Fig. 7. Comparison of estimated powers of Bulmer's second test
(B2) and the permutations test (P) using 100 permutations, for
25 generations, and for estimated population densities with variances of estimates equal to expectations

one has unbiased estimates N,* of Nt, so E(N,*IN=m)=m,
and where the variance of N,* is equal to its expectation:
var(Nt* Nt=m)=m. One would have this case if one were
randomly sampling from a Poisson distribution. We have
assumed that some law of large numbers would enable us
to approximate the distribution of N,* for given Nt by the
normal distribution, so we computed values of the N,'s according to the assumed model (with, of course, N,= exp(X,)),
determinedN,*s by pseudo-random drawings from normal
distributions with expectation Nt and variance N, and subjected the X* = ln N* to Bulmer'stests and to the permutation test, using, as before,the 0.05 level of significance.With
100 Monte Carlo runs, the null hypothesis was, in cases
were fi= 1, rejected 8 times with the permutation test, and
13 times with Bulmer's first test. With a significance level
of 0.05 the expected number of rejections is, of course, 5.
For both tests therefore,the number of rejections was too
high, but the differencebetween 8 and 5 is not significant
(P > 0.12) and the differencebetween 13 and 5 is (P < 0.0003).
This illustratesa point that is alreadyobvious for theoretical
reasons (see Bulmer 1975): if population densities are estimated rather than measured, Bulmer'sfirst test will reject
the null hypothesis too often. With Bulmer's second test
the null hypothesis was rejected 2 out of 100 cases, which
does not differ significantly from 5 (P >0.12). This agrees
with Bulmer'sown results; he estimated the probability of
committing an error of the first kind for Jd equal to zero
times, to 0.5 times, and to 1.0 times a, respectively, with
n = 10, 25, 50, 100: at the 0.05 level, Bulmer's second test
seems at the conservative side, but not significantlyso.
Estimated powers of the permutation test and Bulmer's
second test are compared in Fig. 6 (n= 10) and in Fig. 7
(n=25). For values of P greater than 0.5 the differencebetween the two tests is small, but for smaller values of #
the permutation test is much better. For negative values
of /, Bulmer's second test appears to be worthless. This
is doubtless the reason why Bulmerassumed negative values
of ,B away, but of course, there are no biological reasons
to do so. Moreover, the permutationtest seems to be robust
against the sampling errors in the X*'s. We did another
experimentwith 500 Monte Carlo runs in order to get some-

what more accurate results, using n = 10. The error of the
first kind was committed 11 times, or 2.2% of the cases,
with the permutation test, and 25 times, or 5.0% of the
cases, with Bulmer'ssecond test. Now, the number of rejections with the permutation test is significantly too small
(P = 0.003), so it seems to be conservative rather than to
overestimatepower.
Discussionof the parametrictests
Bulmer(1975)pointed out that his first test is almost equivalent to using the first serial correlation coefficient of the
X-es, rl, because his R is approximately(1 -n 1)/[2(1-rJ)],
the difference being only in the weights given to the first
and last observations. It is easily seen that therefore R is
approximatelyan increasing function of r,. Now if we cannot observe Xt, but have to use X* = X, + E, instead, it
turns out that r, and R will be decreased, hence the null
hypothesis will be rejectedtoo often. Concerninghis second
test, Bulmer (1975) states: (notation adapted to usage in
the present paper) "R* is nearly equivalent to (n-2)(r2
- r1)/n.The theoretical serial correlation with lag h is
ph = [/ (lAd

+ U2 )]

p

h2 1

so that all the correlations are depressed by the same
amount. It seems natural to base a test on a comparison
between the first two serial correlation coefficients, and it
is shown by Quenouille ([1957], Chapter 6) that such a test
will be fully efficientin large samples".
This first statement: that all correlations are depressed
by the same amount, is strictly true only if the variance
of the estimation error, Cd, is constant. It will therefore be
approximatelytrue if the variances of the estimates of population densities are proportional to these densities, as the
logarithmic transformationis reported to take care of this
type of heteroscedasticity (See e.g. Sokal and Rohlf 1969:
369-371). But is the differencebetween the first two serial
correlation coefficients a "natural" statistic to use? From
the theory given in Reddingius (1971) it may be derived
that for a stationary sequence (X,), in fact
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cov (X, Xi +h)= fl cA/(I - 2)
var(X,) = var(X, + h)= 02(1 _

advisable to try to correct the test statistic for his first test,
R, for estimation error.We may write

f2)

n

if 1IP< 1. Then
cov(X*, X*+h)=cov(X,+EE, Xt+h?+E,h)
= cov(Xt, X, +h)
=cr2/(1 _

2)?2+

var(X*

h) = oJ2/(1

_ 2) +

+2

_ /2)

2/(1

2) + r2]62/(1

_

2) +

2

h]

If a2

2+

=

h

or2

fh

f)h 62

n-1

n-i

t=l

t=1

n-i

n-i

? (Et+1-E)(Et-E)+2

?3(X1+1-X)(E1-E)-2

?(E,-)2
t=l

(X,+1-X)(E,+1 -E)

z

z

(X,-x)(E,+1-E)

t=i

n-i

? (Xi
1 X)(E,-E)-

t=

1

Considering(Et- E)2as estimatorsof a', and all cross product terms as estimators of zero, we have, approximately,

this reduces to

=?2,

t=1

+2

_ 82)] [62 + U2 h(l _ f2)]

V[O2 +2(1

n-l

+

+ E(,+-E)2

t=l

fha 2

?)(Et-E

t=l
n-l

+ I1-Xt)2

t=l

-2

n

+)2 E(Xt

t=1

n-i

where we have written o2 for var(E,).The correlationcoefficient with lag h between X* and X*+his

L[U2/(1-

t=1

+2

n

+E (Et

U* = E(Xt

var(X)

*h

= (Xl-)2

V*

)
[a2 +(1222)62]2 =8a2 +(1which differs from Bulmer'sexpression by a factor (1-,2)
in the denominator. We then have approximately, if 6T2

R** = V*/IU*=(V+ nad)/[U + 2(n-1) c.']
and R;(V* -na2)/[U*-2(n1) a2].

COV
(XI, XI + h) = var (X,) =02
var(X, +h) = var(X,) + h' =O22 + ho2

It will be seen that for n>3, R** will tend to be smaller
than R, as was pointed out by Bulmer(1975). Suppose now
that the estimate of the population density at time t is based
on a number of samples, and that each sample in itself
would provide an estimate of the density. So we could have
a number of estimates of X,. The sample variance of these
estimates will provide us with an estimate of a2, which then
could be used to compute an approximation of R, using
the above formula.The correctedtest statistic,

hence

R==(V*

*p-*

+ (1 _ f2)

=(#I2_)62/[2

If

C2]-

1, we have, writing var(X,)=02:

COV(Xt*,Xt*+ h) =

var(X,*)

and

var(X*+ h) . ?d ?o

+?h

so that
02

V6(Sd+ ot )(2+O02+

h62)

whence
o2
P2

-Pi

=_-

2o+O
1 +2o2)

-2(n -1) S2],

say, would include the stochastic term S', and one should
investigate whether the critical values given by Bulmer are
still correct, i.e. whether the test based on RC would have
the properlevel of significance.We will leave this to a mathematician more able than we are, and will in the next paper
explore how much of a differenceit will make in practice
whether one uses R' or R**. (Compare the discussion in
Reddingius (1971), Chapter 12 where, unfortunately, Table 12.1 contains calculation errors).Then, we will also apply this test as well as the permutation test to long series
of published population data to get an impression of the
evidence that actually supports the regulation hypothesis.

t
2

U2 +

-nS2)1[U*

(r+~6)1

Some final remarks

and increases on the interval 0.5 < # < + 1, the graph of 82
-# being a parabola with zeroes at 8 = 0 and 8 = 1 and
a minimum at 8=0.5. At 8=1, this function p*-p* is discontinuous, because its value is negative, whereas lim (p2
-Pi*)=0. It will be seen now why Bulmer considered only
positive values of 8B:for negative values of 8, his Wstatistic
will not work. But even for positive values of 8, the statistic
does not seem "natural" to us at all. Its power for values
of 8 close to zero is much smaller than its power in the
neighbourhood of 13
= 0.5 (Figs. 6 and 7).
Rather than using Bulmer'ssecond test, it seems to us

A basic assumption underlying the tests considered is that
the sequenceof population densities as measuredor estimated is a realization of a piece of first-order Markov chain.
This assumption is not valid in cases where animals live
longer than one generation, or where long-term trends in
environmental factors such as weather or climate induce
temporal dependenciesin the data. In our opinion, a close
connection of "stabilization" - as defined in the introduction - with the concepts of "regulation" and "density dependence"is valid only in a first-orderMarkov chain setting
anyway. Where cyclicity or other long-term trends are considered, the idea of "density dependence" as it is usually
definedis misleading.In such cases, as well as in cases where
a population consists of animals in ditffierentage classes,
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it is not at all clear which net reproduction is supposed
to depend on which density, and there is a lot more to
say about how a regulation process might work other than
by some simple relationship between net reproduction and
overall density. Note, that these criticisms also apply to
the examples treated by Bulmer (1975).
The attempts of Slade (1977) and Vickery and Nudds
(1984) to construct tests of density dependence suitable for
dealing with trendy data therefore, in our opinion, are ill
conceived if they are supposed to contribute to the questions
whether or not stabilization or regulation occur (cf. Gaston
and Lawton 1987). Pollard and Lakhani (1987) developed
a similar kind of test, which is closely related, however,
to the approach of the present authors. Next to being subjected to the above restrictionstheir test disconnects density
dependencefrom regulation in the sense of "keeping density
within limits" (introduction).
Also, the permutation test does not entirely escape from
the above restrictions.Where long-term trends or cyclicity
induce temporal dependencies in the date permutating the
net reproduction values as found in the field is generally
not realistic,because the time order of these values depends
on processes that work across years. Nevertheless,such permutations can give us a first indication whether or not the
series of census data under consideration is remarkablystable in the sense of question (1) of the introduction, without
giving any hint about causes.
It seems to us useful to emphasize that no statistical
test can show the existence of any biological phenomenon.
Such a test can only tell us whetheror not there is something
in the data that is not easily explained away as being the
result of pure chance. We got the impression that many
ecologists expect a direct connection between some biological process, called "regulation", and a striking degree of
stability of population numbers. Such a connection, however, is not as obvious as it appears on first thoughts, because a population number is the single result of many
biological processes. Therefore, even if we have good reasons to suppose that one of these processes is responsible
for a remarkabledegree of stability in a sequence of population numbers, we have still to show (1), that this degree
of stability indeed differsin a statistically significantdegree
from what might be expected in a random time series, and
(2), that the process concerned is the most obvious cause
of this stability. The latter means, that we should be able
to compare in a sequence of population numbersthe degree
of stability with the biological process included to that with
that process excluded. Den Boer (1986, 1987, 1988) tried
to do this in simulation experimentsin which all other processes are kept as these were found in the field population.
As these other processes will not be completely independent
of the supposed stabilizing process, real experimentsin real
populations might have been more conclusive, but hard to
perform.
Appendix

20

RX (KX) =R(L)

NR(KX)=O
GO TO 50
18 DO 50JI=1,M
IF (NR(JI).NE.O) RX(JI)=R(M)
50 CONTINUE
in which RANDU generates pseudo-random numbers
(RNDGEN), which are homogeneously distributedbetween
0 and 1. After being multiplied by (M + 1) the next lower
integer KX gives the new place of R(L) in the permutated
series according to RX(KX)= R(L). A book-keeping of
these new places is run in a parallelseries of indexed integers
(NR(..) according to
K=O
DO 110 KN=1,M
NR(KN) = K + 1
110 K=K+1
in which the occupied places are marked "zero" with
NR(KX)=O (above). When replacing the R(L)-values the
already occupied new places are passed by with IF
(NR(KX).EQ.0) GO TO 20, after which another place is
randomly chosen. The last value R(M) gets the only open
place left with DO 50 JI = 1, M (above).

In a following program section the permutated series
RX(..) is used to create the series of densities belonging
to it, starting from PS (ln of the first density), after which
the log-range RLR=ln(highest density), RH, minus
ln(lowest density), RL, of this series is established according
to
PL = PS

60

Let R(1), R(2), ..., R(M) be the net reproduction values

of a given field population in the natural order of successive
generations,L= 1, 2, ..., M. A random permutationof such
a series of R-values can be obtained with following program
section (Fortran 10):

RL =PL
RH = PL
DO 60 J =1, M
PL = PL + ALOG(RX(J))
IF (PL. LT. RL)RL = PL
IF (PL. GT. RH) RH = PL
CONTINUE
RLR= RH -RL
RANGE(N)

=

RLR

The above procedure is repeated 500 times, N 1,
2,..., 500, after which the log-range values, RANGE(..),
of these 500 permutationsare compared with the value FLR
of the field series according to

70

The generationof randompermutationsand density ranges

DO 50 L=1,M
If (L.EQ.M) GO TO 18
CALL RANDU (IX,IY,RNDGEN)
KX = RNDGEN* (M + 1)
IF (KX. LT. 1) GO TO 20
IF (NR(KX).EQ.0) GO TO 20

LLR =0
DO 70 N= 1,500
IF (RANGE(N). LE. FLR)LLR = LLR + 1
CONTINUE
CLR = LLR
CL=500+1

PLR= CLR/CL
in which PLR representsthe chance that permutated series
of the net reproduction values (RX) will give equal or
smaller ranges between the highest and lowest density
(RANGE) than the field series (FLR from the natural order

This content downloaded from 129.125.19.61 on Fri, 24 Oct 2014 04:13:03 AM
All use subject to JSTOR Terms and Conditions

8

of R's). On the DEC-1091 of the Agricultural University
Wageningen for series of 18-22 R-values this program (500
permutations)asked a CPU time of only about 2 s.
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