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Abstract. The reasons why tests for density dependence 
often differ in their results for a particular time-series 
were investigated using modelled time-series of 20 
generations in length. The test of Pollard et al. (1987) is 
the most reliable; it had the greatest power with the 
three forms of density dependent data investigated (mean 
detection rates of 50.8 61.1%) and was least influenced 
by the form of the density dependence in time-series. 
Bulmer's first test (Bulmer 1975) had slightly lower pow- 
er (mean detection rates of 27.4-56.8%) and was more 
affected by the form of density dependence present in the 
data. The mean power of the other tests was lower and 
detection rates were more variable. Rates were 
24.6-46.2% for regression of k-value on abundance, 
6.4-32.6 % for regression of k-value on logarithmic abun- 
dance and 0.2-13.7% for Bulmer's second test (Bulmer 
1975). Bulmer's second test is not useful because of low 
power. For one method, regression of k-value on abun- 
dance, density dependence was detected in 19.9% of time- 
series generated using a random-walk model. For re- 
gression of k-value on logarithmically-transformed 
abundance the equivalent figure was 18.3% of series. 
These rates of spurious detection were significantly 
(P < 0.001) greater than the generally accepted 5% level 
of type I errors and so these methods are not suitable for 
the analysis of time-series data for density dependence. 
Levels of spurious detection (from random-walk data) 
were around the 5 % level and hence were acceptable for 
Bulmer's first test, Bulmer's second test, and the tests of 
Pollard et al. (1987), Reddingius and den Boer (1989) and 
Crowley (1992). For all tests, except Bulmer's second 
test, the rate of detection and the amount of autocorrela- 
tion in time-series were negatively correlated. The degree 
of autocorrelation accounted for as much as 59.5-77.9% 
of the deviance in logit proportion detection for regres- 
sion of k-value on abundance, Bulmer's first test, and the 
tests of Pollard etal. and Reddingius and den Boer. For 
regression of k-value on abundance this relationship 
accounted for less of the deviance (29.4%). Independent 
effects of density dependence were largely absent. It is 

concluded that these are tests of autocorrelation, not 
density dependence (or limitation). Autocorrelation was 
found to become positive (which is similar to values from 
random-walk data) as the intrinsic growth rate became 
either small or large. As the strength of density depen- 
dence (in the discrete exponential logistic equation) is 
dependent on the product of the intrinsic growth rate and 
the density dependent parameter a it is unclear whether 
this is because of variation in the strength of density 
dependent mortality or reproduction per  se. However, 
small values of the intrinsic growth rate cause the amount 
of variation in the data to become small, which might 
hinder detection of density dependence, and large values 
of the intrinsic growth rate are coincident with deter- 
ministic chaos which hinders detection. The user of these 
tests for density dependence should be aware of their 
potential weakness when variation within time-series is 
small (which itself is difficult to judge) or if the intrinsic 
growth rate is large so that chaotic dynamics might 
result. Power and levels of variability in rates of detection 
using Reddingius and den Boer's test were intermediate 
between those of the test of Pollard et al. and Bulmer's 
first test. This, combined with the strong relationship 
between rates of detection of limitation and the value of 
the autocorrelation coefficient, make testing for limita- 
tion similar to testing for density dependence. Crowley's 
test of attraction gave the widest range of mean detection 
rates from density dependent data of all the tests 
(20.4-60.6 %). The relative rates of detection for the three 
forms of density dependent data were opposite to those 
found for Bulmer's first test and the test of Pollard et al. 
I conclude that testing for attraction is a complementary 
concept to testing for density dependence. As dynamics 
represented in time-series generated using a stochastic 
form of the exponential logistic equation became chaotic, 
Bulmer's first test, the test of Pollard et al. and regression 
of k on abundance failed to detect density dependence 
reliably. Conversely, Crowley's test was capable of de- 
tecting attraction with a power between 96 and 100% 
with time-series containing both stochastically and deter- 
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ministically chaotic dynamics. This difference from other 
tests is in agreement with the lower influence of autocor- 
relation. 

Key words: Attraction - Autocorrelation - Chaos - Lim- 
itation - Power 

Tests for density dependence using data that consist of 
abundances measured over time frequently fail to detect 
density dependence in natural populations. This is best 
illustrated by attempts to uniformly analyse data from 
groups of species for the presence of density dependence 
(Vickery and Nudds 1984, 1991; Gaston and Lawton 
1987; Crowley 1992; Crowley and Johnson 1992; Woi- 
wod and Hanski 1992; Holyoak and Lawton 1992) and 
delayed density dependence (Turchin 1990). These stud- 
ies have enabled those tests which frequently detect den- 
sity dependence to be distinguished from those that rare- 
ly identify it. Methods that consistently failed to detect 
density dependence (in>80% of time-series) include 
double regression (test: Varley and Gradwell 1960; used 
by Vickery and Nudds 1984), principal and standard 
major axes (tests: Slade 1976, 1977; used by Vickery and 
Nudds 1984, 1991; Gaston and Lawton 1987) and Bul- 
reef's second test (test: Bulmer 1975; used by Vickery 
and Nudds 1984; Holyoak and Lawton 1992). 

The strong dependence of the rate of detecting density 
dependence on the length of time-series (Hassell et al. 
1989; Woiwod and Hanski 1992) is best illustrated by the 
analysis of 5715 time-series from aphids and moths by 
Woiwod and Hanski (1992). Including time-series of all 
lengths led to rates of detection of 47 %, 56 % and 29 % in 
moths for Bulmer's (1975) first test, regression of k-value 
against abundance (Varley and Gradwell 1960) and the 
test of Pollard et al. (1987) respectively. If time-series of 
less than 21 generations were excluded from the analysis 
rates of detection were raised to 80%, 79% and 57% 
respectively for the three methods. Analysis of data from 
aphids led to rates of detection of 81%, 77 % and 57 % for 
all lengths of time-series and 87%, 88% and 84% for only 
the longer (>20 generations) time-series. Simulations 
have shown that the presence of temporal trends can 
cause tests to fail to detect density dependence (Slade 
1977; Vickery and Nudds 1984; Pollard et al. 1987); 
however, this was not illustrated with field data until the 
work of Woiwod and Hanski (1992). 

There have been several attempts to review the results 
of the application of tests for density dependence to 
time-series data. These studies differ from those already 
discussed because the reviewers have accepted the find- 
ings of the original authors, so that the data are not 
uniformly analysed. These studies have found density 
dependence from 48-67 % of time-series (Dempster 1983 ; 
Stiling 1987, 1988; Hassell et al. 1989). They are biased 
in the species that they consider; many species are of pest 
status, and have outbreak dynamics (Latto 1989). The 
majority of time-series considered in these studies were 
short, less than 20 generations in length, with over half 
being of fewer than 10 generations. 

Despite the high rates of detection of density depen- 
dence with long time-series (over 20 generations) that 
lack temporal trends (Woiwod and Hanski 1992), tests 
of density dependence often differ in the results for a 
particular time-series (e.g. Holyoak and Lawton 1992), 
making their interpretation questionable. This is par- 
ticularly the case with time-series of less than 20 genera- 
tions. This study aims to discover why tests for density 
dependence differ in their ability to detect density depen- 
dence from a given time-series and hence which test 
results are most reliable. Simulated time-series are used 
to demonstrate how frequently the various methods cor- 
rectly or falsely detect density dependence. The density 
dependent models chosen were chosen for their relevance 
to insect population dynamics (Bellows 1981). The fol- 
lowing were investigated: 

1. Levels of spurious detection of density dependence 
with random-walk data and the power (rates of detec- 
tion) of tests with density dependent data 
2. The specificity of tests to the form of density depen- 
dence present; where the form of density dependence is 
the nature of the link between mortality (or fecundity) 
and abundance. The power and specificity of tests of 
density dependence were compared using time-series 
from three different forms of density dependent model. 
This was carried out with the aim of showing which tests 
had the greatest power with a range of forms of density 
dependence and hence should be most appropriate for 
analysing field data. 
3. The nature of the link between autocorrelation and the 
presence of density dependence was explored using four 
different models to generate both density dependent and 
density independent data. The influence of autocorrela- 
tion on tests for density dependence was identified by 
Maelzer (1970) and It6 (1972); however, it has not been 
explored in any detail. In this analysis I use density- 
independent random-walk data and three forms of den- 
sity dependent data as sources of simulated time-series 
with differing levels autocorrelation and density depen- 
dence. 
4. Statistics which bias detection of density dependence 
by tests were searched for by looking for correlations 
between rates of detection of density dependence and the 
mean, variance, variance-mean ratio, range, skewness 
and kurtosis of logarithmically-transformed abundances. 
Additionally, patterns in detection rates of density de- 
pendence and the presence of trends were searched for. 
5. The effect of the presence of deterministic chaos (see 
May 1974 for a definition) on levels of detection of 
density dependence was investigated. Recently Mount- 
ford and Rothery (1992) showed that Bulmer's first test 
can detect density dependence when the dynamics are 
chaotic; this claim was investigated. In the logistic 
models of May (1974) the amount of chaos is directly 
related to the intrinsic growth rate and the amount of 
chaos is thought to influence detection of density depen- 
dence (May 1989). Hence the exponential logistic model 
was used to generate time-series for analysis. 



M e t h o d s  

Types Qf data analysed 

Time-series simulated from four different forms of model were 
analysed for density dependence (see below). All data had a range 
of logarithmic variance-mean ratios that encompass the range of all 
natural variation (ranging from less than 0.1 to over 3). For each 
parameter combination of each model, 25 time-series of 20 genera- 
tions in length were analysed for density dependence. A wide range 
of parameter values were chosen to prevent placing too much 
cmphasis on individual combinations. In preliminary work the same 
analyses were carried out on time-series of 10 and 15 generations. 
The results of these were qualitatively similar, although the power 
of all tests was lower with shorter runs of data. All simulations were 
carried out in Turbo Pascal (version 5.5, Borland International 
Inc.), using the built-in random number generator as a source of 
evenly distributed deviates. To avoid problems of numerical over- 
flow and underflow logarithmic values of abundances were analysed 
for density dependence. The mathematical properties of the models 
for density dependent populations are discussed by Bellows (1981) 
and the model authors (see below). In all of the density dependent 
models a density dependent parameter was made into a random 
variable. This was done in order to produce time-series that were 
more qualitatively similar to series from field populations of insects 
than can be achieved with deterministic versions of the models used. 
Alternatively, random variation could have been introduced by an 
additional parameter or through the intrinsic (or finite) growth rate. 
Preliminary investigations showed that if the amount of variation 
in the resulting time-series is kept constant then rates of detection 
of density dependence by the various tests were fairly similar for 
models with different types of stochastic variation. Hence, the 
choice of a random density-dependent parameter (as opposed to a 
separate stochastic parameter or a stochastic intrinsic growth rate) 
is apparently unimportant for rates of detection of density depen- 
dence (and limitation/attraction). However, we do not know what 
is the most appropriate way to introduce variation into these models 
to make them as realistic as possible. The data were simulated using 
the following methods: 

1. Random-walk data. A logarithmic random-walk was used to 
generate density independent time-series. The random-walk used 
was of the form: 

Xt+ 1 = Xt-]- z t 

where X t is the natural logarithm of abundance at time t and z t 
values were independent normal deviates with zero mean and a 
standard deviation ofs.  Values of X~ were arbitrarily set to 5, 10 or 
15 and s was set to 0.2, 0.4, 0.6, 1.0, 1.4, 1.8, 2.2, 2.6, 3.0, 3.4, 3.8, 
4.2 for each of these starting values. The resulting time-series of 
logarithmic abundances had variances in the range 0.4-28.6 and 
mean values between 4.6 and 16.1. 

2. Density dependent data generated using the exponential logistic 
model. A modified form of the exponential model of May (1974) was 
used : 

N t +  1 = Ntexp[r(1 - -  a t N t )  ] 

where Art is the abundance at time t, r is the intrinsic growth rate 
and c~ t is the inverse of the carrying capacity. The density dependent 
parameter u. t was made into a normally distributed random variate. 
To avoid introducing temporal trends into the time-series the initial 
abundance, Nj, was set close to the carrying capacity; actual values 
of the logarithm of initial abundance were generated as evenly 
distributed deviates with a mean of the carrying capacity and a 
standard deviation of 0.01. Mean values of ut were set at 0.001, 0.01, 
and 0.1, with the standard deviation of c~t set at 0, 1 • -1~ , 
5 • 10 ~ and 1 • 10 -4 for each of these strengths of density depen- 
dence. For all of these combinations, r values of 0.5, 1.0, 1.5, 1.7, 
2.0, 2.5, 2.7, 2.9, 3.1, 3.3, 3.5 and 4.0 were used. Means value of 
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logarithmic abundances were between - 9 . 2  and 18.7 (however, 
very few abundances were negative) and variances of logarithmic 
abundance were in the range 0.4-21.7. 

3. Density dependent data generated using the multiplieative logistic 
model. The multiplicative model of May (1974) was used in a 
modified form: 

N t +  1 = Nt[ 1 + r(1 - u t N t )  ]. 

As in the previous model, cq was made into a normally distributed 
random variate. Mean values of c h were set at 0.001, 0.01 and 0.1, 
and the standard deviation of ct t was set at 0, 0.00005 and 0.0007 
for each of these values. For each of these combinations 12 values 
of r were used (as in Model 2). Mean values of logarithmic abun- 
dance were in the range 1.23-16.2 and variances of logarithmic 
abundance were between 0.7 and 24.3. 

4. Power-form density dependent data were generated using the 
model of Maynard Smith and Slatkin (1973). This model uses two 
parameters to give greater control of density dependent mortality; 
the parameter a defines the abundance at which a given propor- 
tionate mortality occurs, while b defines the strength of density 
dependence, which acts on abundances in a power relationship: 

N t +  1 = )~Nt(1 + (aNt) b) - 1 

where 9~ is the finite growth rate. For values of b close to unity, 
abundances rise monotonically to an equilibrium abundance, giving 
contest-like competition. When b > >  1 scramble competition is 
implied and the k-value (a logarithmic measure of proportionate 
mortality) rises exponentially with abundance. To explore the abil- 
ity of the tests to detect density dependence when the process was 
not sharply (deterministically) defined the parameter b was made 
into a normally distributed random variate with standard deviation 
of 0, 0.2 and 1.0. Values of ~ were 1, 2, 3.5, 5, 15 and 30, mean 
b-values were set to 1, 5 or 10, and a was set to 0.001, 0.01 and 0.05 
for each value of b. Mean values of logarithmic abundance were in 
the range - 2 . 2  to 17.9 and variances of logarithmic abundance 
were between 0.9 and 19.4. 

Tests o f  density dependence used 

Five different tests of density dependence were carried out on each 
data set. Further analyses tested for limitation (sensu Reddingius 
and den Boer 1989), attraction (sensu Crowley 1992), significant 
temporal trends and finally the amount of serial autocorrelation. 
The tests were selected either because they are widely used (Hassell 
et al. 1989) or because they are relatively new and have not been 
investigated. 

1. Least-squares regression of k-value Ln (N/Nt-a) against 
Ln(N~_ x) (Varley and Gradwell 1960). F-tests were used to judge 
significance P_<0.05, the slope was then tested against a slope of 
zero using a Student's t-test. Errors in the ordinate were assumed 
to be normally distributed. Both this test and Test 2 are used despite 
criticisms of them dating from as early as 1970 (Maelzer 1970; St 
Amant 1970); this is because they have continued to be widely used 
(see Hassell et al. 1989 for a review of their usage). These tests are 
used here solely to provide further evidence of their inappropriate- 
ness for analysing time-series data. The degree of bias in regression 
tests of density dependence was neatly shown by Vickery (1991); 
however, the power of these tests relative to other techniques has 
not been previously investigated. This subject is developed further 
in How useful are tests? in the Discussion section. 

2. Least-squares regression of k-value against Nt-1 (Varley and 
Gradwell 1960). Apart from the choice of abscissa, the method was 
identical to the first test. 

3. Bulmer'sfirst test (Bulmer 1975) was carried out using the follow- 
ing formulae: 
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R=V/U 

where V = ~ (Jft-)?) 2 
t = l  

n - 1  

and U =  ~ (Xt+I-X02.  
t - 1  

Critical values of  R were calculated using Ro.o5=0.2500+ 
(n - 2)0.0366 (Bulmer 1975); the null hypothesis of density indepen- 
dence was rejected for R values -<Ro.o5- 

4. Bulmer's second test Bulmer (1975) was investigated, despite 
criticisms that the test is conservative (Slade 1977; Vickery and 
Nudds 1984; Reddingius and den Boer 1989). The following for- 
mulae were used: 

R*=  W/V 
n - 2  

where W =  F, [(Xt+2--J[rt+l)(-,~t--)~')] and V =  ~, (X,-Jr 2. 
t = l  t = l  

Critical values of R* were calculated using R*o.o5 = ( - 1 3 . 7 / n ) +  
(139/n z) - (613/n 3) (Bulmer 1975). The null hypothesis of density 
independence was rejected for R*_<R*o.os. 

5. The test of Pollard et al. (1987) was carried out in the following 
way: 

a. The test statistic, the correlation coefficient between observed k 
value and the natural logarithm of population size, was calculated 
for the observed census data. 
b. zI=X~ was calculated, where Z~[1 < i < ( n -  1)] is used to denote 
the natural logarithm of abundance in a randomized data set at 
time i. 
c. dt = Xt+ t - X t  was calculated. These values were then randomly 
shuffled using the random number generator in GLIM (Nelder and 
Wedderburn 1972) to generate uniformly distributed variates which 
were used as positions in the series, such that the new positions in 
the sequence were called i for the di values. Following Manly (1991) 
a total of 25 000 simulated time series were used. 
d. Randomized data sets were constructed using Z~+ 1 = Z~ + di and 
the test statistic was calculated for each randomized data set. 
e. The proportion of values of the test statistic which were larger 
or equal to the observed value was calculated. This proportion is 
the conditional probability of density independence. 

This test compares the time-series under consideration with 
density dependent time-series that can have a temporal trend if such 
a trend exists in the time-series. This is in contrast with the other 
tests, which make no allowances for trends. 

6. The test of Reddingius and den Boer (1989) tests for limitation 
(sensu Reddingius and den Boer 1989) rather than density depen- 
dence. Despite this difference, it is remarkably similar to the test of 
Pollard et al. (1987), the only difference being the use of  the logarith- 
mic range (Xm,x--Xmi,), as the test statistic and not the correlation 
coefficient as chosen by Pollard et al. Unlike that of Pollard et al. 
the test is probably sensitive to temporal trends (Reddingius and 
den Boer 1989). 

7. Crowley's test of attraction (Crowley 1992) was carried out using 
the following sequence of calculations: 

a. The n observed abundances are sorted into ascending sequence. 
b. These abundances were used as n +  1 density intervals. The n -  1 
density increments between density observations were each cal- 
culated as ln(Nt+ 1 + 1 ) -  ln(Nt + 1) for growth between generations 
t and t +  1. 
c. The test statistic was the minimum violation number. Each of the 
n + 1 density intervals each represent trial attractors. The violation 
number is obtained by counting the number of observed abun- 
dances in the time-series that were outside the range of abundances 
encompassed by the attractor for each of the n § 1 density intervals. 
The trial attractor that gave the smallest violation number is then 
the minimum violation number. 

d. The randomization procedure and method of calculation of the 
conditional probability are identical to those used by Pollard et al. 
(1987) (Test 5, above) and Reddingius and den Boer (1989) (Test 
6, above). 

8. Temporal trends in abundances were assessed; the presence of a 
trend was determined for each of the time-series by regressing the 
natural logarithm of abundance against time. The significance of 
the regression was judged using an F-test. The use of a regression 
test to quantify temporal trends might be questioned because suc- 
cessive values of the dependent variable are not independent. The 
test is used here because of its simplicity and so that results are 
comparable to those of  Woiwod and Hanski (I 992) who carried out 
an analysis of 5715 time-series from insects and moths. The poten- 
tial inadequacy of this regression is a. minor problem because the 
influence of autocorrelation was also assessed (test 9) and autocor- 
relation and temporal trends cannot normally be separated (Diggle 
1990). This topic is discussed further in What influences rates of 
detection ? in the Discussion. 

9. Autoeorrelation was quantified using the one-step autocorrelation 
coefficient (ACF). The coefficient lies in the range - 1 to + 1, - 1 
representing perfect negative correlation and + 1 representing per- 
fect positive correlation; a value of zero indicates the absence of 
correlation. Values of the ACF were used regardless of their signifi- 
cance. 

Methods o f  analysis 

The results of testing for density dependence were obtained for each 
of 25 replicate time-series for each parameter combination of each 
model. The results consisted of the proportion of cases where the 
test rejected density independence at _<5% probability. For each 
group of 25 time-series from a given parameter combination several 
basic statistics were calculated from the natural logarithm 
of abundance: (1) mean, (2) variance, (3) variance: mean ratio, (4) 
logarithmic range of abundances, (5) coefficient of skewness 
(?3 = 1 / g ~  { [ (X t -  Xt)/s] 3}  where N is the number of generations), 
(6) coefficient of kurtosis (?4=l/N}~{[(Xt-Xt)/s]4}4-3), (7) 
number of replicates with significant temporal trends at P_< 0.05, 
and (8) the one-step autocorrelation coefficient, ACF. 

The relationship between the frequency of detection of density 
dependence and these explanatory variables was analysed using 
multivariate analysis of covariance (MANCOVA), which was used 
to search for patterns in a way that allowed for differences between 
time-series generated using different models. The analyses were 
carried out in GLIM (Nelder and Wedderburn 1972; McCullagh 
and Nelder 1989). 

The MANCOVA consisted of stepwise linear multiple regres- 
sion analysis into which a factor coding for the model which 
generated the data was added. This was used to relate the propor- 
tion of replicates in which density dependence was detected with the 
statistics listed above. The regression was weighted for sample size, 
using a logit-link function, and assuming that errors in the ordinate 
followed a binomial distribution (Cox 1970). The potential ex- 
planatory variables (listed above) were all added into the model, 
followed by the factor coding for data-type, and the interactions 
between explanatory variables and data-type. Those variables that 
caused the smallest change in deviance were removed first. Changes 
in deviance were assumed to follow a chi-square distribution, allow- 
ing significance levels to be assigned to them. The treatment of 
overdispersiou of McCullagh and Nelder (1989) was followed; that 
is, the model was rescaled in GLIM using a dispersion factor which 
was calculated by dividing Pearson's Z 2 by the residual degrees of 
freedom. 
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Table 1. The frequency of detection of density dependence (and limitation or attraction) using the various tests on the seven types of modelled 
data 

Data type Mean proportion of replicates in which density dependence (or limitation or attraction) was detected 

regression regression B u l m e r ' s  B u l m e r ' s  Pollard et al.'s Reddingius Crowley's 
of k of k on Nt first test second test test and test 
on ln(Nt) den Boer's 

test 

Random walk (900) 19.9% 18.3% 6.0% 5.9% 5.0% 3,8% 2.6% 
Exponential logistic 32.6% 46.2% 56.8% 0.2% 61.1% 45,9% 20.4% 

(3600) 
Multiplicative logistic 16.3% 26.5% 27.4% 13.7% 52.2% 15.1% 60.6% 

(3600) 
Power-form density 6.4% 24.6 % 41.5 % 5.1% 50.8 % 37.9 % 41.5 % 

dependent (3600) 

All time series were 20 generations long. Details of data used are given in the materials and methods section. The total number of time-series 
of each type analysed are given in parentheses in the first column 

Results 

Frequency of detection of  density dependence 

The frequency with which tests detected density depen- 
dence is shown in Table 1. Levels of spurious detection 
of density dependence from density-independent ran- 
dom-walk data varied with the amount of stochastic 
variation placed into time-series. No single test detected 
density dependence in less than 5% of time-series for all 
parameter combinations of the model; whether levels of 
spurious detection are acceptable depends on the choice 
of parameters. As expected, the two regression tests 
showed levels of detection of density dependence that 
had mean levels significantly greater than 5 % (in a G-test) 
for random-walk data (Table 1). Other tests had mean 
rates of spurious detection that were similar to the con- 
ventional 5% probability level, and so were acceptable. 

The power of the test of Pollard et al. ranged from 
50.8% to 61.1% detection of density dependence when 
the data incorporated some form of density dependence 
(power form and exponential logistic density depen- 
dence, respectively). For each form of density dependent 
data these levels of detection were greater than those 
from all other tests of density dependence (Table 1). 
Bulmer's first test had the next greatest power; from 
27.4% detection with multiplicative logistic data to 56.8 % 
with exponential logistic data. Regression of k-value 
against abundance had low power with both the multipli- 
cative logistic data (mean 26.5%) and the power-form 
density dependent data (24.6%). The power was greatest 
with exponential logistic data (46.2%), although this is 
perhaps surprisingly low for data which contain the same 
form of density dependence that is explicitly being tested 
for. Regression of k-value against logarithmic abun- 
dance had a power of 32.6% with exponential logistic 
data, only 16.3% with multiplicative logistic data (the 
same form of density dependence as is being tested for) 
and 6.4% with power-form density dependent data. The 
mean power of Bulmer's second test did not exceed 15% 
for density dependent data. 

The power  of Reddingius and den Boer's test was 
intermediate between that of regression of k-value 
against logarithmic abundance and Bulmer's first test. 
The levels of detection showed the same pattern of detec- 
tion as Bulmer's first test; greatest power (45.9%) was 
with exponential logistic data and least (15.1%) with 
multiplicative logistic data. The power of Crowley's test 
was the exact opposite of this, greatest power (60.6%) 
occurred with the multiplicative logistic data, inter- 
mediate levels (41.5%) with power-form density depen- 
dent data and lowest power (20.4%) was found with 
exponential logistic data. The range of variation in levels 
of detection of density dependence (specificity) of Crow- 
ley's test is greater than all other tests. 

What influences rates of  detection ? 

It was shown by the MANCOVA's  (Table 2) that tests 
of density dependence differed widely in the statistics 
from time-series which influenced the rate of detection. 
There is, however, one pattern that is common to all 
tests; the rate of detection of density dependence is cor- 
related with the value of the autocorrelation coefficient. 
For Bulmer's second test the relationship between detec- 
tion rate and autocorrelation accounted for only 0.7 % of 
the deviance. For other tests this relationship was nega- 
tive (increasingly negative autocorrelation resulted in 
greater frequencies of detection of density dependence) 
and accounted for a greater amount of the deviance in 
proportion detection than other variables. The pattern 
was strongest for Bulmer's first test and the test of Pol- 
lard et al. Where values of the slope of logit proportion 
detection against the autocorrelation coefficient were 
- 4.90 (P<  0.001) and - 4.95 (P<  0,001), respectively. In 
Bulmer's first test and the test of Pollard et al. this 
relationship accounted for as much as 77.9% and 65.3% 
of the deviance in logit proportion detection. The fre- 
quency of detecting limitation using Reddingius and den 
Boer's test was influenced less strongly by autocorrela- 
tion than Bulmer's first test and the test of Pollard et al. 



Table 2. Results of  analysis to test the influence of explanatory variables from time-series on the rate of detection of density dependence 
using multiple analysis of covariance 

Test Parameter Value SE Deviance Percentage 
of  deviance 

Regression of k-value Intercept for random-walk 0.789 0.548 232.8 24.6% 
against log abundance (P<0.001) 

Intercept for density dependent models --1.144 0.511 
A C F  -- 2.46 0.17 278.9 29.4 % 

(P<0,001) 
Kurtosis 0.016 0.006 7.1 0.1% 

(P<0.01) 
Total 53.7% 

Regression of  k-value Intercept for random-walk 2.359 0.422 64.3 4.8% 
against abundance (P<0.001) 

Intercept for density dependent models 1,244 0.387 
A C F  --3.71 0.27 309.4 23.1% 

(P<0.001) 
Logarithmic range --0.016 0.004 27.6 2.1% 

(P<0.001) 
r --0.067 0.013 27.2 2.0% 

(P<0.001) 
Total 68.4 % 

Bulmer's first test Intercept 3.24 0.14 
A C E  --4.90 0.27 473.1 16.7% 

(P<0.001) 
Trend --0.118 0.009 199.0 7.0% 

(P<0.001) 
Total 84.9% 

Bulmer's second test Intercept for random-walk data -2 .63  0.28 118.9 20.1% 
(P<0.001) 

Intercept for density dependent models - 4 .48  0.42 
A C F  0.46 0.22 3.9 0.7% 

(P<0.05) 
r 0.066 0.011 38.5 6.5% 

(P<0.001) 
Total 28.0% 

Pollard et al.'s test Intercept 2.271 0.142 
A C F  -4 .95  0.24 836.5 65.3% 

(P<0.001) 
Kurtosis 0.019 0.007 9.2 0.7% 

(P < 0.005) 
Total 66.1% 

Reddingius and den Intercept 2.17 0.12 
Boer's Test 

A C F  -- 3.40 0.28 185.0 9.3 % 
(P<0.001) 

Kurtosis -- 0.079 0.008 108.2 5.4% 
(P<0.001) 

Trend -0 .126 0.013 105.6 5.3% 
(P<O.001) 

Total 78.4% 

Crowley's test Intercept for random-walk data -0 .967 0.330 54.6 9.3% 
(P<O.O01) 

Intercept for density dependent models 0.524 O. 186 
A C F  --3.93 0.50 92.3 15.7% 

(P<0.001) 
Trend 0.053 0.016 10.9 1.9% 

(P<0.001) 
Kurtosis 0.024 0.011 5.5 0.1% 

(P < 0.05) 
Total 37.2% 

The y variable is logit proportion detection of density dependence 
from a given test. Errors in y were assumed to be binomially 
distributed. Only variables that were significantly (P_<0.05) cor- 
related with detection rates are given in the table. For  Bulmer's first 
test, Pollard et al. 's test and Reddingius and den Boer's test the 

MANCOVA reduced to a multiple regression when non-significant 
variables were removed. For some of the tests for density dependence 
dissimilar intercepts of the regression lines resulted as a result of the 
different data types being separated in the ANCOVA. In other cases 
the ANCOVA reduced to a single intercept for all data types 
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Fig. 1A, B. The effects of size of A the equilibrium abundance and 
B intrinsic growth rate on the strength of autocorrelation from the 
exponential logistic model (May 1974). Other parameter  values 
were S D =  0.00005, r = 2 . 5  for A and ctt=0.001 for B. In A the size 
of the equilibrium abundance is given by 1/% All series were 20 
generations in length and the initial abundance was set close to the 
carrying capacity. A total of 10000 series were used to obtain a 
mean value of the autocorrelation coefficient for each value of 
intrinsic growth rate or mean value of  I~ t 

( s lope=-3 .40 ,  P<0.001), but this relationship ac- 
counted for 67.7% of the deviance. Equivalent figures for 
regression of k-value against abundance were a slope of 
-3.71 (P<0.001) and 59.5% of the deviance. For re- 
gression of k-value against logarithmic abundance and 
Crowley's test, levels of detection were less strongly in- 
fluenced by autocorrelation; slopes were -3 .93 and 
-2 .46  respectively, but only 29.4% and 25.9% of the 
deviance was accounted for by the respective methods. 

The effect o f  autocorrelation on detection 

critical to the findings. In all three density dependent 
models the value of the intrinsic growth rate had a much 
greater influence on the value of the autocorrelation (Fig. 
1B). It is unclear whether the effect of r is due to a direct 
effect of reproduction or whether it is an effect of the 
strength of density dependence (r" at). However, at small 
values of r the amount of variability in the time-series is 
relatively small and measured values of the autocorrela- 
tion coefficient become close to zero. As r becomes large 
dynamics become deterministically chaotic which hin- 
ders detection of density dependence and causes the value 
of the autocorrelation coefficient to again approach zero 
or become positive. 

The effect o f  chaos on detection 

The results of applying tests to data in which the dynam- 
ics are chaotic and are from the exponential form of the 
logistic equation are shown in Table 3. For the deter- 
ministic version of this model detection levels remained 
high (100%) for Bulmer's first test, the test of Pollard et 
al. and Crowley's test. However detection rates declined 
to 82% for regression of k on abundance with the series 
in which the dynamics were most chaotic (r= 3.5), and 
detection levels could presumably become even lower as 
dynamics become increasingly chaotic. The frequency 
with which tests failed to detect density dependence in- 
creased as series were made more stochastic. For Bul- 
mer's first test and the test of Pollard et al. only the most 
stochastic time-series considered showed levels of detec- 
tion which declined as dynamics became more chaotic. 
Crowley's test was minimally influenced by chaos; detec- 
tion levels observed were not less than 96.7%. 

The size of the equilibrium abundance (1/at) had little 
effect on the strength of autocorrelation within the nor- 
mally expected range of values (Fig. 1). Note that al- 
though the data in Fig. 1 are from the exponential logistic 
model, the same effect applies to data from the other two 
models which were used, and the parameter values (the 
size o f a  t in Fig. 1B and the value of r  in Fig. 1A) are not 

Discussion 

How useful are tests? 

Overall the test Pollard et al. (1987) emerges as the best 
test. When data were not density dependent it detected 

Table 3. The frequency of detection of density dependence from time-series in which dynamics were chaotic 

r Mean proport ion of replicates in which density dependence (or limitation or attraction) was detected 

Regression of k on N, Bulmer's first test Pollard et al. 's test Crowley's test 

S D = O  S D =  S D =  S D = O  S D =  S D =  S D = O  S D =  S D =  S D = O  S D =  S D =  
0.00005 0.00025 0.00005 0.00025 0.00005 0.00025 0.00005 0.00025 

2.7 99.8% 100% 100% 99.8% 100% 100% 99.8% 100% 100% 99.8% 100% 99.9% 
2.8 99.9% 100% 100% 99.9% 100% 100% 99.9% 100% 100% 99.9% 100% 99.9% 
2.9 99.8% 100% 100% 99.8% 100% 100% 99.8% 100% 100% 99.8% 99.9% 100% 
3.0 99.9% 100% 58.6% 99.9% 100% 94.4% 99.9% 100% 89.7% 99.9% 99.9% 96.9% 
3.1 99.9% 100% 53.2% 99.9% 100% 93.8% 99.9% 100% 90.5% 99.9% 100% 96.7% 
3.2 99.8% 99.9% 46.3% 99.8% 100% 92.8% 99.8% 100% 87.9% 99.8% 99.9% 97.3% 
3.3 100% 96.3% 34.1% 100% 100% 90.6% 100% 100% 83.9% 100% 100% 98.4% 
3.4 91.2% 86.6% 32.6% 100% 100% 89.5% 100% 100% 81.3% 100% 100% 97.3% 
3.5 82.1% 64.4% 21.6% 100% 100% 87.1% 100% 100% 77.6% 100% 100% 96.7% 

Series were of 20 generations in length and were generated using the exponential form of the logistic equation. The table gives the % of 1000 
time-series for which the process was detected at the 5% probability level. Time-series were generated using Aft+ 1 = Nt exp [r(1-0.001Nt)] 
and an initial abundance of 1000+z, where z is a uniform random variate with a mean of zero and a variance of 10 
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density dependence from approximately 5% of time- 
series. When data were density dependent it was the test 
which was most reliable at detecting this density depen- 
dence (50.8-61.1% detection, depending on the form of 
density dependence present). Other tests were less reli- 
able, either because of unreasonably high (significantly 
> 5 %) rates of detection when density dependence was 
absent, or because of very different detection rates with 
different forms of density dependent data. Regressions of 
k-value on abundance and k-value on logarithmic abun- 
dance are rejected because they both produced high levels 
of detection with density independent data (18.3% and 
19.9 % respectively). The bias in regression tests has also 
been reported by St. Amant (1970), Maelzer (1970), 
Kuno (1971), It6 (1972), Vickery and Nudds (1984), 
Latto (1989) and Vickery (1991). Tests which are weak 
because they showed low levels of detection with certain 
forms of density dependent data (a high specificity) were 
Bulmer's first test, Reddingius and den Boer's test for 
limitation and Crowley's test for attraction. The least 
useful tests were Bulmer's second test and both regress- 
ion tests, because of low rates of detection with all three 
forms of density dependent data. Additionally, both re- 
gression tests are precluded from general use because 
they had greater mean frequencies of detection with 
density independent random-walk data than density de- 
pendent data (Table 2). 

The effect o f  autocorrelation on detection 

A number of tests appear to be tests of autocorrelation, 
not density dependence (or limitation/attraction). This is 
because the tests were more influenced by autocorrela- 
tion than the presence of density dependence. However, 
since the concepts of density dependence and autocor- 
relation are inextricably related any conclusions about 
this must remain tentative. The MANCOVAs showed 
that autocorrelation could account for a high proportion 
o f  the deviance in the rate of detection; 77.9 %, 65.4 % and 
67.7 % (assuming that the variance that is shared between 
explanatory variables is split in proportion to the amount 
of variance that is specific to that variable) for Bulmer's 
first test, the test of Pollard et al. and Reddingius and den 
Boer's test, respectively. For these three tests there were 
no differences in detection (other than differences which 
could be explained by autocorrelation) for data where 
density dependence was present and data where it was 
absent. Regression of k-value on abundance was also 
mainly a test of autocorrelation; autocorrelation ac- 
counted for 59.5% of the deviance, where as the dif- 
ference between density dependent and density indepen- 
dent data accounted for only 4.8% of the deviance. It is 
not surprising that Bulmer's first test is a test of autocor- 
relation, as the method was derived from von Neumann's 
ratio, which is a measure of autocorrelation (von Neu- 
mann 1941). Crowley's test is the only technique which 
is apparently not solely a test of autocorrelation and does 
not have low levels of detection. For Crowley's test 
autocorrelation accounted for only 25.9 % of the deviance 
in logit proportion detection. Bulmer's second test and 

regression of k-value on logarithmic abundance were 
least strongly influenced by autocorrelation, but they are 
not useful for other reasons (see above). 

The relationship between density dependence and 
autocorrelation is complex (see Figure 1). The value of 
the equilibrium abundance (1/at) has relatively little ef- 
fect on the value of the autocorrelation coefficient within 
normally observed limits; however, both small and large 
values of the intrinsic growth rate greatly increase the 
value of the autocorrelation coefficient. Positive values 
of the autocorrelation coefficient are similar to those 
expected from random walks. When r is small the 
amount of variability in abundances is small, which 
might limit the resolving power of tests for density depen- 
dence. When r is large, dynamics are chaotic and this 
might limit detection and break down autocorrelation. 
Because of the structure of the population models used 
in the present simulations the effects of reproduction per 
se cannot be separated from those of the strength of 
density dependence. With tests for density dependence 
that are less strongly influenced by autocorrelation, it is 
unclear how much of the this effect is attributable to a 
loss of statistical power (through autocorrelation) and 
how much is due to qualitative changes in the density 
dependence which are expressed through autocorrela- 
tion. Qualitative changes in density dependence might 
be caused by different intrinsic growth rates causing 
differences in the frequency with which density depen- 
dence acts. However, all findings of this sort must remain 
tentative because of the close relationship between den- 
sity dependence and autocorrelation. 

What influences rates o f  detection ? 

As we have seen, tests differ in their rates of detection 
with different forms of density dependent data and when 
density dependence is absent. One way forward may be 
to use these differences in specificity of tests to our advan- 
tage by carrying out several tests which differ in their 
specificity. From patterns of detection of density depen- 
dence in particular time-series, it may be possible to make 
some (albeit weak) inferences about the form of density 
dependence. Tests also differ in the extent to which detec- 
tion is influenced by autocorrelation. Hence, a test which 
is little influenced by autocorrelation might be used with 
a test for which autocorrelation has a greater effect, 
giving a wider range of possible ways of detecting density 
dependence (and limitation/attraction). In particular, the 
relative detection levels for the three forms of density 
dependent data of Crowley's test were opposite to those 
of the test of Pollard et al., Reddingius and den Boer's 
test and Bulmer's first test (Table 1). Crowley's test was 
also less influenced by autocorrelation than the other 
tests which did not have low rates of detection. Hence, 
Crowley's test is apparently complementary to the test of 
Pollard et al., Reddingius and den Boer's test and Bul- 
mer's first test. The idea of combining several tests into 
a single test, in a statistically acceptable way, will form 
the subject of a later paper (Holyoak and Crowley, in 
preparation). 
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Testing for limitation is apparently similar to testing 
for density dependence. Levels of  detection for different 
forms of  density dependent data with Crowley's test were 
intermediate between those of the test of  Pollard et al. 
and Bulmer's first test and the effects of  autocorrelation 
were also similar. Given the similarity of  testing for 
limitation to testing for density dependence, it is ques- 
tionable whether the concept of limitation (sensu Reddin- 
gius and den Boer 1989) is useful. There would seem to 
be little point in recognizing another concept which in 
practice is identical to density dependence. 

Only Bulmer's first test and Reddingius and den 
Boer's were influenced by temporal trends in abun- 
dances. These tests gave lower rates of detection with 
time-series that contained temporal trends in abundances 
(Table 2). It is not  surprising that temporal trends have 
this effect, since trends are obviously and strongly related 
to autocorrelation (Diggle 1990). However, it is inter- 
esting that trends have an effect which is independent of 
autocorrelation for these tests and not for the test of  
Pollard et al. since Pollard et al. (1987) found that their 
test was not  influenced by temporal trends, but  that 
Bulmer's first test was influenced by trends. Additionally, 
Reddingius and den Boer (1989) predicted that their test 
would be influenced by temporal trends. This adds to the 
arguments in favour of  the test of  Pollard et al. or a 
combination of  tests. 

Conclusion 

The test of  Pollard et al. Bulmer's first test and Reddin- 
gius and d e n  Boer's test are the best techniques for 
detecting density dependence available to us. Of these 
techniques, the test of  Pollard et al. appears to be the 
most able to detect density dependence when the process 
was made increasingly stochastic and when the form of  
density dependence acting was varied, and so is of most 
general applicability. It should be added that testing for 
attraction (Crowley 1992) is complementary to testing 
for density dependence. However, the usefulness of in- 
dividual tests will depend partly on which population 
model is the best descriptor of  population data. The 
inappropriateness of  many tests for analysing data of  this 
kind might partly explain why many tests of  density 
dependence frequently fail to detect density dependence 
in insect populations. Testing for limitation does not  ap- 
pear to differ from testing for density dependence; based 
on rates of detection and the influence of autocorrela- 
tion. 
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The effect of chaos on detection 

It has been argued that Bulmer's first test can continue 
to efficiently detect density dependence as dynamics be- 
come increasingly chaotic (Mountford and Rothery 
1992). In analyses of  time-series of  20 generations, it was 
found that detection levels from regression of k on abun- 
dance became low (as low as 21.6%) as the dynamics 
represented in series became increasingly chaotic and 
stochastic. Bulmer's first test also declined in power 
(down to 87.1%) with series of  20 generations and 
(54.3%) with 10000 replicates of  10 generations (and 
SD = 0.00025). The test of  Pollard et al. showed detection 
levels which declined in a similar way to those of Bul- 
mer's first test with increasingly chaotic and stochastic 
dynamics. Detection levels of attraction using Crowley's 
test remained high (96.7-100%). It is concluded that 
Mountford 's  results for Bulmer's first test are incorrect; 
that is, we cannot  detect density dependence reliably 
using this conventional technique if dynamics are made 
slightly more chaotic or stochastic. This is also true of the 
test of Pollard et al. and regression of  k on abundance. 
Conversely Crowley's test seems capable of  continuing to 
detect attraction even in the most stochastic and chaotic 
dynamics. This difference from the other techniques con- 
cords with the low influence of  autocorrelation on Crow- 
ley's test. Autocorrelation becoming more positive would 
be expected to decrease the detection rates of  those tests 
which rely on it to show the presence of  density depen- 
dence (and attraction or limitation). 
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