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Abstract. A randomization procedure is proposed which 
allows statistical tests to be combined into a single test 
to maintain specified and acceptable levels of false detec- 
tion. This method was applied to the problem of detect- 
ing density dependence in 135 unpublished time-series (of 
> 10 generations) from insect populations, and to sim- 
ulated density-dependent and density-independent data, 
so that the correctness of observed levels of detection 
from the published data could be verified. To allow the 
application of the randomization procedure to Bulmer's 
(1975) tests and Varley and Gradwell's (1960) test, these 
were recast as randomization tests. The randomization 
procedure was tested with 39 combinations of tests for 
density dependence (and limitation/attraction); it gener- 
ally produced c o m b i n e d  t e s t s  with levels of detection that 
were intermediate between detection levels of the con- 
stituent tests (and hence was limited by these). The speci- 
fied rate of false detection (5%) was never exceeded (by 
more than 1%) when combined tests were applied to 
time-series from a random-walk model. Two different 
combinations of tests produced levels of detection from 
the published time-series which were slightly greater than 
their constituent tests when they were combined into 
single tests. These were the randomized form of Bulmer's 
(1975) first test with the tests of Pollard et al. (1987) and 
Reddingius and den Boer (1989) with the randomized 
form of Bulmer's second test. The combination of Bul- 
mer's first and Pollard et al.'s test produced a greater 
level of detection (21.5%) than any other single test or 
combination of tests. These results were confirmed by the 
analysis of modelled density dependent data. Although 
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the increase in power of combinations of tests over single 
tests is small with the data we used, the combined tests 
(listed above) had rates of detection that were less in- 
fluenced by the form 9f data (of two forms of, density- 
dependent data),thanwere their constituent tests. Hence, 
it appears that the combined tests are of greater general- 
ity than single test statistics. The method presented here 
for combining several statistical tests into a single ran- 
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domization test is applicable in many other areas of 
ecology where we wish to apply several tests and take the 
most probable result of these; and if the tests being 
conducted are, or can be expressed as, randomization 
tests. 
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Time-series of animal abundances are a particularly sim- 
ple form of ecological data, yet the analysis of such data 
in order to elucidate the mechanisms creating persistence 
is far from straightforward. Tests often fail to detect 
density dependence from time-series data (Vickery and 
Nudds 1984, 1991; Gaston and Lawton 1987; Stiling 
1987, 1988; den Boer and Reddingius 1989; Hassell et al. 
1989; Crowley and Johnson 1992; ttolyoak and Lawton 
1992). This difficulty in detecting density dependence has 
been shown to be partly due to the short length of most 
time-series considered (Hassell et al. 1989; Woiwod and 
Hanski 1992). Detection efficiency is relatively high in 
time-series of over 20 generations (Woiwod and Hanski 
1992), but relatively few sequences are longer than 20 
generations. 

Because different tests for detecting density depen- 
dence will generally differ in sensitivity to particular 
patterns in the data, tests are often at least partly com- 
plementary�9 Thus, a diversity of techniques has been used 
to analyse density sequences, and often several different 
methods have been used on the same data (Vickery and 
Nudds 1984, 1991; den Boer and Reddingius 1989; Gas- 
ton and Lawton 1987; Turchin 1990; Crowley and John- 
son 1992; Woiwod and Hanski 1992)�9 In most of these 
and similar studies, the interpretation for a particular 
density sequence has been based mainly on whether sta- 
tistical significance was achieved with a t  l eas t  one  of the 
tests conducted, though some studies have been more 
cautious and equivocal (e.g. Woiwod and Hanski 1992; 
Holyoak and Lawton 1992). 
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Each test has some explicit probability, a, of incor- 
rectly rejecting the null hypothesis of no density depen- 
dence. The statistical problem with accepting that density 
dependence is present if significance is achieved in at least 
one test is that a is inadequately protected; hence, in- 
creased levels of erroneous detection of density depen- 
dence may result. Without adjusting a, conducting more 
tests increases the probability that even a sequence result- 
ing from a density-independent random walk would be 
identified as density dependent by one or more test. 
Moreover, the standard tests differ considerably in the 
underlying assumptions about the statistical process that 
generated the data and may thus vary widely in their 
effective a-values for any particular case. On the other 
hand, the application of a single test can result in low 
statistical power, and the use of several tests frequently 
presents difficulties in the correct interpretation of the 
results. To avoid these difficulties we convert the stan- 
dard tests to randomization tests (where necessary), and 
we propose a method to allow the joint use of multiple 
test statistics calculated from a single data sequence. The 
means of combining several tests into a single test, there- 
by protecting a, comes from a method for testing be- 
tween groups of correlated measurements (Manly et al. 
1986). 

Randomization tests are becoming increasingly prom- 
inent in the analysis of density dependence within 
sequences of abundances (see Pollard et al. 1987; Red- 
dingius and der Boer 1989; Vickery 1991; Vickery and 
Nudds 1991; Crowley 1992a, b; Crowley and Johnson 
1992; Holyoak 1993). In this context, the significance 
level for a randomization test is simply the proportion of 
randomized data sequences yielding test statistics at least 
as indicative of density dependence as the observed data 
sequence. But each time a new randomized sequence is 
constructed, several test statistics may be calculated, with 
statistical significance determined from all of these taken 
together. In this case, the approach of Manly et al. (1986) 
can protect a by ensuring that only 5 % of the randomized 
sequences constructed according to the null hypothesis 
would be declared significant when calculating multiple 
test statistics. 

Another important aspect of combining several tests 
for density dependence into a single test is that the tests 
or test combinations to be used should be chosen in- 
dependently of the data; except in exploratory analyses, 
using only the test or test combination that happens to 
maximize the frequency of detecting density dependence 
in a particular data set begs the question of the reliability 
of this approach. Simulation studies, using stochastic 
models capable of generating realistic density sequences, 
can facilitate a priori selection of the most powerful tests 
and test combinations, depending on the biological 
characteristics of the populations from which the data 
were obtained. 

In this study, we investigated rates of detection of 
density dependence from different combinations of tests 
by applying each combined test to 135 published time- 
series of > 10 generations. We evaluated the power of 
different combinations of tests using time-series sim- 
ulated from two widely known density-dependent 

models. Two different models were used because tests 
have been shown to differ in their ability to detect density 
dependence in data from these models (Holyoak 1993). 
Hence, we might expect differences in the rates of detec- 
tion from a given combined test to vary with the form of 
data analysed. To check that levels of spurious detection 
of density dependence were acceptable, each combined 
test was also applied to time-series from density-indepen- 
dent random-walk data. 

Methods 

Test statistics and individual tests of  density dependence 

Using Hassell et al. (1976), Connell and Sousa (1983), Stiling (1988) 
and Hassell et al. (1989) as base references, time-series data were 
extracted from the literature. Time-series published in graphical 
form were digitised. Series with fewer than ten generations were 
rejected, as were any time-series with missing data. Time-series were 
rejected if they were not independent of all other time-series, except 
where the correlation is because they were from different life-stages 
in the same population. In accordance with Andrews (1991), failure 
to record a species in any one year (zero abundances) was assumed 
to represent populations that were too small to measure, rather than 
as an indication of genuine absence. Zero abundances were arbi- 
trarily set at 0.1 times the minimum non-zero abundance recorded 
in each time-series; trial and error suggested little sensitivity of rates 
of detecting density dependence to the magnitude of this propor- 
tion. The final list consisted of 135 series (see Appendix 1). 

Four different tests of density dependence were carried out on 
each data set. A fifth test looked for limitation (sensu Reddingius 
and den Boer 1989), while a sixth tested looked for attraction (sensu 
Crowley 1992a). All six were randomization tests, each based on a 
particular test statistic calculated for the observed data and for each 
of the randomized series. The following general procedure was 
followed for carrying out all tests: 
A. The test statistic was calculated for the observed census data. 
B. Z1 = )(1 was calculated, where ){t [1 < t_< (n - 1)] is used to denote 
the natural logarithm of abundance in a pseudo-data set at time t 
and n is the total number of generations. 
C. dt = Art+ 1 - Xt was calculated. These values were then randomly 
shuffled using the random procedure in Turbo Pascal version 5.5 
(Borland International Inc.) to generate uniformly distributed vari- 
ates which were used as positions in the series, such that the new 
positions in the sequence were called t for the dt values. A total of 
5000 simulated time series were used, which is thought to be ade- 
quate for judging significance at P<0.05 (Manly 1991). 
D. Pseudo-data sets were constructed using ~t+ 1 = ;(t + dt and the 
test statistic was calculated for each pseudo-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 (or absence of 
limitation/attraction). 

Test statistics were: 

Test 1. Bulmer's (1975) first test was modified to make it into a 
randomization test. The test statistic was: 

R =  V/U 

whereV=  (Xt-~g) 2 and U =  ~ (Xt+l-X~) 2. 
t = l  t = l  

Xt is the natural logarithm of abundance at time t. 

Test 2. Bulmer's (1975) second test was modified to make it into a 
randomization test. The test statistic was: 



R* = W/V 

n 2 

whereW = Z [(Xt+2-X~+I)(Xt-iY()I and V =  ~, (Xt-~g) 2. 
t = l  t = I  

Test 3. The randomization test of Pollard et al. (1987) was carried 
out using the correlation coefficient between observed change in 
logarithmic abundances and the natural logarithm of population 
size as the test statistic. 

Test 4. The test of Reddingius and den Boer's (1989). This technique 
tests for limitation (as defined by the authors) rather than density 
dependence. Limitation is used to indicate the propensity of popula- 
tions to remain between (narrow) limits. Despite this difference, it 
is remarkably similar to the test of Pollard et al. (1987), the only dif- 
ference being the use of the logarithmic range, that is the value of 
Xmax-Xmi~, as the test statistic and not the correlation coefficient 
chosen by Pollard et al. (1987). 

Test 5. The test of Varley and Gradwell (1960) was modified to 
make it into a randomization test. The test statistic consisted of the 
value of the slope of ln(Nt+ liNt) on Nt calculated by least-squares 
regression. 

Test 6. Crowley's test is a test of attraction (Crowley 1992a), which 
is an approach concerned with a hypothetical attractor range or 
band, toward which population densities are "pulled". The concept 
is closely related to density dependence with an attraction region 
rather than an equilibrium density and assuming no explicit form 
of density changes around the attractor. The test statistic was 
calculated using the following sequence of calculations: 
A. The n observed abundances were sorted into ascending 
sequence. 
B. These abundances were used as v + 1 density intervals. The n -  1 
density increments between density observations in the original time 
sequence were each calculated as l n ( N t + l + l ) - l n ( N t + l  ) for 
growth between generations t and t+  1. 
C. Each of the v + 1 density intervals (in the series which has been 
sorted into ascending sequence) each represent trial attractors. The 
violation number is obtained by counting the number of observed 
density increments in the original time-series that were outside the 
range of abundances encompassed by the attractor for each of the 
v + 1 density intervals. The violation number from the trial attractor 
that gave the smallest violation number is then the minimum viola- 
tion number, which is the test statistic. 

A randomization procedure f o r  combinin 9 several tests 

Each test yielded a significance level given by the proportion of 
randomized sequences which were at least as indicative of density 
dependence as the original series. If  test statistics were totally uncor- 
related, density dependence would be incorrectly detected (false 
positives would occur) mostly in different randomized series for dif- 
ferent tests, with a chance a of incorrectly rejecting a true null 
hypothesis in an individual test, m uncorrelated tests should 
generate an average of almost m-c~ false positives. Therefore, main- 
taining an acceptable overall value of c~ for uncorrelated test statis- 
tics necessitates reducing the c~-value for any given test by a multipli- 
cative factor l/m, where m is the total number of tests [i.e. the 
Bonferroni correction (David 1956)]. In contrast, perfectly cor- 
related test statistics would always yield false positives with the same 
randomized sequences, obviating the need for reduction of the 
individual-test a for additional tests. 

For test statistics with intermediate degrees of correlation, the 
appropriate a-value lies between the Bonferroni correction value 
(for uncorrelated test statistics) and the individual-test c~-value (for 
perfectly correlated test statistics) (Manly et al. 1986). The random- 
ization procedure which allows us to combine several individual 
tests into a single test is carried out as follows: 
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1. The individual randomization tests are carried out in the 
usual way and for each randomization the various test statistics (see 
above) are calculated. For each value of each test statistic a P-value 
is calculated. This P-value is 1/i for the magnitude of the test 
statistic that is most representative of density dependence (the 
lowest value) and is incremented by 1/i for each value of the statistic 
that is next most consistent with density dependence, where i is the 
number of randomizations carried out. 

2. A new test statistic is calculated as follows. For each random- 
ization, the values of all test statistics are calculated. The P-values 
corresponding to these values are determined by the procedure 
described above (1). The value of the test statistic is the smallest 
among these P-values. 

3. The distribution of this new test statistic is found by collecting 
together the values of the test statistic from all 5000 randomizations. 

4. The w i t h  smallest value in this distribution represents the 
critical value of the test statistic if we are to preserve a level of a 
cases of false detection with i randomizations. 

A description of the computational procedure followed is given 
in Appendix 2. Although this method is applied here to tests for 
density dependence it could be applied to any combination of 
statistical tests where the individual tests can be expressed as ran- 
domization tests. 

Forms o f  density-dependent data analysed 

Time-series simulated from three standard difference-equation pop- 
ulation models were analysed for density dependence. The term 
density dependence is used in this paper to include both limitation 
and attraction; hence, both attraction and limitation are thought 
of as being equivalent to density dependence. All data had a range 
of logarithmic variance-mean ratios consistent with natural varia- 
tion (ranging from less than 0.1 to over 3). For each parameter 
combination of each model, 100 time-series of 10, 15 and 20 genera- 
tions in length were analysed for density dependence. A wide range 
of parameter values was chosen to prevent over-emphasising in- 
dividual combinations. 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 uniformly distributed 
deviates. To avoid problems of numerical overflow and underflow, 
abundances were logarithmically-transformed before analysis. The 
data were simulated using the following models: 

1. The exponential looistic model. A modified form of the exponen- 
tial model of May (1974) was used: 

Nt+ 1 = Ntexp[r(1 - [3tN,)] 

where N t is the abundance at time t, r is the intrinsic growth rate 
and 13 t modifies the strength of  density dependence. To avoid in- 
troducing temporal trends into the time-series, the initial abundance 
N1 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 1/13 t and a standard deviation of 0.01. The 
density dependent parameter [3 t was a normally distributed random 
variate with mean values set at 0.001, 0.01, and 0.1, and a standard 
deviation of 0.0005. For each of  these combinations, r-values of 0.5, 
2.0 and 3.5 were used. 

2. The multiplieative logistic model of May (1974) was used in a 
modified form: 

Ut+ 1 = Ut[1 + r(1 - [3tNt) ] 

where Nt is the abundance at time t, r is the intrinsic growth rate 
and [3 t, modifies the strength of density dependent mortality. Values 
of 13 t and r were as above and the standard deviation of 13t was 
0.0003. 

3. A random-walk model. A logarithmic random-walk of the form 

Xt+l = Xt+zt 
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was used to generate density independent time-series, where X t is the 
natural logarithm of abundance at time t and zt-values were in- 
dependent normal deviates with zero mean and a standard devia- 
tion ofsz. Values of X1 were arbitrarily set to 5, 10 or 15 and sz was 
set to 0.2, 0.8, 1.6 and 2.4 for each of these starting values. 

All combinations of two and three tests, and selected combina- 
tions of four and five tests (from the six tests listed above), were 
applied to the published time-series and random-walk data. All 
combinations of tests which gave > 17.0% detection with the pub- 
lished time-series (and the first five tests combined) were applied to 
the three forms of simulated density dependent data. The figure of 
17.0% was arbitrarily selected to separate a manageable number of 
the more powerful test combinations. 

R e s u l t s  

R a t e s  o f  de t ec t i ng  dens i ty  d e p e n d e n c e  f r o m  the  v a r i o u s  
tests  a n d  c o m b i n e d  tests  w i t h  135 p u b l i s h e d  t ime-se r ies  
a re  g iven  in T a b l e  1. Ove ra l l ,  these  ra tes  a r e  r e l a t ive ly  
low,  b u t  w i t h  s o m e  s u b s t a n t i a l  d i f fe rences  b e t w e e n  tests  
a n d  tes t  c o m b i n a t i o n s .  O f  t he  s ingle  tests,  t h a t  o f  P o l l a r d  
et  al. (1987) ( d e t e c t i o n  = 20.7 %), the  r a n d o m i z e d  v e r s i o n  
o f  B u l m e r ' s  first  tes t  (20.7%) a n d  R e d d i n g i u s  a n d  den  
B o e r ' s  tes t  (18.5%) g a v e  the  g rea t e s t  ra tes  o f  de t ec t i on .  
N o  s ta t i s t i ca l  c o m p a r i s o n  o f  tes t  resul t s  has  b e e n  at-  

T a b l e  1. Rates of detection of density dependence (and limitation/attraction) from different tests and combination of tests applied to 135 
published time-series of -> 10 generations 

Randomized Randomized Pollard et al.'s Reddingius & Randomized Crowley's test Percentage of series 
Bulmer's first Bulmer's test den Boer's test Varley & in which density depencence 
test second test Gradwell's test was detected 

* * :g * 

20.7 
13.3 
20.7 
18.5 

* 11.1 
* 9.6 

* 17.0 
16.3 
21.5 
19.3 

* 15.6 
* 17.8 

16.3 
19.3 

* 11.9 
* 12.6 

18.5 
* 14.1 

* 16.3 
* 16.3 

* 16.3 
* * 10.4 

17.0 
18.5 

* 14.8 
* 14.8 

20.0 
* 17.0 

* 14.8 
* 17.8 

* 18.5 
* * 12.6 

17.8 
* 14.1 

* 15.6 
* 15.6 

* 17.8 
* * 11.9 
* 17.0 

* 17.8 
* * 14.8 
* * 13.3 
* 14.8 

* 16.3 
18.5 

Density dependence was taken to be significant if P_<_0.05. For 
combinations of tests a randomization procedure was used to esti- 
mate critical P-values. Each line of the table represents a given test 

or combination of tests, these being designated by asterisks. Note 
that Bulmer's tests and Varley and Gradwell's tests have been made 
into randomization tests 



t e m p t e d  because  i t  is ques t ionab le  whe the r  the figures to 
be c o m p a r e d  are  independen t .  However ,  the e r ror  on  the 
results  o f  ind iv idua l  tests,  o r  c o m b i n a t i o n s  o f  tests ( f rom 
repe t i t ion  o f  ana lyses  o f  the  same d a t a  wi th  a given test) 
was in the  o rde r  o f  2.0%. O the r  single tests h a d  lower  
ra tes  o f  de tec t ion  (9 .6-13.3%) wi th  the  pub l i shed  t ime-  
series, b u t  were  s imi lar  to each  other .  One  c o m b i n e d  test, 
cons is t ing  o f  the  modi f i ed  Bulmer ' s  first test  and  the test  
o f  Po l l a rd  et al. showed  a s l ight ly  grea ter  ra te  o f  detec-  
t ion (21.5%) than  any  single test,  bu t  this difference is 
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unl ike ly  to be s ta t i s t ica l ly  significant.  S imi lar ly  high rates  
o f  de tec t ion  occur red  with  four  o the r  c o m b i n a t i o n s  o f  
two tests;  namely ,  the modi f i ed  vers ion  o f  Bu lmer ' s  first 
test  wi th  e i ther  Redd ing ius  and  den  Boer ' s  or  Crowley ' s  
test,  the  test  o f  P o l l a r d  et al. wi th  Redd ing ius  and  den 
Boer ' s  test,  o r  the modi f i ed  Bulmer ' s  second  test  wi th  
Redd ing ius  and  den  Boer ' s  test. A d d i t i o n a l l y ,  there  were 
seven c o m b i n a t i o n s  o f  three  tests and  one c o m b i n a t i o n  
o f  four  tests which  gave s imi lar  levels o f  de tec t ion  to the 
m o r e  power fu l  single tests. O f  the  c o m b i n a t i o n s  o f  three  

Table 2. Rates of detection of density dependence (and limitation/attraction) from different tests and combinations of tests applied to 12 
different parameter combinations of a random-walk model used to generate 100 series of 10, 15 and 20 generations 

Randomized Randomized Pollard et al.'s Reddingius & Randomized Crowley's test Percentage of series 
Bulmer's first Bulmer's test den Boer's test Varley & in which density dependence 
test second test Gradwell's test was detected 

:g 

6.0 
4.5 
5.6 

,4.1 
* 5.9 

* 1.9 
* 4.5 

5.6 
5.9 
4.7 

* 5.5 
* 3.6 

5.7 
4.7 

* 5.6 
* 3.3 

4.8 
* 5.8 

* 3.8 
* 4.7 

* 2.9 
* * 3.6 

5.3 
4.8 

* 5.3 
* 3.8 

5.1 
* 5.7 

* 4.3 
* 5.0 

* 3.4 
* * 4.1 

4.7 
* 5.6 

* 3 . 8  

* 4 . 6  

* 3 . 3  

* * 4 . 1  

* 3.6 
* 3.3 

* * 4.3 
* * 3 . 5  

* 4.9 
* 4.1 

4.9 

Parameter combinations and details of the model used are given in 
the Methods section. Density dependence was taken to be signifi- 
cant if P>0.05. For combinations of tests a randomization 
procedure was used to estimate critical P-values. Each line of the 

table represents a given test or combination of tests, these being 
designated by asterisks. Note that Bulmer's tests and Varley and 
Gradwell's have been made into randomization tests 



108 

tests, that consisting of  the randomized version of  Bul- 
mer 's  first test, the test of  Pollard et al. and Reddingius 
and den Boer's test detected density dependence f rom the 
most  series (20.0%). 

In general, the combined tests which gave the greatest 
rates of  detection with the published series came from 
those in which the single tests had the greatest rates of  
detection. The rates of  detection f rom combined tests 
were intermediate between the rates of  detection of the 
individual single tests in all cases except two ; Reddingius 
and den Boer's test with the modified version of  Bulmer's 
second test, and the modified version of Bulmer's first 
test with the test o f  Pollard et al. both gave rates of  
detection that  were slightly greater than any of  the con- 
stituent tests (Table 1). 

With density-independent random-walk data, overall 
rates of  detection of  density dependence f rom both single 
tests and combined tests were not more than 1% greater 
than the 5% level for any of  the combinations of  tests 
used. However,  Crowley's test and all combinations of  
two tests which included Crowley's test gave lower (by 
more than 1%) rates of  detection than the 5% level ex- 
pected due to pure chance. This is presumably because 
of the discreteness of  the test statistic used (the violation 
number).  Actual rates of  detection for the various tests 
and combined tests are given in Table 2 for random-walk  
data. 

The results of  applying tests and combined tests to 
simulated density-dependent data were heterogeneous. 
Rates of  detection for single tests and selected test com- 
binations are given in Table 3 for exponential logistic 
series and Table 4 for multiplicative logistic data. Note  
that al though the form of  density dependence tested for 
by Varley and Gradwell 's  test is identical to that  in the 
exponential form of  the logistic equation this test (and 
other tests) has also been applied to data containing 
other forms of  density dependence, this is because we do 
not know the form of  density dependence (if any) in data 
f rom real populations. Overall, detection with density 
dependent data  was greatest for the modified form of 
Varley and Gradwell 's  test (60.0-95.1%, depending on 
the type of  data and length of  series). However,  with data 
from the multiplicative form of the logistic equation, 
detection was greatest with the test of  Pollard et al. 
(69.2%). Individual test differed in the amount  of  vari- 
ability in rates of  detection with the two forms of  density 
dependent simulation data that were analysed. I f  we 
exclude tests with low power (Crowley's test and the 
modified form of  Bulmer's second test) the amount  of  
variability in rates of  detection for the two forms of  
density dependent data was lowest for the test of  Pollard 
et al. The range of variability in the rates of  detection of  
combined tests was intermediate between those of the 
constituent tests. 

Table 3. Rates of detection of density dependence (and limitation/ 
attraction) from different tests and combinations of tests applied to 
9 different parameter combinations of the discrete exponential form 

of the logistic equation (May 1974) used to generate 100 series of 
10, 15 and 20 generations 

Randomized Randomized Pollard et al.'s Reddingius & 
Bulmer's first Bulmer's test den Boer's test 
test second test 

Randomized Crowley's test Percentage of series 
Varley & in which density 
Gradwell's test dependence was 

detected 

75.7 
0.7 

64.8 
62.6 
95.1 

* 61.2 
85.9 
78.7 
72.2 

* 74.9 
53.3 
66.3 
63.1 
65.3 
69.2 
94.1 
94.3 

* 71.7 
57.6 

* 63.6 
94.0 

* 71.1 
61.9 

Parameter combinations and details of the model used are given in 
the Methods section. Density dependence was taken to be signifi- 
cant if P_<0.05. For combinations of tests a randomization 
procedure was used to estimate critical P-values. Each line of the 

table represents a given test or combination of tests, these being 
designated by asterisks. Note that Bulmer's tests and Varley and 
Gradwell's tests have been made into randomization tests 



Table 4. Rates of detection of density dependence (and limitation/ 
attraction) from different tests and combinations of tests applied to 
9 different parameter combinations of the discrete multiplicative 
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form of the logistic equation (May 1974) used to generate 100 series 
of 10, 15 and 20 generations 

Randomized Randomized Pollard et al.'s Reddingius & 
Bulmer's first Bulmer's test den Boer's test 
test second test 

Randomized Crowley's test Percentage of series 
Varley & in which density 
Gradwell's test dependence was 

detected 

q~ 

45.7 
13.3 
69.2 
29.1 
60.0 

* 19.8 
46.6 
60.9 
30.8 

* 33.6 
14.4 
56.9 
54.6 
23.9 
55.5 
58.5 
42.4 

* 29.7 
51.6 

* 19.6 
55.9 

* 51.3 
51.8 

Parameter combinations and details of the model used are given in 
the Methods section. Density dependence was taken to be signifi- 
cant if P_<_0.05. For combinations of tests a randomization 
procedure was used to estimate critical P-values. Each line of the 

table represents a given test or combination of tests, these being 
designated by asterisks. Note that Bulmer's tests and Varley and 
Gradwell's tests have been made into randomization tests 

Of the two combined tests which gained power over 
either of  their constituent single tests with published 
time-series data, the combination of  the randomized ver- 
sion of  Bulmer's first test with the test of  Pollard et al. 
also gained power with data from the exponential logistic 
model (Table 3). The combination of  the randomized 
version of  Bulmer's second test and Reddingius and den 
Boer's test also gained power over the constituent tests 
with data f rom the multiplicative logistic model. 

Discussion 

Before we consider the effects of  combining tests, we 
should first consider the behaviour of  the single tests, 
particularly as the randomized forms of Butmer's tests 
and Varley and Gradwell 's test have never been inves- 
tigated before. The randomization version of  Varley and 
Gradwell's test had greater power with the two forms of 
density dependent simulation data than all of  the other 
tests investigated. However, with the published time- 
series this form of  Varley and Gradwell's test produced 
lower rates of  detection than all tests except Crowley's 
test of  attraction. Although the randomized form of  
Bulmer's second test had low power with the three forms 
of  density dependent simulation data, the rate of  detec- 

tion from published time-series was as great as with any 
of the forms of  modelled data. Other tests showed rates 
of detection which were greater with the density depen- 
dent simulation data than with the published time-series. 
T h u s / f t h e  simulated data are sufficiently representative 
of real time-series, this may suggest that Bulmer's second 
test's correction for sampling error (Bulmer 1975) is 
important  [despite the criticism that this method is overly 
conservative (Slade 1976, 1977; Vickery and Nudds 
1984; Holyoak and Lawton 1992)], even if the resulting 
test is of  low power. 

The randomization technique for protecting a had the 
desired effect: levels of  detection density dependence 
from density-independent random-walk data were sim- 
ilar (within 1%) or less than the 5% level for any com- 
bination of  tests. The effect of combining tests was gener- 
ally to make a combined test that was intermediate be- 
tween the constituent tests in both power and sensitivity 
to different kinds of  density-dependent data. However, 
there were two exceptions to this general pattern. The 
combined test consisting of  the randomized form of  Bul- 
mer's first test together with the test of  Pollard et al. had 
a slightly greater power than either of  the constituent 
tests with data from the exponential logistic model (see 
Table 3). Of the single tests, that of  Pollard et al., the 
randomized form of  Bulmer's first test and Reddingius 
and den Boer's test had the greatest power with the 
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published time-series; the power of these three tests was 
apparently similar. The combination of the test of Pol- 
lard et al. and the modified form of Bulmer's first test 
gave a slightly greater level of detection from the pub- 
lished time-series than any single test (although the detec- 
tion level was apparently similar to that of the better sin- 
gle tests). Hence, it appears that the randomized form of 
Bulmer's first test and the test of Pollard et al. are truly 
complementary. The resulting combined test does not 
gain much in power over either of the constituent single 
tests; however, it shows a smaller range of variation in 
power (with the three forms of density-dependent data) 
than either of the constituent single tests. The combined 
test consisting of the test of Pollard et al. with the modi- 
fied form of Bulmer's first test thus appears to show 
greater generality than any single test explored here. 

The combined test consisting of the modified form of 
Bulmer's second test and Reddingius and den Boer's test 
also gave a slightly greater rate of detection from the 
published time-series and data from the multiplicative 
logistic model than either of the constituent single tests, 
though this detection rate is apparently lower than that 
for the Bulmer's first test and test of Pollard et al. com- 
bination. Both of these combined tests contain con- 
stituent test statistics which are complementary, and this 
is presumably because they are relatively uncorrelated. 
We recommend the use of the combined test consisting 
of the test of Pollard et al. test with the modified form 
of Bulmer's first test because of the slightly higher power 

and generality of this combination relative to other tests 
and combined tests. 

The use of combined tests avoids the fallacy of statisti- 
cal detection via the strongest result from two or more, 
at least partially uncorrelated, statistical methods. For 
example, in the analysis of a community of bracken-feed- 
ing insects Holyoak and Lawton (1992) used several tests 
to detect density dependence. They assumed that all tests 
used would be uncorrelated in their results and rates of 
detection were markedly greater than those expected 
with uncorrelated tests; hence their broad qualitative 
results remain unchanged, though the approach present- 
ed here allows the statistically significant individual 
sequences to be identified reliably. 

The method presented here for combining the results 
of several tests which are carried out on the same data 
is of much wider applicability than just testing for density 
dependence. Wherever we wish to conduct several statis- 
tical tests on the same data and accept the most probable 
answer, this method of combining randomization tests is 
appropriate if the individual tests are, or may be ex- 
pressed as, randomization tests. 
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Appendix 1. Taxa from which time-series were taken to analyse for 
density dependence. For life-stages: A stands for adults, E for eggs, 
L for larvae or nymphs, L1 for first instar larvae and nymphs (L2 

for second instar larvae and so on) and Pu for pupae. The number 
of independent time-series from the same life stage are given. 

Species Stage Number Generations 
of series (numbers of 
of each generations 
stage per year) 

Reference 

Odonata 

Enallagma traviatum 
E. signature 
Epitheca cynosura 
Celithemis elisa 
Enallagma divagans 
Ischnura spp. 
Libellula spp. 
Enallagma basidens 
Celithemis fasciata 
Dromogomphus spinosus 
Argia fumipennis 
Macromia alleghaniensis 
Lestes vigilas 

Hemiptera 

Dicranotropis hamata 
Ditropis pteridis 
Macrosiphum ptericolens 
Monalocoris filicis 
Errastumus ocellaris 
Aleurotrachelus jelinekii 

A. jelinekii 
Nephotettix cinticeps 

L 

L 
L 
L 
L 
L 
L 
L 
L 
L 
L 
L 
L 
L 

L , A  
L-A 
L-A 
L-A 
E, L1-2, L3M, L5, A 
E, L1, L2, L3, L4 

A 
A 

14 (1) 
14(1) 
14(1) 
14(1) 
14(1) 
14(1) 
14 (1) 
14 (1) 
14 (1) 
14 (1) 
14 (1) 
14 (1) 
14(1) 
14(1) 

10 
12 
12 
12 
12 
16 

17 
24 

Crowley & Johnson 1992 

Crowley & Johnson 1992 
Crowley & Johnson 1992 
Crowley & Johnson 1992 
Crowley & Johnson 1992 
Crowley & Johnson 1992 
Crowley & Johnson 1992 
Crowley & Johnson 1992 
Crowley & Johnson 1992 
Crowley & Johnson 1992 
Crowley & Johnson 1992 
Crowley & Johnson 1992 
Crowley & Johnson 1992 
Crowley & Johnson 1992 

(2) 
(1) 
(sev) 
(1) 
(2) 
(1) 

(1) 
(3) 

Waloff & Thompson 1980 
Holyoak & Lawton 1992 
Holyoak & Lawton 1992 
Holyoak & Lawton 1992 
Waloff & Thompson 1980 
Hassell, Southwood & Reader 
1987 
Hassell et al. 1987 
Kuno & Hokyo 1970 (data in 
Kuno 1973) 
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Species Stage Number 
of series 
of each 
stage 

Generations 
(numbers of 
generations 
per year) 

Reference 

Collembola 

Bourletiella viridescens L-A 1 12 (sev) 

Lepidoptera 

Choristoneurafumiferana E 1 10 (1) 
Wiseana cervinata L 2 10 (1) 
Laspeyresia pomonella E, neonate L, Entering fruit, L 1 10 (1) 

leaving fruit 
Epiphyas postvittana females, E 1 10 (3) 
Andraca bipunetata E, L1, L2, L3, L4, L5, P female 1 10 (4) 

A 
Spilonota ocellana Spring L, L surviving parasitism 2 11 (1) 
Aeleris variana L 1 12 (1) 
Bupatus piniarius nymphs 1 12 (1) 
Spilonota ocellana E, neonate L, L preparing webs, 2 12 (1) 

L entering hibernation 
Laspeyresia pomonella E, neonate L, L entering fruit, L 1 12 (1) 

leaving fruit 
Olethreutes lacunana L 1 12 (1-2) 
Paltodora cytisella L 1 12 (1) 
Papilio xuthus E, L1, L2, L5, Pu, A 1 12 (4) 
Tortrix viridana L 1 13 (1) 
Operopthera brumata A 1 13 (1) 
Bupalus piniarius Autumn Pu, Spring Pu, A 1 14 (1) 
Erranis leucophearia L 1 14 (1) 
Orthosia cruda L 1 14 (1) 
Cosmia trapezina L 1 14 (1) 
Tortrir tortricella L 1 14 (1) 
Eucosma insertana L 1 14 (1) 
Choristoneura fumiferana L 1 14 (1) 
Erranis leueophaeria Pu 1 15 (1) 
E. progemmaria Pu 1 15 (1) 
E. defoliaria Pu 1 15 (1) 
E. aurantiaria Pu 1 15 (1) 
Euphydras editha A 3 15 (1) 
Bupaluspiniarius E, L1, L2-L3, L3-L4, L4-L5 1 15 (1) 
Thera firmata L 1 15 (1) 
Panolis flammea L 1 16 (1) 
Papilio xuthus E 1 16 (4) 
Operopthera brumata E, L 1 17 (1) 
Epiphyas postvittana females, E 1 17 (3) 
Zeiraphera diniana L 1 18 (1) 
Plutella maculipennis E 1 18 (4-6) 
PanaMa dominula A 1 29 (1) 
Hyloicus sp. P 1 50 (1) 
Panolis flammea P 1 60 (1) 
Dendrolirnus sp. P 1 60 (1) 
Bupalus sp. P 1 60 (1) 

Diptera 

Chirosia albifrons L 1 12 (1) 
C. histricina L 1 12 (sev) 
C. parvieornis L 1 12 (sev) 
Dasineura filicina L 1 12 (sev) 
D. p teridicola L 1 12 (sev) 
Phytoliriomyza sp. L 1 12 (1-2?) 

Hymenoptera 

Cyzenis albieans A, total E less those not being I 11 (1) 
eaten, E after predation, L 
pupating, P surviving predation 

Aneugmenus spp. L 1 12 (1) dd. 
Stromboceros delieatulus L 1 12 (1) dd. 

Holyoak & Lawton 1992 

Morris 1963 
Barlow et al. 1986 
MacLellan 1977 

Danthanarayana 1983 
Bannerjee 1979 

MacLellan 1978 
Morris 1959 
Klomp 1966 
MacLellan 1978 

MacLellan 1977 

Holyoak & Lawton 1992 
Holyoak & Lawton 1992 
Hirose et al. 1980 
Varley & Gradwell 1963 
Varley et al. 1973 
Klomp 1966 
Varley & Gradwell 1963 
Varley & Gradwell 1963 
Varley & Gradwell 1963 
Varley & Gradwell 1963 
Varley & Gradwell 1963 
Morris 1963 
Ekanayake 1967 
Ekanayake 1967 
Ekanayake 1967 
Ekanayake 1967 
Ehrlich et al. 1975 
Klomp 1966 
Klomp 1966 
Klkomp 1966 
Watanabe 1981 
Varley & Gradwell 1968 
Danthanarayana 1983 
Baltensweiler 1968 
Harcourt 1963 
Williamson 1972 
Varley 1949 
Varley 1949 
Varley 1949 
Varley 1949 

Holyoak & Lawton 1992 
Holyoak & Lawton 1992 
Holyoak & Lawton 1992 
Holyoak & Lawton 1992 
Holyoak & Lawton 1992 
Holyoak & Lawton 1992 

Hassell 1969 & personal 
communication 

Holyoak & Lawton 1992 
Holyoak & Lawton 1992 
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Appendix 1 (continued) 

Species Stage Number Generations 
of series (numbers of 
of each generations 
stage per year) 

Reference 

Strongylogaster lineata L 
Tenthredo ferruginea L 
Tenthredo sp. 2 L 
Philonthus sp. A 
Diprion hereyniae L 
Vespula vulgaris nests 

1 12 (1) dd. Holyoak & Lawton 1992 
1 12 (1) Holyoak & Lawton 1992 
1 12 (1?) Holyoak & Lawton 1992 
1 16 (1) Varley et al. 1973 
1 24 (2) Morris 1959 
1 26 (1) Fox-Wilson 1946 & K.M. Harris 

(personal communication to 
Southwood 1967) 

Appendix 2. A randomization technique for combining 
several semi-independent tests 

In this appendix a randomization technique is described 
which allows several semi-independent tests to be com- 
bined into a single test. The method is appropriate for 
combining test statistics when the degree of correlation 
between these statistics is not known. The description 
assumes a basic knowledge of randomization techniques; 
a basic summary is given by Manly (1991) and Crowley 
(1992b). 

The critical P-value for a combined test is determined 
after all randomizations of individual tests have been 
completed, using data obtained during the i randomiza- 
tions (such that i/20 is an integer). In addition to the 
P-values obtained for each of the m separate statistics, 
an array of m-(1 +(//20)) integers must also be accu- 
mulated during the randomizations. For each test statis- 
tic, these 1 + (//20) integers identify the iterations for the 
5% (plus 1) of the i test statistics for which values of the 
test statistic as extreme as this value would indicate 
density dependent. The test-statistic values are re- 
ordered from most to least extreme during the random- 
izations and the randomization numbers identifying the 
randomization responsible for a given statistic value are 
identically re-ordered. After all i randomizations are 
completed, the resulting array is a sequence of random- 
ization numbers for each statistic, beginning with the 
number of the randomization giving the most extreme 
value of the statistic (i.e. most consistent with density 
dependent), followed by the number of the randomiza- 
tion giving the next-most extreme value, and so-forth, 
through the number of the randomization giving the 
[1 + (i/20)]th most extreme value. 

Determination of the critical P-value then proceeds 
as follows: imagine that m P-arrays are constructed, 
each containing the 1 + (i/20) ordered entries 1 x 0.05/ 
(i/20), 2 x 0.05/(i/20) .... ((//20)- 1) x 0.05/(i/20), 0.05, 
(1 + (i/20))0.05/(i/20). (It is not actually necessary to con- 
struct these arrays, but they make the method easier to 
understand. Additionally, 0.05 and i/20 only apply to the 
5% significance level; values would be 0.01 and 100 for 
the 1% significance level, and so on). The array contents 

are the P-values corresponding to the ordered random- 
ization numbers for each test statistic; for example, 
1 x 0.05/(i/20) is the P-value associated with the most 
extreme value of each statistic, which resulted from the 
random sequence generated during the randomization 
whose number is the first entry for each test statistic in 
the randomization number array. We now construct the 
critical P-array by combining these m separate arrays, 
keeping only the smallest 1 + (i/20) P-values that remain 
after all P-values with randomization numbers already 
represented among equal or smaller P-values are elimi- 
nated. This effectively retains the smallest P-value from 
each of the 1 + (//20) randomizations whose smallest P- 
value is less than or equal to the smallest P-value of all 
other randomizations. The largest of those smallest P- 
values retained is the critical P-value: the observed time- 
series is density dependent (at the 5 % level) if the P-value 
for at least one of the test statistics calculated from the 
observed data is less than the critical P-value determined 
by this randomization and re-ordering process. 

A numerical example 

As an example consider the combination of 2 tests where 
20 iterations were carried out  (normally a much larger 
number would be used). Table 5 gives the values of the 
test statistics for the individual tests, the P-values that 
these represent and the test statistic (the minimum P- 
value of the two tests) for the combined test. If we sort 
the combined test statistics (from Table 5) into ascending 
sequence this gives 1/20, 1/20, 2/20, 2/20, 3/20, 4/20, 4/20, 
5/20, 5/20, 6/20 (etc.) for the first ten values. The critical 
value of the combined test statistic is then the 1 + (i/20)th 
value (i is 20 iterations in this case), that is the second 
value of the above sequence which is 1/20 = 0.05. Hence 
if the P-value of the individual test statistics for the 
original series (iteration number one in Table 5) was less 
than or equal to 0.05 we should reject density indepen- 
dence. In this example (Table 5) the P-values were 2/20 
and 12/20, both of which were greater than 0.05, so we 
do not reject density independence for either test. 
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Itaretion Number Test 1 Test 2 Combined test 

statistic P-value statistic P-value statistic 

1 - 0.93 2/20 - 0.40 12/20 2/20 
2 - 0.74 6/20 - 0.73 6/20 6/20 
3 - 0.42 13/20 - 0.89 2/20 2/20 
4 - 0.37 14/20 - 0.96 1/20 1/20 
5 - 0.62 9/20 - O. 13 18/20 9/20 
6 - 0.24 16/20 - O. 17 17/20 16/20 
7 - O. 19 18/20 - 0.43 10/20 10/20 
8 - 0.95 1/20 - 0.67 7/20 1/20 
9 - 0.73 7/20 - 0.65 8/20 7/20 

10 - 0.53 11/20 - 0.74 5/20 5/20 
11 - 0.89 3/20 - 0.82 3/20 3/20 
12 - 0.76 5/20 - 0.27 16/20 5/20 
13 - 0.84 4/20 - 0.34 14/20 4/20 
14 - 0.23 17/20 - 0.31 15/20 15/20 
15 - O. 57 10/20 - 0.09 19/20 10/20 
16 - 0.43 12/20 - 0.07 20/20 12/20 
17 - 0.29 15/20 - 0.78 4/20 4/20 
18 - O. 17 19/20 - 0.35 13/20 13/20 
19 - 0.09 20/20 - 0.41 11/20 11/20 
20 - 0.67 8/20 - 0.52 9/20 8/20 

Iteration number 1 represents the original data set and iterations 
2 2 0  are randomized data sets. The lower the value of the individual 
test statistic, the lower the resulting P-value (columns 3 and 5); 
starting at 1/i (where i is the total number of iterations) and being 
incremented by 1/i for each successively larger value of the in- 

dividual test statistic. The combined test statistic consists of the 
lowest individual test P-value. The use of the combined test statistic 
is described in the text. In an actual test far more iterations would 
be performed 
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