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Extinctions occur either randomly or in a more deterministic and predictable manner, with certain characteristics making
some species more vulnerable to (local) extinction than others. Although the quantification of extinction randomness
would better our understanding of the extinction causes and increase the predictability of future species losses, few
quantification methods are currently available. To this purpose, we propose two indices based on a comparison of an a
priori (expected) extinction series with an observed one. Whereas the first index requires data on the order of extinctions,
the second index is only concerned with which species went extinct and which did not. Using a model for generating
extinction data, we tested both indices successfully for accordance with the robustness prerequisites. Index outputs were
furthermore unaffected by species richness, apart from decreased variation with rising species numbers. Because of its
independence of non-extinct species and its focus on extinction sequences, the first randomness index seems especially
useful for use in paleontological and paleo-ecological research. The second index is likely a good tool to study shorter
term extinctions, for which the extinction order is often not known and for which the comparison with species that did
persist is of greater interest. We use a real dataset to illustrate this. Finally, we discuss how it is possible to expand the use
of this index toward identifying previously unknown extinction-promoting species characteristics, and toward a credible
assessment of the extinction risk posed by global change.

The randomness or non-randomness of (local) extinctions is
a much-debated topic. The observation that some extinc-
tions occur in approximately the same sequence in different
geographical locations (McKinney 1997), leads to the
conclusion that such extinctions happen in a deterministic,
non-random fashion. Indeed, certain characteristics are
thought to make species more prone to disappearing from
a community. Several studies have shown that for example
the trophic position, the degree of specialization and the
sensitivity to environmental stress are associated with higher
extinction rates in animal and plant communities (Leach
and Givnish 1996, Duncan and Young 2000, Jones et al.
2003, Zavaleta and Hulvey 2004). Often regarded as the
most important determinant of the extinction probability of
a species or population, is the number of individuals
(population size), although the ‘‘minimum viable popula-
tion’’ differs for each species (Brook et al. 2006). A smaller
size renders a population more vulnerable to demographic,
genetic and environmental uncertainties (Pimm et al. 1988,
Fischer and Stöcklin 1997, Krebs 2001). In other words,
the smaller the size of a population, the higher the
probability that such uncertainties lead to the (local)
extinction of a species. These random factors have therefore
become key elements in population viability analyses and

other forms of population modeling (Shaffer 1987, Saether
and Engen 2003).

Random and non-random causes of extinction are not
mutually exclusive. However, few attempts have been
made to quantify the importance of each of these causes
in extinction series. If we could quantify the degree of
randomness (i.e. the proportion of species extinct due to
random causes), this might nuance the often dichotomous
approach to regard extinction as either random or
deterministic, a distinction that is largely artificial (Shaffer
1987, Hedrick et al. 1996). Such estimates may also be
important in achieving a better understanding of the
underlying causes of current extinctions, as well as a better
predictability of future extinctions. Furthermore, quantify-
ing the randomness of extinctions may also be of
importance for studies concerned with the effects of
diversity on ecosystem functioning, as effects of random
and non-random extinctions on productivity, resistance to
invasion and other ecosystem characteristics are thought to
differ (Smith and Knapp 2003, Zavaleta and Hulvey
2004, Cross and Harte 2007). In this paper, we propose
two indices to determine to what amount extinctions are
the result of random, stochastic events, or non-random,
deterministic events.
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Indices of randomness

Defining randomness indices

The proposed indices quantify the degree of stochasticity
associated with a series of species extinctions within a given
community or area. The first index we put forward is
equivalent to the coefficient of determination (R2) of the
regression between an observed extinction series and an
expected one.

IRseq�1�R2[fa priori seriesg; fobserved sequenceg] (1)

This straightforward randomness index is based on the
extinction sequence (and therefore named IRseq), and
requires the species to be ranked according to their a priori
likelihood of (local) extinction derived from historical or
other information (see further), yielding an ‘‘a priori
extinction series’’. In our opinion, it is not possible to
quantify randomness without some form of a priori ranking
of the species. If the sequence of observed extinctions are
identical to those predicted, they are deemed to be fully
deterministic (IRseq�0), while in the opposite scenario,
they are considered to have occurred in a completely
random fashion (IRseq�1). In very small samples (nB
10), IRseq could deviate from reality as chance effects
influence R2 more when few data points are present. One
could consider using some sort of standardized effect size
(see Gotelli and McCabe 2002 for further details) to allow a
more accurate comparison of results among studies dealing
with very small datasets. However, typical extinction series
consist of more than just a few species, and the problem of
deviating values of randomness is considerably less im-
portant in such larger datasets. We suggest to avoid small
datasets regardless of any corrections applied, as for such
samples uncertainty is always highest, restricting the
usefulness of applying indices of randomness.

This first index only considers the extinct species,
thereby ignoring the information contained in the extant
species. To take that information into account, a second
index is constructed that explicitly considers the distinction
between the extinct species and those that persist, while
ignoring the exact sequence of extinction. Each species is
given a weight, inverse to its a priori rank, thus putting
more weight on those species most expected to become
extinct (fifth column of Table 1). We then scale the sum
of weights of the species that went extinct (sumobs) between
the smallest (summin) and largest (summax) sum of weights
that can be achieved with the same number of extinct
species, yielding the ‘‘index of randomness for absence’’
(IRab):

IRab�
summax � sumobs

summax � summin

(2)

This yields 05IRab51, which conforms to our prior
conditions of fully deterministic (IRseq�0) versus fully
random (IRseq�1) extinctions. Also here, researchers
should be aware of larger uncertainty for very small sample
sizes, and should hence avoid such small datasets.

Simulated extinction data

We developed a simple mathematical model to generate
extinction data (Table 1) to allow us to assess the robustness
of the indices. This model has a random and a non-random
component, to simulate the full range of stochastic versus
deterministic extinctions. In order to illustrate some of the
proporties of the proposed indices, we simulate a virtual
community consisting of 20 species (A, B, C, . . . T), of
which extinctions are simulated during 50 yr (this specific
temporal scale and size are arbitrary). A certain total

Table 1. Simulation example illustrating the extinction model, with total extinction probabilities over 50 yr (Pt) for 20 species (derived from a
normal distribution with a mean of 0.3 and a standard deviation of 0.15), the associated extinction probabilities per year (Py), the ranks and
weights (required for the calculation of the randomness indices IRseq and IRab), the year of extinction for each species, and the extinction
sequence, taking into account possible ties. In this example, the fraction of extinction was 0.350 (�7/20) and IRseq and IRab equaled 0.29
and 0.11, respectively (see text).

Species Pt Py Rank Weight Extinct
in year

Extinction
sequence

A 0.59399 0.01787 1 20 4 1
B 0.51593 0.01441 2 19 27 3.5
C 0.47255 0.01271 3 18 � �
D 0.44019 0.01154 4 17 27 3.5
E 0.41331 0.01061 5 16 12 2
F 0.38966 0.00983 6 15 � �
G 0.36806 0.00914 7 14 30 6
H 0.3478 0.00851 8 13 � �
I 0.32837 0.00793 9 12 29 5
J 0.30941 0.00738 10 11 40 7
K 0.29059 0.00684 11 10 � �
L 0.27163 0.00632 12 9 � �
M 0.2522 0.0058 13 8 � �
N 0.23194 0.00526 14 7 � �
O 0.21034 0.00471 15 6 � �
P 0.18669 0.00412 16 5 � �
Q 0.15981 0.00348 17 4 � �
R 0.12745 0.00272 18 3 � �
S 0.08407 0.00175 19 2 � �
T 0.00601 0.00012 20 1 � �
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extinction probability is attributed to each species over this
period of time (Pt), i.e. Pt is fixed for each species for the
duration of the simulation. The shape of extinction
probability distributions is a matter of substantial uncer-
tainty (Drake 2006). We opted to obtain the values of Pt

from a normal distribution of probabilities constructed with
a chosen (varied) mean and standard deviation, since this
allows for straightforward testing of the indices (see
further). For each species, the (non-random) extinction
probability per year (Py) is calculated as:

Py �1�
ffiffiffiffiffiffiffiffiffiffiffiffi
1�Pt

50
p

(3)

An evenly distributed random number (05z51) is
then drawn for each of the species, every year, and if z5Py,
the species becomes extinct. At the end of the simulation we
know for each species whether it has become extinct and, if
so, in which year (see example in Table 1, column six).
From this, the fraction of extinct species is calculated, as
well as the indices. Thirty replicate simulations are run,
which yield an average and a standard error for each of these
output parameters (extinction fraction and randomness
indices). The fraction of extinction for individual simula-
tions, at six values of the standard deviation of Pt around a
mean set at 0.5, is shown in Fig. 1a. This shows that
individual simulations vary considerably, which is caused by
the random factor incorporated in the model. Figure 1b
represents the average fraction of extinct species for five
different mean Pt-values. As expected, the average fraction
of extinction approximately corresponds with the set mean
extinction probability, and is irrespective of the standard
deviation of Pt. Although somewhat counter-intuitive, the
standard deviation also does not affect the variation around
the mean. Indeed, the species populations with high and
low values of Pt compensate for each other, as for every
species with a Pt of 0.7, there is one with a Pt of 0.3,
eventually resulting in the same fraction of extinction and

similar variation (with slight deviations due to the random-
ness of z). This model, although simple, yields extinction
data which have both a random and a non-random
determinant, which makes it a suitable tool for the
mathematical evaluation of indices of randomness.

Testing randomness indices

We test the first randomness index using the dataset given
in Table 1 (fourth and seventh columns). With R2 between
{1, 2, 4, 5, 7, 9, 10} and {1, 3.5, 3.5, 2, 6, 5, 7} equalling
0.71, this yields IRseq�0.29. Figure 2a represents the
replicated individual results for this index for six values of
the standard deviation of Pt around a mean Pt set at 0.5.
Similar to the fraction of extinction, variation in IRseq

values between individual simulations reflects the random-
ness of z. Figure 2b represents the average results for the
combined variation of the mean and the standard deviation
of Pt. These figures (Fig. 2a and b) show that the index
complies with two essential mathematical properties: 1) that
its value is independent of the mean extinction probability
Pt, and 2) that an increase of the standard deviation
decreases the index. The latter requisite stems from the fact
that a higher standard deviation of Pt results in larger
differences in extinction probability between the species. As
a consequence, on average more species have either a high
or a low chance of extinction, therefore making them less
susceptible to unpredictable (random) extinction. This
should in turn yield a lower value of an index of
randomness.

We subsequently also apply the second randomness
index on the dataset in Table 1. Given the fact that seven
species became extinct, the maximal sum of weights (hence
assuming a purely deterministic extinction result), belong-
ing to the species most likely to go extinct, equals 119
(�20�19�18� . . .�14). The minimal sum of weights,

Figure 1. Fraction of species that became extinct for 30 replicate simulations with the extinction model. Results of the individual
simulations for a mean total extinction probability (Pt) of 0.5 (a) and averaged results9SE for five different mean Pt-values (b): 0.3 (k),
0.4 (I), 0.5 (^), 0.6 (\) and 0.7 (2), with linear regressions (---). Both are expressed as a function of SD(Pt). The number of standard
deviations is lower when the mean is closer to 0 or 1, to avoid impossible Pt values (below 0 or above 1). Part of the symbols overlap
because the Y-axis resolution for 20 species is 0.05.
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which belong to the species least likely to go extinct, equals
28 (�1�2�3� . . .�7). Finally, the sum of weights of
the species actually extinct equals 109 (�20�19�17�
16�14�12�11). This means that IRab�(119�109)/
(119�28)�0.110. Figure 3a and b show the behaviour of
IRab for the same extinction results as in Fig. 2a and b.
While the overall patterns are the same and the individual
values reflect considerable variation as well, there are no
more highly random values when the standard deviation of
Pt is high, and as a consequence, IRab decreases more than
IRseq. We conclude that both indices of randomness comply
with the two mathematical robustness criteria layed out
earlier. However, as a further test, we investigated whether
this was dependent on the normal distribution of the

model, by comparing index values at several fixed Pt values
(i.e. SD�0). Indeed, many alternative distributions can be
chosen (cf. section ‘‘Simulated extinction data’’), but the
simplest case is to assign fixed Pt values to all the species,
which effectively removes the normal distribution. From
this test (Table 2), it is again apparent that the extinction
probability itself does not influence the indices, which
further strengthens the evidence that both IRseq and IRab are
robust.

Simulations with 5, 10, 20, 40 and 80 species yielded
similar mean values of IRseq and IRab (two examples are
given in Table 3). The indices were not completely
independent of species richness, with the variation around
the mean decreasing sharply for both indices with increasing

Figure 2. Index of randomness for sequence (IRseq) for 30 replicate simulations with the extinction model. Results of the individual
simulations for a mean total extinction probability (Pt) of 0.5 (a) and averaged results9SE for five different mean Pt-values (b): 0.3 (k),
0.4 (I), 0.5 (^), 0.6 (\) and 0.7 (2), with linear regressions (---). Both are expressed as a function of SD(Pt). The number of standard
deviations is lower when the mean is closer to 0 or 1, to avoid impossible Pt values (below 0 or above 1).

Figure 3. Index of randomness for absence (IRab) for 30 replicate simulations with the extinction model. Results of the individual
simulations for a mean total extinction probability (Pt) of 0.5 (a) and averaged results9SE for five different mean Pt-values (b): 0.3 (k),
0.4 (I), 0.5 (^), 0.6 (\) and 0.7 (2), with linear regressions (---). Both are expressed as a function of SD(Pt). The number of standard
deviations is lower when the mean is closer to 0 or 1, to avoid impossible Pt values (below 0 or above 1).
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species numbers. This is a logical statistical consequence of
the lower susceptibility of the metrics to individual species’
extinctions when more species are present.

Real example

To illustrate the indices’ application on a real example, we
use floral data from the Swiss lowlands. Stehlik et al. (2007)
compared historical records on plant diversity from 1839 to
1915 with a presence/absence survey carried out in 2003.
This dataset covers 728 species and contains categorical
information on their resource requirements. We focus on
the subset of 83 wetland species, and use the parameters
moisture (M) and nutrient (N) requirement (ranked 1�5,
with low values corresponding with low requirements) as
the basis for the a priori series. We expect the extinction
probability to have risen with increasing M values and
decreasing N values, because wetland drainage and soil
nutrient enrichment are documented to have been sub-
stantial during the past century (Galloway 1998, Brinson
and Malvarez 2002). In this example, we use M as a
primary, and N as a secondary ranking parameter (Table 4).
Since there are extinct and extant species in the database,
and no extinction times are known, we use IRab. The largest
sum of weights that can be achieved with the same number
(23/83) of locally extinct species, is 158 while summin is 63.
The observed number is 129, which results in an estimate of
randomness of 0.305 (eq. 2). About 30% of the local
extinctions can thus be attributed to random or yet
unidentified causes, and 70% to wetland loss and eutro-
phication.

Discussion

Which index of randomness should be used

We have proposed two indices to quantify the randomness
of extinctions. The first index, based on the order in which
species become extinct, yielded results that were in
accordance with the prerequisite that a randomness index
should be both independent of the average extinction
probability, and decreasing with increasing variation of
this extinction probability. The same was observed for IRab,
but this second index was less variable as a consequence of
its independence of the extinction order. For the same
extinction data, both indices could therefore differ (as was
illustrated in Table 1). However, it should be kept in mind
that both indices quantify different aspects of the extinction
result. Whereas IRab compares the extinct species with the
persistent ones, IRseq is concerned solely with the extinct
species. The focus of the investigation should therefore
determine the choice of index. For example, IRseq could be
used in studying stratigraphic samples in paleo-ecology,
where the intent is to explicitly evaluate an extinction
sequence. The choice of which index to use will also depend
on the type of data available, as the sequence in which the
extinctions took place is required for IRseq, but not for IRab.
Finally, the number of extinct species also matters. The sole
dependence of IRseq on the extinct species becomes a
weakness when only few species become extinct, because in
such a case, results depend on very few data points which
promotes uncertainty (see earlier). This is much less a
problem for IRab, which takes into account persistent
species as well, and thus the full species pool. However,
this also implies that IRseq can be calculated up to the point
where all the species have become extinct, while IRab cannot
since it relies on the distinction between extinct and non-
extinct species. For all these reasons, IRab seems more
appropriate as a tool to determine the nature of extinctions
across small time-scales (e.g. decades), where the database
usually includes both the extinct and the persistent species,
while IRseq seems most useful for studying long-term
extinction records (millennia up to mega-anni).

Table 2. Calculated randomness indices (IRseq and IRab) and
associated standard errors (SE) with 20 species, for several fixed
extinction probabilities (Pt) over 50 yr (30 simulations per Pt value).

Pt IRseq SE IRab SE

0.3 0.500 0.046 0.504 0.027
0.4 0.497 0.037 0.499 0.025
0.5 0.502 0.034 0.496 0.025
0.6 0.497 0.029 0.498 0.025
0.7 0.503 0.026 0.503 0.027

Table 3. Calculated randomness indices (IRseq and IRab) and
associated standard errors (SE) with 5, 10, 20, 40 or 80 species
(total number of simulations is 30), with extinction probabilities over
50 yr derived from a normal distribution with a mean of 0.5 and
standard deviation of 0.15 (a) and a mean of 0.7 and standard
deviation of 0.10 (b).

(a) number of species IRseq Sca="C" E IRab SE

5 0.460 0.026 0.306 0.015
10 0.469 0.020 0.325 0.010
20 0.460 0.012 0.337 0.008
40 0.471 0.011 0.330 0.007
80 0.446 0.002 0.330 0.006

(b) number of species IRseq SE IRab SE

5 0.475 0.020 0.312 0.025
10 0.462 0.026 0.340 0.016
20 0.460 0.007 0.338 0.007
40 0.451 0.005 0.324 0.006
80 0.463 0.004 0.334 0.005

Table 4. Comparison between wetland plant species collected in
1839�1915 and in 2003 at Küsnacht, Switzerland (derived from
Stehlik et al. 2007). The Landolt (1977) ordinal indicator value for
moisture (M) and nutrients (N) are the primary and secondary
ranking parameters for the a priori series in this example. The
fraction of extinction was 0.277 (�23/83) and IRab equaled 0.305.
Only number of species and extinction percentages shown. For
details per species: see Supplementary material.

Number of
species

M N Rank Weight % Extinct

2 5 1 1 8 100
16 5 2 2 7 50
21 5 3 3 6 19
13 5 4 4 5 23
2 4 1 5 4 50

24 4 2 6 3 17
4 4 3 7 2 25
1 3 2 8 1 0
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Although we use years as the temporal scale in our data
generation model, a generational scale (number of genera-
tions until extinction) could also be applied to the indices.
It has been acknowledged that extinction risk and its
stochastic components scale more closely to generations
than years in certain cases (Leigh 1981, Frankham and
Brook 2004). Also, Armbruster et al. (1999) found that the
true extinction risk of long-lived animals (such as elephants)
can be underestimated, because there can be a time-lag until
their long-term extinction risk becomes evident when using
years instead of generations as the temporal scale. The
randomness indices we developed have a flexible input, and
could therefore be used also when generation is deemed the
most appropriate scale. An improper temporal scale could
lead to higher experimental noise (Frankham and Brook
2004) and therefore imprecise or incorrect index values.

How to use the indices

Both indices have in common that they require an a priori
extinction series. In actual studies, such a series can be
generated by ranking the species being studied with regard
to a characteristic that is relevant for their extinction
probabilities. Several factors that promote extinction risk
have been proposed, of which the most important ones
include species specialization (generalists vs specialists),
body size, and dispersal (McKinney 1997, O’ Grady et al.
2004, Reinhardt et al. 2005). Other relevant characteristics
are dependent of the evolution of the species’ environment.
Sensitivity to drier conditions is of importance for plants in
a habitat with a lowering water table such as newly drained
peatlands (Vittoz et al. 2006), sensitivity to inbreeding
matters greatly for species populations in a fragmented
landscape (Leimu et al. 2006), and sensitivity to hunting
pressure can determine the fate of species populations in an
over-harvested ecosystem (Marboutin et al. 2003). Popula-
tion size could also be regarded as a deterministic attribute
in the a priori series, as indeed small populations are
typically (and thus predictably) more likely to become
extinct than larger ones because of their vulnerability to
stochasticity (Pimm et al. 1988, Fischer and Stöcklin 1997,
O’ Grady et al. 2004). However, the population size at any
given time does not always tell the full story. For example,
pioneer species have small population sizes initially, but
spread rapidly under favourable conditions or if the
environment changes in their advantage (Pauli et al.
2007). Indications such as population size should therefore
preferably be combined with other relevant characteristics
of the species in question. Indeed, the a priori extinction
series can be based on more than one characteristic by using
a weighted combination of two or more parameters, or by
using a second parameter to rank species that have the same
value for the primary parameter (as we illustrated in our
example, Table 4). This also allows the combination of
ultimate causes of extinction (which decrease population
size) with proximate causes (which cause extinction in a
small population), since both are involved in the extinction
process (Hedrick et al. 1996, Bodmer et al. 1997). In the
case of populations in an over harvested ecosystem, hunting
pressure (an ultimate cause) could be combined with

sensitivity for inbreeding (a proximate cause). Note that
when combining parameters, these should be applied at the
same temporal scale. Furthermore, the algebraic weights
used in the summations of eq. (2) could be replaced by
more precise values, to take into account not only that one
species has a higher extinction probability than another, but
also how much these probabilities differ. If population
models or viability metrics exist for the species under
investigation (Brook et al. 2006), then these could be used
in assigning weightings. Finally, the a priori rankings could
also be based on IUCN or similar listings, as these combine
several extinction risk factors into one integrated measure.

It should be stressed that the indices can be used in
assessing both local extinctions such as flora in the Swiss
lowlands (Stehlik et al. 2007), and species extinctions on a
broader, even global scale. The difference between scales is
the input, which should always be relevant to the scale
under consideration. In our real-life example, we focussed
on local floral data and used indicator values on moisture
and nutrient requirements to rank the species. Subse-
quently, the observed extinctions were calculated to be
30% random. In a more thorough analysis, these and other
data (such as sensitivity to climate warming) should be
specifically coupled to locally observed changes. The
addition of locally applied information should further
elucidate the nature of these extinctions. Alternatively,
when studying global extinctions, the a priori ranking
should primarily be based on large-scale changes, such as
climatic changes or the evolution of human society. For
example, the rapid extinction of megafauna species in the
late Pleistocene was likely caused or at least expedited by a
combination of both (Koch and Barnovsky 2006).

Applications

When using an a priori series based on an underlying
parameter, it is important to give a correct interpretation of
the resulting index. If an index returns high values and
assuming the appropriate temporal scale is applied, this may
reflect either truly random extinction results or a poor
choice of the parameter used to draw up the a priori
extinction series. In this sense, the terms ‘‘deterministic’’
and ‘‘random’’ reflect our current knowledge rather than
the actual processes, which are rarely really random. For
example, Penteriani et al. (2005) found that certain
unexplained and seemingly random population disappear-
ances could be attributed to factors that were previously
overlooked (in their study: settlement areas of non-breeding
birds). This does not render useless the calculation of
randomness indices. Indeed, by detailed studying of
specifically those species that disappeared from the com-
munity or area in a (seemingly) random fashion (e.g. Carex
distans in the extended Table 4, Supplementary material,
Table S1), previously unknown factors or characteristics
could be uncovered. Randomness indices can therefore also
be used as an incentive to focus research efforts on specific
(sets of) species that acted contrary to expectations. Can
future extinctions be predicted using the indices proposed
here? Long-term species presence/absence datasets are not
common, but those that do exist (Fischer and Stöcklin
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1997, Duncan and Young 2000, Lavergne et al. 2006)
provide a valuable starting point in assessing future
extinctions, based on the IRab index. From current knowl-
edge on for example plant species’ sensitivities to changes in
temperature, precipitation, nitrogen deposition, etc. (cf.
Table 4) and data records of the observed environmental
changes in the study area since the start of the presence/
absence assessment, an a priori extinction series can be
derived that takes the occurred environmental changes
specifically into account. Upon comparing this series with
the actual extinction data, researchers could evaluate (using
the IRab index) how deterministic the extinctions were and
whether other extinction-driving characteristics could be
uncovered (see earlier). After this first research phase, the
now validated and contingently ameliorated assessment of
the characteristics that render species vulnerable to global
change can be combined with the projected future
environmental changes (Solomon et al. 2007) to yield a
new a priori series. This series indicates which species are
endangered most in the studied and similar areas, which is
of considerable interest to conservationists and policy
makers. At the same time, the study on randomness of
the already observed extinctions in the study area also
provides an estimate of the future probability of non-
deterministic, random extinction. Again, researchers should
take care to work on the appropriate time scale, as too short
time scales can cause extinction risks to be underestimated
(Armbruster et al. 1999). An analysis such as the one
outlined above, could be carried out by making use of
Bayesian statistics. Indeed, Bayesian methods make it
possible to incorporate scientific hypotheses in the analysis
(by means of the prior distribution), and integrate these in
an iterative manner (Bolstad 2004). Specifically, prior
knowledge (contained in the a priori series) is combined
with actual observed data by means of Bayes’ Rule to obtain
posterior distributions which thus reflect the current state of
knowledge. From such posterior distributions we can then
compute predictive distributions for future observations.

Finally, identifying which extinctions are random and
which are deterministic is also of importance in the debate
on the adverse effects of biodiversity loss on ecosystem
functioning. Indeed, several studies have shown that the
effects of non-random species losses may be different than
those of random losses. Productivity decreases may be less
severe when the extinction pattern is non-random than
when it is random (Smith and Knapp 2003, Schläpfer et al.
2005). On the other hand, non-random extinctions may
reduce the communities’ resistance against invasions further
(Zavaleta and Hulvey 2004), and make them more
vulnerable to perturbations and subsequent random extinc-
tion (Cross and Harte 2007). The indices proposed in the
current study could help to elucidate the randomness of
natural extinctions, which may further the biodiversity �
ecosystem functioning research.

Conclusion

In this study, we have proposed two indices to quantify the
randomness of extinctions, tested their validness with a
mathematical extinction model and applied one of the

indices to an actual dataset. The first index requires an
observed extinction sequence, which would make it an
appropriate tool in longer term (paleontological and paleo-
ecological) studies, while the second index requires only
presence/absence data, which are readily available in short-
term datasets. Given its application at the appropriate time
scale, this last index could also be used in assessing the
extinction risk of species due to global change, and can
furthermore help to unveil previously unidentified extinc-
tion-promoting species characteristics.

Acknowledgements �H. J. De Boeck holds a grant from the Inst. for
the Promotion of Innovation through Science and Technology in
Flanders (IWT-Vlaanderen). A. Milbau holds a grant from FWO-
Vlaanderen as a post-doctoral researcher. We thank J. Huyghe for
statistical advice and B. W. Brook and 3 anonymous reviewers for
their suggestions.

References

Armbruster, P. et al. 1999. Timeframes for population viability
analysis of species with long generations: an example with
Asian elephants. � Anim. Conserv. 2: 69�73.

Bodmer, R. E. et al. 1997. Hunting and the likelihood of
extinction of Amazonian mammals. � Conserv. Biol. 11: 460�
466.

Bolstad, W. M. 2004. Introduction to Bayesian statistics. � Wiley.
Brinson, M. M. and Malvarez, A. I. 2002. Temperate freshwater

wetlands: types, status, and threats. � Environ. Conserv. 29:
115�133.

Brook, B. W. et al. 2006. Minimum viable population sizes and
global extinction risk are unrelated. � Ecol. Lett. 9: 375�382.

Drake, J. M. 2006. Extinction times in experimental populations.
� Ecology. 87: 2215�2220.

Cross, M. S. and Harte, J. 2007. Compensatory responses to loss
of warming-sensitive plant species. � Ecology 88: 740�748.

Duncan, R. P. and Young, J. R. 2000. Determinants of plant
extinction and rarity 145 years after European settlement of
Auckland, New Zealand. � Ecology 81: 3048�3061.
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� Veröffentlichungen des Geobotanischen Inst. der ETH.

333



Lavergne, S. et al. 2006. Fingerprints of environmental change on
the rare mediterranean flora: a 115-year study. � Global
Change Biol. 12: 1466�1478.

Leach, M. K. and Givnish, T. J. 1996. Ecological determinants of
species loss in remnant prairies. � Science 273: 1555�1558.

Leigh, E. J. B. 1981. The average lifetime of a population in a
varying environment. � J. Theor. Biol. 90: 213�239.

Leimu, R. et al. 2006. How general are positive relationships
between plant population size, fitness and genetic variation?
� J. Ecol. 94: 942�952.

Marboutin, E. et al. 2003. Population dynamics in European hare:
breeding parameters and sustainable harvest rates. � J. Appl.
Ecol. 40: 580�591.

McKinney, M. L. 1997. Extinction vulnerability and selectivity:
combining ecological and paleontological views. � Annu. Rev.
Ecol. Syst. 28: 495�516.

O’ Grady, J. J. et al. 2004. What are the best correlates of
predicted extinction risk? � Biol. Conserv. 118: 513�520.

Pauli, H. et al. 2007. Signals of range expansions and contractions
of vascular plants in the high Alps: observations (1994�2004)
at the GLORIA master site Schrankogel, Tyrol, Austria.
� Global Change Biol. 13: 147�156.

Penteriani, V. et al. 2005. Environmental stochasticity in dispersal
areas can explain the ‘‘mysterious’’ disappearance of breeding
populations. � Proc. R. Soc. B 272: 1265�1269.

Pimm, S. L. et al. 1988. On the risk of extinction. � Am. Nat. 132:
757�785.

Reinhardt, K. et al. 2005. Low dispersal ability and habitat
specificity promote extinctions in rare but not in widespread

species: the Orthoptera of Germany. � Ecography 28: 593�
602.

Saether, B. E. and Engen, S. 2003. Routes to extinction. � In:
Blackburn, T. M. and Gaston, K. J. (eds), Macroecology:
concepts and consequences. Blackwell, pp. 218�236.
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