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Diamond (1975) introduced the incidence func-
tions to describe the effect of area on the occur-
rence of species. Such functions describe the
likelihood of a species’ presence on an island, or
in an island-like habitat patch, of known charac-
teristics. For example, a given species could be
absent from islands smaller than a minimum area,
then gradually increase its occurrence with in-
creasing area and finally be present on all islands
larger than a certain threshold area. Obviously,
characters other than area and entities other than
islands are suitable for incidence analyses.
Taylor (1991) examined presence/absence
data from a different angle: she associated prob-
ability (with reliability estimates) for a species’
presence on an island of given area. Our ap-
proach presented here is supplemental to Taylor’s
(1991): we shall stress the proper use of statisti-
cal tools in conjuction with presence/absence data.
We feel that this is important because incidence
data will be — in the wake of the biodiversity
boom (e.g., Pimm 1991) associated with meta-
population studies (Gilpin & Hanski 1991) —
increasingly used in the near future to evaluate
probabilities of maintaining species on reserves
with a given quality and quantity of habitat. Such
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analyses also aim at understanding occurrence
patterns of different species (ranking the impor-
tance of abiotic and biotic factors).

A simple statistical tool to analyse the behav-
iour of probabilities is the logistic regression
model: the probability of occurrence 7is given as
a function of the vector of explaining variables x,

_exp (o + Bx)
1+ exp(a +Bx)’

7 (x) )
The familiar linear nature of this model becomes
apparent after the logit transformation, giving
the form

1n(%):a+[3x @
(here, In denotes the natural logarithm). Fitting a
logistic regression model to incidence data is a
straightforward task and algorithms are available
in several statistical program packages. We shall
maintain that the use of the ordinary regression
model is improper and may lead to unsound con-
clusions in analysing species’ incidence.

There are only two possible values for the
response variable in incidence data: O for ab-
sence and 1 for presence. In a model that at-
tempts to explain the variation in such a variable,
the residuals cannot be normally distributed (Fig.
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Fig. 1. Two hypothetical examples (A, C) to demon-
strate the superiority of the logistic regression method
(LR, dashed line) over the ordinary regression method
(OR, dotted line). Incidence data for A are: absence
when 0.5 < X<5 and presence when 5.5 < X< 10, both
with a step of 0.5 (n = 20), and for C: absences with x;:
0.501, 0.501, 0.504, 0.505, 0.507, 0.507, 0.508, 3.500
and presences with x; 9.000, 6.014, 6.022, 6.024,
6.051, 6.059, 6.078, 6.085, 10.000). The model pa-
rameters for A are: LR oo =-34.6, =25.6; OR a=—
0.289, b= 0.150, and for B they are: LR a=-29.2, =
6.4; OR a=-0.06, b= 0.153. B and D give residuals
for the OR regression models in A and C, respectively
(large dots mark closely located data points).

1B, D), as they should be in ordinary regression.
Thus, the statistical theory developed for such
models is not applicable to incidence data. In
particular, the least squares method, generally
used to estimate ordinary regression model pa-
rameters, is inefficient when applied to incidence
data (Hosmer & Lemeshow 1989). In logistic
regression, the binary nature of the response
variable variation is the basis of parameter esti-
mation.

Furthermore, ordinary regression models may
easily lead to estimates without biological — or
even mathematical — realism when applied to
incidence data (Fig. 1A, C). Logistic regression
models never predict inappropriate values ((X) >
1 or m(X) < 0) for the probability of species’
presence. Even the confidence intervals for the
probability, in contrast to ordinary regression
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Fig. 2. Incidence (M = presence, = absence) of
seven mammal species on island-like mountain tops
(data from Lomolino et al. 1989) evaluated against
isolation and area. Continuous line indicates 7 (X) =0.5
occurrence as indicated with logistic regression mod-
els incorporating both isolation and area as independ-
ent variables. This is done regardless of whether the
variable is needed (* at the end of the corresponding
axis) or not in statistical terms (for the parsimonious
models, see Table 1). The model parameters for M.
longicaudus are: a = —-1.1, = -0.06, B, = 0.67; M.
mexicanus: o.= 5.7, B,=-0.06, B, =—-0.29; S. abeberti:
o=-6.4, §,=-0.04, B,=1.32, E. quadrivittatus: o.= 6.3,
B,=-0.04, B, =—0.62; T. hudsonicus: a=-3.5, f;=—
0.03, B, = 0.93; S. monticola: o.= -3.8, §,=—0.07, =
0.99, and for E. minimus: o = —6.8, 3, = —0.001, 3, =
1.08.

models, never include negative values or values
greater than unity (Hosmer & Lemeshow 1989).

The coefficients in the logistic regression
model have a natural interpretation, which is
based on the odds ratio (see, e.g., Agresti 1984).
This interpretation is consistent with the propor-
tional nature of the probability as a measure of
presence intensity. A more technical presenta-
tion of logistic regression models is given by
McCullagh & Nelder (1989: chapter 4). In the
particular case, when there is only one explain-
ing variable, the parameters o and f3 of the lo-
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gistic regression model have a useful property:
the value of the explaining variable that indicates
species’ presence with probability 0.5 is —o/f.
This can easily be seen from Eq. (1) with re-
placement X = —o/f. In fact, after estimation of
parameters o and f3, Eq. (1) can be solved for any
value p of the probability m(X). Confidence in-
tervals for the obtained value of the explaining
variable can be constructed.

When there are several explaining variables
in the model, the solution of the equation p = 7(x)
is a straight line (see Fig. 2) or a plane in the
space of the explaining variables.

As the logistic regression model is not well
known among population ecologists, we shall
provide an example of its use with data on the
occurrence of mammal species on mountain tops
in the American Southwest (Lomolino et al.
1989). They applied ordinary regression models
to examine the significance of area and isolation
(predictor variables, X;) on occurrence (response
variable, Y) of the mammal species studied. Based
on this analysis, they solved the equation “Y =0.5”
to link together the effect of area and isolation,
giving the “line of separation”.

Similar approaches have subsequently been
used (e.g., Hanski 1991, Peltonen & Hanski 1991,
among many others). Therefore, we feel we
should point out the unsuitability of this method
for any analyses of incidence data and strongly
suggest avoiding ordinary regression models
when examining factors describing species’

presence/absence on islands or habitat fragments.
Logistic regression analysis is far superior for
these purposes. We illustrate our point by com-
paring the results of logistic regression models
with those of ordinary linear regression. For this
purpose, we use data from Lomolino et al. (1989:
table 1), which refer to the occurrence of seven
mammal species on 27 isolated mountain tops
for which information on area and a measure of
species-specific isolation are available. Occur-
rence of each of the seven species, in turn, was
the response variable, and mountain-top area and
isolation were taken as the explaining variables.
In accordance with Lomolino et al. (1989), we
used natural logarithm based transformation of
area and left isolation non-transformed. Estima-
tion of the model parameters was based on maxi-
mum likelihood. The decrease in model devi-
ance was used as the means to select variables in
the models. Goodness of fit of the final model
was studied using the Hosmer-Lemeshow test
statistic (Hosmer & Lemeshow 1989).
Distribution of two species (Microtus longi-
caudus, M. mexicanus) was influenced only by
isolation, two species (Sciurus aberti, Eutamias
quadrivittatus) were apparently affected by both
area and isolation, and three species (Tami-
asciurus hudsonicus, Sorex monticola, Evtamias
minimus) were affected only by area (Table 1).
This list differs from thhat of Lomolino et al.
(1989). The discrepancies are greatest with
Microtus longicaudus, Eutamias quadrivittatus

Table 1. Results of presence/absence analysis of the relationship between area (km?) and isolation (km) for
species inhabiting 7—16 of the total of 27 montane forest islands in the American Southwest. Logistic regression
parameters o, f3, (for In-transformed area) and f3, (for isolation) are tabulated. N denotes that the corresponding
variable is not needed in the logistic model; y (variable needed), n (variable not needed) refer to the ordinary
regression analyses of Lomolino et al. (1989). Goodness of fit of the model (Hosmer-Lemeshow #?, always with 8
degrees of freedom) and corresponding P-values are also listed. An asterisk before the species name indicates a
discrepancy between the results of the ordinary regression analysis by Lomolino et al. (1989) and those of the

logistic analysis.

Species Islands o Ba B Vi P

“Microtus longicaudus 13 3.28 N y -0.09 y 2.90 0.94
Microtus mexicanus 16 3.83 N n -0.05 y 6.40 0.60
Sciurus aberti 9 —6.44 132 y -0.04 y 2.32 0.97
*Eutamias quadrivittatus 10 6.21 -0.62 n -0.04 y 4.54 0.81
*Tamiasciurus hudsonicus 13 —6.26 1.30 y N vy 5.73 0.68
Sorex monticolus 16 -4.39 1.08 y N n 12.31 0.14
Eutamias minimus 7 —6.91 1.08 y N n 5.89 0.66
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and Tamiasciurus hudsonicus. The tentative ex-
planations by Lomolino et al. (1989: 188) for
distributional patterns and processes are thus li-
able for changes.

In Fig. 2, the incidence of the seven moun-
tain-top mammal species is evaluated against the
line of occurrence for m(X) = 0.5 in a two-di-
mensional space of isolation and area: on one
side of the line, the probability of a species oc-
currence is above 0.5, and on the other side, it is
below. This line can be taken to serve as the
separation between good and poor islands or
habitat fragments. Similar lines can be constructed
for any other value of the probability. For our
purpose, we used models in which both variables
were forced, regardless of whether they should
be included or excluded in accordance with the
parsimony principle of empirical modelling. A
comparison should be made between Fig. 2 herein
and figure 6 of Lomolino et al (1989).

Lomolino et al. (1989: 186) also refer to discri-
minant analysis when they touch upon the problems
of using binary data in ordinary regression models.
Logistic techniques can — and often should — be
used even if the actual aim of the study is that of
discrimination and not that of prediction. For further
details, see Fienberg (1987:105-109) and references
therein. Fienberg also comments that when discri-
minant analysis is used, the independent variables
should follow a multinormal distribution with equal
covariance matrices within each group. When this
assumption is violated, estimation techniques used
with ordinary regression models are not optimal. In
such cases, we advise the use of the logistic regres-
sion technique.
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