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ABSTRACT

 

Aim

 

Distribution maps of species based on a grid are useful for investigating
relationships between scale and the number or area of occupied grid cells. A species is
scaled up simply by merging occupied grid cells on the observation grid to successively
coarser cells. Scale–occupancy relationships (SORs) obtained in this way can be used
to extrapolate species down, in other words to compute occupancies at finer scales
than the observation scale. In this paper we demonstrate that the SOR is not unique
but depends on where one positions the origin of the grid map.

 

Innovation

 

The effect of grid origin on SORs was explored with the aid of the
Dutch national data base FLORBASE, which contains the observation records of all
1410 wild vascular plants in the Netherlands on a 1-km square basis. For each
species, we generated 2500 unique SORs by scaling up from 1 km, in steps of 1 km,
to squares of 50 km. We computed the sensitivity of the SOR to the grid origin for
each species, and subsequently analysed the factors that determined this sensitivity.
The effect of grid origin on downscaling was demonstrated by means of a simple
power function that we used to extrapolate down from both a 2-km and a 5-km grid,
to the original 1-km grid.

It appeared that the position of grid origin could have a substantial effect on SORs.
The sensitivity of SORs to the position of the grid origin depended on three charac-
teristics of a species’ spatial distribution: rarity, degree of spatial clustering and the
position of the distribution relative to the border of the investigated area. Rare species
with a clustered distribution near the border were particularly highly sensitive. The
dependence of SOR on grid origin caused unpredictable and non-random errors in
downscaled occupancies.

 

Main conclusions

 

In future, the whole bandwidth of scaled occupancies should
be considered when testing and interpreting mathematical relationships between
scale and occupancy. Moreover, downscaled occupancies should be interpreted
cautiously.
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INTRODUCTION

 

The distribution of species is usually mapped on a grid basis.

Grid cells in which a species is observed at least once within a

certain period are classified as ‘present’ and indicated by means

of a black dot on such a grid map (Fig. 1). Grid maps have often

been used to analyse spatial patterns of occurrence, assemblage

composition and species richness, as well as to plan conservation

strategies (see Araújo 

 

et al.

 

, 2005, and references therein). They

have also been employed to determine the degree to which species

are rare within a particular country or other human-made

administrative region, by totalling the number of occupied cells.

Such rarity numbers may be used to monitor species, compile

Red Lists and quantify species conservation values (Margules &

Usher, 1981; Dony & Denholm, 1985; Wheeler, 1988; Witte,

1998; De Iongh 

 

et al.

 

, 2003).
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Grid maps of different territories often vary considerably

within the width of the grid squares. The national grid of the

Netherlands, for instance, has a resolution of 1 km, Great

Britain’s grid is based on 10-km squares, while the grid cells of

the 

 

Atlas Florae Europaeae

 

 approximately measure 50 km.

Moreover, grid maps of the same country may vary over time

(Van der Meijden 

 

et al.

 

, 2000). To be able to compare countries

or inventory periods with different grid resolutions, distribution

data need to be upscaled or downscaled. Downscaling may also

be advisable if one is interested in using a finer-scale distribution

to better represent the ‘actual’ rarity of species.

Upscaling of grid information is considered straightforward;

a cell of a coarser grid is classified as ‘present’ whenever this cell

comprises one or more black dots of the original finer observation

grid. Downscaling distribution, by contrast, is much more

challenging. This involves inferring fine-grid distribution from

coarse-grid information. Two species that display the same

coarse-grid information can have very different fine-scale dis-

tributions (He & Condit, 2007). Recently, much attention has been

paid to developing downscaling methods and to applying these

methods for conservation purposes (Kunin, 1998; He & Gaston,

2000; Kunin 

 

et al.

 

, 2000; Warren 

 

et al.

 

, 2003; Witte & Torfs, 2003;

Hartley 

 

et al.

 

, 2004; Tosh 

 

et al.

 

, 2004; Wilson 

 

et al.

 

, 2004; Fagan

 

et al.

 

, 2005; He & Reed, 2006). Downscaling is performed by

extrapolating down from relationships between scale (grid

resolution) and the number or area of occupied cells. Such scale–

occupancy relationships (hereafter SORs) can be generated from

the original observation data by merging cells to successively

coarser scales. All the previous studies assume that each species

has a unique SOR for a given map.

In this paper, we demonstrate that the SOR is not unique but

depends on the origin of the grid map. We will explore which

kinds of species are especially sensitive to grid origin and demon-

strate how this dependence influences downscaling occupancies

from coarse-scale data.

 

INNOVATION

The problem of grid origin

 

Figure 2 illustrates the problem of grid origin with a hypothetical

distribution on an observation grid measuring 9 

 

×

 

 9 square cells.

Cells occupied by a certain species are in black, grey cells reflect

empty cells and white cells are outside the investigated area (e.g.

foreign countries or sea). The top-left map in Fig. 2 contains the

original data from the observation grid. All the other maps are

derived from this basic map. From left to right, the grid square

width 

 

w

 

 increases from 1 to 2, 3, 4 and 5, respectively. With that,

Figure 1 Distribution of two species in the Netherlands according to FLORBASE: (a) dune pansy (Viola curtisii) and (b) woodruff 
(Galium odoratum). Both species have a comparable rarity (O1 km = 662 and 576 km2, respectively), but their distribution differs considerably 
with respect to the degree of spatial clustering.
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Figure 2 The effect of grid origin on occupancy scaling, as demonstrated by a hypothetical observation grid of 9 × 9 square cells. From left to 
right: scaling up from a grid with a square width of wo = 1 to grids with w = 2, 3, 4 and 5. From top to bottom: (a) the original origin, (b) origin 
moved one cell up, (b) origin moved one cell to the right, (d) origin moved one cell up and one to the right. On maps (a)–(d) the original origin 
is indicated with different symbols (a = �, b = �, c = �, d = �). Black = occupied area, grey = empty area, white = outside the study area 
(e.g. foreign countries or sea). (e) Scale–occupancy relationships corresponding to the above four different grid origins, illustrating the effect 
of changing the grid origin.
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the total area of occupied grid cells, the occupancy 

 

O

 

, changes as

well. Following Witte & Torfs (2003), we exclude the area outside

the area of investigation from the computation of 

 

O

 

 (thus, it is

only the black part in Fig. 2 that counts). Moreover, for each

value of 

 

w

 

 we adjust the number of rows and the number of

columns of the grid in such a way that dividing these numbers by

 

w

 

 yields integers. Since 

 

O

 

 is calculated as the area occupied

within the investigated area, adjusting the grid size does not

influence the result: any size will do, as long as the grid comprises

the country. For instance, in Fig. 2(a) the grid measures 9 

 

×

 

 9 for

 

w

 

 

 

=

 

 1 and 

 

w

 

 

 

=

 

 3, 10 

 

×

 

 10 for 

 

w

 

 

 

=

 

 2 and 

 

w

 

 

 

=

 

 5, and 12 

 

×

 

 12 for

 

w

 

 

 

=

 

 4.

The consequence of changing the grid origin becomes clear

when we compare the maps from top to bottom (Fig. 2).

Compared with the maps in row (a), the origin of the maps in

row (b) is one grid cell lower; in the maps in row (c) it is one grid

cell to the left; and it is one left and one down in row (d). Note in

each map the location of the origin of the original map (a) is

indicated by a small symbol. In Fig. 2 it is clearly visible that the

area of occupied black cells not only changes with 

 

w

 

 (from left to

right) but with grid origin as well (from top to bottom). The con-

sequence of changing 

 

w

 

 and origin on the SORs is summarized

in Fig. 2(e). Large differences in 

 

O

 

 are visible, especially at 

 

w

 

 

 

=

 

 5,

where 

 

O

 

a

 

 

 

=

 

 16 and 

 

O

 

d

 

 

 

=

 

 48 grid cells. Moreover, the SORs of (a),

(b) and (c) have a wavy pattern, all three with a local maximum

at 

 

w 

 

=

 

 4, and (a) also at 

 

w

 

 

 

=

 

 2. Scaling up is apparently already

not straightforward given the example of the four SORs in Fig. 2.

Given that one could use any cell as the grid origin for scaling

occupancy, this becomes still more problematic. However, there

is a maximum to the number of potentially different values

for 

 

O

 

 at each scale 

 

w

 

. In Fig. 2 we showed four grid origins that

generated unique solutions for 

 

w

 

 

 

=

 

 2. So if, for example, we move

the original origin of Fig. 2(a) down by three cells, we obtain the

same patterns as in row (b); two down and one to the left produces

the same patterns as row (c), and so on. In general, at a scale of 

 

w

 

there are (

 

w

 

/

 

w

 

o

 

)

 

2

 

 different ways to scale up. Since we scaled up to

 

w

 

 

 

=

 

 5, there are (5/1)

 

2

 

 

 

=

 

 25 possible SORs for the hypothetical

example in Fig. 2.

It should be noted that most studies on SORs apply grids with

a fixed number of rows and columns, which limits the number of

 

w

 

 values that can be explored. For instance, with a fixed map of

12 

 

×

 

 12 cells, it is only possible to investigate 

 

w

 

 

 

=

 

 2, 3, 4 and 6

(because dividing 12 by other values does not yield integers).

Because of this approach, the wavy nature of many SORs is easily

obscured.

The effect of grid aggregation and grid origin on upscaling can

be further explored by means of Appendix S1 in Supplementary

Material, in which one can define any country and species

distribution within a 9 

 

×

 

 9 grid, and immediately see the corre-

sponding SORs.

 

Results from real observation data

 

We analysed the seriousness of the problem with the aid of

the Dutch national data base known as FLORBASE (Van der

Meijden 

 

et al.

 

, 1996), which contains the observation records

collected in the period 1975–98 of all 1410 Dutch wild vascular

plants. The data in FLORBASE are stored in a grid consisting of

1 

 

×

 

 1 km cells. Figure 1 illustrates the FLORBASE distribution of

two of those species. We used a map of the Netherlands with a

resolution of 1 km to calculate 

 

O

 

w

 

, which is the land-covered area

of a species at the scale of 

 

w

 

 km. At the scale of 1 

 

× 

 

1 km, the total

land area of the Netherlands measures 35,812 km

 

2

 

. As in Fig. 2,

only the land-covered part of the grid squares was involved in

the computations of 

 

O

 

w

 

, hence this entity can never exceed

35,812 km

 

2

 

. Each species was scaled up from 

 

w

 

o

 

 

 

=

 

 1 km on the

base map to 

 

w

 

 

 

=

 

 50 km, in steps of 1 km. For each value of 

 

w

 

, we

adjusted the number of rows and the number of columns of the

national grid, just as we did in Fig. 2.

By way of example, four arbitrarily chosen SOR curves out of

the 2500 are presented in Fig. 3 for three species, a rare one

(

 

O

 

1 km

 

 

 

=

 

 9 km

 

2

 

) and the two fairly common species from Fig. 1

(

 

O

 

1 km

 

 

 

=

 

 662 and 576 km

 

2

 

). For these three species, we also drew the

minimum (

 

O

 

min

 

), the maximum (

 

O

 

max

 

) and the average (

 

O

 

average

 

)

occupancies (bold lines) calculated at each scale 

 

w

 

 (at, for

instance, w = 10 km, these three entities are based on 100 O10 km

values).

Figure 3 shows that the rare species is more susceptible to grid

origin than the two common ones; the relative bandwidth of

possible SORs is larger in Fig. 3(a) than in Fig. 3(b) (note that the

O-scales of (a) and (b) are different). This is no coincidence, as

shown by the results in Fig. 4 where, for all species, the sensitivity

R is plotted against the occupancy at the observation scale of

wo = 1 km, for w = 2, 5, 25 and 50 km. Here, R is defined as

(1)

The shape of the data points in Fig. 4 can be explained by

starting from a hypothetical species, occurring in every 1-km

square of the country (i.e. O1 km = 35,812 km2). It is self-evident

that the Ow of this species always equals O1 km (and, thus, R = 0),

no matter what scale the w and no matter what position of the

grid origin. If we proceed from this extremely common species to

a progressively rarer species, the sheer probability increases that a

merged square consisting of occupied 1-km squares splits into

two to four different squares when we take another grid origin.

Vice versa, occupied neighbouring squares might ‘accidentally’

merge into one bigger square at another grid origin.

From the description above, it becomes clear that susceptibility

to grid origin not only relates to rarity but also to the extent to

which species are clustered. To explore the relationship between

R and clustering, we express the degree of clustering in the spatial

autocorrelation coefficient ra. For each species, we calculated this

correlation based on the four adjacent squares of each 1-km

square (i.e. ‘at a distance of 1 km’). Let us assume that the grid is

parametrized by (i, j), where i counts the cells in an east–west

direction and j does so in a north–south direction. Let us assume

that X(i , j) is any quantity defined on this grid with mean X and

standard deviation S, and N is the number of grid squares. The

Pearson product–moment correlation in the north–south direction

then becomes: 

R
O O

O
  

  max min=
−

average

r N S X i j X i ji jNS  ( /(   )) ( ( , )  )( ( , )  ).,= × − + −1 1
2 Σ X X
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In a similar way, we can compute the correlation in the east–west

direction, rEW. Here we used the average of rNS and rEW as the over-

all spatial correlation between neighbouring cells:

(2)

In our calculation, X could assume the value of 0 (absent)

or 1 (present).

In Fig. 5, ra is plotted against O1 km. This figure shows there is a

strong correlation between rarity (O1 km) and the extent to which

species are clustered (ra): clustering increases with commonness.

Because of the dependency between clustering and rarity, we

need to judge ra in relation to O1 km. To do this, we distinguished

three classes of relative clustering: ‘high’, ‘average’ and ‘low’ clus-

tering, depicted in Fig. 4 by red, black and blue dots, respectively.

Species that exceed the regression line (‰a = 0.041 + 0.043 ln O1 km)

by 0.05 point (ra > ‰a + 0.05) were classified as ‘high’, species with

ra < ‰a − 0.05 as ‘low’ and the rest of the species (those occurring

near the regression line) as ‘average’ (Fig. 5).

From Fig. 4 we can conclude that, for a given rarity, it is the

relatively clustered species that are more sensitive and that less

aggregated species are less sensitive. By way of example, Fig. 3(b)

shows the SORs of the two species in Fig. 1, Viola curtisii

(O1 km = 576 km2, ra = 0.71, R25 km = 0.62) and Galium odoratum

(O1 km = 662 km2, ra = 0.13, R25 km = 0.10). These species have similar

rarity on the base scale but are very different in their sensitivity,

as indicated by the black crosses in Fig. 4. Clustered species are

usually confined to habitats with a distinct geographical area. In

the case of V. curtisii, this area is the coastal dunes in the west of

the country (Fig. 1a), the only place in the Netherlands with a

suitable habitat for this species: dry, nutrient-poor and calcareous

grasslands. Widespread species are often generalists in environ-

mental terms, and thus common. But this is not always the case,

some species can occur in small but distinct sites all over the

country, for instance in narrow strips along ditches or on stony

walls. The resolution of 1 km is too coarse to detect such habitats.

Galium odoratum is a typical species in moist and alkaline

deciduous forests, but also in the old orchards of country houses

and estates that exist all over the country (Fig. 1b).

A final factor determining sensitivity is the position of the

species’ distribution relative to the border of the investigated

area. This factor affects the very rare species in particular, and is

responsible for the increased spread of the data points in Fig. 4

from O1 km ≈ 10 km2 down to O1 km = 1 km2. Take, for example, a

very rare species, occurring in a single 1-km square. When this

square occurs somewhere in the middle of the country, the

species will be completely immune to grid origin: Ow = w2 km2,

thus R = 0, as long as the country’s border does not intersect the

occupied merged square. A few species behave like this at a scale

of 2, 5 and 25 km, but because of the logarithmic y-axis they are

not visible in Fig. 4. On the other hand, when such a rare species

(with O1 km = 1 km2) occurs precisely at the border of the country,

Ow can theoretically vary between 1 km2 (when an area of w2

– 1 km2 of the merged cell lies abroad) and w2 km2 (when the

merged cell completely falls within the country). In that case,

R takes the maximum value of w2 at scale w. In a similar way,

we can argue that the sensitivity of rare species occurring in more

than one 1-km square also has a theoretical maximum of R = w2

at scale w, as long as none of the occupied 1-km squares merge

into one bigger square at scale w. In practice, the theoretical

maximum is far from reached within our data set (Fig. 4). The

maximum R observed for w = 2, 5, 25 and 50 km is 1.3, 2.2, 3.6

r
N S

X i j X i j X i j X i j
i j

a 2
  

=
×

− + − + − + −∑1

2
1 1

,

[( ( , ) ( ( , ) ) ( ( , ) )( ( , ) )]X) X X X

Figure 3 Examples of scale–occupancy relationships (SORs) for three species: (a) man orchid (Aceras anthropophorum), a rare one with 
O1 km = 9 km2; (b) dune pansy (Viola curtisii) and woodruff (Galium odoratum), which have a comparable rarity (Fig. 1) but a very different 
degree of spatial clustering (ra = 0.71 vs. 0.13). For all three species, four arbitrarily chosen SOR curves out of the 2500 are presented (thin lines) 
as well as the minimum, average and maximum values of O (bold lines).
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and 4.6, respectively (where values of 4, 25, 625 and 2500 are

theoretically possible).

The effect on downscaling

SORs have been widely used to describe the spatial distribution

of species, to extrapolate fine-scale occupancies from those of

coarse scales, and to determine species rarity (Gaston, 1994;

Kunin, 1998; He & Gaston, 2000; Witte & Torfs, 2003; Wilson

et al., 2004; Fagan et al., 2005; He & Condit, 2007). The dependence

of SORs on map origin causes serious problems for the utility of

the relationships. Here we demonstrate how this can influence

the outcomes of occupancy extrapolations to finer scales. We

limit our investigation to the 530 rarest species in FLORBASE,

occurring in fewer than 200 1-km squares. This selection was

made because the SORs of rare species are more susceptible to

grid origin and are less affected by ‘grid saturation’. Grid saturation

(clearly visible in the SORs of G. odoratum; Fig. 3b) is the pheno-

menon whereby SORs level off at very coarse scales because the

maximum area occupied is limited to the total investigated area.

There is some discussion in the literature about the best

method to scale down, and researchers are still exploring various

methods (He & Gaston, 2000; Kunin et al., 2000; He & Condit,

2007). Since we merely want to expose the possible effects of grid

origin, we will not become involved in this discussion. Instead,

we apply the most commonly used method. We extrapolate

down using a simple SOR power function (Hastings & Sugihara,

1993; Gaston, 1994; Kunin, 1998):

Ô(w) = α × w β (3)

The parameters α and β were found by log–log linear regression:

log Ô(w) = log α + β log w. For each of the 530 rare species, we

first computed an artificial ‘observation occupancy’ at a base grid

of wo = 2 km. We then aggregated up this base distribution to

produce maps at w = 4, 6 and 8 km grids. Scaling up from 2 to

Figure 4 Relationship between rarity (defined as the occupancy at the observation scale, O1 km) and sensitivity R to the position of the grid 
origin (defined by equation 1) at a merging scale of, from top-left to bottom-right: square width w = 2, 5, 25 and 50 km. Each dot represents 
one plant species. Colours and symbols depict different degrees of relative spatial clustering: � = high, � = average, � = low.
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8 km resulted in (8/2)2 = 16 different SORs. Each SOR was fitted

by model (3), resulting in 16 models. Regression was done by

ordinary least squares (OLS) and resulted in very good fits in

nearly all of the cases (r > 0.95). By substituting the designated

w = 1 km into these models, we then arrived at 16 possible

outcomes for the occupancy at the 1-km scale, Ô1 km. In the same

way, we scaled down to the 1 km grid from a base grid with a

resolution of wo = 5 km that we scaled up to data points for

w = 10, 15 and 20 km.

In Fig. 6, the predicted values are plotted against the observed

ones. The predicted average, minimum and maximum occupancy

at w = 1 km are presented. Figure 6 shows how sensitive the

predicted occupancy can be to grid origin, especially when scaling

down from a very coarse scale, such as wo = 5 km to w = 1 km

(Fig. 6b). Figure 6 also shows the 1:1 line (solid lines), as well as

the regression through both the average and the minimum

expected occupancy (Ô1 km, average and Ô1 km, min) (dashed lines). The

predicted values based on Ô1 km, average (the dots in Fig. 6) appear to

be systematically higher than the observed values. Using a base

grid of wo = 2 km, the 1-km predictions are 9% too high

(Ô1 km, average = 1.09O1 km), whereas a 5-km grid results in an

overestimate of 41% (Ô1 km, average = 1.41O1 km). Although fre-

quently used, equation (3) often overestimates occupancy at

finer scales, as has already been observed (Witte & Torfs, 2003;

He & Condit, 2007). If we regress on the minimal occupancies,

Ô1 km, min, the predictions correspond better, on average, to the

observations: scaling down from a 2-km grid leads to predicted

values that on average equal the observations (Ô1 km, min =
1.00O1 km), whereas a 5-km grid leads to predictions that are 10%

too high (Ô1 km, min = 1.10O1 km).

DISCUSSION

The very first decision in mapping species distribution is perhaps

to determine where to position the origin of the grid map. By

demonstrating how different grid origins result in different SORs

we have shown that this decision can have a substantial effect

on distribution aggregation. The sensitivity of SORs to grid

origin appears to depend on three characteristics of the spatial

distribution of a species: rarity, the degree of spatial clustering

and the position of the distribution relative to the border of the

investigated area.

Despite its importance, the problem of grid origin has not

hitherto been investigated in the literature. If this problem is not

properly recognized, there could be several consequences. First

of all, SOR is a widespread tool for describing the spatial distri-

bution of species. The dependence of the SOR on grid origin, as

shown in this study, means that one will get very different SORs

using different grid origins. There is no ‘correct’ or ‘incorrect’

SOR. All SORs constructed from different grid origins are

Figure 5 Relationship between rarity O1 km and spatial 
autocorrelation ra. The regression line ‰a = 0.041 + 0.043 ln O1 km is 
used to classify species into three classes of relative clustering: ‘high’ 
(more than 0.05 higher than the regression line), ‘low’ (more than 
0.05 lower than the line) and ‘average’ (near the regression line).

Figure 6 Observed versus predicted 
occupancy on the 1-km grid (O1 km vs. Ô1 km). 
Predicted values based on a 2 km grid (a) as 
well as a 5 km grid (b). For each species, 16 
predictions are available. The predicted 
average occupancy is indicated by a dot, the 
predicted minimum and maximum by a 
vertical line through this dot. The solid line 
is the 1:1 line, the dotted lines represent the 
regressions both on the average 
occupancy[(a) Ô1 km, average = 1.09O1 km, 
r2 = 0.98; (b) Ô1 km, average = 1.41O1 km, 
r2 = 0.86] and the minimum predicted 
occupancy [(a) Ô1 km, min = 1.00O1 km, 
r2 = 0.98; (b) Ô1 km, min = 1.10O1 km, r2 = 0.83]. 
Note: Ô1 km > 300 km2 are not visible in (b).
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technically correct, yet they only represent the spatial feature

when scaled from particular origins. We lack criteria to judge

which SOR best describes the overall feature of the spatial dis-

tribution of the species. This problem limits the utility of SORs

for describing the spatial distribution of species.

Second, the primary use of SORs is to downscale occupancies

from coarse scales and thus to determine species rarity. The lack

of unique SORs makes the downscaled results highly variable

and biased. Before new methods are available to deal with this

problem, precautions must be taken to interpret any downscaled

occupancies (at fine scales). As a consequence, the rarity status of

species defined from such fine-scale occupancies should not be

taken for granted. We advise evaluating and, if considered necessary,

correcting rarity figures based on expert judgement or independent

information, such as species lists from vegetation samples

(relevés) (Van der Meijden et al., 2000; De Iongh et al., 2003).

Third, the different SORs from different grid origins will

thwart scaling occupancies across spatial scales. However, one is

only able to interpret and test mathematical relationships

between scale and occupancy if the whole bandwidth of scaled

occupancies is considered. This requires computing SORs based

on all possible different grid origins. This, unfortunately, may

demand considerable computation time. On a standard PC (1.73

GHz, 504 Mb RAM) it took our computer program, which

was efficiently written in a direct language (FORTRAN-77), 5

min to scale all 1410 vascular species of the Dutch flora up from

1 to 4 km in steps of 1 km (16 SORs per species), but scaling up

from 1 to 50 km (2500 SORs) required 50 h. Naturally, the

development of faster processors may solve this ‘problem’ in the

course of time.

The variation of SORs with grid origin raises a serious

methodological challenge for scaling distribution. The scaling

methods so far available only model smooth SOR curves (Gaston,

1994; Kunin, 1998; He & Gaston, 2000; Kunin et al., 2000; Warren

et al., 2003; He & Reed, 2006). The SORs resulting from different

grid origins are wavy; furthermore, the wavy variation is not a

random effect resulting from sampling error. This fact will make

modelling SORs solely on the basis of distribution data very

difficult, if not impossible. The use of the power-law model in this

study resulted in the systematic over-prediction of occupancies.

As an ad hoc solution, we suggested a simple method to minimize

this problem. This involved taking the lowest downscaled

occupancy from all SORs corresponding to different grid origins.

We have no explanation for this improvement and do not know

whether downscaling this way in general is a good solution.

However, whatever current downscaling method one chooses,

the data points will deviate from the regression line due to the

arbitrarily chosen position of the grid origin.

The big challenge now is to find a mathematical solution that

not only has a theoretical basis but also takes the problem of grid

origin into account. One such solution may be to incorporate

ecological knowledge and more geographical information into

the scaling method, with the aim of limiting the upscaled area of

the species to the area where species can potentially occur. For

instance, many rare species in the Netherlands are restricted to

nature reserves, which are all known in GIS. Just as in this paper

we only considered the investigated area, and omitted foreign

territory and sea, for these rare species we could also omit the

area outside nature reserves. Furthermore, we think the variation

of SORs will decrease and the reliability of the downscaled

occupancies will increase if we only consider the area of potential

sites within the observed grid square at the base scale. In addition,

geographical information about the habitat of the species could

be used. For instance, we know that the distribution of V. curtisii

is restricted to calcareous dunes (Fig. 1a), so we should avoid

extrapolating the occupied area of this species outside these

dunes when scaling up. The ecological requirements of all plant

species in the Netherlands are well known in terms of the habitat

factors ‘salinity’, ‘moisture regime’, ‘nutrient availability’ and

‘acidity’ (Runhaar et al., 2004; Witte et al., 2007). Moreover,

based on a soil map and a groundwater depth map, these habitat

factors are mapped nationwide on a scale of 1:50,000 (Klijn et al.,

1996). Therefore, for the Netherlands at least, it would be possible

to limit the upscaled area of species to the habitats where they can

potentially occur, and thus minimize the variation of SORs and

improve the reliability of downscaled occupancies.

In this paper we have shown that the choice of the grid origin

can substantially affect both upscaling and downscaling of grid

information. This may not be a problem as long as one is inter-

ested in the general mathematical shape of the relationship

between scale and occupancy, but for testing and interpreting

SORs we advise the consideration of all possible grid origins. We

believe the latter may even be a prerequisite if one wants to use

occupancy figures to compile a Red List, to monitor species, or to

quantify species conservation values. Improvement of scaling

techniques will not only be a matter of finding a better mathe-

matical relationship between scale and occupancy, but presumably

also will require extra geographical information, especially about

species habitats.
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