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Most landscapes are comprised of multiple habitat types differing in the biodiversity
they contain. This is certainly true for human modified landscapes, which are often
a mix of habitats managed with different intensity, semi-natural habitats and even
pristine habitats. To understand fundamental questions of how the composition of such
landscapes affects biodiversity conservation, and to evaluate biodiversity consequences
of policies that affect the composition of landscapes, there is a need for models
able to translate information on biodiversity from individual habitats to landscape-wide
predictions. However, this is complicated by species richness not being additive. We
constructed a model to help analyze and solve this problem based on two simple
assumptions. Firstly, that a habitat can be characterized by the biological community
inhabiting it; i.e., which species occur and at what densities. Secondly, that the probability
of a species occurring in a particular unit of land is dictated by its average density in the
associated habitats, its spatial aggregation, and the size of the land unit. This model leads
to a multidimensional species-area relation (one dimension per habitat). If the goal is to
maximize species diversity at the landscape scale (γ-diversity), within a fixed area or under
a limited budget, the model can be used to find the optimal allocation of the different
habitats. In general, the optimal solution depends on the total size of the species pool of
the different habitats, but also their similarity (β-diversity). If habitats are complementary
(high β), a mix is usually preferred, even if one habitat is poorer (lower α diversity in one
habitat). The model lends itself to economic analyses of biodiversity problems, without the
need to monetarize biodiversity value, i.e., cost-effectiveness analysis. Land prices and
management costs will affect the solution, such that the model can be used to estimate
the number of species gained in relation to expenditure on each habitat. We illustrate
the utility of the model by applying it to agricultural landscapes in southern Sweden and
demonstrate how empirical monitoring data can be used to find the best habitat allocation
for biodiversity conservation within and between landscapes.
Keywords: species-area relation, biodiversity, landscape, mosaic, community, agri-environment schemes,
environmental policy
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INTRODUCTION

to the different habitat types considered (Pereira and Daily,
2006).
We aim to develop a probabilistic model of biodiversity in
mosaic landscapes that is suitable for scenario analyses and
economic or environmental policy analyses. It can be used as
an alternative to the cSAR, and has the advantages that it:
builds on transparent assumptions and does not pre-suppose
a phenomenological form of SAR; maintains species identity
throughout analyses; incorporates species overlap between
habitats; and can be used to calculate true diversities. Our basic
model is similar to several previous models (Arrhenius, 1921;
Preston, 1962; Coleman, 1981; Dorazio and Royle, 2005; Tjørve
et al., 2008), in that we use the sum of the probabilities of
finding each particular species in an area of habitat to calculate
its (expected) species richness. Hence our model does not presuppose a SAR (such as e.g., Pereira and Daily, 2006; Koh et al.,
2010; Martins and Pereira, 2017), but results in it from first
principles of fundamental probability theory, similar to e.g.,
Coleman (1981). Like the cSAR our model concerns multiple
habitats, each with their own biological community, making it
possible to investigate how converting one habitat to another
affects overall landscape biodiversity. As our model maintains
species identity, it is explicit about which species are likely to
be present in, or disappear from, a particular habitat area, or
landscape after transformation. To do this correctly, our model
accounts for species overlap, i.e., the probability of individual
species occurring simultaneously in multiple habitats (Tjørve,
2002), using set theory (Egan and Mortensen, 2012), whereas
approaches pre-supposing a SAR typically approximate species
overlap by adjusting the habitat area estimation (Triantis et al.,
2003; Pereira and Daily, 2006; Koh et al., 2010; Martins and
Pereira, 2017). Furthermore, the probabilistic approach we use
allows the calculation of true diversities, or any Hill number
(Hill, 1973; Jost, 2006), including Shannon and Gini-Simpson
diversity, and not just species richness. Following the approach
taken in cSAR studies (e.g., Martins and Pereira, 2017), our
model concerns habitat composition, but not configuration
effects (Fahrig, 2013). Hence, within a landscape it is only the
total habitat area and not whether it occurs in a single or multiple
patches that matters. Thus, the model we develop here does not
include thresholds in area or fragmentation effects, even though
such can be important in many cases depending on the scales
considered (Fahrig, 2017; Haddad et al., 2017a).
There are other methods that deal with statistically estimating
community composition in multi-habitat landscapes, from
repeated datasets in a Bayesian framework (e.g., Dorazio and
Royle, 2005; Dorazio et al., 2006). Our aim is quite different, in
that we develop a simpler model, useful for scenario analysis,
which can use anything from simple estimates of community
composition to real data.
We demonstrate how the model can be applied for optimizing
mosaic landscapes to achieve the goals of a conservation policy,
such as maximizing species diversity. In the site-constrained
reserve selection problem, the goal is to maximize species
representation (e.g., Moilanen et al., 2005; Nicholson et al.,
2006) or expected number of species (Polasky et al., 2005;
Billionnet, 2011) by selecting a subset of the available habitat

Landscapes usually consist of a mix of habitats. Such mosaic
landscapes may be natural (e.g., boreal forest with interspersed
mires), but increasingly human intervention has resulted in
landscapes where various types of managed land are interspersed
with less disturbed, natural or semi-natural habitat patches
(Hannah et al., 1995). Mosaic landscapes may be inhabited by
many organisms and can have high biodiversity (Rafe et al., 1985;
Eriksson et al., 2002; Ke et al., 2018), but predicting the landscape
scale biodiversity from habitat composition is not trivial given
the non-additivity of biodiversity (Martins and Pereira, 2017;
Frishkoff et al., 2019). However, to understand fundamental
questions of how landscape composition affects biodiversity
conservation, and to evaluate consequences of policies that affect
the composition of landscapes, there is a need for models able to
translate information on biodiversity from individual habitats to
landscape-wide predictions.
Anthropogenic habitat alteration is a primary driver of
biodiversity loss, through changes in land use (e.g., primary forest
to farmland) and management (e.g., intensification of agriculture
or silviculture) (Pereira et al., 2010; Chaudhary and Brooks,
2019; IPBES, 2019). Land use may be affected by policies that
compensate landowners for profits forgone and management
costs. A contentious issue in conservation is therefore to
evaluate the impacts of alternative policies on conservation of
species (Brady et al., 2009; Butsic and Kuemmerle, 2015) or
even to determine what policy results in the optimal mix of
habitats that maximizes conservation of species under a budget
constraint (Ekroos et al., 2014). However, to do this any tool to
predict biodiversity at larger scales should be able to account
for heterogeneities in management/conservation costs under
different constraints such as budgets (Wätzold et al., 2008).
An important approach for scenario analysis and modeling
biodiversity effects of land use change, is the countryside speciesarea relationship (cSAR, Pereira and Daily, 2006). The cSAR
approach is widely applied for scenario analyses of land use
change and habitat alteration across different spatial scales (e.g.,
Pereira et al., 2010; Mendenhall et al., 2014; Martins and Pereira,
2017; Chaudhary and Brooks, 2019; Marques et al., 2019; Powers
and Jetz, 2019; Leclère et al., 2020), as it efficiently relates
occurrences of species in communities of arbitrary size to areas
of multiple habitats. The cSAR builds on the canonical speciesarea relationship, or SAR (Rosenzweig, 1995; He and Legendre,
1996), with more species predicted in larger habitat areas, which
is a law-like relation in ecology, first described at least a century
ago (Arrhenius, 1921). The classic SAR is typically represented
by S = cAz (Preston, 1962), i.e., a power function in which
species richness (S, i.e., the number of different species) increases
in a decelerating manner with habitat area (A), determined by
constants c and z (≤1). Empirical SAR-curves come in a variety of
forms that may reflect different study design or the mechanisms
generating these curves (Matthews et al., 2021). However, as
pointed out by Rosenzweig (1995) and detailed below, the classic
SAR is purely phenomenological and does not include underlying
mechanisms. The cSAR is a modification of the classic SAR,
in which each species is assumed to have different affinities
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mi,j is independent of area itself and there are no threshold effects,
even though such effects may occur in some important cases (e.g.,
Haddad et al., 2017b). Furthermore, we do not consider effects of
the spatial arrangement of habitats within landscapes, but only
habitat amount effects (Fahrig, 2013).
As the probability that a species occurs in a patch is bounded
between 0 and 1 and densities are non-negative, it follows that the
probability that a species occurs in a habitat patch is an increasing
concave function of area (Figure 1A). The expected total number
of species in the habitat patch is then the sum of probabilities for
all species in the pool:

patches. In contrast, our model is not site-constrained in the
sense that it allows both the size and type of habitat areas
to be controlled by management. Economic and biodiversity
consequences of modifying areas often differ between habitats,
and habitats with high conservation value may often be more
costly to conserve. Our approach makes it possible to determine
the optimal allocation of competing habitats within a defined area
or budget constraint.
We begin by describing a general probabilistic model of
species richness for a single habitat area with some particular
spatial distribution of organisms. We then extend the model to
landscapes with two or more habitats, and describe methods to
find optimal habitat allocation in multiple habitat landscapes. We
illustrate some of our points with a dataset of birds, observed
in landscapes consisting of six different farmland habitats, but
the model itself is completely general and not restricted to any
particular dataset or habitat types. Specifically, we will show
how the model can be used to: (i) predict the consequences of
converting one habitat to another; (ii) predict the contribution,
and thus marginal diversity value, of a habitat to landscape
level biodiversity.

pi,j .

(1)

j=1

Therefore, species richness, Si , is also a concave function of
area, i.e., it is increasing with area of the habitat patch and
is bounded by 0 and K. Hence, a SAR is expected from basic
probability theory (Figure 1B), and as there are only K species in
the community, we also conclude that this SAR reaches an upper
asymptote rather than increasing indefinitely (cf. Rosenzweig,
1995). It therefore cannot be approximated by a power-function
and will not be linear on log-log scale (Figure 1C). This holds true
irrespective of how individuals are spatially distributed within
and among species.
To estimate species richness we need to make some
explicit assumptions about the spatial distributions of individual
organisms, and we will use three well-known and often applied
distributions: Poisson, negative binomial, and binomial. If the
number of individuals of a species found in a unit of area
follows the Poisson distribution it is equivalent to assuming
that each individual occurs independently of the whereabouts
of other individuals within a habitat (Pielou, 1977). Although
organisms will not be distributed independently of each other,
this assumption is routinely made, e.g., when using Poisson
regression techniques to analyze count data in ecological studies.
For Poisson distributed organisms the probability to encounter at
least one (i.e., not zero) individual of the species is

MODEL AND METHODS
The Model
Species Richness in a Single Habitat
A habitat is a piece of land (or water) with a distinct community
composition of species, i.e., a number of species occurring in
certain densities. Habitat categories can be defined from land use
or land cover classes, as long as the densities of inhabiting species
are repeatable within them. We are thus considering habitats to
have a “true” community composition, and explicitly consider
the probabilities of species occurrences in habitat patches of a
given size. From the probabilities, we estimate expected species
richness in those patches. Thus, in contrast to some previous
models (Preston, 1962; Tjørve et al., 2008) we are not concerned
with which species occur in samples taken from habitat patches
(i.e., “collector’s curves,” sensu Coleman, 1981), but those that
have a non-zero expected density (probability of presence) in
the habitat.
To allow us to derive equations to estimate diversity, we assign
an index to each habitat, such that i = 1,2,. . . ,N denotes the N
distinct habitats in the landscape (in the present case of a single
habitat, i = 1 = N), and j = 1,2,. . . ,K denotes the species that
might occur in the habitat area, where K is the (finite) number of
species in the species pool. Si is the species richness in a patch of
habitat i, which is between 0 and K. Due to randomness we can
never be sure that a particular species will occur in a particular
habitat patch even though it belongs to that habitat’s species pool
(i.e., species’ expected density is >0 in the habitat); we can only
determine the probability of a species occurring in that patch.
Thus, we begin by characterizing the probability of a species
occurring in a patch of a particular habitat type. It is sufficient to
realize that the probability of a species occurring in a particular
patch of habitat, pi,j , will in general increase with the species’
density mi,j per unit habitat area and habitat area ai such that pi,j
= f(ai , mi,j ). In this paper we use the simplifying assumptions that
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X

Si =

pi,j = 1 − e−ai mi,j ,

(2)

since the expected number of individuals to encounter is ai mi,j .
The resulting SAR, as found by combining expressions 1 and 2, is
shown by the solid curve in Figure 1B.
As two alternatives to spatial independence we may assume
either a spatially aggregated or spatially regular distribution. If
the individuals of a species are aggregated, their numbers per unit
area may follow a negative binomial distribution, and hence

pi,j = 1 −



kj
kj + mi,j

a i k j

,

(3)

where kj is the over-dispersion coefficient for the spatial
distribution of the individuals of species j. Alternatively, if the

3
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FIGURE 1 | (A) Probability of occurrence of 20 species with random spatial distribution as a function of patch area. Different species have different densities in the
habitat, which affects the slope of their respective curves. The mean densities for 20 species are simulated from a log-normal distribution with µ = −1.43, and σ = 1.
(B) Species area relation generated by the model for a single habitat, under three different spatial aggregation patterns of individuals: spatial independence among
individuals of the same species (solid blue), regular (dotted yellow), and aggregated spatial arrangement (dashed red). The solid blue curve is the sum of the probability
curves in (A). (C) The species area relation on log-log scale.

(MTi is the transpose of Mi ). This derivative tends to zero as
area goes to infinity, i.e., the marginal species productivity of any
habitat is decreasing in area.
Rather than estimating expected species richness, the model
could be used to calculate other metrics of community
composition or biodiversity, such as Shannon or Gini-Simpson
diversities, or any other Hill-number (Hill, 1973; Jost, 2006),
or β-diversities as species identity is maintained throughout the
calculations and frequencies of all species can be calculated.
However, for simplicity we limit the treatment to species richness
in this paper.

organisms are more regularly dispersed (repulsed) the probability
could be calculated from the binomial distribution:
mi,j
pi,j = 1 − 1 −
nj


ai nj

,

(4)

where nj is the maximum number of individuals of species j
that can fit within a unit area. Note that in expressions 3 and
4, ai cancels everywhere except in the exponents. The resulting
SARs for all three distributions are shown in Figure 1B. We see
that the underlying spatial distributions of the organisms affects
the SAR, but not dramatically, and the general shape of the
curve (decelerating toward an asymptote) is unaffected. If the
individuals of species are evenly dispersed in space (binomial),
more species are likely to be found in a small area, than if they
are randomly dispersed (Poisson). If they are strongly aggregated
(negative binomial), larger areas need to be included before all
species are found.
For the Poisson distribution it is possible to simplify the
algebra by using matrix notation and rewrite expression 1 as

Si = 1 − e−ai Mi 1.

Species Richness in Mosaic Landscapes
Species richness in a mosaic landscape is affected by the habitat
mix and the extent of species overlap between different habitats.
Thus, some species might occur in multiple habitats whilst others
occur in single habitats.
With two habitats, expected species richness in the landscape,
i.e., the number of species occurring in habitat 1 or habitat 2 or
both, is therefore
X

ST =
p1,j + p2,j − p1,j p2,j .
(7)
j∈(I1 ∪I2 )

(5)

Here I1 and I2 are the subsets of species in habitat 1 and 2
respectively, and p1,j p2,j is the probability of species j occurring
in both habitats, and hence this term eliminates the probability
of species common to both habitats, which follows from basic
set theory (Appendix S1). The calculation of expected species
richness in the case of three or more habitats follows from 7
(the case of three habitats is shown in Appendix S1): it equals
the sum of the probabilities of each species j occurring in each
habitat i with area ai in the landscape, adjusted for species overlap
among habitats.

Note that Mi is a single row matrix with the densities of all species
in habitat i, mi,j , as elements, and 1 is a K-length column vector
of ones to accomplish the summation.
It follows from expressions 1 and 2 that the rate of change in
species richness with area is
K

X
∂S
e−ai mi,j mi,j = e−ai Mi MTi ,
=
∂ai

(6)

j=1
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That is, we obtain the steepest increase in species richness
if we add the same areas of both habitats, as we assume
uncorrelated and similar species densities, and the same species
pools in both habitats (Figure 2C). Consequently, if a species can
survive in different habitats, its probability of survival should be
maximized through preserving a mix of these habitats, rather
than maximizing the area of any single habitat. That is, generalists
benefit from habitat diversity.
In Figures 2D–F the densities of species in the two habitats are
perfectly negatively correlated (ρ1,2 = −1; Figure 2F). However,
the species pools for both habitats are identical. The results are
similar to the previous case, but as the overlap between the
habitats is less, species richness increases more by adding similar
amounts of both habitats. This result is generated by the fact that
there is the same number of specialists in both habitats.
Had the correlation between habitats been perfectly positive
(ρ1,2 = 1), the contours would have been straight lines; adding
area of either habitat would have the same effect because in
essence the two habitats are identical.

It may be convenient to substitute q1,j for 1-p1,j and q2,j for
1-p2,j in equation 7, such that
ST =

X

j∈(I1 ∪I2 )





1 − q1,j + 1 − q2,j − 1 − q1,j 1 − q2,j (8)

which simplifies to

ST =

X

1 − q1,j q2,j

j∈(I1 ∪I2 )



(9)

That is, the probabilities to sum are simply the probabilities
of each species not being absent from both habitats. In
fact, this general result can be extended to any number of
habitats (Appendix S1), but does require discrete habitat classes,
and will not be easy to apply to habitat gradients without
discretizing them.
For Poisson distributed organisms, q1,j = e−a1 m1,j and q2,j =
e−a2 m2,j . Hence,

Constrained Optimization of Biodiversity
ST =


X 
1 − e−(a1 m1,j +a2 m2,j ) ,

The dashed line in Figure 2A connects points with a constant
total area, a1 + a2 = B = 4 (a “budget line”). In Figure 2B,
we show the effect on species richness of varying habitat 1
as a proportion of the total area. Hence, Figure 2B renders
the cross-section of Figure 2A along the dashed line starting
at the upper left. This is the kind of situation we might
have if we consider the distribution of different habitats
within a fixed area of land (Cabeza and Moilanen, 2006).
It arises when we have a piece of land of fixed size
and want to consider what would be the consequence of
converting one habitat in it to another (Pereira and Daily,
2006).
In Figure 2D, the corresponding situation is shown for
the case with negatively correlated densities. With the current
assumptions, of identical species pool and average densities in the
two habitats, the highest species richness is achieved with equal
proportions of the two habitats, just like in Figure 2B.
It is important to note that the difference between the curves
ST and S1 + S2 in Figures 2B,D is due to the species overlap.
The curve for S1 + S2 , i.e., the number of species found in 1
plus the number in 2, is the same in both figures. However, the
total number of different species found in the two habitats taken
together, ST , is lower in Figure 2B, as there the overlap between
the habitats is greater.
If land prices differ between the habitats the budget line will be
affected. Assume habitat 1 costs c1 per hectare and the price for
habitat 2 is c2 . With a budget of B there is a constraint:

(10)

i∈(I1 ∪I2 )

which is equivalent to

ST = 1 − e−AM 1.

(11)

Here, the densities of all species in both habitats are in the matrix
M, which has one row for each habitat and one column for
each species, such that the total number of columns equals the
combined species pool in both habitats (I1 ∪ I2 ). A species j which
does not occur in habitat i will have mi,j = 0. A is a single row
matrix with habitat areas, a1 and a2 . Note that expression 9 is
general for any spatial distribution of organisms, whereas 10 and
11 are specific to densities following the Poisson distribution.
Additionally, A can be extended with additional rows for each
landscape for which calculations are being made.
We may also consider correlations in densities among species
across habitats. If the correlation between habitats i and i′ (ρi,i′ ) is
negative, then species that are common in one habitat are usually
rare in the other.
In Figure 2A, we show an example of a landscape consisting of
two habitats. The total species richness is given by the contours
(isoquants), as a function of the areas of habitats 1 and 2. We
assume that both habitats have a species pool of the same 100
species, but densities of species across habitats are uncorrelated,
ρ1,2 = 0, and average densities are the same in both habitats
(Figure 2C). Increasing the area of any of the habitats will
increase species richness, and naturally, an increase in habitat 1
will increase species richness by the same amount as an increase
in habitat 2, i.e., ∂ST /∂a1 = ∂ST /∂a2 . These two partial derivatives
are given by
S′ = e−AM MT .
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B = a1 c1 + a2 c2 ,

(13)

i.e., the total cost of preserving both habitats must be B, when
weighting the habitat areas by their respective costs.
To solve the optimal allocation of habitats, in maximizing
species richness under a budget constraint (regardless
of whether prices are different or the same), we use

(12)
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FIGURE 2 | (A) Total species richness of the landscape (green), as a function of areas of the two habitats. A budget line (dashed) connects all points with four area
units, and a green dot indicates maximum species richness along it. (B) ST (green) is the net total species richness along the budget line in (A). S1 (blue) and S2
(yellow) are the gross number of species contributed by each habitat, and the curve S1+2 (gray) is the sum of these curves (which overestimates ST , ignoring overlap).
(C) Densities of species in habitats. Species are ordered according to their density in habitat 1. Densities of species are simulated from log-normal distributions with µ
= −1.43, σ = 1, and ρ = 0. (D–F) As (A–C), but with negatively correlated densities between habitats (ρ = −1), which makes the maximum total species richness,
ST , higher and the gradient toward it steeper. (G–I) As in (A–C), but negative correlation (ρ = −1) between densities and larger species pool in habitat 2 (note that
species 101–150 are absent from habitat 1) strengthens the gradient in that habitat. Habitat 2 has the higher cost (shallow slope of budget line in G), canceling that
effect and the optimum is still an equal mix of the two habitats.
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to the nearest field border. Points that fell in forest (>50 m
from farmland) or in built up areas were not surveyed, as we
are focusing on farmland, i.e., habitats that could be affected by
agricultural policy (Stjernman et al., 2019). All birds seen or heard
were identified and noted on high resolution aerial photos in
the field and later digitized. Only birds observed ≤150 m from
the observation point, were included in analyses, totaling 10,280
birds of 96 species.
We measured the farmland habitat in 150 m radius circles
centered on each survey point, from GIS shapefiles containing the
land use for each year (IACS; https://ec.europa.eu/agriculture/
direct-support/iacs_en). As we only required a single mean
habitat composition of landscapes for the current analyses, we
averaged across all points and landscapes. We grouped land uses
into six categories: annually tilled crops, ley, fallow, bioenergy
crops, semi-natural pasture, and field border. The last category
was estimated from field polygons’ boundary lengths, assuming
1 m field border widths. Land uses other than farmland were
ignored. Semi-natural pasture (hereafter called pasture) is a
permanent, unimproved grassland, which can in principle be
created from other habitats, but that is a slow and possibly costly
process. Field borders in the studied regions often, but not always,
have stonewalls and the vegetation is typically a mix of wild
herbs, shrubs and some trees. In Sweden, removal of stonewalls
is restricted by law, but increasing the area of field border is in
principle a feasible conservation action. The other habitat types
are more or less interchangeable, and may replace each other in
crop rotations, except if the bioenergy crop is a woody plant, such
as Salix.
The same six habitat classes were measured in 10 m radius
circles centered on each observed bird. If a circle contained more
than 10 m field border we assumed that the bird was sitting on
the border, otherwise its observation was assigned to the habitats
in the circle, in proportions relative to the areas covered by each
habitat. By summing the habitat use of all birds within each
species, and dividing by the total habitat areas inside all 150 m
circles we obtained the densities of all species in each habitat.
We calculated an optimal mix of the six habitats at the
landscape scale (Equations 14 and 15) by numerically finding
the composition that minimized the standard deviation of
the S′ /c vector (cf. Equation 15), given the constraints that
total area is always 200 ha and field edge could not account
for more than 20 ha (see below). For this we used nonlinear multivariate constrained minimization, using the function
fmincon in MATLAB (www.mathworks.com), and MATLAB
was also used for evaluating and illustrating the other parts of
the model. In the Supplementary Data S1, we present R (RCore-Team, 2018) code for the main part of the model, and an
annotated R-script with a worked example is provided in the
Supplementary Data S1.

the technique of Lagrange multipliers. The Lagrangian
function is

L = ST − λ (a1 c1 + a2 c2 − B)

(14)

where λ is the Lagrange multiplier. The expression in parenthesis
is hence the budget constraint, which needs to be zero when the
budget is satisfied. To find an optimal combination of areas of
the two habitats we additionally need both partial derivatives
to satisfy ∂L/∂a1 = 0 and ∂L/∂a2 = 0. With the probability
distributions of the organisms that we have used, it is not possible
to analytically solve for a1 , a2 , and λ simultaneously. However, we
know that at the optimum

λ=

1 ∂ST
1 ∂ST
=
,
c1 ∂a1
c2 ∂a2

(15)

which will occur where the budget line is tangent to a contour
line. This tangency will also define the optimal solution. At that
point, λ measures the shadow price of species (e.g., species per
e), i.e., the marginal gain in species richness per unit increase in
budget. The marginal value of habitat i is thus given by S′ /c and
the optimal decision to maximize species richness is to increase
the area of (investment in) the habitat with the higher marginal
value. This will hold true also for cases with more habitats
than two.
In Figures 2G–I we show an effect of varying land prices of
different habitats. The combined species pool of the two habitats
is 150; all species occur in habitat 2, but only 100 of them in
habitat 1, and the remaining 50 are entirely absent from habitat
1 (Figure 2I). In addition there is a perfect negative correlation
between the densities of species in common in the two habitats,
ρ1,2 = −1, such that the most common species in habitat 1 is
the rarest in habitat 2. This may represent a case where habitat
2 is a natural forest and habitat 1 is farmland, the converted
habitat. Here, more species are gained by increasing the area of
habitat 2, as it is the richer. However, as densities are negatively
correlated some species will more likely occur in habitat 1. Here
we have assumed that the more species-rich habitat 2 is also the
more costly (c1 = 1, c2 = 1.68), and this offsets the difference in
species richness, such that an equal mix between the habitats
is again what maximizes biodiversity, given the limited budget
(Figure 2H). If both habitats had the same price then a larger area
of habitat 2 would be the optimal choice (cf. Figure 2G).

Data
During May-June of 2008, 2009, and 2011, we assessed bird
densities using 5-min point counts in a total of 77 study
landscapes in farmland in southernmost Sweden. Half of the
landscapes were sampled in the “mixed farming region” and half
in the “plains region.” Full details of the methods are provided
by Stjernman et al. (2019) and in Appendix S2. Landscapes were
either 2.5 × 2.5 km squares or 1 km radius circles (Appendix S2).
In each landscape there were 16 survey points in a regular 4
by 4 grid covering the landscape. To ensure that field border
habitat was sampled sufficiently, half of the points were displaced
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RESULTS
Figure 3 shows the densities of 96 bird species in six different
habitats. Clearly, field borders have the overall highest densities,
and densities across habitats are moderately correlated (Table 1).
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FIGURE 3 | Densities of the 96 observed bird species in the six surveyed habitats. Species are ordered according to their density in field borders.
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TABLE 1 | Pearson correlations between densities of the observed birds in the different habitats.

Field borders

Field borders

Annually tilled

Ley

Fallow

Bioenergy

Pasture

1

0.174

0.324

0.338

0.150

0.725

1

0.731

0.781

0.977

0.242

1

0.610

0.683

0.470

1

0.770

0.335

1

0.231

Annually tilled
Ley
Fallow
Bioenergy
Pasture

1

N = 96 species.

FIGURE 4 | (A,B) as in Figure 2, but for the bird dataset, analyzing only annually tilled land and field borders. The radically higher densities of many species in field
border means that the optimal landscape composition would be to have as much field border as possible. The gray shaded area in (A), and the solid parts of the
curves in (B) indicate the cases where there is up to 10% of field border. (C) The marginal rate of change in species richness with a change in the area of annually tilled
in the landscape.

an average field size of 1 ha, the expected number of bird
species is 51.0, and the marginal rate of loss of species richness
with additional annually tilled would be 1.3 species per hectare
(Figure 4C).
The bird data were collected in two adjacent agricultural
regions (Plains and Mixed, see Appendix S2) that differ in
habitat composition (Figures 5A,B). Applying expression 11
again, expected bird species richness in landscapes of 200 ha
with the average composition of each region, is 43.7 species in
the plains, and 49.0 species in the mixed. Marginal species gain
(expression 12) with increasing areas of pasture, and especially
field borders, were positive in both regions, but higher in the
plains (Figures 5A,B) as that region has less pasture and field
borders, and lower species richness. Assuming equal conversion
costs between all habitats, the best habitat composition (with
field borders at the allowed maximum, 10%) is 60% pasture, and
30% ley (Figure 5C), based on the optimization analysis. With
that habitat composition we would expect to find 65.7 species
in a 200 ha landscape, and as the area of field borders was not
allowed to vary freely, there was still a positive marginal gain
of species with that habitat, as indicated by the yellow line in
Figure 5C. If we assume twice the cost of creating semi-natural
pastures in comparison to the other habitats, the new optimum

In Figure 4A we show an analysis, using expression 11, of a
hypothetical example where a landscape can consist of up to 200
ha (2 km2 ) of either annually tilled fields or field borders, with
the bird densities shown in Figure 3. The lower grayed triangle
indicates where field borders are <10% of the total area, i.e.,
what might be observed in reality. The solid part of the budget
line connects 200 ha landscapes with a maximum of 10% field
border habitat, and the solid dot indicates the maximum species
richness (∼60) attainable with those constraints. Had it been
possible to further increase the area of field borders to as much
as e.g., 20%, expected bird species richness would increase to
67.5, but this is hardly a realistic landscape. However, the extreme
with all 200 ha annually tilled and no borders is quite realistic
but harbors only 21.3 species. Adding field borders to such a
landscape (moving from right to left in Figure 4B) rapidly adds
species. Figure 4C shows the marginal rate of change in species
richness with a change in the area of annually tilled, i.e., how
many species are lost for each additional hectare of annually
tilled. Adding field borders to landscapes where there are none
would increase species richness by 17.2 for the first hectare added
(i.e., the negative of the marginal rate of change in species at
100% annually tilled in Figure 4C). If there are 4% field borders
(and 96% annually tilled) in the landscape, corresponding to
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FIGURE 5 | (A,B) show the area of the six habitats (blue bars), and the marginal rate of change in species richness with an increase in the respective area (yellow
bars), for the two agricultural regions surveyed. Note that there are small positive yellow bars for pasture and ley in both (A,B). (C) Shows the results of an optimization,
where the area of field border was constrained to ≤10%, and conversion costs were equal for all habitats. (D) is like (C), but with doubled cost to create pasture.

inform about the optimal allocation of European Union agrienvironment schemes to alternative measures under budget
constraints (Wätzold et al., 2008). Not least, our model can
be combined with land-use modeling, to evaluate biodiversity
outcomes of policies with complex impacts, for example
alternative formulations of the Common Agricultural Policy,
where consequences of funding agri-environment schemes are
related both to farmers’ willingness to implement subsidized
management and the structural change induced on agriculture
by the policy (Brady et al., 2009). From a welfare-economic
perspective, land uses should be allocated optimally, otherwise
society will be wasting resources and biodiversity will be lower
than possible (given resource constraints). Further, authorities
need decision-support in the form of ex-ante evaluations or
predictions of the potential impacts of policy designs on species
richness, because program periods are usually long (5–7 years
in the EU), and hence ex-post evaluations carried out long after
policy implementation. Cost-effective conservation policy under
these circumstances requires practical tools for predicting the

would be to have only 36% pasture and increase ley to 54%
(Figure 5D). This would reduce expected species richness very
slightly to 65.3. Consequently, the optimal habitat configuration
will be determined through the interplay among conversion costs
and species productivity of the different habitats.

DISCUSSION
Our main aim is to develop a tool for scenario analyses of
expected species richness under resource constraints in mosaic
landscapes. This allocation or trade-off problem is particularly
relevant in human-modified landscapes, where conservation
authorities (or policymakers) may have a wide range of
alternative land uses or management practices to consider.
For example, our model can evaluate which strategy along
the land-sharing – land-sparing continuum that will maximize
conservation of species under the constraint of maintaining
agricultural production (c.f. Phalan et al., 2011). It may also
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potential impacts of different policy designs or interventions
on biodiversity.
The model we have described is a general method for
predicting the expected species richness in an area with a
particular mix of different habitats. It results in a mechanistic
model for a SAR based on first principles from probability theory,
whereas previous models analyzing a similar kind of problem,
i.e., species diversity in mosaic landscapes, have assumed a
phenomenological functional form of a SAR (Pereira and Daily,
2006; Koh et al., 2010; Martins and Pereira, 2017; Keil et al.,
2018). Data on species abundances in multiple habitat types
can be “plugged in” into any of the expressions 11, 12, or 15
(Supplementary Data S1). These results can then be used to
estimate expected species richness, habitat value, or the optimal
habitat allocation, respectively, for maximizing species richness
(Butsic and Kuemmerle, 2015). It should be noted, however,
that when analyses are based on e.g., monitoring data that
could include e.g., migrants, or when densities do not reflect
carrying capacity (e.g., source-sink dynamics), results should be
interpreted with extra caution.
In a homogeneous landscape, an approximation of the SAR
can be used to predict the impact of habitat destruction on species
richness (Koh et al., 2010). Species richness in a mosaic landscape,
however, is also affected by the habitat mix and the extent of
species overlap between habitats. Pereira and Daily (2006) define
a countryside SAR as one that accounts for differential use
of habitats by different species groups (rather than individual
species). Our model is capable of predicting the impact of habitat
alteration on species richness as well as keeping track of which
individual species are most likely to disappear, whereas previous
models require additional demographic modeling to discriminate
between individual species (Martins and Pereira, 2017). Our
model circumvents the need for a demographic model in the
cases treated by us and by Martins and Pereira (2017), by being
based upon the matrix of species densities in the different habitat
types. This is not only more convenient, but also reduces the
risk of compounding error. However, the simplicity of our model
has a price: we assume mean densities to be fixed within habitat
types, and currently the model does not incorporate e.g., direct
area effects (such as thresholds), effects of isolation or spatial
arrangement (cf. Fahrig, 2013, 2017; Haddad et al., 2017a), or
population dynamics (see below). Adding fragmentation effects,
such as making species’ density mij dependent on area, is an
important next step, and would likely make the SAR sigmoidal,
and the ST curve (Figure 2) more peaked.
Discrimination between individual species is important when
all species are not valued equally in conservation objectives.
For example, conserving important ecosystem services providers
may be deemed important at local (α) scales even if they occur
in many other sites, and the local preservation therefore does
not contribute to large-scale (γ) species richness. Conversely,
conserving nationally rare species may be deemed more
important than our model would give at regional scales
(Giljohann et al., 2018). With our model, it is possible to account
for some species being of higher conservation concern than
given from a simple tally of species, as it discriminates between
species. Thus, it can be adapted to optimize species richness at
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alternative spatial scales by weighting the species probabilities
according to their value at the most relevant scale, i.e., optimizing
a weighted function between species value and γ-diversity. This
is not possible using the classical or countryside SAR without
additional steps. However, the focus of this paper is effects on
landscape level species richness.
Benton et al. (2003) argue that habitat heterogeneity is “the
key” to maintaining farmland biodiversity. Our results provide
an explicit mechanism as to why heterogeneity might have
a value in itself (Triantis et al., 2003). In general, a mix of
habitats results in higher species richness if each habitat supports
different species (Rafe et al., 1985). However, if a particular
species can survive in different habitats, as is common in
mosaic landscapes, the probability of species survival can be
maximized by preserving some area of each habitat rather than
a single habitat, because its marginal probability of survival is
decreasing in area of each habitat (expression 13). Technically
the sharing of habitat is therefore a sufficient condition to
generate the curved species richness isoquants shown in Figure 2
and, hence an interior solution to the maximization problem
given a total area constraint. An intuitive explanation is that
since there is diminishing returns to species richness with
increasing area of a single habitat (Figure 1), adding species from
another habitat will in general maximize expected biodiversity.
Similarly, our model returns high marginal values of habitats
with complementary communities, even in small fragments
(Figures 4, 5, cf. Wintle et al., 2019).
Our model is a significant step forward, but still has several
limitations as it does not incorporate direct effects of scale,
configuration, or interspecific interactions (Dunning et al., 1992;
Andrén, 1994; Nicholson et al., 2006). In some cases it would
be preferable to let density increase with area, and in a metapopulation context one might assume thresholds, so that small
or isolated patches are unlikely to have viable populations of
some species (Andrén, 1994; Moilanen et al., 2005). However,
this is context dependent, and often our assumptions are
probably a reasonable approximation to reality. Furthermore,
the probability of occurrence that our model relies on is an
effect of population density and patch area, and should thus
be positively related to persistence. Although it is beyond the
scope of this paper, it would probably be feasible in the future, to
modify this model to incorporate scale effects. For example, the
model by Drechsler et al. (Drechsler and Johst, 2010; Drechsler
et al., 2016) for population viability in habitat patches may
be possible to combine with the current model. The current
version of the model also only covers the process of habitat
supplementation and not habitat complementation (Dunning
et al., 1992; Fahrig et al., 2011), i.e., many animals’ need of
access to different habitats simultaneously (e.g., for nesting and
foraging) in mosaic landscapes.
Our model is very simple to apply to a real dataset with
densities of species in different habitats. We provided a simple
illustrative example of this, demonstrating the differential value
of conserving semi-natural pastures in two different landscape
types if the objective is to maximize bird diversity at landscape
scales. However, we provide this example mostly for illustrative
purposes, and that deeper analyses are required to actually
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